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Generative artificial intelligence (GenAI), particularly large language models (LLMs), is reshaping translation practice and prompting renewed scrutiny of how translation-related knowledge is produced, validated, and evaluated. Although Translation Studies (TS) offers established approaches to equivalence, communicative purpose, translator agency, and cultural mediation, the increasing use of GenAI complicates explanations of how decisions and responsibilities are distributed between human actors and computational systems. Drawing on a focused integrative conceptual synthesis of foundational TS scholarship and selected research on AI-assisted translation and machine translation evaluation, this paper examines three interrelated dimensions: translational agency, knowledge production, and translation evaluation. It advances three propositions concerning collaborative agency, hybrid knowledge production, and multidimensional evaluation. The contribution is not to claim novelty for these concepts individually, but to clarify their interconnections within an analytical framework for GenAI-mediated translation. The paper further considers implications for process-oriented inquiry, mixed-methods research, transparent reporting, and context-sensitive assessment. As a conceptual contribution, the framework remains provisional and calls for empirical examination across language pairs, genres, and professional contexts.
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1. Introduction
Generative artificial intelligence (GenAI), particularly large language models (LLMs) such as GPT-4, Gemini, Claude, and DeepSeek, has broadened the range of computational capabilities available to translators (OpenAI, 2023; Bowker, 2023). Unlike conventional machine translation systems designed primarily to generate target-language equivalents, LLMs can respond to contextual instructions, adapt register, and propose alternative formulations across genres (Kenny, 2022; O’Brien, 2023). These capabilities allow AI systems to participate in multiple stages of translation work, from drafting and terminology exploration to revision and quality checking (Cronin, 2013).
1.1 Background and Problem Statement
GenAI, particularly LLMs, now supports a wider range of translation-related activities. Beyond producing initial drafts, such systems can assist with terminology searches, register adjustment, revision, and comparisons among alternative renderings. Nevertheless, output quality varies with model architecture, prompt design, language pair, genre, and intended use. Fluency and surface coherence are therefore insufficient grounds for concluding that a translation is accurate or fit for purpose (Fu & Liu, 2024; OpenAI, 2023).
These developments have implications for translation practice and for TS as a field of inquiry. Assessing a target text requires attention not only to its acceptability but also to its production: which decisions were made by human participants, how computational outputs informed those decisions, and how the final text was verified. Such questions are especially consequential in specialized, culturally sensitive, or institutional settings, where mistranslation may have repercussions beyond stylistic or linguistic quality.
Existing TS scholarship provides important resources for addressing these questions. Linguistic approaches examine relationships between source and target texts (Catford, 1965; Nida, 1964); functionalist perspectives emphasize purpose, readership, and communicative context (Nord, 1997; Reiss & Vermeer, 1984); and descriptive and cultural approaches address norms, ideological positioning, and the place of translated texts within particular sociocultural settings (Bassnett & Lefevere, 1990; Toury, 2012; Venuti, 1995). These traditions differ in their assumptions and priorities and should not be reduced to a single, undifferentiated human-centred paradigm.
The incorporation of GenAI does not render these perspectives obsolete. Instead, it invites closer examination of how their concepts operate when human judgment and computational generation jointly shape drafting, revision, and evaluation. An AI-generated draft, for example, may reduce the translator’s initial writing burden without removing the need to establish fidelity to source meaning, communicative appropriateness, and compliance with professional standards.
The problem addressed here is how GenAI-mediated translation practices relate to the concepts through which TS explains translation decisions, validates knowledge, and assesses quality. While recent studies have begun to compare AI-generated and human translations and to investigate LLM-based evaluation (Fu & Liu, 2024; Qian et al., 2024), further conceptual integration is needed to connect these developments to broader theoretical questions within TS.
Accordingly, this paper examines translational agency, knowledge production, and translation evaluation as interconnected dimensions. The distribution of tasks and decisions shapes the opportunities for verification, while appropriate validation and evaluation depend on the intended use and conditions of production.
1.2. Research Questions and Conceptual Framework
Against this background, the study addresses three research questions:
RQ1. How can translational agency be conceptualized when translation decisions and text production are distributed across human participants and GenAI systems?
RQ2. What forms of evidence and validation are needed when computationally generated outputs contribute to translation practice or translation-related research?
RQ3. How can translation quality be evaluated when linguistic and communicative criteria interact with process transparency, risk management, and accountability?
Although analytically distinct, the questions are interdependent. RQ1 concerns the distribution of tasks, authority, and responsibility; RQ2 asks what warrants acceptance of AI-generated suggestions and conclusions drawn from them; and RQ3 considers the criteria by which translation outcomes and their production conditions should be assessed.
