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Abstract
Confidence Measures (CMs) can be used to estimate the relia-
bility of the words of a hypothesis generated by a machine trans-
lation system. In the Interactive-Predictive Machine Translation
(IPMT) paradigm, they are used to determine which words of
the generated predictions need to be corrected, reducing the to-
tal number of words typed by the user. The CMs used must be
fast enough in order to not affect the interaction between the
user and the machine negatively. In this paper, we present sev-
eral fast CMs for Interactive-Predictive Neural Machine Trans-
lation: IBM Model 1 and 2, Fast Align and Hidden Markov
Model. These estimators let the system to achieve a reduction
in the number of words typed by getting less-quality transla-
tions. The experiments done proved that these CMs are fast
enough to use them in an IPMT system, and obtained a high
relative reduction on the number of words corrected while get-
ting good-quality translations.
Index Terms: confidence measure, neural machine translation,
interactive machine translation, interactive predictive machine
translation

1. Introduction
Although the quality of the translations generated by Machine
Translation (MT) systems has highly improved in recent years
with the apparition of the Neural Models, the MT systems are
not able to generate error-free translations yet. The Interactive-
Predictive Machine Translation (IPMT) field uses human ex-
perts to translate interactively with the system the sentences
provided, where the machine guarantees high-efficiency and the
human the quality of the translations. There are a large variety
of approaches that reduce the effort done in the process, one of
them is the use of Confidence Measures (CMs).

CMs provide a correctness estimation for each word of a
hypothesis. The system uses this information to classify the
words as correct if their confidence is above a threshold. The
words classified as correct do not need to be checked by the
user or corrected, reducing the number of words typed as well
the time that the user spends on reading and deciding whether
to accept a prediction.

Not all the CMs approaches are adequate for the IPMT
paradigm, some of them use large numbers of features, or use
the N-best translations for its calculation. In this field, we want
to obtain the estimation value as accurate and quick as possible
in order to not interrupt the translation process.

2. Related Work
Confidence Estimation has been extensively studied in the
Speech Recognition field [1] and opened to MT in the last
decade. Blatz et al. (2004) [2] introduced various methods to
determine the correctness of the translations based on Statisti-
cal Machine Translation (SMT) model and target language fea-
tures, translation tables and word posterior probabilities. A new

method to measure confidence measures is presented by Bach
et al. (2011) [3] with a representation of how to visualize the
confidence estimations in a post-editing framework.

Recently, these measures have been implemented in IPMT
systems [4]. The works presented by González et al. (2010)
[5, 6] in a Interactive-Predictive Statistical Machine Translation
(IPSMT) system use these confidences based on IBM Model 1
to reduce the number of words to correct by the user, only
checking the words with a confidence estimation lower than the
threshold set. The workbench CasMaCat [7] shows the CMs
to the user using different colours and only displays the predic-
tions up to the first word classified as incorrect.

In this work, we have implemented in an Interactive-
Predictive Neural Machine Translation (IPNMT) system four
different CMs at word level with the aim of reducing the num-
ber of words that the user has to check risking the less quality
as possible.

3. Confidence Measures
We have studied different CMs which main features can be pre-
trained and saved in data matrixes. The system only has to ac-
cess the matrixes to obtain the confidence estimation, getting
the values very fast during the search, which is crucial to do not
interrupt the user-machine interaction. The features used are
based on the translation probability of the target word and its
alignment probability.

The project has focused on the use of computationally ef-
ficient CMs over getting high-quality confidence estimations of
the words.

3.1. IBM Model 1

The first CM is based on the IBM Model 1 [8], similar to the
one described in Blatz et al. 2004 [2]. As performed in related
works [5, 6], we modified this CM by replacing the average with
the maximal lexicon probability for its dominance over it [9].
Having the sequence eI1 = e1, ..., eI from the target language,
and the sequence fJ1 = f1, ..., fJ from the source langugae, the
confidence value of the word ei can be calculated as follows:

c(ei) = max
0≤j≤J

p(ei | fj) (1)

where p(ei | fj) is the lexicon probability obtained from the
IBM Model 1, and f0 is the empty source word.

3.2. IBM Model 2

The second CM is based on the IBM Model 2 [8] and extends
the previous CM by adding the alignment probabilities. This ex-
tra information lets the system take cognizance of where words
appear in either string. The confidence value of the word ei,
which is positioned at i in the target sequence, can be calcu-
lated as follows:
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c(ei) = max
0≤j≤J

p(ei | fj) p(ai = j | i, J, I) (2)

where ai is the alignment position from the source sequence
corresponding to position i from target, p(ai| i, I, J) is the
alignment probability obtained from the IBM Model 2, and
ai = 0 represents the empty source word.

