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Abstract tion metrics is becoming increasingly popular. Dur-
ing the recent second workshop on statistical MT

This paper describes our participation in the (WMTQ7) (Callison-Burch et al., 2007), 11 auto-
NIST 2008 MetricsMATR Challenge, us- matic MT evaluation metrics were evaluated for cor-
ing our recently proposed automatic machine  yg|ation with human judgement for translation into
translation evaluation metric McSim. The English. Following that, the third workshop on sta-

metric calculates a similarity score between . .
a pair of English system-reference sentences tistical MT (WMTO08) (Callison-Burch et al., 2008)

by comparing information items such as n- evaluated 14 automatic MT evaluation metrics. Re-
grams across the sentence pair. Unlike most  sults of the workshops show that BLEU lags behind
metrics, MAX SIM computes a similarity score several other metrics in terms of correlation with hu-

between items, then find a maximum weight man judgment.

matching between the items such that each ] ] S
item in one sentence is mapped to at most one Th|S paper dESCI’IbeS our partICIpatIOI’l n the NIST

item in the other sentence. Evaluation onthe 2008 MetricsMATR Challenge, using our recently
WMTO07, WMTO08, and MT06 datasets show proposed automatic MT evaluation metricAMSIm
that Max SiM achieves good correlations with (Chan and Ng, 2008). To compute a similarity
human judgment. score between a pair of English system-reference
sentences, MXSIM extracts and compares infor-
mation items such as n-grams. Since different con-
cepts can be expressed in a language in many ways,
An important contributing factor to the success oMAXx Sim allows matching via a word’s lemmatized
statistical machine translation (MT) research in reform and synonyms. The grammaticality and gen-
cent years is the introduction of BLEU (Papinenkral fluency of a translation are also checked by in-
et al., 2002), which is an automatic MT evaluatiorcorporating sequences of part-of-speech (POS) tags
metric. Having an automatic metric is important asluring the matching process. Finally, in contrast to
it alleviates the need for human judgment of MT outeurrent metrics which perform binary matching (ei-
put. This allows rapid testing of revisions made durther a pair of information items match, or they do
ing the development of an MT system. not), MAX SIM computes a similarity score between
Although BLEU is widely popular and has con-a pair of items. Doing this means that there are many
tributed significantly to the progress of MT researchpossible ways to match information items across a
it is becoming evident that BLEU does not correlatgair of system-reference sentences, with each match
with human judgment well enough and suffers frormhaving its own similarity weight. To match each sys-
several other deficiencies (Chiang et al., 2008). Havem item to at most one reference item, we model
ing recognized the limitations of BLEU, conduct-the items in the sentence pair as nodes in a bipartite
ing research to propose novel automatic MT evaluggraph and use the Kuhn-Munkres algorithm (Kuhn,

1 Introduction



Ref: (Lpr) opry) oo (Lpr) (L Py ) - sentence pair, MX SIM computes the correspond-
ing scores for precision and recall. These are then
combined into parameterizédscores.

Sys: (Lyps) Uspsy) e Usps) (Ui, i) - To match n-grams, Mx Sim goes through a se-

guence 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,
Figure 1: Matching n-grams. we first try to perform an exact match in both lemma

and POS tag. In all our n-gram matching, each n-

1955; Munkres, 1957) to find maximum weight —gram in the system translation can only match at
matching between the items in polynomial time. Thénostone n-gram in the reference translation.
weights of the edges of the resulting graph will then Representing each unigraifp;) at position: by
contribute towards the final similarity score of theits lemmal; and POS tag;, we accumulate the
sentence pair. In (Chan and Ng, 2008), we shofRumber of matching system-reference unigram pairs
that MAx SIM achieves higher correlation with hu-in matchqyy,;. To find matching pairs, we proceed
man judgment than all of the 11 automatic MT evalin a left-to-right fashion (in both strings). As the
uation metrics evaluated during WMTO7 (Callisoniop part of Figure 1 illustrates, we take the first sys-

