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Abstract

This paper presents a technical curricu-
lum on language-oriented artificial intel-
ligence (AI) in the language and transla-
tion (L&T) industry. The curriculum aims
to foster domain-specific technical AI lit-
eracy among stakeholders in the fields of
translation and specialised communication
by exposing them to the conceptual and
technical/algorithmic foundations of mod-
ern language-oriented AI in an accessi-
ble way. The core curriculum focuses
on 1) vector embeddings, 2) the techni-
cal foundations of neural networks, 3) to-
kenization and 4) transformer neural net-
works. It is intended to help users develop
computational thinking as well as algo-
rithmic awareness and algorithmic agency,
ultimately contributing to their digital re-
silience in AI-driven work environments.
The didactic suitability of the curriculum
was tested in an AI-focused MA course
at the Institute of Translation and Multi-
lingual Communication at TH Köln. Re-
sults suggest the didactic effectiveness of
the curriculum, but participant feedback
indicates that it should be embedded into
higher-level didactic scaffolding – e.g., in
the form of lecturer support – in order to
enable optimal learning conditions.

1 Introduction

The recent emergence of general-purpose AI
(GPAI) technologies in the form of large language
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models (LLMs) has widened the scope of au-
tomation in the L&T industry to a considerable
extent, as discussed, e.g., in Lambson and Han
(2025) and in Krüger and Angelone (forthcom-
ing). For example, a single LLM can perform
translation-technological tasks that were originally
distributed over different expert technologies (e.g.,
intra- and interlingual machine translation, termi-
nology extraction or quality estimation). Further-
more, LLMs can augment traditional translation
technologies with new features that were previ-
ously beyond the scope of these technologies (e.g.,
augmenting traditional automatic translation qual-
ity control with meaning-based source- and target-
segment comparisons) and they can (partially) au-
tomate tasks which largely resisted being auto-
mated to date (e.g., autonomous text production
at high proficiency levels or intersemiotic machine
translation/interpreting).
The current LLM-driven automation cycle in the
L&T industry is shaping up to be both more ex-
tensive and more invasive than previous automa-
tion cycles, as evidenced, for example, by the Lan-
gOps Manifesto’s AI-first principle.1 It could be
claimed that – in order to retain high levels of
agency and control in AI-first environments in the
spirit of the human-centered AI approach2 – L&T
industry stakeholders require domain-specific AI
literacy, as conceptualised, e.g., in the AI literacy
framework proposed in Krüger (2024) and Krüger
(forthcoming). In this framework, overarching AI
literacy is further decomposed into the individual

1“AI systems are already good enough for many use cases and
their performance will continue to improve. We always start
by trying AI solutions to solve language problems.“ (https:
//langops.org/our-manifesto/)
2For a general overview of the concept of human-centered AI,
see Shneiderman (2020), for a translation-specific perspec-
tive, see Jiménez-Crespo (2025).



subdimensions of technical, performance-focused,
interaction-focused, implementation-focused and
ethical/societal AI literacy, which are interrelated
in various ways.
The curriculum proposed in this paper focuses on
developing technical AI literacy, which involves
knowledge of the basic operating principles of
modern – currently to a large extent transformer-
based – AI technologies. It is certainly true that, as
noted by Bowker (2026, 73) with regard to transla-
tion didactics, “[i]t is not necessary for most trans-
lation educators or students to understand all the
details of how an artificial neural network operates
in order to use AI-based translation.“ This view
is complemented by Rivas Ginel and Moorkens
(2025, 295), who found that translators’ (dis)trust
in AI technologies such as LLMs is mostly cali-
brated by their use of these systems rather than by
a deeper understanding of the systems’ technical
foundations.
However, there are also several arguments in
favour of fostering technical AI literacy in L&T
industry stakeholders. Most importantly, technical
AI literacy has an element of empowerment in that
it helps in demystifying the black-box nature of
modern machine-learning based AI technologies
such as as LLMs, a point which was previously
made by Doherty and Kenny (2014, 296) in the
context of statistical machine translation (SMT)
and by Kenny (2019, 438) in the context of neural
machine translation (NMT). AI-literate stakehold-
ers familiar with the operating principles of these
technologies may have a better-informed picture of
the tasks these technologies can currently be used
for and the level of quality at which these tasks can
be completed (aspects related to performance- and
implementation-focused AI literacy). This may
also enable them to assume technology-oriented
consulting roles in L&T industry contexts; see,
e.g., the “consulting competence“ in the post-
editing competence model proposed by Nitzke et
al. (2019, 248). At a higher level of abstraction,
technical AI literacy may also help L&T stake-
holders develop their computational thinking (Ce-
lik, 2023, 4) and, related to this, their algorith-
mic awareness (Gran et al., 2021) and algorithmic
agency (Mills and Gutierrez, 2026, 42), ultimately
contributing to their digital resilience (Kornacki
and Pietrzak, 2024, 63, 65) in highly automated
AI-first environments. These arguments in favour
of technical AI literacy are supported, to some ex-

tent, by feedback on the didactic suitability of the
technical curriculum as discussed in Section 3.3.
With its L&T stakeholder focus, the curriculum
stands in a tradition of initiatives such as Multi-
TraiNMT (Kenny, 2022), DataLitMT (Krüger and
Hackenbuchner, 2024), adaptMLLM (Lankford et
al., 2023) and LT-LiDER (Moorkens et al., 2024).

2 The curriculum

The technical curriculum on language-oriented AI
in translation and specialised communication is
provided as a GitHub repository3, which con-
sists of a series of Jupyter notebooks made avail-
able under a CC BY-SA 4.0 License (Attribution-
ShareAlike 4.0 International) and hosted in
Google’s Colaboratory (Colab) online environ-
ment. The core curriculum presented below is
complete. Further notebooks addressing additional
aspects of language-oriented AI relevant to the
L&T industry will be added to the curriculum in
the future.

2.1 Structure of the curriculum

The core curriculum consists of four sections, each
assigned to a separate Jupyter notebook. These
notebooks cover 1) vector embeddings, 2) the tech-
nical foundations of neural networks, 3) tokeniza-
tion (with a focus on subword tokenization) and 4)
the inner workings of transformer neural networks.

Vector embeddings – Representing linguistic
data as numbers

The first notebook is concerned with vector em-
beddings and illustrates to users in a detailed way
how linguistic data can be represented as num-
bers to be processed by neural networks. The
notebook covers static/decontextualized and dy-
namic/contextualized word embeddings as well
as sentence embeddings and multilingual embed-
dings. Users can load a pre-trained static word
embedding model and train a small word embed-
ding model themselves, explore individual word
and sentence embeddings and embedding relations
through visualisations and by calculating the Eu-
clidean Distance and the Cosine Similarity be-
tween individual embeddings. The notebook also
illustrates how transformer language models – tak-
ing BERT (Devlin et al., 2019) as an example –
start with static/decontextualized embeddings in
their initial embedding layer and convert these into

3https://github.com/ITMK/AI_Literacy/



dynamic/contextualized embeddings in their out-
put layer (this process is explored in more detail
in the fourth notebook concerned with transformer
language models). This notebook is intended to
meet L&T stakeholders where they are in their
capacity as (aspiring) experts in natural language
communication and guides them towards develop-
ing a more computational perspective on natural
language that can be broadened and deepened in
the further sections of the curriculum.
To rephrase this approach in didactic terms, the
first notebook leads users “from the zone of cur-
rent development to the zone of proximal develop-
ment – the space where one cannot quite master
a content/task of their own, but they can with the
help of an expert“ (Angelone, 2026, 33). The con-
tent covered in the subsequent notebooks is then
mostly situated in this zone of proximal develop-
ment. The expert guidance required in this zone
can be embedded into the notebooks, to some ex-
tent, through adequate didactic scaffolding as dis-
cussed in Section 2.2. If the notebooks are used as
learning resources in an instructor-led course, the
lecturer can provide further expert guidance (see
also the discussion in Section 3.2).

Technical foundations of neural networks –
Building blocks, forward and backward pass

The second notebook addresses the technical
foundations of neural networks and introduces
users to the basic building blocks of these net-
works (neurons, trainable parameters, activation
functions), their structure (input layer, hidden
layers, output layer) and the flow of informa-
tion through these networks (forward and back-
ward pass). In this notebook, which intention-
ally favours didactic simplicity and accessibility
over functional completeness, users can create a
small experimental neural network in Python by
defining the individual layers and the mathemati-
cal operations performed within and between these
layers. Users can then simulate a simplified for-
ward pass through this neural network, which il-
lustrates how such a network may perform a trans-
lation of a short example sentence. The notebook
also illustrates through a simplified backward pass
how, in neural network training, the network’s pa-
rameters (weights and biases) would be updated
via backpropagation in order to reduce network
loss. Building upon the previous notebook, users
learn how word vectors are combined into a ma-
trix and how this matrix is processed by the in-

dividual layers of the neural network. The note-
book is intended to further develop users’ com-
putational thinking and algorithmic awareness by
illustrating how natural language is actually pro-
cessed and how natural language semantics is rep-
resented within a neural network. At the same
time, it introduces users to foundational machine
learning concepts and operations such as matri-
ces, tensors, dot-product calculation, non-linear
and softmax activation functions etc., which they
will encounter again in the context of transformer
neural networks.

Tokenization – Reducing the vocabulary size of
neural networks

The third notebook is concerned with tokeniza-
tion, which is employed in language models in
order to reduce the size of the vocabulary to be
learned. The notebook first guides users through
word- and character-based tokenization and dis-
cusses the advantages and disadvantages of each
method. From there, the notebook guides users
through the process of subword-based tokeniza-
tion, which combines the advantages of word-
and character-based tokenization and is the tok-
enization method actually used in state-of-the-art
language models. In this context, users are in-
troduced to three major subword tokenization al-
gorithms, i.e., Byte-Pair Encoding (BPE) (Gage,
1994), WordPiece (Schuster and Nakajima, 2012)
and Unigram (Kudo, 2018). Users can then load
a BPE, a WordPiece and a Unigram tokenizer,
have them each tokenize an example sentence and
explore how the three algorithms differ in how
they tokenize words and which special characters
they employ to designate word boundaries or intra-
word splits. Then, users are introduced to the con-
cept of token IDs, which are unique identifiers
associated with each token in a language model.
Armed with this knowledge, users can access the
vocabulary of the language model GPT-2 (Radford
et al., 2019) and explore which tokens are stored
in this vocabulary. Finally, the notebook illustrates
the steps involved in going from subword tokeniza-
tion to vector embeddings to be processed by a lan-
guage model.
Tokenization is covered after word embeddings
and the technical foundations of neural networks
since particularly subword tokenization introduces
an additional level of complexity which may be
confusing to users at first, but which should be less
daunting once they are familiar with word embed-



dings and how these are processed by neural net-
works and once their computational thinking has
evolved accordingly. Also, having encountered the
encoder-only transformer model BERT in the first
notebook and the decoder-only transformer model
GPT-24 in the current notebook, users are well-
equipped to proceed to the next notebook, specif-
ically concerned with transformer language mod-
els.

Transformer neural networks
The fourth notebook builds upon the founda-

tions laid in the previous three notebooks and takes
a deep dive into the inner workings of the trans-
former neural network architecture. Initial focus is
placed on encoder-decoder vs. encoder-only vs.
decoder-only models and on their respective ar-
eas of application and training regimes. In this
context, the notebook illustrates how the Hugging
Face transformers pipeline5 defaults to encoder-
decoder models for sequence2sequence tasks such
as text summarization or translation, to encoder-
only models for natural language understanding
tasks such as named entity recognition or ques-
tion answering and to decoder-only models for nat-
ural language generation tasks such as text gen-
eration/completion. Then, the notebook explores
in detail the individual components of the encoder
and the decoder side of an encoder-decoder trans-
former language model. Here, the focus is placed
on the original transformer architecture proposed
by Vaswani et al. (2017) in the context of NMT
research because, a) current LLMs are still strik-
ingly similar to this original transformer architec-
ture (Raschka, 2025a) and b) early transformer
models are a bit simpler to understand than current
LLMs “but still complex enough to give you a solid
grasp of how modern transformer models work”
(Raschka, 2025b). When more profound differ-
ences exist between the original transformer archi-
tecture and current LLMs (e.g., in terms of how po-
sitional embeddings are created, which activation
functions are used or how layer normalization is
performed), the notebook provides an ‘architecture
update alert‘, where it briefly discusses the cur-

4The curriculum relies on older language models such as
BERT and GPT-2 because they are functionally less complex
than current state-of-the-art models and, more importantly,
because they are considerably smaller and can thus be loaded
into a Google Colab environment and used in this environ-
ment at reasonable speed.
5https://huggingface.co/docs/
transformers/main_classes/pipelines

rent techniques and points users to relevant liter-
ature. On the encoder side, the notebook first illus-
trates how inputs to the transformer are embedded
(here, users can draw on their previous knowledge
acquired in the notebook on vector embeddings)
and how these embeddings are enriched with po-
sitional encoding vectors. Then, the notebook ex-
plores in detail the transformer self-attention pro-
cess (splitting the original input embedding repre-
sentation into query, key and value representations,
dot-product calculation, scaling, padding/masking,
softmax normalization etc.), which creates a dy-
namic/contextualized representation of the initially
static/decontextualized input embedding represen-
tation. Armed with this conceptual and tech-
nical/algorithmic knowledge of transformer self-
attention, users can then visualize and explore the
self-attention process on their own by using the
BertViz package (Vig, 2019). The discussion of
the decoder side is more concise because the de-
coder is conceptually similar to the encoder, mean-
ing that users will already be familiar with many
of the components discussed here. Particular fo-
cus is placed on masked multi-head attention and
on output generation in the final linear and softmax
layers of the decoder. Here, users can have GPT-
2 complete a text and visualize the top three to-
ken probabilities at each generation step. They can
also access the user-friendly Hugging Face Decod-
ing Visualizer6 to further explore greedy decoding
and the Hugging Face Beam Search Visualizer7 to
explore the more complex beam search decoding
algorithm.
This core curriculum is currently being comple-
mented by further notebooks covering training
and adaptation strategies for language models as
well as more recent developments in language-
oriented AI, such as multimodal LLMs8, large rea-
soning and action models, small language models
or knowledge-enhanced LLMs (e.g., via RAG or
Knowledge Graphs). The notebooks of the core
curriculum are also updated on an ongoing basis
according to user feedback.

6https://huggingface.co/spaces/
agents-course/decoding_visualizer
7https://huggingface.co/spaces/m-ric/
beam_search_visualizer
8Including models capable of processing spoken language,
which is intended to extend the applicability of the curricu-
lum to the field of interpreting as well.



2.2 Didactic makeup of the Jupyter
notebooks

The curriculum explores the didactic potential of
Jupyter notebooks in introducing audiences with
little to no programming knowledge and corre-
spondingly low levels of computational thinking
and algorithmic awareness to complex concepts
and algorithmic processes from fields such as natu-
ral language processing, as investigated in a trans-
lation context in Krüger (2022). Jupyter note-
books support literate computing (Millman and
Pérez, 2018) through a combination of (multi-
modal) documentation sections providing concep-
tual information interleaved with executable code
cells, which illustrate the algorithmic implementa-
tion of these concepts. This combination of doc-
umentation and executable code allows authors to
use these notebooks to “tell an interactive, compu-
tational story“ (Barba et al., 2019, 7) to their read-
ers, with a didactic scaffolding tailored to specific
target audiences.The target audience L&T industry
stakeholders as referred to in this paper includes,
e.g., students of MA programmes in translation,
specialised communication (as central L&T indus-
try fields) and related areas as well as profession-
als working in the L&T industry. It is assumed
that these stakeholders have a professional interest
in language-oriented AI but have not been exposed
in detail to the technical foundations of these tech-
nologies. It is further assumed that these stake-
holders have had moderate to no exposure to com-
puter programming before, making them novices
or advanced beginners in terms of computational
thinking.
Figure 1 depicts a typical example of the didac-
tic makeup of the Jupyter notebooks within the
technical curriculum. The left screenshot is con-
cerned with a forward pass of a simple example
sentence through an experimental translation neu-
ral network and illustrates how the ‘semantics‘ of a
particular input word is processed and represented
by a hidden layer in the network (excluding the ac-
tivation function at this point). The right screen-
shot is concerned with self-attention in a trans-
former language model. The code cells imple-
ment BertViz to visualise the BERT model’s self-
attention process performed on a predefined ex-
ample sentence (which users are encouraged to
change in order to experiment with their own sen-
tences). The documentation sections explain how
to interpret the BertViz visualisation. Short exer-

cises then invite users to engage more deeply with
the topic, in the current example also highlighting
points of contact with topics covered at a previous
point in the curriculum.

3 Measuring the didactic suitability of
the curriculum

The core curriculum presented above was tested
in the MA course “Foundations of Artificial In-
telligence for Specialised Communication“ in the
MA in Multilingual Specialised Communication
and Specialised Translation programme (code:
MAFKÜ) and the MA in Terminology and Lan-
guage Technology programme (code: MATS) at
TH Köln’s Institute of Translation and Multilin-
gual Communication. The course was intended
for first-year students of the two MA programmes
and was also attended by three external guest stu-
dents who are experienced professional translators
working in public-sector language services (code:
professionals). Participants completed a pre-test
questionnaire (October 2025) and a post-test ques-
tionnaire (January 2026). The study was con-
ducted in accordance with TH Köln’s Regulations
for Safeguarding Good Scientific Practice9 and
Code of Conduct for Research and Transfer10. The
questionnaires were derived from the draft version
of the TransAI Literacy Scale (TrAILS) proposed
in Krüger (forthcoming) and were administered in
German.11

The pre-test questionnaire was completed by 24
participants. Of these, 12 (50%) were MAFKÜ
students, 9 (37.5%) were MATS students and 3
(12.5%) were professionals (item 0.3). The latter
group had a professional experience of more than
20 years, while the professional experience of the
MATS and MAFKÜ students varied between <1
year (66.7%), 1 to <5 years (12.5%), 5 to <10
years (4.2%) and 10 to <20 years (4.2%) (item
0.2). The post-test questionnaire was completed by
15 participants, resulting in a survey attrition rate
of 37.5%. The composition of the post-test group

9https://www.th-koeln.de/mam/bilder/
forschung/2023-05-31_gwp_en.pdf
10https://www.th-koeln.de/mam/bilder/
forschung/verhaltenskodex_maerz_2021_
en-us.pdf
11Draft version of TrAILS: https://forms.gle/
QdhPiP9D3F6rUca4A
Pre-test questionnaire: https://forms.gle/
VNwL8LpNdsKh6HLd8
Post-test questionnaire: https://forms.gle/
VBzvcFub3EtSLSAt6



Figure 1: Example of the didactic makeup of the Jupyter notebooks – left: processing of embeddings in a hidden network layer
(excluding activation); right: visualising and exploring self-attention in a transformer language model

shifted to 6 MATS students (40%), 5 MAFKÜ stu-
dents (33.3%), 3 in-house professionals (20%, this
group remained constant) and 1 freelance profes-
sional (6.7%).12

This shift is relevant for interpreting the results:
The MATS curriculum includes a higher share
of IT-related courses than the MAFKÜ curricu-
lum (among other things, MATS students attended
a course on markup languages, which ran paral-
lel to the AI course and they will attend a sepa-
rate course on Python programming in the second
semester). Since attrition was considerably higher
among MAFKÜ students compared to MATS stu-
dents (58.33% vs. 33.33%), the post-test group
likely exhibits a higher baseline of IT competence
and technical disposition than the initial pre-test
group. This is supported by the participants’ self-
assessment related to IT competence (item 0.6) and
interest in the technical foundations of language-
oriented AI (item 0.5). The share of participants
reporting high or very high IT competence almost
doubled from 20.9% in the pre-test to 40% in the
post-test. Similarly, the share of participants re-
porting a high or very high interest in the techni-
cal foundations of language-oriented AI increased
from 70.8% in the pre-test to 80% in the post-
12Since the study did not use constant participant IDs for
pre- and post-test, it is unclear whether the participant who
identified as a freelance professional in the post-test question-
naire identified as a MAFKÜ or a MATS student in the pre-
test questionnaire (both questionnaires asked participants for
their ‘primary role‘ [item 0.3]; no further external guest stu-
dents joined the course between the pre-test and the post-test).
The attrition rate may stem from the course being offered ev-
ery two semesters; consequently, some enrolled students may
have decided to defer their participation to a future term.

test.13

3.1 Overall didactic effectiveness of the
curriculum

The participants’ language-oriented AI knowledge
was measured using three questionnaire items
(items 1.1 to 1.3) with an 11-point Likert scale
ranging from 0 = Hardly/Not at all to 10 = Per-
fectly without intermediate scale labelling.14 The
questions were asked in both the pre- and the post-
test in order to measure participants’ self-reported
knowledge gain. Results are presented in table 1.

We focus here on the composite index, which
represents the mean of the responses to items 1.1
to 1.3 for each participant (serving as an aggregate
of participants’ self-assessed knowledge of the
technical foundations of language-oriented AI).
The increase in participants’ self-assessed techni-
cal knowledge from M = 3.72 (SD = 2.13,
N = 24) in the pre-test to M = 6.76 (SD = 1.43,
N = 15) in the post-test is highly statistically sig-
nificant (p<0.001)15, with a very large effect size

13There may be a combination of a selection effect (higher re-
tention rate of students with a higher initial IT affinity; [very]
high IT competence pre-test MAFKÜ group: 8.33% vs pre-
test MATS group: 22.22% vs. pre-test professionals: 66.67%)
and a treatment effect (increase in IT competence through
contents covered in the technical curriculum) at work here.
This will be discussed in more detail in Section 3.1.
14I can explain the basics of how modern language-oriented
AI technologies work (item 1.1), I can explain how modern
language-oriented AI technologies are trained and fine-tuned
(item 1.2), I know if language-oriented AI supports the trans-
lation technologies I use and, if so, how (item 1.3).
15Welch’s t-test for independent samples was used to account
for the lack of consistent participant IDs across pre- and
post-test and to address unequal group sizes and variances



Knowledge area Pre-test (M ± SD) Post-test (M ± SD) p-value Cohen’s d
1.1 Basic operating principle 3.67± 2.24 6.73± 1.33 < 0.001 1.58
1.2 Training/Fine-tuning 3.04± 2.18 5.87± 1.77 < 0.001 1.39
1.3 AI-supported trans tech 4.46± 2.77 7.67± 2.09 < 0.001 1.27
Composite index 3.72± 2.13 6.76± 1.43 < 0.001 1.60
NPre = 24, NPost = 15, 11-point Likert scale from 0 (Hardly/Not at all) to 10 (Perfectly)

Table 1: Self-reported knowledge gain of participants with regard to the technical foundations of language-oriented AI

of d = 1.60. This suggests a high overall didac-
tic effectiveness of the technical curriculum, tak-
ing into account that generalizability may be lim-
ited due to the relatively small convenience sample
size.
The post-test questionnaire also included a retro-
spective question where participants were asked
to reassess their technical knowledge of language-
oriented AI at the beginning of the course.16 This
was done to account for a potential Dunning-
Kruger effect at the onset of the study. The results
of this retrospective self-assessment (M = 2.93,
SD = 2.19) were notably lower than the initial
self-assessment (M = 3.72, SD = 2.13), sug-
gesting a response shift. As the curriculum intro-
duced participants in detail to the technical founda-
tions of language-oriented AI, they likely became
aware of previous knowledge gaps that may have
skewed their initial self-assessment. This indicates
that the knowledge gain associated with the techni-
cal curriculum was even more pronounced than the
initial pre-post comparison suggests. The response
shift may also indicate an increase in participants’
metacognitive awareness in terms of a more real-
istic picture of their own level of competence with
regard to language-oriented AI.17

As mentioned above, the interpretation of results
must take into account a potential selection effect
(students with higher initial IT affinity complet-
ing the course and students with lower initial IT
affinity leaving the course). However, both the
observed response shift and the very large effect
size of d = 1.60 (or d = 2.07 for the retrospec-
tive self-assessment of M = 2.93, SD = 2.19)

(scipy.stats.ttest ind, equal var=False).
16Looking back at the beginning of the course, how would you
now assess your knowledge of the technical foundations of
language-oriented AI at that time? (item 1.4, 11-point lik-
ert scale ranging from 0 = Hardly any/No knowledge to 10 =
Complete/Perfect knowledge)
17Metacognition has also been discussed as a dimension of AI
literacy acquisition in that it “[enables] individuals to reflect
on their learning processes and understand how AI can en-
hance their cognitive abilities.“ (Tadimalla and Maher, 2024,
3)

provide evidence for a genuine treatment effect.
These factors indicate that the self-reported knowl-
edge gain indeed resulted from participants’ en-
gagement with the technical topics covered in the
curriculum, rather than being merely an effect of
participant self-selection.

3.2 Didactic potential of Jupyter notebooks
The post-test questionnaire also asked participants
to assess the didactic potential of Jupyter note-
books in the context of the technical curriculum.
When participants were asked whether these note-
books were a suitable didactic instrument for cov-
ering the technical course contents (item 2.1),
12 (80%) strongly agreed, 1 (6.7%) agreed and
2 (13.3%) neither agreed nor disagreed. This
largely confirms the results reported in Krüger
(2022, 519–520) concerning the didactic poten-
tial of Jupyter notebooks in translation technol-
ogy teaching. When asked specifically whether the
combination of multimodal documentation (text
+ figures + linked videos) and executable code
cells helped participants to understand the tech-
nical contents of the curriculum (item 2.2), 11
(73.3%) strongly agreed, 3 (20%) agreed and 1
(6.7%) neither agreed nor disagreed, which can
be taken as further evidence in favour of the note-
books’ didactic suitability.
Participants in the post-test study could also pro-
vide open comments on the didactic potential of
the Jupyter notebooks for covering the technical
course contents (five participants provided such
comments). Overall, feedback was positive. E.g.,
according to a MATS student, the notebooks il-
lustrated the content very clearly and generally
helped me to review the lecture material at my
leisure (the notebooks were also very detailed,
which was also helpful).18 A MAFKÜ student
found the structure and detail of the descrip-
tions/explanations very helpful. Better than slides
18Participants provided all open comments in German. The
comments were machine-translated into English using DeepL
and post-edited by the author.



with bullet points, because it gives you the op-
portunity to read up on something that has al-
ready been explained in detail by the lecturer in the
seminar. The same student reported having diffi-
culties saving the notebooks locally (which could
have been achieved through adequate lecturer sup-
port). Another MAFKÜ student made an interest-
ing point regarding further didactic scaffolding in
addition to the notebooks: In the context of our
course and your explanations of the content of the
lines of code, I found these very helpful. How-
ever, I’m not so sure whether I—or other users who
have no prior knowledge of coding—would have
been able to learn well with these alone, especially
since the relevant information was often hidden in
long lines of code. This indicates that, in the zone
of proximal development, expert guidance cannot
be fully embedded into the notebooks themselves
and should also be provided by the lecturer (in this
specific case by highlighting relevant portions of
longer and potentially complex code cells). Future
iterations of the AI course will also introduce stu-
dents to using LLMs as coding assistants for pro-
ducing, highlighting, explaining, changing or de-
bugging computer code, as discussed in a transla-
tion context by Krüger et al. (forthcoming). Such
LLM integration may offer further didactic poten-
tial, e.g., in terms of using these models as general
learning assistants facilitating deliberate practice
(Angelone, 2026) in addition to lecturer support or
in self-learning scenarios where no such lecturer
support is available.19

3.3 Further feedback on the technical
curriculum

When asked whether the progression of the course
contents from 1) vector embeddings via 2) the
technical foundations of neural networks and 3)
subword tokenization to 4) transformer neural net-
works was suitable from a didactic point of view
(post-test questionnaire, item 3.1), 12 participants
(80%) found the order of topics highly suitable and
3 (20%) found it rather suitable. In an open com-
ment, one of the professional participants noted
that they would have liked a final overview of how
the different AI concepts covered in the course re-
19LLM’s potential as learning assistants may be further re-
inforced by the possibility to prompt these models to tailor
the “level of explanatory ambition“ (Engberg, 2025, 82) to
individual knowledge requirements (e.g., explaining the con-
cept of a backward pass through a neural network to MSc
students in information technology vs. MA students in trans-
lation/specialised communication).

late to each other. This will be implemented in a
future version of the curriculum.
Finally, participants were asked to provide con-
cluding feedback (in the form of open comments)
on the AI course and the technical curriculum, e.g.,
in terms of the usefulness of the course in the con-
text of their MA programme or with a view to par-
ticipants’ (future) careers, in terms of the appropri-
ateness of the technical level at which the content
was covered or in terms of any content that was
missing or was covered too briefly or superficially
(item 4.1). Seven participants provided concluding
feedback.
The technical level was considered demanding
(particularly in the context of transformer lan-
guage models), but participants largely agreed that
it could be mastered using the didactic resources
provided. A MAFKÜ participant noted: Although
I consider the course to be challenging, I find
that the content is explained very clearly and from
a perspective that is easy for me to understand
(as a translator). A professional translator par-
ticipant commented that, at times, there was a
risk of getting lost in too much technical detail.
Another MAFKÜ participant responded that, al-
though the lecturer always encouraged students to
ask questions if they did not understand something,
it was sometimes difficult to put such questions
into words in the first place. These issues will have
to be addressed in future iterations of the course,
also taking into account the didactic potential of
LLMs as coding or general learning assistants as
discussed above.
Overall, participants acknowledged the relevance
of the course and the curriculum for their (later)
professional career. A MAFKÜ student noted
that even if a technical understanding of language-
oriented AI was not directly relevant in students’
future careers, I believe that this background
knowledge gives participants a certain degree of
confidence. A professional translator noted that se-
curity restrictions currently prevented them from
using language-oriented AI technologies exten-
sively at their workplace but that I can at least dis-
cuss with our IT department what is important for
language service providers, make suggestions and
discuss things on an equal footing. These com-
ments support the hypothesis stated in Section 1
that technical AI literacy as acquired through the
technical curriculum includes an empowerment di-
mension and may strengthen L&T stakeholders’



(algorithmic) agency (e.g., by discussing AI ‘on
an equal footing‘ with IT experts and/or consulting
on workflow design) and may contribute to their
overall digital resilience (in terms of confidence)
in highly automated environments.

