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Abstract
This critical narrative review examines translation strategy teaching in research on neural machine translation (NMT) and large language models (LLMs). It synthesizes 67 works published from 2023 to 11 October 2026: 20 learner/teacher studies, one human-process study, 37 tool/system evaluations, and nine reviews or conceptual papers. Four themes emerge: task briefs; coordinated prompts and resources; error-led post-editing and verification; and assessment of process, rationale, and AI literacy. Most tool evaluations measure output rather than classroom learning, making teaching implications indirect. Findings vary by task, language pair, domain, and model version; Vietnam-specific educational evidence remains limited. The review proposes Context–Strategy–Evidence–Agency (CSEA), an unvalidated course-design model linking task context, strategic choices, evidence-based checking, and learner agency. It requires co-design with teachers and students and classroom evaluation in Vietnam.
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Định hình lại giảng dạy chiến lược dịch thuật trong thời đại AI tạo sinh:
Tổng quan phê bình và đề xuất mô hình tại Việt Nam
Tóm tắt
Tổng quan phê bình này tổng hợp 67 công trình về giảng dạy chiến lược dịch với dịch máy và AI tạo sinh (2023–11/10/2026): 37 đánh giá hệ thống, 20 nghiên cứu người học/giảng viên, 1 nghiên cứu quy trình và 9 bài tổng quan/khái niệm. Bốn chủ đề gồm đặc tả nhiệm vụ; phối hợp câu lệnh, tài nguyên; hậu biên tập dựa trên lỗi, kiểm chứng; đánh giá quy trình, lập luận, năng lực AI. Bằng chứng chủ yếu đo đầu ra máy, nên hàm ý giảng dạy là suy luận. Kết quả tùy nhiệm vụ, cặp ngôn ngữ, lĩnh vực, phiên bản mô hình; bằng chứng giáo dục Việt Nam còn ít. Bài viết đề xuất CSEA (Bối cảnh–Chiến lược–Bằng chứng–Tính chủ động), mô hình chưa kiểm chứng, cần đồng thiết kế và thử nghiệm tại Việt Nam.
Từ khóa: giảng dạy chiến lược dịch thuật; trí tuệ nhân tạo tạo sinh; hậu biên tập dịch máy; đào tạo biên dịch; Việt Nam
1. Introduction
Neural machine translation (NMT) and chat-based large language models (LLMs) can generate candidate translations, suggest register alternatives, surface terminology, and explain proposed edits. In the reviewed studies, these functions appear in tasks where learners must still interpret the source, define a brief, consult evidence, and decide whether to accept or revise machine output. Post-editing means reviewing and correcting a machine-generated translation. The instructional question, therefore, concerns what decisions learners make before, during, and after using a model; access to fluent output alone is not evidence of learning.
[bookmark: _GoBack]This critical narrative review covers selected literature published from 1 January 2023 to 11 October 2026 across computational translation, human translation process, quality evaluation, and translator education. Its 67 included works comprise 37 tool or system evaluations, 20 learner or teacher studies, one human-process study, and nine reviews, conceptual analyses, or pedagogical proposals (Section 2.1; Appendix B). The corpus is weighted toward system evidence: such evaluations describe translation output or evaluator behavior, not whether a teaching method improves student learning. Recommendations based on them are identified as pedagogical inferences. Recent reviews address machine-translation integration and generative AI in language education; this review focuses on implications for teaching translation strategy (Chen & Zhou, 2026; B. Li et al., 2025; Yue et al., 2026).
Here, a translation strategy is a purposeful, revisable sequence of decisions for solving a translation problem: selecting resources, comparing candidate versions, checking evidence, and justifying decisions, including when to proceed without AI. A tool tactic refers to a narrower operation, such as formulating a prompt, inserting a glossary, or generating candidates. This distinction avoids treating tool use or fluent output as proof of strategic competence. 
The review addresses four questions. 
RQ1: How does the selected literature published from 2023 to 11 October 2026 frame translation strategy in AI-mediated translation? 
RQ2: What evidence about output quality, human process, and learner outcomes supports or qualifies claims about AI-mediated strategies across language pairs, genres, and domains? 
RQ3: What does the selected evidence suggest about strategy instruction, assessment, and learner agency in translator education? 
