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1 Introduction tion of the hypothesis/reference sentence. For ex-
Wi Machine T lation (MT | ample, in Figure 1, the edges linking the words
e present a new Machine Translation (MT) eva uAmong-cri ses, mentioned-Among and mentioned-

ation metric, &PIA. SEPIA falls within the class of dispute representSBs. An SB can simply be the

Zyntactlca!ly-awa}re e\f/aluatlo.n metrlcs,lwh:fh hav arent-child word pair or it can include additional in-

Ge'liln geztggg.g ot o atktentuljn ;gg?_ng (,|u an Ermation such as the relation of child to parent (e.g.,
aea, 5 Owczarzak etal., ; imenez an mong-obj-crises), the part-of-speech (POS) of both

Marquez, 2007). _Specifically,ESPlA_ USes depen- child and parent (e.gAmong/IN-crises’NNS), the
dency representation but extends it to include SUlaative order of the two (e.gAmong-<-crises or

face span as a factor in the evaluation score. T tioned->-Among), or any combination of the
dependency surface span is the surface distance t?:\%bve (e.g.Among/| I<l—<—obj—cris&/NNS)

tween two words that are in a direct relationship in We define the surface spafi) to be the absolute

a ?he pitelnden(;:y ttree. dThe b dasic_ideahbemmzms . surface distance between parent and child ity &h
is that long-distance dependencies should received . . ¢ ps Among-crises and mentioned-Among,

greater weight in MT evaluation metrics than ShortfheSS values are 5 and 12, respectively. Overall, in

distance dependencies. This is because we SUSPECT +ee in Figure 1, there are s3s with S5 of 1,

thha; ha\éing mor(fe Iong—distgnclz_e mlatcrrles indic?t?tﬁ/o S Bs with SS of 2, threeS Bs with SS of 3 and
Igher degree o grgmmatlca ity. nt € rgst 0 _t ne s B each forsS values 45,10 and 12.
document we describe th&BIA metric and its vari-

F h uni I [ ith
ants, and the publicly availableeSia package. or each uniqué.s value,n, associated with any

SB in the hypothesis tree, we defirteS,, as the
count of all theSBs that have art'S value of n.

We also defineSSclip,, as the count of all the hy-
SEPIA evaluates a translation hypothesis segmepbthesisSBs (with S.S value ofn) that match ref-
(sentence) by computing a score based on exenceSBs. However, if the number of matching
brevity-penalty-adjusted mean of multiple modifiechypothesisS Bs exceeds the maximum seen in any
precision-based sub-scoresEF$A uses two types reference tree, we use a partial count equal to (max-
of sub-scores: surface n-gram precision sub-scor@aum # of referenceS Bs / # of hypothesiss Bs) in
(similar to BLEU (Papineni et al., 2002)) and spancomputingSSclip,. This is our variant oflipping,
extended structural bigram precision sub-scores. Wesed by other precision-based metrics (Papineni et
next discuss the latter type of sub-scores which ag., 2002) to minimize gaming. Finally, we define

2 SEPIA

unique to &PIA. the setSPAN S to contain all the uniqué'S values
, seen in the hypothesis tree.

2.1 Span-Extended Structural Bigram Next, we describe two span-extend8@ preci-

Precision sion sub-scores, which vary in how they use fi

A structural bigram § B) is defined as a head wordof anSB: SN, andSPN.
chain of size 2 (heads) in a dependency representa-First, the sub-scor& N, is computed as follows:



. x
Z SSClan Xn 13:mentioned

SN, = nESPANS jVBD
> 8Syxn”

neSPANS
SN, is basically the span-weighted precision of hy-  1:Among 12:Roed-Larsen /16 dispute
pothesisS Bs matching referenc€ Bs. The weigh- ',,'fod 2'5'; m
ing is controlled through the power term The de-
fault value ofx is 0, which assigns alb Bs equal 5 crises 115 14:the 15:Arab-lsrael
weight regardless of th&S value. A power term of E’SS P

1 effectively multiplies the count of afiB by its.S.S

value. A multiplier of 2 multiplies the count by the » ,
. 2:the 3:existing 7:in

square of the5'S value (and so on). This allows the DT VBG IN

user to give a bigger weight to the longer-distance ™¢ m°¢  med
matching spans.
. 4:and 10 :East
Second, the sub-scoreP N is computed as fol- e NN
|OWS' mod [obj
' SSclip
_ 1 n
SPN = [SPANS] ES;NS SS,, 5:potential 8:the 9:Middle
. . L JJ DT NNP
SPN is basically the average of altS-value- mod mod mod

specific precision calculations. This scoring ap-

proach normalizes the frequency$$ values. This Figure 1: A dependency tree analysis for the sentence
effectively gives more weight to the long-distanceMong the existing and potential crises in the Middle
SBs because of the Zipfian distribution ¢fss: st Roed-Larsen mentioned the Arab-lsraeli dispute.

shorter spans appear more frequently than longer

spans. 3 SEPIA Package
Although the two scoring methods are different,

they both give more weight to long-distance depenSEPIA'S main script is implemented in Perl as an

dencies than to short-distance dependencies. ~ extension to NIST's MTEval-v11b.pl script.EBIA
uses the MICA dependency parser (Nasr and Ram-

bow, 2006), which is included in this package with
its authors’ permission. TheE®IA script expects

The segment-level &1A score is computed by famode argglmerjt thatf all(z)ws user.s o fspemfy dif-
taking the mean of any subset of the subferent combinations of sub-scores: surface n-grams

scores described above, including both surfac%f size 1 through 4’9 Ny (with differenta; values)
n-gram and SB sub-scores. Note that usingand SPN. In addition, the basievord-word SB

the surface n-gram sub-scores alone is Comlogil_efinition can be modified to include any combi-

rable to using BLEU. The score is further ad_nation of the following: POSa(P), relation/label

justed by multiplying it with a brevity penalty (zR) and relative or_dem(O). Other par_ameters con-
factor. The brevity penalty factor equald + trol whether a brevity penalty is applied or not, and

min(0, 1—(Shortest Re f Length) HypLength))), whether the harmonic mean is used to combine sub-

where ShortestRe f Length is the length of the scores m_stead _Of the arithmetic mean. Tier@
shortest reference sentence diigpLength is the package is available to researchers as open source.

length of the hypothesis sentence. Document-levglIease contact the authors to acquire a copy of it.

scores are computed as a segment—length—weightgd
(in words) average of segment scores. Similarly,
system-level scores are computed as a documeiht-the future we plan to extende®|IA in different di-
length-weighted (in segments) average of documengctions. First, we would like to extend its linguistic
scores. features to include semantic role labels and Word-

2.2 Sub-Score Combination

Future Plans



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 &PIA to evaluate MT into languages other
than English.
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