3.3. Fast Align

The third CM that we have studied is based in Fast Align [10],
which appeared as a simpler and faster reparameterization of
the IBM Model 2, and presents a different method to calculate
the alignment probability of the confidence estimation. In the
previous model, we have to compute the alignment probability
of each position of the target sentence, alignment and sentence
length. In Fast Align this probability is based on favour the
alignment points close to the diagonal, and just need to train
two parameters, the null alignment probability p0 and a preci-
sion λ ≥ 0 which controls how strongly the model favours the
alignment points near the diagonal. The alignment probability
can be calculated as follows:

p(ai=j | i, J, I) =





p0 ai = 0

(1− p0)× eλh(ai,i,J,I)

Zλ(i,J,I)
0 < ai ≤ n

0 otherwise
(3)

where h(ai, i, J, I) can be computed as follows:

h(ai, i, J, I) = −
∣∣∣∣
i

I
− ai
J

∣∣∣∣ (4)

the normalization Zλterm is computed as follows:

Zλ(i, J, I) =
n∑

j′=1

expλh(j′, i, J, I) (5)

In their paper [10], Dyer et al. (2013) described in detail
how to reduce the time complexity of the method to 1, dras-
tically reducing computing time and obtaining the same time
complexity that we had with the previous methods where we
only had to get the value from a matrix.

3.4. Hidden Markov Model

The last CM is based in HMM [11], which differs from the pre-
vious CMs by taking a different approach to obtain the align-
ment probabilities. HMM does not take in count the position of
the target word, its alignment probability is calculated from the
alignment positions on the source sentence of a target word and
the previous one, more specifically it depends only on the jump
width (ai − ai−1). The confidence value can be calculated as
follows:

c(ei) = max
0≤j≤J

p(ei | fj) p(ai=j| ai−1, J) (6)

where p(ai= j| ai−1, J) is the alignment probability obtained
from HMM that can also be represented as p(j|j′, J). To ob-
tain the confidence value of a target word the method requires
to calculate the optimal alignment of the previous word. This
requires to use dynamic programming as follows:

âi−1 = arg max
1≤ai−1≤J

p(ai|ai−1, J)Q(i− 1, ai−1) (7)

where Q(i, j) is a sort of partial probability that we can calcu-
late recursively using the following formula:

Q(i, j) = p(ei|fj) max
1≤j′≤J

[
p(j|j′, J) Q(i− 1, j′)

]
(8)

To calculate it efficiently, we need to save in memory all the
partial probabilities of the previous target positions. This infor-
mation is used recursively for each partial probability, so we are
saving computation time by keeping it on memory.

4. Experimental Setup
4.1. System Evaluation

As explained previously, CMs are a classifying task where we
want to tag the words of the hypothesis generated by the system
as correct or incorrect, depending on its confidence value and
the threshold used to decide correctness. The metrics used to
evaluate the CMs, Classification Error Rate (CER) and Receiver
Operating Characteristic (ROC), capture the discriminability of
the classification function across the range of all thresholds
used. We are also going to report the mean execution time of
the confidence measures in milliseconds.

The ground truth of the words classified by the models is
obtained from the reference translations of the parallel corpus.
We consider a word as correct if it occurs in the same position
as the reference translation. As we are highly restricting the
number of words that could be classified as correct the metrics
obtained are pessimistic.

The CER [5] is computed as the proportion of words that
our CM has classified incorrectly given a threshold value. The
area under the ROC curves [12], called IROC, gives us a global
indication of the CM discriminability. These curves show the
plot correct-reject ratio (true correct / n0) vs correct-accept ra-
tio (true incorrect / n1) for different thresholds, where n0 and
n1 are the total number of correct and incorrect words of the
ground truth. The ROC curve lies in the unit square, the di-
agonal corresponding to the random choice and the edges to a
perfect classification.

To evaluate the improvement of the IPNMT system with the
CM implementation, we compare the improvement on BiLin-
gual Evaluation Understudy (BLEU) with the reduction of
Word Stroke Ratio (WSR) [13]. BLEU computes a geomet-
ric mean of the precision of n-grams multiplied by a factor to
penalise short sentences. WSR is computed as the proportion
of words that the user needs to correct to generate the reference
translation.

4.2. Corpora

All experiments have been carried out on the Spanish-English
language pair of the EU corpus. The corpus was cleaned, lower-
cased and tokenized using the scripts included in the toolkit
Moses [14]. We applied the subword subdivision BPE, de-
scribed in Sennrich et al. [15], with a maximum of 32000
merges.

The EU corpus [16] is formed from the Bulletin of the Euro-
pean Union, which exists in all official languages and is publicly
available on the internet.

4.3. Experimental Setup

First of all, we built our Neural Machine Translation (NMT)
models using NMT-Keras [17]. We used an encoder-decoder
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Table 1: Statistics of the Spanish-English EU corpus. K and M
stands for thousands and millions respectively.

Es-En
Tr

ai
ni

ng
Sentences 214K
Average Length 27 24
Running Words 6M 5M
Vocabulary 84K 69K

D
ev

. Sentences 400
Average Length 29 25
Running Words 12K 10K

Te
st Sentences 800

Average Length 28 25
Running Words 23K 20K

architecture with attention model [18] and LSTM cells [19].
The dimensions of encoder, decoder, attention model and word
embedding were set to 512. We used a single hidden layer of
encoder and decoder. The learning algorithm used for the NMT
system was Adam [20], with a learning rate of 0.0002. We
clipped the L2 norm of the gradient to 5. The batch size was
set to 50 and the beam size to 6.