RQ4: Given the limited Vietnam-specific educational evidence, what context-responsive teaching proposal and research agenda merit local testing in Vietnamese higher education?
2. Review methodology and scope
2.1. Search strategy and source selection
This is a critical narrative review, not a systematic review or meta-analysis. The search was purposive and non-exhaustive and covered publications dated 1 January 2023 to 11 October 2026. Sources consulted included ACL Anthology, publisher and DOI records, PubMed Central, Vietnam Journals Online, and regional research repositories. Appendix A reports the search concepts and eligibility criteria. Candidate records were assessed by title and abstract, followed by full-text review where available. Selection was conducted by one reviewer and was not independently duplicated; no formal risk-of-bias instrument was used.
A retrospective eligibility audit of the original bibliography assessed 70 unique references. One work published in 2021 was excluded because it fell outside the publication window. Of the 69 works dated 2023–2026, two were excluded under the topical or source-type criteria, leaving 67 works for synthesis (70 − 1 − 2 = 67). This is a bibliography-level screening flow, not a database-search flow. It does not establish how many records were retrieved, screened, or retained from each search source, or how duplicates across sources were handled.
The 67 retained sources were classified by their primary evidence type: 37 tool or system evaluations, 20 learner or teacher studies, one human-process study, and nine reviews, conceptual analyses, or pedagogical proposals (Appendix B). The categories are mutually exclusive for counting, although a source can inform more than one theme. Tool evaluations describe output or evaluator behavior; they do not demonstrate that a teaching method improves learning. Sections 3.1–3.3 therefore identify pedagogical recommendations inferred from technical studies. The review does not estimate a causal effect of AI on translation learning.
2.2. Analytical framework
The analysis used four connected dimensions: task framing, resource orchestration, revision and verification, and learning evidence. Task framing concerns how purpose, audience, genre, and risk are made explicit. Resource orchestration concerns prompts, examples, glossaries, context, retrieval, and candidate versions. Revision and verification concern error diagnosis and source-grounded checking. Learning evidence concerns a student’s reasoning, process, and ability to transfer decisions to a new task. These dimensions organize RQ1 and RQ2 in Sections 3.1–3.3, RQ3 in Sections 3.4 and 4, and the proposed response to RQ4 in Section 5. They support comparison across evidence types without treating system benchmarks, classroom studies, and conceptual papers as equivalent.
3. Thematic synthesis of the literature
3.1. RQ1 and RQ2 From sentence-level transfer to brief-led task design
Ten works inform this subsection: nine system evaluations and one classroom study. Technical findings concern output, not learner gains. Prompting experiments report output differences when instructions specify task, audience, domain, or examples, depending on language direction and task conditions (Peng et al., 2023; Puduppully et al., 2023; Vilar et al., 2023; Zhang et al., 2023). Comparisons with established MT providers show that performance and post-editing value vary by system and task configuration (Cady et al., 2023). Other studies test preparatory analysis, translation-specific instructions, and staged generation (Guo et al., 2024; He et al., 2024; J. Li et al., 2024). These findings motivate brief-led instruction but do not establish that brief-writing improves student performance.
These findings support teaching the translation brief as a decision instrument. A useful brief identifies the source and target languages, readership, purpose, genre, channel, register, invariant meaning, and relevant risks. A public-information notice translated for Vietnamese readers may require a different target text from the same source translated for a bilingual academic report. Generating multiple versions is pedagogically informative when learners specify which features may vary and which must remain invariant. This condition gives comparative evaluation a defensible criterion and links version selection to communicative purpose.
