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1 Executive Summary
This deliverable summarizes the progress in WP4 Multi-Lingual MT during the first two years
of the project. We briefly refer to the work that has been completed and reported in Deliverable
D4.1: Initial Report on Multi-Lingual MT, and report all necessary details of new work.
The work package consists of 5 tasks:
T4.1 Baseline MT Models was planned and carried out during the first 6 months of the
project. It provided MT systems to the rest of the main processing pipeline, so that
integration and technical testing could start. All the details regarding our baseline models
are in the previous Deliverable D4.1: Initial Report on Multi-Lingual MT.
We have bilingual or multi-target baseline models for all 43 EUROSAI languages.
T4.2 Document-Level Translation is a research goal somewhat more independent of the remaining tasks. The aim is to substantially improve the practice of handling document-level
context across MT processing stages: training, translation and evaluation. In Section 2,
we report a new study on document-level MT evaluation.
T4.3 Multi-Target Translation explores the setup most needed for ELITR central event,
the EUROSAI congress, where a single speech needs to be translated into up to 43 target
languages. In Section 3, we report our new research progress in massively multi-lingual
MT.
T4.4 Multi-Source Translation aims to improve translation quality by considering other
language versions of the same content. The task is scheduled to start in year 2 and can
consider both written or spoken multi-source. As preparatory steps ahead of time, we
have begun gathering data from training lessons of interpreters to assess if multi-source
could be applied in the ELITR setup of live conference interpretation. More details are
in Section 4.
T4.5 Flexible Multi-Lingual MT is planned for year 3 of the project.

2 Task T4.2 Document-Level Machine Translation (CUNI, UEDIN)
Our progress in the first year of the project (Vojtěchová et al., 2019; Rysová et al., 2019; Popel
et al., 2019; Voita et al., 2019b,a; Popel et al., 2019) is reported in D4.1.
In 2020, in the second year of the project, Zouhar et al. (2020), CUNI, elaborated a new work
on evaluation of document-level translation focused on markables (key terms or expressions to
the meaning of the document) and the negative impact of various markable error phenomena
on the translation.
The full version of the paper is provided in Appendix A. For the annotation experiment,
we chose Czech and English documents (news, audit and lease domains) translated by systems
submitted to WMT20 News Translation Task. Short of annotators expert in the auditing
domain, we sought for methods where also non-experts could assess the translation quality.
We compared three approaches to document translation evaluation, and saw that non-expert
annotators rate most MT systems higher than reference with fluency and adequacy, but reference
still ranks better than most of them when inspecting markable phenomena and their severity.
Inspecting specific markable instances in detail, we found out that MT systems made errors in
term translation, which no human translator would do.
Relating the current observation with the impression from the last year (Vojtěchová et al.,
2019), we conclude that annotators lacking in-depth domain knowledge are not reliable for
annotating on the rather broad scales of fluency and adequacy, but they are capable of spotting
term translation errors in the markable style of evaluation. This is important news because
expert annotators can not be always secured. The method still however has to be improved
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because the inter-annotator agreement was low, possibly due to a rather high number of MT
systems compared at once.

3 Task T4.3 Multi-Target MT (CUNI, UEDIN, KIT)
Last year’s progress is in D4.1 (Zhang and Sennrich, 2019; Zhang et al., 2019) and in Ihnatchenko
(2020).

3.1 Massively Multi-Lingual Models
In D4.1, we reported on our progress towards training deep neural models (Zhang et al., 2019),
and reported first results where we applied the technique of a universal multi-lingual NMT
model (Johnson et al., 2016), as well as using a mix of shared and language-specific model
parameters, in a massively multilingual setting . We have since extended these experiments to
consider an English-centric many-to-many setting, using OPUS-100 as our testbed. Our main
findings are as follows:
• deeper models and language-specific parameters bring improvements of about 4 BLEU on
average in a massively multilingual setting compared to a standard Transformer base.
• in an English-centric setup, we still observe performance degradation (0.5 BLEU) compared to dedicated bilingual systems when translation out of English. When translating
into English, we observe large improvements over dedicated bilingual systems (4.8 BLEU),
which we attribute to the benefits of sharing the English language generation component
across translation directions.
• zero-shot translation, translation quality for translation directions with no parallel training
data, is relatively poor, even with our best models, but can be substantially improved with
the use of random online backtranslation.
Full details can be found in (Zhang et al., 2020), published at ACL 2020 and reproduced here
in Appendix B. For ELITR production systems, we draw the following lessons:
• we will not exclusively rely on massively multilingual models, but will use a mix of bilingual
models (for best quality on the most important translation directions) and multilingual
models (for wide coverage).
• we are currently investigating the balance of quality and efficiency to decide on whether
we can deploy deeper models in production. We also note recent research that shows
better speed–quality trade-offs with an asymmetric depth of encoder and decoder (Kasai
et al., 2020); we do not yet know how well such configurations scale in multilingual setups,
but will consider this for deployment.

3.2 Large Eastern Europe Multi-Target Models
At KIT, we investigate a large multi-target system which translates from English into three
different Eastern European languages: Croatian, Slovenian and Polish. The system has been
trained using relatively large corpora harvested from different sources. Table 3.2 shows the
corpora we used and their sizes.
The motivations for building such a multilingual system is that Croatian, Slovenian and
Polish belong to West and South Slavic language families, sharing similar alphabets and it is
convenient to train and deploy a single multilingual translation model instead of building several
bilingual ones.
Various studies show that multilingual systems for high-resource languages, i.e. being trained
with large corpora, without any special treatment, usually perform worse than the bilingual
Page 5 of 43
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Dataset
DGT v2019
TED
EUconst
Europarl v8
GlobalVoices
JRC-Acquis
QED
HrWaC
OpenSubtitles v2018
ParaCrawl
Tatoeba
SETimes
Wikipedia
TOTAL

English-Slovenian
3,626,000
16,800
6,600
605,000
31,000
74,900
16,400,000
3,738,000
3,200
81,500
24,583,000

English-Croatian
669,000
105,900
196,600
96,400
28,800,000
6,959,000
2,400
204,100
2,200
37,035,600

English-Polish
3,665,000
166,500
6,300
613,000
48,900
1,055,200
482,800
34,600,000
13,745,000
54,200
168,600
54,605,500

systems trained on the same amount of data. Our experiments (Figure 3.2) confirm this.
However, the reducing cost of training and deployment in our case compromises the degradation
of the multilingual system compared to the bilingual systems.

3.3 Unsupervised Transfer Learning for Multilingual Systems
We have been exploring the way to add new languages into already-trained multilingual systems without having parallel or multilingual data of those languages and the existing languages
in such systems (i.e. zero-shot translation and continual learning). Basically, we performed
unsupervised transfer learning from the multilingual system with augmented cross-lingual embeddings so that the system can translate unseen inputs from a new language. In particular,
the transfer learning consists of the following steps:
1. Train the multilingual system for the language set Lbase using the universal approach (Ha
et al., 2016) with the shared embeddings between source and target sides.
2. Create cross-lingual embeddings for all languages including the new language ℓnew we want
to add by aligning all the monolingual word embeddings for each language ℓ ∈ Lbase ∪ ℓnew
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European Live Translator
D4.2: Intermediate Report on Multi-Lingual MT
from fastText’s pre-trained word embeddings (Bojanowski et al., 2017) into a common
space following the cross-lingual embedding alignment approach (Joulin et al., 2018)
3. Augmented the multilingual system by replacing its embeddings with the cross-lingual
embeddings which have been learned from Step 2.
4. Fine-tune the augmented multilingual system on the synthetic parallel data which is created by taking a noised version of the monolingual corpus of the language ℓnew as the
source and its original version as the target. The noised version is derived by slightly
shuffling some of the words for every sentence in the monolingual corpus. The purpose is
to learn the syntax of that language ℓnew via this kind of denoising auto-encoding.
We experimented with two new languages: Portuguese (Pt) and Russian (Ru), adding to
the existing multilingual system of German (De), English (En), Spanish (Es), French (Fr) and
Italian (It). Table 3.3 summarizes our experimental results. We can see that our method
performs better when adding Portuguese, which has the same alphabet and belongs to the same
or similar language families to the existing languages in the multilingual system (Romance in
case of Spanish, French and Italian and West Germanic in case of English and German). On the
other hand, the performance of Russian system is worse due to the fact that it has a different
alphabet (Cyrillic) and belongs to a different language family (East Slavic).
Unsupervised
Supervised

De-Pt
17.0
21.9

En-Pt
28.1
35.8

Es-Pt
27.1
32.9

Fr-Pt
21.5
27.1

It-Pt
20.8
26.2

De-Ru
8.1
15.1

En-Ru
8.7
17.2

It is expected that our method performs worse than the supervised setting which uses parallel
corpora, e.g. German-Portuguese. But there are several important advantages that our method
brings:
• We do not need to have parallel data. It is extremely helpful if we work with a low-resource
language that does not have any parallel data to the existing languages in the system.
• We can perform continual learning. If we want to translate to the new language, we do
not need to train the multilingual system with the new language from scratch.