4 Conclusion and outlook

This paper presented a technical curriculum on
language-oriented AI in translation and specialised
communication, which stands in the tradition of
other L&T stakeholder-specific initiatives such as
MultiTraiNMT, DataLitMT, adaptMLLM and LT-
LiDER. The overall didactic suitability of the
curriculum was tentatively confirmed in an AI-
focused MA course at TH Köln. Participants ac-
knowledged the relevance of the course and the
technical curriculum for their (later) professional
careers, with individual participant feedback sup-
porting the hypothesis that technical AI literacy
may strengthen L&T stakeholders’ (algorithmic)
agency and digital resilience in professional high-
automation contexts. Participants also confirmed
the didactic potential of Jupyter notebooks for cov-
ering the technical course contents. However, par-
ticipant feedback also indicated that the technical
content could be overwhelming at times or was
only manageable through additional lecturer sup-
port. This indicates that, in the zone of proxi-
mal development, where learners are challenged
by the novelty and/or complexity of content, the
required expert guidance cannot be fully embed-
ded into the Jupyter notebooks and should also
be provided through higher-level didactic scaffold-
ing, ideally in terms of lecturer support. Partic-
ipant feedback will be implemented into the cur-
riculum on an ongoing basis in order to tailor it
further to the specific knowledge requirements of
the target audience. This is intended to strengthen
the curriculum’s human-centered explainable AI
(HCXAI) dimension, which aims to place non-
expert users at the center of AI explainability (Ri-
dley, 2025, 98). Also, future work will investigate
strategies for introducing LLMs as coding or gen-
eral learning assistants into the curriculum, which
could facilitate deliberate practice in self-learning
scenarios.
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ments. In Jiménez-Crespo, Miguel A. and Vanessa
Enrı́quez Raı́do, editors, The Routledge Handbook
of Translation and Technology (2nd ed.). Routledge,
London/New York.
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Abstract

This paper presents the pedagogical in-
tegration of MTUOC, an open-source
project developed at Universitat Oberta de
Catalunya (UOC)—a distance-learning in-
stitution—to facilitate the training, fine-
tuning, and integration of Neural Machine
Translation (NMT) and Large Language
Models (LLMs). The project consists
of a modular suite of tools designed to
streamline complex technical workflows
for translation purposes. These compo-
nents are currently utilised across research,
industry knowledge transfer, and formal
education. Specifically, the tools have been
successfully implemented in a Bachelor’s
degree in Translation and Interpreting and
a Master’s degree in Translation Technolo-
gies. Furthermore, a pilot open course
based on this framework received signif-
icant interest, reaching over 100 partici-
pants. This paper outlines the core compo-
nents of the project, discusses the teaching
experiences gathered in asynchronous en-
vironments, and describes the organisation
of a forthcoming open course scheduled
for October 2026. The results suggest that
providing students with accessible, high-
level interfaces for AI-based translation
technologies enhances their technical au-
tonomy and professional readiness.

1 Introduction

The integration of Artificial Intelligence (AI) in
translation workflows has moved from being a spe-
cialized skill to a core competency in the language

© 2026 The authors. This article is licensed under a Creative
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industry (Olohan, 2007). This shift has led to
new professional profiles that require a specific set
of skills beyond traditional translation (Cid et al.,
2020). This section outlines the institutional con-
text and the motivation behind the development of
a dedicated technological framework for transla-
tion pedagogy.

1.1 The Universitat Oberta de Catalunya

The Universitat Oberta de Catalunya (UOC) is
an online institution based in Barcelona (Catalo-
nia, Spain), offering a comprehensive range of
undergraduate, postgraduate, and doctoral pro-
grammes. The university operates within a mul-
tilingual framework, using Catalan, Spanish and
English as its primary working languages.

Within the Arts and Humanities Department,
the academic offer includes a Bachelor’s degree
in Translation, Interpreting, and Applied Lan-
guages, as well as a Master’s degree in Trans-
lation Technologies, both aligned with the latest
European standards for translator training (EMT
Board, 2022). For several years, these programmes
have placed a strategic emphasis on teaching the
latest advancements in Machine Translation (MT)
through a hands-on, practical approach. This com-
mitment to technical proficiency led to the creation
of the MTUOC project (Oliver and Álvarez, 2023),
an initiative designed to bridge the gap between
theoretical AI concepts and professional transla-
tion practice, following the principle of empow-
ering all users in the age of AI (Kenny, 2022).
The project is briefly introduced in the following
subsection, with its core technical components de-
tailed in section 2.

1.2 The MTUOC project: Context and scope

The MTUOC project was established to address
a recurring challenge in translation technology:



While most components required to train and de-
ploy translation models are available under free
and permissive licenses, they often lack compre-
hensive documentation or user-friendly interfaces.
This project aims to facilitate the use of existing
open-source tools while developing auxiliary soft-
ware to streamline the training, evaluation, deploy-
ment, and integration of Neural Machine Transla-
tion (NMT) and Large Language Models (LLMs).

By providing a more accessible framework, the
project bridges the gap between complex computa-
tional requirements and the practical needs of the
translation community. Currently, it is employed
in three main areas:

• Research: Providing a stable framework for
linguistic and computational experimenta-
tion.

• Knowledge transfer: Facilitating collabora-
tion with industry partners to implement cus-
tomized translation solutions.

• Education: Serving as the technological
backbone for specialized courses in transla-
tion technology.

By integrating these tools into the curriculum,
the university ensures that students do not merely
learn how to operate commercial interfaces, but
rather understand the underlying processes of data
curation, model evaluation, and system integra-
tion. This approach prepares future professionals
to adapt to a rapidly changing technological land-
scape.

1.3 Subjects and courses
The MTUOC project is currently integrated into
several levels of higher education, following a
modular pedagogical design that adapts to differ-
ent student profiles.

In the Bachelor’s degree in Translation, Inter-
preting, and Applied Languages, the toolkit is
used in the Machine Translation and Post-editing
course. The mandatory curriculum focuses on
foundational concepts and basic operations. How-
ever, the course is structured to allow students in-
terested in technical specialization to complete a
series of advanced optional activities, which in-
volve more complex data manipulation and engine
customization.

At the postgraduate level, the framework is a
core component of the Translation and Technolo-

gies course within the Master’s degree in Trans-
lation Technologies. In this context, all students
are required to engage with more advanced tasks,
such as model fine-tuning and technical evaluation.
Similar to the undergraduate level, an additional
track of specialized activities is available for those
seeking to further their expertise in MT develop-
ment.

Finally, these materials were adapted for a free
online course (MOOC). This initiative met with
high demand, attracting a diverse range of partic-
ipants and confirming the interest of the broader
translation community in accessible, high-level
technical training. The success of this pilot has led
to the planning of a permanent open course, further
described in section 4.

2 Components of the MTUOC project

The MTUOC project is designed as a modular
ecosystem that covers the entire machine trans-
lation lifecycle. Rather than a single monolithic
application, it consists of several interconnected
components and independent scripts that can be
used separately or as part of a complex workflow.
This modularity is a key pedagogical feature, as
it allows students to isolate and understand each
stage of the translation process.

The software is primarily developed in Python,
featuring clean, well-documented code that fa-
cilitates customization and adaptation according
to specific needs. Most components are cross-
platform, ensuring compatibility across Linux,
Windows, and macOS. Furthermore, specific pro-
cesses are handled through simple, adaptable Bash
scripts. This architecture ensures that all compo-
nents are immediately accessible for standard use
while remaining flexible enough for advanced ped-
agogical activities that require code modification
or pipeline adjustment.

All the components can be freely downloaded
from the project’s GitHub.1

2.1 Server, translators, editors, and plugins

At the core of the project is a client-server architec-
ture designed to facilitate the deployment of MT
models. The MTUOC-server acts as a central hub
capable of hosting multiple NMT or LLM-based
engines simultaneously. Furthermore, the server
can be configured to support various popular com-
munication protocols, ensuring compatibility with
1https://mtuoc.github.io/



a wide range of third-party client applications. To
interact with this server, the project provides sev-
eral dedicated interfaces:

• Translators and editors: The project offers
both desktop and web-based applications for
translating text and documents. These in-
clude a dedicated post-editing interface that
provides essential Computer-Assisted Trans-
lation (CAT) functionalities alongside spe-
cialized features, such as automated quality
control and the integration of quality estima-
tion metrics.

• Plugins: These integration modules allow
students to deploy their custom-trained mod-
els within professional environments. At the
time of writing, the project provides plug-
ins for OmegaT, Trados Studio, and Okapi
Tools, ensuring that the technology is com-
patible with widely used industry standards.

2.2 Tools for corpus creation, alignment, and
preprocessing

Effective MT depends on high-quality data. This
sub-module includes a suite of tools focused on
the preparation of linguistic assets, providing func-
tionalities for:

• Data acquisition: Tools for web crawling
to facilitate corpus creation and for extract-
ing comparable and parallel corpora from
Wikipedia.

• Data alignment: Modules designed to align
parallel corpora and to perform automated
searches for parallel segments within compa-
rable datasets.

• Corpus preprocessing: Scripts for clean-
ing, tokenising, and filtering data to ensure it
meets the quality standards required for NMT
training. These tools allow students to empir-
ically observe the impact of data noise on the
performance of the final output.

2.3 Tools and scripts for training and
fine-tuning NMT and LLMs

These components provide the necessary inter-
faces to interact with state-of-the-art training and
fine-tuning toolkits, such as Marian, OpenNMT,

Eole, and Axolotl, among others. The project sim-
plifies hyperparameter configuration and the man-
agement of training environments by providing nu-
merous documented configuration templates. Key
features include:

• NMT training: Streamlined scripts that
guide users through the process of develop-
ing Neural Machine Translation models from
scratch, reducing the technical barriers asso-
ciated with command-line environments.

• NMT and LLM fine-tuning: Specialized
tools designed to adapt Large Language Mod-
els for translation tasks through supervised
fine-tuning. This allows students to engage
directly with modern AI paradigms and ob-
serve how pre-trained models can be special-
ized for specific domains or language pairs.

2.4 Scripts and programs for MT evaluation
The final stage of the workflow involves assess-
ing the quality of the generated translations. The
project includes a comprehensive set of evalua-
tion tools designed to provide both automated and
human-centered feedback:

• Automatic metrics: The toolkit provides
scripts and interfaces that facilitate the use
of industry-standard metrics, such as sacre-
BLEU (Post, 2018) and COMET (Rei et al.,
2020). These tools ensure that students can
produce reproducible and comparable results
when evaluating model performance.

• Post-editing tool: The project offers a ded-
icated environment for post-edition that al-
lows for the collection of fine-grained data,
including various post-editing effort metrics
(Oliver et al., 2020). This allows a critical
approach to technology assessment, moving
beyond purely automated scores to include
human-in-the-loop evaluation.

3 Pedagogical experience and evaluation

The MTUOC project has been deployed in di-
verse educational settings, ranging from formal
university degrees to open-access online training.
This multi-layered implementation has allowed for
a comprehensive evaluation of the tools’ versa-
tility and their impact on student learning. By
integrating these components into different cur-
ricula, we have been able to observe how stu-
dents with varying levels of technical background



engage with AI-driven translation workflows in
an asynchronous, distance-learning environment.
The following subsections detail the specific expe-
riences within formal and informal education, as
well as the recurring challenges identified during
these processes.

3.1 Implementation in Bachelor’s and
Master’s degrees

The integration of the MTUOC toolkit in formal
degrees followed a tiered pedagogical strategy.
Given that translation curricula are often densely
packed with linguistic and core translation mod-
ules, it is challenging to introduce extensive tech-
nical training without overwhelming the students.
As previously noted in the literature, overcoming
these technical obstacles is crucial for student em-
powerment (Kenny and Doherty, 2014). To this
end, we adopt a problem-based learning approach
(Mellinger, 2018) where students gain confidence
through practical, hands-on tasks. Consequently,
our approach focuses on a mandatory introductory
level, complemented by optional advanced activi-
ties for students with a specific interest in technol-
ogy. This elective track is particularly relevant to-
day, as it prepares students for highly sought-after
professional roles that require a deep understand-
ing of AI-driven translation architectures.

The implementation revealed several key in-
sights regarding the students’ technical back-
grounds:

• The command-line barrier: We observed a
general lack of familiarity with Command-
Line Interfaces (CLI). For many students, the
initial interaction with a terminal can be dis-
couraging, representing a significant techni-
cal hurdle.

• Operating system diversity: The student
body primarily uses Windows, followed by
macOS, while Linux users are almost non-
existent. This diversity necessitates a ”cross-
platform first” approach.

• Scaffolded learning: To mitigate initial fric-
tion, we designed preliminary activities that
are easily executable across all operating sys-
tems. Once students gain confidence and
understand the underlying logic of the pro-
cesses, they are encouraged to engage with
Linux-based environments and terminal com-

mands through more advanced, specialized
tasks.

3.2 Implementation in a free online course
The MTUOC project was also the cornerstone
of an open-access online course designed for the
broader translation community. The initial itera-
tion was structured as a comprehensive 12-week
programme, with an estimated weekly workload of
five hours. While the course generated significant
interest—attracting over 100 enrollees—the com-
pletion rate was notably low, with only five partic-
ipants reaching the end.

An analysis of this pilot experience revealed two
primary factors behind the high attrition rate:

• Misaligned expectations and commitment:
The initial enthusiasm led many to register
without fully accounting for the long-term
time commitment required.

• Diverse user interests: Participants exhib-
ited varied professional needs. While some
were focused on engine deployment and
server management, others were primarily in-
terested in corpus acquisition or NMT train-
ing. A monolithic course structure forced par-
ticipants to navigate sections that were not al-
ways relevant to their specific goals.

The primary takeaway from this experience is
that a modular approach is more effective for pro-
fessional development in this field. Rather than a
single, extensive course, it is more sustainable to
offer a series of shorter, specialized modules. For
instance, four modules of four weeks each provide
a more manageable and focused learning path than
a single 16-week programme. This flexibility al-
lows participants to enroll only in the segments
that align with their professional interests, thereby
increasing engagement and completion rates.

3.3 Coordination problems
A significant challenge identified in previous it-
erations was the lack of temporal and structural
synchronization between the different educational
tracks. The Bachelor’s degree, the Master’s de-
gree, and the open online course were conducted
as independent sessions with different start dates
and distinct student cohorts. This fragmentation
resulted in several operational inefficiencies:

• Instructional and pedagogical overload:
Managing three staggered timelines imposed



a substantial burden on the teaching staff. Be-
yond server maintenance, the primary drain
on resources was the continuous duplication
of pedagogical efforts, including the modera-
tion of forums, and the provision of technical
troubleshooting for three distinct student co-
horts. This fragmentation prevented the fac-
ulty from streamlining feedback and consoli-
dating teaching materials effectively.

• Reduced peer interaction: In the formal
degree programmes, the number of students
per group remained relatively small (ranging
from 5 to 10). This limited size hindered
the potential for peer-to-peer learning and the
creation of a robust community of practice.

• Resource fragmentation: Technical issues
or updates in the MTUOC toolkit had to be
addressed independently across three differ-
ent contexts, increasing the likelihood of ver-
sioning conflicts.

As discussed in the following sections, future
iterations of these courses will be conducted si-
multaneously across all three levels. This strategic
alignment aims to optimize teaching resources and
foster a larger, more dynamic learning community.

3.4 Learning environments and
infrastructure

The delivery of learning materials and the facili-
tation of communication have relied on a combi-
nation of open-access platforms and institutional
systems. To date, the infrastructure has been orga-
nized as follows:

• Learning materials and software: A dedi-
cated Wiki and a GitHub repository served as
the primary hubs for all pedagogical content,
including documentation, scripts, and source
code. This ensured that students always had
access to the latest versions of the MTUOC
toolkit while fostering familiarity with stan-
dard version-control practices.

• Institutional channels: For students enrolled
in the Bachelor’s and Master’s degrees, the
Universitat Oberta de Catalunya Virtual Cam-
pus was used for formal assignments, grad-
ing, and official communications.

• Open-access channels: For the free online
course, the same Wiki and GitHub resources

were used, but communication and com-
munity support were managed via Google
Groups.

While this setup provided a functional baseline,
the use of Google Groups for the open course
proved to be sub-optimal for fostering real-time
interaction and technical troubleshooting. Conse-
quently, for future iterations, the project will main-
tain GitHub as the central repository for materials
but aims to migrate community communication to
more efficient, modern open-source or free plat-
forms that allow for better-organized discussion
threads and more agile peer-to-peer support.

4 New course design

To address the challenges identified in previous it-
erations—namely student attrition in long-format
courses and the instructional overload caused by
fragmented schedules—a redesigned pedagogical
framework will be implemented starting in Octo-
ber 2026. This new design moves away from a
monolithic structure toward a highly modular and
synchronized set or shorter courses.

The primary objective of this overhaul is to op-
timize teaching resources while creating a more
resilient learning community. By decoupling the
project’s components into specialized units and
aligning the academic calendars of formal and in-
formal tracks, the project aims to foster a collab-
orative environment where students from differ-
ent backgrounds can interact. The following sub-
sections detail the architectural pillars of this new
approach: the transition to independent modules,
the implementation of a unified calendar, and the
adoption of a more agile communication infras-
tructure.

4.1 Modules

The new curriculum is structured into four inter-
connected modules, each designed to function as
an independent learning unit while maintaining a
logical progression. This modularity allows stu-
dents to customize their learning path based on
their specific professional needs or technical back-
ground. Each module spans four weeks with an es-
timated workload of five hours per week (20 hours
per module).

• Module 1: Deployment, integration, and
evaluation. This introductory unit focuses



on the operational side of translation technol-
ogy. Participants learn to host NMT and LLM
engines using the MTUOC-server and inte-
grate them into professional workflows via
CAT tools such as OmegaT and Trados Stu-
dio. The module also covers basic quantita-
tive evaluation.

• Module 2: Corpus engineering. This mod-
ule addresses the data layer of machine trans-
lation. It covers the exploration of existing
parallel datasets and the creation of custom
comparable and parallel corpora through web
crawling and Wikipedia extraction. Empha-
sis is placed on essential preprocessing tasks,
such as data alignment and noise reduction.

• Module 3: NMT training and fine-tuning.
Moving into model development, this unit
guides students through the end-to-end pro-
cess of training NMT engines from scratch
using frameworks like Marian, Eole, and
fairseq2. It also introduces techniques for
fine-tuning existing NMT models to specific
domains.

• Module 4: LLMs for translation—in-
context learning and specialization. The
final module explores cutting-edge AI
paradigms. Students learn to implement
In-Context Learning (ICL) by leveraging
translation memories and terminological
databases. Furthermore, it introduces the
fundamentals of LLM specialization through
both Full Fine-tuning and Parameter-Efficient
Fine-Tuning (PEFT) methods, such as LoRA.

4.2 Unified calendar
To maximize instructional efficiency and foster a
synchronized learning community, a unified cal-
endar has been established for all three tracks
(Bachelor’s, Master’s, and the open online course).
The modules are offered twice per academic year,
with start dates aligned to the postgraduate sched-
ule, typically beginning in mid-October and mid-
March.

For Bachelor’s students, this synchronization
entails a specific timeline: since their regular
semester begins earlier, they will start these op-
tional technical modules approximately one month
into their coursework. Furthermore, as the Bach-
elor’s semester also concludes earlier, the final
module will take place during the break between

semesters. Crucially, even during this period, these
students will remain integrated into the shared
communication platform, ensuring they have con-
tinuous access to peer support and instructor guid-
ance alongside participants from the other tracks.

The following table outlines the synchronized
schedule for both semesters:

Module 1st semester 2nd semester
Module 1 Mid-Oct -Mid-Nov Mid-Mar - Mid-Apr
Module 2 Mid-Nov - Mid-Dec Mid-Apr - Mid-May
Module 3 Mid-Jan - Mid-Feb Mid-May - Mid-Jun
Module 4 Mid-Feb - Mid-Mar Mid-Jun - Mid-Jul

Table 1: Unified calendar

4.3 Teaching and communication platform

To facilitate this cross-track interaction, the project
will transition from Google Groups to Discord,
leveraging its specific templates for educational
environments. This platform offers a more dy-
namic and persistent communication space, which
is essential for maintaining engagement across the
staggered schedules of the different student co-
horts. The adoption of Discord is driven by three
primary pedagogical goals:

• Real-time technical support: The use
of channel-based categories and organized
threads for specific technical issues allows for
faster troubleshooting and creates a search-
able knowledge base for all students.

• Peer-to-peer mentorship: Discord’s infor-
mal environment encourages interaction be-
tween tracks. More experienced participants,
such as those from the Master’s degree or the
professional open course, can easily support
Bachelor’s students, fostering a collaborative
community of practice.

• Integration and agility: The platform allows
for direct integration with GitHub webhooks,
providing real-time notifications for reposi-
tory updates and Wiki changes.

By utilizing Discord’s classroom templates, the
project can establish a structured yet flexible vir-
tual campus. This shared space will act as the ”so-
cial glue” of the initiative, ensuring that no student
works in isolation, regardless of their specific aca-
demic calendar.



5 Conclusions

The rapid evolution of Artificial Intelligence and
its application to translation workflows necessi-
tates a shift in pedagogical models. As demon-
strated throughout the various iterations of the
MTUOC project, teaching these technologies re-
quires more than just updated software; it de-
mands an agile and modular infrastructure capable
of adapting to a shifting technological landscape.

The transition to a four-module design for Octo-
ber 2026, synchronized across different academic
tracks and supported by a dynamic communication
environment like Discord, addresses the primary
challenges identified in our previous experiences:
instructional overload, student attrition, and tech-
nical fragmentation. This new framework ensures
that students—whether in formal degrees or open-
access tracks—can engage with the latest advance-
ments in NMT and LLMs within a cohesive com-
munity of practice.

A key factor in the sustainability of this ini-
tiative is the use of a GitHub-based Wiki for all
teaching materials. This format allows the teach-
ing staff to update content, scripts, and documen-
tation in real-time, which is essential given that AI
methodologies can become obsolete in a matter of
months. Furthermore, we reiterate that all mate-
rials and tools developed within this project are
released under open-source licenses, allowing for
their free use, distribution, and modification with-
out restrictions.

Finally, the authors extend an invitation to other
universities and translation departments to adopt
this curriculum or adapt it to their specific institu-
tional needs. By sharing these open pedagogical
resources, we aim to contribute to a more tech-
nically proficient and autonomous generation of
translation professionals, capable of not only using
AI but also understanding and shaping the tools of
their trade.
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Abstract

In this paper we describe how we mimic
the different steps in the historical develop-
ment of NMT systems, all trained and eval-
uated on the same small data set. We do
this for pedagogic reasons so students can
see the effect of each of the steps on met-
rics like BLEU but also on qualitative ex-
amples, which the training scripts generate
after each epoch. As MT paradigms, we
discuss NMT training from scratch, fine-
tuning pre-trained encoder-decoder mod-
els, and finally prompt engineering for
decoder-only models. All models run in
Kaggle sessions and all Python scripts
and Jupyter notebooks are made available
to the MT teaching community through
GitHub and public Kaggle sessions.

1 Introduction

Neural machine translation (NMT) has under-
gone rapid architectural evolution during the
past decade. Early sequence-to-sequence models
based on recurrent neural networks (RNNs) were
quickly followed by attention mechanisms, sub-
word modeling, transformer architectures, multi-
lingual models, pre-trained models, and more re-
cently decoder-only large language models.

For translation students encountering machine
translation (MT) for the first time, this rapid de-
velopment can make the field difficult to under-
stand. Modern state-of-the-art systems rely on
highly complex pretrained architectures whose de-
sign motivations are not immediately obvious. In-

© 2026 The author. This article is licensed under a Creative
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troducing such systems directly may therefore ob-
scure the conceptual foundations of neural ma-
chine translation.

In this paper, we describe a pedagogical ap-
proach that addresses this challenge by mimicking
the historical development of NMT. Rather than
presenting current architectures directly, students
learn to reproduce simplified versions of the mod-
els that marked major milestones in the develop-
ment of the field, while also getting used to the
MT experimental research paradigm.

This approach is implemented as the main part
in the course Machine Translation Advanced Top-
ics in the Translation Technology post-graduate
programme for translators at KU Leuven. There
are 27 contact hours and this counts for 3 ECTS
points, so expecting a total average work load for
students of 90 hours, including contact hours.

Until recently, we had been using OpenNMT
(Klein et al., 2017), an open-source NMT platform
that allowed easy training of NMT systems with-
out much programming or other technical knowl-
edge, making it an ideal tool to use in classes. But
as development to OpenNMT was discontinued, it
became very difficult to reconstruct the NMT his-
tory.

This is the main reason why we have developed
a number of Python scripts with lots of command-
line switches that mimic some of the functional-
ity of OpenNMT. We have also created a series
of Google Colab / Kaggle sessions in which these
scripts are used.1 Everything is made available via
GitHub.2

1We use Kaggle as an alternative to the often used Google Co-
lab environment, as Kaggle allows running Python notebooks
while the user is offline and it has a fixed GPU quotum of
currently 30 hours of GPU time per week.
2https://github.com/VincentCCL/MTAT/



In what follows, we show through evaluation
with SacreBLEU (Post, 2018) (which was built-in
in the scripts) and example translations how trans-
lation quality improves over the different inven-
tions that have led to the current state-of-the-art in
MT.

Section 2 discusses the dataset that was used.
Section 3 discusses NMT training from scratch.
Section 4 discusses building a multilingual NMT
system and demonstrates a zero-shot system. Sec-
tion 5 discusses fine-tuning and translation with
pre-trained encoder-decoder models. Section 6
discusses prompt engineering with decoder-only
models. And finally, Section 7 draws conclusions.

2 The dataset

All the Kaggle sessions make use of a dataset that
was downloaded from OPUS (Tiedemann, 2012).
We chose the Tatoeba (Tiedemann, 2020) English-
Dutch dataset as it is rather small, in order to avoid
long waiting times during class. Table 1 shows de-
tails about the dataset.

Tatoeba v2023-04-12 Properties
nr of parallel sentences 79,541
nr of English tokens 579,984
nr of Dutch tokens 586,024

Table 1: Tatoeba v2023-04-12 properties

These data have been preprocessed similar as
what is described in DataLitMT’s (Hackenbuchner
and Krüger, 2023) section on Data Preprocessing:
entries with missing sentences are dropped, as well
as duplicates and pairs where source and target
sentence are equal, leaving us with 79,482 sen-
tences, removing 59 sentence pairs (0.07%).

The next step consists of removing sentence
pairs where either of the sentences contains more
than 50 spaces, and those where the ratio between
the source sentence number of words and the tar-
get sentence number of words (or vice versa) ex-
ceeds 2.5, removing another 101 sentences (an-
other 0.12% of the initial set), leaving us with
79,381 sentences.

Then the data was tokenized with the Sacre-
Moses tokenizer3 and split into a training set, a de-
velopment set and a test set. We limited the size
of the development and test sets to 1000 parallel
sentences each, again in order to not have to wait
too long when running evaluations in a classroom
setting.
3https://pypi.org/project/sacremoses/

In the remainder of this paper, we will not use
or report about the test set, as this is kept as un-
seen data for students to perform a final evalua-
tion once the best-performing systems have been
selected based on the development set. Neverthe-
less, the cleaned data set with splits is made pub-
licly available as a Kaggle dataset.

After each epoch, the training scripts show, de-
pending on the options, the development set BLEU
scores (Papineni et al., 2002) and a number of ex-
ample sentences from the development set, in or-
der to show students how results evolve during
training, enabling them to see qualitative progress
beside quantitative progress.

Table 2 shows 5 lowercased example sentences
from the development set, with their lowercased
reference translations, for which translation hy-
potheses are shown after each epoch.

Nr Src/Ref Sentence (lower cased)
1 SRC nobody reads about my country .

REF niemand leest over mijn land .
2 SRC i sleep in my car .

REF ik slaap in mijn auto .
3 SRC there ’re clean sheets under the bed .

REF er liggen schone lakens onder het bed .
4 SRC i have a donkey .

REF ik heb een ezel .
5 SRC betty drives fast .

REF betty rijdt snel .

Table 2: 5 example sentences from the development set

3 MT Models trained from scratch

We first discuss basic recurrent neural network
models in Section 3.1, add subwording in Section
3.2, move to transformers in Section 3.3 and then
present results on all the discussed models in Sec-
tion 3.4.

3.1 Basic RNN models

After some explanation on how neural networks,
word embeddings and plain RNN language mod-
eling work, we start with training the RNN base-
line, that is, a plain vanilla RNN encoder-decoder
model (Cho et al., 2014; Sutskever et al., 2014).
Table 3 shows the default hyperparameters for the
RNN training script in the RNN column.

After the baseline, we have accordingly added
gating to the RNN cells, comparing performance
on Long Short-term Memory cells (LSTMs)
(Hochreiter and Schmidhuber, 1997) and Gated
Recurrent Units (GRU) (Cho et al., 2014), added



Setting RNN Transformer
Epochs 10 10
Batch size 32 32
Embedding size 64 512
Hidden size 128 2048
Encoder layers 1 6
Decoder layers 1 6
Number of heads - 8
RNN type RNN -
Attention none self
Bidirectional encoder no -
Max sentence length 20 128
Learning rate 0.001 0.0005
Teacher forcing 0.7 1.0
Gradient clipping 1.0 1.0
Optimizer Adam AdamW
Lowercasing yes no
Subwording none SentPiece
Max source vocab unlimited 8000
Max target vocab unlimited 8000
Seed 42 42

Table 3: Default hyperparameters for the RNN and Trans-
former scripts. Some of these hyperparameters have been ex-
plained to the students, but for many this would lead too far as
it would involve a technicality in maths which is not expected
from translators. We provide them here mainly for reprodu-
cability.

bidirectionality to LSTM (biLSTM), and added
cross-lingual attention (att) (Luong et al., 2015).

3.2 Subwording with SentencePiece

We also test the effect of applying Sentence-
Piece subword tokenization (Kudo and Richard-
son, 2018) with unigrams, in two variants: with
separate sentence piece models for source and tar-
get languages (see +sp in Figure 1 and Table 4)
and with a single joint model for source and tar-
get language (see +spj). We always set vocabulary
size at 8000.

3.3 Transformer models

For transformers we made a script that uses the
transformers library from Hugging Face. We
ran two versions of the Transformer model, a
small version using as much as possible the hyper-
parameters from the RNN network (i.e., changing
the default settings from the Transformer column
in Table 3 for embedding size to 64, hidden size
to 128 and maximum generated length to 20. Then
we also trained a larger transformer model with the
settings given in the Transformer column in Table
3. Note that for Transformers we have used sep-
arate sentence piece models for source and target
language. Testing the accuracy of the model with
a joint sentence piece model is left as an exercise
for the students.

Figure 1: BLEU scores for the different models that were
trained from scratch, over 10 epochs

3.4 Results

Figure 1 presents the learning curves for BLEU
scores on the development set, clearly showing im-
provements with each newly introduced step. The
difference betweeen LSTM and GRU is rather ne-
glegible.