To make tacit decisions visible, students could draft a brief before using a model, record their initial interpretation, and justify requested operations. M. Qian (2023) evaluates human–machine teaming at the system/task level; Öner Bulut and Alimen (2023) report a classroom experiment. These sources motivate the proposed procedure but do not validate it across programs or language pairs.
3.2. RQ1 and RQ2 From isolated prompting to coordinated resource use
All 16 works informing this subsection evaluate systems or tools rather than learning. They test bilingual examples, terminology, retrieval, contextual prompts, constrained generation, and iterative revision. Glossary integration can improve terminology adherence; decomposed prompts can help related-language translation; constraint-focused revision can improve compliance with lexical or structural requirements (Dahan et al., 2026; Huang et al., 2024; Moslem et al., 2023; Puduppully et al., 2023). Human-in-the-loop and cooperative-decoding systems examine combining NMT drafts with LLM analysis or targeted revision (M. Qian, 2023; Zeng et al., 2024).
Context requires particular care. Document-level experiments show that prompts with surrounding text can improve some discourse decisions, yet longer inputs remain difficult and results vary across systems and phenomena (Agrawal et al., 2024; Wang et al., 2023; Wang et al., 2024). Evaluation research similarly finds that a reference translation or explicit error information can help an LLM judge quality, while source information alone does not guarantee reliable cross-lingual evaluation (Lu et al., 2024; S. Qian et al., 2024). Consequently, a classroom strategy should specify what context is relevant, how it was selected, and how the student will verify the resulting choice.
These findings motivate teaching learners to evaluate and coordinate resources: when examples clarify register, glossaries support terminology, context resolves reference, or evidence is insufficient. Relevant examples may be more informative than larger, weakly selected sets; glossaries can support consistency but constrain variation; extended context may introduce conflict. Learners should evaluate resources alongside translations. This recommendation is inferred from system evaluations; its effects on learning and transfer remain untested.
Generative models are one resource among several. High-performing multilingual MT systems, open models, retrieval-based tools, and professional translation resources remain relevant comparators. Evaluations find that system rankings vary by language pair, domain, and linguistic phenomenon; cooperative approaches can combine strengths, while dedicated multilingual models may offer practical quality at scale (M. Cui et al., 2025; Hu et al., 2024; Kocmi et al., 2024; Robinson et al., 2023; Zhu et al., 2024). These findings support comparative, task-sensitive resource selection and caution against treating a familiar chatbot as a universal translator.
3.3. RQ2 and RQ3 From general revision requests to error-led post-editing and verification
Thirteen works inform this subsection: nine tool or system evaluations, two learner or trainee studies, one human-process study, and one conceptual assessment paper. Technical studies evaluate output and error-labeling behavior; learner and process studies offer more direct, but limited, evidence about revision. GPT-4 post-editing research reports gains on some benchmark measures while noting hallucinated or unnecessary edits; error-annotated and multi-domain work tests whether explicit error categories can focus revision (Algaraady & Mahyoob, 2025; Ki & Carpuat, 2024; Raunak et al., 2023). Production evidence also finds that retrieval of style guides and bilingual examples helps some AI post-editing configurations, while direct LLM translation does not automatically inherit those gains (Nunziatini & Speroni, 2026). These studies concern specific workflows and outputs, not a general learning effect.
A teachable post-editing sequence begins with diagnosis. Learners compare the source and candidate, annotate likely problems, rank them by impact, consult a source or domain resource, edit, and then re-read the full target text. Categories can include mistranslation, omission, addition, terminology, factual distortion, cohesion, register, grammar, and formatting. An LLM can generate candidate diagnoses or suggest alternatives, but those suggestions remain hypotheses. Evaluation work shows that machine-generated error labels do not always align with human annotation, and automatic translation metrics can miss culturally or stylistically important differences (Kocmi & Federmann, 2023; Lu et al., 2025; Manakhimova et al., 2023). Liu et al. (2024) propose purpose-sensitive evaluation briefs as a conceptual response.
