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Abstract

This paper describes our participation in the
NIST 2008 MetricsMATR Challenge, us-
ing our recently proposed automatic machine
translation evaluation metric MAX SIM . The
metric calculates a similarity score between
a pair of English system-reference sentences
by comparing information items such as n-
grams across the sentence pair. Unlike most
metrics, MAX SIM computes a similarity score
between items, then find a maximum weight
matching between the items such that each
item in one sentence is mapped to at most one
item in the other sentence. Evaluation on the
WMT07, WMT08, and MT06 datasets show
that MAX SIM achieves good correlations with
human judgment.

1 Introduction

An important contributing factor to the success of
statistical machine translation (MT) research in re-
cent years is the introduction of BLEU (Papineni
et al., 2002), which is an automatic MT evaluation
metric. Having an automatic metric is important as
it alleviates the need for human judgment of MT out-
put. This allows rapid testing of revisions made dur-
ing the development of an MT system.

Although BLEU is widely popular and has con-
tributed significantly to the progress of MT research,
it is becoming evident that BLEU does not correlate
with human judgment well enough and suffers from
several other deficiencies (Chiang et al., 2008). Hav-
ing recognized the limitations of BLEU, conduct-
ing research to propose novel automatic MT evalua-

tion metrics is becoming increasingly popular. Dur-
ing the recent second workshop on statistical MT
(WMT07) (Callison-Burch et al., 2007), 11 auto-
matic MT evaluation metrics were evaluated for cor-
relation with human judgement for translation into
English. Following that, the third workshop on sta-
tistical MT (WMT08) (Callison-Burch et al., 2008)
evaluated 14 automatic MT evaluation metrics. Re-
sults of the workshops show that BLEU lags behind
several other metrics in terms of correlation with hu-
man judgment.

This paper describes our participation in the NIST
2008 MetricsMATR Challenge, using our recently
proposed automatic MT evaluation metric MAX SIM

(Chan and Ng, 2008). To compute a similarity
score between a pair of English system-reference
sentences, MAX SIM extracts and compares infor-
mation items such as n-grams. Since different con-
cepts can be expressed in a language in many ways,
MAX SIM allows matching via a word’s lemmatized
form and synonyms. The grammaticality and gen-
eral fluency of a translation are also checked by in-
corporating sequences of part-of-speech (POS) tags
during the matching process. Finally, in contrast to
current metrics which perform binary matching (ei-
ther a pair of information items match, or they do
not), MAX SIM computes a similarity score between
a pair of items. Doing this means that there are many
possible ways to match information items across a
pair of system-reference sentences, with each match
having its own similarity weight. To match each sys-
tem item to at most one reference item, we model
the items in the sentence pair as nodes in a bipartite
graph and use the Kuhn-Munkres algorithm (Kuhn,
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Figure 1: Matching n-grams.

1955; Munkres, 1957) to find amaximum weight
matching between the items in polynomial time. The
weights of the edges of the resulting graph will then
contribute towards the final similarity score of the
sentence pair. In (Chan and Ng, 2008), we show
that MAX SIM achieves higher correlation with hu-
man judgment than all of the 11 automatic MT eval-
uation metrics evaluated during WMT07 (Callison-
Burch et al., 2007).

2 The Maximum Similarity Metric

We now describe our proposed metric MAX SIM ,
which is based on precision and recall, allows for
synonyms, and weights the matches found.

To compute similarity scores, MAX SIM requires
a number of resources. Given a pair of English
sentences to be compared (a system translation
against a reference translation), we perform tok-
enization1, lemmatization using WordNet-2.12, and
part-of-speech (POS) tagging with the MXPOST
tagger (Ratnaparkhi, 1996). Next, we remove all
non-alphanumeric tokens. We also gather the set of
WordNet-2.1 synonyms for each word (noun, verb,
adjective, and adverb). These will be used when
computing similarity scores between item pairs.

