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Abstract. We present the integration of speech input into COPECO, an online
teaching and learning platform developed to collect learner translation/post-
editing corpora[22]. Speech offers potential to increase translators’ productivity
and wellbeing by reducing typing time and effort. A multimodal, speech-
enabled COPECO will complement other researchers’ and developers’ efforts
to integrate speech dictation and post-editing into translation tools, training and
practice (e.g. MateCat allows post-editors to activate a speech-to-text compo-
nent or TradDICT Learn[28], an online-learning platform to develop sight-
translation and dictation skills). COPECO helps trainers to compare different
translation modalities, prepare courses and share teaching resources. To our
knowledge, this is the first online platform to allow comparison between written
and spoken post-editing and gathering data/statistics on speech-based post-
editing behaviour (e.g respeaking whole segments vs. correcting minor errors,
etc). This helps translation trainers understand frequent errors made by learners
when using speech which can then be used to improve their course content. It
will also help to build a “speech post-editing corpus” which will be beneficial in
the long run for research and analytical purposes. Unlike proprietary speech
recognition add-ons with defined services, we develop speech commands for
post-editing based on translators' behaviour and needs, optimising COPECO
based on requirements with minimal costs.

Keywords: Automatic Speech Recognition (ASR), Post editing (PE), Computer
Assisted Translation (CAT)

1 Introduction

Translation services are used for translating documents into multiple languages, with-
in a limited time frame, with high accuracy. Post-editing of Machine Translation
(MT) is known to allow translating large volumes of translations while saving costs
and time [29]. Workflows in the translation industry have experienced a significant
transformation in a way that speech technology is likely to contribute to further inno-
vation [8]. Preliminary studies on speech based post-editing [14][15][16] show that
provided that Automatic Speech Recognition (ASR) and MT output are of high quali-
ty and that the translators are competent with software (Computer Assisted Transla-
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tion (CAT) tools, MT suggestions and ASR toolkits such as Dragon [9]), speech
based post-editing can be a promising approach which can result in performance gains
in the translation workflow. However, for speech based post-editing to be used by
translators, this modality has to be properly introduced to them. For that, translation
trainers should analyze behaviors of speech based post-editing and translation, to
then use that knowledge to improve their courses on translation training.

In this paper we demonstrate COPECO [22], a speech-enabled platform developed
for collecting learner translation/post-editing corpora and for helping translation
teachers annotate and learn student post-editing behavior. First we give an overview
of speech based translation/post-editing in previous studies, leading towards the ra-
tionale behind our work and then we demonstrate the design of our setup and its
functionalities.

2 Speech-based PE

Computer Assisted Translation tools are mostly based on traditional input such as
keyboard and mouse [27]. However, the translation industry constantly seeks ways to
improve speed and quality by incorporating various technological advancements into
translation workflows [3][21][24].

One such technology is Automatic Speech Recognition (ASR) which automatically
transcribes spoken input into text[7]. As a result, a large body of literature has ex-
plored the integration of ASR into translation processes and the ways in which speech
technologies can be effectively utilized in translation[8][10][20][25][27][32][34].
Previous studies described successful use of ASR by freelance translators, with more
productivity, allowing for "more flexible, translator-centered, ergonomic workflows
and workspaces"[6][7]. Commercially available CAT tools have started offering inte-
gration with ASR systems as well, aiming for increased productivity and ergonomy
during the translation process. Some examples are memoQ [19] combined with Ap-
ple’s speech recognition service or Matecat combined with the ability to dictate the
translation[17][18]. With some other CAT tools [30], commercial ASR systems for
dictation, such as Dragon Naturally Speaking[9] can be used.

