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Abstract. In this paper, we re-visit the foundations of the statistical
approach to machine translation and study two forms of the Bayes de-
cision rule: the common rule for minimizing the number of string errors
and a novel rule for minimizing the number of symbol errors. The Bayes
decision rule for minimizing the number of string errors is widely used,
but its justification is rarely questioned.
We study the relationship between the Bayes decision rule, the underly-
ing error measure, and word confidence measures for machine translation.
The derived confidence measures are tested on the output of a state-of-
the-art statistical machine translation system. Experimental comparison
with existing confidence measures is presented on a translation task con-
sisting of technical manuals.

1 Introduction

The statistical approach to machine translation (MT) has found widespread use.
There are three ingredients to any statistical approach to MT, namely the Bayes
decision rule, the probability models (trigram language model, HMM, ...) and
the training criterion (maximum likelihood, mutual information, ...).

The topic of this paper is to examine the differences between string error
(or sentence error) and symbol error (or word error) and their implications for
the Bayes decision rule. The error measure is referred to as loss function in
statistical decision theory. We will present a closed representation of different
word error measures for MT. For these different word error measures, we will
derive the posterior risk. This will lead to the definition of several confidence
measures at the word level for MT output.

Related Work: For the task of MT, statistical approaches were proposed at
the beginning of the nineties [3] and found widespread use in the last years [12,
14]. To the best of our knowledge, the ’standard’ version of the Bayes decision
rule, which minimizes the number of sentence errors, is used in virtually all ap-
proaches to statistical machine translation (SMT). There are only a few research
groups that do not take this type of decision rule for granted.



In [8], an approach to SMT was presented that minimized the posterior risk for
different error measures. Rescoring was performed on 1,000-best lists produced
by an SMT system. In [11], a sort of error related or discriminative training was
used, but the decision rule as such was not affected. In other research areas,
e.g. in speech recognition, there exist a few publications that consider the word
error instead of the sentence error for taking decisions [6].

2 Bayes Decision Rule for Minimum Error Rate

2.1 The Bayes Posterior Risk

Knowing that any task in natural language processing (NLP) is a difficult one,
we want to keep the number of wrong decisions as small as possible. To classify
an observation vector y into one out of several classes c, we resort to the so-called
statistical decision theory and try to minimize the posterior risk R(c|y) in taking
a decision. The posterior risk is defined as

R(c|y) =
∑

c̃

Pr(c̃|y) · L[c, c̃] ,

where L[c, c̃] is the so-called loss function or error measure, i.e. the loss we incur
in making decision c̃ when the true class is c. The resulting decision rule is known
as Bayes decision rule [4]:

y → ĉ = arg min
c

R(c|y) = arg min
c

{∑

c̃

Pr(c̃|y) · L[c, c̃]

}
.

In the following, we will consider two specific forms of the error measure,
L[c, c̃]. The first will be the measure for sentence errors, which is the typical loss
function used in virtually all statistical approaches. The second is the measure
for word errors, which is the more appropriate measure for machine translation
and also speech recognition.

In NLP tasks such as Part-of-Speech tagging, where we do not have the
alignment problem, the optimal decision is the following: compute the Bayes
posterior probability and accept if the probability is greater or equal to 0.5. We
omit the proof here. Following this, we formulate the Bayes decision rule for two
different word error measures in MT. From those we can derive word confidence
measures for MT according to which the words in MT output can be either
accepted as correct translations or rejected.

2.2 Sentence Error

For machine translation, the starting point is the observed sequence of words
y = fJ

1 = f1...fJ , i.e. the sequence of words in the source language which has to
be translated into a target language sequence c = eI

1 = e1...eI .
The first error measure we consider is the sentence error: two target language



sentences are considered to be identical only when the words in each position
are identical (which naturally requires the same length I). In this case, the error
measure between two strings eI

1 and ẽĨ
1 is:

L[eI
1, ẽ

Ĩ
1] = 1− δ(I, Ĩ) ·

I∏

i=1

δ(ei, ẽi) ,

with the Kronecker delta δ(., .). In other words, the errors are counted at the
string (or sentence) level and not at the level of single symbols (or words).
Inserting this cost function into the Bayes risk (see Section 2.1), we obtain the
following form of Bayes decision rule for minimum sentence error:

fJ
1 → (Î , êÎ

1) = arg max
I,eI

1

{
Pr(I, eI

1|fJ
1 )

}

= arg max
I,eI

1

{
Pr(I, eI

1, f
J
1 )

}
. (1)

This is the starting point for virtually all statistical approaches in machine trans-
lation. However, this decision rule is only optimal when we consider sentence
error. In practice, however, the empirical errors are counted at the word level.
This inconsistency of decision rule and error measure is rarely addressed in the
literature.

