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Camı́ de Vera s/n, 46018 València, Spain
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1 Introduction

During M13-M24, the progress in the WP4 about Intelligent Interaction can be summarized
as follows.

Concerning the Constrained Search (CS) task, in the case of ASR (i.e. transcription),
we extended the approaches developed during the first year in the following directions. The
first approach based on constraining individual words of the transcribed sentence was extended
toward constraining phrases. The second approach based on constraining a prefix of the tran-
scription was extended towards constraining infixes by breaking down the search into multiple
prefix-constrained searches. Experiments were conducted to evaluate these extensions in both
approaches. In the case of the first approach, evaluated on the poliMedia corpus, the improve-
ments already observed when using CS for single words were not significantly strengthened by
using phrases. In the case of the prefix-based approach, which was applied for the first time
to the VideoLectures.NET corpus, improvements from CS were observed with several different
selection criteria for directing user supervision.

Constrained search was also applied to the case of translation. In this context, on top of
options for constraining the translation to employ certain specific words already developed in
the first year, an option was added to allow the user to specify certain source-target phrase
pairs in order to guide the translation process. This option was evaluated in particular for the
case of unknown source words, and was shown to lead to significant improvements in terms of
TER and (to a lesser extent) BLEU score.

Relative to the Intelligent Interaction for Transcription task, progress was made on
the following aspects. First, a new experimental setup was developed in order to better fit
the transLectures application. In this setup, the videos to be transcribed are divided into
several consecutive blocks; the first block is automatically transcribed using ASR, is partially
supervised, and then the resulting partially corrected transcriptions are used to adapt the ASR
system; the process is then repeated on the second block, using the adapted system obtained
from the first block, and so on for the remaining blocks. Two types of scenarios are compared, a
Batch Interaction scenario (BI) in which the available supervision resources are simply applied
sequentially to the transcribed sentences according to their order in the videos, and an Intelligent
Interaction scenario, where these resources are applied according to a confidence measure which
attempts to select the transcriptions most requiring supervision. Experiments show that II
significantly outperforms BI. This is due in part to a new, more efficient Confidence Estimation
technique based on a Naive Bayes classifier. Experiments are conducted on several dimensions:
the type of supervision unit chosen (words, phrases, or sentences), the type of constrained search
employed (word-based vs. phrase-based), as well as a comparison between different versions of
confidence estimation.

Moving now to the Intelligent Interaction for Translation task, a new experimental
setup was also developed during the period, broadly similar to the one just described in the
Transcription context. As in the transcription case, Batch Interaction was experimentally com-
pared to Intelligent Interaction (similar definitions to the transcription case), however with less
significant improvements so far in the context of translation. We conducted a deep analysis
of II when sentence-level interaction units were chosen, and we extended II to use individual
words as interaction units. We also experimented with several confidence measures at the word
level. While the results of II are not yet as encouraging as those for transcription, which may
be due in part to the fact that the user supervisions were simulated on the basis of reference
translations and not actual human actions, the conducted experiments point to the value of
supervision units smaller than a sentence, and we plan to pursue this direction in the next
period.
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Finally, concerning the Incremental Training for Translation task, we focused during
the M13-M24 period on an approach consisting in“quick-update” short-cycles updates based on
“mini-batches” of new supervised translations. We performed alignment and phrase-extraction
from the mini-batches and combined the resulting phrase-tables with the tables obtained by
slower long-cycles updates based on batch-training. Different configurations were evaluated and
were shown to be superior to an incremental training model based on Incremental-Giza and on
suffix arrays. These techniques make it possible to quickly (e.g. on a daily basis) incorporate
newly supervised translations into the transLectures training workflow while performing a full
retraining of the models with a slower periodicity, perhaps once a week.
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2 Fast Constrained Search

2.1 Constrained Search for Transcription

2.1.1 UPVLC

In D4.1.1 UPVLC proposed a generalized ASR approach to user constraints. Specifically, this
proposal was based on a modification of the usual decoding formulation in ASR to allow user
constraints. Constraints correspond to speech segments which have been supervised by users.
Thus, these constraints are considered as conditions that have to be met in the recomputation
of hypotheses.

Specifically, a constraint is defined as c = (wm1 , b, e, i), where (b,e) are the time boundaries
of the constraint, wm1 are the words supervised by the user, and i = {0, 1} indicates whether
the words wm1 must appear (i = 1 or not i = 0) within the segment from b to e. Constraints
with i = 1 correspond to a supervised segment in which the user has verified that some words
appear in the transcription. Meanwhile, i = 0 constraints correspond to the case in which the
user cannot annotate the words of the given segment, and he only indicates that the recognised
words are incorrect. Summarizing, given a set of constraints C = c1, · · · , cM and an speech
segment xT1 , the most probable transcription ŵN1 is obtained as

xT1 → ŵN1 (xT1 ) = argmax
wN1

{
p(wN1 )p(xT1 |wN1 , C)

}
(1)

which is simplified to

ŵN1 (xT1 ) ≈ argmax
wN1

{[
N∏
n=1

p(wn|wn−11 )

]
· max

sT1

{
T∏
t=1

p(xt|st, wN1 ) · p(st|st−11 , wN1 , C)

}}
(2)

where p(st|st−11 , wN1 , C) is given by

p(st|st−11 , wN1 , C) =


p(st|st−1,wN

1 )∑
s′∈St

p(s′|st−1,wN
1 )

if stβ is compatible with Ct
0 otherwise

(3)

as observed, in this equation, only the acoustic modeling is affected by the constraint.

During the first year of the project, Eq. 1 was implemented in a simplified form by considering
that sequence of words in constraints are not allowed. This means that user constraints could
be defined as c = (w, b, e, i). During M13-M24, Eq. 1 has been implemented in full. This
means that two different implementations of constrained search are available at M24: word-
based or phrase-based constrained search. The main difference between the two approaches
is that constrained search at phrase-level is less restrictive than constrained search at word-
level. This is because word-level constraints include time boundaries for each decoding word
whereas phrase-level constraints include time boundaries only for the first and the last word of
the segment.

Both approaches have been empirically compared within the scenario of intelligent inter-
action for transcription, but minor differences were found between word and phrase level con-
straints in this scenario (details in Section 3). Also, phrase-based constrained search has been
added as a new feature to the TLK toolkit (see D3.2.2 for more details about TLK).
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Table 1: Transcription quality in terms of WER calculated on the VideoLectures.NET eval-
set using single pass recognition. The columns “Random”, “Least Confident” and “Incorrect
longest word” stand for the random, the least confident word and the longest incorrect word
criteria, respectively.

Supervised Words Recognition User Supervision Constrained Search

Random 27.0 25.6 25.8
Least Confident 27.0 22.0 20.8

Incorrect longest word 27.0 19.9 18.5

2.1.2 RWTH

The goal of Task 4.1 of the transLectures project is to develop a fast constrained search system,
allowing the user to transcribe a new corpus online, assisted by a recognition system. The basic
idea is to receive an initial automatic recognition, which is then displayed to the transcriber.
Using an interactive interface, he can correct the recognized text and the search is then repeated
by considering the supervised words. This can be repeated iteratively until the user is satisfied
with the result.

Both UPVLC and RWTH have developed their own system for fast constrained search up
to M12. In the period ending at M24, the RWTH prefix-constrained search implementation
has been extended to allow several user supervisions to improve recognition results. For this
purpose, two extensions have been developed. Firstly, the search can be broken down into
multiple prefix-constrained searches so as to allow prefixes inside a sentence. If it is desired that
a prefix is present somewhere inside a sentence, this sentence is cut at this point and a new
search is started, beginning with the prefix. The result of the search is then joined with the rest
of the sentence, already recognized at an earlier time. Such an infix inside a sentence can have
any arbitrary length down to a single word. This makes it possible for the user to supervise any
word or sequence of the current sentence and repeat the recognition process. Lastly, words that
are not contained in the lexicon can be used in prefixes (or infixes). If a new word occurs, it is
detected automatically, broken down into phonemes using a grapheme-to-phoneme model, and
added to the lexicon. To avoid recalculating the language model, all new words are mapped to
a special unigram.

While the UPVLC system was already evaluated on the poliMedia corpus, RWTH now
repeated the same experiments for the VideoLectures.NET corpus. For the initial recognition
the current best English recognition system of RWTH was used as described in D.3.1.2. The
original system uses a multi-pass approach, which is not applicable to fast constrained search.
Hence, only the first pass was used here leading to a slightly higher word error rate. Furthermore,
all experiments were evaluated on the eval-set of the VideoLectures.NET corpus.

As proposed by UPVLC in D.4.1.1 three different scenarios are considered to simulate the
user input. After performing the initial recognition recognized words are replaced with reference
words from a manual transcription in the following manner: First, words are selected at random.
For the second method, the recognized words with the lowest confidence are replaced. This is
the most realistic approach since the user will most likely correct those words first. Additionally,
this simulates the use case that the system proposes words with the lowest confidence first to be
corrected by a human transcriber. Third, the longest incorrect words, chosen by an oracle, are
replaced. This scenario is unrealistic but is able to show the maximal achievable performance
of the fast constrained search approach.

Table 1 shows the results of the evaluation of all three methods on the VideoLectures.NET
corpus. First, the initial recognition is reported as baseline. Next, the words are replaced by the
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Table 2: Transcription quality in terms of WER calculated on the VideoLectures.NET eval-
set using multi pass recognition. The columns “Random”, “Least Confident” and “Incorrect
longest word” stand for the random, the least confident word and the longest incorrect word
criteria, respectively.

Supervised Words Recognition User Supervision

Random 21.2 20.1
Least Confident 21.2 17.0

Incorrect longest word 21.2 13.8

described approach and the change of the word error rate is measured. In case of random word
choice, the experiments are repeated 10 times to reduce the effect of sampling noise. It can be
observed that user supervision of only 10% of all words leads to considerable lower word error
rates. While the random approach improves the result by 1.5% the choice of least confident
words lowers the error rate by 5% making this a good strategy to propose words to be corrected.
The third method, choosing the longest incorrect words, shows the maximal achievable result
of 19.9%.