The paper brings these concerns together in a three-dimensional framework: collaborative agency, hybrid knowledge production, and multidimensional translation evaluation. Its contribution is integrative rather than foundational. Instead of presenting these ideas as entirely new, the paper specifies their relationships and formulates three propositions to inform subsequent empirical investigation.
The framework serves both theoretical and methodological purposes. It organizes the relationships among decision-making, validation, and evaluation, while identifying questions amenable to textual analysis, process studies, interviews, and mixed-methods inquiry. Whether these relationships hold across languages, genres, and professional environments remains an open empirical question.
1.3. Conceptual Approach and Analytical Procedure
This study uses a focused integrative conceptual synthesis to examine GenAI-mediated translation in relation to selected TS concepts. Integrative synthesis is suited to connecting diverse scholarly traditions, clarifying conceptual problems, and developing analytical frameworks rather than simply cataloguing prior findings (Torraco, 2016). The article is neither a systematic review nor a meta-analysis or empirical study; it makes no claim to exhaustive coverage of scholarship on GenAI and translation.
The literature considered falls into two broad groups. The first includes foundational TS research on equivalence, translation purpose, norms, cultural positioning, and translator agency, which provides conceptual resources for interpreting and justifying translation decisions. The second encompasses selected scholarship on digital translation technologies, GenAI, machine translation evaluation, and algorithmic transparency, which helps illuminate how computational systems affect the production and assessment of translated texts.
Sources were selected purposively for their relevance to the research questions, their conceptual contributions, and their potential to connect established translation theory with GenAI-mediated practice. The approach does not entail systematic database searching, comprehensive screening, or a formal inclusion-and-exclusion protocol.
The analysis proceeded in three stages. First, the research questions were translated into three conceptual concerns: the distribution of agency, the production and validation of translation-related knowledge, and the assessment of outcomes and production conditions. Second, these concerns were compared across selected theoretical and AI-related scholarship to distinguish long-standing debates from issues made especially salient by computational generation. Third, the synthesis was organized into propositions on collaborative agency, hybrid knowledge production, and multidimensional evaluation, whose interrelationships form the proposed framework.
Examples throughout the paper are illustrative and do not represent newly collected observations. Their purpose is to clarify the propositions and indicate possible applications. The resulting framework should therefore be understood as a provisional analytical proposal requiring empirical scrutiny across language pairs, text types, and professional settings.
2. 2. Epistemological Challenges in the GenAI Era
The integration of GenAI into translation raises questions about the grounds on which translation decisions are justified, knowledge claims are validated, and translation quality is assessed. These questions extend beyond efficiency and workflow design to the forms of evidence and authority that underpin translational judgments. This section discusses four related issues that inform the framework developed in Section 3.
2.1. Workflow Changes and Epistemological Questions
The adoption of GenAI does not, by itself, amount to an epistemological transformation. At the level of practice, AI can produce drafts, suggest terminology, and assist revision. An epistemological issue arises, however, when those capabilities alter the justification of translation decisions, the evidence regarded as reliable, or the authority accorded to particular judgments.
The distinction matters because TS already recognizes multiple grounds for assessment, including linguistic correspondence, functional adequacy, prevailing norms, and cultural positioning (Nord, 1997; Toury, 2012; Venuti, 1995). GenAI does not displace these perspectives; rather, it requires examination of their applicability when computational systems participate in production and evaluation. The relevant question is not whether technology has transformed the entire discipline, but how it may reshape the justification of particular translation choices.
2.2. Translator Subjectivity and Distributed Agency
Translator subjectivity encompasses a translator’s interpretive standpoint, cultural experience, and professional judgment. Translational agency, by contrast, refers to the capacity to shape decisions and outcomes. The concepts overlap, but they are not synonymous.
GenAI complicates the analysis of agency because computational systems can generate texts and influence decisions without possessing human intentions or moral responsibility. Distributed agency offers a vocabulary for tracing interactions among translators, models, prompts, terminology resources, and institutional procedures (Latour, 2005). Yet a system’s functional contribution must not be conflated with human subjectivity or professional accountability.
The key analytical questions are who undertakes specific tasks, who makes or approves consequential choices, and who bears responsibility for the final translation. These arrangements differ across workflows: an AI system might draft a text, while a human translator compares alternatives, verifies meaning, and authorizes its use. The proportion of AI-generated wording alone thus provides an inadequate measure of agency or responsibility. This distinction underpins the account of collaborative agency presented in Section 3.