2.1 Matching Using N-gram Information

To calculate a similarity score for a pair of system-
reference translation sentences, MAX SIM extracts
and compares n-gram information. In our work,
we use unigrams, bigrams, and trigrams. Based on
these comparisons or matches of n-grams across the

1http://www.cis.upenn.edu/∼treebank/tokenizer.sed
2http://wordnet.princeton.edu/man/morph.3WN

sentence pair, MAX SIM computes the correspond-
ing scores for precision and recall. These are then
combined into parameterizedF scores.

To match n-grams, MAX SIM goes through a se-
quence of three phases: lemma and POS matching,
lemma matching, and bipartite graph matching. In
this section, we will first illustrate the matching pro-
cess using unigrams, then describe the extension to
bigrams and trigrams.

Lemma and POS matching Representing each
n-gram by its sequence of lemma and POS tag pairs,
we first try to perform an exact match in both lemma
and POS tag. In all our n-gram matching, each n-
gram in the system translation can only match at
mostone n-gram in the reference translation.

Representing each unigram(lipi) at positioni by
its lemma li and POS tagpi, we accumulate the
number of matching system-reference unigram pairs
in matchuni. To find matching pairs, we proceed
in a left-to-right fashion (in both strings). As the
top part of Figure 1 illustrates, we take the first sys-
tem unigram and check if it matches the first refer-
ence unigram. If they do not match, we then check
against the second reference unigram and so on un-
til we find a match. A system unigram(lsi

psi
)

matches a reference unigram(lrj
prj

) if lsi
= lrj

and
psi

= prj
. The example given in the top half of Fig-

ure 1 shows that we have found a match between the
first system unigram and theith reference unigram.
Once there is a match, we incrementmatchuni by
1 and remove the pair of system-reference unigrams
from further consideration (removed items will not
be matched again subsequently). Hence, each sys-
tem item can match at most one reference item.
Then, as shown in the bottom half of Figure 1, we
next try to match the second system unigram against
the reference unigrams, once again proceeding in
a left-to-right fashion. If no match is found for a
particular system unigram, we move on to the next
system unigram. We continue this process until we
complete the matching of the last system unigram.

Lemma matching For the remaining set of uni-
grams that are not yet matched, we now relax our
matching criteria by allowing a match if their cor-
responding lemmas match. That is, a system uni-
gram(lsi

psi
) matches a reference unigram(lrj

prj
)

if lsi
= lrj

. Once again, we find matches in a
left-to-right fashion and add the number of unigram
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Figure 2: Bipartite matching.

matches found during this phase tomatchuni.

Bipartite graph matching For the remaining un-
igrams that are not matched so far, we try to match
them by constructing a weighted complete bipartite
graph. Each of these remaining unigrams will be
represented as a node in the graph. Note that, with-
out loss of generality, if the number of system nodes
and reference nodes are not the same, we can simply
add dummy nodes with connecting edges of weight
0 to obtain a complete bipartite graph with equal
number of nodes on both sides. Also, the graph is
weighted in the sense that each graph edgee con-
necting a pair of system-reference unigrams has a
weightw(e), which indicates the degree of similar-
ity between the unigram pair. As an example, we
show in the top half of Figure 2 a complete bipartite
graph, constructed for a set of three system unigrams
(s1, s2, s3) and three reference unigrams (r1, r2, r3),
and the weight of the connecting edge between two
unigrams represents their degree of similarity.

We now describe how to calculate the weight
w(e) of an edgee. Assume that we have an edge
connecting a system unigram(lsi

psi
) to a reference

unigram(lrj
prj

). We will calculate a scoreS of this
pair as follows and this will be the weightw(e) of
the connecting edge:

w(e) = S

S =
I(psi

, prj
) + Syn(lsi

, lrj
)

2
(1)

where functionsI(·) andSyn(·) are defined as fol-

lows:

I(psi
, prj

) =

{

1, if psi
= prj

0, otherwise

Syn(lsi
, lrj

) =







1, WNsyn(lsi
) ∩ WNsyn(lrj

)
6= ∅

0, otherwise

I(·) is an identity function and in this case evalu-
ates to 1 if the two POS tagspsi

andprj
are iden-

tical. The functionSyn(·) checks whetherlsi
is a

synonym oflrj
. To determine this, we obtain the set

WNsyn(lsi
) of WordNet synonyms forlsi

and the
setWNsyn(lrj

) of WordNet synonyms forlrj
. In

gathering the setWNsyn for a word, we gather all
the synonyms for all its senses and do not restrict to
a particular POS category.