2.3 Word Error

Instead of the sentence error rate, we can also consider the error rate of symbols
or single words. In the MT research community, there exist several different error
measures that are based on the word error. We will investigate the word error
rate (WER) and the position independent word error rate (PER).
The symbol sequences in Figure 1 illustrate the differences between the two error
measures WER and PER: Comparing the strings ’ABCBD’ and ’ABBCE’, WER
yields an error of 2, whereas the PER error is 1.

A B C B D

A B B C E

A B C B D

A B B C E

WER: PER:
string 1

string 2

Fig. 1. Example of the two symbol error measures WER and PER: The string ’ABCBD’
is compared to ’ABBCE’.

For NLP tasks where there is no variance in the string length (such as Part-of-
Speech tagging), the integration of the symbol error measure into Bayes decision



rule yields that a maximization of the posterior probability for each position i has
to be performed [10]. In machine translation, we need a method for accounting
for differences in sentence length or word order between the two strings under
consideration, e.g. the Levenshtein alignment (cf. WER).

– WER (word error rate): The word error rate is based on the Levenshtein
distance [9]. It is computed as the minimum number of substitution, in-
sertion, and deletion operations that have to be performed to convert the
generated sentence into the reference sentence. For two sentences eI

1 and ẽĨ
1,

the Levenshtein alignment is denoted by L(eI
1, ẽ

Ĩ
1); for a word ei, the Leven-

shtein aligned word in ẽĨ
1 is denoted by Li(eI

1, ẽ
Ĩ
1) for i = 1, . . . , I.

In order to keep the presentation simple, we only consider substitutions and
deletions of words in eI

1 and omit insertions in ẽĨ
1. The error measure is

defined by

L[eI
1, ẽ

Ĩ
1] =

I∑

i=1

[
1− δ(ei,Li(eI

1, ẽ
Ĩ
1))

]
.

This yields the posterior risk

R(I, eI
1|fJ

1 ) =
∑

Ĩ,ẽĨ
1

Pr(Ĩ , ẽĨ
1|fJ

1 ) ·
I∑

i=1

[
1− δ(ei,Li(eI

1, ẽ
Ĩ
1))

]

=
I∑

i=1


1−

∑

Ĩ,ẽĨ
1:Li(eI

1,ẽĨ
1)=ei

Pr(Ĩ , ẽĨ
1|fJ

1 )


 .

In Section 3.2 we will see that this is related to the word posterior prob-
abilities introduced in [15]. The Bayes decision rule for minimum WER is
obtained by minimizing the risk.

– PER (position independent word error rate): A shortcoming of the WER
is the fact that it does not allow for movement of words or blocks. The word
order of two target sentences can be different even though they are both
correct translations. In order to overcome this problem, the position inde-
pendent word error rate compares the words in the two sentences without
taking the word order into account. Words that have no matching coun-
terparts are counted as substitution errors, missing words are deletion and
additional words are insertion errors. The PER is always lower than or equal
to the WER.
To obtain a closed-form solution of the PER, we consider for each word
e = 1 . . . E in the target vocabulary the number ne of occurrences in sentence

eI
1, i.e. ne =

I∑
i=1

δ(ei, e). The number of occurrences of word e in sentence ẽĨ
1

is denoted by ñe, respectively. The error can then be expressed as

L[eI
1, ẽ

Ĩ
1] = max(I, Ĩ)−

∑
e

min(ne, ñe) .



Thus, the error measure depends only on the two sets of counts nE
1 :=

n1 . . . ne . . . nE and ñE
1 := ñ1 . . . ñe . . . ñE . The integration of this error mea-

sure into the posterior risk yields [16]

R(nE
1 |fJ

1 ) =
1
2

∑
e

∑

ñe

|ne − ñe| · Pre(ñe|fJ
1 ) +

1
2

∑

Ĩ

|I − Ĩ| · Pr(Ĩ|fJ
1 ) (2)

where Pre(ne|fJ
1 ) is the posterior probability of the count ne of word e.