Table 4 shows the hypotheses of the respective
MT models after 10 epochs. As we can see while
vanilla RNNs only produce some high-frequency
words, later models already may get some words
right. As soon as we start introducing bidirection-
ality, we see output increasingly resembling full
sentences. When attention is added results are even
better, but still far from decent translations.

As Figure 1 shows, using sub-wording (sp and
spj conditions) in our case does not improve fur-
ther BLEU scores, but there is clearly a higher
BLEU score for the joint model over the separate
models.

Both transformer models score substantially
better than the RNN models, and the larger trans-
former model clearly outperforms the small trans-
former. The improved performance is also visi-
ble from the generated examples, where the small
transformer already shows some correctly trans-
lated sentences, and for the larger transformer we
see only a single mistake in the five sentences.

4 Multilingual NMT (MNMT) models:
testing zero-shot translation

We also want to demonstrate how multilingual
models work. We take the French to Dutch Tatoeba
set as an additional dataset, which was processed
in the same way as was done in Section 2.

We created a function that takes a source file, a
target tag and an output filename as its arguments
and we use it on the files as indicated in Table 5.



Model Nr Hypotheses
RNN 1 is een het . .

2 is een het . .
3 is niet het van een . .
4 is is . .
5 is is . .

GRU 1 lijkt dat mijn mijn land . .
2 heb in mijn auto . .
3 zijn onder bed de bed .
4 ben een . .
5 rijdt snel . .

LSTM 1 leest op mijn land .
2 ben in mijn mijn .
3 heeft onder onder die niet . .
4 heb een groot .
5 rijdt snel .

BiLSTM 1 verdedigde over land land .
2 slaap in mijn auto .
3 zijn veel onder bed de bed .
4 heb een . .
5 rijdt beter .

BiLSTM 1 leest op mijn land .
+ att 2 slaap in mijn auto .

3 zijn schoon op onder bed bed .
4 heb een ezel .
5 rijdt snel .

BiLSTM 1 las over mijn land .
+ att 2 ik slaapt in mijn auto .
+ sp 3 hang zijn bed onder bed onder bed .

4 ik heb een . .
5 t rijdt snel .

BiLSTM 1 leest van mijn land .
+ att 2 ik slaap in mijn auto
+ spj 3 zijnnt laket onder onder bed bed

4 ik heb een ezel .
5 tty rijd snel snel

Transformer 1 Niemand leest over mijn land .
small 2 Ik slaapt in mijn auto .

3 Er zijn ketchup onder het bed .
4 Ik heb een boot .
5 Bet niet snel rijden .

Transformer 1 Niemand leest over mijn land .
2 Ik slaap in mijn auto .
3 Er zit schone lakens onder het bed .
4 Ik heb een ezel .
5 Betty rijdt snel .

Table 4: MT from scratch examples after 10 epochs. The Nr
column refers to the example Nr in Table 2.

Original File Tag Ouput File
tatoeba-en-nl/train.en <2nl> en-nl-train.en 2nl
tatoeba-en-nl/dev.en <2nl> en-nl-dev.en 2nl
tatoeba-fr-nl/train.fr <2nl> fr-nl-train.fr 2nl
tatoeba-fr-nl/dev.fr <2nl> fr-nl-dev.fr 2nl
tatoeba-en-nl/train.nl <2en> en-nl-train.nl 2en
tatoeba-en-nl/dev.nl <2en> en-nl-dev.nl 2en
tatoeba-fr-nl/train.nl <2fr> fr-nl-train.nl 2fr
tatoeba-fr-nl/dev.nl <2fr> fr-nl.dev.nl 2fr

Table 5: Adding target language tags for multilingual MT

Figure 2: BLEU score for the multilingual NMT model. For
ease of reference, the best-scoring system from Figure 1 is
shown in a dotted line. Note that the two are not fully com-
parable, as the NMNT system is evaluated on a multilingual
NMT file, not only on EN-NL.

Model Nr Hypotheses
MNMT 1 Niemand laira dans mon pays.

2 Il y a du courant dans mon auto.
3 Il y a des pteaux dans le lit.
4 Il y a du cou.
5 Betty rijdt snel.

Table 6: Translation hypotheses of the five example sentences
in the zero-shot EN-FR multilingual setting

We create four datasets, in which the source sen-
tences are prefixed with a target language tag. All
training data was concatenated and a joint Sen-
tencePiece model was built. Then a transformer
was trained with default settings (cf. Table 3) on
these data. Results are presented in Figure 2, al-
though the BLEU score is not fully comparable as
the evaluation was done on the concatenation of
the four development tests (See table 5).

Next, we tested the zero-shot capabilities of our
model by translating the English development set
in French. Table 6 shows example translations,
from which we can see that the translations are not
very good, as they contain a mixture of French and
Dutch. We cannot evaluate this setting with met-
rics as we do not have the reference translations
from English to French for these sentences.

5 Fine-tuning and using pre-trained
Encoder-Decoders

For fine-tuning pre-trained encoder-decoders we
have made separate scripts for T5 and mBART. For
translation without fine-tuning, we also add M2M,
NLLB and MADLAD-400.



Model Nr Hypotheses
T5 1 Niemand leest over mijn land.

2 Ik slaapt in mijn auto.
3 Er zijn snel bleeks op het bed.
4 Ik heb een ees.
5 Betty rijdt snel.

mT5 1 Niemand leest over mijn land .
2 Ik slaap in mijn auto .
3 Er zijn schoon kussens onder het bed .
4 Ik heb een doek .
5 Betty rijdt snel .

mBART 1 Niemand leest over mijn land .
(9 epochs) 2 Ik slaap in mijn auto .

3 Onder het bed liggen schone lakens .
4 < > Ik heb een ezel .
5 Betty rijdt snel .

M2M 1 Niemand leest over mijn land.
(no 2 Ik slapen in mijn auto.
finetuning) 3 Er zijn schoon bladeren onder het bed.

4 Ik heb een donkey.
5 Betty rijdt snel.

NLLB 1 Niemand leest over mijn land .
(no 2 Ik slaap in mijn auto .
finetuning) 3 Er zijn schone lakens onder het bed .

4 Ik heb een ezel .
5 Betty rijdt snel .

Table 7: Encoder-Decoder examples after 10 epochs

5.1 T5-variants (Text-to-Text Transfer
Transformer)

T5 (Raffel et al., 2020) was one of the first large-
scale models to systematically explore how trans-
fer learning can be unified across many NLP tasks
within a single encoder-decoder architecture.

Variant mT5 (multilingual T5) (Xue et al., 2021)
extends the T5 framework to the multilingual set-
ting. Like T5, it treats all tasks as text-to-text gen-
eration, but it does so using a model pretrained on
many languages rather than mainly English.

5.2 mBART (Multilingual Bidirectional and
Auto-Regressive Transformer)

mBART (Liu et al., 2020) extends BART to the
multilingual setting and was one of the first mod-
els to show that multilingual denoising pretraining
alone can substantially improve machine transla-
tion.

Fine-tuning it within Kaggle is possible, but our
run was stopped after 9 epochs because it exceeded
the max allowed execution duration.

5.3 M2M (Many-to-Many)

Unlike T5, mT5, and mBART, which are primar-
ily pretrained using monolingual denoising objec-
tives, M2M-100 (Fan et al., 2021) is trained di-
rectly on large-scale parallel translation data. This
makes it fundamentally a multilingual translation

Figure 3: BLEU scores for the different pretrained encoder-
decoder models over 10 epochs. The dotted line is the best
scoring model as shown in Figure 1.

model rather than a general-purpose text genera-
tion model adapted later to MT.

The M2M-100 models are too large to be fine-
tuned comfortably in a standard Kaggle setup, so
in this course we use the pretrained model directly
for translation.

5.4 NLLB (No Language Left Behind)

The NLLB project (NLLB Team et al., 2022) ex-
tends massively multilingual machine translation
to 200+ languages, with particular attention to low-
resource and underrepresented languages. Its main
goal is not only to scale translation to more lan-
guages, but also to improve quality for language
communities that have historically received little
support in MT.

Similar as for M2M, we do not fine-tune the
model in Kaggle, but we can use the pretrained
model directly for translation.

5.5 MADLAD-400 (Multilingual And
Document-Level Large Audited Dataset)

MADLAD-400 (Kudugunta et al., 2023) repre-
sents a recent development in pretrained multi-
lingual models that combines ideas from both
encoder–decoder MT systems and text-to-text
models such as T5.

Like for T5 and mT5, all tasks, including trans-
lation, are expressed as transformations from input
text to output text. However, unlike earlier text-to-
text models, it is trained explicitly for massively
multilingual translation, covering hundreds of
languages.

Similar as for M2M and NLLB, we do not fine-
tune the model in Kaggle, but we can use the pre-
trained model directly for translation.



5.6 Results

As we can see in Figure 3, the T5 model scores
a little better than the small transformer variant
trained from scratch. The mT5 model scores a lot
better, but still not as good as the large transformer
model.

For mBART, we do not see a lot of improvement
in fine-tuning, but nevertheless it is the best scoring
model overall.

While we could not fine-tune M2M, NLLB nor
MADLAD-400, due to hardware limitations in
Kaggle, we show their performance in Figure 3
as straight lines, without fine-tuning. This shows
that, even while M2M scores a BLEU score of 41,
this is largely outperformed by NLLB, with a score
of 53, which comes very near to the fine-tuned
mBART score, so we can hypothesize that fine-
tuning NLLB may beat mBART. MADLAD-400
scores 56.37 from the start, without fine-tuning,
which is better than any of the fine-tuned systems.

Nevertheless, it should be noted that for these
pretrained models data leakage between our de-
velopment set and the data used for pretraining is
rather likely, as the Tatoeba dataset is freely avail-
able so there is no reason why these systems would
not have been trained on these data.

6 Prompt engineering with decoder-only
models

We also introduce the students to prompt engineer-
ing with decoder-only models, and provide Kaggle
sessions for working with GPT-2 (Radford et al.,
2019), LLaMA (Touvron et al., 2023) and Mis-
tral (Jiang et al., 2023), and we distinguish be-
tween different types of prompts, as shown in Ta-
ble 8, such as, (1) zero-shot baseline, where we
begin with a minimal instruction prompt; (2) for-
mat prompting – we make the structure of the task
more explicit; (3) few-shot prompting – we pro-
vide one or more examples in the prompt; and (4)
chat-style prompting. We also explore the effect of
sampling and beam size.

Due to the limitations of Kaggle, we cannot
download real size state-of-the-art models into the
Kaggle environment. Therefore, for LLaMA, we
also provide a Kaggle session with an API to the
larger model running on a Hugging Face endpoint.

We also provide a Kaggle session which is using
endpoints, such as Blablador (Strube, 2024) and
Groq (Groq Inc., 2024), two services which offer
access and compute for many different models.

Output of these decoder-only models shows that
it is rather difficult and ad-hoc to make them out-
put only the target sentence and nothing else, as
they tend to overgenerate text. As such, overgen-
eration would largely affect the BLEU scores (not
included here), but for the larger models, the out-
put often contains nearly correct translations.

7 Conclusions

We have presented a number of scripts and note-
books that allow showing the impact of specific
factors on NMT quality. A limitation of what we
presented is that we have only trained / fine-tuned
systems on a small dataset for a single language,
but with these notebooks, it should be relatively
easy for students in machine translation to train
their own systems and test the effects of certain
hyper-parameters and system architectures on the
translation quality of their preferred language pair
and domain.

While in this paper we have only used BLEU
as an evaluation metric, calculated with SacreBleu,
students have been taught how to use other metrics,
be it through the use of MATEO (Vanroy et al.,
2023) or through the use of scripts that perform
evaluations with BERTScore (Zhang et al., 2020),
BLEURT (Sellam et al., 2020) or COMET (Rei et
al., 2020).

All the notebooks presented here should run in
Kaggle, within the hard limitations set by the free
version of Kaggle on GPU usage, processing time,
disk space and RAM, these factors play. Never-
theless, if other GPU environments are available,
training may go faster, fine-tuning of M2M and
NLLB may become possible and working with
larger open-weight decoder-only models may be-
come feasible. Moreover, for the decoder mod-
els we have provided sessions that use free (for
researchers) inference end-points for recent very
large language models.

By sharing the scripts and making the notebooks
public we hope to provide other teachers in MT to
non-technical people with the right tooling to make
students grasp the effect of the selection of training
data.

It must be said that initially this course is very
far outside the comfort zone of the students, of
which only a minority has followed the first term
course Introduction to Machine Learning with
Python, but gradually most students get into the
topic, as a lot of time is spent on making things



Prompt style Example prompt
Zero-shot Translate the following text from {source lang} to {target lang}. Only output the transla-

tion.\n\n{text}
Formatted English: {text}\nDutch:
Few-shot English: I eat apples.\nDutch: Ik eet appels.\n\nEnglish: She is at home.\nDutch: Zij is

thuis.\n\nEnglish: {text}\nDutch:
Chat You are a careful machine translation system. Translate faithfully and output only the trans-

lation. Translate this sentence from {source lang} to {target lang}. Only output the transla-
tion.\n\n{text}

Table 8: Example prompt styles and prompts

work on their own dataset. This involves quite a
lot of individual help from the teacher, so the ap-
proach is probably only feasible for small groups.
Nevertheless, during the course, students have
some success experiences with the mechanics of
MT training, and gradually they also see the MT
quality improve. A downside is that training these
models takes quite some time, which requires care-
ful planning of when to explain MT theory versus
when to do the hands-on work. All in all, most
students that keep up the lessons till the end get a
good grip on MT experimental methodology, the
importance of data and finetuning and the general
mechanisms of current-day language modeling.

Future work involves integrating the scripts as
much as possible so it becomes even easier for stu-
dents to play around with the hyper-parameters.
We also want to investigate whether and how it
would be possible to run these notebooks at the
high performance computing facilities of the uni-
versity instead of depending on commercial par-
ties who may change running conditions as they
please.

References

Cho, Kyunghyun, Bart van Merriënboer, Dzmitry Bah-
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Abstract 

As Large Language Models (LLMs) are 
increasingly integrated into professional 
translation, there is a growing need for 
pedagogical frameworks that move be-
yond simple trial-and-error prompting 
across any available tools used for transla-
tion tasks. This paper presents a frame-
work developed in a university MA semi-
nar on translation to foster responsible AI 
literacy as well as linguistically grounded 
prompt control and structured prompting. 
The approach also emphasises that AI is 
understood as a tool for suggesting possi-
ble translation solutions, while human 
translators remain the final decision mak-
ers. Integrating translation-oriented text 
analysis and corpus-informed feature ex-
traction from parallel and comparable 
data, the approach teaches students to de-
velop register-specific and model-inter-
pretable instructions when translating spe-
cialised texts with the assistance of gener-
ative AI tools. During a one-semester 
course, students familiarised with prompt-
ing strategies and different tools, including 
commercial, freely available models, 
GDPR-compliant institutional infrastruc-
ture and local models. These steps and the 
comparative evaluation of these tools al-
lowed the students to identify optimal con-
figurations that conform best to profes-
sional quality standards for specialised 

texts, and they ultimately led to highly im-
proved translation output compared to un-
steered model results. 

1 Introduction 

1.1 Overview of the growing role of LLMs in 
translation 

As Large Language Models (LLMs) become in-
creasingly common tools, professional translators 
and translation students are using them more fre-
quently to support the translation process, e.g., by 
generating draft translations and revising target 
texts. The growing presence of these tools has im-
portant pedagogical implications. While LLMs 
can produce fluent translations, their output is 
shaped by statistical tendencies inherited from 
their training datasets. The output can vary across 
runs and lead to apparently random or inconsistent 
results for the same input. Moreover, particularly 
in unsteered baseline translations produced with-
out specific instructions, LLM-generated transla-
tions may exhibit certain unwanted characteristics 
that set them apart from both traditional machine 
translation and human translation, including, for 
instance, differences in stylistic variation, lexical 
choice and degrees of explicitness (cf. Sizov et al., 
2024). 

1.2 Related research on AI-supported transla-
tion and pedagogical implications 

Research on AI-supported translation tasks and 
translator education emphasises the importance of 
maintaining human-centered decision making and 
the development of the capacity to analyse and 
manage model behaviour rather than treating 



 

 
 

LLMs as opaque drafting tools or black boxes. Re-
cent publications in the field include work by An-
gelone (2026), Ayvazyan and colleagues (2024, 
2025), Cui et al. (2025), Gao et al. (2023), He 
(2024), Ren and Wang (2025), Siu (2024), 
Yamada (2023, 2026), Yang et al. (2024) and 
Zhang et al. (2023). Existing studies highlight the 
need for structured training that equips translation 
students and professional translators with the 
skills to engage critically with LLM outputs and to 
control and interpret model behaviour in transla-
tion processes. Such training may draw on re-
search on efficient prompt engineering and gen-
eral prompting frameworks that provide system-
atic approaches for designing prompts. For in-
stance, the CO-STAR framework structures 
prompts around the dimensions of context, objec-
tive, style, tone, audience and response (cf. Teo, 
2023). The CLEAR framework emphasises 
prompts that are concise, logical, explicit, adap-
tive and reflective (Lo, 2023). Such frameworks 
offer general principles applicable to a wide range 
of LLM tasks. In addition to such general frame-
works, various model- and task-specific prompt 
templates have been suggested. For example, 
TranslateGemma, an open variant of the Gemma 
3 model specifically enhanced for translation has 
been reported to work well with a prompt that in-
structs the model to produce a faithful and cultur-
ally sensitive translation as follows: “You are a 
professional {source_lang} ({src_lang_code}) to 
{target_lang} ({tgt_lang_code}) translator. Your 
goal is to accurately convey the meaning and nu-
ances of the original {source_lang} text while ad-
hering to {target_lang} grammar, vocabulary, 
and cultural sensitivities. Produce only the {tar-
get_lang} translation, without any additional ex-
planations or commentary. Please translate the 
following {source_lang} text into {tar-
get_lang}:\n\n\n{text}” (Finkelstein et al., 2026). 
While the above-mentioned frameworks and such 
systematic translation-related prompts demon-
strate that structured prompting can reduce un-
wanted variability in LLM outputs, they serve 
only as a general starting point for professional 
translation tasks due to their broad applicability. 
Translators and educators can further refine them 
to address the specific requirements of different 
registers and specialised domains when working 
with selected tools and language pairs. 

1.3 Characteristics of LLM-generated trans-
lations 

In specialised translation contexts, attentive read-
ers and language experts, including professional 
translators, can identify recurring AI fingerprints 
in LLM translation outputs that deviate from es-
tablished professional standards for the target 
texts. These tendencies may include repeated and 
unwanted syntactic structures – such as a dispro-
portionate overuse of non-finite clauses in English 
texts – and a general inclination toward stylisti-
cally flattened, register-neutral formulations. Such 
patterns may be unproblematic in some contexts, 
but they can become limitations in domains where 
specific register features and specific lexico-gram-
matical and stylistic choices are essential for the 
text’s communicative function. For instance, in an 
informational specialised text, an LLM-generated 
translation may fail to maintain the high density of 
nominal structures and impersonal expressions 
that would be typically desired by the producer of 
the target language text to convey institutional 
neutrality and compact informational content. It 
may tend to default to more general language or 
conversational patterns. 

1.4 Considerations in model selection 

The challenge for translators in navigating AI 
tools is exacerbated by the vast and heterogeneous 
landscape of available technologies and the rapid 
pace of ongoing developments in the field. AI sys-
tems differ in how well they handle multilingual 
tasks including translation. This performance gap 
is particularly evident when working with differ-
ent language pairs. While models typically 
achieve higher accuracy for high-resource Euro-
pean languages that are typologically close, their 
effectiveness declines for low-resource languages 
and typologically distant combinations. To navi-
gate this complexity, practitioners can rely on their 
own linguistic expertise to assess translation qual-
ity. They may also consult external evaluation 
frameworks from academic and industry contexts. 
Such frameworks provide relatively standardised 
comparisons of model performance and practice-
oriented rankings of system capabilities, some fo-
cusing specifically on translation and others ad-
dressing translation in addition to other multilin-
gual and creative language tasks (cf., for instance, 
Burkert, 2025 and Spiridonov, 2026). However, 
such benchmarks capture only limited aspects of 
translation quality, and it might be difficult for 
translators to interpret the scores or understand 



 

 
 

how they were computed. Moreover, such rank-
ings may not generalise to specialised translation 
contexts. 
Furthermore, the use of AI in translation tasks and 
translator training is complicated by GDPR-re-
lated concerns, alongside practical limitations 
such as the requirement for specialised infrastruc-
ture and access to cost-effective AI services. The 
use of commercial closed models, i.e. proprietary 
systems that cannot be inspected or modified by 
users and are typically accessed via an API, has 
become increasingly common in translation work-
flows. In such setups, user input is processed on 
external servers, which raises concerns regarding 
data protection when handling confidential mate-
rial. This contrasts with locally deployed models, 
which can be run entirely on the user’s own hard-
ware without transmitting data externally and may 
in some cases be adapted or fine-tuned by users. 

These considerations have stimulated growing in-
terest among translators (who are typically not 
trained in computer science) in local deployment 
solutions that do not require substantial hardware 
investment or advanced technical expertise. There 
is also increasing interest in secure, non-commer-
cial, institutionally managed cloud infrastructures. 
However, such solutions are still under active de-
velopment. Many tools remain experimental and 
sometimes provide less user-friendly interfaces 
and fewer features than the leading commercial 
systems, for example, limiting the amount of text 
that can be uploaded at one time. For enterprise 
users, individual cloud-based translation solutions 
are available, such as Language Weaver,1 which is 
described by its developers as a secure, scalable 
AI translation platform. It combines neural ma-
chine translation and generative AI and was devel-
oped with confidentiality in mind. 

1.5 AI-supported translator training in prac-
tice 

Building on the observations outlined above and 
the prior research discussed, this paper proposes a 
pedagogical framework that integrates linguistic 
analysis, structured prompt design and reflective 
evaluation into a unified teaching sequence. It 
summarises tasks from a one-semester seminar at 
Leipzig University intended to guide MA transla-
tology students toward becoming informed de-
signers of AI-supported translation workflows. In-
tegrating translation-oriented text analysis based 

——————————————————————— 
1 https://www.rws.com/language-weaver/ 

on Systemic Functional Linguistics (SFL) and cor-
pus-informed feature extraction from parallel and 
comparable data, the approach helped students to 
develop register-specific and model-interpretable 
instructions when translating specialised texts 
with the assistance of generative AI tools. The stu-
dents utilised a diverse ecosystem over the course, 
including commercial and freely available models, 
GDPR-compliant institutional infrastructure and 
local models. The seminar also benefited from in-
put by Martin Czygan from the Leipzig University 
Library, who shared his expertise on AI tools and 
workflows in a workshop held within the transla-
tion seminar. 

One of the key outcomes of the seminar was a re-
duction in inefficient trial-and-error prompting 
and unnecessary iterations, as well as the mitiga-
tion of unacceptable translation outputs suggested 
by individual models. This was achieved by guid-
ing students to employ a structured prompt archi-
tecture comprising a configuration prompt, a task 
prompt and a revision step and by supporting in-
formed model selection based on quality consider-
ations. 

2 Pedagogical framework 

2.1 Baseline analysis of LLM output 

The pedagogical framework was implemented 
within an MA-level, cross-linguistic methodolog-
ical seminar, open to students of translation and 
interpreting studies who work with a range of dif-
ferent language pairs in their respective speciali-
sations. While most students in the seminar had 
substantial experience with English-German 
translation, some also had considerable experience 
with other language combinations involving, for 
instance, French, Spanish or Arabic as one of their 
main working languages. 

The process began with students producing an un-
steered baseline translation of an informational 
English text from an EU website on a topic of cur-
rent relevance, such as antimicrobial resistance, 
using a minimal prompt (e.g., “Translate this text 
into German”) with a model of their choice. The 
text selected for this task2 was approximately 
1,200 words in length, with students initially 
working on shorter extracts before progressing to 
larger sections and, ultimately, the full text. It can 
be classified as a specialised text targeting a non-
specialist but informed readership, including 

2 https://health.ec.europa.eu/antimicrobial-resistance/eu-ac-
tion-antimicrobial-resistance_en 

https://health.ec.europa.eu/antimicrobial-resistance/eu-action-antimicrobial-resistance_en
https://health.ec.europa.eu/antimicrobial-resistance/eu-action-antimicrobial-resistance_en


 

 
 

stakeholders and interested members of the public. 
In this initial phase, students primarily relied on 
widely available commercial platforms that pro-
vide access to LLMs, such as those underlying 
OpenAI’s ChatGPT, Microsoft Copilot (institu-
tionally licensed) or Google Gemini. These tools 
produced translations that the students used to dis-
cuss default AI translation patterns and recurring 
linguistic features, based on their prior linguistic 
knowledge. 
For the majority of the cohort, the English-Ger-
man language pair served as the primary frame-
work, with English-French provided as an option 
for those who were not native speakers of German. 
However, since several students primarily work 
with other language combinations in their daily 
practice and academic curriculum, e.g., involving 
Arabic, a specific challenge emerged in identify-
ing institutional text resources with comparable 
stylistic consistency and parallel availability. 
While informational EU texts, which are available 
in various languages, served as suitable bench-
marks for observing typical register-specific fea-
tures and for comparing officially published ver-
sions with LLM-generated outputs, United Na-
tions texts were proposed as alternative resources 
for students working with Arabic, given their 
availability as comparable institutional web texts 
on specialised topics in a public-facing communi-
cative context. 

2.2 Translation-oriented text analysis, corpus-
based exploration and terminology work 
for prompt preparation 

The next step involved deepening the students’ 
understanding of the same informational texts they 
had used in the initial task by conducting a register 
analysis grounded in SFL (Halliday & Matthies-
sen 2013). The students examined how ideational, 
interpersonal, and textual meanings are realised, 
and they identified linguistic features in the texts 
that contribute to the thematic domain (Field), the 
construction of social roles and relations of exper-
tise (Tenor) and the mode of communication in 
terms of medium, information structure and cohe-
sive organisation (Mode).  
The students then consulted large-scale corpus 
data in order to validate their observations derived 
from individual texts and to establish empirical 
frequencies of register-specific linguistic features. 

——————————————————————— 
3 https://www.sketchengine.eu/ 
4 https://opus.nlpl.eu/ 

The corpora were selected for their register prox-
imity to the analysed text type; however, no exact 
matching corpus of informational institutional 
website texts was available, so functionally and 
thematically comparable corpora were used in-
stead. Europarl corpora, accessible for instance via 
Sketch Engine3 and via OPUS,4 were used to ver-
ify whether patterns identified in individual insti-
tutional web texts (such as high nominal density, 
frequent passive constructions and specific hedg-
ing strategies) constitute systematic features of the 
broader institutional register. The United Nations 
Parallel Corpus available via Sketch Engine was 
additionally used to ensure access to comparable 
institutional large datasets for the less commonly 
represented language combinations in the seminar. 
The students observed that the analysed EU infor-
mational web texts and EU parliamentary debates 
in Europarl share core features of institutional dis-
course. These include a formal tone, the use of do-
main-specific and relatively standardised termi-
nology, frequent quantification through measura-
ble indicators and statistical data, explicit refer-
ences to data sources, the use of comparative 
markers and references to procedural and institu-
tional authority and to collective actors. Such 
characteristics provide important contextual infor-
mation that can be integrated into translation 
prompts to guide AI tools toward more contextu-
ally appropriate and institutionally authentic out-
puts when processing similar texts. 

The students further noted that the analysed EU 
web texts were typically more information-ori-
ented and characterised by higher nominal density 
and a more impersonal style. In contrast, the Eu-
roparl data, which consist of edited and published 
plenary debates, naturally display more features of 
spoken political discourse, including increased 
personal reference and evaluative language. These 
characteristics are specific to debate-based data 
and should not be transferred to specialised infor-
mational web texts. Instead, translation prompts in 
this case should prioritise features that occur 
across different forms of EU discourse, together 
with the structural and stylistic conventions that 
are typical of institutional informational writing 
which is addressed directly to civic audiences. 
Furthermore, the students utilised Sketch Engine’s 
OneClick Terms tool5 to identify terminology and 
multi-word expressions from existing comparable 

5 https://terms.sketchengine.eu/ 

https://www.sketchengine.eu/
https://opus.nlpl.eu/


 

 
 

institutional texts and parallel text pairs. In addi-
tion to EU and UN materials, they also worked 
with texts from other specialised domains, partic-
ularly in scientific and legal domains, to apply the 
tasks across different types of specialised dis-
course. This workflow enabled the students to per-
form structural alignment of existing reference 
texts and to create bilingual glossaries that could 
also serve as input for prompts. The students also 
learned to preprocess texts to improve structural 
alignment and to evaluate statistically derived 
term candidates before integrating them into their 
translation workflows. 

2.3 Model selection and exploration of GDPR-
compliant options 

In early phases, the students experimented with 
commercial models, as outlined above, and com-
pared their outputs in class discussions. After 
some practical experience in evaluating models 
from a qualitative linguistic standpoint, bench-
marking approaches were additionally discussed 
in a dedicated workshop with Martin Czygan, a 
software engineer working at the Leipzig Univer-
sity Library (Digital Services). The workshop pro-
vided the students with further insights into eval-
uation criteria and comparative assessment strate-
gies for model outputs in translation tasks. In this 
workshop, the seminar also expanded the previ-
ously used ecosystem of tools and platforms to in-
clude demonstrations of local models such as 
TranslateGemma, run autonomously using the 
Jan.AI tool,6 as well as GDPR-compliant institu-
tional infrastructure, in particular the Academic 
Cloud.7 
The Academic Cloud was developed and coordi-
nated within German higher education networks 
with significant involvement of the Göttingen 
State and University Library and is technically op-
erated by the Gesellschaft für wissenschaftliche 
Datenverarbeitung mbH (GWDG). It was tried out 
by the students in the seminar as it provides a 
GDPR-compliant environment for research and 
teaching, including AI-based applications. De-
spite not being intended for professional transla-
tors as a target group, the Academic Cloud ChatAI 
service8 has proven to be a valuable experimental 
tool in our academic translator-training context. It 
provides access to a curated selection of LLMs, 
including institutionally hosted open-source mod-
els such as Intel Neural Chat 7B, Mixtral 8x7B In-
struct, Qwen1.5 72B Chat and Meta LLaMA 3 
——————————————————————— 
6 https://www.jan.ai/ 
 

70B Instruct as well as externally hosted models 
such as OpenAI GPT-4. Internally hosted models 
are operated on infrastructure managed within the 
Academic Cloud/GWDG environment, whereas 
externally hosted models are accessed through in-
tegrated interfaces to third-party providers under 
GDPR-compliant data-processing arrangements. 
Such infrastructures are particularly useful in edu-
cational contexts, as they enable students and in-
structors to experiment with different LLMs 
through a unified academic platform. 