Once we have calculated the weights of all edges,
we will have a weighted complete bipartite graph.
However, we want to find the set of edges such that
each system unigram is matched or aligned to ex-
actly one reference unigram, while giving a maxi-
mum weight matching. Thismaximum weighted bi-
partite matching problem can be solved inO(n3)
time (wheren refers to the number of nodes, or
vertices in the graph) using the Kuhn-Munkres al-
gorithm (Kuhn, 1955; Munkres, 1957). The bot-
tom half of Figure 2 shows the resulting maximum
weighted bipartite graph, where the alignment repre-
sents the maximum weight matching, out of all pos-
sible alignments.

Once we have solved and obtained a maximum
weight matchingM for the unigram bipartite graph,
we sum up the weights of the edges to obtain the
weight of the matchingM :

w(M) =
∑

e∈M

w(e)

We then addw(M) to matchuni.

2.1.1 Calculating F Scores Based on N-gram
Matches

Finally, after going through the three phases, we
usematchuni to calculate the corresponding uni-
gram precisionP and unigram recallR. These are



then combined into a parameterizedF score:

P =
matchuni

no. of unigrams in system translation

R =
matchuni

no. of unigrams in reference translation

F =
P · R

αP + (1 − α)R
(2)

2.1.2 Extension to Bigrams and Trigrams

We have described the matching and scoring pro-
cess for unigrams. Similarly, we also count the num-
bermatchbi of bigram matches andmatchtri of tri-
gram matches. Based onmatchbi and matchtri,
we then calculate the correspondingF scores for bi-
grams and trigrams.

Since n-grams such as bigrams and trigrams con-
sist of more than one token, we calculate the weight
of an edge in a slightly different manner, as com-
pared to the case of unigrams. To calculate the
weight w(e) of an edgee connecting a system n-
gram (ls1

i
ps1

i
, . . . , lsn

i
psn

i
) and a reference n-gram

(lr1

j
pr1

j
, . . . , lrn

j
prn

j
), we calculate a scoreSk be-

tween each corresponding token of the n-gram pair,
using Equation 1. For instance,S1 corresponds to
the score betweenls1

i
ps1

i
and lr1

j
pr1

j
. These scores

are then averaged to obtain the weight of the edge:

w(e) =
1

n

n
∑

k=1

Sk

Further, we impose an additional condition:Sk 6= 0,
for 1 ≤ k ≤ n, else we will setw(e) = 0. This
captures the intuition that in matching a system n-
gram against a reference n-gram, wheren > 1, we
require each system token to have at least some de-
gree of similarity with the corresponding reference
token.

2.2 Scoring a Sentence Pair and the Whole
Corpus

To calculate the similarity score of a system-
reference sentence pairs, we extract and match the
unigrams, bigrams, and trigrams of the sentences.
Based on the matches, we then calculate their corre-
spondingF scores. These are then averaged to ob-
tain a single similarity scorescores for the sentence

pairs:

scores =
1

N

N
∑

n=1

Fs,n

whereFs,n denotes theF score for n-grams. For
example,Fs,2 is computed based on the number
matchbi of bigram matches. In our experiments,
we setN = 3, using unigram, bigram, and tri-
gram scores. Then, to obtain a single similarity
scoresim-score for the entire system corpus, we
repeat this process of calculating ascores for each
system-reference sentence pairs, and compute the
arithmetic mean over all|S| sentence pairs:

sim-score =
1

|S|

|S|
∑

s=1

scores

If we are given access to multiple references, we cal-
culate an individualsim-score between the system
corpus andeach reference corpus, and then compute
their arithmetic mean.

The MAX SIM metric described here, which was
submitted to NIST 2008 MetricsMATR Challenge,
refers to the MAX SIMn version as described in
(Chan and Ng, 2008). In that paper, we also pro-
pose another version MAX SIMn+d which includes
the use of dependency relations. We omit the use of
dependency relations for this evaluation, since our
experiments indicate that adding dependency rela-
tions does not provide a substantial gain in correla-
tion scores, while incurring a significant computa-
tional cost of determining the dependency relations.