Ref: (lr/prl) (lrzpr2) e (lr,-”Pr,-”) e

SyS: (lsgpxz) s (lsipsi) (lxi_*_Ipxi_,_]) cee

Burch et al., 2007). tem unigram and check if it matches the first refer-
ence unigram. If they do not match, we then check
2 TheMaximum Similarity Metric against the second reference unigram and so on un-

describ q _ til we find a match. A system unigrarfi,, ps;)
We now describe our proposed metricAMISIM, matches a reference unigrdf p,, ) if Iy, = [, and

which is basegl on pr:tec![ilon a?dh re(;all, 3llows fozr?Si — p,,. The example given in the top half of Fig-
Synonyms, and weights the matches found. ure 1 shows that we have found a match between the

To compute similarity scores, MKSIM requires 4 ovstem unigram and thieh reference unigram.
a number of resources. Given a pair of Englls_rbnce there is a match, we incrementitch,,; by
sentences to be compared (a system translatign, 4 remove the pair of system-reference unigrams
against a reference transation), we perform tOkT’rom further consideration (removed items will not

enizatiort, lemmatization using WordNet-Z.1and o a1ched again subsequently). Hence, each sys-
part-of-speech (POS) tagging with the MXPOSTo, item can match at most one reference item.

tagger (Ratnaparkhi, 1996). Next, we remove aktpa, a5 shown in the bottom half of Figure 1, we

non-alphanumeric tokens. We also gather the set gf,,; try to match the second system unigram against
WordNet-2.1 synonyms for each word (noun, verly,e yeterence unigrams, once again proceeding in
adjective, and adverb). These will be used wheg |of ¢ right fashion. If no match is found for a

computing similarity scores between item pairs. particular system unigram, we move on to the next
system unigram. We continue this process until we

o ) complete the matching of the last system unigram.
To calculate a similarity score for a pair of system- | o ima matching For the remaining set of uni-

reference translation sentencespdBIM extracts grams that are not yet matched, we now relax our
and compares n-gram information. In our workpaiching criteria by allowing a match if their cor-
we use unigrams, bigrams, and trigrams. Based Q@sponding lemmas match. That is, a system uni-
these comparisons or matches of n-grams across %m (Is,ps,) Matches a reference unigrai p,.)

[3 K3 J J

http://www.cis.upenn.edu/treebank/tokenizer.sed if I, = l,,. Once again, we find matches in a
2http://wordnet.princeton.edu/man/morph.3WN left-to-right fashion and add the number of unigram

2.1 Matching Using N-gram Information



lows:

. 1’ If psi - p’f"
I(psiaij) - { O, otherWiSeJ
; 1, Wigyn(ls;) N W Neyn(lr;)
I I 3 Syn(lsz7 l"']') = ?é @
| 1 0, otherwise

I(-) is an identity function and in this case evalu-
ates to 1 if the two POS tags, andp,, are iden-

5 5 55 tical. The functionSyn(-) checks whethel;, is a
synonym ofl,... To determine this, we obtain the set
Figure 2: Bipartite matching. W Ngyn(ls;) of WordNet synonyms fot,, and the

setW Ny, (l;;) of WordNet synonyms fof,... In
_ _ gathering the selV’ V,,,, for a word, we gather all
matches found during this phasert@ch., ;. the synonyms for all its senses and do not restrict to

Bipartite graph matching For the remaining un- a particular POS category.

igrams that are not matched so far, we try to match once we have calculated the weights of all edges,
them by constructing a weighted complete bipartitg/e will have a weighted complete bipartite graph.
graph. Each of these remaining unigrams will bgjowever, we want to find the set of edges such that
represented as a node in the graph. Note that, witBach system unigram is matched or aligned to ex-
out loss of generality, if the number of system nodegcﬂy one reference unigram, while giving a maxi-
and reference nodes are not the same, we can simpy,m weight matching. Thisaximum weighted bi-

add dummy nodes with connecting edges of weighartite matching problem can be solved i (n?)