Finally, the fast constrained search is performed, leading to a new word error rate. As Table
1 shows, repeating the search with the user-defined constraints further improves the recognition
result by 1.2% for selection based on confidence and 1.4% for the oracle incorrect longest word.

User supervision was also applied to the results of the best multi-pass recognition of RWTH.
As shown in Table 2 the results are similar to the single-pass system. The baseline word error
rate of 21.2% is lowered by 1% using random replacement while choosing least confident words
lowers the error rate by 6%. The best achievable result is 13.8%. Results of fast-constrained
search on the multi-pass system will be included in the next report.

Finally the experiments of RWTH confirm the findings of UPVLC regarding user supervision.
It can be stated that supervising only 10% of the recognized words greatly enhances the result
when using the right strategy, here by choosing the least confident words.

2.2 Constrained Search for Translation

Up until M12, RWTH developed a fast constrained search to deal with two kinds of user input:

• The user inputs an unordered set of words (bag-of-words) to guide the translation process.

• The user inputs an ordered sequence of words to guide the translation process.

Experiments with these types of constraints have revealed problems in their practical appli-
cations. If they are imposed onto the decoder as hard constraints, i.e. no output violating the
constraint is possible, search often fails and no output translation is produced. On the other
hand, if we apply them as soft constraints, i.e. following them is rewarded but not necessary,
they are often ignored by the decoder.

During this period (M13-M24), an additional option has been developed:

• The user specifies source-target pairs of phrases to guide the translation process.
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Table 3: Translation quality on the development set of the German→English VideoLec-
tures.NET task with the application of constrained search. A user effort of 1% is simulated,
and several different selection schemes are compared.

system dev
BLEU[%] TER[%]

baseline 21.2 61.2

sequential annotation 22.2 60.5

random selection 21.5 61.3
+ constrained search 21.4 60.8

confidence measure 21.7 60.7
+ constrained search 21.7 60.7

OOV words 21.7 60.1
+ constrained search 22.3 58.9
+ constrained search across sentences 22.6 58.1

In the first two scenarios, the information provided by the user is limited to the target
language. In contrast, the third option allows the user to provide partial translations along with
the corresponding source word sequences. This way the decoder can link the target translations
to their corresponding source sequences and make more focused use of the user input. Also, it
can be applied more easily in practice.

The implementation in the phrase-based decoder of RWTH’s open source toolkit Jane [28]
is very simple. The source-target pairs specified by the user are added on-the-fly the phrase
table of the phrase-based decoder and they are given cheap, fixed costs so that they will be
preferred over competing translation options.

To evaluate this method, RWTH ran preliminary experiments with a simulated user effort
of 1% on the development set of the English→German VideoLectures.NET task. For scenarios
are considered:

• sequential correction

• random selection

• confidence measure

• OOV words only

The first scenario is simply having the user start at the beginning of the data set and
stopping after 1% of the words have been corrected. Here, constrained search is not applicable.
For comparison, also a random selection of 1% of the words is tested. Next, we apply the
combined phrase costs as a simple confidence measure. The phrases with the least confidence
are selected for correction. Finally, we limit the user effort to correcting out-of-vocabulary
(OOV) words, which are usually left untranslated by the decoder. The final setup is motivated
as follows. Words unknown to the translation engine usually remain untranslated and therefore
have a strong negative impact on the perceived quality of the translation. Furthermore, in the
domain of video lectures, they are often technical terms that are repeated multiple times in a
single lecture. Therefore, once a user has provided the translation of a technical term, it can be
used by the translation engine to correct all of its other occurrences. As an additional benefit,
users can directly observe the positive impact of their work, which may serve as an incentive
for them to continue working as collaborative users.
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The results in Table 3 show, that it is very hard to beat sequential annotation, which
improves the baseline by 1.0% BLEU and 0.7% TER. Neither the random selection nor the
confidence measure selection schemes give competitive results, and constrained search has little
effect in these cases. Selecting OOV words for user correction seems to be more promising.
With the application of constrained search, and by re-using the user corrections across the
whole development set, rather than limiting their effect to the current sentence, we reach an
improvement of 0.4% BLEU and 2.4% TER over sequential annotation.

The small improvements in BLEU can be explained by the nature of this quality measure.
Except for a length penalty, BLEU is only the geometric mean of n-gram precisions for n =
1, . . . , 4. Sequential annotation will invariably improve all four n-gram precisions. However,
selecting non-sequential words for correction will in most cases only affect the 1-gram precision,
which has a much smaller impact on the overall BLEU score. Therefore, TER is the more
suitable measure for this kind of user interaction.
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3 Intelligent Interaction for Transcription

In the transLectures project, the process of automatically recognizing VideoLectures.NET and
poliMedia is expected to be improved by collaborative users. Given that user supervisions are
limited and time-consuming, the transLectures project places special emphasis on intelligent
interaction between the user and the system. This intelligent interaction is aimed at efficiently
managing user effort in order to maximize improvement to transcription quality. The complete
set of transcriptions is not intended to ever be fully reviewed since only sporadic user supervision
is expected.

3.1 Intelligent interaction approach

In the M1-M12 period, the UPVLC developed a novel approach for the efficient transcription
of video lectures based on limited user effort (a full description of this approach can be found
in D4.1.1). Briefly, this approach involved the interactive transcription of a document using
an ASR system built from scratch. Before the interactive transcription stage, users had to
fully transcribe some documents in order to train the initial ASR system. However, this was
unrealistic within the transLectures context because a competitive ASR system was already
developed in WP3. In order to address this gap, the UPVLC has proposed a new approach for
intelligent interaction (II), similar to that proposed in M12, but which assumes that there exists
an initial ASR system. For the sake of clarity, we will describe this new approach making use
of the process illustrated in Figure 1.

Let us assume that a set of new video lectures recorded by different speakers needs to
be transcribed. Figure 1(a) depicts this situation where there are 23 videos from 5 different
speakers (this corresponds exactly with the distribution of videos in the poliMedia test set
defined in Task 6.1). These videos are split into 5 blocks of similar duration (blocks in the
figures are represented in columns). It must be noted that the organization of the videos into
blocks responds to adaptation purposes, since models are retrained after the supervision of
each block is carried out. For this reason, the number and size of the blocks is an aspect that
must be decided on in order to maximize performance of adaptation techniques. Also, video
lectures from one speaker must be distributed sequentially along the blocks to ensure optimal
performance of adaptation techniques. The organization of videos adopted in Fig. 1 corresponds
exactly to the distribution used in experiments of this task but it is worth mentioning that other
different organizations could have been used.

Secondly (Fig. 1(b)), transcriptions (“CC” in the figure, abbreviated from “closed cap-
tions”) for each video are automatically produced using the ASR system available. Within the
transLectures context, this initial ASR system would correspond to the best adapted system
developed in WP3 for transcription. In Fig. 1(b) WER shows the transcription quality that
could be achieved without user interaction. In Fig. 1, WER is displayed by block (smaller font
size) and overall (larger font size).

Thirdly, II is applied to supervise the automatic transcriptions produced in previous steps
(Fig. 1(c)). In the II approach, collaborative users devote a limited effort to supervise a given
percentage of words of the automatic transcription1. User effort is optimised by ordering the
speech segments selected for supervision from lower to higher reliability based on confidence
measures (CMs). Note that user effort is measured in terms of the number of supervised words,
and not in terms of the time required to supervise them, since this time depends on other factors
such as user interface design or the individual user’s abilities. Also note that user corrections
after this first block has been supervised produces reasonable WER improvements in this block
(and consequently in overall WER).

1In Fig. 1(c) we have simulated a scenario where each user supervises their own videos. However, other
scenarios are possible in which one collaborative user could supervise multiple videos or one video could be
supervised by multiple users.
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Figure 1: Intelligent interaction for transcription.
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Once this first block of transcriptions has been partially supervised, both the supervised and
the high-confidence segments of these transcriptions are used to adapt the underlying system
models (Fig. 1(d)). The next step is to automatically re-transcribe the non-supervised blocks
using these adapted (and hopefully improved) system models (Fig. 1(e)). Note that in Fig. 1(e)
we see that improvements in WER for all blocks are achieved using these adapted models. Also
note that some errors remain in supervised blocks as videos are partially supervised.

The process of partial user supervision (Fig. 1(f)), model adaptation (Fig.1(g)) and re-
transcription (Fig. 1(h)) is repeated until all available user effort has been invested. As a
result of this process, automatic transcriptions have been improved by distributing user effort
efficiently in the supervision of lower confidence parts of transcriptions. Moreover, automatic
transcriptions have been also improved by using adapted models based on user corrections.

3.2 Summary of progress

The II approach has been evaluated simulating that the whole poliMedia test set has to be
transcribed (poliMedia corpus statistics can be found in D3.1.2, Section “Databases used in
transLectures”). The poliMedia test set has been split into 5 blocks as has been shown in
Fig. 1. The main statistics about this distribution of videos into blocks are shown in Table 4.
The best adapted UPVLC Spanish ASR system developed in WP3 has been used as initial
system.

Table 4: Distribution of the poliMedia test set into blocks to evaluate intelligent interaction.
For each block we show: time duration, running words and WER [%] (for M12, M18 and M24).
We also indicate totals.