Recent studies researched and surveyed [20] the potential of using ASR for post-
editing purposes. A study investigating the effects on productivity and on a transla-
tor’s experience of integrating machine translation post-editing with speech technolo-
gies revealed that post-editing with the aid of a speech recognition system was faster
than translating with the aid of a speech recognition system and also less tiresome
(i.e., more ergonomic)[34]. Similarly, studies that looked into the possibility of using
speech technologies for post-editing purposes in international organizations revealed
translators were open to try speech-based post-editing as a new translation workflow
[14]. Another study[11] found voice input more interesting than typing only when
post-editing, as when some segments require major changes they could be dictated. If
the post-editor is not a touch-typist, it was also found that the back and forth transfer
of visual attention between source text, machine translation output and keyboard adds
to the complexity of the task.
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Many studies investigated the possibility of having multimodal interfaces to im-
prove translation workflows, where ASR was a component. One study observes and
analyzes translator experience (TX) with off-the-shelf voice-and-touch-enabled mul-
timodal interfaces, as opposed to the interaction with traditional keyboard-and-mouse
graphical user interfaces, to provide better recommendations for translation tool de-
sign [33]. Later, [27] developed a web-based translation editing interface that permits
multimodal input via touch-enabled screens and speech recognition in addition to
keyboard and mouse, which demonstrated the importance of the ASR quality rather
than the features of the interface. [12] presented and evaluated the MMPE CAT envi-
ronment that explores the use of speech commands, handwriting input, touch reorder-
ing, and multi-modal combinations for PE of MT. MMPE was later improved with
additional speech and other facilities in the next version [13] along with some correc-
tion commands based on speech input. Unlike [27] which used a web-based interface,
this environment requires specific hardware, which obliges the users to have this con-
figuration in their translation environment.

These studies confirm that speech as an input modality does indeed provide prom-
ising improvements in the translation workflow, which supports it being included in
the translator training process. Previous studies[2] mention current occurrences of
audiovisual translation (AVT) modules incorporated in translator training programs,
where use of ASR and TTS in AVT is specially studied in specialist courses. The
study also emphasizes the importance of translator trainers being acquainted with the
professional environment and the latest trends. There already exist courses such as
Tradict Learn [28] which provides introductory courses to learn interactive translation
(using voice) as well.

However, if we want to understand the frequent errors and behaviors of these mo-
dalities, it is necessary to analyze and understand translator data and statistics. Today,
many tools exist for monitoring written-based PE (e.g. PET [1]), but when it comes to
analyzing speech based inputs for translator training, there are only a few examples.
Workbenches like Matecat [17] enable speech based input for translating via dictation
[18], but do not contain enough data protection or the ability to revise using custom-
ized annotation schemes. A recent study experiments with the combination of speech
synthesis and PE where they investigate the benefits and drawbacks of exposing stu-
dents to novel technologies and practices such as synthetic voices and PE early, and
the role these interactions can play in translator training [4]. However, very few have
considered using data for inferring translator training techniques on ASR based tech-
niques.

3 COPECO Design

Most previous studies on speech based post-editing and translation have been based
on tools that require specific hardware requirements based standalone applications
and other studies require commercial license based software such as Dragon[8] and
Trados Studio workbench [30]. For our work, we chose the tailor-made open source
PE platform COPECO [22] to integrate speech recognition. COPECO was originally



developed as a project to collect post-edits produced by students and teacher correc-
tions and to structure the task of translation error annotation. The aim of COPECO is
to translation teachers with an online post-editing platform, designed to help them to
annotate student post-editing tasks using a shared or personalized annotation scheme.
In the long run, data collected from a platform like COPECO can also be used to ana-
lyze how post-editing tools can impact the translation industry economy.

These features made COPECO a suitable platform to integrate speech so that
speech based translation or post-editing can be done. Currently, speech integrated
COPECO web based platform allows the translation trainers to assign tasks with text
to students to translate and their machine translation suggestions. The student can then
translate from scratch or post-edit the translation, using either typing, speech, or a mix
of both. Once the task is translated, the student can submit the task to the teacher. The
teacher can then correct the task using systematic translation error annotation [23].
Previous studies have worked on defining frameworks on error analysis of MT [31] or
ASR[26] outputs. COPECO allows error annotation with predefined translation
schemes or their custom annotation schemes. COPECO also allows to visualize the
corpus with the translations, corrections, reference translation (if it exists) as well as
the annotations. It simultaneously builds an open source student post-editing corpus
by collecting post-edits produced by student and teacher corrections. All data are
collected and can be anonymously shared.