3.4 Exploring Mid-Sized Multi-Lingual Models
In D4.1 (Section 4.2), we have described a series of experiments we have conducted with training
mid-sized multi-lingual models using the ELITR OPUS Corpus v1.0 (described in D1.1). We
then extended the experiments with:
• removing the test-train overlapping sentences from the training set;
• training more models.
The results were presented in the master thesis by (Ihnatchenko, 2020).
We arranged the experiments in the same way as in D4.1. We wanted to check how the relatedness of target languages affects the model’s translation performance for specific translation
directions. To do so, we trained two groups of models: with randomly selected target languages
and with the related ones. The “random” group consisted of models where we added random
target languages to the mix. The “related” group contained the models, where we have added a
group of mutually-related target languages to the mix, i.e., for the En→{De, L1, L2, …} model,
where L1, L2, and others are some of the Germanic languages, such as Dutch, Norwegian, etc.
We later evaluated the selected translation directions of all the trained models on the domainspecific test sets. E.g., for En→De translation direction, in the ELITR OPUS Corpus v1.0, there
are such test sets as, for example, News-Commentary/v9.1, MultiUN/v1, OpenSubtitles/v2018,
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etc. Each of such domain-specific and translation-direction-specific test sets contains 2000 sentence pairs. The results are later aggregated also by the number of target languages so that for
each domain-specific test set there are results for En→{De+1 random language}, En->{De+1
Germanic language}, En→{De+2 random languages}, En→{De+2 Germanic languages}, etc.
After that, we compared these mean values for each translation direction, test set, and the
number of added target languages separately.
In some cases, we observed an improvement of 1–1.5 BLEU. In most cases, the improvement
of mean results was less than 0.5 BLEU for a test set containing 2000 sentence pairs, which may
not be enough to draw a strong conclusion (Card et al., 2020).
In other words, selecting the related target languages insignificantly improves the model’s
performance compared to random languages in the multi-target model, given a fixed test set
and a fixed number of target languages in the model. The setting with related languages in the
model almost never lead to a decrease compared to random selection.
In most cases, however, multi-target models perform slightly worse than bilingual baselines.
The only exceptions are the setups where the bilingual model is under-performing, e.g. due to
bad domain match of the training and test data. There the multilingual setup can bring some
minimal improvement.
We thus arrive at this recommendation for the rest of the project:
• If affordable in terms of hardware resources, use bilingual models.
• If you have to resort to multi-lingual ones, prefer related target languages.
• In other situations, multi-target models with a random set of target languages are acceptable and not causing too bad loss of performance. This was experimentally tested with
up to 5 target languages in the mix.

4 Task T4.4 Multi-Source MT (CUNI, UEDIN, KIT)
This task aims to research ways to create one NMT model, which can translate from multiple
parallel language versions of the source into one or more target languages. It may be useful
in situations, where translations into many targets must be created in a short time. The
existing parallel translations may simplify translating into other languages, it may help to
disambiguate the context. On the other hand, it is possible that the ambiguous words that
need disambiguation by a combination of languages, are very rare and that the second source
confuses the model, so the benefits may not overweight the costs.
We are somewhat behind our plans in multi-source experiments. We have yet to examine
large data setting which is more relevant for practical use. So far, we research the behaviour of
parallel multi-source models on a small trial data set Multi30k (Section 4.1).
The second usecase of parallel multi-source is the spoken language, the conferences with
simultaneous interpretation. The SLT relies on automatic speech recognition, which is very
sensitive to the speaker, non-native accents, domain, etc. We assume that a second source may
improve the quality of recognition and translation. However, we miss a large data set for the
research, and therefore we first create and analyze it. See Section 4.2.

4.1 Multi-Source Analysis with Multi30k
We experimented with Multi-Source MT by experimenting with setups with up to three source
languages and one target language (details in Appendix C). The experiments concentrated on
trying to study the distribution of attention among different sources and the decoder during
prediction of an output token in a forced decoding setting. For the experiments, we used the
architectures proposed in Libovický and Helcl (2017) and used the sentinel mechanism proposed
in Lu et al. (2017). We used German, French and Czech as source languages and English as
the target language for the experiments. The results were presented at the 56th Linguistics
Colloquium and our main findings can be summarized as follows:
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• In our multi-source models, one single language always ended being relied on by the
decoder for prediction of most tokens.
• The inclusion of French as one of the source languages (in models with two and three
encoders) improved the BLEU score of the model. However, the French source was never
much consulted by the decoder during the prediction of the output tokens.
• In the case of shorter sentences, the model relied less on the information from the source
and instead chose to trust its own output.

4.2 Initial Analysis of Interpretation Corpus
We aim to propose a parallel multi-source speech translation system. A machine, contrary to
humans, can process multiple parallel input audio streams at once, e.g. an original speaker
and one or more simultaneous interpreters, and can use all of them as sources for translation.
We suppose that the additional source may help to disambiguate the context and improve the
quality, and that it can be used in simultaneous translation.
The first subproblem for the research in this area are the data. There is no corpus of
simultaneous interpretation (SI) usable for our work. Therefore, we decided to first create
our own corpus from European Parliament (see deliverable D1.5) and use it in the subsequent
research on this task. This situation makes us to continue with task T4.4 in the following year.
Although the corpus is not yet completed, we have already started to analyze human SI on
the first part. We intend to measure the delay or other features of human SI, which we can use
for research of simultaneous machine translation.
We automatically detected the starts and ends of the individual speeches, and processed
them by ASR. We filtered out those which were probably not correctly processed, and compiled
a set of 4 127 speeches (around 131 hours) given originally in English, with SI into Czech.
We processed word alignments, and segmented the speeches to presumably parallel parts, by
selecting the aligned words on diagonal, which separated the speech to non-overlapping parts.
This approach is very inaccurate, and we plan more work on improving the alignments by
validation on manually transcribed validation set, using the timing information properly, etc.
However, by this approach we could already measure that the median ear-voice-span delay (the
lag of the the interpreter behind the source) is 3.02 seconds, and 99% of words are translated
by SI in less than 7.81 seconds. From this, we can conclude the following:
• Machine simultaneous translation should probably target to the delay of 8 seconds, to be
comparable to human SI.
• Machine multi-source speech translation may expect the parallel words within 8-second
windows.
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Abstract
Even though sentence-centric metrics are
used widely in machine translation evaluation,
document-level performance is at least equally
important for professional usage. In this paper,
we bring attention to detailed document-level
evaluation focused on markables (expressions
bearing most of the document meaning) and
the negative impact of various markable error
phenomena on the translation.
For an annotation experiment of two phases,
we chose Czech and English documents translated by systems submitted to WMT20 News
Translation Task. These documents are from
the News, Audit and Lease domains. We show
that the quality and also the kind of errors
varies significantly among the domains. This
systematic variance is in contrast to the automatic evaluation results.
We inspect which specific markables are problematic for MT systems and conclude with an
analysis of the effect of markable error types
on the MT performance measured by humans
and automatic evaluation tools.