Block
1 2 3 4 5 Total

Duration 51’01” 49’57” 39’28” 31’26” 35’14” 3h 27’ 6”

Running words 7646 7471 5998 4232 4764 30111

WER (M12) 22.1 24.6 22.7 22.1 22.3 22.9

WER (M18) 21.5 23.4 22.6 21.1 21.2 22.1

WER (M24) 17.2 19.5 20.0 18.7 19.0 18.7

The II approach has been comparatively evaluated against a baseline interaction approach
called Batch Interaction (BI). Figure 2 illustrates the process of BI. Figures 2(a) and 2(b) are
exactly the same as Figures 1(a) and 1(b), respectively, since, in both approaches, the initial
automatic transcriptions are produced in the same way using the best available ASR system.
However, in the BI approach, user effort is invested to supervise full transcriptions from the
beginning and until there is no user effort left to invest, as would typically be the case in post-
editing scenarios. This has been reflected in Fig. 2(c) by considering that the first block is
fully supervised by users, which corresponds to applying a user effort of 20%. Note that after
user supervision of this first block is carried out, perfect transcriptions of this block will be
produced. Consequently, the resulting WER for this block will be zero and the overall WER
will also be improved. Once user effort has been completely invested, the perfect transcriptions
of the supervised block are then used to adapt the underlying models (Fig. 2(d)). Similarly to
II, the resulting updated models are ultimately used to re-transcribe the remainder of videos
improving overall transcription quality (Fig. 2(e)).

The II and BI approaches have been performed at two supervision efforts: 5% and 10%.
These efforts are equivalent to the percentage of words that the user has to supervise. In the
case of II, the words to be supervised are distributed proportionally along the different blocks.
(i.e. 5% of words per block in the case of 5% of total effort).

In II, in a given block, the supervision of words is performed from lower to higher confidence
until the effort devoted to this block has been invested. The ASR system is fully retrained
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Figure 2: Batch interaction for transcription.

with the words supervised in the current block, and then the following block is recognized.
Additionally, a CS step is carried out once the supervision of all blocks is finished. Note that
CS can only be applied in II since constraints for each sentence (if any) are provided by the
user during the II process.

Figure 3 depicts the progress of II techniques from M122. It shows that II clearly outperforms
BI. Comparatively better transcription quality is achieved following the II approach than BI at
same level of user effort. This reflects that CMs are good predictor of which words have to be
supervised. Moreover, a higher user effort in II produces more significant improvements than
BI. In the case of II, double the user effort produces a reduction of about 3 points in WER
whereas in BI the reduction is only about 1.5.

The error reduction of each approach is directly related to the percentage of incorrect words
supervised by the user. For instance, in BI, errors are corrected uniformly as they appear
in the transcriptions from the beginning. This means that the percentage of incorrect words
corrected in BI is approximately equal to the percentage of error in the videos. In contrast, in
II, the percentage of incorrect words corrected is higher, as CMs selects incorrect words more
efficiently. Specifically, in II the percentage of incorrect words corrected are: 74% and 68%
for the 5% and 10% experiments, respectively. As observed, the improvement in WER of II is
directly related to these figures since 74% of 5% of words is 3.75, which is more or less the total
points improvement achieved in II.

As observed, differences in WER between II and BI are higher in M18 than in M24. This
is an effect produced by the use of a much better baseline ASR in M24 (Best WP3). Note
that comparatively an important improvement in WER was achieved between M18 and M24
in baseline ASR performance with respect to the improvement achieved between M12 and M18
(differences in WER between M12, M18 and M24 for each block and in total can be found in
Table 4). Better baseline ASR performance means a lower number of incorrect words. Thus,
detection of incorrect words is a more difficult task for II in M24 than in previous months.

Regarding CS (developed in Task 4.1, Section 2.1.1), both implementations (at word and
phrase level) have been comparatively evaluated in M24 and very minor differences were found
(lower than one decimal point). Unfortunately, phrase-level constraints did not improve word-
level CS implementation. A possible explanation for this unexpected behaviour is that differ-
ences in how word boundaries are defined in constraints seems to be negligible in the decoding
process. Despite this, slight improvements in WER are due to the last step of CS. Results shown
in Figure 3 are using CS at word-level. These improvements are higher when user effort is lower.
In the case of a user effort of 5%, CS reduces WER by about 0.5 points, whereas in the case of
10% of user effort the reduction is only about 0.1 points. This is expected behaviour since when

2Results of M12 do not fully correspond to M12 models, as some changes on the recognition software up to
M12 could not be undone.
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Figure 3: Progress in Intelligent Interaction given in terms of WER. Intelligent Interaction
(II) is compared with Batch interaction (BI) at two levels of supervision: 5% and 10%. “WP3”
corresponds to the WER obtained by the best UPVLC Spanish ASR system developed in WP3.

more user effort is invested the resulting quality of transcriptions is higher and, consequently,
it is more complicated to amend errors applying CS.

As a summary of II performance in M24, let us consider that a collaborative user is able
to invest some effort in the supervision of the automatic transcriptions of the poliMedia test
set. Following the II approach, the WER of automatic transcriptions can be reduced by nearly
four points (from 18.7 to 15.0) by supervising only 5% of words (i.e. 1505 words out of a total
of 30111). In the case that 10% of user effort was invested (i.e. 3011 words), the reduction in
WER is greater than six points (from 18.7 to 12.4).

An important conclusion of the results presented is that II offers a very good performance,
mainly due to the use of CMs to detect misrecognized words. This conclusion was also reported
in D4.1.1 and so work carried out within this M13-M24 period has been devoted to improving
confidence estimation. A more detailed description of the developed work is presented in the
following Section 3.3. On the other hand, in D4.1.1, work was focused in the use of isolated
words as supervision unit. Specifically, the user supervises isolated recognised words and makes
the appropriate corrections in case of misrecognitions. This raises an important issue, that of
the use of a different supervision unit is such a way that II might be improved. For this reason,
within this M13-M24 period, experiments have been carried out to compare performance of
different interaction units in II. For more details, please refer to Section 3.4.

3.3 Confidence estimation

At M12, CMs were based on word posterior probabilities computed over word graphs [27].
Within the M13-M24 period, an alternative confidence estimation method has been explored.
In this new alternative, confidence estimation is carried out using a näıve Bayes (NB) classifier
as described in [22]. The reason for selecting this method is that experimental results, again
in [22], showed that the NB combination of different features outperforms CMs based on word
posterior probabilities.

Additional experiments have been conducted to empirically compare both confidence esti-
mation methods. This comparison has been carried out by evaluating II exactly in the same
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way as has been described in previous sections varying the method to compute CMs. The WER
obtained depending on the confidence method that has been used will be informative about
which is the best performance method for II. In these experiments, the parameters of the NB
classifier have been estimated and optimized using the training and development data of poli-
Media (details can be found in Section “Databases used in transLectures” of D3.1.2). Table 5
summarizes the WER achieved when each confidence estimation method is used within II at
two effort levels (5% and 10%) in M18 and M24.

Table 5: WER obtained by the II approach using different confidence estimation methods
(Posteriors and NB) at two levels of user effort (5% and 10%) in M18 and M24.

User Effort
5% 10%

M18 M24 M18 M24

Posterior 18.8 15.2 15.7 12.6

NB 18.1 15.0 15.4 12.4

Results show that NB outperforms posterior probabilities as CMs for II. This confirms
previously published results [22]. Note that the results plotted in Fig. 3 for II were obtained
using NB and, thus, they are exactly the same as in Table 5. Despite this, WER differences
are not very large. The reason to this similar performance is that the NB classifier has been
estimated using only one feature. Moreover, this feature is also based on posterior probabilities.
More significant improvements can be expected if the NB classifier is estimated using a large
number of different kinds of features. This will be further investigated.

As we commented in previous section, most of the improvement achieved is produced by
CMs. In order to further analyse CMs behaviour an additional experiment has been conducted.
In this experiment, we have simulated that each video is separately supervised following II
approach for all possible user effort, i.e. from 0% to 100%. After applying each user effort, the
quality of the resulting transcription is measured in terms of WER. In contrast to the previous
II experiments, neither adaptation nor CS-step was performed in order to isolate the impact of
CMs in the supervision. Figure 4 shows, for each user effort in the X-axis, the percentage of
the initial transcription WER which is remaining in each video after supervision (gray crosses).
For instance, at 0% of user effort the 100% of the original transcription WER is remaining
since transcription is not modified. In opposite, at 100% of user effort 0% of the original WER
remains since perfect transcription is obtained. This graph gives the trend on how CMs are able
to reduce transcription WER as a function of user effort. To better observe this trend, mean
(black line) and standard deviation (red error bar) calculated using all videos is also plotted.
Also, a diagonal line is plotted to simulate a random behaviour in which WER is reduced
proportionally to the user effort employed. It can be observed that CMs are only effective when
the supervision effort is below 20%. In fact, supervision of 20% of the words produces between
60% and 40% of reduction in WER. Once this point is reached, the impact of CMs in WER
reduction seems to be negligible.

Additionally, the behaviour of CMs for user efforts up to 20% has been more deeply analyzed.
For this purpose, relative WER reductions have been computed after 5%, 10%, 15% and 20%
of supervision effort has been applied to each video transcription. Figure 5 shows a four stripe
histogram for each video. X-axis shows the initial transcription WER of the lecture. Histograms
represent for each stripe the relative reduction in terms of WER that would have been obtained
after supervising 5% (red), 10% (yellow), 15% (green) and 20% (blue) of the recognised words.
As can be seen, the relative improvement quickly decays once 15% of the words have been
supervised. The most important relative reductions in WER are achieved using 5%, 10%, and
15% of supervision effort. The lower the user effort, the greater the impact of the CMs. On
the other hand, we also observe unexpected behaviour: CMs performance is not related to the
initial WER of the video. In fact, it can be observed that the largest relative improvements are
achieved in lectures with the lowest WER.
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3.4 User interaction units

Up until M12, only isolated words were considered as user interaction units. Within this M13-
M24 period, II has been evaluated using new interaction units such as sequences of consecutive
words (i.e. phrases), and sentences. The motivation behind this work is to evaluate the behavior
of II when interaction units are changed from words to phrases or sentences. In case of word
supervision, user supervises a single word without any kind of context. However, II can be
more suitable to the user if interaction units provide more contextual information and better
comprehension. This is the case of sentences which are typically used in many document
transcription tasks.

