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Abstract

Evaluation measures for machine trans-
lation depend on several common meth-
ods, such as preprocessing, tokenization,
handling of sentence boundaries, and the
choice of a reference length. In this
paper, we describe and review some
new approaches to them and compare
these to state-of-the-art methods. We
experimentally look into their impact on
four established evaluation measures. For
this purpose, we study the correlation
between automatic and human evaluation
scores on three MT evaluation corpora.
These experiments confirm that the to-
kenization method, the reference length
selection scheme, and the use of sentence
boundaries we introduce will increase the
correlation between automatic and human
evaluation scores. We find that ignoring
case information and normalizing evalu-
ator scores has a positive effect on the
sentence level correlation as well.

}@i6.informatik.rwth-aachen.de

underlines the importance, but also the complexity
of finding a suitable evaluation measure for MT.
We will give a short overview of some measures in
section 2 of this paper.

Although most of these measures share similar
ideas and foundation, we observe that researchers
tend to approach problems common to several
measures differently from each other. A noteworthy
example here is the determination of a translation
reference length.

In section 3, we will have a look onto structural
similarities and differences among several measures,
focussing on common steps. We will show that
decisions taken about them can be as important to
the outcome of an evaluation, as the choice of the
evaluation measure itself.

To this end, we will study the performance
of each error measure and setting by comparison
with human evaluation on three different evaluation
tasks in section 4. These experiments will show
that sophisticated tokenization as well as adding
sentence boundaries and a good choice for the
reference lengths will improve correlation between
automatic and human evaluation significantly. Case
normalization and evaluator normalization are help-
ful only when evaluating on sentence level; system

1 Introduction level evaluation is not affected by these methods.

Machine translation (MT), as any other natural lan- _,Ib\fterzaldcljsctuhsismn ofrt?r;ase r;aiszlt(ss In section 5, we
guage processing (NLP) research subject, depen‘@fg conclude this paper in section ©.

on the evaluat_ion of its results. Unfor_tunat_ely,z Automatic evaluation measures

human evaluation of MT system output is a time

consuming and expensive task. This is why autoFhe majority of MT evaluation approaches are based

matic evaluation is preferred to human evaluation ion the distance or similarity of MT candidate output

the research community. to a set of reference translations, i.e. to sentences
Over the last years, a manifold of automatic evaluwhich are known to be correct. The lower this

ation measures has been proposed and studied. THistance is, or the higher the similarity, the better the
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candidate translations are considered to be, and thiikis distance is then normalized into an error rate,

the better the MT system. the FER, as described in section 2.1.1.
_ _ A promising approach is to compare bigram or
2.1 Evaluation measures studied arbitrary m-gram count vectors instead of unigram

Out of the vast amount of measures, we will focusount vectors only. This will take into account the
on the following measures that are widely used irdering of the words within a sentence implicitly,
research and in evaluation campaignse®VPeR, although not as strong as theB® does.
BLEU, and NsT.
Let a test set consist &f = 1,..., K candidate 213 BEU o _ o
sentences;, generated by an MT system. For BLEU (Papineni et al., 2001) is a precision
measure based om-gram count vectors. The

each candidate sentenég, we have a set of = RS - X
I precision is modified such that multiple references

1,..., Ry reference sentencds, ;. Let I; denote k g -
the length, andl; the reference length for each@'® combined into a single:-gram count vector,

sentences;. We will explain in section 3.3 how the ek = maX; i,k Multiple occurrences of an
reference length is calculated m-gram in the candidate sentence are counted as

With this, we write the total candidate length ove€O'Tect only up to the maximum occurrence count
the corpus ad = Y, I, and the total reference within the reference sentences. Typically, =

length asl™* := Y, I}. L4 _ |
Let n.m ;, denote the count of thew-gram e7” To avoid a bias towards short candidate sentences
1

within the candidate sentencEy: similarly let consisting of “safe guesses”_only, sente_nces s_horter
fiem . denote the same count within the referenc@an the reference length will be penalized with a

~ brevity penalty.
sentencel, ;. The totalm-gram count over the yP y
corpus is themm,, == > = > nem .

m
k ETEE]C 1 . ]
{wn ' (Sm+z Z mln(ne’anf ) negn,k)) }

k GTEEk

BLEU := lpgiey - gm

211 WER

The word error rate is defined as the Levenshtein _ _
distancely,(Ey, E, ;) between a candidate sentenceéVith the geometric meagmn and a brevity penalty