1

Introduction

This paper presents the results of our test suite for
WMT20 News Translation Task.1
The conclusion of Vojtěchová et al. (2019), a last
year’s similar effort, states that expert knowledge
is vital for correct and comprehensible translation
of professional domains, such as Audits or Lease
agreements. Furthermore, even MT systems which
make fewer mistakes and score above others in
both automatic and manual evaluations are prone
to making fatal errors related to markable conflicts,
which render the whole document translation unusable.
1
http://www.statmt.org/wmt20/
translation-task.html

In this study, we aim to organize and describe
a more detailed study with a higher number of annotators. We show three evaluation approaches:
(1) automatic evaluation, (2) fluency and adequacy
per document line and (3) detailed markable phenomena evaluation. We compare the results of this
evaluation across the three domains and try to explain why all of these evaluations do not produce
the same ordering of MT systems by performance.
This paper is organized accordingly: Section 1.1
defines the term “Markable”, Section 1.2 describes
the examined documents and Section 2 introduces
the two phases of our annotation experiment and
shows the annotator user interface in Section 2.3. In
Section 3, we discuss the results from both phases
and also automatic evaluation. The main results of
this examination are shown in Section 3.5 and specific markable examples are discussed in Section 4.
We conclude in Section 5.
1.1

Markable Definition

A markable in this context is an occurrence of any
technical or non-technical term or expression that
satisfies at least one of the following conditions:
1. The term was translated into two or more different ways within one document.
2. The term was translated into two or more different ways across several translations.
3. Two or more terms were translated to a specific expression in one document but have different meanings.
To be a markable, the term or expression does
not have to be a named entity, but it must be vital to
the understanding of the document. In the same order we show examples which satisfy the definition
conditions.
1. bytem – It was translated within one document
into an apartment and a residence.
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Document

Sentences

Direction

Lease

29

cs→en
en→cs

Markable
occurrences
73
70

Cars

18

cs→en

11

Brno Grand Prix competition article +
highway accident report

Audit

90

cs→en
en→cs

28
18

Supreme Audit Office audit report

Speech

13

en→cs

15

Greta Thunberg’s U.N. speech article

Total

269

-

215

-

Description
Housing lease agreement

Table 1: Summary of examined documents with translation directions, number of lines and number of markable
occurrences.

2. rodné čı́slo – It was translated in one translation to social security number and in another
translation to identification number.
3. nájemce, podnájemce – They have different
meanings and in one document they were both
translated to tenant.
Markables were proposed first by the annotators
in the first phase of annotation in Section 2.1 and
then filtered manually by us.
1.2 Test Suite Composition
We selected 4 documents, 2 of which were translated in both directions totalling 6 documents. We
chose 2 from the professional domain (Audit and
Lease) and 2 from the News domain. The overview
of their size is shown in Table 1. The number
of markable occurrences is highly dependent on
the document domain with the Agreement domain
(Lease document) containing the most occurrences.
All of the MT systems are participants of the
News Translation Task, and we test their performance even outside of this domain. Most of them
were bi-directional, and we join the results from
both directions when reporting their performance.
The only exceptions are eTranslation (only en→cs)
and PROMT NMT (only cs→en).
1.3 Data and Tools Availability
All of the document translations and measured data
are available in the project repository. Furthermore,
the used online markable annotation tool written
in TypeScript and Python is documented and also
open-source.2
2

github.com/ELITR/wmt20-elitr-testsuite

2 Annotation Setup
For both phases of this experiment, we used 10
native Czech annotators with English proficiency.
None of them were professional audit or legal translators. Because each annotator annotated only one
or two documents, the aggregated results across
domains, labelled as Total, are of less significance
than the results in individual domains.
2.1

Manual Document Evaluation

In this phase of the experiment, we wanted to measure the overall document translation quality and
also to collect additional markables for use in the
following experiment part. We showed the annotators the source document (in Czech) with a line
highlighted and then underneath all its translation
variants (in English). The current line was also
highlighted. Next to every translation was a set of
questions related to the just highlighted lines:
• Adequacy: range from 0 (worst) to 1 (best)
measuring how much the translated message
is content-wise correct regardless of grammatical and fluency errors.
• Fluency: range from 0 (worst) to 1 (best)
measuring the fluency of the translation, regardless of the relation of the message to the
source and the correct meaning.
• Markables: A text area for reporting markables for the second phase.
• Conflicting markables: checkbox for when
there is a markable in conflict (e.g. the terminology change) with a previous occurrence
in the document. This corresponds to the
first condition in the markable definition in
Section 1.1. The default value was No (no
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conflict) because the distribution was highly
imbalanced.
•
Bojar et al. (2016) summarize several methods
for machine translation human evaluation: FluencyAdequacy, Sentence Ranking, Sentence Comprehension, Direct Assessment, Constituent Rating
and Constituent Judgement. For our purposes,
we chose a method similar to Fluency-Adequacy
as one of the standard sentence-centric methods.
The difference to the method described is that we
showed all the competing MT systems at once,
together with the whole document context. Ultimately, we would like the users to rate FluencyAdequacy of the whole documents, but we suspected that asking annotators to read the whole
document and then rating it on two scales would
yield unuseful biased results.
2.2 Manual Markable Evaluation
In the following phase, we focused on markables
specifically. For every markable in the source, we
asked the annotators to examine 11 phenomena. If
the given phenomenon is present in the examined
markable occurrence, a checkbox next to it should
have been checked (Occurrence). Further on a
scale 0–1 (not at all–most) the annotator should
mark how negatively it affects the quality of the
translation (Severity). We list the 11 phenomena
we asked the annotators to work with:
• Non-translated: The markable or part of it
was not translated.
• Over-translated: The markable was translated, but should not have been.
• Terminology: The translation terminology
choice is terminologically misleading or erroneous.
• Style: An inappropriate translation style has
been selected, such as too formal, colloquial,
general.
• Sense: The meaning of the whole markable
translation is different from what was intended
by the source.
• Typography: Typographical errors in translation such as in capitalization, punctuation,
special character or other typos.
• Semantic role: The markable has a different
semantic role in translation than in the source.
Without any specific linguistic theory in mind,
we provided four basic roles for illustration:
agent (story executor), patient (affected by the

•

•

•

event), the addressee (recipient of the object in
the event), effect (a consequence of the event).
Other grammar: Other grammatical errors
such as bad declension or ungrammatical form
choice.
Inconsistency: A different lexical translation
option than the previous occurrence was used.
It is enough to compare only with the previous
occurrence and not with all of them.
Conflict: The translation conflicts with another markable or term in the document. This
and another markable translates to the same
word.
Disappearance: The markable does not appear in translation at all.

The choice to focus on markables was motivated
by the aim to find a way to measure documentlevel performance using human annotators. A good
markable translation is not a sufficient condition
for document-level performance, but a necessary
one. This approach is similar to Constituent Ranking/Judgement described by Bojar et al. (2016)
with the difference that we chose to show all the
markable occurrences in succession and in all translations in the same screen. We showed the whole
translated documents context so that the annotators
could refer to previous translations of the markable
and the overall context.
2.3

Interface

Figure 1 shows the online interface for the second
phase of this experiment. The first text area window contains the source document (e.g. in English).
Below it are several translations (e.g. in Czech).
Next to each translation is a set of questions. In the
source, the current markable occurrence, to which
the questions relate, is always displayed in dark
blue. The current sentence is highlighted in the
translations with light blue. The target words which
probably correspond to the current markable (via
automatic word alignment) are highlighted in dark
blue as well. This alignment is present only for
quick navigation as it is not very accurate. In translations, the remaining occurrences of a given markable are highlighted in green to simplify checking
for inconsistency.
The FOCUS button is used to scroll to the current
line in all text areas in case the user scrolled the
view to examine the rest of the document.
In the first phase, the annotators could return to
their previous answers and adjust them, but before
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Figure 1: Online interface for markable annotation with highlighted segments. The 12 other translations are in the
rest of the page, not fully visible here.

continuing to the next line, they had to fill in the
current fluency and adequacy. In the second phase,
the annotators could freely return to their previous
answers and adjust them. The most straightforward approach for them was to annotate a single
markable occurrence across all MT systems and the
switch to the next one as opposed to annotating all
markable occurrences in the first translation, then
all markable occurrences in the second translation,
and similarly the rest.
As soon as we aggregate the statistics over multiple documents (or even translation directions),
the effects of which particular annotator annotated
which document can start playing a role, but we
hope they cancel out on average.