Phrase and sentence supervision is performed also according to CMs. In case of phrases, all
combinations up to four consecutive words were considered. CMs at phrase-level were estimated
as the sum of individual CMs at word level. It must be noted that each time a phrase is
supervised, all phrases that are contained within the supervised phrase are ignored in order
to avoid the supervision of the same words. In case of supervision at sentence-level, CMs are
estimated as the geometric mean of individual CMs of each word in the sentence. In the same
way, sentences are ordered according to confidence and presented to the user from lower to
higher confidence.

Experiments were carried out following the experimental setup used in D4.1.1 (assuming ini-
tial empty models) since the new experimental setup had not yet been designed. Table 6 reports
the quality of the end transcriptions in terms of WER after the 96-hour Spanish transLectures
training set has been supervised according to the different interaction protocols (word, phrases
or sentences). These experiments took an user effort of approximately 20%. In the case of word-
and phrase-level supervision, CS is applied after the user has completed the supervision pro-
cess. Results show that words are more effective than both phrases and sentences as interaction
units. This can be explained by the degradation of CMs when moving from word to phrase
or sentence level. This effect is particularly significant in the sentence-level approach, which
only slightly outperforms BI. Note that CMs in the phrase- and sentence-level approaches are
obtained by adding together individual word confidences. These results confirmed that words
are the best performance interaction unit and, in consequence, all II experiments using the new
experimental setup were carried out using words as interaction unit.

Table 6: Final WER of the automatic transcriptions after 20% of the words of the complete
Spanish transLectures training set are supervised using the different interaction approaches.

BI II (Word) II (Phrase) II (Sentence)

WER 25.0 16.3 19.7 24.0

3.5 Planned work for the M25-M36 period

Confidence estimation has proved to be the most relevant influence in the improvement of II. For
this reason, in the next M25-M36 period, work will be focused in the improvement of confidence
estimation. With this purpose, different actions have been planned:

• Improve NB classifier using a larger set of features.

• Use speaker adaptation in confidence estimation.

Meanwhile, UPVLC plans to improve system adaptation within the II approach. For in-
stance, the recognition parameters could be adjusted differently for each speaker, or a better
system adaptation could be performed by a speaker-based selection of samples.
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4 Intelligent Interaction for Translation

In the transLectures project, in addition to the automatic transcription of VideoLectures.NET
and poliMedia, a full set of translations for these transcriptions is produced. Similarly to
the transcriptions, translations are intended to be improved by collaborative users. The task
of supervising translations is even harder than that of supervising transcriptions since it is a
much more time-consuming process than transcription. For these reasons, the emphasis on
intelligent interaction in the transLectures project is not only focused on transcription but also
on translation. As with automatic transcriptions, the main objective of intelligent interaction
for translation is to get the best possible set of translations in exchange for a fixed amount of
human effort.

4.1 Intelligent interaction approach

In the period leading up to M12, UPVLC developed a novel approach for the efficient translation
of video lectures based on limited user effort (a full description of this approach can be found
in D4.1.1). However, this approach was evaluated following an experimental setup which was
not perfectly in accordance with the transLectures context. The reason behind this decision
was to evaluate II for translation within an scenario in which a very large number of automatic
translated sentences have to be supervised. Note that VideoLectures.NET and poliMedia test
sets are very small corpora (1.3K and 1.1K sentences, respectively). With the purpose of
increasing the number of sentences, VideoLectures.NET and poliMedia training sentences were
included as part of the corpora on which to evaluate the proposed approach. This produced as
a result that SMT systems developed in WP3 could not be used as initial systems and external
resources had to be employed to develop them. In order to solve this mismatch and evaluate II
within a more appropriate scenario given the transLectures context, a new experimental setup
has been defined within this M13-M24 period.

Two main differences can be pointed out between the two experimental setups. On the
one hand, in the new evaluation proposal the best adapted SMT systems developed in WP3
will be used as initial systems in this task. On the other hand, evaluation will be carried out
on the official scientific tests of transLectures. Although certainly scientific tests are not very
large, this evaluation will allow us to measure improvements provided by II with respect to
the baseline performance of WP3 SMT systems. As a result, this new experimental setup will
be more in accordance with the transLectures context in which II techniques are applied to
improve performance of baseline systems developed in WP3.

As a reminder of the II translation approach proposed in D4.1.1, we will describe it here
making use of the process illustrated in Figure 6.

Let us assume that a set of new video lectures from different speakers have to be translated.
Figure 6(a) depicts this situation where there are 23 videos from 5 different speakers (this
corresponds exactly with the distribution of videos in the poliMedia test set defined in Task
6.1). At the beginning, we will assume that transcriptions (CC in the figure) for each video
have been produced in some way. Note that these transcriptions may contain errors if they have
only been partially (or even not) supervised.

Secondly (Fig. 6(b)), translations (TR in the figure) are automatically produced for each
video by translating transcriptions using the best SMT system available for the pair of languages
aim of translation. As has been mentioned, this initial SMT system would correspond to the
best adapted system developed in WP3. In Fig. 6(b) BLEU [21] reflects the translation quality
that could be achieved without user interaction.

Thirdly, II is applied to supervise the automatic translations produced in the previous step
(Fig. 6(c)). As in the case of II for transcription, supervision is carried out by collaborative
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users who devote a limited effort to supervising a given percentage of translated words3. User
effort is efficiently employed by supervising translation segments from lower to higher reliability
based on confidence measures (CMs). Note that BLEU improvements can be expected after
user supervision of automatic translations is carried out (from 27 to 30 in the figure).

Once translation quality has been improved after user supervision, supervised segments of
these translations are used to adapt SMT models (Fig. 6(d)). As a final step, non-supervised
translations are automatically regenerated (and hopefully improved) using these adapted system
models (Fig. 6(e) in which an improvement of BLEU is reflected).

As can be observed, the process depicted in Fig. 6 is very similar to that presented in Fig. 1
for II for transcription. The only difference between the two methods presented is that in II
for translation videos are not split into different blocks for supervision. This is a minor issue
since, in fact, the same process of user interaction (Fig. 6(c)), model adaptation (Fig.6(d)) and
translation (Fig. 6(e)) could be performed in an identical way following a block-level organization
of videos. Indeed, II for translation was evaluated in D4.1.1 following a block-level organization
of videos. The decision about whether or not it is convenient to split videos into blocks is subject
to adaptation purposes. In this case, Fig. 6 illustrates the process that has been adopted in
this M13-M24 period to evaluate the II approach over the poliMedia test set. As the number of
sentences in poliMedia test set is too small to adapt the system several times, videos have been
organized in a single block.
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Figure 6: Intelligent interaction for translation.

4.2 Summary of progress

As in the case of II for transcription, II for translation has been also comparatively evaluated
against batch interaction (BI).

The BI approach is illustrated in Fig. 7. As can be observed, videos are organized into
two blocks in BI. This organization responds to the idea that user effort will be employed in
the full supervision of translations starting from the first translated sentence and until user
effort is completely invested. Thus, the first block will contain exactly the number of translated
sentences whose supervision is equivalent to the user effort. In the Fig. 7 a scenario has been
simulated in which each user fully supervises one of their videos but this is only for illustrative
purposes.

At the beginning of BI, transcriptions (again, “CC” in the figure) of each video are automat-
ically translated (“TR”) in the same way as in II using a baseline SMT system (Figs. 7(a) and

3Fig. 6(c) simulates a scenario in which each user supervises its own videos although other supervision scenarios
are possible as was mentioned in previous section.
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Figure 7: Batch interaction for translation.

7(b)). BLEU figures show the translation quality of automatic translations for each block (lower
font size) and overall (higher font size). In a third stage (Fig. 7(c)), automatic translations of
the first block are fully supervised by users producing perfect translations (this is reflected in
Figure 7(d) with a BLEU of 100 for the first block). Note that this is the main difference
between II and BI approaches, since in II user effort is employed in the partial supervision of
all videos and focused only on the translations with lower confidence. Once user effort has been
completely invested, perfect translations of the supervised block are then used to adapt the
SMT models (Fig. 7(d)). Finally, the adapted SMT system is used to translate the remainder
of videos improving translation quality (Fig. 7(e)).

Both approaches have been evaluated, simulating that the whole poliMedia test set has to
be translated (poliMedia corpus statistics can be found in D3.1.2, Section “Databases used in
transLectures”). It has been assumed that perfect transcriptions are available for all videos.
The best UPVLC Spanish→English SMT system developed in WP3 has been used as the initial
SMT system. The II and BI approaches have been performed at four levels of supervision efforts
(2%, 5%, 10% and 20%). These efforts are equivalent to the percentage of words that the user
has to supervise. II has been evaluated at two different interaction levels: sentence-level (IIS)
and word-level (IIW). In the case of IIS, user interaction consists of the supervision of whole
sentences. In this case, user interaction is simulated by simply replacing the supervised sentence
by its reference translation. In the case of IIW, user interaction consists of the supervision of
isolated words. In this case, given that simulation of user interaction is not so trivial as in the
case of supervision at sentence-level, an illustrative example has been depicted in Fig. 8. As is
shown in the figure, word alignments are used to simulate which words would be replaced by the
user to correct the erroneous translated word. Specifically, the supervised word (“gets” in the
example) is replaced by the reference words which are aligned with the same source words that
have been aligned with the supervised word. As a result in the example, the word “gets” would
be replaced by the words “are they filed before”. In this way, supervision of word “gets” would
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convert the translated sentence “to whom it gets?” into “to whom it are they filed before?”. In
both cases, supervision units (sentences or words) are supervised from lower to higher reliability
based on confidence measures (details about confidence estimation can be found in following
sections).