0 to obtain a complete bipartite graph with equajime (wheren refers to the number of nodes, or
number of nodes on both sides. Also, the graph igertices in the graph) using the Kuhn-Munkres al-
weighted in the sense that each graph edgen- gorithm (Kuhn, 1955; Munkres, 1957). The bot-
necting a pair of system-reference unigrams hasgm half of Figure 2 shows the resulting maximum
weightw(e), which indicates the degree of similar-yeighted bipartite graph, where the alignment repre-
ity between the unigram pair. As an example, Wgents the maximum weight matching, out of all pos-
show in the top half of Figure 2 a complete bipartitesjp|e alignments.

graph, constructed for a set of three system unigrams 5, .o e have solved and obtained a maximum

(s1, 52, 3) and three reference unigrams (2, 73),  \yeight matching\/ for the unigram bipartite graph,

and the weight of the connecting edge between WO sum up the weights of the edges to obtain the
unigrams represents their degree of similarity. weight of the matching/:

We now describe how to calculate the weight
w(e) of an edgee. Assume that we have an edge
connecting a system unigrafh. ps, ) to a reference w(M) = Z w(e)

unigram(l,., p,; ). We will calculate a scoré of this ceM
pair as follows and this will be the weighi(e) of
the connecting edge: We then addv(M) to matchyy;.
we) = 8§ 211 ai::;::;ing F Scores Based on N-gram
S o [(pS,‘?ij) + Syn(lS“ lrj) (1)
- 2 Finally, after going through the three phases, we

use match,,; to calculate the corresponding uni-
where functiond (-) and.Syn(-) are defined as fol- gram precision” and unigram recalR. These are



then combined into a parameterizEdscore: pair s:

N
P o matchyn; scoregs = %Z Fs
no. of unigrams in system translation n=1
R o_ matchyn; where F ,, denotes the” score for n-grams. For
no. of unigrams in reference translation example, F; » is computed based on the number
P-R matchy; of bigram matches. In our experiments,
- m 2) we set N = 3, using unigram, bigram, and tri-
gram scores. Then, to obtain a single similarity
212 Extension to Bigramsand Trigrams scoresim-score for the entire system corpus, we

We have described the matching and scoring préepeat this process of calculatingere; for each
cess for unigrams. Similarly, we also count the nurmsystem-reference sentence pairand compute the
bermatchy; of bigram matches anaiatch,,; of tri-  arithmetic mean over aJl5| sentence pairs:
gram matches. Based onatchy; and matchy,;,
we then calculate the correspondifgscores for bi- . 1
grams and trigrams. sumeseore = @ Z SCOTEs

Since n-grams such as bigrams and trigrams con-
sist of more than one token, we calculate the weightwe are given access to multiple references, we cal-
of an edge in a S||ght|y different manner, as comculate an individuakim-score between the system
pared to the case of unigrams. To calculate theorpus anaach reference corpus, and then compute

weight w(e) of an edgee connecting a system n- their arithmetic mean.
gram (I,1p,1,...,lspsr) and a reference n-gram  The MAXSIM metric described here, which was

,Lnp,n), We calculate a scoré), be- Submitted to NIST 2008 MetricsMATR Challenge,
J J

tween each corresponding token of the n-gram paﬁzfers to the MxSim,, version as described in
using Equation 1. For instancs; corresponds to (Chan and Ng, 2008). In that paper, we also pro-

the score betweehp,: andl,.p,1. These scores pose another version M(Su\_/anrd which |_ncludes
i J the use of dependency relations. We omit the use of

are then averaged to obtain the weight of the ecjge'dependency relations for this evaluation, since our
1 experiments indicate that adding dependency rela-

w(e) = — Z Sk tions does not provide a substantial gain in correla-
"= tion scores, while incurring a significant computa-

tional cost of determining the dependency relations.

(lr}pr}, ...