for News and Audit (39.43% and 23.23%) suggests
some statistically sound phenomena. We measured
the standard deviation across MT systems within
individual domains: News (6.19), Audit (2.34) and
News-Lease (2.74). The Audit domain was generally the least successful for most of the submitted
systems (see Table 3) and the Lease domain was
more stable in terms of variance. The MT system
BLEU variance over annotated lines hints that the
better the system, the higher variance it has. This
may be because most of the best MT systems are focused on News and fail on other domains, while the
lower performant MT systems are low performant
systematically across all domains.
3.2

3
3.1

Results
Automatic Evaluation

We measured the system quality using BLEU (Papineni et al., 2002) against a single reference. The
results sorted by the score across all documents are
shown in Table 2. BLEU scores across different test
sets are, of course, not comparable directly. Only
a very big difference, such as that of eTranslation

Overall Manual Evaluation

From the first phase (Section 2.1) we collected
13×328 = 4264 line annotations. From the second
phase (Section 2.2) we collected 13×499 = 6487
markable annotations. The average duration for
one annotation of one translated line in the first
phase was 25s, while one annotation of one systemmarkable occurrence in the second phase took only
8s.
Fluency and Adequacy correlate per line together
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eTranslation

8.13

SRPOL

3.08

OPPO

5.23

CUNI-Transformer

2.36

CUNI-T2T-2018

3.92

PROMT NMT

2.83

UEDIN-CUNI

5.03

Online-A

4.64

Online-G

4.21

Online-Z

3.54

zlabs-nlp

3.60

Table 2: MT system results measured by BLEU together with standard deviation measured from all sentences. Sorted by the first column. Full black box indicates 40% BLEU, empty 15% BLEU.

strongly (0.80), and their product correlates negatively (-0.33) with the number of wrong markables. Because of this strong correlation and also
the need to describe the result of the first phase
by one number, we focus on Fluency×Adequacy.
Table 3 shows the average Fluency×Adequacy as
well as the average number of reported wrong markables per line.
Document
Audit →cs
Audit →en
Lease →cs
Lease →en
News →en
News →cs
Average

Mult.
0.95
0.81
0.78
0.78
0.74
0.65
0.79

Mkbs.
0.08
1.23
0.33
0.30
0.65
0.83
0.73

BLEU
28.61 ±5.13
32.68 ±5.07
33.50 ±4.96
35.44 ±4.94
30.68 ±5.05
38.67 ±4.93
33.57 ±4.93

Table 3: Document average (across all systems) of
Fluency×Adequacy (Mult.), number of reported wrong
markables per line (Mkbs.) and BLEU.

Std Dev

5.02

Lease

CUNI-DocTransformer

Audit

7.94

The performance per MT system and domain can
be seen in Table 4. The reference translation received a comparably low rating in especially the
Audit domain and fared best in the News domain.
We see this as a confirmation of the last year’s observation and a consequence of using non-expert
annotators, who may have not annotated more complex cases thoroughly and were more content with
rather general terms and language than what is correct for the specialized auditing domain.
No system has shown to be risky (high average
but also with high variance). The last column in
Table 4 shows, that the better the system, the more
consistent it is (lower variation across documents).
This did not occur with BLEU.
The ordering of systems by annotator assessment
is slightly different than by automatic evaluation
(Section 3.1). The automatic evaluation correlates
with annotator rating (Fluency×Adequacy) with
the coefficient of 0.93 (excluding Reference).
News

Online-B

3.3 MT System Performance

Total

Std Dev

Lease

Audit

News

Total
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CUNI-DocTransformer

0.46

OPPO

0.46

CUNI-Transformer

0.47

Online-B

0.48

SRPOL

0.48

CUNI-T2T-2018

0.50

eTranslation

0.51

UEDIN-CUNI

0.51

PROMT NMT

0.49

Online-A

0.51

Reference

0.52

Online-Z

0.53

Online-G

0.54

zlabs-nlp

0.57

Table 4:
MT system results measured by
Fluency×Adequacy together with standard deviation measured from Total. Sorted by the first column.
Full black box indicates 100%, empty 40%.
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Notable is the distinction in the performance of
eTranslation in the Audit domain. Its BLEU in this
domain (23.23%, Table 2) was below average, however it performed best of all submitted MT systems
in terms of Fluency×Adequacy (98.62%, Table 4),
above Reference. Closer inspection revealed that
the translations were very fluent and adequate but
usually used vastly different phrasing than in the
Reference, leading to very low BLEU scores.

ing higher average Occurrence, but lower average
Severity (first column in Table 5). Furthermore, the
Reference had a higher number of Inconsistence
occurrences, but with lower Severity. This means
that most of these Inconsitencies were not actual
errors. This is expected, as careful word choice
variation improves the style and requires having an
overview of previously used terms in the document.
Over-translation occurred rarely and in those
cases, mostly in names (example shown in Figure 3). Other grammar manifested itself most
severely in gender choice when translating sentences with person names without any gender indication from English to Czech. Similarly, Style was
marked mostly in direct speech translation. The
system used informal singular form addressing instead of plural. These two phenomena are shown
in Figure 4.

Source:
In the vast majority of cases, the obligations arising
from contracts for financing were properly implemented by the beneficiaries.
Reference:
Ve většině přı́padů byly závazky vyplývajı́cı́ z
podmı́nek podpory přı́jemci řádně plněny.
eTranslation: (BLEU: 9.24%)
většině přı́padů
přı́padů přı́jemci
přı́jemci řádně
řádně plnili
Ve
Ve velké většině
Source & Reference: Karolı́na Černá
vyplývajı́cı́ ze smluv o financovánı́..
povinnosti vyplývajı́cı́
Translation: Caroline Black
CUNI-DocTransformer: (BLEU: 41.21%)
většině přı́padů
přı́padů byly
byly závazky
závazky vyplývajı́cı́
vyplývajı́cı́
V naprosté většině
Figure 3: Example of overly-translated named entity, it
přı́jemci řádně
řádně plněny.
plněny.
ze smluv o financovánı́ přı́jemci

is the name of one of the parties in the Lease agreement.

Figure 2: Example translations by eTranslation and
CUNI-DocTransformer together with Source and Reference. N-grams present in Reference are underlined.

The example in Figure 2 shows activization
(opposite of passivization) in the translation by
eTranslation (the beneficiaries fulfilled their obligations) instead of (obligations were fulfilled by
the beneficiaries). This resulted in much lower ngram precision and BLEU score in general, even
though the sentence is fluent and more adequate
than both the Reference and translation by CUNIDocTransformer.
3.4 Markable Phenomena and Systems
Table 5 shows an overview of types of markable
phenomena with the average number of occurrences and Severity across systems. For all systems, Terminology and Conflicting markables had
the most significant impact on the translation quality. These two categories clearly differ in Severity
with markable conflicts being much more severe
than terminological mistakes.
Inconsistency, Typography and Disappearance
phenomena also heavily impacted the translation
quality, although with varying distribution of Occurrences and Severity.
Reference differs from MT systems by hav-

Source:
“How dare you?” Thunberg’s U.N. speech inspires
Dutch climate protesters
Reference:
“Jak se opovažujete?” projev Thunbergové v OSN
inspiroval nizozemské protestujı́cı́ proti změnám
klimatu
Translation:
“Jak se opovažuješ?” Thunbergův projev OSN inspiruje nizozemské klimatické demonstranty
Figure 4: Example of bad translation style.

Noteworthy is the correlation between phenomena across systems. The highest values were between Sense and Terminology (0.89), Terminology and Inconsistency (0.83) and Sense and Other
grammar (0.82). There is no straightforward explanation of this correlation except the obvious that
a good system is good across all phenomena. The
correlation in the last phenomena pair suggests that
the Other grammar category is too coarse and contains other subcategories.
3.5

Markable Phenomena and Domains

The results of markable phenomena across different
domains is shown in Table 6.
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Semantic role

Other grammar

Over-translated

Style

Non-translated

Disappearance

Sense

Typography

Conflicting

Inconsistency

Terminology

Average
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CUNI-DocTransformer
Reference
eTranslation
CUNI-Transformer
OPPO
Online-B
Online-A
CUNI-T2T-2018
SRPOL
UEDIN-CUNI
PROMT NMT
Online-G
zlabs-nlp
Online-Z
Table 5: Model results across 11 phenomena measured on markables together with their average. Each box is split
into two bars: average Occurrence (left) and average Severity (right). Full left and right bars indicate occurrence
in 20% of all markable instances and 100% Severity, respectively. Rows are sorted by Occurrence×Severity in the
first column and columns, excluding Average, by the phenomena average Occurrence×Severity.