Small studies of student revision and post-editing effort report that text type and revision supports affect where participants look, pause, and edit; AI-supported post-editing can shift technical or cognitive effort in different ways (L. Cao et al., 2023; Y. Cui et al., 2023; Yao et al., 2025). These process measures do not establish that faster revision or a higher final score produces durable learning. Classroom evaluation should ask what students noticed, which suggestions they rejected, what evidence they consulted, and whether they can explain a revision without relying on the model’s authority.
A source-visible workflow is a proposed safeguard during revision. Learners can verify numbers, names, negation, modality, agents, causality, and culturally marked material. In high-stakes texts, fluent wording can still misstate an instruction. A comparison of ChatGPT and Google Translate for patient instructions found language-specific performance differences, including frequent Vietnamese errors in the tested material; a separate study evaluated Vietnamese–English medical machine translation (Rao et al., 2024; Vo et al., 2024). These system findings support further language- and domain-specific testing; they are not evidence about student learning.
3.4. RQ3 From product-only grading to process, rationale, and AI literacy
Twenty-one works inform this subsection: 14 learner or teacher studies and seven reviews, conceptual analyses, or pedagogical-design papers. This is the most directly educational strand in the review, but its studies differ in population, design, and outcome. When machine-generated drafts are available, final-text-only grading may miss whether a learner understood and checked the translation. Education studies and projects examine machine-translation quality assessment, culture-bound text post-editing, error annotation, and process-visible revision (L. Cao et al., 2023; Lefer et al., 2023; Łoboda & Mastela, 2023; Macken et al., 2023). Competence papers also discuss technology, domain knowledge, strategic decision-making, and professional responsibility (Prieto Ramos, 2024; X. Tian, 2024).
Recent classroom studies examine AI as a feedback source, revision scaffold, and learning partner. Guided MTPE work asks students to form an initial view before consulting GenAI; comparisons with teacher or self-feedback show that feedback quality, uptake, and student perception differ; collaborative models combine instructor judgment with AI-generated suggestions (S. Cao & Zhou, 2025; Jiao et al., 2025; Lv & Jiang, 2025; Su et al., 2025; S. Tian et al., 2025; S. Xu et al., 2025; X. Xu et al., 2025). Corpus analysis also finds that GPT post-editing can increase lexical complexity while affecting syntactic complexity inconsistently and encouraging recurring sentence patterns, so surface sophistication should not be treated as evidence of improved translation competence (Kwok et al., 2025). Other research tracks engagement with feedback or the development of feedback literacy, underscoring that suggestions only become learning when learners interpret and selectively use them (R. Li & Qing, 2026).
AI literacy in translation education is consequently more than knowing how to open a tool or write a prompt. It includes understanding uncertainty and model limits; evaluating output against source evidence; recognizing data, privacy, and authorship concerns; documenting assistance; and retaining responsibility for the delivered text. Novice students report using AI for translation and adjacent learning tasks, but knowledge, evaluation, and ethical awareness are uneven (Zhang & Doherty, 2025). Broad reviews document rapid growth in language-education research, while translation-specific reviews identify diverse pedagogical roles for GenAI and continuing limits in the quality and context of evidence (Chen & Zhou, 2026; B. Li et al., 2025; Yue et al., 2026). Interviews with eight Korean–English translation trainers at one graduate institute in Seoul revealed concerns about trainees’ competence development and a need for trainers’ machine-translation literacy (Song, 2024).