Translation: to whom it gets ?

Source: ¿ ante quién se interpone ?

Reference: who are they filed before ?

Supervised: to whom it are they filed before ?

Figure 8: Example of user interaction at word level.

Figure 9 depicts the progress of the task from M184. For simplicity, only results using 5%
and 10% of supervision efforts have been plotted (results for all supervision levels can be found
in following sections). Results for IIW are given only in M24 since this kind of interaction was
implemented within the M18-M24 period.
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Figure 9: Progress in Intelligent Interaction given in terms of BLEU. Intelligent Interaction
(II) is compared with Batch interaction (BI) at two levels of supervision (5% and 10%). II is
performed using two kinds of interaction units: sentences (IIS) and words (IIW). “Best WP3”
corresponds to the BLEU obtained by the best WP3 UPVLC Spanish→English SMT system.

Regarding interaction at sentence-level, it can be appreciated that II and BI present very
similar performance. More precisely, IIS produces some slight improvements over BI only when
10% of user effort is employed. This similar behaviour seems to indicate that confidence mea-
sures are not a good predictor of the correctness of the sentence. However, a more in-depth

4M12 results are not plotted since they were performed using a different experimental setup as has been
mentioned.
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analysis of the results obtained in M18 concluded that IIS has no potential to improve BI. In
this analysis, translated sentences were scored by an Oracle computing the translation error rate
(TER) [23]. These scores were used as an objective measure of the correctness of the translated
sentences and, thus, sentences were supervised from higher to lower TER. As a result, only
improvements of around one point of BLEU were found between BI and Oracle approaches.
This fact explains that supervision of sentences following the order of appearance in the videos
(BI) or processed from lower to higher confidence (IIS) yield very similar results. One possible
explanation might be that the sentence level is too coarse, despite being a more natural user
interaction unit for translation. Note also that even the worst translated sentences have sections
that are correct, which consume user effort without leading to any improvement.

A possible solution to improve II performance could be to focus user effort only on the
erroneous segments of translations in similar way as is done in transcription. In this way, user
effort will be employed more efficiently than in the case of supervision at sentence-level where
correct parts of translations are also supervised. With this purpose, alternative interaction
units (i.e. words, segments of consecutive words, etc.) should be explored. Experiments using
isolated words as interaction unit have been carried out in the M18-M24 period. In this case,
word-level CMs are used to supervise words from lower to higher confidence. Figure 9 shows the
resulting BLEU which is achieved after II is applied using words as interaction units. Although
results are worse than using sentences as the interaction unit, user simulation influences this
comparatively worse behaviour.

User simulation in the case of words is not as effective as in the case of sentences. Super-
vision at sentence-level is simulated by replacing whole translated sentences by the reference
sentences. This means that user supervision produces the best possible output and reordering,
deletions, substitutions and insertions are produced in the same supervision action. However,
in the case of words, although reference words are replaced by mistranslated words, sometimes
positions where are located reference words are not so optimal with respect to the position in
the translation. This is an important issue that needs further investigation in order to better
evaluate performance of II at word-level.

In order to more precisely compare II at word-level to BI, a BI variant was implemented in
which user supervision is performed without allowing re-ordering of words. This variant has not
been plotted in Fig. 9 since it is somewhat unrealistic to assume that re-ordering of words is not
allowed in full supervision of sentences. In any case, this has been done to evaluate whether II
at word-level outperforms BI under similar user interaction conditions. Results show that very
similar performances are achieved between II at word-level and BI (a full description of these
experiments can be found in Section 4.4). This means that CMs at word-level are not helpful
for detecting mistranslated words.

Finally, we assessed the impact of adapting the models using the supervised sentences in
order to translate the remaining unsupervised sentences. We found that the quality improve-
ment obtained by adapting the system (language and translation models) was not statistically
significant. A possible explanation is that the corrected sentences account for less than 0.1% of
the corpus which, in practice, barely changes the models.

In the following sections, a more detailed description of the work developed in this M13-M24
period is provided, differentiating by type of interaction unit.

4.3 Intelligent interaction at sentence level

II at sentence level is carried out by supervising sentences from lower to higher reliability based
on CMs. In D4.1.1 confidence measures at sentence level were computed using sentence posterior
probabilities as has been proposed in the literature [25]. Table 7 shows an example to illustrate
how sentence posterior probabilities are computed. This calculation is performed using the N

23



Table 7: Example of the 5 best translations of Spanish sentence “Aqúı tenéis un ejemplo”. “SMT
Scores” are the figurative values provided by the SMT system to rank hypotheses. “Posterior”
gives the sentence posterior probabilities computed based on SMT scores.

N Translated Sentence SMT Score Posterior

1 Here is an example 35 0.35
2 Here you can see an example 30 0.30
3 Here you see an example 20 0.20
4 One example here is 10 0.10
5 Here example is shown 5 0.05

Table 8: Results in terms of BLEU for the different sentence-based interaction strategies for
translating the Spanish→English transLectures test at several supervision levels using M18 and
M24 SMT systems.

M18 M24

Supervised Words 2% 5% 10% 20% 2% 5% 10% 20%

Initial (WP3) 26.5 27.3

BI 28.1 30.5 34.2 42.1 29.5 32.2 36.1 44.0

II 28.2 30.6 34.8 42.8 29.4 32.2 36.3 44.4

II (Oracle) 29.3 31.3 35.1 43.5 29.5 32.1 36.3 44.5

most probable translated sentences (known as N-best list). In this way, as is shown in Table 7,
the posterior probability of a sentence is computed by dividing its SMT score by the total
amount of all SMT scores in the N-best list.

In this M13-M24 period this approach has been deeply analyzed following the new ex-
perimental setup described previously in Section 4.1. As a way to measure the potential of
supervision at sentence level, an Oracle approach has been also tested. Oracle scores sentence
quality by computing translation error rate (TER) [23] based on the automatic and reference
translations. Then, the worst scored sentences (in order of priority) are presented to the user
for their supervision. Although this Oracle approach is somewhat unrealistic, it allows us to
assess the potential for improvement within a sentence-level interaction protocol.

These interaction techniques have been compared with varying amounts of fixed human
effort (2%, 5%, 10% and 20%). As was mentioned in the previous section, II experiments
have consisted of simulating that the whole poliMedia test set have to be translated. The best
UPVLC Spanish→English SMT systems developed in M18 and M24 have been used as initial
SMT systems.

Table 8 shows the results achieved by the three interaction techniques in terms of BLEU. It is
observed that, even with an Oracle that perfectly scores the worst sentences, II techniques yield
only slight improvements. For instance, in the case of 20% user effort, a modest improvement can
be achieved by II (Oracle); while in the more realistic II framework, a negligible improvement
is obtained with respect to the BI approach. The fewer the words supervised by the user, the
smaller both the potential for improvement and the improvement itself become. In view of these
results, it seems to be useless to consider sentences as supervision units. Another issue that this
raises is that constrained search cannot be exploited in the case of sentences. As a consequence
of this study, supervision at sentence-level should be dismissed in favour of other interaction
units which offer greater scope for improvement.
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4.4 Intelligent interaction at word level

II at word level involves computing word-level confidence measures. To this end, 3 different
word-level confidence measures based on N-best lists have been computed. These features are
based on word posterior probabilities and they were proposed in [25].

The method for computing word-level CMs using N-best lists is very similar to that described
for the case of sentence-level confidence measures. Basically, given a translated word e, its
posterior probability is computed by adding the posterior probabilities of all sentences in the N-
best list which contain e. Several word-level posterior probabilities can be computed by using
different criteria to decide if e is contained within a sentence. We have used three different
criteria: Levenshtein position (Lev), Fixed position (Fix) and Any position (Any). We will
make use of the example in Table 7 to illustrate each one of this methods by computing the
posterior probability of the word “example”. In the case of Levenshtein position criterion,
posterior probability of the word “example” is computed by adding the posterior probabilities
of the N-best sentences in which the word “example” is Levenshtein-aligned to itself in the
1-best. In Table 7 this would mean adding the sentence posterior probabilities of the first third
sentences, resulting in a posterior probability of 0.85. In the case of Fixed position criterion, the
sum is performed by considering the N-best sentences that contain the word “example” exactly
in the same position as in the 1-best. In Table 7 this would mean adding only the sentence
posterior probability of the first sentence, giving a posterior probability of 0.35. In the case of
Any position criterion, the sum is performed by considering the N-best sentences that contain
the word “example” in any position. In Table 7 this would mean adding the sentence posterior
probabilities of all the N-best sentences, giving a posterior probability of 1.0.

Additionally, we use another confidence measure based on the translation Model 1 pro-
posed by IBM in [2]. This confidence measure has demonstrated to be very useful to detect
mistranslated words [25]. Given a translated word e, IBM1 confidence measure is defined as:

IBM1(e) = max
0≤j≤J

p(e|fj) (4)

where p(e|f) is the lexicon probability based on IBM model 1, f0 is the empty source word, and
J is the source length.

As in sentence-level experiments, an Oracle approach has been also tested. The Oracle
selects translated words that are not in the reference for supervision. It allows us to assess
the potential for improvement within a word-level interaction protocol. These interaction tech-
niques have been compared with varying amounts of fixed human effort (2%, 5%, 10% and
20%) and assuming that the entire poliMedia test set has to be translated. The best UPVLC
Spanish→English SMT systems developed in M24 have been used as initial SMT systems.

Table 9 shows the BLEU achieved after II is performed using each proposed method of con-
fidence estimation. BI is computed without allowing re-ordering in the supervision of sentences
to be more adequate with evaluation conditions in word-level experiments. Results show that
II does not significantly outperform BI for any confidence estimation method. This means that
CMs are not effectively detecting mistranslated words. Meanwhile, the Oracle approach seems
to indicate that there is no significant room for improvement, particularly for the lower user
efforts.
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Table 9: Results in terms of BLEU for the different word-based interaction strategies for
translating the Spanish→English transLectures test at several supervision levels.

