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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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