The emerging pedagogical model positions AI as a resource within a human learning process. Students’ initial analyses, comparisons, verification procedures, and reflective rationales remain visible. Unaided translation, human translation, and creative decision-making continue as necessary learning experiences, alongside AI-mediated tasks through which learners develop a critical account of when and why a system is appropriate. Research on literary translation education similarly emphasizes meaning-making, artistry, and human value alongside technical competence (Cook et al., 2025).
4. Discussion of evidence and implications
For RQ1, the selected literature frames AI-mediated translation strategy as a task-sensitive sequence of decisions: defining a brief, selecting resources, comparing candidates, checking evidence, and justifying revisions. This review treats these decisions as an extension of translation strategy while retaining its linguistic, textual, cultural, and domain foundations (He et al., 2024; Prieto Ramos, 2024; Zhang & Doherty, 2025).
The answer to RQ2 is conditional. In the 2023–2026 corpus, 37 works primarily evaluate tools or systems, and their findings vary by task, language direction, and domain. Prompt effects depend on language direction; long context does not guarantee document-level coherence; and fluent output can mask errors in names, terminology, semantic roles, or cultural meaning (Court & Elsner, 2024; Iyer et al., 2023; Kocmi et al., 2024; Manakhimova et al., 2024; Vilar et al., 2023). These papers describe translation outputs, not classroom outcomes. Staged analysis, generation, and revision is therefore a testable teaching design, not an established causal intervention.
Evaluation evidence also requires caution. Studies of LLMs as translation evaluators report useful correlations under some conditions, yet prompt format can change scores and error explanations may diverge from human judgments (Kocmi & Federmann, 2023; Leiter & Eger, 2024; Lu et al., 2024; Lu et al., 2025; S. Qian et al., 2024). Human evaluation should state its criteria and use bilingual reviewers where possible. Automatic measures can support large comparisons, but cannot substitute for audience, purpose, register, or the consequences of a critical error.
The 20 learner and teacher studies are more directly relevant to instruction, but they range from perceptions and short classroom tasks to feedback, process, and revision measures. Samples are often small, language directions are concentrated in major pairs, and outcomes do not consistently measure delayed transfer. Published reviews inherit this variation in the underlying studies (Chen & Zhou, 2026; B. Li et al., 2025; Yue et al., 2026). The CSEA proposal below is informed by this mixed evidence; no study in the corpus has validated CSEA as a whole.
For RQ3, the educational evidence suggests making learners’ initial analysis, feedback uptake, verification, and revision rationales visible alongside translation quality. These practices could inform assessment of strategic judgment, AI literacy, and learner agency (S. Tian et al., 2025; S. Xu et al., 2025; Zhang & Doherty, 2025). However, varied study designs and largely short-term outcomes limit claims about durable competence; effectiveness and practical workload require testing in specific teaching contexts.
For RQ4, the limited Vietnam-specific educational evidence supports proposing CSEA for local co-design and testing, rather than generalizing an established intervention across Vietnamese universities. Research should examine unaided performance, delayed transfer, recurrent language-specific errors, and variation across institutions, proficiency levels, genres, and translation directions. Section 5 sets out this unvalidated proposal, including locally appropriate tasks, equitable resource options, and implementation limits.
5. RQ4 A proposed CSEA design for testing in Vietnamese higher education
5.1. Context–Strategy–Evidence–Agency proposal
CSEA is proposed as an unvalidated course-design model linking task context and risk, strategy selection, evidence-based verification, and learner agency through reasoned revision. The cycle returns to analysis when checking exposes an underspecified brief or unreliable resource (Figure 1). Table 1 maps these elements to reviewed findings and identifies where the design extends beyond direct evidence.
Table 1
 Findings mapped to the proposed CSEA elements
	Reviewed finding and source base
	CSEA element
	Proposed design and limit