2.4 Prompt architecture: configuration, task 
and revision prompts 

Generally, after selecting an LLM interface and, 
where applicable, a specific model, the students 
structured their prompting into three components: 
a general configuration prompt, a more specific 
task prompt and a revision prompt. 

Configuration prompt: This prompt involves a set 
of role-based instructions and general translational 
principles formulated in operational terms that 
was developed collaboratively with the students. 
This provides stable, high-level behavioural 
guidelines for the model and reduces the need to 
address individual translation issues in this step. In 
the present seminar context, this involved assign-
ing the model a translator role for specialised 
texts, e.g., EU health-related informational web-
sites translated from English into German or vice 
versa, and specifying consistent translational prin-
ciples. These include fidelity to source meaning 
without unwarranted additions or omissions, reg-
ister consistency in maintaining a formal institu-
tional, information-oriented style for a non-expert 
but informed readership, and terminological pre-
cision aligned with EU domain-specific usage. In 
addition, this prompt may instruct the model to 
produce only the translation itself, as in the pre-
ferred TranslateGemma prompt discussed above, 
to ensure that no unintended content is added. 
Where supported by the chosen tool, the configu-
ration prompt could be implemented as an assis-
tant- or agent-style prompt. 
Task prompt: The task prompt incorporates lan-
guage-pair-specific considerations regarding sys-
tematic differences (e.g., between English and 
German) in the given register. As the students 
have identified a wide range of features in previ-
ous steps, their individual prompts will ultimately 
prioritise those aspects most relevant to them 

7 https://academiccloud.de/de/ 
8 https://academiccloud.de/services/chatai/ 

https://www.jan.ai/
https://academiccloud.de/de/
https://academiccloud.de/services/chatai/


 

 
 

based on their text analysis and corpus-driven 
findings. These considerations may include differ-
ences in word-formation preferences in institu-
tional discourse, e.g., the greater tendency towards 
closed nominal compounds in German. Another 
example that some students may consider worth 
including, in light of insights from a specific text 
and corpus analysis, is the avoidance of premodi-
fying hyphenated structures in German as transla-
tion equivalents for comparable constructions in 
English. For instance, where English may use 
forms such as “bacterium-antibiotic resistance 
combinations”, German institutional texts might 
prefer to encode relations more explicitly and in a 
different order through postmodifying preposi-
tional phrases rather than premodifying attributive 
compound structures, e.g., “Resistenzkombinatio-
nen zwischen Bakterien und Antibiotika”, but 
LLM baseline outputs sometimes translate such 
structures too literally. The prompt can also ad-
dress issues of grammatical gender representation, 
that is, the need to make gender inclusivity explicit 
in German where English uses gender-neutral ex-
pressions (e.g., government experts vs. Regier-
ungsexpertinnen und -experten). Furthermore, the 
task prompt should address the handling of insti-
tutional terminology, including names, policy la-
bels and abbreviations, e.g., in cases where full 
and short forms do not correspond directly across 
languages (e.g., European Centre for Disease Pre-
vention and Control (ECDC) / Europäisches 
Zentrum für die Prävention und die Kontrolle von 
Krankheiten (ECDC)), since German institutional 
discourse may avoid repeated use of initialisms 
derived from foreign-language full forms. 
A key pedagogical insight emerged during this 
step from the comparison between human-ori-
ented and LLM-oriented instructions. When the 
students attempted to brief an LLM as they would 
a human translator, they observed that the model 
sometimes followed individual instructions incon-
sistently, even when these appeared straightfor-
ward and unambiguous. In such cases, the students 
attempted to include more examples and contex-
tual information in their prompts in order to trans-
late linguistic constraints into more explicit, 
model-friendly instructions. More explicit com-
mands with examples usually worked better, espe-
cially when a revision step followed the task 
prompt. 
However, rather than attempting to account for 
every possible linguistic construction, the task 
prompts generally combined rule-based guidance 
with some illustrative examples and provided 

guidance without aiming to be exhaustive. In this 
step, the students also need to consider model-spe-
cific capacities and limitations, including differ-
ences in context-window size, maximum prompt 
length and the number and types of possible sup-
plementary files (e.g., glossaries, reference trans-
lations or other background documents) that can 
be integrated into the prompting workflow. 
Revision prompt: This prompt is applied after the 
initial translation has been generated during the 
preceding steps. It instructs the model to assess its 
output relative to the specified constraints and pro-
duce a revised version accordingly. In practice, the 
model does not perform a human-like review; ra-
ther, it enters a second, constraint-aware genera-
tion phase in which it negotiates potentially com-
peting requirements to improve alignment with the 
defined translation objectives. When multiple con-
straints conflict, the model may prioritise higher-
level constraints, and it can be instructed in this 
step to flag any constraints that could not be fully 
satisfied and to provide a brief justification. 

This refinement step enables iterative self-correc-
tion and reduces the need for repeated user-driven 
prompt modifications. To a certain extent, it en-
hances transparency in the model’s decision-mak-
ing process. Preliminary observations indicate that 
this self-evaluation mechanism improves adher-
ence to register-specific constraints and leads to a 
higher quality of the translation output as well as 
improved compliance with the given instructions. 
It also helps the students to identify areas where 
LLMs systematically struggle to comply with or 
follow specific instructions. 

Overall, this architecture provides the students 
with a reusable framework for controlling LLM 
output while keeping the prompting process struc-
tured and manageable. Over the course, the stu-
dents worked with texts representing different spe-
cialised registers, primarily within the English-
German language pair (in both directions). They 
were then free to choose their own case study and 
apply the methods and knowledge they had ac-
quired during the semester. The students selected 
specialised texts for translation and carried out in-
dividual translation projects which concluded with 
a final presentation of their work and findings. 

3 Discussion 

In conclusion, the paper illustrated how a struc-
tured pedagogical framework combining linguis-
tic analysis, corpus-informed insights and staged 
prompting can help translation students become 



 

 
 

informed designers of AI-assisted translation 
workflows. The teaching framework that was pre-
sented in this paper also addresses a central chal-
lenge of LLM-assisted translation: the tension be-
tween linguistic specificity and prompt complex-
ity. The approach encourages critical reflection on 
the limitations of different model types and their 
appropriate applications.  
One limitation remained evident even when de-
tailed and example-rich task prompts were pro-
vided: LLMs did not always consistently monitor 
or apply stylistic and linguistic constraints in the 
way human translators typically do. Human trans-
lators naturally monitor a wide range of features 
and vary their choices depending on the register; 
they rarely need to be told, for example, to avoid 
producing the same syntactic structure repeatedly. 
LLMs, however, sometimes exhibit recurrent pat-
terns that would be unusual in human translation. 
Users may find themselves giving instructions that 
would be less necessary for human translators, 
such as “Avoid using participle clauses repeatedly 
across consecutive sentences or stacked in a sin-
gle sentence in this English translation”, because 
such patterns can emerge as unwanted regularities 
in a model’s output. Instructions that may seem 
straightforward for humans may not always pro-
duce predictable effects on model behaviour. In 
this sense, LLMs need to be guided to attend to 
aspects of the text differently than human transla-
tors and will often require additional concrete ex-
amples rather than relying solely on abstract lin-
guistic instructions.  

More explicit commands as the following worked 
much better, but were still sometimes followed in-
consistently: “Prefer full clauses with clear sub-
jects and finite verbs. Participle constructions can 
be used where appropriate, but sparingly. Avoid 
using participle constructions such as ‘emerging 
as…’ or ‘driven by…’ repeatedly across consecu-
tive sentences or stacking them in a single sen-
tence as in the following non-preferred example: 
‘Antimicrobial resistance, emerging as a major 
public health concern and driven by the overuse of 
antibiotics, occurs when microorganisms, ex-
posed to repeated treatments and adapting to sur-
vive hostile environments, evolve to resist the ef-
fects of medicines designed to kill them.’” 

Inconsistencies in following such prompt instruc-
tions with linguistic specifications do not neces-
sarily arise from ambiguous instructions; rather, 
they reflect the fact that LLMs cannot reason 
about or systematically apply human-defined lin-
guistic rules for translation purposes. Translation 

pedagogy can leverage this challenge by helping 
students learn to reframe linguistic constraints as 
prompts that LLMs are most likely to interpret re-
liably. This effect appears to be especially pro-
nounced when the model is given a dedicated re-
vision step after the initial task prompt. At the 
same time, instances where LLMs fail to follow 
instructions may serve as opportunities for culti-
vating critical AI literacy. 

Overall, the proposed framework led to improved 
translation outputs, reduced reliance on trial-and-
error prompting and heightened student awareness 
of model-specific strengths and limitations. It fos-
ters more responsible and effective use of AI tools 
in translation tasks and can be adapted to similar 
translation contexts or other domains that require 
context-sensitive language production. Far from 
diminishing the role of linguistic expertise, the use 
of LLMs highlights the necessity of human 
knowledge and the capacity to craft precise, con-
textually informed instructions. Students learn to 
engage with LLMs as systems that require active, 
linguistically grounded guidance. More broadly, 
this approach provides a sustainable and pedagog-
ically meaningful framework for integrating 
LLMs into translation training while reinforcing 
core disciplinary competencies and human deci-
sion making as central to the process. 

4 Carbon impact statement 

This study involved classroom-based translation 
tasks in which students used existing AI-powered 
tools to translate texts of different lengths to refine 
their prompting strategies. The computational 
resources required for the study were not directly 
measurable. The research also aimed to explore 
efficient uses of AI in translation workflows and 
training, for example by reducing unnecessary 
iterations and limiting the number of prompts 
needed to achieve satisfactory results, thereby 
contributing to more resource-efficient practices 
in the future. 
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Abstract 

Drawing on 23 anonymized student pro-
jects from a fourth-year Machine Transla-
tion and Post-editing course in a BA-level 

translation programme, this paper exam-
ines how structured comparison of gen-

eral-purpose LLMs and online MT sys-
tems can elicit evaluative judgement in AI-
mediated translation. Students translated 
short specialised English Wikipedia texts 

into Catalan or Spanish, generated four 
system outputs, evaluated them using au-

tomatic metrics and human adequacy/flu-
ency assessment, selected one output for 
post-editing, and justified their decision in 
written reports. Descriptive counts are re-

ported for all 23 projects, while qualitative 

interpretation is based on the 22 cases ac-
companied by written reports. Results 
show that students did not treat automatic 
metrics as final authority: final post-edit-
ing selections often diverged from metric 

rankings and were justified through ade-

quacy, fluency, terminology, naturalness, 
and expected post-editing effort. The 
study therefore does not benchmark sys-
tems under controlled conditions; it anal-
yses how students justified system choice 

within an authentic classroom assignment. 

1 Introduction 

Translation technology pedagogy has long argued 

for evaluation, comparison, and post-editing as 

central elements of translator training, alongside 
tool operation. Earlier work in this field had 
already argued that students should learn not only 
how to operate translation tools and machine 
translation (MT) systems, but also how to evaluate 

them critically, compare technologies, and 
understand post-editing as a professional and 

judgement-based activity rather than a merely 

mechanical one (Ayvazyan et al., 2024). More 
recent studies build on this perspective by 
emphasizing that translator education must now 
engage explicitly with AI literacy, including issues 

such as human agency, prompting practices, data 
awareness, trust, and ethical decision-making 

(Freeth and Toto, 2026; Zhang and Doherty, 2025; 
European Commission, 2022; Massey and 
Ehrensberger-Dow, 2026). 

The case study reported here comes from a fourth-

year university course on Machine Translation and 
Post-editing. The aim is not to determine which 
system performs best in general terms, but to 

examine how a structured assignment can support 
students in developing “evaluative judgement” 

(Tai et al., 2018) in AI-mediated translation. The 
assignment had five stages. Students first 
produced a human translation, then generated four 
system outputs, evaluated them with automatic 

metrics and human adequacy/fluency criteria, 
selected one version for post-editing, and justified 

that decision in a report. This design follows 
recent calls for classroom experimentation in 
response to technological change, particularly 
tasks in which students compare human, machine-

generated, and post-edited versions rather than 
treating AI/MT output as a finished product 

(Ayvazyan et al., 2024; Kenny, 2020; Guerberof 
Arenas and Moorkens, 2019). 

The problem is especially relevant in a context 
where AI-generated translations may appear 
fluent, coherent, and convincing while still 

containing terminological, adequacy-related, or 
stylistic problems that demand careful human 
scrutiny (Ayvazyan, 2025). In line with recent 
higher education research, this study treats 
evaluative judgement as a core graduate 



 

capability: the ability to make informed decisions 
about the quality of work and to justify those 

decisions using explicit criteria and evidence. In 

the context of GenAI, this becomes even more 
important, since students must remain the “arbiters 
of quality” (Bearman et al., 2024, 894) rather than 
uncritical accepters of machine output. The 
assignment is valuable because students had to 

leave a trace of their reasoning: metric 

interpretation, error comments, system selection, 
and post-editing choices. 

The study therefore contributes an integrated 
classroom design for teaching critical AI use in 

translator education. More specifically, it 
examines how students compare translation 
outputs, interpret metric scores in relation to 

human judgement, identify recurring error 
patterns, and justify why one version is more 
suitable than others for post-editing. In doing so, 

the paper argues that structured comparison and 
evidence-based selection can serve as an effective 
pedagogical means of fostering critical, reflective, 

and professionally relevant judgement in the age 
of GenAI. 

This study is guided by three research questions: 

RQ1. How did students justify their final selection 
of one LLM/MT output for post-editing? 

RQ2. To what extent did students’ final post-
editing choices converge with or diverge from 

automatic metric rankings? 

RQ3. What kinds of evaluative judgement do 
students articulate when comparing LLM and 

NMT outputs within a translation/post-editing 
assignment? 

The unit of analysis is therefore not the translation 
system as such, but the student evaluative 
decision: how students interpreted different forms 
of evidence and justified the choice of one output 
as a post-editing candidate. 

2 Related Work 

2.1 From MT literacy to AI literacy in 

translator education 

Translation technology pedagogy has increasingly 

moved from procedural tool instruction toward 
literacy-oriented models of translator education 
including MT literacy, AI literacy and data 
literacy (Krüger and Hackenbuchner, 2024; 
Kenny, 2020; Rico and González Pastor, 2022; 

Moorkens et al., 2024). In these models, 

competence includes understanding how systems 

work, when they are appropriate, and what 
consequences follow from using them in specific 

communicative and professional contexts. 

O’Brien and Ehrensberger-Dow (2020), for 
example, conceptualize MT literacy as a 
contextualized and cognitively grounded ability to 
understand what MT does, what it does not do, and 
how its use affects translation processes and 

decisions. Ehrensberger-Dow et al. (2023) extend 

this perspective by proposing the role of 
translators and trainers as “MT literacy 
consultants,” arguing that education should 
mitigate the risks of uninformed MT use by 
cultivating informed judgement and guidance. 

Recent scholarship on GenAI broadens this 
literacy agenda further. Penet et al. (2026) argue 

that GenAI is not merely another translation tool, 
but a development that requires translator 
education to re-engage questions of human 

agency, ethics, and sustainability. Within that 
volume, AI literacy is framed in explicitly 
translation-specific terms through the notions of 

suitability, data literacy, prompting, and ethical 
reasoning (Bowker, 2026; Inglada, 2026; 
Moorkens and Doğru, 2026; Yamada, 2026). This 

translation-oriented work aligns with broader AI 
literacy research, where AI literacy is defined as a 
set of competencies that enable people to critically 

evaluate AI systems and interact with them 
responsibly (Long and Magerko, 2020). It also 

resonates with recent empirical evidence showing 
that novice translation students already use AI 
tools early in their training, often before they have 
developed robust critical or ethical routines for 

assessing output quality (Zhang and Doherty, 
2025). As a whole, these studies suggest that 

translator education should not simply teach 
students how to obtain AI-generated output, but 
how to judge when, how, and why such output 
should be used, compared, and revised in context 

(Ayvazyan et al., 2024). 

2.2 Evaluation and post-editing as pedagogical 

practices 

The pedagogical value of evaluation and post-
editing has a longer history in translator education. 
Early EAMT work already treated both MT 

evaluation and post-editing as legitimate objects 
of instruction and assessment (Belam, 2002; 
O’Brien, 2002). Later studies further embedded 

MT and post-editing into translation curricula 
through explicit learning objectives, professional 
workflows, and classroom tasks designed to 

connect academic training to industry practice 
(Doherty and Kenny, 2014; Guerberof Arenas and 



 

Moorkens, 2019). Seen in this wider context, 
evaluation and post-editing pedagogy are not 

merely ways of familiarising students with 

professional workflows; they also cultivate the 
added value of human translators as adaptive and 
digitally literate experts whose role increasingly 
lies in reading, prompting, evaluating, editing, and 
making informed decisions about how AI-

supported output should be used (Massey et al., 

2023; Massey and Ehrensberger-Dow, 2026). 

Within this tradition, evaluation is especially 
important because it shifts students from passive 
tool users to active judges of quality. Moorkens 

(2018) proposes a practical in-class NMT 
evaluation exercise that combines adequacy, post-
editing productivity, and a simple error taxonomy 

in order to demystify technological hype and 
foster critical judgement. Öner and Öner Bulut 
(2021) similarly report that a post-editing-oriented 

NMT quality-evaluation and error-annotation task 
can support translator training by prompting 
students to identify, categorize, and reflect on 

translation problems more systematically, rather 
than relying only on general impressions of 
whether a translation “sounds good.” At the same 

time, the post-editing literature warns against 
assuming that such practices are self-explanatory 
to novices. Flanagan and Christensen (2014) show 

that trainees do not always interpret post-editing 
guidelines consistently, which means that 

judgement criteria and revision expectations must 
be explicitly scaffolded. Nitzke et al. (2019) add a 
further dimension by framing post-editing 
competence as risk management: competent 

translators must judge not only how to post-edit, 
but also whether MT output is suitable for a given 

task, text type, and quality requirement. This 
perspective is particularly relevant for pedagogical 
designs in which students must compare several 
outputs and justify the selection of one version for 

post-editing. 

2.3 Automatic metrics, human judgement, and 

evaluative judgement 

A second core strand of related work concerns 
how quality is judged and how students learn to 
interpret different forms of evidence. In higher 

education research, evaluative judgement is 
understood as the capacity to make decisions 
about the quality of one’s own work and that of 

others (Tai et al., 2018). In the context of GenAI, 
this capacity becomes even more important 
because fluent and persuasive outputs can mask 

deeper adequacy, factual, or domain-specific 
problems (Bearman et al., 2024). This insight is 

highly transferable to translation pedagogy, where 
students must learn to distinguish surface fluency 

from fuller notions of translation-oriented quality. 

Automatic metrics are relevant here not because 

they replace human judgement, but because they 
provide one source of evidence that students must 
interpret critically. Rei et al. (2020) introduce 
COMET as a learned evaluation framework 

designed to correlate more strongly with human 
judgements than older lexical-overlap metrics. 

However, meta-evaluation work from WMT23 
shows that metric–human correlation remains 
sensitive to evaluation conditions, including the 

quality of the reference translation itself (Freitag 
et al., 2023). For classroom practice, the 
implication is concrete: students need to learn why 

a high COMET, BLEU, or ChrF score may still 
coexist with terminology, adequacy, or 
naturalness problems. In this respect, structured 

error annotation provides an important 
complement to both metrics and impressionistic 
human evaluation. MQM offers an established 

framework for making error categories explicit 
and discussable, even when simplified for 
educational purposes (Lommel et al., 2014). When 

used together, metrics, adequacy/fluency ratings, 
and error analysis give students several kinds of 
evidence to reconcile. 

2.4 Ethics, trust, and agency 

Ethics is also part of this pedagogical problem. 

Ramírez-Polo and Vargas-Sierra (2023) show that 
ethical competence is often under-explicit in 
translation technology syllabi, despite the growing 
relevance of issues such as confidentiality, bias, 
accountability, and responsible use. Tipton (2024) 

similarly argues for integrating ethics into 

classroom tasks and reflective practice rather than 
treating it as detached policy knowledge. In 
translator education specifically, Moorkens and 
Doğru (2026) frame AI ethics as a practical 
discipline of deciding when GenAI should and 

should not be used, linking ethics directly to 

classroom reasoning and decision-making. This 
position is consistent with broader educational 
guidance that advocates human-centred and risk-
aware approaches to GenAI in learning 

environments (Miao and Holmes, 2023). 

The ethics dimension also intersects with 
questions of trust and professional agency. Rivas 
Ginel and Moorkens (2025) show that translators’ 

trust and distrust in GenAI are shaped not only by 

perceived quality, but also by accountability, risk, 
and appropriate use. For translator education, this 



 

suggests that students should not merely be 
encouraged to use AI tools, but should be trained 

to calibrate reliance on them and to justify that 

reliance explicitly. Within this framework, the 
pedagogical task is not to identify a universally 
best system, but to help students make accountable 
decisions about quality, intervention, and 
responsibility while retaining a sense of human 

control and agency in their interaction with AI 

tools. 

Existing work has established the pedagogical 
value of MT evaluation, post-editing, and AI 
literacy in translator education. However, there is 

still limited empirical evidence on classroom 
designs that combine LLM and NMT outputs, 
automatic metrics, human adequacy/fluency 

assessment, error annotation, and a consequential 
post-editing decision within a single assignment. 
The present study addresses that integrated 

pedagogical configuration. The importance of 
combining these components in a single 
assignment is that the final post-editing choice 

becomes consequential: students cannot discuss 
metrics, errors, system affordances, and ethical 
reliance on AI as separate issues, but must 

reconcile them in one accountable decision about 
what to revise and why. 

3 Methodology 

3.1 Research design 

The study adopts an exploratory qualitative case-
study design with descriptive quantitative support, 
because the aim is not to benchmark systems 

across a controlled shared test set, but to analyse 
the reasoning observable in student decisions 

within an assessed final assignment completed as 
part of the course. More specifically, the study 
investigates how students compared multiple 
system outputs, justified quality judgements, and 

selected one version for post-editing on the basis 
of explicit criteria rather than on the basis of 

automatic metric scores alone. In this respect, the 
analysis draws on two concepts: evaluative 
judgement and AI literacy. Evaluative judgement 
is treated here as students’ developing capacity to 

discern translation quality, justify preferences, and 
estimate the extent and type of human intervention 

required. AI literacy is addressed through 
students’ critical engagement with the affordances 
and limitations of GenAI and NMT systems within 
a realistic translation workflow. 

 

 

3.2 Course context 

The study was conducted in the 4th year 

undergraduate course Traducció automàtica i 
postedició at Pompeu Fabra University, within a 

translation-focused degree programme, during the 
2025–2026 academic year. The course drew on 
Kenny’s textbook (Kenny, 2022) and 
accompanying activities for core MT and post-

editing concepts, while newer topics such as large 
language models were addressed through 

additional materials and classroom activities. The 
assignment was situated in the later part of the 
course, after students had already received 

instruction on MT, post-editing, and translation 
quality evaluation during 10 weeks with both 
theoretical and practical weekly classes. In 

pedagogical terms, the task functioned as an 
integrative final assignment: rather than practising 
isolated techniques, students were asked to 

combine human translation, system comparison, 
metric interpretation, human quality assessment, 
and post-editing in a single workflow. This 

integrative design is broadly aligned with recent 
pedagogical proposals that respond to 
technological change through student-led 

experimentation, comparative evaluation, and 
explicit engagement with post-editing and AI 
literacy (Ayvazyan et al., 2024). The assignment 

therefore required students to explain why one 
output, with its particular strengths and 

weaknesses, was a better post-editing candidate 
than the alternatives.  

3.3 Participants and materials 

This study draws on 23 student projects produced 
for the final assignment in the course Traducció 

automàtica i postedició. All 23 cases are 

represented in the final evaluative-judgement 
master table linked below. Twenty-two cases also 
include a written report that supports qualitative 
interpretation, while one case lacks the final report 
and therefore contributes only limited structured 

information to the descriptive counts. Students 

worked into Catalan (n = 13) or Spanish (n = 10) 
and selected short and specialized English 
Wikipedia texts of approximately 300 words from 
several domains, most frequently zoology and 

translation technology. The task was designed to 
ensure variation in topic while maintaining a 
broadly comparable level of genre and text type, 

as students worked with short expository texts 
from a publicly available encyclopaedic source. 
The student reports confirm that the assignment 

was based on the comparison between a self-
produced human translation and four machine-



 

generated versions, followed by the analysis of 
their relative strengths and weaknesses. 

The study analyses student-produced coursework 
from a regular assessed module and reports the 

findings as an anonymized classroom case study. 
Formal ethics approval was not obtained before 
the assignment or the subsequent analysis, and the 
study therefore does not claim institutional ethics 

clearance. To minimize risk, all student work was 
anonymized before research reporting: students 

are identified only through case codes, no names 
or demographic identifiers are reported, and no 
direct quotations from student reports are used. 

Findings are presented in aggregate form or 
through paraphrased, non-identifying case 
summaries. The analysis focuses on patterns of 

evaluative reasoning in the assignment rather than 
on the assessment or profiling of individual 
students. 

3.4 Assignment procedure 

The assignment followed a multi-stage process. 
First, each student produced a human translation 
of the selected English source text into Catalan or 
Spanish. This stage served both as a reference for 

later evaluation and as a form of pedagogical 
preparation: by translating the text themselves 
before consulting AI or MT outputs, students had 
already made decisions about meaning, syntax, 
terminology, and style before comparing system 

outputs. This prior engagement helped them 

identify the main decision points in the source text 
and provided a stronger basis for the subsequent 
evaluation of machine-generated translations. 
Second, students generated four automatic 
translations: two with LLM-based systems and 

two with neural MT systems. In the case of the 

LLM systems, prompts and system versions were 
not fully standardized across all cases. While this 
reflects authentic classroom use of GenAI, it also 
limits strict technical reproducibility. Across the 
reports, the exact tools vary somewhat, but the 

pedagogical structure remained stable: students 

always compared two systems presented as GenAI 
and two systems presented as neural MT. Third, 
the four system outputs were evaluated 
automatically using the MATEO environment 

(Vanroy et al., 2023) and the metrics COMET, 
BLEU, TER, and ChrF2. Fourth, students carried 
out a human evaluation focused on adequacy and 

fluency on a scale of 4 at segment level, often 
accompanied by segment-level comments and 
error identification. Fifth, students selected the 

output they considered most suitable for post-
editing and justified that choice. Finally, they 

performed post-editing on that selected version 
only, typically aiming at a publishable or fully 

revised target text. Student reports generally 

confirm this sequence of human translation, four-
system comparison, automatic evaluation, human 
evaluation, system selection, and post-editing. 

3.5 Data analysed 

The analysis draws on several layers of student-
produced material. These include the initial human 
translations, the four AI-generated outputs, the 
automatic metric scores, the human evaluation 

scores and comments, the error annotations 
recorded during evaluation, the post-edited final 

versions, and the written rationales included in the 
final reports. In analytical terms, the reports were 
analysed as evidence of students’ reasoning, not 
just as records of system preference. Particular 

attention was therefore paid to the criteria students 

used when justifying preferences, especially 
where automatic and human evaluations diverged. 
Across the dataset, students frequently referred to 
adequacy, fluency, terminology, naturalness, 
structural calques, and expected post-editing effort 

when explaining their decisions. For this reason, 

the reports are central to the analysis: they show 
how students moved from scores and rankings to 
justified decisions about quality and revision. 

In addition to the student reports themselves, the 
analysis relied on a final master coding table that 

consolidated, for each participant, the text domain, 

target language, systems compared, best 
automatic-evaluation system, best human-
evaluation/final post-editing system, narrative 
evidence summary, reflection on AI tools, 
evaluative-judgement coding, and error notes. 

This master table made it possible to combine 

descriptive quantitative reporting with cross-case 
qualitative interpretation. 

Descriptive counts based on system frequencies 
and broad coding distributions include all 23 

projects represented in the master table. 
Interpretive claims about student reasoning, 
however, are grounded primarily in the 22 cases 

for which a written report was available. 

3.6 Analytical procedure 

The study was conducted by the course instructor, 
who designed the assignment and subsequently 
analysed the student submissions for research 
purposes. This dual role is methodologically 
relevant. The study does not claim the neutrality 

of an external observer; rather, it treats the reports 
as a pedagogically grounded classroom corpus 



 

interpreted reflexively in relation to the course 
design. 

The analysis combined descriptive quantitative 
aggregation with qualitative cross-case 

interpretation. Each report was first summarized 
using a common extraction template covering 
target language, systems compared, automatic-
evaluation winner, student-selected system for 

post-editing, stated reasons for preference, 
recurring error types, post-editing effort, and 

explicit reflection on AI or MT tools. This 
template made it possible to compare cases 
systematically while preserving the contextual 

specificity of each student report. 

The coding strategy was hybrid. Deductive 
categories were derived from the assignment 
design and the conceptual framing of the study, 

including adequacy, fluency, metric–human 

comparison, post-editing effort, and final system 
selection. Inductive subthemes were then 
identified through close reading of the reports, 
especially where students foregrounded issues 
such as terminology instability, acronym handling, 

scientific naming, syntactic naturalness, 

orthotypographic conventions, genre 
appropriateness, or the limitations of the human 
reference translation. 

The reports were coded at case level rather than at 
segment level. The first layer of analysis recorded 

descriptive patterns, including whether the system 

favoured by automatic metrics was also selected 
by the student after human evaluation, or whether 
there was a divergence between metric-based and 
human judgement. Particular attention was paid to 
cases in which students explicitly rejected the 

metrically strongest output in favour of another 

system, since these moments offered especially 
clear evidence of evaluative judgement. 

A second layer of coding focused on the criteria 
students used to justify their decisions. These 

included adequacy, fluency, terminology, 
naturalness, structural calques, formatting, 
orthotypographic conventions, grammatical 

accuracy, omissions, genre fit, and estimated post-
editing effort. References to post-editing effort 
were coded when students commented on the 

extent of reformulation required, the number or 
severity of interventions needed, or whether the 

——————————————————————— 
1 Evaluative Judgement Master. The full anonymized coding 

matrix is available as supplementary material. It includes 
case identifier, target language, domain, systems compared, 

automatic-evaluation winner, final selected system, selection 

chosen output allowed for localised rather than 
extensive revision. 

Finally, each case was assigned an evaluative-
judgement rating on an ordinal scale: Low, 

Medium, Medium to High, or High. A report was 
coded as High when it triangulated several forms 
of evidence, such as automatic metrics, human 
adequacy and fluency evaluation, error analysis, 

and post-editing effort, and used them to justify 
the final system choice. Medium to High was used 

when the reasoning was explicit and 
multidimensional but less fully developed. 
Medium was assigned when the report included 

some qualitative justification but remained partly 
descriptive or metric-led. Low was used when the 
report mainly reported scores or outcomes without 

substantial evaluative interpretation. 