The second to last column is the correlation
(across systems) between Occurrence×Severity
and the BLEU score. The last column in Table 6
shows the correlation (across systems) between
the two human scores: Occurrence×Severity and
Fluency×Adequacy from the first phase of this experiment.
Since both BLEU and Fluency×Adequacy are
positive metrics (the higher the score, the better the
performance) and Occurrence×Severity is an error
metric (the higher the number, the worse the performance), high negative correlations mean, that the
metrics are mutually good performance predictors.
The strongest correlations are: Conflicting
(-0.58), Non-translated (-0.55) and Semantic role
(-0.41). Except for Non-translated, the reason is
clear: BLEU is unable to check grammatical relations and never looks across sentences. We find the
fact, that BLEU result was in agreement with error

marking for these phenomena, to be positive.
Positive correlations (i.e. mismatches) were
reached for Disappearance (0.28) and Overtranslated (0.33), which is somewhat surprising
because here BLEU has a chance to spot these errors from the technical point of view: shorter output
could fire brevity penalty and missing terms where
the exact wording is clear because they appear already in the source should decrease BLEU score.
The overall correlation between Occurrence×Severity and Fluency×Adequacy is more significant
than the correlation with BLEU. The most correlating variables are: Sense (-0.84), Other grammar (-0.84), Terminology (-0.81) and Inconsistency
(-0.59).
Interesting is the markable phenomena Disappearance and Sense because of their high difference in correlations between BLEU and human
score correlations.
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Mult. corr.

BLEU corr.

Audit

Lease

Total

News
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Average

-0.45 -0.79

Terminology

-0.38 -0.81

Conflicting

-0.58 -0.45

Inconsistency

-0.36 -0.59

Typography

-0.31 0.25

Sense

-0.29 -0.84

Disappearance

0.28 -0.46

Non-translated

-0.55 -0.50

Style

-0.07 -0.44

Over-translated

0.33 -0.37

Other grammar

-0.37 -0.84

Semantic role

-0.41 -0.24

Table 6: Document domain average (across all
systems) of markable phenomena.
Sorted by
Occurrence×Severity in the first column. Full left
and right bars indicate occurrence in 20% of all
markable instances and 100% Severity, respecively.
The last two columns show correlation between
Occurrence×Severity and BLEU and user ratings from
Phase 1, respectively.

3.6

Annotator Agreement

We would like to bring attention to inter-annotator
agreement for the second annotation phase. Table 7
lists the following metrics, which are computed
pairwise and then averaged:
Plain inter-annotator agreement (IAA) reports
the percentage of pairs of annotations where the
two annotators agree that a given phenomenon was
or was not present. IAA shows high numbers in all
cases but it is skewed by the heavily imbalanced
class distribution: most often, a phenomenon is not
present; see the left sides of squares in the leftmost
column in Table 6 for distribution reference.
Cohen’s Kappa (Kappa), measured also pairwise,
isolates the effect of agreeing by chance and reveals
that a good agreement is actually reached only in
the cases of Disappearance, Terminology and Overtranslated, which are less ambiguous to annotate.
It is unclear what is the reason behind the low Kap-

Phenomenon
Disappearance
Typography
Sense
Style
Terminology
Inconsistency
Non-translated
Conflicting
Other grammar
Semantic role
Over-translated

IAA Kappa Corr.
0.90
0.43 0.52
0.95
0.20 0.55
0.91
0.17 0.73
0.94
0.24 1.00
0.90
0.41 0.07
0.88
0.13 0.18
0.94
0.20 0.64
0.77
0.02 1.00
0.96
0.10 1.00
0.97 -0.01 0.98
0.37 1.00

Corr.+
0.06
-0.13
-0.09
0.19
-0.03
-0.08
0.30
0.62
-0.35
0.43
1.00

Table 7: Annotator agreement of Occurence marking
(Inter Annotator Agreement and Cohen’s Kappa) and
agreement in Severity (two versions of Pearson Correlation) with respect to every markable phenomenon.

pas, but we speculate that it is due to insufficient
attention of the annotators: they would perhaps
agree much more often that an error occurred but
they were overloaded with the complexity of the
annotation task and failed to notice on their own.
Plain Pearson Correlation (Corr.) was measured
on Severities in instances where both annotators
marked the phenomenon as present. This, however,
disregards the disagreement in cases one annotator did not mark the phenomenon. For this, we
also computed Corr.+, which examines all pairs in
which at least one annotator reported Severity and
replaces the other with zero.
We observe a big difference in the correlations.
In cases where both annotators agreed that there
was an error they tend to agree on the severity of
the mistake, except Terminology and Inconsistency.
If the cases where only one annotator marked the
error are included, then the agreement on Severity
is non-existent, except Over-translation and Conflicting translation.
3.7

Translation Direction

We also examined how the language translation
directions affect the results. Most notable is CUNIDocTransformer, which performs worse when
translating into Czech. With only 0.01% higher
Occurence of markable phenomena, the Severity
increased by 20.81%. This is not something which
we observed in other systems. The translation
into Czech brought on average 0.01% higher Occurrence, but the Severity on average dropped by
3.99% when switching from English→Czech to
Czech→English. The explanation supported by
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the data is that in translation into English, CUNIDocTransformer did not make any mistakes (or
native Czech annotators did not detect them) and in
translating into Czech, more issues were detected.
Since the average Severity is measured across all
phenomena, then the higher Severity in specific
markable cases (Over-translated, Sense, Style and
Disappearance) raised the overall average.

4 Annotation Examples
In the following figures (Figure 5, Figure 6 and
Figure 7) we show annotated excerpts with BLEU,
Fluency, Adequacy and markable phenomena severities. References are here to convey the Czech
source segment meanings. They were not shown
to the annotators. Examined markables are underlined.
Reference:
This Supplement No. 1 is written and signed in 2
(in
words:
in words
words two) copies, each of which is valid for
the original.
Translation:
This Appendix 1 is drawn up and signed in two
copies, each of which has the validity of the original.
BLEU: 23.59%, Fluency: 1, Adequacy: 0.9
Disappearance: 1
Figure 5: Example sentence markable (in
words)
in words
words annotation from Czech Lease document, translated by
OPPO.

The example in Figure 5 focuses on intentional,
key information duplication (for clarity and security reasons) of the number of signed copies. This
duplication was however omitted in the translated
output. The output is otherwise fluent and even
received higher fluency than the Reference, which
has an average fluency of 0.8.
Noteworthy is also another markable visible
in the same figure, namely the referred section
name: Appendix
Appendix 11.
1 Even though this word is
different from the markable in the Reference:
Supplement
Supplement No.
No. 11,
1 it is used consistently across
the whole document. Another variant of the translation is: Amendment
Amendment No.
No. 11.
1 OPPO, together with
Online-Z are the only systems which translated this
markable correctly and consistently. Most of the
systems (zlabs-nlp, Online-A, Online-B, Online-G,
UEDIN-CUNI, CUNI-T2T-2018) switched incon-

sistently between the lexical choice. Other systems
(SRPOL, eTranslation, CUNI-Transformer, CUNIDocTransformer) were consistent in the main word
choice, but not either in capitalization or number
(e.g. Appendix
Appendix No.
No. 11 and Appendix
Appendix 11).
1
Word variability (i.e. inconsistency) is often
used to make the text more interesting, but in this
context, it is vital that the term is translated consistently. Most of the systems, which outperformed
even the Reference, made a severe error in this
case.
Reference:
The most expensive item to be paid before the
Grand Prix is the annual listing
listing fee. This year, the
fee was around 115 million Czech crowns. ”Masses
of people who come to Brno to see the Grand Prix
spend money here for their accommodation, food
and leisure activities, which should more or less balance out the cost associated with the organization
of the event, including the listing
listing fee,” economist
Petr Pelc evaluated the situation.
Translation:
The most expensive item is a breakdown
breakdown fee every
year before the Grand Prize. This year was about
a hundred fifteen million crowns. ”Mass of people who will come to Brno at the Grand Prix will
spend money on accommodation, food or entertainment, which should more or less balance the costs
associated with organizing the event, including the
unifying
unifying fee,” the economist Petr Pelc assessed.
BLEU: 26.59%, Fluency: 0.6, Adequacy: 0.4
Terminology: 1, Sense: 1, Inconsistency: 1
Figure 6: Example sentence markable (listing
fee)
listing fee
fee annotation from Czech News document, translated by
CUNI-T2T-2018.