	Tool evaluations show that task, language direction, domain, and context can change output, with effects varying by condition (Agrawal et al., 2024; Vilar et al., 2023; Wang et al., 2024).
	Context
	Use a brief to state purpose, audience, genre, language direction, and risk. This is a teaching inference; these studies did not test learning gains.

	Prompt, glossary, constraint, and retrieval studies report task-specific effects on terminology and candidate output (Dahan et al., 2026; Huang et al., 2024; Moslem et al., 2023).
	Strategy
	Have learners compare one controlled resource or strategy choice at a time. The studies are system-level; transfer remains untested.

	Error-annotation studies report disagreements with human review (Ki & Carpuat, 2024; Lu et al., 2025); Liu et al. (2024) propose purpose-sensitive evaluation briefs.
	Evidence
	Require source-linked verification and a rationale for consequential edits. Bilingual review and local tasks remain necessary.

	Learner and teacher studies examine feedback uptake, revision, and AI literacy, but use varied samples and short-term outcomes (S. Cao & Zhou, 2025; S. Tian et al., 2025; Zhang & Doherty, 2025).
	Agency
	Retain an initial draft, acceptance/rejection rationale, reflection, and a transfer task. No included study validates CSEA as a whole.

	Medical translation evaluations report language- and domain-specific performance differences (Rao et al., 2024; Vo et al., 2024).
	Risk gate
	Use tiers to select checks and human review. The tiers and privacy precautions are proposals, not a validated safety scale or legal guidance.


Note. This is an author-developed mapping from reviewed evidence to a proposal for testing; neither the elements nor the sequence have been validated.
Figure 1
Proposed Context–Strategy–Evidence–Agency (CSEA) cycle for translation strategy teaching in Vietnam. The assessment layer applies throughout the cycle.
[image: ]
Courses can include English–Vietnamese translation in both directions and, where feasible, other language pairs or community needs. Candidate local issues include Vietnamese address terms, pronouns, omitted subjects, particles, register, lexical variation, and cultural references, alongside English tense, modality, nominalization, and discourse relations. These are teaching-based hypotheses for local data collection, not established learner difficulties or generalizations about Vietnamese texts.
Before tool selection, a proposed risk gate distinguishes low-risk practice texts for open comparison; medium-risk academic or workplace tasks requiring source checks, terminology management, and traceable revision; and high-risk medical, legal, administrative, or public-service texts requiring domain-informed human review and approved data handling. The tiers draw partly on system evaluations (Rao et al., 2024; Vo et al., 2024); they are course-design precautions, not a validated risk scale, legal guidance, or a model-safety guarantee.
5.2. A course sequence
The proposed sequence (see Table 2) begins with a short unaided translation and an annotation of uncertainty, audience, and likely problem points. Students then write a brief and select one controlled strategy: compare a human version with NMT, request two purpose-defined LLM candidates, supply a limited glossary, add paragraph context, or ask for an error diagnosis. They verify high-impact choices against the source and appropriate bilingual or domain resources, then revise and explain decisions in a version log. A final transfer task changes genre or audience so the instructor can assess adaptation rather than recall of a prompt.
Table 2
Proposed course sequence
	Stage
	Learner action
	Visible evidence
	Candidate local focus

	1. Baseline and brief
	Translate a short text unaided; identify purpose, audience, genre, uncertainty, and risk.
	Initial version and concise brief.
	Teacher-generated hypotheses to test: register, address terms, omitted subjects, culturally marked references.

	2. Strategy trial
	Choose one tool operation; request constrained alternatives or compare human, NMT, and LLM versions.
	Prompt/resource log and comparison notes.
	Use local genres and small, verified glossaries; include access-equivalent low-tech options.

	3. Evidence check
	Annotate errors; verify meaning, terms, names, numbers, cohesion, and target-language fit.
	Source-target annotations and cited resources.
	Escalate review for health, legal, administrative, and public-service texts.

	4. Revision and transfer
	Revise; explain accepted/rejected suggestions; solve a new task with a changed brief.
	Final text, decision log, short rationale, transfer task.
	Assess strategic adaptation and learner agency, not prompt length or tool access.


Note. Author’s proposal for testing. The listed Vietnamese-language emphases are teaching-based hypotheses, not established generalizations.