3 Confidence Measures for Machine Translation

3.1 Introduction

In many applications of machine translation, a method for labeling the generated
words as either correct or incorrect is needed. To this purpose, each word in
the generated target sentence is assigned a so-called confidence measure. This
confidence measure can be used e.g. in interactive systems to report possible
errors to the user or to propose translations only when they are likely to be
correct.
Confidence measures have been extensively studied for speech recognition, but
are not well known in other areas. Only recently have researchers started to
investigate confidence measures for machine translation [1, 2, 5, 15].
We apply word confidence measures in MT as follows: For a given translation
produced by an MT system, we calculate the confidence of each generated word
and compare it to a threshold. All words whose confidence is above this threshold
are tagged as correct and all others are tagged as incorrect translations. As stated
before, this approach is related to the minimization of the expected number of
word errors instead of sentence errors.
In this section, we will shortly review some of the word confidence measures
that have proven most effective, and show their connection with the Bayes risk
as derived in Section 2.1. In addition, we will introduce new confidence measures
and give an experimental comparison of the different methods.

3.2 Word Posterior Probabilities

In [15], different variants of word posterior probabilities which are applied as
word confidence measures are proposed. We study three types of confidence
measures:

Target position: One of the approaches to word posterior probabilities pre-
sented in [15] can be stated as follows: the posterior probability pi(e|fJ

1 , Î, êÎ
1\ êi)

expresses the probability that the target word e occurs in position i (given the
other words in the target sentence êÎ

1 \ êi). In Section 2.3, we saw that the (mod-
ified) word error measure WER directly leads to this word posterior probability.
Thus, we study this word confidence measure here.



The word posterior probability can be calculated over an N -best list of alterna-
tive translations that is generated by an SMT system. We determine all sentences
that contain the word e in position i (or a target position Levenshtein aligned
to i) and sum their probabilities, i.e.

pi(e|fJ
1 , Î, êÎ

1 \ êi) =
pi(e, fJ

1 , Î, êÎ
1 \ êi)∑

e′
pi(e′, fJ

1 , Î, êÎ
1 \ êi)

,

where pi(e, fJ
1 , Î, êÎ

1 \ êi) =
∑

Ĩ,ẽĨ
1:Li(êÎ

1,ẽĨ
1)=e

p(Ĩ , ẽĨ
1, f

J
1 ) . (3)

This probability depends on the target words êÎ
1 \ êi in the generated string,

because it is based on the Levenshtein alignment Li(êÎ
1, ẽ

Ĩ
1).

Average target position: Due to the reordering of words which takes place
in translation, the same target word may appear in different positions in the
generated translations. The word posterior probabilities based on target posi-
tions presented above partially compensate for this effect by determining the
Levenshtein alignment over the N -best list. Nevertheless, this cannot handle all
reordering within the sentence that may occur. Therefore, we also introduce a
new version of word posterior probabilities that determines the average over all
posterior probabilities based on target positions:

pavg(e|fJ
1 ) =

pavg(e, fJ
1 )∑

e′
pavg(e′, fJ

1 )
, pavg(e, fJ

1 ) =
1
I∗

∑

Ĩ≥i, ẽĨ
1:ẽi=e

p(Ĩ , ẽĨ
1, f

J
1 ) (4)

where I∗ is the maximum of all generated sentence lengths. The idea is to deter-
mine the probability of word e occurring in a generated sentence at all - without
regarding a fixed target position. Note that here no Levenshtein alignment is
performed, because the variation in sentence positions is accounted for through
the computation of the arithmetic mean.

Word count: In addition to the word posterior probabilities described above,
we also implemented a new variant that can be derived from Eq. 2 (Sec. 2.3),
taking the counts of the words in the generated sentence into account, i.e. we
determine the probability of target word e occurring in the sentence ne times:

pe(ne|fJ
1 ) =

pe(ne, f
J
1 )∑

n′e

pe(n
′
e, f

J
1 )

,

where pe(ne, f
J
1 ) =

∑

ñE
1 :ñe=ne

p(ñE
1 , fJ

1 ) =
∑

Ĩ,ẽĨ
1:ñe=ne

p(Ĩ , ẽĨ
1, f

J
1 ) . (5)



Implementation: As already stated above, the word posterior probabilities
can be calculated over N -best lists generated by an SMT system. Thus, the sum
over all possible target sentences ẽĨ

1 is carried out over the alternatives contained
in the N -best list. If the list is long enough, this approximation is not harmful.
In our experiments, we used 1,000-best lists.1

Since the true probability distribution Pr(I, eI
1, f

J
1 ) is unknown, we replace

it by a model distribution p(I, eI
1, f

J
1 ). This model distribution is the one from

the SMT baseline system (see Section 4.2).