Supervised Words 2% 5% 10% 20%

Initial (WP3) 27.3

BI 28.2 29.1 30.7 34.0

II(Lev) 28.0 28.9 30.5 34.1

II(Fix) 28.1 29.0 30.3 33.2

II(Any) 28.0 29.0 30.6 34.0

II(Ibm) 28.3 29.2 30.2 32.4

II(Oracle) 28.6 30.7 33.9 39.8

4.5 Planned work for the M25-M36 period

An important conclusion of the work carried out within this M13-M24 period is that further
research is needed to make supervision units smaller than sentences efficient in terms of the user
effort required. In this regard, II at word-level has been explored as a first attempt. Although
results at word-level have not been very encouraging, different actions have been planned to
improve this kind of interaction:

• Improve simulation of user interaction at word-level, performing a more appropriate eval-
uation of the techniques.

• Improve confidence estimation by using a combination of features.

All these actions will be used as solid work to extend user interaction to phrase level (se-
quence of consecutive words) since it seems to be a more appropriate unit for interaction in
translation.

Additionally, other actions are planned:

• Apply constrained search techniques for translation developed in Task 4.1 (see Section 2.2).

• Improve model adaptation by using non-supervised techniques.
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5 Incremental Training for Translation

Overview

During the M13-M24 period, XRCE has focused on an approach to incremental training for
translation consisting in“quick-update” short-cycles updates based on “mini-batches” of new
human translations. We perform alignment and phrase-extraction from the mini-batches and
combine the resulting phrase-tables with the tables obtained by slower long-cycles updates based
on batch-training. Different configurations are evaluated and these appear to be superior to an
incremental training model based on Incremental-Giza and on suffix arrays.These experiments
indicate the promise of the approach for quickly incorporating translation post-editions into the
transLectures training workflow, at least on a daily basis, while performing a full retraining of
the models with a slower periodicity, perhaps once a week.

5.1 Introduction: incremental training through quick-updates

The most straightforward way to comprehensively update an SMT model based on new data is
to re-train the model with the entire data that is available at a given time. This kind of training
is often referred to as batch (re-)training. Such a process is time consuming and intensive in
computational resources, especially when large datasets are involved. In consequence, it may
not be feasible to run it often enough, resulting with long lags between two batch updates,
during which the running system is not up-to-date with the newest possible model.

Incremental training algorithms address this issue by enabling an SMT model update based
on the new data rather than retraining the model from scratch.

One way to perform incremental training is by using online versions of the Expectation
Maximization (EM) algorithm, that is employed in the alignment step of the SMT model con-
struction. However, this is a relatively new line of research and available mature tools to perform
the required updates efficiently are still largely missing. In this section, we take a slightly dif-
ferent approach to incremental training. We explore different configurations of the SMT system
that also provide means for utilizing new data in between batch updates. We compare several
such configurations, where in-domain data is based on spoken language transcriptions both from
transLectures and from other sources, to assess which methods are practically useful for quickly
updating the model, especially when the new data belongs to the target domain.

Consider the following setting of an automatic translation system that is either a standalone
translator or as part of a larger software system. The system is deployed and is being used, while
more training data is becoming available constantly, e.g. through users who provide corrections
to the system’s translations. To use this data, two kinds of update cycles are employed: (i)
a long cycle (e.g., a week), at which end we can perform a slow update, which can include
re-training, tuning and any other time-consuming tasks; (ii) a short cycle (a day, for instance)
in which we wish to carry out a quick update consisting of only light-weight tasks that are
guaranteed to complete in a timely manner. In these short cycles the model is updated based
on the newly obtained data. The goal is to improve the model with respect to the previous
slow update, and reflect the received feedback; we do not necessarily expect to obtain as good
a performance as the following slow update, but hope to be in the same ballpark. The focus
of the current section is in identifying the most appropriate setting for quick updates, both it
terms of translation quality and of time. That, with tools that are currently available.
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5.2 Background

Incremental training methods provide a principled way for updating an SMT model when more
data is received, without generating it again from scratch. In addition to efficiency, such methods
hold the promise to reflect updates immediately, without work interruption, and are therefore
of major importance in many scenarios.

Incremental training for MT often makes use of an online version of the Expectation Maxi-
mization (EM) algorithm [4]. EM is used for the purpose of aligning the bilingual corpus while
computing translation probabilities [1]. In Online EM, the model parameters are updated after
each example or a small set of examples (mini-batch), and not for the entire dataset at once.
Naturally, online EM is faster than batch EM, but is may be less stable.5

Ortiz-Martinez et al. [20] use the incremental online EM algorithm [18] to update a stan-
dard log-linear model. They apply this in the context of Interactive Machine Translation,
where conveying the impression of a highly adaptive system to the user is particularly impor-
tant. A method for incrementally updating SMT models was also proposed within the SMART
project [6]. Features are extracted from post-edited translations, and are added to the model
for any phrase above a given sentence-level BLEU threshold. Levenberg et al. [16, 15] use
stepwise EM for updating the translation model parameters. They use IBM Model 1 [1] with
HMM alignments [26], collecting counts for translations and alignments and updating them by
interpolating statistics of the old and the new data. We employ and assess an implementation
of this algorithm within Moses (Section 5.5).

One useful domain adaptation method is based on mixture models. Training data is divided
into components, according to the different domains. A model (either a translation model or a
language model) is trained for each component separately and the models are then weighted and
combined to a complete model [10, 14]. We use this approach in some of the configurations we
assess. However, our goal is different: we focus on the capability to perform the updates quickly.
Fortunately, as our results show, these considerations often go hand in hand, and methods that
work well for domain adaptation purposes are often useful also for quick updates.

SMT model generation

For completeness, we briefly describe here the main steps in generating a basic phrase-based
SMT model, from a parallel corpus to a tuned model. Our description corresponds to the steps
as done in Moses [13], but is typical to most phrase-based SMT systems.

• Preprocessing: The model generation process starts with preprocessing of the bilingual
parallel (sentence-aligned) corpus, including tokenization, lower-casing, and removal of
sentences that are, e.g., very long.

• Alignment: Following some file preparation steps, GIZA++ [19], an implementation
of the IBM Models [1], is applied in two directions (source-target and target-source) to
produce word alignment within each source-target sentence pair. A symmetrization of the
GIZA bi-directional word alignments follows.

• Phrase table construction: Based on word alignments, a translation model is gen-
erated: lexical (word) translation probabilities are computed and phrases are extracted,
scored and stored in a phrase table (PT).

• A reordering table is constructed to model position change of phrases between the
source and the target.6

5See [17] for a detailed discussion of the variants of online EM algorithm.
6Phrase extraction is also needed for this step; we chose to include it within the translation model generation

step since, as explained later, we do not update the reordering model in this work.
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• A language model (LM) is generated from the target side of the parallel corpus and
possibly additional target language monolingual data.

• Lastly, tuning takes place in order to optimize the weights of individual scores (features)
in the complete model.

Large phrase tables, reordering tables and language models that cannot fit into memory are
often binarized for quick loading and access at translation time. Yet, binarization is not feasible
when very large tables are concerned. Reducing the size of the tables through filtering based
on a given test dataset is not practical in real world applications, and is slow to process as well,
as it depends on the size of the tables.

Of the above, alignment is the most time consuming step; phrase table construction may
also requires a substantial amount of time, especially when binarization is performed; tuning
involves multiple iterations (typically over 20) in which a development set is being translated
and evaluated, and is therefore a highly time-consuming task. Indeed, some of the steps can
be parallelized, yet not all. For instance, in MGIZA [11], a multi-threaded version of GIZA++,
sentences-pairs are aligned in parallel, saving a substantial amount of time; still, parameter
estimation is based on counts that are accumulated from all aligned sentences, and is not
parallelized. What is often referred to as batch training consists of all the above steps applied
to the entire data.

Figure 10 shows the relative time required to complete each task, based on an experiment
we conducted, with 1 million sentence-pairs for training and 1,000 sentence-pairs for tuning.
Both datasets were taken from the Italian-English corpus of Europarl version 7 [12]. As elapsed
time depends on the specific machine and its load at the time of measurement, we use the Unix
time command for obtaining duration information. We look at the accumulated CPU time,
which is roughly equivalent to running on a single CPU. For intuition, the alignment task used
up approximately 21 CPU hours, which corresponded to about 6 actual hours when running
MGIZA with 4 cores. For comparison, under the same machine configuration, alignment of
2,000 sentences took 2.5 CPU minutes, and 10,000 sentences required less than 13 minutes.
This experiment was performed on a 64 bit Linux machine, with four 2.67GHz cores and 50GB
of RAM.7
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Figure 10: Percentage of the time required by each task of the phrase-based model generation.
The time shown here includes the binarization of the corresponding model.

5.3 Quick update configurations

Let’s recall the scenario we take interest in: An SMT system is trained based on a large out-of-
domain corpus and is meant to be used on a different type of dataset, namely spoken-language

7The Moses manual provides details of another timing experiment. There, similarly to ours, alignment is by
far the most time-consuming task. Note that we divide the steps somewhat differently.
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Figure 11: Phrase tables in the different configurations. OUT denotes out-of-domain data; IN1

is in-domain data previously obtained, and IN2 is the in-domain data we have just received and
wish to use to update the system with. The dashed lines designate the data that needs to be
processed in each update cycle.

texts. The translation service is made available and gradually in-domain data is flowing in,
e.g. from post-edition. With this data we wish to update the system in the most efficient and
effective way. We expect best translations to be produced when we use all the data we have at
our disposal; at the same time, we do not wish to carry out intensive processes unnecessarily.
We therefore carry out batch updates periodically (long-cycles), and in the interim perform
quick, short-cycle updates using the newly obtained data. We wish to identify the most useful
configuration – in terms of time and translation quality – for performing short cycle updates.
For that purpose, we examined the following configurations for quick model updates. Each
has its pros and cons, as discussed below. Figure 11 depicts the phrase table settings of these
configurations.