AI-assisted drafting was used only for linguistic 

standardization of coding summaries after the 
researcher had reviewed the reports and assigned 
the categories; it was not used to assign codes, 
determine ratings, or generate analytical findings. 
All analytical decisions, category definitions, 

evaluative-judgement ratings, and final codes 

were checked and finalized by the researcher. 

4 Results 

4.1 Overview of student submissions 

The results are organized in relation to the three 

research questions: first, the distribution of final 
selections and selection rationales; second, the 
relationship between automatic metric rankings 
and final human/post-editing choices; and third, 
the forms of evaluative judgement and critical AI 

use observable in the reports.  

The final master table1 contains 23 student 
projects, of which 22 are accompanied by written 
reports substantial enough for qualitative 
interpretation. The dataset includes 13 Catalan-
target and 10 Spanish-target projects. Across the 

corpus, the most frequently used systems are 

ChatGPT (22 projects), Gemini (21), and DeepL 
(20), followed by Softcatalà (11), Bing Translator 
(8), Google Translate (5), Mistral (3), and 
eTranslation (2). This confirms that the 
assignment generated a broad but still comparable 

set of multi-system comparisons. 

The distribution of “best” systems differs 
depending on whether one looks at automatic or 

rationale, error categories, post-editing effort, reflection on 

AI tools, and evaluative-judgement level. https://docs. 
google.com/spreasheets/d/1BuKgQuMnQ2m8Bqo6XN6dO

6KZQsJWtfmS7UckIuzGQ1U/edit?usp=sharing 

https://docs.google.com/spreasheets/d/1BuKgQuMnQ2m8Bqo6XN6dO6KZQsJWtfmS7UckIuzGQ1U/edit?usp=sharing
https://docs.google.com/spreasheets/d/1BuKgQuMnQ2m8Bqo6XN6dO6KZQsJWtfmS7UckIuzGQ1U/edit?usp=sharing
https://docs.google.com/spreasheets/d/1BuKgQuMnQ2m8Bqo6XN6dO6KZQsJWtfmS7UckIuzGQ1U/edit?usp=sharing


 

human/final selection. In the automatic-evaluation 
column, ChatGPT is the most frequent best-ranked 

system (9 cases), followed by DeepL (6) and 

Gemini (3); there is also one ChatGPT/Gemini tie, 
plus 2 wins for Bing Translator, 1 for Softcatalà, 
and 1 for Google Translate. By contrast, in the 
final human/post-editing selection column, DeepL 
is chosen most often (10 cases), followed by 

Gemini (7), ChatGPT (5), and Bing Translator (1). 

At the family level, final choices are almost evenly 
split between LLM/GenAI systems (12 cases) and 
NMT systems (11 cases). These distributions 
suggest that final preferences were not dominated 
by a single tool family. 

A further descriptive pattern appears at target-
language level. In the Catalan-target projects, 

Gemini is the most frequent final choice (7 of 13), 
followed by DeepL (3), ChatGPT (2), and Bing 
Translator (1). In the Spanish-target projects, 

DeepL is the most frequent final choice (7 of 10), 
followed by ChatGPT (3). These counts should be 

interpreted cautiously because the source texts 

vary across projects, but they still show that 
student preferences were justified and text-
dependent rather than uniform. 

4.2 Evidence of evaluative judgement 

The strongest result in the corpus is not that one 
system consistently “won,” but that the 
assignment elicited criterion-based evaluative 
judgement. In the final coding, 14 reports are 

classified as High in evaluative judgement and 2 
as Medium to High; 5 are coded as Medium, and 

only 1 as Low. The distribution indicates that most 
reports contained some form of explicit 
justification, usually involving more than one 
quality criterion. Table 1 summarizes the main 

forms of evaluative judgement identified in the 

report coding. 

 

Manifestation of 

evaluative judge-

ment 

How it was evidenced in 

the coding 

n/22 Typical form in the reports Analytical signif-

icance 

Evaluative judge-

ment was sub-

stantively present 

in most reports 

Reports coded High or Me-

dium to High in the master 

table 

16 Students justified preferences 

with explicit criteria rather 

than merely naming a pre-

ferred system 

Shows that the 

task elicited genu-

ine judgement, not 

simple tool prefer-

ence 

Students fre-

quently com-

pared automatic 

and human evalu-

ation explicitly 

Critical-judgement coding 

referred to direct compari-

son between metric results 

and human assessment 

15 Students contrasted MATEO 

rankings with adequacy/flu-

ency judgements and then ex-

plained why they converged 

or diverged 

Supports the argu-

ment that metrics 

were used criti-

cally rather than 

accepted uncriti-

cally 

Students often 

overrode the au-

tomatically best-

ranked system 

Best automatic system dif-

fered from the final post-

editing choice 

11 A system ranked best auto-

matically was not always se-

lected for post-editing 

This is one of the 

clearest indicators 

of evaluative 

judgement in the 

dataset 

Quality was usu-

ally treated as 

multidimensional 

Reports used at least two 

quality dimensions beyond 

raw metric ranking 

20 Students distinguished com-

binations such as adequacy, 

fluency, terminology, natural-

ness, grammar, formatting, 

coherence, or genre fit 

Shows emerging 

translator reason-

ing about quality 

as composite and 

justified 

Post-editing ef-

fort frequently 

entered into the 

final decision 

Reasons for preference ex-

plicitly invoked fewer 

changes, easier revision, 

lower intervention burden, 

or faster post-editing 

14 Students selected the version 

that would require fewer or 

more localized corrections, 

even when another system 

scored well automatically 

Connects judge-

ment to workflow 

awareness and 

professional usa-

bility 



 

A smaller but im-

portant group 

adopted a metae-

valuative stance 

Reports explicitly ques-

tioned metric interpretation, 

reference-translation ef-

fects, domain limitations, or 

validated terminology ex-

ternally 

6 Students reflected on the lim-

its of TER/COMET, the in-

fluence of their own reference 

translation, or the need to 

check domain terminology 

Marks the strong-

est form of critical 

AI literacy in the 

dataset 

Table 1. Evidence of critical/evaluative judgement across student reports (n = 22 analysable reports) 

 

Across the stronger reports, students justified 
choices by weighing adequacy, fluency, terminol-
ogy, naturalness, genre fit, semantic precision, and 
expected post-editing effort against one another. 
In other words, the assignment made traceable the 

kind of multidimensional reasoning that profes-
sional post-editing requires. This pattern is espe-
cially clear in cases where students explicitly re-
jected the metrically strongest system in favor of 
the output they judged more suitable for full revi-
sion. 

At the same time, not all reports showed the same 

degree of analytical depth. A small minority re-
mained largely metric-descriptive or offered lim-
ited qualitative justification. The weaker reports 
are also informative, because they show where ad-

ditional scaffolding is needed: especially in con-
necting metric scores to error analysis and post-

editing decisions. 

4.3 Automatic metrics and human judgement 

The clearest quantitative pattern concerns met-

ric/human convergence. In the 22 report-backed 
cases, the best-ranked system in automatic evalu-
ation and the final selected system matched in 12 
cases and diverged in 10. The near-even split 
shows that metric rankings influenced the reports, 

but did not determine the final post-editing choice. 
Instead, students treated the metrics as one source 
of evidence among others. Table 2 compares the 
system most strongly favoured by automatic eval-
uation with the system ultimately selected by stu-
dents for post-editing, making traceable the extent 

to which metric-based ranking and final human 
judgement converged or diverged across submis-
sions. The student who did not submitted the final 
report is also included in the table. The best auto-
matic system was coded as the system identified 
as strongest in the student’s automatic-evaluation 

summary. Where students reported conflicting 
metric rankings, the coding followed COMET pri-
ority or the student's own stated automatic winner. 
Ties were retained where no single automatic win-
ner was identifiable. 

 

System Best auto-

matic sys-

tem (n) 

Final se-

lected 

system 

(n) 

System 

family 

ChatGPT 9 5 GenAI 

DeepL 6 10 NMT 

Gemini 3 7 GenAI 

Bing Translator 2 1 NMT 

Google Translate 1 0 NMT 

Softcatalà 1 0 NMT 

ChatGPT=Gem-

ini (tie) 

1 0 GenAI 

tie 

Table 2. Distribution of automatically best-ranked 

systems and final human/post-editing selections (n 
= 23) 

This pattern is also visible in the contrast between 

system frequencies. ChatGPT appears most often 
as the automatic evaluation winner, but DeepL and 
Gemini together dominate the final human/post-
editing choices. In practice, students often used 

automatic results as a starting point and then re-

vised their conclusions when human evaluation 
surfaced issues of terminology, semantic fit, natu-
ralness, or edit burden. Several reports make this 
tension explicit. In one case (C07), DeepL had 
stronger BLEU and TER values, but ChatGPT was 

selected because its Catalan syntax sounded more 

natural and its scientific terminology required 
fewer interventions. In another case (C10), 
ChatGPT was ranked first at the automatic evalu-
ation step, but DeepL was chosen because it 
avoided a key semantic imprecision and preserved 

the source structure in a way that would reduce 
post-editing effort; the same report rejects Gemini 
partly because its unnecessary restructuring would 
create extra workload for a real post-editor. 

4.4 Error annotation findings 

The master table also makes it possible to report 
broader descriptive patterns in the error analyses. 



 

A broad consolidation of the errors noticed field 
shows that terminology issues appear in 19 re-

ports, accuracy in 15 reports, syntactic issues in 

14, fluency/style issues in 14, and grammar issues 
in 13. These groupings are descriptive rather than 
absolute, but they indicate clearly where students’ 
attention was concentrated. Table 3 summarizes 
the broad error categories most frequently identi-

fied in student reports, based on a cross-case cod-

ing of the error descriptions recorded in the master 
table. 

Error cate-

gory 

Reports 

(n=22) 

Typical problems observed 

Terminol-

ogy / lexis 

19 unstable technical terms, lex-

ical inaccuracies, false 

friends, untranslated items, 

acronym handling 

Adequacy / 

meaning 

transfer 

15 omissions, additions, reinter-

pretation, false sense, con-

ceptual imprecision 

Syntax / 

calques / 

structure 

14 English-influenced struc-

tures, passive voice, literal 

syntax, awkward sentence 

structure 

Naturalness 

/ fluency / 

style 

14 less idiomatic phrasing, awk-

ward wording, low stylistic 

naturalness 

Grammar / 

orthography 

/ formatting 

13 agreement, punctuation, 

spelling, apostrophation, nu-

meric/notation conventions 

Table 3. Broad error categories identified across 
student reports. 

The error analysis shows that students’ attention 
was concentrated not on fluency alone, but on spe-
cialized terminology, semantic precision, literal or 
English-influenced syntax, omissions/additions, 
and target-language conventions such as orthoty-

pography, numeric formatting, and code or label 

preservation. One student report (C11), for exam-
ple, values ChatGPT not only for adequacy and 
fluency, but also for preserving code, tags, and 
numbering, while still noting structural calques, 
anglicisms, and orthotypographic issues. A scien-

tific Catalan report (C22) selects ChatGPT over 
DeepL because it offers a better overall balance, 
even though DeepL scores better on BLEU and 
TER metrics; the student highlights scientific ter-
minology, conceptual precision, notation, and syn-
tactic naturalness as decisive factors. Another re-

port (C21) selects Bing Translator despite the stu-
dent’s initial expectation that the AI systems 

would perform better, because Bing Translator of-
fered stronger terminological coherence and more 

natural syntax than the alternatives. 

4.5 Selection and post-editing effort 

The reports show that students usually selected not 

the output they considered best in the abstract, but 
the output they considered the best basis for full 

post-editing. In the final table, the chosen system 
is very often described as requiring low or low-to-
moderate intervention, and students repeatedly ex-
plain their decisions in terms of fewer severe er-

rors, less restructuring, better terminology, or 
more natural target-language syntax. 

Many students evaluated outputs as post-editing 
candidates: the preferred version was often the one 
that seemed safest and most efficient to revise. 
That logic is explicit in several reports. One stu-
dent (C10) prefers DeepL over ChatGPT partly 

because ChatGPT’s errors would require heavier 
reformulation; the same report rejects Gemini be-
cause its restructuring would create unnecessary 
real-world workload. C09 chooses Gemini even 
though automatic evaluation leans toward 
ChatGPT, because Gemini, according to the re-

port, offers the best final quality and needs only a 
few changes in specialized vocabulary. 

4.6 AI literacy and critical use 

Several reports show conditional use of AI/MT 

outputs: they accepted useful suggestions, rejected 
problematic ones, and justified where human revi-
sion remained necessary. Where explicit reflection 
is present, students do not treat AI-generated out-

puts as inherently superior, nor do they reject them 
categorically. Instead, they repeatedly evaluate 

them in relation to text type, terminology, target-
language conventions, reference quality, and an-
ticipated post-editing effort. This is consistent 
with the broader pattern in the master table, where 

reflections on AI tools tend to frame them as tools 
that can accelerate parts of the translation process 

but still require terminological checking, ade-
quacy control, and stylistic revision by a human 
translator. 

A further sign of developing AI literacy is that 
some students no longer frame the task as choos-

ing a single “perfect” system. Instead, they begin 
to see different systems as offering partial 
strengths that can inform a better final result. One 
report (C08) explicitly comments that each tool 
contributed something useful to the final transla-

tion process, even though one system still had to 



 

be selected for full post-editing. This is pedagogi-
cally important because it suggests that the student 

was not choosing a system blindly, but using dif-

ferences between systems to improve the final 
translation. 

When considered together, these reflections indi-
cate that the assignment appears to have sup-
ported, and at least documented, not only system 

comparison, but also a more critical understanding 
of when AI output can be useful, where its risks 

lie, and why human judgement remains necessary. 
In that sense, the task appears to support AI liter-
acy as a practical form of professional reasoning: 

students practice deciding when to rely on a sys-
tem, when to question it, and what kind of human 
correction is needed. 

5 Discussion 

The results reposition system ranking as a means 

rather than an end: its main function was to prompt 

students to justify a post-editing decision. Stu-
dents’ final choices were distributed across both 
LLM/GenAI and neural MT systems, and the au-
tomatically best-ranked system did not always co-
incide with the version selected for post-editing. 

The pattern fits the MT literacy and AI literacy lit-
erature, where technological competence is de-

fined as contextual understanding rather than op-
eration alone (O’Brien and Ehrensberger-Dow, 
2020; Ehrensberger-Dow et al., 2023; Long and 

Magerko, 2020). In the present study, students 
used automatic metrics as one layer of evidence, 
but stronger reports did not treat metric scores as 

final judgements. Instead, students weighed them 
against adequacy, fluency, terminology, target-

language naturalness, structural fit, and expected 
post-editing effort. The task positioned automatic 
evaluation as an object of interpretation, not an an-
swer key. 

The error patterns identified in the reports further 

confirm the value of combining automatic metrics 

with human assessment and error annotation. Stu-
dents repeatedly focused on terminology, seman-
tic precision, calques, passive structures, orthoty-
pographic conventions, numerical formatting, 
omissions, additions, and target-language idio-

maticity. Such issues may be underrepresented in 
purely score-based evaluation, especially when an 
output is fluent or close to the reference. In this 
respect, the assignment builds on earlier pedagog-
ical work on MT evaluation and post-editing 
(Moorkens, 2018; Öner and Öner Bulut, 2021) by 

placing similar evaluative practices in a contem-
porary workflow that includes both LLM and 

NMT outputs. 

The findings also caution against a simplified op-

position between LLMs and NMT. The dataset 
does not support the claim that one system family 
is categorically superior. Instead, preferences were 
shaped by target language, domain, terminology, 

naturalness, and post-editing burden. For teaching, 
this variability is useful because it requires stu-

dents to justify preferences in relation to a specific 
text, language, domain, and revision goal. It en-
courages students to treat AI and MT systems as 

resources with different affordances and risks, ra-
ther than as stable hierarchies of quality. Such a 
conclusion is consistent with recent translation-

specific discussions of AI literacy, which empha-
size suitability, data awareness, prompting, ethics, 
and contextual decision-making (Bowker, 2026; 

Inglada, 2026; Yamada, 2026; Moorkens and 
Doğru, 2026). 

Finally, the study suggests one way of operation-
alizing evaluative judgement, AI literacy, and pro-

fessional agency in a classroom assignment. Stu-

dents were required to generate outputs, compare 
them, interpret metrics, perform human evalua-
tion, identify errors, select one candidate, and 
post-edit it. This sequence left an analysable rec-
ord of their reasoning. It also encouraged students 

to qualify their trust in the systems: outputs were 

useful, but still had to be checked against meaning, 
terminology, style, and post-editing effort. In this 
sense, the assignment operationalizes the idea that 
students must remain the “arbiters of quality” in 
AI-mediated translation (Bearman et al., 2024). Its 

contribution lies in showing that classroom tasks 
can move students beyond passive tool use toward 
critical comparison, accountable selection, and 
professionally grounded revision. 

6 Conclusion 

This case study has shown that the assignment’s 
strongest contribution was to document how stu-
dents justified translation-quality decisions within 
a realistic post-editing workflow. Across the 23 

projects, preferences were neither uniform nor me-
chanically determined by automatic metrics. In-

stead, students justified their choices by weighing 
adequacy, fluency, terminology, naturalness, 
structural fit, and anticipated post-editing effort. 
The most important outcome was the reasoning it-
self: students connected quality, usability, and re-

vision effort when deciding which output to post-
edit. 



 

A second key finding is that automatic metrics 
functioned as a useful starting point, but not as a 

sufficient basis for decision-making. In a substan-

tial number of cases, the automatically best-ranked 
system was not the one ultimately selected for 
post-editing, because human evaluation brought 
into view issues that metrics alone could not cap-
ture adequately, especially semantic precision, ter-

minology, target-language naturalness, restructur-

ing, and local conventions. In this sense, the as-
signment helped students move beyond score 
comparison toward a more professionally relevant 
understanding of quality as multidimensional, 
contextual, and closely tied to revision effort. 

The findings therefore support the use of multi-
system comparison as a pedagogical design for AI 

literacy in translator education. The task encour-
aged a more conditional stance toward AI: stu-
dents learned to use machine output when it was 

useful, question it when it was misleading, and 
justify the need for human intervention. In doing 
so, they learned to question fluent-looking output, 

interpret metrics critically, distinguish under-
standable from professionally acceptable transla-
tion, and justify why one version was preferable 

for a specific text and purpose. 

This paper contributes: (1) an adaptable classroom 
workflow for comparing LLM and NMT outputs 
through automatic and human evaluation; (2) de-

scriptive and qualitative evidence of how students 

justify post-editing selections; and (3) an argu-
ment for treating evaluative judgement as a prac-
tical component of AI literacy in translator educa-
tion. 

These conclusions should be read in light of the 

study’s limits. The dataset is small, classroom-

based, and built on text-specific comparisons us-
ing student-produced reference translations, so the 
paper does not support broad claims about whether 
LLMs or NMT systems are categorically superior. 
Its contribution is pedagogical: it shows how a 

comparison-and-post-editing task can generate ev-

idence of students’ evaluative reasoning. In this 
setting, students become less passive users of AI-
based translation tools and more critical compara-
tors, revisers, and arbiters of quality. 
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Abstract

In this demo, we present COPECO-
Speech, a multimodal post-editing work-
bench designed for translator training with
AI-based translation technologies. It ex-
tends an existing pedagogical post-editing
platform (COPECO) by integrating speech
input and Large Language Model (LLM)-
assisted editing. The workbench has dif-
ferent post-editing modalities and helps
teachers annotate student tasks using ei-
ther a shared or personalized annota-
tion scheme. The system logs all in-
teractions—including keystrokes, speech
input, editing actions and LLM opera-
tions—enabling detailed analysis of post-
editing processes.

1 Introduction

Machine translation (MT) and large language
models (LLMs) are transforming translation work-
flows, requiring training approaches that empha-
sise interaction design, technical literacy and criti-
cal AI use (Bowker and Buitrago Ciro, 2019; Jiao
et al., 2023). Recent LLM-assisted post-editing
workflows exist (Castaldo et al., 2025), but CAT
tools (e.g. MateCat1) are largely keyboard-based
and only support basic speech interaction and no
LLM-driven editing.

We introduce a multimodal PE workbench for
classroom use. It lets students perform PE us-
ing different modalities (typing, respeaking, and
LLM-assisted editing), while logging process data

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
1https://guides.matecat.com/translate-1

for instructor-led reflection and translation curric-
ula integration.

2 System overview

Our work extends COPECO2, a collaborative ped-
agogical post-editing platform (Mutal et al., 2020;
Liyana Pathirana et al., 2024), by integrating mul-
timodal interaction and LLM-assisted PE. Instruc-
tors upload source texts and MT output from any
system, assign PE tasks, and configure system be-
haviour through prompts and settings. The sys-
tem supports multiple languages and can be ex-
tended to additional language pairs. This work
represents the first integration of LLM-based func-
tionality within the COPECO platform. PE is per-
formed through two interaction modes:

• Typing: users directly edit the MT output us-
ing a standard text interface.

• Speech interaction: users interact through
speech for both navigation and editing. A
small set of predefined commands (e.g.
”Next/Previous/Save segment”) supports nav-
igation, while spoken editing instructions
(e.g. insertions, deletions, or reformulations)
are interpreted and executed by an LLM to
modify or regenerate the translation.

Speech input is recognized using Azure Speech
services3. COPECO-Speech can replace ASR and
LLM components. The speech instruction, the
source text and MT output are sent to an LLM
(currently GPT-4.1-mini), guided by prompts. The
LLM performs the requested edits and returns an
updated translation. (Figure 1).
2https://copeco.unige.ch
3https://learn.microsoft.com/en-us/azure/ai-services/speech-
service/speech-to-text



Figure 1: Workflow of COPECO-Speech, a multimodal
speech-driven post-editing workbench

The prompt uses the input and guides the LLM
in tasks (language detection, targeted PE or full re-
translation, while ensuring consistency in the gen-
erated output). Users can switch between inter-
action modes. All actions—including keystrokes,
speech input, and LLM activity—are logged for
process-oriented analysis (Carl et al., 2016). The
system currently supports English and French and
can be extended for other language pairs.

3 Pedagogical use case

In a typical lab session, students post-edit texts
using different interaction modes (e.g. typ-
ing,speech/LLM based editing). Instructors re-
view, annotate and discuss the resulting transla-
tions and logs, providing targeted feedback and re-
flection on PE behavior. This supports discussion
of PE strategies, efficiency, and use of AI (Kopo-
nen, 2016).

4 Demo description

In this demo, we will present the workbench and
its main functionalities, focusing on speech-driven
LLM-assisted post-editing. A live demo will illus-
trate how spoken commands can be used to modify
and improve MT output, and how the system logs
user interactions :

• Loading: Source text and MT output loaded
into COPECO platform.

• Post-editing via typing (baseline): Direct
keyboard-based corrections.

• Speech interaction:

– Navigation (hard-coded commands):
“Next”, “Previous”, “Save segment”,
“Undo”.

– Editing via LLM: “Insert A before B”,
“delete second occurrence of C”, “re-
translate the sentence”.

• Correction and visualization: Instructor
feedback through annotation, comparison
with reference translations, and reports with
post-editing statistics.

• Logs: Keystrokes log, spoken input log,
time taken, teacher’s corrections, and LLM
requests/outputs, percentage of MT content
edited.

5 Conclusion

This workbench offers a practical tool for teach-
ing multimodal PE and human–AI interaction. By
logging spoken editing instructions and enabling
comparison across interaction modes, it supports
reflective pedagogy and the empirical exploration
of PE strategies in AI-assisted translation work-
flows within the classroom.
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Abstract

With the rapid technologisation of trans-
lation, skills beyond post-editing (PE),
such as data literacy, technology evalu-
ation, and critical engagement with AI-
based tools are becoming essential compe-
tencies for trainee translators. This paper
presents a syllabus for a translation tech-
nology module that equips MA Transla-
tion students with end-to-end MT evalua-
tion skills, from engine selection and do-
main adaptation to automatic and human
evaluation, post-editing, and results report-
ing. Large language models (LLMs) are
integrated throughout, as translation en-
gines, as a basis for prompting and do-
main adaptation strategies, and as a source
of explainable quality estimation signals.
Grounded in project-based learning, stu-
dents apply these skills in a simulated
client scenario. Trends on students’ en-
gine selection and customisation prefer-
ences observed across three years suggest
a gradual shift towards LLM-based tools,
but traditional engines and built-in options
remain a firm presence in student practice.

1 Introduction

Translation is more technological than ever. The
widespread adoption of neural machine translation
(NMT) and, more recently, large language mod-
els (LLMs) has fundamentally altered how transla-
tion is produced, reviewed, and delivered. Trans-
lators increasingly operate within complex, multi-
step workflows where MT output passes through

© 2026 The author. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

quality estimation filters, automated post-editing
suggestions, and human review before reaching its
final form. CAT tools have evolved accordingly,
now embedding quality signals, adaptive sugges-
tions, and LLM-powered features directly into the
translation interface.

This rapid shift has significant implications for
translator training. The professional landscape is
diversifying: while many translators continue to
work with MT as end users, there is growing de-
mand for adjacent roles such as MT specialist and
language technology consultant. Even for those
who remain primarily in translation practice, criti-
cal awareness of how MT systems work, how they
are evaluated, and how they can be adapted is in-
creasingly expected. In this age, critical skills are
more relevant than ever. Skills such as data lit-
eracy, technology assessment, and evidence-based
reasoning about MT quality are no longer the ex-
clusive domain of computational linguists but are
becoming relevant across a range of profiles that
translation graduates may occupy.

Yet translator training has been slow to reflect
this breadth. Existing syllabi have made signif-
icant progress in covering the theoretical under-
pinnings of MT, pre-editing, human and auto-
matic evaluation, project management, and post-
editing as a core professional skill (Doherty and
Kenny, 2014; Moorkens, 2018; Guerberof Are-
nas and Moorkens, 2019; Mellinger, 2017; Pym
and Hao, 2024). However, the pace of technologi-
cal development and particularly the rise of LLMs
means that the field is still figuring out how to
incorporate these tools meaningfully into transla-
tor education. The role of LLMs within the MT
pipeline, whether as translation engines, customi-
sation tools, or sources of explainable quality sig-
nals, remains under-represented in published ped-



agogical proposals.
This paper addresses that gap by present-

ing a translation technology module grounded in
project-based learning, in which students develop
end-to-end MT evaluation competencies across
seven sessions. The module combines commer-
cial and open-source tools incorporating state-of-
the-art MT engines and LLM-based tools. The ap-
proach is flexible in that its underlying framework
is adaptable as new technologies emerge.

2 Research on teaching translation
technologies

2.1 Skills

Early work on teaching translation technologies
established a template that has proven durable.
O’Brien (2002) presented one of the first system-
atic proposals for teaching MT, combining theo-
retical knowledge of MT, terminology, and pre-
editing with practical elements such as PE with
different engines and programming macros. Sub-
sequent course designs followed this integrated
spirit with topics rangin from MT evaluation, con-
trolled language, PE of MT output (Doherty et
al., 2012; Kenny and Doherty, 2014), ethics, pay-
ment, collaboration, the role of the human transla-
tor (Moorkens, 2022), and translation workflows,
to PE effort and process research (Koponen, 2015).
Doherty and Kenny (2014) offered a full course
design incorporating a range of technology-related
competencies alongside translation practice. Guer-
berof Arenas and Moorkens (2019) designed a ma-
chine translation and post-editing course, that in-
cludes two modules: one on PE and one on MT
project management. TAUS PE guidelines and
course.

Compared to PE skills, evaluation has only re-
cently received increasing attention in translator
training. With the advent of neural MT, Moorkens
(2018) presented a proposal for a practical in-class
translation evaluation exercise where students car-
ried out evaluations of neural and statistical MT us-
ing translation quality assessment: adequacy, post-
editing effort (time), and a simple error taxonomy
(word order errors, mistranslations, omissions, and
additions). Macken et al. (2023) proposed incorpo-
rating evaluation with automatic metrics into trans-
lator training, by developing an open-source, ac-
cessible evaluation platform (Vanroy et al., 2023).

Hands-on work with MT systems has also been
supported by dedicated resources. Two seminal

coursebooks on statistical and neural MT (Koehn,
2010; Koehn, 2020) have provided theoretical
and practical grounding for courses engaging with
engine-level knowledge, however these are often
inaccessible to translators due to their lack of
technical and programming knowledge. To ad-
dress this this technical barrier, the MultiTraiNMT
project1 developed a coursebook (Kenny, 2022)
and an online platform allowing students to train,
fine-tune, and evaluate MT systems without pro-
gramming skills. Krüger (2022) approached the
same challenge through prepared Jupyter note-
books, enabling students to work with MT data and
evaluation pipelines hands-on without requiring a
programming background.

The concept of MT literacy (Bowker and Ciro,
2019), encompassing not just the ability to use
MT tools but to understand, evaluate, and criti-
cally engage with them, has been influential in
framing what translators need to know. Hacken-
buchner and Krüger (2023) extend this to data lit-
eracy by proposing DataLitMT. which includes
a Professional MT Literacy Framework, an MT-
specific data literacy framework and a competence
framework for Machine Translation-Oriented Data
Literacy Teaching. They argue that professional
machine-translation literacy encompasses various
skills and knowledge areas, including technical,
linguistic, economic, societal, and cognitive as-
pects.

2.2 Pedagogical approaches

Research broadly agrees on the value of combin-
ing a theoretical component with hands-on prac-
tice. Lecture-based methods are typically used to
convey background knowledge such as MT his-
tory and system types, while practical skills are de-
veloped through student-centred activities ranging
from task-based group work to large-scale simu-
lated projects (Hao and Pym, 2023). (Mellinger,
2017) making the case for embedding technology
throughout the translation curriculum rather than
treating it as a standalone topic. Project-based and
authentic assessment approaches have also been
advocated, with students working on realistic sce-
narios that mirror professional practice (Kiraly,
2005; Li et al., 2015; Mitchell-Schuitevoerder,
2020).

1https://www.multitrainmt.eu/



2.3 GenAI and LLMs
The integration of generative AI and LLMs into
translation education is still emerging. Pym and
Hao (2024) offers a guide to using generative AI
for language learning activities, while Ayvazyan
et al. (2024) provides a practical inventory of
activities involving generative AI for translators.
These contributions signal growing interest in the
area, but systematic pedagogical proposals for in-
tegrating LLMs into translator training, particu-
larly within an end-to-end MT evaluation frame-
work, remain scarce.