Figure 6 shows a listing
listing fee
fee incorrectly transbreakdown and unifying
lated as breakdown
fee.
unifying fee
fee This markable translation is interesting in the fact that systems were again very inconsistent with the markable translation choice. The wrong lexical choices
were: landing
landing,
paving,
parking,
refill,
landfill,
landing paving
paving parking
parking refill
refill landfill
landfill
security zalistovacı́ho
zalistovacı́ho leasing
leasing drop-in
drop-in back-up
back-up
security
security,
zalistovacı́ho,
leasing,
drop-in,
back-up,
reforestration,
clearance,
referral,
reforestration
reforestration clearance
clearance referral
referral padding
padding fee and
stamp
stamp duty
duty.
duty Good translations were: listing
listing and
registration
registration fee.
Online-B and CUNI-DocTransformer made
good and consistent lexical choices. SRPOL made
good lexical choices but switched between them.
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In this instance, this would not be an error, because
consistency is not vital for interpreting the text.
The translation by CUNI-T2T-2018 in Figure 6
is not wrong only because of this markable translation choice, but also by poor fluency. The BLEU
score, however, does not suggest, that there is anything fundamentally wrong with the translated segment despite the meaning being distorted.
Reference:
In Art. III of the Sublease agreement, entitled
“Term of the Lease,” the tenant and the lessee
lessee
agreed that the apartment in question would be
rented to the tenant for a fixed period from 13th
May 2016 to 31st December 2018.
Translation:
In art. III of the apartment lease agreement, called
tenant agreed
”sublease period”, the tenant and the tenant
that the apartment in question will be left to the
tenant for use for a fixed period from 13. 5. 2016
to 31. 12. 2018.
BLEU: 31.95%, Fluency: 0.7, Adequacy: 0.5
Terminology: 0.5, Sense: 0.25, Conflict: 1,
Other grammar: 0.25
Figure 7: Example sentence markable (lessee
lessee)
lessee annotation from Czech News document, translated by
Online-G.

The last example, in Figure 7, concerns itself
with conflicting markables. In this case, two distenant and lessee
lessee were merged
tinct markables (tenant
lessee)
tenant.
into one translation tenant
tenant This is a very fundamental error because, in the Lease agreement, these
two markables refer to the two parties, which enter
the contract.
Again, the BLEU does not suggest that anything
is wrong with the translation. It could be even
higher (51.06%) were it not for the localized date
format in the Reference.

5 Conclusion
In this article, we compared three approaches to
document translation evaluation. We saw that nonexpert annotators rate most MT systems higher
than Reference with Fluency and Adequacy, but
Reference ranks better than most of them when
inspecting markable phenomena and their Severity.
Inspecting specific instances in detail, we found out
that MT systems made errors in terms of markables,
which no human translator would do.

Relating the current observation with the impression last year, we conclude that annotators lacking
in-depth domain knowledge are not reliable for annotating on the rather broad scales of Fluency and
Adequacy but they are capable of spotting term
translation errors in the markable style of evaluation. This is important news because expert annotators can not be always secured. Unfortunately, the
inter-annotator agreement remains generally low,
possibly due to a high cognitive load with many
systems annotated.
We further examined these markable phenomena
and showed that especially Sense, Other grammar
and Terminology kinds of errors negatively influence the Fluency and Adequacy the most. For
BLEU the variables of highest importance were
Non-translated and Conflicting errors.
In future work, we would like to examine more
of the kinds of markable errors in modern MT systems and their influence on the translation quality.
This description could then help researches focus
on specific parts of their MT systems.
Furthermore, we would like to explore possible
automated metrics, which would help in determining whether the document meaning remained intact
with respect to markables.
Annotating markables appears to be easier for
human annotators and more reliable for non-expert
ones, and the results gave us more insight into the
systems’ performance than the Fluency-Adequacy
method.
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Neural networks have been at the helm of landmark progress in several aspects of natural
language processing, including machine translation. One of the primary drivers of such
progress has been the discovery and the subsequent use of attention mechanisms in neural machine translation systems. Lately attention layers have also been used as a tool
for interpretation of model behavior and developing insights about how models work internally. In this paper we attempt to leverage
attention weights corresponding to output tokens to understand how sequence-to-sequence
models use data from the source and target
sides while making predictions. We also show
how model behavior is impacted by several linguistic factors. Finally we use our attentionbased analysis to gain insights into how multilingual systems behave.
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the final state vector of the encoder is fed to the decoder, which boosts system performance. A series
of WMT conferences over the years, established
the usage of attention in state-of-the-art systems
(Bojar et al., 2016; Ondrej et al., 2017; Barrault
et al., 2019). The encoder-decoder approach for
MT with the attention mechanism has been further extended to multilingual settings (Firat et al.,
2016; Johnson et al., 2017; Schwenk and Douze,
2017; Aharoni et al., 2019) and image captioning
(Hossain et al., 2019) to produce good results over
different evaluation benchmarks.
The present work attempts to extend the work on
interpretability of neural-network-based machine
translation systems by using the attention mechanism as a tool for interpreting and understanding
neural machine translation models. In this paper,
we discuss the results of a set of experiments exploring how attention weights can provide insights into
model behavior. All the experiments here follow
a basic template of a system having RNN-based
encoders and decoders with a hierarchical attention combination mechanism (Libovický and Helcl,
2017) equipped with a sentinel mechanism (Lu
et al., 2017). The hierarchical combination has earlier been used for multi-modal tasks by Libovický
et al. (2016) where the combination attention was
used to selectively focus between the image or text.
The purpose of using the attention combination
strategy in the present setup was to analyze the
dynamics of the encoder(s) and decoder in a pure
text-processing setting by observing how attention
energies are distributed with progress in training.
Our main contributions in the paper are as follows:
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Neural networks, and more specifically Deep
Learning (DL) has lately emerged as one of the
most widely used approaches for Machine Translation (MT), a difficult problem of Natural Language
Processing (NLP), Brill and Mooney, 1997) in the
form of Neural Machine Translation (NMT). NMT
is generally modelled as sequence-to-sequence
learning (Sutskever et al., 2014) that use two language models (encoder and decoder) to translate a
sentence from one language to another. Originally,
this required the entire sentence to be crammed
into one fixed-length vector by the encoder which
causes problems with longer sentences (Cho et al.,
2014). The attention mechanism by Bahdanau et al.
(2014) and its modifications by others (Hu, 2019;
Chaudhari et al., 2019) successfully mitigated the
problem to some extent. The attention mechanism
simply learns the probability of which encoder state
corresponds to a particular decoder state. The information from the attention mechanism along with

• Show how the Sentinel Attention Activation
Ratio (SAAR) can be used to improve model
interpretability.
• Use attention weights to understand model

1
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behavior as it is getting trained.
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3.1
• Use attention-based interpretation methods to
study multi-lingual behavior of models.

2 Related Work
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All the experiments were done using the NeuralMonkey (Helcl and Libovický, 2017) toolkit and
trained on the Multi30k1 dataset. Multi30k is a
Multilingual Multiway Corpus (MMC) containing
image captions for 31,014 images in English, German, French and Czech.