E, and a reference senten&,k, divided by the

ok I
reference lengtld;; for normalization. IpBLey = min(l, exp(l — _)>
For a whole candidate corpus with multiple I
references, we define theei to be: In the original B.Eu definition, the smoothing
1 . ~ term s, is zero. To allow for sentence-wise
WER:= 7 Zmrln A (. Er k) evaluation, Lin and Och (2004) define the-s
k measure withs; := 1 and s,,~1 :=0. We have

Note that the VER of a single sentence can beadopted this technique for this study.

calculated as the R for a corpus of sizd( = 1.
2.1.4 NsT

212 FER The NisT score (Doddington, 2002) extends
The position independent error rate (Tillmann ethe BLEU score by taking information weights of

al., 1997) ignores the ordering of the words withirthe m-grams into account. The INT information

a sentence. Independent of the word position, theeight is defined as

minimum number of deletions, insertions, and

substitutions to transform the candidate sentence

into the reference sentence is calculated. Using.., = ._ -

the countsne ., 7. of a worde in the candidate With et += ;ne?’k’r'

sentenceEy, and the reference sentengg ), we Note that the weight of a phrase occurring
can calculate this distance as in many references sentence for a candidate is

~ 1 - B i i
dper(Ep, By i) = = (‘Ik_1k| +Z\ne,k—ne,r,k\> considered to be lower than the weight of a phrase
2 - occurring only once!

Info(el") := —(logy Mem — logy 7:167171_1)
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The NIST score is the sum over all information On the same lines it is to be specified whether
counts of the co-occurringn-grams, summed up we consider words to be equal if they differ only

separately for eacln = 1,...,5 and normalized with respect to upper and lower case. For the
by the totalm-gram count. IWSLT evaluation, (Paul et al., 2004) give an
NIST := Ipnist Z introduction to how the handling of punctuation

and case information may affect automatic MT
evaluation.
) Also, a method to calculate the “reference
length” must specified if there are multiple reference
] ) ] _sentences of different length.
As in BLEU, there is a brevity penalty to avoid &  gjnce we want to compare automatic evaluation
bias towards short candidates: with human evaluation, we have to clarify some

m
1
(- E g min(nep g , e 1) - Info(el)
Nm

k GTEE)C

9 . I guestions about assessing human evaluation as well:
IpNnisT = exp(,@‘logQ min(1, ﬁ)) Large evaluation tasks are usually distributed to
log, 2 several human evaluators. To smooth evaluation
wheres := —10g2 3 noise, it is common practice to have each candidate
2

] ) ) sentence evaluated by at least two human judges in-
Due to the information weights, the value of thejependently. Therefore there are several evaluation
NIST score depends highly on the selection of thgcqres for each candidate sentence. We require a
reference corpus. This must be taken into accougfngle score for each system, though. Consequently,
when comparing NsT scores of different evaluation \ye "have to specify how to combine the evaluator
campaigns. scores into sentence scores and then the sentence
scores into a system score.

Different definitions of this will have a significant

Lin and Och (2004) introduce a family of threejmnnact on automatic and human evaluation scores.
measures named AUGE. ROUGE-S is a skip-

bigram F-measure. ®UGE-L and ROUGE-W are 3.1 Tokenization and punctuation

measures based on the length of the longest commep importance of punctuation as well as the
subsequence of the sentences.OURE-S Nas @ gyriciness of punctuation rules depends on the
structure similar to the bigramegr presented_ h_ere. language. In most western languages, correct
We expect RUGE-L and ROUGE-W to have similar - ncyation can vastly improve the legibility of