3.3 IBM-1

We implemented another type of confidence measure that determines the trans-
lation probability of the target word e averaged over the source sentence words
according to Model 1 introduced by IBM in [3]. We determine the probability
according to the formula2

pIBM−1(e|fJ
1 ) =

pIBM−1(e, fJ
1 )∑

e′
pIBM−1(e′, fJ

1 )
, pIBM−1(e, fJ

1 ) =
1

J + 1

J∑

j=0

p(e|fj) (6)

where f0 is the ’empty’ source word [3]. The probabilities p(e|fj) are word based
lexicon probabilities, i.e. they express the probability that e is a translation of
the source word fj .

Investigations on the use of the IBM-1 model for word confidence measures
showed promising results [1, 2]. Thus, we apply this method here in order to
compare it to the other types of confidence measures.

4 Results

4.1 Task and Corpus

The experiments are performed on a French-English corpus consisting of tech-
nical manuals of devices such as printers. This corpus is compiled within the
European project TransType2 [13] which aims at developing computer aided
MT systems that apply statistical techniques. For the corpus statistics see Ta-
ble 1.

1 In the area of speech recognition, much shorter lists are used [7]. The justification is
that the probabilities of the hypotheses which are lower in the list are so small that
they do not have any effect on the calculation of the word posterior probabilities.
Nevertheless, we use longer N -best lists here to be on the safe side.

2 Note that this probability is different from the one calculated in [1]; it is normalized
over all target words e′. Nevertheless, both measures perform similarly well.



Table 1. Statistics of the training, development and test set.

French English

Training Sentences 52 844
Words + Punctuation Marks 691 983 633 770

Vocabulary Size 14 831 13 201
Singletons 4 257 3 592

Develop Sentences 994
Words 11 731 10 903

Test Sentences 984
Words 11 800 11 177

4.2 Experimental Setting

As basis for our experiments, we created 1,000-best lists of alternative trans-
lations using a state-of-the-art SMT system. The system we applied is the so-
called alignment template system as described in [12]. The key elements of this
approach are pairs of source and target language phrases together with an align-
ment between the words within the phrases.
This system – like virtually all state-of-the-art SMT systems – applies the Bayes
decision rule in Eq. 1, i.e. it takes the decision based on sentence error.

4.3 Word Error Measures

It is not intuitively clear how to classify words in MT output as correct or
incorrect when comparing the translation to one or several references. In the
experiments presented here, we applied WER and PER for determining which
words in a translation hypothesis are correct. Thus, we can study the effect of
the word posterior probabilities derived from the error measures in Section 2.3
on the error measures they are derived from.

These error measures behave significantly different with regard to the per-
centage of words that are labeled as correct. WER is more pessimistic than PER
and labels 58% of the words in the develop and test corpus as correct, whereas
PER labels 66% as correct.

4.4 Evaluation Metrics

After computing the confidence measure, each generated word is tagged as ei-
ther correct or false, depending on whether its confidence exceeds the tagging
threshold that has been optimized on the development set beforehand. The per-
formance of the confidence measure is evaluated using three different metrics:

– CAR (Confidence Accuracy Rate): The CAR is defined as the number of
correctly assigned tags divided by the total number of generated words in the
translation. The baseline CAR is given by the number of correct words in the



generated translation, divided by the number of generated words. The CAR
strongly depends on the tagging threshold. Therefore, the tagging threshold
is adjusted on a development corpus distinct from the test set.

– ROC (Receiver Operating Characteristic curve) [4]: The ROC curve plots
the correct rejection rate versus correct acceptance rate for different values of
the tagging threshold. The correct rejection rate is the number of incorrectly
translated words that have been tagged as wrong, divided by the total num-
ber of incorrectly translated words. The correct acceptance rate is the ratio
of correctly translated words that have been tagged as correct. These two
rates depend on each other: If one of them is restricted by a lower bound, the
other one cannot be restricted. The further the ROC curve lies away from
the diagonal, the better the performance of the confidence measure.

– AROC (Area under ROC curve): This value specifies twice the size of the
area between the ROC curve and the diagonal; it ranges from 0 to 1. The
higher this value, the better the confidence measure discriminates.