3 Context

The module described in this paper forms the sec-
ond block of Translator’s Tools, a first-year course
in the MA Translation programme at Leiden Uni-
versity. The first block introduces students to CAT
tools, terminological databases, quality assurance,
and cloud-based collaboration interfaces, assessed
through an in-class CAT tool assignment. Stu-
dents therefore enter the second block with a work-
ing knowledge of translation workflows, trans-
lation memories, terminology management, and
cloud and collaborative tools. The second block,
the focus of this paper, covers language technolo-
gies, machine translation, customisation, evalua-
tion, post-editing, and quality estimation.

The module consists of seven weekly two-hour
sessions, combining a theoretical and a practical
component. Sessions take place in a translation lab
with access to high-performing laptops. Licences
for commercial MT engines and CAT tool inte-
grations are obtained through the institution’s re-
source infrastructure or through educational agree-
ments with providers for the duration of the block.
The module has been taught over three consecu-
tive years to cohorts of approximately 25 students
per year, allowing for iterative refinement based on
student feedback and developments in the field.

4 Approach

The module is grounded in project-based learning,
an approach that seeks to foster independent think-
ing, teamwork, and problem-solving in unfamil-
iar situations, with a view to acquiring transferable
skills that remain relevant regardless of technolog-
ical change (Kiraly, 2005). Rather than strictly
following any single pedagogical model, the mod-
ule draws on the spirit of Kiraly’s empowerment-
oriented approach (Kiraly, 2005), in which stu-

dents take ownership of a complex, realistic task
and develop competencies through doing. This is
complemented by formative assessment: students
submit weekly individual exercises based on the
practical activities of each session, receiving writ-
ten feedback or participating in class discussions
that address common tendencies across the cohort.
The summative assessment is a group project in
which students propose and evaluate an MT solu-
tion for a simulated client scenario, described in
detail in Section 4.3.

While the weekly exercises develop discrete
skills progressively, the project brings these to-
gether into an end-to-end MT evaluation pipeline:
students select engines, perform customisation,
conduct automatic and human evaluation, carry out
post-editing, and report their findings and recom-
mendations. This integrated pipeline is the central
pedagogical contribution of the module. Rather
than treating each skill in isolation, students expe-
rience how the components of MT evaluation re-
late to and inform one another in practice.

Large language models are integrated through-
out the module, serving three distinct functions.
First, LLMs are included alongside conventional
MT engines in the engine selection and com-
parison activities, giving students direct experi-
ence of their translation behaviour and character-
istics. Second, LLMs are used as a basis for
prompting strategies in domain adaptation, includ-
ing retrieval-augmented generation approaches, al-
lowing students to explore customisation methods
that go beyond the translation memory and glos-
sary integration available in traditional MT sys-
tems. Third, in the quality estimation session,
LLMs provide explainable quality signals (word-
and segment-level error highlights and automatic
post-editing suggestions) that students learn to in-
terpret and use to support their post-editing deci-
sions. This integration reflects the current profes-
sional landscape, in which LLMs are increasingly
embedded in MT workflows, and prepares students
to engage with them critically rather than as pas-
sive end users.

The module uses a combination of commercial
and open-source tools throughout, exposing stu-
dents to the range of options available in profes-
sional practice. The underlying framework is de-
signed to be flexible: as new engines, metrics, and
LLM-based features emerge, individual compo-
nents can be updated without disrupting the overall



structure.

4.1 Learning objectives
By the end of the module, students will have devel-
oped a comprehensive set of competencies span-
ning the full MT pipeline. They will understand
how MT systems and LLMs work and be able
to identify their role in contemporary translation
workflows, as well as prepare and manage the data
resources these systems rely on, including cor-
pora, translation memories, and glossaries. Stu-
dents will be able to customise MT systems us-
ing different types of data and prompting strate-
gies, and assess the quality of MT output through
both automatic metrics and human evaluation pro-
tocols. They will practise post-editing in accor-
dance with professional guidelines, and learn to in-
terpret quality estimation signals, such as explain-
able LLM-based outputs, to support post-editing
decisions. Finally, students will gain experience
in conducting, analysing, and reporting on an end-
to-end MT evaluation project situated in a realistic
professional scenario.

4.2 Session descriptions
The module is organised in 7 sessions. Each ses-
sion includes a theoretical part, explaining basic
notions and clarifying the readings, and a practical
session with hands-on activities.

Session 1. Introduction to MT and language
technologies
This session introduces machine translation by
first eliciting students’ own conceptualisations of
the technology, before covering its evolution from
rule-based and statistical approaches to neural MT
and large language models. The theoretical com-
ponent explains how NMT and LLMs work at a
conceptual level, surveys language technologies
relevant to the translator, such as optical character
recognition and automatic speech recognition, and
clarifies the distinction between translation memo-
ries and MT engines.

Practical activities:

• Explore a range of commercial and open-source
MT engines, including DeepL2, Google Trans-
late3, Lara4, Widn5, Apertium6, and No Lan-

2https://www.deepl.com/
3https://translate.google.com/
4https://laratranslate.com/
5https://www.widn.ai/
6https://apertium.org/

guage Left Behind (Costa-Jussà et al., 2022),
mapping each to its underlying architecture and
noting available functionalities such as image-
based translation, speech input, glossary integra-
tion, and quality or explanation features.

• Translate two short texts from different domains
(institutional and audiovisual) using multiple en-
gines and compare outputs based on transla-
tion theory knowledge, without formal evalua-
tion criteria.

• Connect an MT engine to a CAT tool (e.g. Tra-
dos Studio) and practise working with MT sug-
gestions within a translation interface.

Formative exercise: Students submit a short com-
parative reflection on the engine outputs for the
two texts, discussing differences in translation be-
haviour across engines and domains based on their
observations.

Session 2. Corpora and glossaries
This session covers the data that is used to build
MT systems. The theoretical component explains
the role of parallel corpora and glossaries in MT
training and customisation, introducing students
to the concept of in-domain and out-of-domain
data and the principle that data quality directly
affects translation quality. Students are intro-
duced to existing parallel corpus resources such as
OPUS (Tiedemann, 2009), and learn about com-
mon data quality issues including noise, misalign-
ments, and domain mismatch. The session also
covers how glossaries can be prepared and format-
ted for use in MT customisation.

Practical activities:

• Explore the OPUS parallel corpus repository and
discuss the types of data available, their origins,
and their suitability for different translation do-
mains.

• Perform translation memory cleaning using a
TM maintenance tool or Okapi Olifant,7 iden-
tifying and removing noisy or misaligned seg-
ments.

• Prepare a domain-specific glossary in the format
required for MT customisation, including tab-
separated term pairs and any required metadata.

Formative exercise: Students submit a cleaned
TM and a prepared glossary based on provided
data, with a short reflection on the quality issues
identified and the decisions made during cleaning.
7https://okapiframework.org/wiki/index.php?title=Olifant



Session 3. Machine Translation customisation
This session covers the difference between generic
and domain-adapted MT systems. The theoretical
component explains what a domain is, why domain
adaptation matters for translation quality, and the
main strategies available for customising MT en-
gines. Students learn about three approaches to
customisation: fine-tuning with in-domain parallel
data, glossary integration, and prompt-based adap-
tation. The latter is introduced through a demon-
stration of an API call to a large language model
with few-shot translation examples and glossary
terms integrated into the prompt, illustrating how
LLMs can be steered towards domain-specific
translation behaviour without retraining.

Practical activities:

• Customise a MT engine using a domain-specific
glossary (e.g. via the DeepL glossary function),
comparing output with and without customisa-
tion.

• Use an MT engine (e.g. Lara) to translate with
an integrated translation memory, observing how
the system incorporates existing translations into
its output.

• Apply prompt-based customisation by construct-
ing prompts with domain instructions, few-shot
examples, and glossary terms, and evaluating the
effect on translation output.

Formative exercise: Students submit a compari-
son of the three customisation approaches applied
to a short text, discussing the effect of each strategy
on translation quality based on their observations.

Session 4. Human evaluation of MT
This session introduces the methods used to eval-
uate MT quality through human judgement. The
theoretical component covers the main human
evaluation protocols: adequacy-fluency ratings, di-
rect assessment (Graham et al., 2013), ranking,
and error annotation based on Multidimensional
Quality Metrics (MQM) (Lommel et al., 2014).
The session features a collaborative in-class evalu-
ation activity designed to make the evaluation pro-
cess concrete and tangible. Large printed sheets
are posted around the room, each displaying a
source sentence, a human reference translation,
and the output of three MT systems. Working to-
gether, students collect adequacy-fluency ratings,
perform direct assessment, rank the outputs, and
conduct MQM annotation, discussing their judge-
ments and disagreements as a group. Students also

learn how to select sentences for human evalua-
tion, including strategies for sampling representa-
tive and informative segments from a test set.

Practical activities:

• Perform in-class human evaluation using
adequacy-fluency ratings, direct assessment, and
ranking across multiple MT outputs.

• Conduct MQM annotation, identifying and clas-
sifying errors in MT output using an MQM
scorecard.

• Discuss inter-annotator agreement, the subjec-
tivity of human judgements, and the implications
for evaluation reliability.

Formative exercise: Students submit a completed
MQM annotation of a short MT output, includ-
ing error classification and a brief reflection on the
challenges encountered and decisions made during
annotation.

Session 5. Automatic evaluation of MT
This session introduces automatic MT evaluation
as a complement to human judgement. The the-
oretical component motivates the need for auto-
matic metrics: human evaluation is costly, time-
consuming, and difficult to scale. It also covers
the main families of metrics in use today. Stu-
dents learn about surface-level metrics based on
word and phrase overlap, i.e., BLEU (Papineni et
al., 2002), chrF (Popović, 2015), and TER (Snover
et al., 2006), embedding-based metrics that cap-
ture semantic similarity, i.e., BERTScore (Zhang
et al., 2020), and BLEURT (Sellam et al., 2020),
and learned metrics trained on human judgement
data, i.e., COMET (Rei et al., 2020). The strengths
and limitations of each family are discussed, in-
cluding their varying degrees of correlation with
human assessments.

Practical activities:

• Prepare a test set for automatic evaluation, en-
suring correct formatting and alignment between
source, hypothesis, and reference files.

• Evaluate the output of multiple MT systems us-
ing the MATEO platform (Vanroy et al., 2023),
applying a range of metrics and comparing re-
sults across systems.

• Interpret metric scores, analyse agreements and
disagreements across metrics, and discuss the
use of statistical significance testing to validate
comparisons.



• Reflect on the relationship between automatic
scores and the human judgements collected in
the previous session, identifying cases of agree-
ment and divergence.

Formative exercise: Students submit an auto-
matic evaluation of two MT systems using MA-
TEO, including a written interpretation of the re-
sults across metrics and a discussion of the re-
lationship of the scores obtained with the human
evaluation scores from Session 4.

Session 6. Post-editing
This session introduces post-editing as a profes-
sional practice. The theoretical component cov-
ers what post-editing is and how it differs from
traditional editing and reviewing, the distinction
between light and full post-editing, and profes-
sional guidelines and standards. The session also
addresses how professional translators experience
and perceive post-editing, questions of cognitive
effort, productivity, and the implications for pro-
fessional practice and payment.

Practical activities:

• Discuss the differences between light and full
post-editing and when each is appropriate in a
professional context.

• Study and apply post-editing guidelines, includ-
ing the TAUS post-editing guidelines, to a sam-
ple MT output.

• Conduct a timed productivity exercise in which
students post-edit two short texts from two dif-
ferent MT engines, following a counterbalanced
design with two groups. Students record their
completion times, which are then aggregated and
discussed as a class. The exercise illustrates vari-
ability across post-editors, the relationship be-
tween engine quality and post-editing effort, and
the methodological challenges of designing valid
productivity studies.

• Reflect on the types of errors encountered and
the decisions made during post-editing, connect-
ing observations to the error typologies covered
in Session 4.

Formative exercise: Students submit a post-
edited text with tracked changes, accompanied by
a short reflection on the types and frequency of er-
rors encountered, the effort required, and their ex-
perience of working with MT output in a CAT tool
environment.

Session 7. Quality estimation and human-in-
the-loop
This session introduces quality estimation (QE)
as a method for predicting MT quality without
a reference translation. The theoretical compo-
nent explains the difference between quality eval-
uation, which requires human judgements or ref-
erence translations, and quality estimation, which
operates on source and MT output alone. Stu-
dents learn why QE is used in production work-
flows, how it can be used to triage segments for
post-editing, and how recent developments in ex-
plainable QE provide word- and segment-level er-
ror signals that go beyond a single quality score.
Multi-agent workflows are introduced, including
LLMs for generating explainable QE outputs, au-
tomatic post-editing (APE) suggestions and for
quality assurance.

Practical activities:

• Compare quality estimation and quality evalua-
tion, discussing the scenarios in which each is
appropriate and their respective limitations.

• Examine the output of state-of-the-art QE mod-
els, including xCOMET (Guerreiro et al., 2024)
and xTower (Treviso et al., 2024), focusing on
word-level error highlights and segment-level
quality scores.

• Use SmartPE,8 an error highlighting and post-
editing tool, to practice post-editing with auto-
matic error highlights and translation correction
suggestions generated through xTower’s auto-
matic post-editing.

• Discuss the explainability functionalities en-
abled by LLMs in QE tools, critically evaluating
the reliability and usefulness of the signals pro-
vided.

Formative exercise: Students submit a post-
edited text completed using SmartPE, with a re-
flection on how the quality estimation signals in-
fluenced their post-editing decisions, which sug-
gestions they accepted or rejected, and why.

4.3 Machine Translation project
The summative assessment for the module is a
group project in which students of 3–4 propose and
evaluate an MT solution for a simulated client sce-
nario. The project is designed to bring together the
skills developed across the seven sessions into an
end-to-end evaluation pipeline, requiring students
8https://github.com/fatalinha/SmartPE



to make and justify decisions at each stage rather
than simply applying procedures mechanically.

Students are provided with a dataset one month
before the deadline, containing a test set of aligned
source and target sentences, a translation memory
in both .tmx and Trados formats, and a domain-
specific glossary. The goal is to answer the re-
search question: which is the best MT engine and
setting for this content? Working from this ques-
tion they proceed through four stages. First, they
translate the test set using at least three MT engines
of their choice. Second, they perform automatic
evaluation using a range of metrics via the MATEO
platform (Vanroy et al., 2023), selecting the best-
performing baseline engine. Third, they customise
one engine using the provided translation memory
and glossary, and evaluate the effect of customisa-
tion through automatic metrics. Fourth, they select
the two best-performing systems and conduct hu-
man evaluation on a sample of fourty sentences,
choosing from adequacy-fluency rating, ranking,
MQM annotation, and perform post-editing.

Project report Students report their findings in a
research paper of 3000–4000 words, excluding ref-
erences and appendices. The introduction situates
the project within the relevant literature on MT,
domain adaptation, and evaluation; the methods
section describes the data, scenario, and evalua-
tion procedures; the results section presents and in-
terprets findings across automatic evaluation, cus-
tomisation, and human evaluation; and the dis-
cussion reflects on the best MT solution for the
given content, the reliability of evaluation methods
used, and relevant ethical and professional consid-
erations. Human evaluation data are included as
an appendix. The project is completed collabora-
tively, with students dividing tasks and contribut-
ing jointly to the written report. Group-based as-
sessment reflects the collaborative nature of MT
evaluation work in professional settings, where
tasks are typically distributed across team mem-
bers with different areas of responsibility (Kiraly,
2005).

Assessment criteria Projects are assessed on
five dimensions: i) academic content, including
the quality of the literature review and theoreti-
cal grounding; ii) technical soundness, covering
the suitability and correct application of evaluation
methods and tools; iii) quality of analysis, includ-
ing the interpretation and critical discussion of re-

sults; iv) structure and argumentation; and v) lan-
guage quality. Together these criteria reward both
technical competence and the ability to communi-
cate findings clearly and critically in an academic
register.

Scenario The simulated scenario changes each
year, providing students with a realistic context
that motivates the evaluation choices they make. In
one iteration of the module, the scenario involved
translating institutional health reports from Dutch
into English for online publication, a domain that
combines technical terminology with a require-
ment for high output quality. The scenario is de-
signed to raise questions that go beyond metrics:
is MT suitable for this content at all? Is the raw
output publishable, or are further steps needed?

5 MT usage and customisation trends

How do student practices evolve alongside devel-
opments in the broader technology landscape? As
LLMs are becoming dominant in life and market,
are students adopting them more for translation,
abandoning traditional NMT engines? This sec-
tion examines student preferences in engine selec-
tion and customisation strategies, drawing on the
submitted project reports from all three years of
the module.

Engine 2023 2024 2025

Google Translate 6 (32%) 4 (13%) 6 (17%)
DeepL 5 (26%) 7 (23%) 5 (14%)
ModernMT 4 (21%) 5 (17%) 3 (9%)
NLLB 4 (21%) 1 (3%) 1 (3%)
ChatGPT/OpenAI - 4 (13%) 6 (17%)
Widn - 1 (3.%) 2 (6%)
Lara - - 3 (9%)
Others - 2 (7%) -

Total 19 30 35

Table 1: Distribution of MT engine selections by year

Table 1 shows the distribution of generic MT en-
gine selections across the three years of the study.
It should be noted that the available engine pool
expanded over time. Widn and Lara, for instance,
were only introduced in class from 2024 onwards.
This means that the trends reflect both changes
in the offering and shifts in student preferences.
Google Translate and DeepL remained the most
consistently chosen engines, with 6, 4, and 6 selec-
tions, and 5, 7, and 5 selections respectively. Mod-
ernMT was the next popular selection in 2023 and
2024, but declined in 2025. NLLB, the only open-



source NMT engine in the selection, was chosen
in 4 projects in 2023 but only in one in subsequent
years. This may be due to a better offering of en-
gines for this high-resource language pair. The
most notable trend is the rapid adoption of Chat-
GPT/OpenAI, which was absent in 2023 but rose
to 4 selections in 2024 and 6 in 2025, matching
Google Translate as the most selected engine. The
initial absence is partly explained by a practical
limitation: pasting the entire text in the ChatGPT
interface did not preserve sentence boundaries, re-
quiring manual realignment before automatic eval-
uation. This issue was subsequently resolved by
accessing the model via the OpenAI API. Newer
engines such as Widn and Lara also gained trac-
tion in the last year. These trends suggest that
while traditional NMT providers are not being
abandoned, students are increasingly experiment-
ing with LLM-based solutions, reflecting the shifts
in the professional translation technology market.

Method 2023 2024 2025

Glossary 4 (57%) 3 (50%) 7 (64%)
TM 3 (43%) 2 (33%) 2 (18%)
Prompting - 1 (17%) 2 (18%)

Total 7 6 11

Table 2: Customisation options selected per year

Table 2 shows the customisation methods se-
lected by students across the three years. Glossary-
based customisation was the most popular method
throughout, accounting for the majority of selec-
tions in all three years. Most providers have the
option to directly upload a glossary, which stu-
dents reported to be the easiest method for cus-
tomisation. TM-based customisation was the sec-
ond method preferred with 2 to 3 projects selecting
it. Prompting is gradually emerging as a customi-
sation strategy, with students including context in-
formation about the use case and/or the glossary
entries in the translation prompt. This reflects the
growing familiarity of students with LLM-based
tools and their affordances for domain adapta-
tion. Nevertheless, traditional customisation meth-
ods built into the engine interface, such as glos-
sary upload and TM integration, remain preferred,
likely because they are more straightforward to ap-
ply and easier to evaluate systematically than a
custom prompt whose effect on output quality is
harder to isolate.

6 Student evaluation and impressions

Student feedback was collected through anony-
mous voluntary surveys administered at the end of
each iteration. The following reflections draw on
three years of feedback and the instructor’s own
observations across the cohorts.

What worked well Students consistently recog-
nised the relevance of the module to their profes-
sional development. The technological dimension
was valued precisely because of its currency, with
students recognising the importance of gaining ex-
perience with MT and AI. The variety of tools
explored across the module (commercial, open-
source, and LLM-based) was also appreciated.
The combination of theory and hands-on practice
was frequently highlighted as effective, with stu-
dents appreciating that concepts introduced in the
theoretical part were immediately applied in prac-
tical activities. The project-based assessment was
particularly well received, with students valuing
the experience of working on a realistic scenario
with assignments for clients in the real world.

Points for improvement The most consistent
criticism across all three years concerned the bal-
ance between theory and practice. Students fre-
quently reported feeling overwhelmed by the the-
oretical content, particularly in the early sessions,
and requested more time for hands-on activities.
In response, the format was adjusted from the sec-
ond year onwards: slide presentations were short-
ened, readings were assigned before class rather
than presented in full during sessions, and contact
time was reserved for practical work and discus-
sion of questions arising from the readings.

The integration of LLM-based engines intro-
duced a practical challenge around costs. Since
students required access to LLM APIs for trans-
lation tasks, token usage had to be monitored
and sometimes limited to avoid excessive costs.
In practice, this was managed by pre-generating
translations and sharing them with students, avoid-
ing repeated generation of the same output. While
functional, this solution reduced the immedi-
acy of the hands-on experience. This remains
an open challenge, particularly as LLM-based
tools become more central to the module. Two
tools were introduced incrementally and only
reached their current form in the most recent it-
eration: translation-specific LLMs (Widn, Lara)
were added gradually in the second and third years



as they became available, and the enhanced post-
editing tool with explainable QE signals was pi-
loted in the final iteration. Both additions were
positively received but have not yet been evaluated
across a full cohort in their current form.

Recommendations Based on three years of ex-
perience, several recommendations emerge for in-
structors designing similar modules. First, limit-
ing in-class theory in favour of flipped classroom
elements, for example assigning readings and ex-
planatory materials before sessions, frees contact
time for the practical work students find most valu-
able. Second, managing access to commercial and
LLM-based tools requires planning: educational
licences, pre-generated outputs, and token budgets
should be arranged well in advance and are not
always available. This is why investing on open-
source tools is a valuable alternative. Finally, stu-
dents expressed interest in hearing from working
professionals: a guest lecture by an MT specialist
or language technology consultant would comple-
ment the academic content and reinforce the pro-
fessional relevance of the skills developed.

7 Conclusion

This paper has presented a project-based transla-
tion technology module that equips MA Transla-
tion students with end-to-end MT evaluation skills,
integrating LLMs throughout as translation en-
gines, customisation tools, and sources of explain-
able quality signals. The module has been taught
over three consecutive years, allowing for iterative
refinement in response to student feedback and de-
velopments in the field.

Analysis of student project reports over three
consecutive years reveals a gradual shift in engine
preferences, with LLM-based tools gaining ground
while traditional engines remain in use. In terms of
customisation, glossary-based methods continue to
dominate due to their ease of implementation and
perceived efficiency, though prompting is emerg-
ing as an alternative strategy.

Some limitations should be acknowledged. The
module has been taught at a single institution with
a single language pair (English-Dutch), and no for-
mal measurement of learning outcomes has been
conducted beyond student feedback. The evalu-
ation of recently introduced components, such as
translation-specific LLMs and the explainable QE
tool, remains incomplete. Formal evaluation of the
module, including self-efficacy measures and more

detailed qualitative and quantitative feedback, will
be conducted in future iterations. Furthermore, the
module relies heavily on commercial engines and
tools, a deliberate choice to maximise relevance
to real-world professional practice, made possi-
ble through institutional resources and academic
agreements with technology providers. However,
it is recognised that not all institutions have access
to such resources. A related challenge concerns in-
structor expertise: setting up open-source engines,
hosting evaluation tools, or running models such as
xCOMET requires technical knowledge that many
translation technology instructors may not have.
While commercial alternatives for enhanced post-
editing exist, e.g. platforms such as Phrase and Bu-
reauworks offer comparable functionality, the de-
velopment of accessible, open-source post-editing
and QE tools remains important for broadening ac-
cess to this type of instruction (Lefer et al., 2024;
Mutal et al., 2020).

More broadly, the challenge facing translator
training programmes is not simply to incorporate
specific tools, but to develop frameworks flexible
enough to absorb continuous technological change
without requiring wholesale curriculum redesign.
The module presented here attempts to address
this by grounding instruction in a stable evalua-
tion pipeline that can accommodate new engines,
metrics, and LLM-based features as they emerge.
Future work includes the development of an on-
line component to deliver theoretical content out-
side contact hours, freeing in-class time for the
hands-on practice and critical discussion that stu-
dents find most valuable.
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Popović, Maja. 2015. chrF: Character n-gram F-
score for automatic MT evaluation. In Bojar, Ondřej,
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Abstract 

This paper reports on an exploratory, qual-
itative study of technology use in a Simu-
lated Translation Bureau (STB) in a mas-
ter’s programme in translation. The STB is 
a practice-oriented module in which stu-
dents work on authentic translation pro-
jects and integrate a range of technologies, 
including AI-based tools, into their work-
flows. The paper addresses how students’ 
technology-related decision-making can 
be made visible and assessable, including 
students’ reflections on how they justify 
and verify the use of output-generating 
technologies, and how they describe per-
ceived changes in their technology use 
over the course of the simulation. The 
study shows that the STB is an effective 
pedagogical model for teaching and as-
sessing technology judgement in AI-ena-
bled translation workflows, but also high-
lights the need to foreground broader ethi-
cal dimensions of AI literacy more explic-
itly in future iterations of the pedagogical 
design. 

1 Introduction 

AI-based technologies – from machine translation 
(MT) integrated into computer-assisted translation 
(CAT) tools to large language models (LLM)-
based assistants – are increasingly embedded in 
professional translation workflows, as evidenced 
by recent market-based studies such as ELIS 
(2026). This evolution creates a concrete 
challenge for translation training programmes: if 
professional practice changes, translation 
education must integrate these technologies in 

ways that prepare students for professional 
practice. This challenge is not limited to teaching 
students how such technologies function at a 
technical level. It also involves helping them 
understand how these technologies are integrated 
in real translation workflows, while also 
developing the AI literacy required to use them 
responsibly, critically, and ethically (Krüger, 
2024). 

A Simulated Translation Bureau (STB) offers a 
particularly suitable pedagogical setting for such 
integration as it is explicitly practice-oriented 
(Buysschaert et al., 2018): student teams work as 
translation bureaus with different roles, carry out 
authentic translation projects, and deal with pro-
fessional constraints such as deadlines and quality 
requirements (Van Egdom et al., 2020). This 
structure makes it possible to treat and assess tech-
nological tools as part of the workflow, rather than 
as separate topics taught in class (Zappatore, 2020, 
2022). 

This paper reports on an exploratory, qualitative 
study of how technology use becomes visible in an 
STB. It focuses on the data sources built into the 
STB module design of a master’s programme in 
translation to monitor how students use technolo-
gies in their translation workflows. The starting 
point in the STB module is that students should 
have sufficient autonomy to choose and integrate 
any type of technology (including AI-based tools) 
in meaningful ways, while also being expected to 
explain how and why they used it. Importantly, the 
STB design does not isolate AI-based technolo-
gies from the wider set of technologies used in the 
translation workflow but examines how such tech-
nologies are used alongside other tools, such as 
CAT, project management, or collaboration tools. 



 

In this respect, the study addresses three questions: 
How does a translation bureau simulation make 
students’ technology-related decision-making vis-
ible and assessable (RQ1)? Which practices do 
students report and demonstrate when integrating 
AI-based technologies into translation workflows, 
and how do they justify and verify this use (RQ2)? 
To what extent do students report changes in their 
technology use during the simulation compared to 
prior practice (RQ3)? 
In this study, technology-related decision-making 
is considered visible when students explicitly re-
port where in the workflow a technology was 
used, for what purpose, and with what outcome. It 
is considered assessable when these reports pro-
vide evidence to evaluate how transparently stu-
dents describe their technology use and justify 
their choices, and how far they demonstrate crea-
tive or innovative uses. 

This assessability was also supported by the 
course design itself. Students were informed at the 
start of the STB module that technology use 
formed one of the dimensions on which group per-
formance would be evaluated, and they received a 
rubric specifying how this aspect would be as-
sessed. The rubric distinguished between limited 
use of technology, guided use, more creative inte-
gration into workflows, and highly proactive, in-
novative, and critically justified use of technology. 
This rubric clarifies the pedagogical criteria 
against which students’ technology-related deci-
sion-making became assessable. 

2 Background and pedagogical design 

Research on translator training has increasingly 
treated technology as an integral part of 
contemporary translation practice, while also 
emphasising that students need to learn not just 
how to use tools, but when, why, and in which 
contexts they are best applied (Bowker, 2014; 
Kenny, 2020). Recent discussions on AI literacy 
in translation extend this argument by stressing 
that users need not only operational technological 
competence, but also the ability to evaluate, 
justify, and monitor the responsible use of AI-
based tools (Bindels et al., 2024; Krüger, 2024). 
Within this broader context, the STB model is es-
pecially relevant because it links technology learn-
ing to authentic professional workflows (Zappa-
tore, 2022). Earlier work on simulated translation 
bureaus has shown their value for immersing stu-
dents in realistic projects, external collaborations, 

entrepreneurship, and service provision (Buyss-
chaert et al., 2018; Van Egdom et al., 2020; 
Konttinen & Salmi, 2025). The present study 
builds on that tradition by examining how students 
use technologies and report on their technology-
related decisions. 
The argument advanced here is that the use of 
technology in STB training should be studied at 
two levels. At the individual level, students need 
to be able to explain how and why they use partic-
ular technologies in specific tasks. At the group 
level, bureaus also need to decide collectively how 
they organise work, which tools they use, how 
they handle planning and communication, etc. The 
STB is therefore not only a teaching environment 
but also a useful research site for observing how 
technology judgement is negotiated in a practice-
oriented setting. 

3 Research design 

3.1 Course context and participants 

The study was conducted as part of a mandatory 
STB module in a master’s programme in 
translation. Student teams worked in small 
simulated bureaus as either project managers or 
translators/revisers and carried out authentic 
projects for real and/or simulated clients. The 
module was explicitly designed to simulate 
professional practice by combining project 
management, client communication, translation, 
revision, external collaborations, and technology 
use. CAT tools were part of the working 
environment from the outset, but students retained 
meaningful autonomy in deciding how to integrate 
technologies into their workflows. 
The present paper analyses a first-cycle corpus 
consisting of 17 artefacts produced by three simu-
lated bureaus: 11 individual portfolios, three 
group technology reflection notes, and three final 
group presentations. The 11 portfolios were writ-
ten by students performing different roles, includ-
ing three project managers and eight translator/re-
viser profiles. The STB module was taught in the 
second semester, after a first-semester course on 
technologies for translators, and students had al-
ready gained insight into the technical dimensions 
of language and AI during their prior BA-level 
training. Within the STB, they were explicitly al-
lowed to use AI-based technologies, provided this 
use was documented transparently in their report-
ing, in line with the university’s broader policy on 
the responsible and transparent use of AI in edu-



 

cational contexts. To ensure anonymity, individ-
ual portfolios are cited as ID1–ID11 and the three 
bureaus are referred to as Bureau A, B, and C.  