2.3. Knowledge Production, Opacity, and Validation
Knowledge in translation research is developed through textual and corpus analysis, professional experience, interviews, experiments, and related methods. GenAI introduces an additional source of candidate translations and linguistic patterns that may inform human reasoning. Nevertheless, the apparent fluency of generated material is not evidence of its accuracy or dependability.
Difficulties in reconstructing how a particular output was generated raise concerns about epistemic opacity (Pasquale, 2015). Evidence from translation research underscores the importance of contextual assessment: Fu and Liu (2024) identify differences between GenAI-generated and human translations of scientific texts, while Qian et al. (2024) demonstrate that the information supplied to an LLM can influence its machine translation evaluations. Taken together, these studies caution against accepting generated translations or AI-based judgments without examining the circumstances of their production and assessment.
Here, hybrid knowledge production denotes the interaction of computational suggestions with human interpretation, contextual expertise, and verification. Reliability depends on validation procedures suited to the task, potentially including comparison with source texts, terminology checks, factual verification, and expert review. Where feasible and appropriate, researchers should report model details, prompts, revision steps, and assessment criteria. The goal is not to reconstruct every internal computation but to provide sufficient evidence for the translation-related claims advanced.
2.4. Beyond Single-Dimension Translation Evaluation
Translation quality is multidimensional, encompassing semantic accuracy, terminological precision, readability, functional adequacy, and cultural appropriateness. The weight accorded to each feature varies with purpose and context (Nord, 1997; Reiss & Vermeer, 1984). Such differentiation is essential for GenAI-mediated translation because a fluent output can still omit meaning, introduce unsupported content, or misuse specialized terminology.
Automated metrics enable systematic comparison but capture only selected aspects of performance. BLEU, for example, measures overlap with reference translations (Papineni et al., 2002), and the selection and quality of those references influence score interpretation (Freitag et al., 2020). Similarly, judgments produced by LLM-based evaluators should be examined in light of the instructions, contextual information, and criteria provided to them (Qian et al., 2024).
Evaluation should therefore address three distinct questions: Is the target text linguistically and semantically adequate? Does it meet the communicative requirements of its intended context? Was it produced, checked, and deployed through procedures appropriate to relevant accountability, privacy, and risk requirements? These criteria are connected but not interchangeable; their relative importance requires task-specific justification. They provide the basis for the multidimensional evaluation proposed in Section 3.
3. A Three-Dimensional Framework for GenAI-Mediated Translation
Building on Section 2, this paper proposes an integrated framework with three dimensions: collaborative agency, hybrid knowledge production, and multidimensional translation evaluation. Its value lies not in claiming these concepts as new, but in specifying their relationships and deriving propositions that can inform empirical research on GenAI-mediated translation.
3.1. Proposition 1: Collaborative Agency and Human Accountability
Proposition 1 (P1): In GenAI-mediated translation, the allocation of tasks between humans and AI shapes decision-making processes; accountability for the final text must be assessed through human roles and procedures for review and approval.
GenAI can produce drafts, propose terminology, and generate alternative formulations, whereas translators interpret context, weigh options, and verify final outputs. Since these arrangements vary by task and workflow, the volume of AI-generated material is not, by itself, a reliable indicator of the distribution of agency.
In legal translation, for instance, an LLM may provide a preliminary draft, but specialized terminology, legal interpretation, and fitness for purpose still require suitably qualified review. P1 therefore encourages inquiry into task allocation, decision authority, human intervention, and accountability rather than presuming that human–AI collaboration is effective in all circumstances.
3.2. Proposition 2: Hybrid Knowledge Production and Validation
Proposition 2 (P2): The reliability of translation-related claims informed by GenAI outputs depends on task-appropriate validation, rather than on the fluency of generated text.
Hybrid knowledge production combines computational suggestions with human interpretation, contextual understanding, and verification; it does not imply that human and computational knowledge are equivalent. AI-generated alternatives become credible evidence or viable solutions only after their relevance and reliability have been assessed.
For example, a proposed rendering of a culturally specific expression may need to be checked against its immediate context, authoritative linguistic resources, or the judgments of knowledgeable speakers. P2 thus calls for comparative research on validation strategies and transparent accounts of how generated material is selected, checked, and used in reaching conclusions.
3.3. Proposition 3: Multidimensional Translation Evaluation
Proposition 3 (P3): Evaluation of GenAI-mediated translation should encompass textual quality, contextual appropriateness, and governance of the production process, with the relative weight of each determined by the task.
The framework distinguishes three complementary areas of evaluation:
1. Textual and linguistic quality: semantic accuracy, completeness, terminology, grammar, and coherence.
2. Contextual and communicative suitability: fitness for purpose, audience needs, register, and cultural appropriateness.