105
106

Data and Tools

A number of researchers have looked at the issue of
interpretability of deep neural networks, especially
in the context of natural language processing. Li
et al. (2015) give an brief review of techniques for
interpreting and visualizing neural models in the
context of NLP applications. Using the attention
mechanism as a tool for understanding model behavior has also been proposed and implemented.
Mareček and Rosa (2018) and Pham et al. (2019)
use self-attention weights of encoder in a Transformer model to extract syntactic trees in order to
analyze networks with respect to learning syntax.
Raganato and Tiedemann (2018) use self-attention
weights of the encoder of a transformer to extract
dependency relations and then do a range of probing tasks with the extracted representation.
There is however a debate pertaining to the usefulness of attention weights as a measure of interpretability. While Serrano and Smith (2019) and
Jain and Wallace (2019) argue that attention cannot
be used to understand the basis for prediction for
models, Vig and Belinkov (2019) show that attention is capable of capturing linguistic notions and
giving ‘human-interpretable descriptions of model
behavior’. Vashishth et al. (2019) have also shown
that attention weights are correlated with feature
importance measures and conclude that they are
interpretable.
Ghader and Monz (2017) and also Koehn and
Knowles (2017) show how attention is different
from traditional alignment, that is used in statistical neural machine translation systems. Voita et al.
(2018) show that an attention layers can be used for
learning anaphora resolution. Domhan (2018) analyze different attention based architectures and conclude that multiple source attention mechanisms
and residual feedforward blocks bring RNNs closer
to Transformers. It is thus evident that the attention
mechanism can be used as a tool for interpretability
of neural networks and to plug in external knowledge for extending the capabilities of NLP systems
(Galassi et al., 2019). Rikters et al. (2017) describe
a tool to understand how output translations were
produced by models by using attention activation.

3.2

153
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159

Model Design

160
161

Encoder

162
163
164

Encoder Attention

165
166

Hierarchical attention

167
168

Sentinel Attention

169
170
171

Decoder

Figure 1: High-level network overview

Each experiment in this study made use of an
architecture comprised of one or more GRU-based
encoders and a GRU-based decoder along with
a hierarchical attention combination mechanism.
The key components are schematically captured in
Figure 1.
Both the encoder and decoder units consisted
of an embedding layer of 300 units and a recurrent layer of 300 units with a dropout rate of 0.5.
The decoder unit was also equipped with a conditional GRU mechanism (Calixto et al., 2017).
The encoder attention unit was fed into the hierarchical attention combination unit equipped with
the sentinel mechanism (decoder attention). The
Multi30k dataset was then used to train a range of
models with different combinations of three different languages (French, Czech and German) for the
encoder and English for the decoder. The models
were trained for the period of 100 epochs. At the
conclusion of training, the attention weights of each
output token in a translated sentence (from the validation set) through different training steps (1 training step = 1 gradient update) were extracted and
analyzed. In other words, we analyze the “forced
1

https://github.com/multi30k/dataset

2
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250

decoding” model behavior when scoring a given
expected output.
For the experiment, no early stopping mechanism was used. However for the sake of analysis a criteria where the BLEU performance of
the validation set does not improve in 300 training
steps has been chosen as a possible early stopping
mechanism. The objective of the inclusion was
to see when the model would terminate training
ideally and the kind of changes that happen inside the model after that. After the model was
trained, the attention weights corresponding to the
tokens of sentences in the validation set were extracted. These weights were analyzed to determine
how the behavior of the different attention units
(decoder,encoder(s)) corresponding to output translation tokens evolved during the course of the training. Experiments with multiple languages were
done by adding multiple encoders into the same
setup.
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Figure 4: Attention energy distribution for DE→EN.

264

how the BLEU score improved for the model and
Figure 3 shows the rate of change (∆τ ) of the
BLEU scores during the course of the training. For
a particular time step τ , ∆τ was calculated as:

221
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228

∆τ = log(BLEUτ ) − log(BLEUτ −1 )

3.3 Experiment: Mono-encoder case
The goal of the experiments was to see how the
model chose between the encoder and decoder to
make a prediction about the output word. Based on
linguistic knowledge, one would assume that some
words in MT output are more influenced by the
source (the encoder) and some more by the target
produced so far (the decoder). The experiments
were aimed to investigate this dynamics.

230
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Figure 2: Learning curve of BLEU for DE→EN.
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Figure 3: Change in learning curve of BLEU for
DE→EN.
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(1)

Figure 3 and Figure 4 show that while there was
no significant “growth” in the BLEU scores after
the 300th time step, and the BLEU kept hovering
around a set of values. The vertical blue line in
the image refers to the point where the early stopping criterion would have kicked in and the training
would have terminated. Figure 4 shows how the
encoder attention and decoder (sentinel) attention
behaved during the course of the training. The plot
was obtained by recording the attention energies
distributed among the different attention units (encoder, decoder) corresponding to the words of a
sentence. We sampled 15 sentences from the validation to study the model dynamics, out of which
the results for two sentences are shown here. Then,
we identified which of the model components (the
encoder or the decoder) was promoted by the hierarchical attention. When then plot the number
of words of the target sentence where each of the
component ’wins’. Figure 4 shows that a sentence
in the validation set, the model starts off by trying
to use the decoder attention first and then slowly
starts relying more and more on the encoder attention. In most sentences however as the model
continues being trained, the number of words being predicted by the encoder attention falls and the
decoder attention gradually starts being involved in
the prediction of more and more output words. The
BLEU score doesn’t show any significant increase
in this period. It thus seems that even though when

229

236

265
266
267
268
269

219
220

263

German→English: For this experiment, the
encoder and decoder were trained with German
and English sentences respectively. Figure 2 shows
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the overall translation performance of the model
did not show any significant change, the model
slowly started using the decoder attention unit to
predict some words. It also seems that the length of
the sentence impacted how the model distributed
its attention between the encoder and the decoder.

prediction,the model decides to rely mostly on the
encoder for the prediction of most words for the
next time steps.
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Figure 8: Learning curve of BLEU for CZ→EN.
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Figure 5: Learning curve of BLEU for FR→EN.
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Figure 9: Change in learning curve of BLEU for
CZ→EN.

318
319

368
369

320

370

321

371

322
323

372

Figure 6: Change in learning curve of BLEU for
FR→EN.
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Figure 10: Attention energy distribution for CZ→EN.

336

Czech→English: The final experiment in this
setup was done with a Czech-English system. Figure 8 shows that ∆τ for this case is lower than the
German case but greater than the French case. And
in terms of how many output words are predicted
by each attention unit, by the end of the training,
the Czech and German models tend to use the decoder attention more for final prediction of words.
A detailed statistical analysis of this is presented
later.
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Figure 7: Attention energy distribution for FR→EN.
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French→English: The experiment was repeated
with a French-English system. And as Figure 5
shows, the system performs reaches higher BLEU
scores than the German system. But as Figure 6
shows, the trend of ∆τ for the model is different
from the German model. In the same spirit, although there is an initial tendency of the model
to focus on the decoder attention weights for final
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3.4

Bi-encoder experiments

The goal of these experiments was to see how the
model decides to use two different encoders and
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the decoder to make word predictions.

French-English model. In terms of attention distribution, the model decides to use attention from
Encoder (Czech) more than other units (French encoder/ English decoder) for its prediction over time.
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Figure 11: Learning curve of BLEU for FR+DE→EN.
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Figure 14: Learning curve of BLEU for CZ+FR→EN.
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Figure 12: Change in learning curve of BLEU for
FR+DE→EN.
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Figure 15: Change in learning curve of BLEU for
CZ+FR→EN.
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Figure 13:
Attention energy distribution for
FR+DE→EN.
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(German+French)→English: The BLEU performance achieved by the model was similar to the
French-English model. The ∆τ trend was somehow different from the French-English model. It
also seems that over time the model decides to
use attention from Encoder 2 (German) more than
other units for its prediction. It is also interesting to
see in Figure 13, the swap in the attentions before
the stopping criterion mark. For the monolingual
models, this swap was noticed after the stopping
criterion mark. But for bilingual models as well as
the trilingual models, the swap occurs much before
stopping criterion mark.

485

Figure 16:
CZ+FR→EN.

Attention energy distribution for

486
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(German+Czech)→English: In this case, the
BLEU performance is worse than the previous
two cases and there is more change in the scores
throughout the training period (Figure 18). However, here unlike the two cases above, no particular
is a clear primary source and the trends change
with sentences.
Thus, when the Czech and German encoders are
available, the selection of the encoder becomes
dependent on the particular sentence. This is interesting because French has the same word-order as

(French+Czech)→English: In this case, the
BLEU performance and ∆τ trend is alike the
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Tri-encoder experiment

A final experiment was conducted using three encoders as an extension to the previous experiments.
Figure 22 shows the attention distribution for
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Figure 17: Learning curve of BLEU for CZ+DE→EN.
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Learning
FR+CZ+DE→EN.