Begin with one short source, one brief, one AI operation, and few candidates. Add glossaries, extended context, or model comparisons after students can explain their decisions. This proposed progression aims to reduce interface novelty as a confound; the reviewed studies do not establish its effect. Instructors can model a disputed choice before pairs defend alternatives with evidence.
5.3. Assessment design
Table 3 proposes five assessment domains: source fidelity; functional and audience fit; strategic judgment; verification and revision; and AI literacy and responsibility. Assessing both product and process distinguishes justified alternatives from errors. Performance levels and weighting require co-design with local teachers and students and future validation.
Table 3 
Proposed assessment checklist
	Assessment domain
	Evidence to assess
	Guiding question

	Source fidelity
	Meaning, omissions/additions, facts, names, numbers, modality.
	Can each consequential target choice be traced to source evidence?

	Functional and target fit
	Audience, purpose, genre, register, coherence, readable Vietnamese/English.
	Does the version work for the brief and intended reader?

	Strategic judgment
	Choice of tool/resource, comparison of alternatives, prioritization of risks.
	Can the learner explain why this strategy suited this task?

	Verification and revision
	Error diagnosis, resource consultation, justified edits, consistency.
	Did the learner check the model’s claims and revise selectively?

	AI literacy and responsibility
	Uncertainty awareness, data handling, disclosure, human accountability.
	Does the learner know when to limit or avoid AI assistance?


Note. Author’s proposal. Performance levels and weights remain to be developed and validated in future work.

Suitable assessment artifacts include the initial human draft, the brief, prompt or tool log, candidate comparisons, annotated source-target pairs, consulted resources, the final version, and a short oral or written rationale. These artifacts need not all be collected for every assignment; a compact evidence trail can be sampled. For larger classes, peer review can focus on source fidelity and one designated problem category, while the instructor assesses strategic reasoning and high-risk issues. Such assessment makes learning visible without turning routine coursework into surveillance.
5.4. Vietnam-specific implementation and research priorities
Five sources concern Vietnamese higher-education settings: a course-integration account, student study, learner case study, mixed-methods teacher/student study, and comparative tool-output study using a business-translation course (Dinh, 2025; Nguyen, 2024; Nguyen & Vo, 2025; Phuong et al., 2025; Tu, 2024). Their varied methods and outcomes do not establish effects across Vietnamese universities. Hwang (2024) concerns Vietnamese international students in South Korea; Vo et al. (2024) and Rao et al. (2024) evaluate medical translation outputs rather than teaching. These adjacent findings cannot be generalized to Vietnamese higher education. CSEA requires local co-design and testing across institutions, programs, and proficiency levels.
Vietnamese-language output needs direct testing rather than inference from English–Chinese or European-language benchmarks. Rao et al. (2024) and Vo et al. (2024) address medical translation tasks; their findings are specific to those texts, domains, systems, and language directions. Neither tests translation teaching. Future work could build consented, de-identified tasks across educational, public-service, technical, literary, and health genres; compare human translation, NMT, and multiple LLMs; and annotate errors with bilingual experts. Reports should identify model and version, prompt, decoding settings when available, task date, evaluation protocol, and data governance.
Teacher development is a necessary part of implementation. Instructors need time to develop machine-translation literacy, evaluate vendor and open-source systems, design source-grounded tasks, and calibrate rubrics for process and product. Departments can begin with shared bilingual glossaries, locally authored briefs, and a small repository of anonymized error examples. Where bandwidth, device access, or paid tools are uneven, the same learning outcomes should be achievable through printed candidate versions and locally stored resources. Equitable teaching should assess strategic judgment rather than access to the newest subscription.
Research should test CSEA through multi-semester and multisite designs. Priority questions include whether students retain source analysis when AI is available; whether error annotation improves later unaided translation; how feedback literacy affects acceptance or rejection of model suggestions; which Vietnamese language phenomena trigger recurrent errors; how results vary by genre and direction; and whether transparent process assessment improves strategic transfer. Mixed methods should combine translation quality judgments with revision histories, screen or keystroke data where ethically appropriate, interviews, and delayed transfer tasks. The framework’s value depends on empirical testing capable of refining or challenging its assumptions.
6. Conclusion
This critical narrative review suggests that translation strategy teaching in the generative AI age should center on purposeful decision-making, coordinated resource use, error-led revision, and accountable human judgment. Across the 67 reviewed works, evidence supports task-sensitive experimentation with NMT and LLMs, but improved machine output cannot be equated with durable learning. Findings remain conditional on language pair, genre, domain, and system configuration, while educational evidence from Vietnam is limited. The proposed Context–Strategy–Evidence–Agency (CSEA) model translates these insights into a course-design proposal linking task analysis, strategic choices, source-grounded verification, and learner responsibility. Assessment should consider translation quality alongside the reasoning, revision, and AI literacy underlying it. CSEA remains unvalidated and requires co-design with Vietnamese teachers and students, alongside appropriate teacher development and equitable institutional support. Future multisite, longitudinal research should examine delayed transfer, unaided performance, equitable access, and language-specific challenges, allowing the model to be refined or challenged through classroom evidence.