For speech integration, we used a publicly available ASR engine powered by
Google Web Speech, which connected to our tool via an application programming
interface (API)[5]. The Web speech API only allows speech recognition, and no
commands were available for post-editing. So an initial set of speech commands used
for post-editing were developed. Some of the commands developed for English in-
clude “clear segment”, moving the cursor to specific locations, selecting a
word/phrase and replacing it, deleting words/phrases, saving a segment and moving to
the next segment. Table 01 shows a subset of the speech commands that works for
English language. Similarly, speech commands can be developed for any other target
language that we would need to use speech based translation and post-editing tasks.

Table 1. Example set of speech commands for post-editing in English

Command Description

"ABC" Inserts ABC in the current cursor location.
"Select XYZ" Highlights XYZ (can be a word or a phrase).
"Undo Highlight" Removes the highlighting of XYZ.

"Delete that" Deletes the highlighted word/phrase.

"Begin line" Moves cursor to beginning of segment.
"Finish line" Moves cursor to end of segment.

"Next/Previous Segment"

Saves the current segment and then moves to the
next/previous segment.

"Save segment”

Saves the current segment.

"Clear segment"

Clears text in the current segment.

"Comma" "Period" "Ques-
tion mark™ "Semicolon" etc.

Inserts punctuation marks " "." "?" ":" in the
current cursor location.




Figure 01 shows when the student has opened the PE task, where the source lan-
guage is French and the target language is English. The student can speak (by clicking
the microphone image), type or speak commands for each segment. In a PE task, the
MT suggestions that were included when the task was created will appear on the tar-
get (right) side. In a translation task, the target side will be empty by default (the MT
suggestion can however be made visible below the source segment by clicking a but-
ton, if needed.)

Speech_PE_FREN_Class01

Fig. 1. Student view of a task assigned by the teacher

Figure 02 shows when a student uses spoken post-editing in the second segment. The
student has switched the microphone on and had asked via a speech command to se-
lect the phrase “exceptions allowed”, which is highlighted. The speech command is
printed below, under Speech Commands, with a time log. Once a segment is selected,
the student can either delete, replace or undo the selection.

Speech_PE_FREN_Class01

‘Speech Commands:. select exceptions aliowed Time: 20/4/231

Fig. 2. Using spoken commands to post-edit the segment (e.g. "select exceptions allowed")

As shown in Table 01, some other spoken commands can be used to move in be-
tween segments, save segments, clear the entire segment, move to beginning and end
of the segment and to speak out punctuation marks. Some other sub commands per-
form capitalizing the beginning of the sentences/specific words and phrases. All these
commands can be developed for other target languages as well upon need.

Once the translations are complete, the student submits the task. The submitted
tasks will be sent to the corrector/teacher, along with the statistics of each segment:
the number of keystrokes, time taken and average statistics of each task as well. The
corrector will then annotate the errors using pre-defined/pre-imported error annotation



schemas. Figure 03 shows the corrector annotating a terminology error in one of the
segments.

Words Avg Secs per Word Total time to edit Mumber of key strokes

Source Machine Transiation Refarance e—]
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e ] e

Fig. 3. Corrector annotates a terminology error found in the translation

Once the correction task is complete, detailed information and statistics are pro-
vided on the type and description of corrections made. Figure 04 displays one such
log, where it shows the reference, source, machine translation target, postedit and the
corrections made by the teacher, along with the type of error annotation. These statis-
tics on both translator and corrector side, along with the corpora, allow translation
trainers to better understand spoken translation/post-editing behavior.
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Fig. 4. Detailed information and statistics on post-editing tasks and error annotation

4 Conclusion

In this paper, we present the different functionalities of COPECO, a speech input
enabled online teaching and learning platform developed to collect learner transla-
tion/post-editing corpora as well as to learn speech based translation and post-editing
behavior and statistics. Future work includes adding new custom voice commands
when needed for multiple languages and improving the usability of speech modalities,
based on user feedback. While currently we use Google Web Speech API, we can
also integrate other ASR services in the future. This would make this platform also
able to be used to compare post-editing behaviors (productivity, fatigue and engage-
ment) based on different speech recognizers and different translator profiles.
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