1. Old-New: In this setting we use two phrase tables. We maintain all previously obtained
(“old”) training data, both in-domain and out-of-domain, in one phrase table and the
newly obtained data (“new”) in a second phrase table. To perform an update, we only
need to preprocess and align the new data on its own and generate a phrase table from
it. This is therefore a very quick way to perform updates.

2. In-out: This setting uses two phrase tables as well, but now the out-of-domain data is
maintained in one table and the in-domain data in another table. The idea is to allow
better model tuning by letting the tuning method give preference to the in-domain table.
The drawback is that all in-domain data needs to be processed at every short-cycle update,
implying a longer process. As long as in-domain data is limited, this is not an issue. On
the contrary, it can contribute to improved alignment quality and phrase table statistics.

3. 3-tables: When in-domain data accumulates, the In-out setting may become too slow.
We therefore assess another setting that can potentially combine the benefits of the two
above configurations. Here, we use three phrase tables: one for out-of-domain data and
two for in-domain. The first among the in-domain tables is used for all previously obtained
in-domain data, and the second for the newly obtained data. This way we achieve both
separation of in- and out-of-domain data and a quick processing of the new data.

4. Batch: This is a standard setting for phrase-based SMT model generation, used here
for comparison. The entire training data is concatenated and used together, and a single
phrase table is produced. One potential advantage is, as above, an improved alignment
quality.

In addition to the above configurations, we have experimented with incremental updates via
Moses’ dynamic suffix array. We describe that in Section 5.5.

Required effort

Table 10 details which task needs to be performed in each configuration, and the amount of work
that has to be done. We explain the required effort of each configuration through an example,
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whose timeline is presented in Figure 12: We consider a specific point in time of an operational
translation system. This system was trained with 1 million out-of-domain sentence-pairs before
any in-domain data was available (S1 in the figure); over time, 10,000 in-domain bi-sentences
were received and the system has been already updated with them in a slow update cycle (S2).
Between the previous slow update and the current point in time, 2,000 in-domain sentences
have been obtained, and fed into the system (q21); now we receive 1,000 more, and wish to
carry out quick update q22.

1M 10K 

S1 S2 S3 

2K 1K 

q22 q21 q23 

Figure 12: The timeline of slow and quick updates, as described in the required effort example
in Section 5.3. Si denotes a slow update and qij a quick update. Boxes represent the available
data: dark-shading for out-of-domain and the light-shading for in-domain.

Config./ Task Prep. Alignment PT LM

Old-New 1K 3K 3K 3K
In-out 1K 13K 13K 13K
3-tables 1K 3K 3K 3K
Batch 1K 1,013K 1,013K 1,013K

Table 10: An example of the required effort of each configuration.

Here we assume that all data received in between slow updates is small and can be processed
together. Preprocessing need not be repeated, but the other steps may perform better given
more data. As seen in the table, both Old-New and 3-tables require minimal processing.
The difference between them is the way the previously-obtained data is stored; In-out requires
a more substantial amount of processing, and Batch requires all the data to be processed from
scratch.

So far, our discussion focused on phrase tables. Concerning the LM, in the Table 10 we
assume one option, where the LMs configuration is equivalent to that of the phrase tables. Our
experiments showed that – at least for the language pairs we assessed – the reordering model
does not significantly affect translation performance; thus, we do not update it in any of the
configurations. Tuning is discussed in Section 5.5.

5.4 Setting

Datasets

transLectures

We used the transLectures datasets for the language-pair English-French that were available at
the end of Year 1. These consisted of a few thousand sentence pairs, that were produced through
manual post-editing of the automatic transcription and then post-edition of the automatic
translation of the transcriptions. The continuous text of the lectures was split into sentences
based on long silences in the speech and with a maximal sentence-length constraint. This
dataset and its production represent a typical scenario were in-domain spoken language data is
scarce, hard to collect and slow to arrive.

• Training set: ∼4,000 English-French sentence pairs.

• Development set: 1,000 bi-sentences, used for tuning.

• Test set: 1,360 sentences-pairs.
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WIT3

To confirm the validity of the results across datasets and language pairs, and to allow reproduc-
ing our results through a freely available resource, we used another spoken-language dataset,
WIT3 [7]. WIT3 (Web Inventory of Transcribed and Translated Talks) is a parallel corpus
created from transcription and translation of TED talks.8 We used a different language pair,
Italian to English, and 10-times as much training data as the TL dataset.

• Training set: 40,000 sentence-pairs from the Italian-English WIT3 corpus.9

• Development set: 1,000 bi-sentences of that corpus.

• Test set: 1,000 bi-sentences from the above corpus.

Europarl

For each language-pair we finally used, as part of the training set of most configurations, 1
million Europarl vs. 7 bi-sentences.

Experimental setup

Phrase-based SMT

Moses [13] was the translation system used for our experiments. When more than one phrase
table was used, we used the either option, meaning that translation options are searched for in
either table with no preference to one table over the other, while not expecting every translation
option to be present in both tables.

Alignment

Some experiments assessed the use of incremental training and dynamic suffix arrays. For fair
comparison, we used Incremental GIZA [16] in all our experiments.

Language Model

We trained 5-gram language models on the target side of the training set(s) using SRILM [24],
with modified Kneser-Ney discounting [8].

Tuning

Model weights were tuned with batch MIRA [9].

Evaluation

We use Smooth (sentence-level) BLEU [5], and report the average score over the test set sen-
tences. All our evaluations were performed on lower case, tokenized texts, using the standard
Moses tools for preprocessing.

5.5 Experiments and results

In this section we present experiments conducted with the TL and WIT3 datasets, and their
results.

8http://www.ted.com
9Downloaded from https://wit3.fbk.eu
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Batch updates

We start by providing the results of “regular” batch updates, where the entire training set is
used as a single corpus. The first row of each dataset in Table 11 shows the baseline, when no
new data is used. This is the starting point of a system that was trained on a large amount
of out-of-domain data; in the second row we show the result when 4K (TL) or 40K (WIT3)
bi-sentences are used to update the phrase table (i.e. the translation model), but not the LM
or the reordering table; the third row shows results of updating all three.

Dataset Configuration BLEU

transLectures
Baseline 23.9
Batch, PT only 27.9
Batch, complete 28.3

WIT3
Baseline 29.4
Batch, PT only 30.9
Batch, complete 30.7

Table 11: Results of batch updates.

Unsurprisingly, the addition of the new in-domain data to the phrase table greatly improves
the translation quality; updating the LM and reordering tables adds a bit more on top of that
for transLectures. As mentioned, initial experiments showed that reordering had insignificant
impact on results, and effect may be mostly attributed to the LM update; we therefore assessed
the performance of all following models without updating the reordering table.

Quick updates

We now evaluate the performance of quick update models. Table 12 shows the results of the
three configurations where only the phrase table is being updated with the new data. That is,
the language model and the reordering model are not updated at all. While using the same
amount of data as for the batch updates in Table 11, and even with this partial model update,
each of these configurations outperforms the batch update, over the two datasets. This result
is consistent with prior work on domain adaptation, but the important aspect that we are
concerned with is that this update is much faster. Instead of processing over a million sentence
pairs, only 4,000 (TL) or 40,000 (WIT3) need to be handled.

Dataset Configuration BLEU

transLectures
Old-New 29.4
In-out 29.7
3-tables 30.2

WIT3
Old-New 31.2
In-out 31.7
3-tables 31.2

Table 12: Quick updates, where only phrase tables are updated.

Quick updates of the language model

Next, we evaluate the performance when the LM is also updated. We use multiple LMs,
separated the same way as the phrase tables. This allows quick update of this model as well.
Table 13 shows the results of this set of experiments.
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Dataset Configuration BLEU

transLectures
Old-New 31.2
In-out 31.8
3-tables 31.6

WIT3
Old-New 32.3
In-out 33.1
3-tables 32.3

Table 13: Quick update results, with matching LM and phrase table configurations.

In all cases, results are improved relative to updating only the phrase-table (Table 12).
Updating the LM was expected to help, yet here we experimentally see that even a quick LM
update achieves significant improvements, and is useful for our goal. The best configuration is
In-out for both datasets. This is the slowest of the three configurations; hence, depending on
the data size, the other options may also be considered, and in particular the 3-tables option.

We have seen that the LM quick update on top of the phrase table helps; we now wish to
verify that updating the LM alone is not sufficient. Table 14 shows two such experiments on
the WIT3 dataset. In the first, the target side of the WIT3 training corpus was added to
the Europarl corpus to generate a single LM; in the second, the same WIT3 data was used to
produce a separate LM. Note that the first among these is not a quick update per-se. Yet, LM
generation is much faster than phrase table construction; if the performance is competitive, this
can also be an option to consider.

As it turns out, training of a single LM with the additional data did not improve results
relative to the baseline. Possibly, in-domain data (consisting of less than 4% or the training
data in this case), is diluted in the entire set. More importantly, we see that the quicker update
where the LMs are separated, is better. The performance is similar to the configuration where
only the phrase table is updated but is inferior to all configurations where both models are
updated.

Configuration BLEU

Single LM 29.4
Separate LMs 31.4

Table 14: WIT3, updating only the language model.

Separating the LMs for batch training

Following the above results where LM separation helps, we assess this option with batch updates
as well. Here we maintain a single phrase table, and separate only the LMs. This setting is
still slow, yet somewhat quicker than a complete batch update since the previous LM need not
be generated, just the new one. The more time-consuming steps of alignment and and phrase
table construction are still necessary.