Secondly, we built our Confidence Measures Models. We
use the toolkit GIZA++ [21] to train the IBM Model 1 and 2;
and the HMM Model. To built the Fast Align Model we used
the scripts developed in Dyer et al. (2013) [10].

4.4. Confidence Measures Evaluation Results

We carried out experimentation intended to study the perfor-
mance of the CM on an IPNMT system. First of all, we carried
out an IPMT session that we used to produce a corpus of words
tagged as correct or incorrect. These words are compared with
the references to classify them correctly and use them as the
ground truth to calculate the CER and ROC.

Figure 1 displays the CER evolution through different
threshold values for each one of the CMs used. The three mod-
els that used an alignment probability for their confidence cal-
culation have similar behaviour. The IBM Model 2 obtained the
best CER score, 0.24 for a threshold value of 0.125.

Figure 2 compares the ROC curves of the CMs used, the di-
agonal shows the random choice curve. This time the behaviour
of the IBM Model 2 and Fast Align are very similar related,
though Fast Align is some points lower. At the same time, the
IBM Model 1 behaves like HMM.

Table 2 shows the performance of the confidence mea-
sures in terms of CER and IROC. The baseline is a classifier
which tags all the words as the most frequent class, CERb =
min(n0, n1)/n. The values of CER displayed are based on
threshold optimized on the validation set. All the CMs obtain a
relative improvement over the baseline CER of more than 7%.
The best CM is the model based on the IBM Model 2 that gets
a relative improvement over the baseline CER of 20%.

All the CMs obtained an execution time lower than 100 mil-
liseconds, a threshold set by Nielsen (1994) [22] that marks the
limit for having the user feel that the system is reacting instan-
taneously. This makes the confidence measures optimal for an
IPMT system and do not break the human-machine interaction.

4.5. User Simulated IPNMT Results

In the previous section, we have studied the discriminability of
the different confidence measures across the range of all thresh-
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Figure 1: CER for IBM Model 1, IBM Model 2, Fast Align and
HMM across the range of all thresholds used.
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Figure 2: ROC curves for IBM Model 1, IBM Model 2, Fast
Align and HMM.

olds used. We have integrated these confidence measures in an
IPNMT system to study the trade-off between the effort that the
translator needs to do and the final quality of the translations.

For the user simulation, we only check and correct those
words that have a confidence estimation under the threshold
value. The words are compared with the ones that have the same
position on the reference sentence and are corrected if they are
different. We correct the words typing the ones that appear on
the reference without taking in count the context.

In this section, we present a range of experiments using
different thresholds values from 0.0 where the system behaves
as an unsupervised NMT system, to 1.0 where the user has
to check and correct all the words as an IPNMT system. For
each threshold used, we compare the user effort using the met-
ric WSR, and the quality of the sentences with BLEU.

Figure 3 shows the WSR and BLEU scores for all the
CM used across the transition between an unsupervised NMT
system with a 0.0 threshold and the conventional IPNMT
system with a 1.0 threshold. As we raise the threshold more
words are tagged as incorrect increasing the number words that
the user has to check and correct, which improves the quality
of the translations. Although IBM Model 1 and HMM obtained
the lowers IROC values, they present more gradual transitions
that let us have a larger range of useful thresholds values to use.
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Figure 3: BLEU translation scores versus WSR across the range of all thresholds used.

Table 2: CER[%], IROC and execution time (ms) of the Confi-
dences Measures on the test set.

Confidence Measure CER IROC ms
baseline 30.0 - -
IBM Model 1 26.5 0.713 3.41
IBM Model 2 23.9 0.791 4.24
Fast Align 27.8 0.752 4.32
HMM 26.5 0.714 8.93

We can compare the relative WSR reduction obtained for
each CM while getting similar quality translations. For this
purpose, we compare the relative WSR reductions of the ex-
periment samples with BLEU scores closer to 0.70. The higher
relative reduction is obtained by Fast Align with a relative re-
duction of 19.5%. IBM Model 1, IBM Model 2 and HMM ob-
tained 6.6%, 12.6% and 11.3% respectively.

5. Conclusions and Future Work
5.1. Conclusions

In this paper, we have proposed four different CMs that can
be computed very fast while obtaining a good discriminability
evaluation, which makes them a perfect option to implement
into IPMT systems. We compared the CM using the CER and
IROC metrics. The CM based on IBM Model 2 obtained the
best results in both metrics.

We have tested the confidence measures in an IPNMT sys-

tem, comparing the effort that the user has to do for each thresh-
old value used with the quality of the translations obtained.
Around 0.70 of BLEU score Fast Align obtained the best WSR
reduction, almost 20%.

5.2. Future Work

The word confidence measures obtained can be combined to
compute a sentence correctness value. As future work, we plan
to investigate different methods to combine them and compare
the effort reduction.

Also, we will try in future work to use more complex CMs
with higher computational time, like neural models, and try to
use them in IPMT systems.

In the experiments that we have performed, we simulated
the user interaction and used for the evaluation of very pes-
simistic ground truth. We need to compare our results with
those obtained with real translators that will take into account
different possible translations in the correction process.
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