512
513
514
515

curve

of

BLEU

for

562
563
564

Figure 18: Change in learning curve of BLEU for
CZ+DE→EN.
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Figure 21: Change in learning curve of BLEU for
FR+CZ+DE→EN.
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Attention energy distribution for
CZ+DE→EN.
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English. These observations, may show how language attributes affect model performance (Birch
et al., 2008) for neural machine translation systems. Effect of language relatedness on NMT systems in the context of transfer learning has already
been demonstrated by Kocmi and Bojar (2018)
and for SMT systems by Kolovratnı́k et al. (2009).
We speculate that the word order similarity makes
French “easier to digest” in the early stages of training. But the source language becomes more informative when the reordering patterns are understood
by the model. Why German or Czech would be
more informative than French when translating into
English is still unclear.

Figure 22:
Attention energy distribution for
FR+CZ+DE→EN.
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two sentences with 13 and 10 words respectively.
Each of the words in the sentences are produced
with most of the attention coming from one of the
attention sources. At each training step of the training, we use the current model and plot the number
of target words that were most influenced by the
encoder(s) and the decoder. We see that in early
stages of the training, the encoder is the most influential element but it later gets virtually ignored
as the model learns to rely more on the other two
encoders. The BLEU performance of the model
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was alike all the models with a French encoder
with little change in BLEU performance over time.
In terms of attention distribution however all the
encoders and the decoder are used by the model to
make predictions.

cz de en

cz fr en

de fr en

3 en

650

-0.1145

-0.242

-0.362

-0.126

651
652

Table 4: Correlation between SAAR and sentence
length of multilingual models.
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fr en

de en

607

30.6

43

33.2
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Table 1: Average BLEU scores of monolingual models
at the end of training.cz en refers to CZ→EN, fr en
refers to FR→EN and de en refers to DE→EN
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34

43.5

42.6

40.3
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Table 2: Average BLEU scores of multilingual models
at the end of training.cz de en refers to CZ+DE→EN,
cz fr en refers to CZ+FR→EN, de fr en refers to
DE+FR→EN and 3 en refers to FR+CZ+DE→EN.

619
620
621
622
623
624
625
626
627

4

Sentinel attention activation with
different lengths

A metric in the form of sentinel attention activation
ratio (SAAR) was used to understand how much
the decoder was relied upon by the model to make
its final predictions. For a particular sentence Si ,
SAAR was calculated as:
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Si =
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At

where As was the number of words whose prediction was based on the decoder during the entire
training and At represents the total count of attention units activated during training. Now for each
model, the corresponding SAAR for all sentences
in the validation set was calculated followed by calculating their correlation with sentence length, as
shown in Table 3 and Table 4. The correlation valcz en

fr en

de en

-0.393

0.010

-0.175

646
647
648
649

indicate that the maximum negative correlation between sentence length and SAAR was noticed in
the German-French-English model. In other words,
the greater the source sequence, greater was the tendency of the model to use the decoder attention for
making final predictions. However it has already
been seen that for this model, the German encoder
was preferred over the French encoder. Thus for
this model, longer source sequences implied more
reliance on the German encoder for predicting the
output word. Also, the minimum negative correlation between sentence length and SAAR was noticed in the German-Czech-English model, where
there was no clear distinction of which encoder the
model chose for final prediction.

656

5 Extent of Multilinguality

671

A study of model behavior in the previous section
makes is apparent that BLEU scores alone are not
a sufficient metric for judging how good a model is,
especially for multilingual models. We therefore
propose to measure the extent of multilinguality
using perplexity.
Mathematically, perplexity is the measure of how
well a probability distribution function is capable
of predicting a sample. In this case we calculated
the perplexity for the model in terms of multilinguality. Given a sentence si of the validation set,
we used the attention energy matrix for that sentence over all time steps to calculate the entropy
of all the components (encoder(s), decoder). For
each component. the matrix Ms , was used to obtain the number of words for which it “won”. This
frequency data was used to calculate the entropy
for each component. Thus. the perplexity of each
component is calculated as:
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672
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Pi = 2Entropy(x)

Table 3: Correlation between SAAR and sentence
length of monolingual models.

(2)

692
693

Here x represents the frequency counts across
training steps obtained from the attention matrix.
For each sentence si , the average perplexity across
all components was calculated as:

644
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654
655

605

608
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ues seem to indicate that there is a weak but mostly
negative correlation between sentence length and
SAAR. Thus, the longer the source sequences were,
the greater the model fell back to the decoder attention to make the final prediction. The values also

Pm

Psi =
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Pn
i=1 Psi − n
M= P
n

(4)

i=1 Psi

705

the decoder was the most influential component of
attention. Unfortunately, we could not confirm our
hypothesis. English auxiliary words such as the
articles or prepositions, or punctuation, cannot be
easily recognized in any of the lists.
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Table 5: Extent of multilinguality in models
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Figure 23: Top 20 words activated by decoder (one step
before)

722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749

767

769
1.00

770
771

0.75

772
0.50

773
774

0.25

775
0.00
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766

768

As suggested in the introduction, we would like
to reveal when the decoder is more influenced by
the encoder and when it primarily follows itself.
We hypothesize that in a given target sentence, the
presence of most words is primarily influenced by
the source language. In other words, the encoder
observes the content words and conveys this information to the decoder. Some words are however
dependent only on the target language and the decoder could produce them regardless of the source.
These would be any auxiliaries, purely grammatical words, or “non-head words” in the terminology
of Fraser and Marcu (2007).
To test this hypothesis, we ran the fully trained
model and observed if the majority of attention at
each output word came from the encoder or the
decoder. For each word in the target language, we
gathered how often it was most influenced by the
decoder as it was produced in our forced decoding
setup of the validation set and gathered the “proportion of activation” given by the ratio between the
number of times the decoder “won” in predicting
the word and the total number of predictions for
the word respectively. Then we listed the words
with highest activation proportion.
It is conceivable, that the decision of the decoder
is one time step later or earlier than when the auxiliary word was actually produced (in accordance
with what Koehn and Knowles (2017) observe for
attention vs. word alignment). We thus collected
the statistics of the activation unit responsible for
the prediction of words at the exact position, one
position before (Figure 23) and after (Figure 24)
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6 When Self-Attendance Happens
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Here m denotes the number of components in the
model. Finally, the extent of multilinguality (M)
was given as:

o

701
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Word

Figure 24: Top 20 words activated by decoder (one step
after)
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7

Conclusion

The paper has described the observations and results from 7 different experiments performed to
understand how analyzing attention weights might
give insights into the interpretability of neural machine translation systems. From the experiments, it
is clear that using a setup that employs the hierarchical attention combination mechanism can give
us an interesting picture of how the model trains
and how the model performance is impacted by
factors like sentence length or linguistic attributes
or even how related the languages being used in the
system are. It seems from the results that the model
develops some internal criteria to focus on some
particular languages during training and then start
focusing on other languages after a good enough
performance is achieved.
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Kyunghyun Cho, Bart Van Merriënboer, Dzmitry Bahdanau, and Yoshua Bengio. 2014. On the properties
of neural machine translation: Encoder-decoder approaches. arXiv preprint arXiv:1409.1259.
Tobias Domhan. 2018. How much attention do you
need? a granular analysis of neural machine translation architectures. In Proceedings of the 56th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 1799–
1808, Melbourne, Australia. Association for Computational Linguistics.

848
849

853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869

Dichao Hu. 2019. An introductory survey on attention mechanisms in nlp problems. In Proceedings of
SAI Intelligent Systems Conference, pages 432–448.
Springer.

873

870
871
872

874
875

Sarthak Jain and Byron C Wallace. 2019. Attention is
not explanation. arXiv preprint arXiv:1902.10186.

877

Melvin Johnson, Mike Schuster, Quoc V Le, Maxim
Krikun, Yonghui Wu, Zhifeng Chen, Nikhil Thorat,
Fernanda Viégas, Martin Wattenberg, Greg Corrado,
et al. 2017. Google’s multilingual neural machine
translation system: Enabling zero-shot translation.
Transactions of the Association for Computational
Linguistics, 5:339–351.

879
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