4.5 Experimental Results

We studied the performance of the word confidence measures described in Sec-
tions 3.2 and 3.3. The results are given in Tables 2 and 3. For both the word
error measure PER as well as WER, the best performance in terms of CAR is
achieved by the IBM-1 based word confidence measure.

Table 2. CAR [%] and AROC [%] on the test corpus. The error counting is based on
PER (see Sec. 4.3).

CAR AROC

Baseline 64.4 -

averaged target position (Eq. 4) 64.8 6.6

target position (Eq. 3) 67.2 28.3

word counts (Eq. 5) 68.1 29.8

IBM-1 (Eq. 6) 71.6 21.5

When comparing the CAR for the word posterior probabilities given in
Eqs. 3,4,5 and the IBM-1 based confidence measure, it is surprising that the
latter performs significantly better (with regard to both word error measures
WER and PER). The IBM-1 model is a very simple translation model which
does not produce high quality translations when applied in translation. Thus it
was interesting to see that it discriminates so well between good and bad trans-
lations. Moreover, this method relies only on one target hypothesis (and the
source sentence), whereas the word posterior probabilities take the whole space
of possible translations (represented by the N -best list) into account.
In contrast to the good performance in CAR, the IBM-1 based confidence mea-
sure yields a much lower AROC value than two of the other measures. Looking



Table 3. CAR [%] and AROC [%] on the test corpus. The error counting is based on
WER (see Sec. 4.3).

CAR AROC

Baseline 55.9 -

averaged target position (Eq. 4) 59.3 9.1

target position (Eq. 3) 64.1 26.4

word counts (Eq. 5) 62.0 20.8

IBM-1 (Eq. 6) 66.3 18.7

at the ROC curve3 in Figure 2 we find the reason for this: there is a small area
on the left part of the curve where the IBM-1 model based confidence measure
actually discriminates better than all of the other confidence measures. Nev-
ertheless, the overall performance of the word posterior probabilities based on
target positions and of those based on the word count are better than that of
the IBM-1 based confidence measure.
We assume that the better performance of the IBM-1 based confidence measure
is due to the fact that the involved lexicon probabilities do not depend on the
specific N -best lists, but on a translation model that is trained on the whole
training corpus. Thus, they are more exact and do not rely on an approximation
as introduced by the Levenshtein alignment (cf. Eq. 3). Moreover, the tagging
threshold can be estimated very reliably, because it will be the same for the
develop and the test corpus. In order to verify this assumption, we analyzed the
CAR on the develop corpus. This is used for the optimization of the tagging
threshold. Thus, if the other measures indeed discriminate as well as or better
than the IBM-1 based confidence measure, their CAR should be higher for the
optimized threshold. Table 4 presents these experiments. We see that indeed the
word posterior probabilities based on target positions and those based on word
counts have a high accuracy rate and show a performance similar to (or better
than) that of the IBM-1 based confidence measure.

Table 4. Comparative experiment: CAR [%] on the develop set (threshold optimized).
Results for error counting based on PER and WER (see Sec. 4.3).

word error measure
WER PER

Baseline 60.5 67.1

averaged target position (Eq. 4) 62.1 67.5

word counts (Eq. 5) 67.3 72.1

target position (Eq. 3) 69.0 71.3

IBM-1 (Eq. 6) 67.8 72.5

3 We only present the ROC curve for the word error measure PER here. The curve
for WER looks very similar.
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Fig. 2. ROC curve on the test set. The error counting is based on PER (see Sec. 4.3).

5 Outlook

We saw in the derivation from Bayes risk that word posterior probabilities are
closely related to word error rate minimization. Moreover, we found that they
show a state-of-the-art performance as confidence measures on the word level.
Therefore, we plan to apply them directly in the machine translation process
and study their impact on translation quality. One possible approach would be
to combine them with the sentence error based decision rule that is widely used
for rescoring N -best lists.

6 Conclusion

In this work, we have taken first steps towards studying the relationship be-
tween Bayes decision rule and confidence measures. We have presented two forms
of Bayes decision rule for statistical machine translation: the well-known and
widely-applied rule for minimizing sentence error, and one novel approach that
aims at minimizing word error. We have investigated the relation between two
different word error measures and word confidence measures for SMT that can
be directly derived from Bayes risk.
This approach lead to a theoretical motivation for the target position based
confidence measures as proposed in [15]. In addition, we derived new confidence
measures that reduced the baseline error in discriminating between correct and
incorrect words in MT output by a quarter. Other studies report similar reduc-
tions for Chinese–English translation [1, 2].
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