3. Process governance and accountability: human verification, documentation, privacy safeguards, and the management of relevant risks.
These areas address related but different aspects of performance. A translation may be semantically accurate yet inappropriate for its readership, or its text may be acceptable even though the production process lacks adequate safeguards. Accordingly, evaluation priorities should reflect intended use and the potential consequences of error.
The framework does not prescribe a universal composite score or fixed weights. Rather, it requires researchers to specify their criteria and explain their relevance to the translation setting under examination.
3.4. Relationships Among the Three Propositions
The three propositions form a connected analytical account. The allocation of decisions and tasks (P1) influences opportunities for verification; validation procedures (P2) shape the credibility of translation-related judgments; and evaluation criteria (P3) establish whether the result and its production satisfy task-specific requirements. Evaluation findings may, in turn, motivate adjustments to workflow design and review practices.
The relationship can be expressed schematically as follows:
Agency and decision-making → validation of outputs → multidimensional evaluation → adjustment of the workflow.
This sequence represents a conceptual relationship, not an empirically established causal pathway. It offers a starting point for investigating the interaction of agency, validation, and evaluation in different translation contexts.
4. Methodological Implications for Translation Research
The framework has implications for research design and reporting. Methods should be selected according to the question being investigated, rather than on the assumption that every study must employ multiple approaches.
4.1. Matching Methods to Research Questions
Textual analysis, corpus methods, and expert assessment can be used to study translation products. Interviews, revision histories, interaction logs, and think-aloud protocols provide insight into translators’ decisions and interactions with AI systems. Mixed-methods designs may be particularly useful when the aim is to connect patterns in translation outcomes with the processes that generated them (Creswell & Plano Clark, 2018).
Automated measures such as BLEU can contribute quantitative evidence, but their scores are not comprehensive indicators of quality. Interpretation depends on both the metric and the reference translations used (Papineni et al., 2002; Freitag et al., 2020). Measurement strategies should therefore be aligned with the specific dimensions of translation under investigation.
4.2. Interdisciplinary Research with a Clear TS Focus
The study of GenAI-mediated translation can draw productively on computational linguistics, human–computer interaction, data science, and ethics. Nevertheless, computational performance metrics should not be equated with translation quality, communicative effectiveness, or professional acceptability.
Interdisciplinary approaches should remain anchored in clearly articulated translation questions concerning meaning, purpose, norms, cultural interpretation, or professional decision-making. This allows technical methods to strengthen, rather than displace, the analytical commitments of TS.
4.3. Transparency and Reproducibility
Researchers should report relevant aspects of the AI system and translation workflow, including model identity and version where available, date of access, prompts, source materials, revision procedures, evaluation criteria, and human verification. Relevant constraints and safeguards relating to privacy, confidentiality, and data use should also be described.
Such reporting enables readers to evaluate how outputs were generated, how judgments were reached, and what evidence supports the conclusions. Where confidentiality, proprietary systems, or other limitations prevent full disclosure or exact replication, those constraints should be acknowledged explicitly. Transparency thus links P1’s concern with task allocation, P2’s emphasis on validation, and P3’s assessment of production conditions.
5. Limitations and Directions for Future Research
This article advances a conceptual framework rather than reporting an empirical test of GenAI-mediated translation. Because the synthesis is selective rather than exhaustive, its proposed relationships have yet to be validated across language pairs, genres, and professional environments. The framework should consequently be regarded as provisional.
Further work can proceed along three lines. First, process-oriented investigations could trace decision-making, human interventions, and accountability within real translation workflows. Second, comparative studies could establish which validation strategies strengthen the reliability of AI-assisted translation and under what conditions. Third, evaluations spanning different languages and genres could test whether the proposed dimensions adequately represent translation quality or require modification and extension.
Particular attention is warranted for low-resource languages and culturally specific material, for which reference translations, linguistic resources, or qualified assessors may be scarce. Such studies would help establish the framework’s explanatory reach and identify where its concepts need refinement.
6. Conclusion
GenAI presents important questions for Translation Studies without necessarily rendering its established theories obsolete. In response, this article proposes a three-dimensional framework connecting collaborative agency, hybrid knowledge production, and multidimensional translation evaluation.
The framework clarifies how the distribution of decisions, the validation of AI-generated suggestions, and the assessment of translation outcomes relate to one another. It also emphasizes the need to align research methods with clearly specified questions and to document the conditions under which GenAI-mediated translation is produced and evaluated.
Because the framework remains conceptual, its explanatory value depends on empirical investigation across varied translation settings. Such work can determine whether the proposed relationships help account for differences in translation processes and outcomes while preserving rigorous standards of contextual interpretation, validation, and accountability.
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