7. Generative AI statement
ChatGPT (OpenAI), including web search, assisted literature discovery, language editing, and consistency checks. Every cited work was verified against publisher or authoritative repository records and, where available, its published text, as described in Appendix A. The author reviewed the evidence, interpretations, and final wording and accepts responsibility for the manuscript.
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Appendix A Search strategy and selection criteria
The search was purposive and non-exhaustive and covered publications through 11 October 2026. Sources consulted included ACL Anthology, publisher and DOI records, PubMed Central, Vietnam Journals Online, and regional research repositories. The three query combinations below summarize the search concepts; they do not constitute a source-by-source retrieval log. Every cited work was verified through exact-title and DOI or stable-URL searches against publisher or authoritative repository records; published texts were consulted where available.
Search string 1: ("large language model" OR LLM OR ChatGPT OR "generative AI" OR "neural machine translation" OR NMT) AND (translation OR "machine translation" OR "post-editing" OR MTPE) AND (strategy OR prompting OR context OR terminology OR error OR feedback OR evaluation).
Search string 2: ("translation education" OR "translator training" OR "translation teaching" OR "translation learning" OR "AI literacy") AND (ChatGPT OR LLM OR "generative AI" OR "machine translation").
Search string 3: (Vietnam OR Vietnamese) AND (translation OR "machine translation" OR post-editing OR ChatGPT OR "generative AI") AND (education OR learner OR teaching OR student OR error).
Eligibility criteria. Included works were published from 1 January 2023 through 11 October 2026 and addressed written translation, machine-translation or LLM output, translation quality or process, post-editing, or translation teaching and assessment. No language-pair restriction was applied. Eligible source types included peer-reviewed journal papers, conference proceedings, empirical studies, reviews, and conceptual or pedagogical analyses. Excluded works were outside written translation, outside the publication window, duplicate records, or preliminary/unreviewed material. Screening was based on title and abstract, followed by full text where available; selection was purposive and conducted by one reviewer.
Retrospective bibliography-level eligibility flow: 70 unique references assessed → one excluded because it was published in 2021 → 69 within-period references assessed for topical and source-type eligibility → two excluded under those criteria → 67 works included in the synthesis. These figures describe the original cited bibliography, not search-engine or database retrievals. Database hit totals, source-specific screening counts, and duplicate-removal counts cannot be inferred from this flow.
Appendix B Evidence classification of included sources
Each included source is assigned one primary evidence type for counting. L/T denotes a learner or teacher study; H denotes an empirical human translation-process study without a primary classroom-learning outcome; T denotes a tool or system evaluation; R denotes a review, conceptual analysis, or pedagogical proposal. The classifications yield 20 L/T, 1 H, 37 T, and 9 R sources. A source may inform themes beyond its primary category. Liu et al. (2024) is classified as R because it is a conceptual position paper on human evaluation, not an empirical human-assessment study.
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