Dataset Configuration BLEU

TL
Batch, single LM 28.3
Batch, separate LMs 31.6

WIT3
Batch, single LM 30.7
Batch, separate LMs 32.6

Table 15: Comparison of batch configurations, with and without separating the LMs for in/out-
of domain data. The single-LM Batch configurations are the same ones shown in Table 11.
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Table 15 shows that LM separation significantly improves results also when the PT is batch-
trained, and while not considered quick, it is useful to separate the LMs between domains also
in this case. The results are still inferior to those obtained by a complete in-out separation, and
are just slightly better than other quick configurations in Table 13.

No-adaptation

So far our results included two types of datasets. We also wish to understand the effect of the
different configurations when only a single domain is concerned. In this setting, In-out and
3-tables are not relevant, only Old-New is, with or without phrase table and LM separation.
The TL data is too small for this experiment, and we use only WIT3, training a model with
30K sentence-pairs and updating it with additional 10K. The results are shown in Table 16.
The first row shows the baseline result before the 10K dataset is used, and the second shows
the result where all data is trained together in a batch setting. The next two rows show quicker
updates: the first – and the quickest – where both phrase table and LMs are separated between
old and new data, and the second, where only the phrase tables are separated.

Configuration BLEU

Baseline 28.2
Batch 29.2
Old-New 28.5
Old-New, single LM 28.9

Table 16: WIT3 results, where only in-domain data is used.

Now that domain adaptation is no longer a factor, Batch achieves the best result. Here,
we can see the benefit of generating models using the entire data. Quick updates are not far
behind, and are, well, quicker. In this setting, separating LMs of the same domain is not useful,
and a better model is obtained when more data is used. Notice, though, that these scores are
inferior to those obtained in previous experiments. Out-of-domain data is very useful, and as
this is case, quick update methods should still be considered.

Tuning

In the experiments presented above, for consistency, tuning was conducted for each of the models
with the actual data used for generating the model. Still, separate experiments show that
tuning is not strictly required for every update. Tuning is likely necessary when a configuration
is changing, either in terms of components, the data split between them, or in terms of the
balance between the datasets. When these remain relatively fixed, and a small amount of data
is added, tuning may be skipped. Two examples are shown in Table 17. In each, the first row
shows the results of a model trained with the Europarl corpus and with partial TL data. The
next two models (rows 2 & 3 for each experiment) use additional 1,000 TL bi-sentences and
differ only in the tuning – while the first was re-tuned, the second was not, and used instead
the tuned weights of the baseline model. We can see that by re-tuning we obtain a small gain
in terms of performance; yet, we greatly lose in terms of time. In most cases, then, tuning can
be skipped for intermediate updates, and reserved only for slow updates.

So far we have seen several options for model updates that can be applied very quickly. Using
the Moses server, once an updated model has been generated, it can be loaded into memory
practically instantaneously, replacing a previous instance of the server that was loaded with a

35



Setting Configuration BLEU

TL, 2K; In-out
Baseline 27.76
Re-tuned 28.45
Not re-tuned 28.31

TL, 4K; Old-New
Baseline 28.51
Re-tuned 29.37
Not re-tuned 29.19

Table 17: Tuning with all available data vs. using a model with the same configuration tuned
with a smaller amount of data.

previous model. That is, as long as all large models are binarized. We can assume binarizing
is done during slow updates, and that small models can be loaded quickly and fit into memory
easily. With In-out we run into the risk that in-domain data also becomes large; this is not an
issue for the 3-tables configuration, where the processed data always remains small.

Incremental training and dynamic suffix arrays

We have extensively experimented with incremental GIZA, and with updates through the dy-
namic suffix array in Moses.10

Suffix arrays constitute an alternative to phrase tables, where the entire training data is
maintained in memory rather than in a phrase table. Dynamic suffix arrays [16] further enable
inserting or deleting training instances, thus updating the translation model without retrain-
ing [3]. Although very efficient in comparison to batch training, the process of incrementally
updating a model with new data with these tools is not as fast as one would expect. Apart
from preprocessing and alignment of the new data (which are required in any case), it requires
updating the vocabulary and cooccurrence files, as well as the HMM probabilities, before the
alignment can be performed. These statistic updates, which operate over the respective files
of the entire data, need to be done independently of the size of the new data. It is therefore
not efficient to run it per sentence, but rather per mini-batch. Once the new data has been
aligned, inserting each bi-sentence into the suffix array is needed to have the translation system
updated. Apparently, this is a time consuming process and cannot be considered real-time
update. Creating a phrase table for the new data, and reloading another instance of the Moses
server, is significantly faster.

We have run multiple comparative experiments with phrase tables vs. suffix arrays, and
with combinations of them both, and observed a significant drop in results whenever the suffix
array was used, with or without Incremental GIZA. A possible reason is the fact that the inverse
translation probabilities were missing in this data structure; yet, an experiment we ran where
the same features were removed from the phrase table as well, did not support this explanation.
Moreover, when an update takes place, the translation server becomes unusable, maintaining
the suffix array in memory takes up a large amount of memory and the updated model cannot
be saved into disk, but needs to be reconstructed later. Further, updates to the LM are not
supported, although this issue was addressed in [15]. All these make this data-structure currently
difficult to use or rely on.11

The potential advantage of principled incremental training is obvious. Taking into account
the previously accumulated data is expected to produce better statistics; doing so while main-
taining the system live and constantly updated is a highly sought-after goal. Yet, aligning all

10We thank Abby Levenberg for his support at this part of the study.
11In summer 2013 a new implementation of the dynamic suffix array has been introduced in Moses, where

all standard 5 features are computed. Some of the above issues may have been handled. To the best of our
knowledge this is still work-in-progress and so far we have not experimented with it.
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data, regardless of the domain, is not always beneficial. Thus, once such tools are stable and
efficient, quick updates may be used in conjunction with incremental training and suffix arrays.
For instance, out-of-domain data can be maintained in a phrase table, while in-domain data
that needs updating is loaded into a suffix array. Preparations for alignment are longer, but
the advantage in comparison to In-out is that only alignment of the new data is necessary, but
not phrase-table generation.

5.6 Quick-update approach: conclusions and recommendations

We have focused here on identifying simple configurations of phrase-based SMT systems that al-
low updating the underlying model quickly, when new training data becomes available. We have
emphasized the applicability to domain adaptation, which is particularly relevant for spoken-
data transcriptions contexts such as transLectures, where seed in-domain parallel resources are
typically scarce. Still, the experiments show that this type of updates is suitable also for single-
domain settings. Multiple configurations were assessed, some of which are based on proven
methods from domain adaptation research, to highlight the preferred ones both in terms of
translation quality and of processing speed. We described how quick updates can be integrated
into the lifecycle of an operational SMT system, enabling efficiently maintaining translation
quality while keeping the system up and up-to-date.

Our results show that quick updates are competitive with batch retraining on corpus con-
catenation, a strong baseline, while being orders of magnitude faster. We have seen that a
complete separation of in- and out-of-domain data usually results with best translation quality;
yet, this option may become slower over time. The 3-tables configuration we proposed solves
this issue, albeit at the price of some drop in performance. A potential improvement for this
configuration would be to reserve some, moderate size in-domain data for training together with
the new data, benefiting from the potential improved alignment, while still keeping the update
fast. Another interesting option to explore would be to use incremental GIZA to align the new
data, but then to load only the new data into a separate phrase table.

Recommendations in the context of the transLectures workflow

The specific setting that will eventually be applied to transLectures depends, among other
things, on the amount of post-edition feedback that is flowing in as well as the computational
resources that are devoted for the update process, and will be determined experimentally, based
on real data flows. Still, we provide below some general guidelines based on our experiments.

As mentioned above, quick updates can be performed, for instance, daily, while slow updates
may be carried out once a week. Once the workflow is in place, the frequency of the updates
can be easily adapted to the actual needs.

Quick updates

Following our experiments, and the time required to perform each task, we look separately at
phrase tables and language models for quick updates:

Language models. Since training a language model is typically much faster than phrase
table construction (and fast in actual time), we recommend using the In-out configuration
for language models. That is, training one LM for all out-of-domain data, and at every quick
update, re-training a second LM with all transLectures data.

Phrase tables. Here we consider two cases:
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1. All accumulated transLectures data is small, and can be processed quickly together. In
this case, we recommend using the In-out configuration, where all transLectures data is
aligned and processed together to construct a single phrase table, in addition to the exist-
ing out-of-domain phrase table that need not be updated. As shown in our experiments,
this is the configuration that yields the best results.

2. transLectures data has grown to the point that makes it computationally costly to process
in a quick update. In such a case, we recommend using the 3-tables configuration. The
out-of-domain table does not change in comparison to the previous case, but the TL data
is now split between two phrase tables. The first is fixed with respect to quick updates,
while the second is updated regularly. Assuming that post-edited data does not flow in
very large daily quantities, we suggest including in the third table not only the data that
was received since the previous batch update; rather, we reserve some of the older TL
data, of an amount that can be processed fast, and training it together with the new data.
This should make the statistics for this table more reliable, while not slowing down the
process too much.

Slow updates

In the weekly (say) slow update, we can carry out any processes that require more time, includ-
ing:

• Updating the out-of-domain table with additional data if any was received.

• Generating an updated reordering model.

• In the 3-tables setting: re-distributing the TL data between two in-domain sets (ta-
bles), such that most data goes to the first “fixed” one among them, and the rest to the
constantly-updated one, and re-training them both.

• Binarizing all models.

• Re-tuning the model based on the entire received data.

Once these have been completed, we’re ready for a new cycle of quick updates.

Lastly, we reiterate our previous recommendation to not use Moses’ dynamic suffix arrays
at this point. However, since this topic has recently received attention by Moses developers, we
propose to be attentive with respect to the status of this component and consider including it
in the workflow in the future. A potential advantage would be the ability to update the models
in real-time.
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