3.2 Data collection 

Data collection was embedded in the mandatory 
course assignments to capture students’ 
technology use in a naturalistic, practice-oriented 
way, without explicitly framing the course around 
AI-based technologies. This was important 
because the study sought to examine how students 
use AI-based tools alongside other technologies in 
the workflow, such as CAT, MT, terminology, 
project management, and collaboration tools. As 
noted above in the discussion of visibility and 
assessability (see Section 1), students were 
informed at the start of the STB module that group 
performance would be evaluated in part through 
specific indicators, including one focused on 
technology use, and that this aspect would be 
assessed using an explicit rubric (see Appendix 4). 
This was intended to encourage them to take an 
active role in identifying technological solutions 
and integrating them into their projects, while still 
leaving them enough autonomy to decide what to 
incorporate and how to incorporate it. 

At group level, each bureau submitted a brief tech-
nology reflection note of approx. 500–800 words 
(See Appendix 2). In this document, groups had to 
report at least three concrete examples of technol-
ogy use in a fixed format including: a description 
of the specific tool that was used for a specific pur-
pose, task or process, a reflection on the outcome 
or effect of its use and a link to supporting evi-
dence. If the example involved an AI generating 
output, groups were additionally required to indi-
cate how the output was verified. These notes pro-
vide direct evidence for RQ1 by showing where in 
the workflow technologies were used and for RQ2 
by making verification explicit. 

A second group-level data source was the final 
presentation (see Appendix 3), in which each bu-
reau reflected on projects, challenges, SWOT fac-
tors, technology choices, and lessons learned. Alt-
hough this presentation partly overlapped with the 
separate technology reflection note, it served a dis-
tinct pedagogical and analytical purpose. Whereas 
the written reflection note required groups to doc-
ument technology use in a structured way, the 
presentation invited them to synthesise these ex-
periences for an audience of peers, allowing other 
bureaus to learn from their choices, challenges, 
and strategies. The oral format therefore added an 
additional pedagogical and research dimension to 

the written reflection by showing how groups col-
lectively framed their workflow, justified their 
technology use, and highlighted what they consid-
ered most relevant. 

At individual level, each student submitted a port-
folio describing their involvement in projects, 
their specific role(s), learning reflections, and a 
separate section on technology use. This individ-
ual perspective was important because it added a 
more fine-grained and role-specific dimension to 
the two group-level sources. Whereas the technol-
ogy reflection note and the presentation mainly 
captured group-level technology practices and 
shared strategies, the individual portfolios made it 
possible to examine how students themselves ex-
perienced and interpreted these practices from 
their own position within the bureau (see Appen-
dix 1). They were therefore particularly valuable 
for identifying differences between project man-
agers and translators/revisers. Students were also 
explicitly asked to reflect on whether and how 
their technology use had changed during the STB 
module compared to before the module and, if rel-
evant, to provide examples of output-generating 
technology use. This makes the individual portfo-
lios especially important for RQ3, which concerns 
perceived change, while also providing role-spe-
cific evidence for RQ1 and RQ2. 
 Taken together, the three types of data sources 
provide a basis for triangulating reported prac-
tices, verification strategies, and perceived 
changes in technology use across roles and work-
flow stages. 

3.3 Data analysis 

The analysis was based on qualitative content 
analysis of the collected group- and individual-
level materials, combining deductive and 
inductive thematic procedures. At a deductive 
level, it was organised around three main 
categories derived from the research questions. In 
relation to RQ1, the analysis will identify patterns 
of technology use across workflow stages. For 
RQ2, the focus was on how students report 
checking and validating AI technology use. In 
relation to RQ3, the analysis examined students’ 
reported changes in technology use over the 
course of the simulation, based on individual 
reflections and supporting examples. At an 
inductive level, recurrent themes were identified 
within each category through close reading of the 
data sources. 



 

Meaningful reflection segments were used as cod-
ing units. After the initial coding, the group- and 
individual-level materials were compared in order 
to identify convergences and divergences between 
collective and personal reporting on technology 
use. 

4 Results 

4.1 Making technology-related decision-mak-
ing visible and assessable (RQ1) 

In the individual portfolios, translators and 
revisers most often connect technologies to 
translation, terminology, revision, and quality 
control, while project managers connect them to 
planning, communication, task allocation, and 
document management. These materials show that 
the STB does not merely reveal what technologies 
students use but also how they locate them within 
their specific workflows. This also appears clearly 
in the group materials. In Bureau A’s presentation, 
problems are categorised as: organisation 
efficiency, technology/workflow, and 
communication; the accompanying technology 
slide refers to the use of a CAT tool, language 
supporting tools (e.g. electronic dictionaries, 
translation memories, spelling checkers) as 
distinct resources within the workflow. Bureau B 
explicitly separates a specific tool for 
communication and collaboration (e.g. a shared 
agenda for planning), a CAT tool for translation 
and revision, and a MT tool for translation 
support. Bureau C likewise connects technology 
to their workflow, linking a collaboration and 
communication tool, a project management tool, a 
CAT tool and a MT tool to successive phases in 
their workflow, such as task distribution, 
translation, and revision. 
Assessability, however, depends on the degree of 
structured documentation. The strongest portfo-
lios and reflection notes make decision-making as-
sessable by reporting a tool, a purpose, an out-
come, and a quality-control procedure. ID5, ID8 
and ID9, for instance, explicitly describe what a 
tool produced and what they did with that output 
afterwards. By contrast, some documents mention 
technology in more general terms (“it was effi-
cient”, “it helped us”) without further specifica-
tions on the effect of the outcome and how the out-
put was verified. The group reflection notes tend 
to be more consistent than some of the individual 
portfolios because they use a more standardised 
reporting template. Taken together, the materials 
suggest that the STB makes students’ technology-

related decisions easier to assess when the reflec-
tion task clearly asks them to explain why they 
used a tool, what effect it had, and how they con-
trolled or checked its use. When the task instruc-
tions do not follow such a strict reporting format, 
it also becomes harder to assess those decisions. 

4.2 Practices of integrating and verifying AI-
based technologies (RQ2) 

The group- and individual-level data consistently 
show that AI-based technologies are used as part 
of a broader technological workflow. Most 
reported uses concern CAT-integrated MT, AI-
based writing assistants, and, in one bureau, the 
use of a generative AI chatbot for suggesting a 
company name and logo rather than for translation 
itself. Apart from that, the use of a standalone 
generative AI chatbot for translation drafting is 
almost absent from the research materials. Bureau 
B reports having tested MT in the CAT tool they 
used but having rejected it because the quality was 
insufficient; Bureau C states that MT suggestions 
were only used in one project and were always 
revised; Bureau A also highlights CAT-integrated 
MT, but also foregrounds electronic dictionaries, 
language assistants and spell-checking tools in its 
workflow. The overall pattern is therefore one of 
AI-based tools embedded within a larger set of 
technological tools. 
A second pattern is that output-generating tools 
are mostly treated as supportive rather than substi-
tutive. Students typically describe using them to 
generate a first draft, explore alternative formula-
tions, find lexical options, or speed up (repetitive) 
tasks. In their individual portfolios, ID8 reports 
using MT integrated in a CAT tool to support the 
translation work but then switching off the MT 
function when post-editing became less efficient 
than translating independently, especially for the 
specific project on which they had been working 
(i.e. the translation of historically sensitive fare-
well letters written by people during the Second 
World War shortly before their execution). ID9 
describes using MT as a starting point for translat-
ing a specialised text on biodigesters, but adapting 
the output almost systematically, especially termi-
nological suggestions. ID6 similarly describes 
consulting the output of a built-in MT feature in a 
CAT tool mainly to support the translation of dif-
ficult grammatical constructions or single lexical 
items rather than adopting full segments. At the 
group level, Bureau B describes MT use primarily 
as a way of finding more idiomatic alternatives 
and states explicitly that it was sometimes used 



 

only when no other satisfactory formulation could 
be found. These accounts suggest a pragmatic use 
of AI-based tools rather than any attempt to out-
source translation completely. 

Verification emerges as the clearest and most con-
sistent marker of responsible AI-related practice. 
Students repeatedly describe post-editing, com-
paring generated output with the source text, con-
sulting dictionaries, checking terminology via 
IATE, EurLex, or parallel texts, relying on peer 
revision, and carrying out final quality checks. Bu-
reau A’s technology reflection note, for instance, 
explicitly states that MT suggestions in their CAT 
tool were treated only as “a first idea or example”, 
after which the text was post-edited, revised sev-
eral times by the translator, and then revised either 
internally or by an external partner. Bureau C’s 
presentation similarly stresses that MT output was 
never adopted without further scrutiny, but 
checked against the source text, dictionaries, and 
peer revision. The individual portfolios confirm 
the same pattern. ID9, for example, reports that 
MT output for a specialised article was verified 
against the source text and professional reference 
sources, while suggestions from an AI-based writ-
ing assistant were only accepted after checking 
tone and coherence in the full text. Taken together, 
these findings suggest that students did not place 
unconditional trust in AI-based tools, but sub-
jected their output to explicit verification. 
At the same time, the data shows that students’ un-
derstanding of responsible use is still mostly oper-
ational. They focus on revision, source checking, 
and not accepting output blindly. Much less is said 
about privacy, bias, intellectual property, or envi-
ronmental impact. One project manager (ID1) 
states that technologies should be used in the 
“right, ethical and efficient way”, but such broader 
ethical reflection remains relatively rare. The pre-
sent materials therefore capture verification and 
transparency very well, but only partially capture 
broader ethical AI literacy. 

4.3 Reported change in technology use (RQ3) 

The clearest pattern in the individual portfolios is 
a reported shift from reluctance towards CAT 
tools to greater familiarity and acceptance. Several 
students state that before the STB they preferred 
to work in Word, used CAT tools only when 
required, or perceived them as too complex. 
Through repeated use in authentic projects, they 
became more aware of the practical benefits of 
CAT tools for workflow support and 
collaboration. ID8, for example, reports a 

fundamental change in attitude after working with 
the chosen CAT tool, which came to be seen as a 
useful and supportive part of the translation 
process rather than as an unnecessarily complex 
tool. ID6 similarly describes a better 
understanding of why CAT tools are efficient and 
professionally relevant. ID3 emphasises their 
value for the translation workflow, for monitoring 
deadlines, and for maintaining a clear overview of 
translation projects within the team. This shift is 
also reflected at group level: Bureau B lists 
learning to work with CAT tools among its 
strengths, while Bureau C presents its CAT 
environment as useful not only for translation 
itself, but also for organising the workflow. 
Reported change is not limited to the tools stu-
dents use, but also concerns how these tools help 
students to organise the translation process itself. 
Several students describe a move away from a 
more linear way of translating a text towards a 
more structured workflow divided into phases 
such as project setup, drafting, revision or quality 
control. Others emphasise that they now see tech-
nologies as integral components of the overall pro-
cess. This is particularly visible in the portfolios 
of the project managers. ID1 and ID4, for instance, 
describe learning to use communication and plan-
ning tools, shared agendas, and CAT tools more 
purposefully in order to monitor deadlines, distrib-
ute work, and maintain a clear overview of tasks 
in their projects. Bureau C’s presentation illus-
trates this shift clearly: the group explains that it 
initially worked in a largely ad hoc manner, but 
gradually developed a more structured workflow 
supported by several dedicated technologies, in-
cluding the selective use of MT. The STB thus ap-
pears to foster change not only in tool use, but also 
in how students conceptualise workflow, coordi-
nation, and the place of technology, including AI-
based tools, within professional translation prac-
tice. 

A third pattern is that students report using MT- 
and AI-supported tools in a selective and cautious 
way. As discussed in Section 4.2, generated output 
is mainly used as support, for example as inspira-
tion or a first suggestion, and rejected when cor-
recting it takes more time than translating directly. 
This pattern also appears at group level. Overall, 
the data point less to a broad enthusiasm for AI as 
such than to a more selective and workflow-de-
pendent use of these technologies. 



 

5 Discussion 

Taken together, the findings show that the STB 
makes it possible to analyse technology use at both 
individual and group level. The individual 
portfolios provide insight into how students 
describe and justify their own technology-related 
decisions, whereas the reflection notes and 
presentations show how each bureau organised its 
workflow, distributed roles, and combined 
different tools. This matters because the findings 
show that technology use in the STB depends both 
on students’ own choices and on how the group 
organises its workflow and divides roles. Project 
managers mainly report technology use in relation 
to planning, communication, deadline monitoring, 
and task distribution, while translators/revisers 
focus more on translation, revision, terminology 
work, and quality control. 

This broader role- and workflow-based view of 
technology use is in line with earlier work on sim-
ulated translation bureaus and translator training, 
which stresses that technology is embedded in col-
laborative, practice-oriented environments rather 
than in isolated tool exercises (Buysschaert et al., 
2018; Van Egdom et al., 2020). 
Decision-making became most visible when stu-
dents were required to specify where in the work-
flow a technology was used, for what purpose, 
what resulted from that use, and, in the case of AI-
generated output, how the result was checked. In 
this respect, the richest evidence came from those 
data sources that followed a fixed reporting struc-
ture. In such cases, technology use could be ana-
lysed in a more systematic way. By contrast, 
where reporting was more open or less systemati-
cally structured, statements about technology use 
often remained broad. 
AI-based tools were typically used in a supportive 
way, alongside CAT tools, dictionaries, terminol-
ogy tools/resources, project management tools, 
and collaboration platforms. The most common 
pattern was to use AI-generated output for inspi-
ration, a first draft, or lexical support, followed by 
revision, com-parison with the source text, and 
other forms of verification. This means that, in the 
present dataset, AI use appears less as a disruptive 
force than as one resource within a broader work-
flow in which people still play the main role in 
checking quality and making decisions. This 
aligns with work on MT literacy, which empha-
sises that students and translators need to under-
stand when and how MT can best be used, and that 

human intervention remains central to translation 
work (Kenny, 2020).  

At the same time, the findings suggest that the cur-
rent design captures some dimensions of AI liter-
acy more clearly than others. Students frequently 
describe selective uptake, post-editing, terminol-
ogy checking, source comparison, and peer revi-
sion. In other words, they provide evidence of op-
erationally responsible use. By contrast, they 
much less often reflect on broader ethical issues 
such as confidentiality, bias, intellectual property, 
or environmental impact. What emerges from the 
present design is therefore mainly a picture of re-
sponsible use in terms of verification and quality 
control. A useful next step would be to retain the 
current workflow-oriented setup, but to add one or 
two explicit prompts that invite students to reflect 
on risks, limitations, or ethical considerations 
when using AI-based tools in their projects. This 
distinction is also consistent with recent work on 
AI literacy and translation technology ethics, 
which argues that responsible use involves not 
only functional and evaluative skills, but also at-
tention to wider ethical and professional implica-
tions (see e.g. Moorkens, 2022). 
The study also has some limitations. First, it is 
based on one course run and a relatively small da-
taset. Second, the data come from assessed course 
assignments, so they are partly self-reported. 
However, combining individual and group materi-
als helps reduce this limitation by allowing per-
sonal reflections to be compared with group re-
flections and concrete examples. The paper there-
fore does not claim to prove that students devel-
oped these competences because of the STB de-
sign. Instead, it shows that the design makes im-
portant aspects of technology-related learning vis-
ible, including decision-making, the checking of 
AI- and MT-supported output, and reported 
changes in students’ use of translation technolo-
gies. Further research is needed to examine more 
directly to what extent the STB supports the de-
velopment of these competences over time. 

6 Conclusion 

This study has shown that the STB makes 
technology-related decision-making visible 
through workflow-specific reporting at both the 
individual and group levels. It has also shown that 
AI-based technologies are mainly used as 
supportive tools within a broader workflow, and 
that students mainly report change in three areas: 
greater familiarity with CAT tools, a more explicit 



 

integration of technology into the workflow, and a 
more critical and selective use of MT- and AI-
supported tools. 
The paper’s broader contribution is both pedagog-
ical and methodological. Pedagogically, it sug-
gests that a practice-oriented STB offers a useful 
setting for teaching and assessing technology 
judgement in AI-enabled translation workflows. 
Methodologically, it shows the value of combin-
ing individual and group-level data in order to cap-
ture both personal experiences and shared ways of 
organising and reflecting on technology use. Fu-
ture research can build on this first cycle by ex-
panding the dataset and refining the task instruc-
tions so that broader ethical dimensions of AI lit-
eracy are addressed more explicitly, alongside 
workflow judgement and quality control. 
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Appendix 1. Instructions for the individual 
technology reflection 
Reflect on your use of technology within the STB. 
Technology is understood broadly here and may in-
clude CAT/MT, terminology and QA tools, corpora 
and search tools, collaboration tools, project manage-
ment tools, automation, writing or language assistants, 
and similar tools. 

A) Change in technology use through the STB 

Answer the following question explicitly: Do you use 
technology differently since participating in the STB 
than you did before? 

• If yes, explain what has changed and why. For 
example, you may refer to: different tools, a 
different way of working, more or less trust in 
certain technologies, different quality-control 
practices, different ways of collaborating or 
planning. Illustrate your answer with at least 
one concrete example (for example a screen-
shot, a workflow step, or a short description of 
a procedure). 

• If no, explain why your use of technology has 
not changed. 

B) Use of output-generating technology (only if appli-
cable) 

If you used AI-technology that generates output (for ex-
ample translations, reformulations, summaries, or ter-
minology proposals), report a maximum of two differ-
ent concrete examples using the following format: 

• Tool(s): [name of tool] 

• Category (choose one): CAT/MT – terminol-
ogy/QA – corpus/search tool – collabora-
tion/project management – automation – writ-
ing/language assistant – other 



 

• Task/purpose (what was it used for?): 

• Input/instruction (e.g. prompt): 

• Output (brief excerpt or short summary in 2–
3 sentences): 

• What did you do with the output? (accept / 
adapt / reject + explain why) 

• Quality control (how did you check it?) 

Appendix 2. Instructions for the group technol-
ogy reflection note 

Submit a technology reflection note of 500–800 words 
in which you explain how technology was used within 
your bureau in a creative and well-considered way. The 
note must include at least three concrete examples of 
technology use. For each example, use the following 
reporting format (maximum 5–8 lines per example): 

• Task/process step: (e.g. planning, terminol-
ogy work, translation, revision, quality as-
surance, communication, delivery) 

• Tool/technology: [name of tool] 

• Purpose: (e.g. speed/efficiency, quality, 
consistency, collaboration, risk manage-
ment) 

• What came out of it / effect: (briefly) 

• Quality control: (how did you check this?) 

• (If the tool generated output, also indicate 
briefly what input/instruction you gave and 
what you did with the output.) 

• Evidence: [link to a concrete file or screen-
shot] 

Appendix 3. Instructions for the group technol-
ogy reflection in the group presentation 

Include at least one slide explaining: which technolo-
gies were used and what they were used for. If AI-based 
technologies that generate output were used (for exam-
ple suggestions or reformulations), include one short 
example showing:  

• tool, 

• task, 

• input (briefly), 

• output (briefly), 

• what was done with it, 

• how it was checked. 

Appendix 4. Technology adoption assessment 
rubric 

The following rubric was used as part of the group 
assessment to evaluate how student bureaus integrated 
technology (including AI-based technologies) into their 
workflow in a deliberate, creative, and critically 
justified way. 

• Insufficient: The bureau uses technology only 
to a limited extent or without a clear ap-
proach. Students do not follow a consistent 
workflow and show little initiative. They use 
only whatever happens to be available. There 
is no visible creativity in the way technology 
is used. Generative AI is either not used at all 
or used in a random and unstructured way. 

• Basic: The bureau uses the technologies in-
troduced in the course in a correct way. These 
technologies support the basic functioning of 
the bureau, for example in translation, com-
munication, and planning, but students 
mainly follow instructions. There is little ini-
tiative or creative application. 

• Good: The bureau makes deliberate choices 
in its use of technology and adapts tools to its 
own way of working. Students show initiative 
and use technology creatively to improve col-
laboration and organisation. 

• Excellent: The bureau actively looks for new 
tools or applications and uses technology in a 
creative and well-considered way. Students 
experiment and make conscious decisions 
about what works best for their bureau. Gen-
erative AI, if used, is employed critically and 
responsibly.
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Abstract 

This paper proposes an approach to teach-
ing data management in translation pro-
grammes, framing it as an extension of es-
tablished documentation practices. It ar-
gues that data governance, sourcing, and 
processing are core competences for trans-
lators working with NMT and LLMs, and 
outlines a training framework that sup-
ports responsible data reuse, quality opti-
misation, and professional agency. 

1 Introduction 

The rapid integration of generative AI, neural 
machine translation (NMT), and large language 
models (LLMs) into translation workflows has 
repositioned linguistic data from a secondary by-
product of translation projects to a strategic asset 
that directly affects translation quality, system 
performance, and ethical compliance. In NMT- 
and LLM-based workflows, system behaviour and 
output quality are critically conditioned by the 
data used for configuration, adaptation, and reuse, 
making data management a prerequisite for 
informed and responsible use of machine 
translation technologies in both professional 
practice and translator training. As a consequence, 
data management has emerged as a core 
competence for future translators, yet it remains 
underrepresented and insufficiently systematised 
in translator training (Bowker, 2026; DePalma & 
Lommel, 2025; Mellinger & Hanson, 2025; 
Sánchez-Gijón & Torres Simón, forthcoming). 
This shift is explicitly reflected in recent 
competence frameworks. Data management is 
identified as a transversal competence in the LT-

LiDER Language Technology Map, which 
outlines the skills required for participation in 
language-centric AI workflows (Secară et al., 
2024). This recognition marks a move away from 
tool-centred training towards competence-based 
profiles, in which the ability to understand how 
data are created, described, governed, and reused 
becomes central to professional agency. While 
currently in the pilot phase, the proposed 
framework is robustly grounded in FAIR data 
principles (Findable, Accessible, Interoperable, 
and Reusable) and established documentation 
standards, ensuring its alignment with both 
academic rigor and industry requirements for data 
readiness. 

2 Industry drivers: data readiness and 
data spaces 

The growing relevance of data management is fur-
ther reinforced by industry developments. Accord-
ing to the GALA Business Barometer Report 
(2025), only around 30% of business-generated 
language data are currently suitable for reuse in 
AI-driven workflows, revealing a substantial gap 
between data availability and data readiness 
(GALA, 2025). In this context, data readiness is 
defined as the state in which linguistic resources 
are structurally, qualitatively, and legally prepared 
for immediate integration into AI-driven work-
flows. This concept is operationalised through 
three primary dimensions: technical quality (in-
cluding cleaning, alignment, and proper format-
ting), linguistic adequacy (ensuring domain rele-
vance, terminological consistency, and genre con-
formity), and legal-ethical compliance (encom-
passing clear licensing, traceable provenance, and 
data privacy). 



 

 

At the same time, large-scale initiatives such as 
the European Language Data Space (https://lan-
guage-data-space.ec.europa.eu/index_en) fore-
ground data governance, interoperability, licens-
ing, and traceability as foundational elements of 
the emerging language technology ecosystem. 
These developments signal a shift towards regu-
lated and value-driven data reuse, in which lan-
guage professionals are expected to interact criti-
cally with datasets rather than merely consume 
technology outputs (Secară et al., 2024). 

3 Teaching data management in transla-
tion programmes: a proposal 

This paper argues that data management should be 
explicitly taught in translation programmes, not as 
a form of technical specialisation, but as a natural 
extension of documentation practices already fa-
miliar to translation students. Translators have 
long worked with parallel texts, corpora, transla-
tion memories, and termbases to ensure adequacy, 
genre conformity, and functional fitness (Bowker, 
2026). From a Translation Studies perspective, 
data management can therefore be framed as an 
expansion of documentary and corpus competence 
adapted to AI-mediated reuse.  
In line with Bowker’s proposal to teach data 
through a science-communication approach, ab-
stract notions such as data governance, sourcing, 
and processing are introduced using familiar con-
cepts, analogies, and visualisation techniques. 
This approach helps non-technical audiences en-
gage with data-centric concepts while reinforcing 
the translator’s role as an expert decision-maker 
rather than a passive user of AI (i.e. NMT or LLM) 
systems. 

3.1 Linking data management to Translation 
Studies theory 

The proposed framework explicitly connects data 
management to established Translation Studies 
concepts, particularly functionalist approaches 
and corpus‑based translation pedagogy. From this 
perspective, decisions about data selection, reuse, 
and annotation are closely aligned with core no-
tions such as skopos, communicative purpose, 
genre conventions, register, and audience expecta-
tions (Nord, 2013). Linguistic data are thus under-
stood not as neutral or interchangeable inputs, but 
as situated resources whose value depends on their 
adequacy for a specific translation task and con-
text (Sánchez‑Gijón & Torres Simón, forthcom-
ing). 

This view builds on traditional documentary prac-
tices in translator training, where parallel texts, 
corpora, translation memories, and terminological 
resources are used to observe how specialised dis-
course communities communicate and to model 
target‑language production. In AI‑mediated trans-
lation workflows, these same resources increas-
ingly function as datasets used to customise and 
optimise NMT systems and LLMs. Framing data 
management within Translation Studies theory 
therefore allows students to recognise continuity 
between long‑standing documentation practices 
and contemporary data‑driven technologies, rather 
than perceiving AI as a conceptual rupture. 

In line with Bowker’s work (2026) on data literacy 
for translators, this framework also draws on a sci-
ence‑communication approach to make data‑cen-
tric concepts accessible to non‑technical audi-
ences. By linking abstract notions such as govern-
ance, sourcing, and processing to familiar transla-
tional decisions, students are encouraged to reflect 
critically on how theoretical principles inform 
practical data management choices. This integra-
tion reinforces the translator’s role as an informed 
decision‑maker who applies theoretical 
knowledge to the management and reuse of lin-
guistic data in AI‑supported translation environ-
ments (Bowker, ibid.). 

3.2 Core aspects to be taught 

This proposal conceptualises data management in 
translation education as a structured set of three 
core dimensions that together support the respon-
sible, effective, and sustainable use of linguistic 
data throughout the translation process. These di-
mensions reflect key decision-making areas that 
translators already engage with implicitly, and 
which require explicit articulation in AI‑mediated 
workflows:  
Data governance refers to how linguistic re-
sources are documented, versioned, traced, and 
made reusable over time. It includes decisions 
about transparency, responsibility, access condi-
tions, and long‑term maintenance of translation 
data. By addressing transparency and responsibil-
ity, this dimension directly operationalises ethical 
compliance, ensuring that the management of lin-
guistic assets meets both legal standards and pro-
fessional moral obligations. 
Data sourcing concerns the identification and se-
lection of appropriate linguistic resources, taking 



 

 

into account provenance, relevance, licensing con-
ditions, representativeness, and alignment with the 
translation brief. 
Data processing involves the preparation of se-
lected resources for use, including cleaning, filter-
ing, normalisation, annotation, and other transfor-
mations required to ensure that data are fit for a 
specific translation purpose or for optimising 
NMT and LLM performance. 

From a pedagogical perspective, these aspects can 
be introduced progressively within translation or 
specialised translation courses. They can be 
aligned with familiar stages of the translation pro-
cess: sourcing decisions are addressed when ana-
lysing the brief and selecting documentation; pro-
cessing decisions are explored during the prepara-
tion of translation resources; and governance is-
sues are foregrounded at delivery and closure 
stages. 

Crucially, these dimensions must be considered 
both at the start and at the end of a translation pro-
ject. Initial decisions shape how data are assem-
bled and optimised to support the translation task, 
while closing-phase decisions ensure traceability, 
ethical compliance, and future reuse. Teaching 
this lifecycle-oriented perspective reinforces data 
management as an integral component of profes-
sional project preparation and closure. 

3.3 Data processing for translation purposes 

In the context of AI‑mediated translation work-
flows, data processing constitutes a pivotal set of 
activities that directly mediate between the trans-
lation brief and the behaviour of NMT systems 
and LLMs. Drawing on Krüger’s characterisation 
of data processing (2024), this section conceptual-
ises data processing not as a neutral technical pipe-
line, but as a series of context‑dependent decisions 
embedded in professional translation work. 
Datasets serve as 'instructional material' to fine-
tune NMT and LLM systems. By curating high-
quality examples, students 'teach' models to follow 
specific terminology or styles. This is essentially 
a documentary task where students select and 
clean resources to optimize system performance 
for a given task. From a translation perspective, 
data processing tasks take place primarily during 
the project preparation phase, when linguistic re-
sources are identified, assessed, and transformed 
to ensure alignment with the communicative pur-
pose of the assignment. Typical processing activi-
ties include cleaning and filtering translation 
memories, selecting or discarding segments based 

on relevance and quality, normalising terminology 
and style, deduplicating heterogeneous content, 
and annotating data with minimal but meaningful 
metadata. Basic annotation entails adding essen-
tial metadata (such as domain, genre, context or 
client labels) to help NMT and LLM systems pri-
oritize relevant linguistic patterns and adapt to 
specific contextual requirements. These decisions 
directly influence how NMT systems and LLMs 
prioritise patterns, handle terminology, and adapt 
to genre, register, or client‑specific constraints 
once deployed. 

Importantly, data processing practices in transla-
tion mirror long‑standing quality‑oriented activi-
ties such as revision, validation, and documentary 
selection, but acquire renewed significance in 
AI‑driven contexts due to the increased sensitivity 
of models to noisy, heterogeneous, or poorly doc-
umented data. Framing processing as a transla-
tion‑relevant activity enables students to under-
stand how preparatory data work conditions trans-
lation outcomes before generation takes place, ra-
ther than treating quality issues solely as post‑ed-
iting problems. 

Pedagogically, data processing can be addressed 
within integrated translation and specialised trans-
lation courses that cover the full project lifecycle. 
By embedding processing decisions alongside 
brief analysis, documentation, and delivery tasks, 
students are encouraged to reflect on how the-
ory‑informed choices about data preparation con-
tribute to fit‑for‑purpose MT and LLM perfor-
mance. This approach reinforces the translator’s 
role as a strategic agent who actively configures 
linguistic resources to achieve adequacy, con-
sistency, and contextual appropriateness. 

3.4 Proposal for a data management training 
framework 

Rather than isolating data‑related skills in 
stand‑alone technology courses, the framework is 
conceived as a transversal structure that can be 
embedded across translation and specialised 
translation modules, mirroring the full lifecycle of 
translation projects. This orientation is also 
consistent with current discussions around the 
revision of the European Master’s in Translation 
(EMT) Competence Framework, which 
increasingly foregrounds data‑related 
competences, including the management, 
documentation, and responsible reuse of linguistic 
data in technology‑enhanced translation 
workflows. 



