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1 Introduction

We present a new Machine Translation (MT) evalu-
ation metric, SEPIA. SEPIA falls within the class of
syntactically-aware evaluation metrics, which have
been getting a lot of attention recently (Liu and
Gildea, 2005; Owczarzak et al., 2007; Giménez and
Màrquez, 2007). Specifically, SEPIA uses depen-
dency representation but extends it to include sur-
face span as a factor in the evaluation score. The
dependency surface span is the surface distance be-
tween two words that are in a direct relationship in
a dependency tree. The basic idea behind SEPIA

is that long-distance dependencies should receive a
greater weight in MT evaluation metrics than short-
distance dependencies. This is because we suspect
that having more long-distance matches indicates a
higher degree of grammaticality. In the rest of this
document we describe the SEPIA metric and its vari-
ants, and the publicly available SEPIA package.

2 SEPIA

SEPIA evaluates a translation hypothesis segment
(sentence) by computing a score based on a
brevity-penalty-adjusted mean of multiple modified
precision-based sub-scores. SEPIA uses two types
of sub-scores: surface n-gram precision sub-scores
(similar to BLEU (Papineni et al., 2002)) and span-
extended structural bigram precision sub-scores. We
next discuss the latter type of sub-scores which are
unique to SEPIA.

2.1 Span-Extended Structural Bigram
Precision

A structural bigram (SB) is defined as a head word
chain of size 2 (heads) in a dependency representa-

tion of the hypothesis/reference sentence. For ex-
ample, in Figure 1, the edges linking the words
Among-crises, mentioned-Among and mentioned-
dispute representSBs. An SB can simply be the
parent-child word pair or it can include additional in-
formation such as the relation of child to parent (e.g.,
Among-obj-crises), the part-of-speech (POS) of both
child and parent (e.g.,Among/IN-crises/NNS), the
relative order of the two (e.g.,Among-<-crises or
mentioned->-Among), or any combination of the
above (e.g.,Among/IN-<-obj-crises/NNS).

We define the surface span (SS) to be the absolute
surface distance between parent and child in anSB.
For theSBs Among-crises and mentioned-Among,
theSS values are 5 and 12, respectively. Overall, in
the tree in Figure 1, there are sixSBs withSS of 1,
two SBs withSS of 2, threeSBs withSS of 3 and
oneSB each forSS values 4, 5, 10 and 12.

For each uniqueSS value,n, associated with any
SB in the hypothesis tree, we defineSSn as the
count of all theSBs that have anSS value of n.
We also defineSSclipn as the count of all the hy-
pothesisSBs (with SS value ofn) that match ref-
erenceSBs. However, if the number of matching
hypothesisSBs exceeds the maximum seen in any
reference tree, we use a partial count equal to (max-
imum # of referenceSBs / # of hypothesisSBs) in
computingSSclipn. This is our variant ofclipping,
used by other precision-based metrics (Papineni et
al., 2002) to minimize gaming. Finally, we define
the setSPANS to contain all the uniqueSS values
seen in the hypothesis tree.

Next, we describe two span-extendedSB preci-
sion sub-scores, which vary in how they use theSS
of anSB: SNx andSPN .

First, the sub-scoreSNx is computed as follows:



SNx =

∑

n∈SPANS

SSclipn × nx

∑

n∈SPANS

SSn × nx

SNx is basically the span-weighted precision of hy-
pothesisSBs matching referenceSBs. The weigh-
ing is controlled through the power termx. The de-
fault value ofx is 0, which assigns allSBs equal
weight regardless of theSS value. A power term of
1 effectively multiplies the count of anSB by itsSS
value. A multiplier of 2 multiplies the count by the
square of theSS value (and so on). This allows the
user to give a bigger weight to the longer-distance
matching spans.

Second, the sub-scoreSPN is computed as fol-
lows:

SPN = 1

|SPANS|

∑

n∈SPANS

SSclipn

SSn

SPN is basically the average of allSS-value-
specific precision calculations. This scoring ap-
proach normalizes the frequency ofSS values. This
effectively gives more weight to the long-distance
SBs because of the Zipfian distribution ofSSs:
shorter spans appear more frequently than longer
spans.

Although the two scoring methods are different,
they both give more weight to long-distance depen-
dencies than to short-distance dependencies.

2.2 Sub-Score Combination

The segment-level SEPIA score is computed by
taking the mean of any subset of the sub-
scores described above, including both surface
n-gram and SB sub-scores. Note that using
the surface n-gram sub-scores alone is compa-
rable to using BLEU. The score is further ad-
justed by multiplying it with a brevity penalty
factor. The brevity penalty factor equals(1 +
min(0, 1−(ShortestRefLength/HypLength))),
where ShortestRefLength is the length of the
shortest reference sentence andHypLength is the
length of the hypothesis sentence. Document-level
scores are computed as a segment-length-weighted
(in words) average of segment scores. Similarly,
system-level scores are computed as a document-
length-weighted (in segments) average of document
scores.

Figure 1: A dependency tree analysis for the sentence
Among the existing and potential crises in the Middle
East, Roed-Larsen mentioned the Arab-Israeli dispute.

3 SEPIA Package

SEPIA’s main script is implemented in Perl as an
extension to NIST’s MTEval-v11b.pl script. SEPIA

uses the MICA dependency parser (Nasr and Ram-
bow, 2006), which is included in this package with
its authors’ permission. The SEPIA script expects
a mode argument that allows users to specify dif-
ferent combinations of sub-scores: surface n-grams
of size 1 through 4,SNx (with different x values)
and SPN . In addition, the basicword-word SB
definition can be modified to include any combi-
nation of the following: POS (xP ), relation/label
(xR) and relative order (xO). Other parameters con-
trol whether a brevity penalty is applied or not, and
whether the harmonic mean is used to combine sub-
scores instead of the arithmetic mean. The SEPIA

package is available to researchers as open source.
Please contact the authors to acquire a copy of it.

4 Future Plans

In the future we plan to extend SEPIA in different di-
rections. First, we would like to extend its linguistic
features to include semantic role labels and Word-



Net synset expansions. Secondly, we would also like
to allow parametrizable weighing of different sub-
scores in score combination. Finally, we would like
to extend SEPIA to evaluate MT into languages other
than English.
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