Further, we impose an additional conditics); # 0,
for 1 < k < n, else we will setw(e) = 0. This
captures the intuition that in matching a system fo evaluate our metric, we conduct experiments on
gram against a reference n-gram, where- 1, we  datasets from WMTO07, WMT08, and NIST MTO6.
require each system token to have at least some de-

gree of similarity with the corresponding referencé-1 WMTO07 Workshop

token. The ACL-07 workshop on statistical machine trans-
lation (WMTQ7) evaluated the translation perfor-
mance of MT systems and included a task of mea-
suring the correlation with human judgement of 11
To calculate the similarity score of a system-automatic MT evaluation metrics. WMTO7 used
reference sentence pairwe extract and match the a Europarl dataset (2,000 English sentences) and
unigrams, bigrams, and trigrams of the sentencea.News Commentary dataset (2,007 English sen-
Based on the matches, we then calculate their corrences), together with their corresponding transla-
spondingF’ scores. These are then averaged to oldons in various languages. As part of the workshop,
tain a single similarity scorecore, for the sentence correlations of the automatic metrics were measured

3 Evaluation Data

2.2 Scoring a Sentence Pair and the Whole
Corpus



Dataset No. of | No. of segments| Spanish into English. Hence, we will measure the
texts | Pertext| Total correlation of Max SiM on these tasks.

WMTO7 Europarl| 23 2,000 | 86,140 The organizers of WMTO08 noted that in WMTO07,

WMTO7 News 20 2,007 Kappa values measured for inter- and intra-

WMTO8 Europarl| 38 2,000 | 151,887| annotator agreement for adequacy and fluency were

WMTO08 News 37 2,051 substantially lower than those for preference and

MTO06 9 249 2,241 constituent. This indicated that preference and con-

stituent are more reliable criteria for MT evaluation.
ence, only these two evaluation criteria were used
in WMTO8. As such, in this paper, we will only use
the preference criterion. We show in Table 1 the size
for the tasks of translating French, German, andf the WMTO08 data. Similar to WMTO07, WMTO08
Spanish into English. Hence, we will measure théas only one reference text.

correlation of MaxSIM on these tasks. Note that

for each corpus, there is only one English referencd3 NIST MT06

text. _ ~ As development data for the NIST 2008 Met-
For human evaluation of the MT submissionsj.sMATR Challenge, some data from the NIST
WMTO7 used a total of four different criteria: ad'Open MT 2006 evaluation (MT06) and the DARPA
equacy, fluency, rank (we will refer to this pesf-  TransTac program (Transtac) were released to regis-
erence in this paper), and constituent. In this pasered participants. For human evaluation of the MT
per, we will fo.cus.onadequacy (hOW much of the  gystem translations, two criteria are used: adequacy
original meaning is expressed in a system transla;q preference.
tion) andpreference (different translations of a sin-  tha MT06 data consists of 8 system translations
gle source sentence are compared and ranked ffQffy 4 English references, where each text consists
best to worst), since these are the criteria used in thg 549 segments. A segment of text usually consists
NIST 2008 MetricsMATR Challenge. of a single sentence. Although several reference
We show in Table 1 the size (in terms of NUMyeyis are provided, human judgment for adequacy

ber of sentences) of the WMTO7 dataset. Note thal, preference are only based on the third English

WMTO7 has only one reference text. For eXaMefarence text. Hence when applyingadSiM on

ple, the WMTO7 Europarl dataset consists of 22,e MT06 data, we will only use the third English

system translation texts and 1 reference text (€aghference text. We show in Table 1 the size of the
having 2,000 sentences), while the WMTOQ7 NeWﬁ/ITOG data.

Commentary dataset consists of 19 system tranSIa’Forthe Transtac data, it consists of 5 system trans-

tion texts and 1 reference text (each having ?’Ool?itions and 4 English references, where each text
sentences). Hence, the WMTO7 dataset consists génsists of 16 segments. Given the very small size

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

86,140 sentences altogether. of this data as compared to WMT07, WMTO08, and
32 WMTO08 Workshop MTO06, we do not report results on Transtac in this
paper.