 

 

The framework is organised around three 
complementary moments. At the project initiation 
stage, students learn to assess the translation brief 
and to identify, source, and preliminarily evaluate 
linguistic resources with explicit attention to 
provenance, relevance, and licensing. During the 
project preparation and execution stage, students 
engage in data processing activities, such as 
filtering translation memories, compiling or 
refining small corpora, and performing basic 
annotation, to support fit‑for‑purpose NMT or 
LLM use. Finally, at the project closure stage, 
students are explicitly trained to consolidate, 
document, and govern the linguistic data that have 
been used or produced, ensuring traceability, 
ethical compliance, and conditions for future 
reuse. 

Within this framework, two examples of viable 
pedagogical activities illustrate how data 
management competences can be operationalised 
and will be presented and discussed during the 
workshop presentation: 

1. From project initiation to delivery: 
students carry out a complete translation 
project, from analysing the brief and 
sourcing data to processing selected 
resources and delivering the translation 
with NMT or LLM support. Throughout 
the project, students document 
data-related decisions and link them 
systematically to observed effects on 
output quality, adequacy, and 
consistency. 

2. Project closure and documentation 
reuse: after project completion, students 
focus explicitly on the closing phase. 
They consolidate validated resources, 
enrich them with minimal metadata (e.g. 
domain, genre, client, revision status), 
define reuse or restriction conditions, and 
reflect on ethical implications.  

This strategic approach also integrates broader 
critical concerns, including the ethical and social 
implications of data provenance and the ecological 
sustainability of data-intensive translation work-
flows. The aim of this framework is not to train 
translators as data engineers, but to enable them to 
conceptualise, justify, and document data manage-
ment decisions as an integral part of translation ex-
pertise and professional practice in AI-mediated 
environments. This activity foregrounds sustain-
ability, efficiency, and responsibility in data reuse 
(Moorkens, 2022; Weber, 2021). 

4 Final remarks 

Training in data management represents a 
significant professional opportunity for translators 
in an increasingly data‑driven language industry, 
particularly in contexts where NMT and LLMs are 
integrated into everyday translation workflows. 
As the performance, reliability, and limitations of 
these technologies are largely conditioned by the 
data on which they rely, data management 
competences enable translators not only to use MT 
systems, but also to understand, configure, and 
critically assess them. By developing 
competences in the governance, processing, and 
reuse of linguistic data, translators can move 
beyond the role of end‑users of machine 
translation technologies and position themselves 
as knowledgeable managers of linguistic assets 
who actively shape AI‑mediated workflows. More 
broadly, data management training empowers 
translators to exert greater control over their own 
production and over the linguistic resources 
generated through translation work. This 
competence supports more efficient project 
preparation, facilitates the responsible reuse of 
validated documentation, and enhances long‑term 
value creation from translation data. In this sense, 
data management is not merely a technical add‑on, 
but a strategic skill that strengthens the translator’s 
professional agency and relevance in AI‑mediated 
translation environments. 
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Abstract 

This paper proposes a process-oriented ap-
proach using screen recording and think-
aloud output for facilitating the AI literacy 
of translation students in the domain of in-
teraction with generative AI. It outlines 
potential indicators of intelligence aug-
mentation and impairment, as documented 
in process protocols of student perfor-
mance, which students can use as a point 
of departure for self-reflecting on how 
generative AI utilization impacts their per-
formance in terms of quality and effi-
ciency.  

1 Introduction 

As generative AI continues to redefine translation 
workflows, the translator training community is 
responding with a range of learning activities to 
familiarize students with this assistive technology 
(see Penet et al., 2026; Pym and Hao, 2025). 
Translation-specific AI literacy (Krüger, 2005) is 
now being prioritized, informing competence 
frameworks and updates in translator training 
curricula. Thanks to recent surveys, we have a 
better understanding of why translators use 
generative AI. However, there is relatively little 
empirical research on how the utilization of 
generative AI impacts student translation 
performance in both positive and negative ways, 
from the perspective of quality and efficiency. 
This paper proposes a process-oriented approach 
that uses screen recording and think-aloud output 
to enable student self-reflection on their own 
performance along these lines when using 
generative AI. This approach is intended to foster 

AI literacy in the domain of interaction, where 
metacognitive awareness plays a pivotal role.  

2 Conceptual framework 

Within the interaction domain of his translation-
specific AI literacy framework, Krüger (2025, 18) 
foregrounds a cognitive level, with corresponding 
effects traced to interaction with generative AI. 
Conducive cognitive effects, such as efficiency 
gains and beneficial cognitive offloading, are 
regarded as forms of intelligence augmentation. 
Detrimental cognitive effects, such as AI priming 
and various forms of deskilling, are regarded as 
forms of intelligence impairment.  
An inherent danger of deskilling lies in the fact 
that is often perceptual in nature (Appiah, 2025), 
and might go unnoticed. The same could hold true 
for perception of intelligence augmentation. In the 
context of process-oriented translator training, a 
combination of screen recording and think-aloud 
output enables the creation of translation process 
protocols documenting problems and 
corresponding problem-solving. These protocols 
can then serve as pedagogical framework for 
retrospective self-analysis, with students and 
instructors reflecting on salient indicators of 
performance. This approach can readily extend to 
explorations of intelligence augmentation and 
impairment in conjunction with generative AI 
interaction. 

3 Pedagogical design and methodology 

Initial instructor input on how to create a screen 
recording and the task of thinking aloud would 
scaffold the approach, which is otherwise largely 
rooted in self-regulated, discovery-based learning. 
If training is deliberately deductive, central ideas 



 

pertaining to intelligence augmentation and 
impairment could be defined and contextualized 
upfront so that students know what to look for 
when reflecting on their performance. This starts 
with working definitions of each overarching 
concept and its respective forms. The instructor 
may also consider introducing concrete 
manifestations of augmentation and impairment 
found in each modality. Pedagogically speaking, 
it would be advisable to do so after the task has 
been completed in order to avoid priming student 
articulations and actions. Indicators introduced 
after task completion and prior to retrospective 
reflection might take the following forms. 

Indicators of intelligence augmentation in screen 
recordings: 

• Precision prompting in optimizing output 
• Using AI as a successful control mecha-

nism rather than a stand-alone authority 
• Tool orchestration of gen AI with other re-

sources to facilitate efficiency without sac-
rificing quality 

Indicators of intelligence impairment in screen 
recordings: 

• Single-shot acceptance of AI output with-
out revision or cross-checking other re-
sources 

• Copying and pasting of content across in-
terfaces without revision (when needed) 

• Shallow initial prompts yielding problems 
or errors not addressed through follow-up 
prompting 

Indicators of intelligence augmentation in think-
aloud protocols: 

• Articulations signaling direct engagement 
and critical reflection with gen AI in ad-
dressing problems 

• Articulations predicting how gen AI might 
help prior to actual use  

• Articulations involving rationales for why 
gen AI is assistive 

Indicators of intelligence impairment in think-
aloud protocols: 

• Articulations reflecting superficial actions 
(“I’m entering a prompt”) rather than criti-
cal reflection 

• Complete absence of articulation in con-
junction with not detecting or addressing 
problems 

• Articulations reflecting a loss of anchoring 
and detachment from the translation task 
and source content 

Given the cognitively demanding nature of 
thinking out loud and subsequent manual 
retrospective analysis of on-screen phenomena 
and articulations, the translation task should be 
limited in text length and duration. Previous 
studies using this approach have used source 
content that is 100–150 words in length, yielding 
screen recordings that are approximately 20–30 
minutes in duration.  
In terms of concrete learning activities, obtained 
process protocols can be used for meeting various 
objectives. One activity could have students gauge 
their performance in conjunction with the 
aforementioned indicators to discern what 
augmentation and impairment look like in their 
particular case. A related learning activity could 
involve reverse engineering errors in the 
translation product in relation to what was 
articulated (or not articulated) and transpiring on-
screen in conjunction with them. Students could 
be asked to reflect and report on the following: 
Was generative AI being used at the time the error 
occurred? If so, why did AI fall short and what 
might you have done differently to prevent the 
error? Do errors correlate with indicators of 
intelligence augmentation or intelligence 
impairment? What might have transpired 
differently had generative AI not been used in 
these instances? 
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Abstract 

As an orchestration infrastructure, agentic 
AI systems now can plan and decompose 
the pre-defined goals into a sequence of 
steps, decide on external function calls, 
and coordinate one LLM or multiple 
LLMs with specialised roles. In this con-
text, this position paper adopts a future 
studies “backcasting” approach that starts 
with a desirable future, envisioned as one 
in which AI-integrated translation work-
flows are transparent, accountable, and 
aligned with human values; it then works 
backwards to examine how translator ex-
pertise should be reconceptualised to sus-
tain meaningful human-in-the-loop partic-
ipation. In this sense, the study first con-
ceptualises the current translation-service 
provision as a system structured around 
managerial, mediation, and authorising 
roles. It then analyses how these roles may 
be changed and augmented within the 
agentic AI-orchestrated workflows. Build-
ing on the analysis, we propose a series of 
competences that should be cultivated to 
achieve the envisioned future: 1) evalua-
tion grounded in advanced language com-
petence; 2) situated and context-sensitive 
judgement informed by cultural and expe-
riential knowledge; and 3) strategic proce-
dural planning in the design and oversight 
of agentic AI-orchestration workflows. 
The paper concludes with recommenda-
tions for future pedagogical development 
and empirical research. 

1 Introduction 

The ever-evolving technology has profoundly 
reshaped the landscape of the translation industry 
(e.g., ELIA, 2025; Translators Association of 
China, 2025) and changed the way we translate 
and teach translation. More recently, the surge of 
agentic AI marks a new phase of the AI boom. 
Unlike earlier generative AI systems, such as large 
language models (LLMs), which produce content 
in response to human prompts in each iteration, 
agentic AI now operates as an orchestration layer 
and can assume greater autonomy over the entire 
workflow (Acharya et al., 2025; Gridach et al., 
2025; Sapkota et al., 2025; Schneider, 2025). In 
highly autonomous settings, agentic AI systems 
can now plan and decompose the pre-defined 
goals into a sequence of steps (i.e., based on a goal 
input by humans, the system can autonomously 
break the task down into a series of logical steps 
to achieve that goal), decide on external function 
calls, and coordinate one LLM iteratively or 
multiple LLMs with specialised roles (some as 
planners, while others as executors or evaluators), 
steps traditionally taken by humans. In this sense, 
their role shifts from task-level execution to 
higher-level control, authority, and governance. 
At the other end of the spectrum, the autonomy of 
agentic AI systems can be limited to text 
generation, as in earlier models, whereas all 
workflow steps and external tool use are 
predefined or hard coded by humans. 
Although AI agents and agentic AI orchestration 
are still very new in the field of translation studies, 
some pioneering research has begun to explore 
how automated translation could potentially “go 
agentic.” For instance, Wu et al. (2025) introduced 
a multi-agent LLM framework that mimics a real 
commercial translation company. The framework 
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involves several autonomous agents, including a 
CEO, Senior Editor, Junior Editor, Translator, 
Localization Specialist, and Proofreader. The 
system was used to translate a set of Chinese 
literary texts and showed great potential; 
compared with baseline translations (generated by 
ChatGPT-4), the agentic AI translations were 
preferred in both monolingual human evaluation 
and bilingual automated evaluation. In parallel, 
Briva-Iglesias (2025) conceptualized AI agents as 
configurable units that enable both single-agent 
and multi-agent workflows, mirroring 
professional translation processes to various 
degrees. In this work, four essential characteristics 
of AI agents and agentic workflows are discussed, 
including “autonomy” (the extent to which the 
system is trusted to make decisions 
independently), “tool use” (the system’s capacity 
to integrate external resources, such as translation 
memories, glossaries, and domain-specific 
databases), “memory” (the capacity to recall 
clients’ stylistic preferences and previous 
corrections from human revisors), and workflow 
customization (agentic AI workflows are not rigid 
and one-size-fits-all pipelines, but can be 
dynamically adapted on the fly to introduce 
specialized sub-agents or pause for human 
authorization when escalation is triggered). More 
recently, Briva-Iglesias and O’Brien (2026) have 
advocated for a human-centered language 
technology framework in increasingly 
autonomous environments, emphasizing 
reliability, safety, and trustworthiness across 
translation workflows. 

A recent hype around “raising lobsters” (i.e., 
running OpenClaw AI agents on users’ personal 
devices) shows how widely accessible and popular 
open-source AI agents have become, while also 
raising serious concerns. It is reported that such 
highly autonomous agents have deleted data, 
exposed sensitive information, or initiated 
unauthorised financial actions (New York Times, 
2026). As agentic AI functions as an orchestration 
framework rather than a collection of isolated 
tasks, errors in these systems can have broader 
systemic implications. When such systems 
misinterpret predefined goals or act beyond user 
intent, as observed in cases of OpenClaw, errors 
can escalate into large-scale failures and are very 
unlikely to be traced back to a specific step. 
So what might translation look like in the era of 
agentic AI? And what implications does this have 
for translator education? This position paper 
approaches these questions from a “backcasting” 

perspective, a future studies method that begins 
with a desirable future state and works backwards 
to identify the conditions necessary to achieve it 
(Dreborg, 1996; Holmberg and Robèrt, 2000). In 
this lens, this study envisions a future in which 
agentic AI is used responsibly and ethically to 
achieve shared and optimal outcomes for all 
stakeholders who would expect value from 
translation services. In such a future, human-AI 
collaboration is both effective and accountable. 
The paper then examines the conditions required 
to bring about such a future. It explores how 
professional translation workflows may evolve in 
ways that allow AI to augment, rather than 
replace, human judgment. Pedagogically, it also 
seeks to explore the kinds of human expertise, 
curricular changes, and institutional safeguards 
are needed to ensure that humans continue to 
remain meaningfully in the loop. 

2 Human actors in contemporary work-
flows and their expertise 

Before addressing the potential impacts of agentic 
AI, it is pertinent to first review the human actors 
involved in contemporary, commercialised trans-
lation workflows. This is conceptualised in our 
working model as a multi-actor framework struc-
tured around managerial, mediation, and authoris-
ing roles. Each category of actors contributes het-
erogeneous expertise, with different responsibili-
ties distributed across these roles. We argue that 
understanding the current distribution of roles is 
essential for assessing how emerging technologies 
such as agentic AI may replace, reallocate, or aug-
ment human expertise. 

In this study, account managers (AMs) and project 
managers (PMs) are both grouped under the cate-
gory with managerial priorities. Compared with 
other role groups, managerial actors exert over-
sight and more constantly engage in interpersonal 
interactions, as they function as coordination 
nodes that connect clients indirectly with all the 
other roles involved. Account managers are in-
volved from the very beginning as the primary 
point of contact with the client, in which they ne-
gotiate project scope, cost, quality and delivery 
time. Their work is strategic but also highly inter-
pretive. They are often responsible for translating 
ambiguous client needs into structured guidelines 
(commonly referred to as a “translation brief”) to 
initiate the project. Project managers are then 
brought on board to coordinate the workflow. 
They analyse source texts, plan or select appropri-
ate workflows, and allocate tasks to relevant roles; 



 

throughout the process, they constantly calibrate 
the shared goals, oversee timelines, and manage 
any uncertainties that might happen in real-world 
situations; and finally, they are responsible for the 
final delivery of the product. Project managers 
may not be familiar with all the languages in-
volved in a project (particularly in large-scale 
multilingual settings); however, they have to rely 
on knowledge of translation technologies and 
genre-specific requirements to inform their deci-
sion-making. In this sense, managerial roles re-
quire strong interpersonal and communication 
skills, as well as the strategic skillsets to align ex-
pectations, advise on appropriate procedural solu-
tions, and mitigate potential risks.  
Next, language and cultural mediation roles con-
stitute the core personnel of what is traditionally 
understood as “translation”, namely text pro-
cessing and production. These roles include, 
among others, from-scratch translators, pre-edi-
tors engaged in language control, post-editors who 
correct machine-generated outputs, and in some 
cases cultural consultants who address cultural in-
tricacies in communication. Note that these roles 
are not mutually exclusive in real-world scenarios; 
practitioners may assume multiple roles sequen-
tially in a workflow or concurrently across differ-
ent projects. In today’s language industry, these 
actors increasingly work within hybrid environ-
ments in which automated outputs are explicitly 
integrated into or at least consulted during the 
translation process (Krüger, 2025; Shormani and 
Al-Sohbani, 2025). Alongside from-scratch trans-
lation, they are increasingly required to review and 
refine AI-generated outputs, exercising situated 
judgment in each iteration. Across the board, these 
roles require AI literacy as well as high levels of 
language competence, particularly as AI models 
can generate increasingly fluent sounding but dis-
torted translations. 
The final category is associated with authorising 
responsibilities. In this group, text revisers and 
quality assurance (QA) specialists provide an es-
sential layer of quality validation and accountabil-
ity. These authorising roles function as crucial 
checkpoints within the workflow. During text pro-
duction, once a draft is complete, revisers criti-
cally assess the translated text for accuracy and 
stylistic appropriateness; this work requires ad-
vanced bilingual and bicultural expertise. Moving 
towards the final stages of text production, QA 
specialists focus on procedural verification, ensur-

ing consistency and formatting in the final prod-
uct, as well as compliance with the translation 
brief. 

3 A conceptualisation of an agentic AI 
translation workflow 

Having outlined the human roles and their mana-
gerial, mediation, and authorising expertise, this 
section explores which aspects of these roles could 
potentially be augmented within agentic AI or-
chestration. Recent studies have suggested that 
agentic AI is particular suitable for work charac-
terised by existing, clear, and structured work-
flows (Hughes et al., 2025; Sapkota et al., 2025), 
as is the case for many commercialised translation 
services. So, in what follows, we conceptualise the 
potentials and associated risks of agentic AI sys-
tems across the three role groups in our working 
model. 
Agentic AI systems now work on an infrastruc-
tural layer that coordinates activities across agents 
in an AI orchestration. In this framework, the sys-
tems can decompose tasks, assign roles and re-
sources, monitor progress, and even adjust work-
flows on the fly, functions traditionally central to 
managerial tasks (Hughes et al., 2025; Sapkota et 
al., 2025). If routine management can potentially 
be automated, what then becomes of managerial 
roles? We argue that the social-interactive dimen-
sion of management is far more resistant to auto-
mation. This includes interpreting ambiguous cli-
ent needs, negotiating value, and framing project 
purpose, all activities that involve open-ended 
sensemaking and judgment anchored in situational 
awareness. At the same time, we hasten to add that 
it remains unclear to what extent such systems can 
autonomously reflect on errors and call on the cor-
responding external functions or additional LLMs 
to address risks and unexpected situations. 

For language and cultural mediation roles, core 
“translation” activities in routine or low-risk do-
mains have long been automated, to various ex-
tents, by a range of technologies including trans-
lation memories and machine translation. Stand-
ard LLMs can also be prompted to undertake au-
tomated revision and language control on textual 
outputs. However, recent studies have reported 
that these systems continue to struggle when 
meaning is ambiguous, culturally embedded, or 
contextually high stakes (Hajek et al., 2025; Hao 
and Pym, forthcoming in 2026). It indicates the 
need for competent language and cultural experts 



 

to remain involved for iterative revision and edit-
ing. In an orchestrated AI workflow, these human 
mediation actors should not only be involved in 
routine evals, i.e., output-based evaluation, but 
also be engaged when uncertainty thresholds or 
escalation triggers are reached. 
Authorising roles present a mixed picture. These 
roles seem to shift from undertaking text-level 
changes to auditing system-level decisions. For in-
stance, while some work of QA specialists that 
align closely with algorithmic validation can eas-
ily be made (semi-)automated, including con-
sistency and formatting checks, the situated inter-
pretive aspects of their work remain human-cen-
tred. Similarly, although generative AI can be cu-
rated to undertake editing at scale and agentic sys-
tems are able to call on “third-party” LLMs as an 
evaluator, human authorisation remains essential 
for accountability purposes when “escalation 
alarm” is triggered or before the output is made 
available to wider audiences. 

In a nutshell, as AI increasingly performs coordi-
nation, decision-routing, and governance func-
tions, human expertise in the loop should centre on 
situated judgement (for language and cultural me-
diators), edge-case handling (for managers, also 
across roles), and system-level accountability (co-
supervised by managerial and authorising roles). 
However, recent research on human–machine co-
operation (HMC) suggests that, paradoxically, as 
automation increases, human actors may experi-
ence reduced situational awareness, becoming less 
able to maintain an “eagle-eye” view of system er-
rors (e.g., Hao and Pym, forthcoming in 2026). 
One possible explanation is automation bias: sys-
tems perceived as reliable may lead human actors 
to over-trust AI outputs and under-scrutinise their 
limitations (Tatasciore and Loft, 2024; Romeo and 
Conti, 2025). This out-of-the-loop condition can 
also occur in translation workflows across roles, 
where managers, mediators, and revisers fail to in-
tervene when problems arise. This creates a cen-
tral tension: while human expertise is increasingly 
expected to centre on situated judgement, cul-
tural-, linguistic, and managerial-wise, highly 
competent AI systems may compromise that 
judgement by encouraging over-reliance on their 
outputs. So what role could institutional training 
play to address this tension? 
 

4 Cultivating competence for future 
translator education 

A backcasting approach offers a useful forward-
looking conceptual framework. Backcasting is 
theoretically grounded in a normative and prob-
lem-oriented perspective in futures studies. 
Dreborg (1996) conceptualizes backcasting as be-
ing underpinned by an understanding of social 
change in which human agency, strategic choice, 
and evolving knowledge all shape future out-
comes. Additionally, backcasting is less con-
cerned with predicting probable futures than with 
exploring feasible and desirable alternatives to in-
form long-term decision-making and develop-
ment. Importantly, this perspective does not as-
sume the future to be an extension of present 
trends; rather, it emphasizes transformative 
change, particularly in contexts where existing in-
itiatives and trajectories may no longer remain 
sustainable. 

Adopting this approach, we begin with a desired 
future, one in which agentic AI-integrated transla-
tion workflows are transparent, accountable, and 
aligned with human values, and work backwards 
to identify the translation competences required to 
sustain meaningful human participation. In such a 
future, the key question is no longer whether hu-
mans remain involved (a concern more closely as-
sociated with predicting probable futures), but 
how their roles are reconfigured and what forms 
of expertise would enable them to contribute 
within increasingly autonomous workflows. To 
bring about this envisioned future, translator edu-
cation should prepare students for sustained hu-
man-AI collaboration and cultivate competences 
that are not easily replicated by automation. We 
therefore propose a list of interconnected compe-
tence for rethinking translator education in the 
agentic AI era. 

First, fundamental language competence may be-
come more important than ever. L1 and L2 profi-
ciencies have long been viewed as foundational 
skills for translators and are often listed as admis-
sion prerequisites in translation programmes. 
Their importance in translator education is also re-
flected in the ways language skills are acknowl-
edged and integrated into most translation compe-
tence models (e.g., PACTE Group, 2003; EMT, 
2017) and previous surveys on translation compe-
tence (e.g., Schmitt et al., 2016; Toudic, 2017; 
Hao and Pym, 2021). Traditionally, language 
competence has been understood as the ability to 
comprehend and produce content in one’s first and 



 

second languages, as well as to transfer meaning 
between them (particularly in models where 
“translation” is not treated as a stand-alone com-
petence). However, as agentic AI systems can au-
tonomously generate and revise texts, language 
competence may shift from what is required to 
translate from-scratch towards the ability to criti-
cally comprehend source-language content, detect 
errors in AI-generated output as well as propose 
appropriate alternatives in the target language. In 
this sense, language competence currently forms 
the foundation of post-editing and revision AI out-
put, which is required across mediating and au-
thorising roles. Although AI systems continue to 
evolve rapidly, they may increasingly generate 
fluent-sounding yet distorted outputs. Thus, the 
ability to detect, diagnose, and iteratively refine 
such errors may become critical, positioning trans-
lators as quality gatekeepers of AI-generated con-
tent. 
At the curricular level, this technology-driven 
change reopens longstanding debates with respect 
to the role of advanced language training in trans-
lator education (Schaffner, 2000; Pym, 2018), par-
ticularly whether standalone courses or modules in 
students’ L1 and L2 should be incorporated into a 
translation curriculum. Programmes may there-
fore need to reinforce advanced proficiency in 
both languages, potentially through rigorous as-
sessment formats such as in-person examinations, 
particularly during earlier stages of training. At the 
same time, language competence should be devel-
oped alongside revision and evaluation practices 
so that students are prepared to assume quality-au-
thorisation responsibilities, including reviewing, 
validating, and authorising AI-generated transla-
tions in relation to communicative briefs and ethi-
cal standards. 
Second, situated judgement of automated transla-
tion grounded in contextual and cultural aware-
ness becomes increasingly important. This is 
somehow related to what O’Brien (2002) and a 
few other visionaries previously proposed with re-
spect to the ability to post-edit machine transla-
tion; there has long been explicit recognition of 
post-editing abilities in L1 and L2 in the EMT 
translation competence model (EMT, 2009; 
2017). However, judgement and decision-making 
in traditional post-editing were primarily retro-
spective and focused on improving the one-shot 
machine output, while in agentic AI environments 
they become more recursive and increasingly pro-
cess-oriented. In other words, translators in the 

loop are increasingly required to exercise contex-
tual and cultural judgement, in order to iteratively 
prompt, evaluate, and authorise the (semi-)auto-
mated translation process itself and its respective 
AI outputs. At the same time, such judgement that 
underpins high-quality translation should be situ-
ated, embodied, and context-driven. Research in 
cognitive science suggests that language under-
standing is not purely abstract but deeply rooted in 
embodied, affective, and cultural experience 
(Hauk et al., 2004; Pulvermüller, 2018). Meaning-
making therefore depends not only on linguistic 
knowledge but also on human experiential insight 
and contextual sensitivities (Tian, 2024; Zhou and 
Wang, 2025). That is, while AI systems often lack 
such grounding in factual and embodied experi-
ence, human translators can be trained to navigate 
ambiguities, interpret culturally embedded conno-
tations, and mediate for marginalised communi-
ties where AI systems may exhibit bias or insuffi-
cient coverage. 
Perhaps rather than requiring large-scale curricu-
lar restructuring, the development of this compe-
tence may be achieved through targeted pedagog-
ical interventions. Classroom practices such as 
close readings, interpretive discussions, and com-
parative analysis of multiple valid translations (of 
the same start text) can encourage students to ar-
ticulate and justify interpretive choices. Role-play, 
scenario-based tasks, and audience adaptation ex-
ercises, such as those aligned with Skopos theory 
modules, can further enhance learners’ awareness 
of register, tone, and communicative purpose. 
Third, an emerging competence foregrounds stra-
tegic procedural planning, which we argue differs 
from traditional project management skills. In 
conventional translation or localisation contexts, a 
project manager traditionally functions as the 
managerial and logistical centre for the clients and 
all professionals involved in pre-defined transla-
tion workflows. According to the EMT translation 
competence framework (EMT 2017), project man-
agement skills refer to the ability to plan, coordi-
nate, and oversee language or translation services 
in a professional context, including managing cli-
ent relationships, ensuring quality standards are 
met, and organising budgets, timelines, as well as 
translators and other service providers involved in 
the process. However, as agentic AI systems can 
coordinate multiple AI agents to automate a wide 
range of tasks (workflow planning, translation, 
terminology, editing, quality assurance, invoicing) 
as well as assume routine managerial functions, a 
project manager may stop manually coordinating 



 

translators and other professionals but instead 
manage a semi-autonomous ecosystem of AI 
agents and humans who remain in the loop. Hu-
man oversight remains critical. Managers’ exper-
tise should shift to decision-making with respect 
to 1) risk anticipation and assigning the appropri-
ate degree of autonomy to agentic AI systems, i.e., 
the extent to which systems are trusted to make 
autonomous decisions; 2) escalation pathways for 
ambiguous or high-stakes cases, i.e., when and un-
der what conditions human intervention should 
occur in a semi-autonomous workflow; and 3) hu-
man accountability, i.e., how quality assurance 
mechanisms should be embedded into autono-
mous orchestration systems; and 4) dynamic 
workflow adjustment, i.e., how workflows should 
be adaptively restructured and adjusted when con-
ditions change. All of these require the human 
manager not only to initially match the nature of 
the project with a suitable agentic AI-assisted 
workflow, but also to dynamically adjust such 
workflows to call on (non)human agents and ex-
ternal resources when errors occur. Human actors 
are therefore likely to move away from direct task 
execution towards higher-level workflow design, 
supervision, and rapid procedural adaptation in re-
sponse to evaluation outcomes. That said, as men-
tioned in Section 3, the effective communication 
skills required in client relationships may remain 
unchanged and could be automation resistant. 
Translator education could address this shift by in-
corporating training in strategic workflow design 
in their current technology or project management 
modules, and when possible, expose students to 
authentic agentic AI systems for translation pur-
poses. For instance, students might engage in 
agentic-AI powered localisation projects in which 
they design workflows, allocate tasks to AI agents 
and human in the loop, and ensure that outputs 
meet professional standards. 
Last but not least, a baseline level of AI literacy is 
necessary to sustain meaningful human-in-the-
loop participation under conditions of increasing 
automation. This includes not only technical skills 
like prompt engineering and system interaction, 
but ethical awareness, and perhaps it is equally im-
portant to stay technological curious when tech-
nology is evolving so quickly. 

In short, note that this work remains exploratory 
and “hypothesis-generating”; and the arguments 
presented here are conceptual and should all be 
further examined empirically. We also note that 
this position paper focuses specifically on com-
mercialised and team-based translation workflows 

and their implications for institutional training. 
Additionally, our primary goal is not to provide 
specific pedagogical solutions for all translation 
programs before we have more empirical justifi-
cations, as we believe there is no one-size-fits-all 
solution: programmes guided by various initia-
tives will need to accommodate and adapt in terms 
of their institutional contexts and available re-
sources. A broader range of issues associated with 
agentic AI remains beyond the scope of the pre-
sent study but warrants further investigation. 
These include risks such as task mis-decomposi-
tion by orchestrating systems, loss of contextual 
coherence across distributed agents, financial 
costs associated with large-scale AI use, and envi-
ronmental sustainability. These challenges under-
score the need for continued critical engagement 
with agentic AI beyond its immediate functional 
advantages. While this paper foregrounds the re-
configuration of human expertise and correspond-
ing pedagogical responses, future research must 
also address the systemic, technical, and ethical 
complexities inherent in multi-agent environ-
ments. 
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