3 Evaluation Data

To evaluate our metric, we conduct experiments on
datasets from WMT07, WMT08, and NIST MT06.

3.1 WMT07 Workshop

The ACL-07 workshop on statistical machine trans-
lation (WMT07) evaluated the translation perfor-
mance of MT systems and included a task of mea-
suring the correlation with human judgement of 11
automatic MT evaluation metrics. WMT07 used
a Europarl dataset (2,000 English sentences) and
a News Commentary dataset (2,007 English sen-
tences), together with their corresponding transla-
tions in various languages. As part of the workshop,
correlations of the automatic metrics were measured



Dataset No. of No. of segments
texts Per text Total

WMT07 Europarl 23 2,000 86,140
WMT07 News 20 2,007
WMT08 Europarl 38 2,000 151,887
WMT08 News 37 2,051
MT06 9 249 2,241

Table 1: Size of each dataset, in number of segments (sen-
tences).

for the tasks of translating French, German, and
Spanish into English. Hence, we will measure the
correlation of MAX SIM on these tasks. Note that
for each corpus, there is only one English reference
text.

For human evaluation of the MT submissions,
WMT07 used a total of four different criteria: ad-
equacy, fluency, rank (we will refer to this aspref-
erence in this paper), and constituent. In this pa-
per, we will focus onadequacy (how much of the
original meaning is expressed in a system transla-
tion) andpreference (different translations of a sin-
gle source sentence are compared and ranked from
best to worst), since these are the criteria used in the
NIST 2008 MetricsMATR Challenge.

We show in Table 1 the size (in terms of num-
ber of sentences) of the WMT07 dataset. Note that
WMT07 has only one reference text. For exam-
ple, the WMT07 Europarl dataset consists of 22
system translation texts and 1 reference text (each
having 2,000 sentences), while the WMT07 News
Commentary dataset consists of 19 system transla-
tion texts and 1 reference text (each having 2,007
sentences). Hence, the WMT07 dataset consists of
86,140 sentences altogether.

3.2 WMT08 Workshop

Based on the success of WMT07, the ACL-08 work-
shop on statistical machine translation (WMT08)
was recently organized and it similarly included a
task of measuring the correlations of automatic MT
evaluation metrics. WMT08 attracted participation
from 14 automatic MT evaluation metrics. WMT08
used a Europarl dataset (2,000 English sentences)
and a News dataset (2,051 English sentences) and
also measured the correlations of the automatic met-
rics for the tasks of translating French, German, and

Spanish into English. Hence, we will measure the
correlation of MAX SIM on these tasks.

The organizers of WMT08 noted that in WMT07,
Kappa values measured for inter- and intra-
annotator agreement for adequacy and fluency were
substantially lower than those for preference and
constituent. This indicated that preference and con-
stituent are more reliable criteria for MT evaluation.
Hence, only these two evaluation criteria were used
in WMT08. As such, in this paper, we will only use
the preference criterion. We show in Table 1 the size
of the WMT08 data. Similar to WMT07, WMT08
has only one reference text.

3.3 NIST MT06

As development data for the NIST 2008 Met-
ricsMATR Challenge, some data from the NIST
Open MT 2006 evaluation (MT06) and the DARPA
TransTac program (Transtac) were released to regis-
tered participants. For human evaluation of the MT
system translations, two criteria are used: adequacy
and preference.

The MT06 data consists of 8 system translations
and 4 English references, where each text consists
of 249 segments. A segment of text usually consists
of a single sentence. Although several reference
texts are provided, human judgment for adequacy
and preference are only based on the third English
reference text. Hence when applying MAX SIM on
the MT06 data, we will only use the third English
reference text. We show in Table 1 the size of the
MT06 data.

For the Transtac data, it consists of 5 system trans-
lations and 4 English references, where each text
consists of 16 segments. Given the very small size
of this data as compared to WMT07, WMT08, and
MT06, we do not report results on Transtac in this
paper.