properties to VER. _ texts. Marks like full stop or comma separate words.
In (Leusch et al,, 2003), we have describe@her marks like apostrophes and hyphens can be
INVWER, a word error rate enhanced by block,seq t join words, forming new words by this. For
transposition edit operations.  As structure a”@xample, the spelling “There’s” is a contraction of
scores ofINVWER are similar to VR, we have «Thare is”.
omittediNvV WER experiments in this paper. Similar phenomena can be found in other lan-
guages, although the set of critical characters may
vary. Even when evaluating English translations, the
Although the general idea is clear, there are stitandidate sentences may contain source language
several details to be specified when implementingarts like proper names which should thus be treated
and using an automatic evaluation measure. We aaecording to the source language.
going to investigate the following problems: From the viewpoint of an automatic evaluation
The first detail we have to state more precisely imeasure, we have to decide which units we would
the term “word” in the above formulae. A commonconsider to be words of their own.
approach for western languages is to consider spaced/Me have studied four tokenization methods. The
as separators of words. The role of punctuatiosimplest method is keeping the original sentences,
marks in tokenization is arguable though. Aand considering only spaces as word separators.
punctuation mark can separate words, it can be pavtoreover, we can consider all punctuation marks to
of a word, and it can be a word of its own. Equallyseparate words but remove them completely then.
it can be irrelevant at all for evaluation. The mteval tool (Papineni, 2002) improves this

2.2 Other measures

3 Preprocessing and normalization
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BLEU incorporates a different method for the

Table 1: Tokenization methods studied determination of the reference length in its default

i (P)rlgml?l canddl_datqw d ot b implementation: Reference length here is the
al(c))vr¥g; fﬁét,é fo? sSr%." = reference sentence length which is closest to the
« Remove punctuation candidate length. If there is more than one the
Powell said Wed not be alone shortest of them is chosen.
that s for sure For measures based on the comparison of single
e Tokenization of punctuatiomfteval ) sentences such asBMN, PER, and ROUGE, at least
;%Vr\]’g” . S?r'](;t,sL if %ur%i be two more methods deserve consideration:
e Tokenization and treatment of abbreviations e The average length of the sentences with the
and contractions lowest absolute distance or highest similarity

Powell said : " we would not be to the candidate sentence. We call this method

alone ; that is for sure y R
average nearest-sentence length”.

scheme by keeping all punctuation marks as separate® The length of the sentence with the lowest
words except for decimal points and hyphens relative error rate or the highest relative
joining composita. We have extended this scheme  similarity. We call this method “best length”.

by implementing a treatment of common English ~ Note that when using this method, not the

contractions. Table 1 illustrates these methods. minimum absolute distance is used for the
o error rate, but the distance that leads to
3.2 Case sensitivity minimum relative error.

In western languages, maintaining correct uppeédther strategies studied by us, e.g. minimum

and lower case can improve the readability of dength of the reference sentences, did not show

text. Unfortunately, though the case of a wordany theoretical or experimental advantage over the

depends on the word class, classification is nehethods mentioned here. Thus we will not discuss

always unambiguous. What is more, the first worthem in this paper.

in a sentence is always written in upper case. This _

lowers the significance of case information in MT3-4 Sentence boundaries

evaluation, as even a valid reordering of worddhe position of a word within a sentence can be quite

between candidate and reference sentence may lesighificant for the correctness of the sentence.

to conflicting cases. Consequently, we investigated WER, INVWER, and ROUGE-L take into account

if and how case information can be exploited fothe ordering explicitly. This is not the case with

automatic evaluation. PER, BLEU, or NIST, although the positions of inner

words are regarded implicitly byn-gram overlap.

3.3 Reference length To model the position of words at the initial or the

Each automatic evaluation measure we have take@md of a sentence, one can enclose the sentence with

into account depends on the calculation of a refeartificial sentence boundary words. Although this

ence length: VER, PER, and FouGEare normalized is a common approach in language modelling, it

by it, whereas NsT or BLEU incorporate it for has to our knowledge not yet been applied to MT

the determination of the brevity penalty. In MT evaluation.

evaluation practise, there are multiple reference o

sentences for each candidate sentence, with differen Evaluator normalization

lengths each. It is thus not intuitively clear what thé=or human evaluation, it has to be specified how to

“reference length” is. handle evaluator bias, and how to combine sentence
A simple choice here is the average length of thecores into system scores.

reference sentences. Though this is modus operandiRegarding evaluator bias, even accurate evalua-

for NisT, itis problematic with brevity penalty or F- tion guidelines will not prevent a measurable dis-

measure based scores, as even candidate sentermrepancy between the scores assigned by different

that are identical to a shorter-than-average referenbeman evaluators.

sentence —which we would intuitively considertobe The 2003 TIDES/MT evaluation may serve as