Based on the success of WMTO07, the ACL-08 work-

shop on statistical machine translation (WMTO08Y, Results

was recently organized and it similarly included a

task of measuring the correlations of automatic MTn this section, we describe the correlation results
evaluation metrics. WMTOS8 attracted participatiorof MAXSiM. We follow the WMTO7 and WMTO08
from 14 automatic MT evaluation metrics. WMTO8process of converting the system-level raw scores
used a Europarl dataset (2,000 English sentencexysigned by an automatic metric to ranks and then
and a News dataset (2,051 English sentences) ansing the Spearman’s rank correlation coefficient to
also measured the correlations of the automatic menreasure correlation.

rics for the tasks of translating French, German, and In our initial work on MaxSim (Chan and Ng,



Dataset MAXSIM S1 BLEU

Adqg | Pref | Avg | Adq | Pref | Avg | Adg | Pref | Avg
WMTO7 | 0.804| 0.893| 0.849| 0.774| 0.804| 0.789| 0.690| 0.672| 0.681
WMTO08 - 0.801| 0.801| - 0.833| 0.833| - 0.520| 0.520
MTO6 0.976| 0.952| 0.964| - - - 0.643| 0.619| 0.631

Table 2: System-level correlations ofAM Sim, state-of-the-art automatic MT evaluation metrics (Shji BLEU on
the various datasets.

2008), we simply user = 0.9 in Equation 2 with- MetricsMATR Challenge usingx = 0.8. Over-

out tuning on any dataset (having anof more all, as our experiments show, M Sim is able to
than 0.5 weights recall more than precision). Folachieve competitive correlation scores on bench-
lowing this setup, we show in Table 2 the systemmark datasets when compared to other state-of-the-
level correlations of MXSIM (using o = 0.9) artautomatic MT evaluation metrics.

on the various datasets for the adequacy (Adq) and Besides achieving good correlation results, an-
preference (Pref) criteria, as well as their averaggther important factor in designing a metric is the
(Avg). Note that the workshop papers of WMTO7time needed to apply the metric. The relatively
(Callison-Burch etal., 2007) and WMTO8 (Callison-fast computation of the BLEU metric is an impor-
Burch et al., 2008) provide the correlation results ofant factor in its popularity. Hence, we also record
the participating metrics in the various tasks. Hencehe time taken to apply MxSiM on the datasets.
for comparison, we gather from the workshop pao apply Max Sim, we need to first preprocess the
pers the correlation results of the top performingnput files (performing tokenization, POS tagging,
metric and show them under the colurBhin Ta-  and lemmatization), before computing thesMSim

ble 2. For WMTO7, the metric based on semantignetric score on the processed files. Our experi-
role overlap (Girénez and Nirquez, 2007) achieves ments indicate that when given a pair of system-
the best correlation for both adequacy and prefefeference files of 2,000 sentences each (about 59K
ence. For WMTO08, the metric based on dependengyords of reference text after tokenization) from the
relations (Ginénez and Mirquez, 2008) achieves thewMTO07 Europarl dataset, it takes 48 seconds to pre-
best correlation for preference. For the MTO6 datagyrocess the two files and 19 seconds to compute the
it has not been used for any MT metric evaluationMax Sim metric score, giving a throughput of scor-
To get an indication of how a state-of-the-art autoing 30 sentences per second. These timings are ob-

matic MT evaluation metric would perform, we runtained on a Linux machine with dual-core 2.2GHz
METEOR (Agarwal and Lavie, 2008) on the MTO6CPU and 2GB of RAM with no parallelization.

data, obtaining correlation results of 0.905 for ade-

guacy and 0.881 for preference (for an average Co5  conclusion

relation of 0.893). Also, under the colunBi.EU of

Table 2, we show the correlation results of the BLEUrhjs paper describes our participation in the

metric (version 11b). NIST 2008 MetricsMATR Challenge, using our re-
We tried tuning the value ofv from O to 1, in cently proposed automatic MT evaluation metric

increment of 0.05, and measuring the corresponddAx Sim. Evaluation on the datasets of WMTO7,

ing correlation scores on the WMTO07, WMTO08, andVMT08, and MTO06 shows that kX SiM achieves

MTO6 datasets. From our experiments, we find thatate-of-the-art correlation results.

usinga = 0.8 gives slightly better overall perfor-

mance on the three datasets. The average (over afck nowledgments

equacy and preference) correlation scores are 0.828

on WMTO7, and 0.964 on MT06. On WMTO8, the This research is partially supported by research grant

correlation score for preference is 0.835. Hence, w'eQD0Q713875.

submitted our M\Xx Sim metric to the NIST 2008
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