4 Results

In this section, we describe the correlation results
of MAX SIM . We follow the WMT07 and WMT08
process of converting the system-level raw scores
assigned by an automatic metric to ranks and then
using the Spearman’s rank correlation coefficient to
measure correlation.

In our initial work on MAX SIM (Chan and Ng,



Dataset MAX SIM S1 BLEU
Adq Pref Avg Adq Pref Avg Adq Pref Avg

WMT07 0.804 0.893 0.849 0.774 0.804 0.789 0.690 0.672 0.681
WMT08 – 0.801 0.801 – 0.833 0.833 – 0.520 0.520
MT06 0.976 0.952 0.964 – – – 0.643 0.619 0.631

Table 2: System-level correlations of MAX SIM , state-of-the-art automatic MT evaluation metrics (S1), and BLEU on
the various datasets.

2008), we simply useα = 0.9 in Equation 2 with-
out tuning on any dataset (having anα of more
than 0.5 weights recall more than precision). Fol-
lowing this setup, we show in Table 2 the system-
level correlations of MAX SIM (using α = 0.9)
on the various datasets for the adequacy (Adq) and
preference (Pref) criteria, as well as their average
(Avg). Note that the workshop papers of WMT07
(Callison-Burch et al., 2007) and WMT08 (Callison-
Burch et al., 2008) provide the correlation results of
the participating metrics in the various tasks. Hence,
for comparison, we gather from the workshop pa-
pers the correlation results of the top performing
metric and show them under the columnS1 in Ta-
ble 2. For WMT07, the metric based on semantic
role overlap (Giḿenez and M̀arquez, 2007) achieves
the best correlation for both adequacy and prefer-
ence. For WMT08, the metric based on dependency
relations (Giḿenez and M̀arquez, 2008) achieves the
best correlation for preference. For the MT06 data,
it has not been used for any MT metric evaluation.
To get an indication of how a state-of-the-art auto-
matic MT evaluation metric would perform, we run
METEOR (Agarwal and Lavie, 2008) on the MT06
data, obtaining correlation results of 0.905 for ade-
quacy and 0.881 for preference (for an average cor-
relation of 0.893). Also, under the columnBLEU of
Table 2, we show the correlation results of the BLEU
metric (version 11b).

We tried tuning the value ofα from 0 to 1, in
increment of 0.05, and measuring the correspond-
ing correlation scores on the WMT07, WMT08, and
MT06 datasets. From our experiments, we find that
usingα = 0.8 gives slightly better overall perfor-
mance on the three datasets. The average (over ad-
equacy and preference) correlation scores are 0.828
on WMT07, and 0.964 on MT06. On WMT08, the
correlation score for preference is 0.835. Hence, we
submitted our MAX SIM metric to the NIST 2008

MetricsMATR Challenge usingα = 0.8. Over-
all, as our experiments show, MAX SIM is able to
achieve competitive correlation scores on bench-
mark datasets when compared to other state-of-the-
art automatic MT evaluation metrics.

Besides achieving good correlation results, an-
other important factor in designing a metric is the
time needed to apply the metric. The relatively
fast computation of the BLEU metric is an impor-
tant factor in its popularity. Hence, we also record
the time taken to apply MAX SIM on the datasets.
To apply MAX SIM , we need to first preprocess the
input files (performing tokenization, POS tagging,
and lemmatization), before computing the MAX SIM

metric score on the processed files. Our experi-
ments indicate that when given a pair of system-
reference files of 2,000 sentences each (about 59K
words of reference text after tokenization) from the
WMT07 Europarl dataset, it takes 48 seconds to pre-
process the two files and 19 seconds to compute the
MAX SIM metric score, giving a throughput of scor-
ing 30 sentences per second. These timings are ob-
tained on a Linux machine with dual-core 2.2GHz
CPU and 2GB of RAM with no parallelization.

5 Conclusion

This paper describes our participation in the
NIST 2008 MetricsMATR Challenge, using our re-
cently proposed automatic MT evaluation metric
MAX SIM . Evaluation on the datasets of WMT07,
WMT08, and MT06 shows that MAX SIM achieves
state-of-the-art correlation results.
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