“optimal” — will then receive a sub-optimal score. an example here: Since the candidate sentences of
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Table 2: Corpus statistics

f; - TIDES CE | TIDES AE | BTEC CE
% z?Z 5 Source language Chinese Arabic Chinese
e 2 - Z I m 4 Target language English English English
S 3 Sentences 919 663 500
ég - AL e 2 Running words 25784 17763 3632
a9 44 01 Punctuation marks 3760 2698 610
© 3 44 Ref. translations 4 4 16
g Aéﬁ Avg. ref. length 28.1 26.8 7.3
S| ZZ Candidate systems 7 6 11
x o A

A >
o | || .
s~  Raaor 4 Experimental results

Figure 1: Distribution of adequacy assessments fi

% assess the impact of the mentioned preprocessin
each human evaluator. TIDES CE corpus. P prep g

steps, we calculated scores for several automatic
evaluation measures with varying preprocessing,
the participating systems were randomly distributedeference length calculation, etc. on three eval-
among ten human evaluators, one would expect thetion test sets from international MT evaluation
assessed scores to be independent of the evaluat@mpaigns. We then compared these automatic eval-
Figure 1 indicates that this is indeed not the cas@ation results with human evaluation of adequacy
as the evaluators can clearly be distinguished by thend fluency by determining a correlation coefficient
amount of good and bad marks they assessed.  between human and automatic evaluation. We

(0,1) evaluator normalization overcomes thischose Pearson’s for this. Although all evaluation
bias: For each human evaluator the average sentermoeasures were calculated using length weighting,
score given by him or her and its variance arave did not do any weighting when calculating the
calculated. These assignments are then normalizeentence level correlation.
to (0,1) expectation and standard deviation (Dod- Regarding then-gram FER, we had studiedn-
dington, 2003), separately for each evaluator. gram lengths of up to 8 both separately and in com-

Evaluator normalization should be unnecessargination with shortern-gram lengths in previous
for system evaluation, as the evaluator biasegxperiments. However, an-gram length of greater
tend to cancel out over the large amount ofhan 4 did not show noteworthy correlation. For this,
candidate sentences if the alignment of evaluatowge will leave out these results in this paper.
and systems is random enough. Moreover, with For the sake of clarity, we will also leave
(0, 1) normalization the calculated system scores a@ut measures that behave very similarly to akin
relative, not absolute scores. As such they can oniyeasures e.g.INVWER and WER, 2-PER and 1-
be compared with scores out of the same evaluatioRER, or BLEU and BLEU-s.

Whereas the assessments by the human evaluator§ince WER and FER are error measures, whereas
are given on the sentence level, our interest madyLEU and NsT are similarity measures, the
lie on the evaluation of whole candidate systemgorrelation coefficients with human evaluation will
Depending on the number of assessments pbave opposite signs. For convenience, we will look
candidate sentence, different combination method the absolute coefficients only.
for the sentence scores can be considered for this,

e.g. mean or median. As our data consisted on Corpora
of two or three human assessments per sentence, Bi®m the 2003 TIDES evaluation campaign we
have only applied the mean in our experiments. included both the Chinese-English and the Arabic-

It has to be defined how a system score iE&nglish test corpus in our experiments. Both were
calculated from the sentence scores. All of th@rovided with adequacy and fluency scores between
automatic evaluation measures implicitly weight thd and 5 for seven and six candidate sets respectively.
candidate sentences by their length. Consequently,As we wanted to perform experiments on a corpus
we applied for the human evaluation scores with a larger amount of MT systems, we also
weighting by length on sentence level as well. included the IWSLT BTEC 2004 Chinese-English
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evaluation (Akiba et al., 2004). We restricted our o w wer B BLEUS no normalizatior

experiments to the eleven MT systems that had bee® P PER B normalization

trained on a common training corpus. WPB WP B
Corpus statistics can be found in table 2. ]

©
(=)

4.2 Experimental baseline 7
<

In our first experiment we studied the correlation ©
of the different evaluation measures with human,
evaluation at “baseline” conditions. These included®
no sentence boundaries, but tokenization with_

treatment of abbreviations, see table 1. ForS ~ TIDES TIDES TIDES  TIDES
sentence evaluation, conditions included evaluator CE AE CE AE
normalization. Case information was removed. Weigure 3: Effect of evaluator normalization.
used these settings in the other experiments, too,likft: sentencesight: system level correlation.
not stated otherwise.

Figure 2 shows the correlation between automaﬂioz W WER B BLEUS use case
and human scores. On the TIDES corpora the® PPER % ignore casg
system level correlation is particularly high, ata _wers wers wes WPBWPB WPB
moderate sentence level correlation. We assume |
the latter is due to the poor sentence inter-annotator |
agreement on these corpora, which is then smootheg
out on system level. On the BTEC corpus® |
a high sentence level correlation accompanies a |
significantly lower system level correlation. Note s
that due to the much lower number of samples on -
_the system level (e.g. 5 vs. _5500), small qhangeg e el e e e e
in the sentence level correlation are more likely to CE AE CE CE AE CE
be significant than such changes on system levetigure 4: Effect of case normalization.

We have verified these effects by inspecting the rankeft: sentenceright: system level correlation.
correlation on both levels, as well as by experiments

on other corpora. Although these experiment§Or the sake of clarity
support our findings, we have omitted results here '

4.3 Evaluator normalization
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measure showed a behavior very similar to that of
the other measures and is thus left out in the graph.
The correlation of all automatic measures both with

fluency and with adequacy increases significantly
at sentence level (figure 3). We do not notice a
positive effect on system level, which confirms the

assumption stated in section 3.5.
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Figure 2: Pearson correlation coefficient betweeRext experiment. Figure 4 (again without thesM

automatic and human evaluation. Bars indicattheasure as it shows a similar behavior to the other
correlation with adequacy, circles with fluencymeasures) indicates that it is advisable to disregard
Score. case information when looking into adequacy on
Left: sentenceright: system level correlation. sentence level. Surprisingly, this also holds for
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Figure 5: Effect of different tokenization steps. Figure 7: Effect of sentence boundaries.
Left: sentencesight: system level correlation. Left: sentencesight: system level correlation.

fluency. We do no find a clear tendency on whethefVER here, taking the length of the sentence leading
or not to regard case information at system level. t0 the best score leads to the best correlation with
Figure 5 indicates that the way of handling?oth fluency and adequacy. Taking the average
punctuation we proposed does pay off when evalength instead seems to be the worst choice.
uating adequacy. For fluency our results were For brevity penalty based measures, the effect is
contradictory: A slight decrease on the Arabiclot as clear: On both TIDES corpora there is no
English corpus is accompanied by a slight decay otignificant difference in correlation between using
the Chinese-English corpus. We did not investigatde average length and the nearest length. On
the BTEC corpus here as most systems sticked to tfe¢ BTEC corpus, choosing the nearest sentence

tokenization guidelines for this evaluation. length leads to a significantly higher correlation than
choosing the average length. We assume this is due
4.5 Reference length to the high number of reference sentences on this

. corpus.
The dependency of evaluation measures on the P

selection of reference lengths is rarely covered in g Sentence boundaries
the literature. However, as we can see in figure (%\ . . :
X o L ) s sentence boundaries will only influeneegram
our experiments indicate a significant impact. The .
count vector based measures, we have restricted
selected three methods here are the default for . . o iorameR BLEU-S. and NST
WER/PER, NIST, and B.EU, respectively. For the P 9 ' ;

) : ere. Including sentence boundaries (figure 7)
distance based evaluation measures, represented a?é " : .
has a positive effect on correlation with fluency

and adequacy for both bigrameR and BLEU-S.

O WWER m N NIST 75 averageE best Sentence initials seem to be more important than
M BBLEUS @ nearest sentence ends here. For thesN measure, we do
_WBNWENWEBN O _WBNWBNWEN not find any significant effect.
g . EY < cussi
S a8 5 Discussion
5 = é In a perfect MT world, any dependency of an
< } evaluation on case information or tokenization
N ° g should be inexistent, as MT systems already have
° g } to deal with both in the translation process, and
5 5 é o | could b_e deS|gne_d to p_rod_uce output accordlng_ to
S S " TIDES TIDES BTEC evaluation campaign guidelines. Once all translation
CE AE CE AE CE systems stick to the same specifications, no further
Figure 6: Effect of different reference Iengths. preprocessing steps should be necessary.
Left: sentenceright: system level correlation. In practice there will be some systems that step
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out of line. If we then choose strict rules regardingentence evaluation. On sentence level, evaluator
case information and punctuation, automatic errarormalization can improve the correlation between
measures will penalize these systems rather ham tomatic and human evaluation.
whereas penalty is rather low if we choose lax ones.
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