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Abstract

The rapid development of Neural Machine Translation (NMT) and Large Language Models
(LLMs) marks what can be described as an Algorithmic Turn in translation studies. This shift
fundamentally reconfigures translation from a primarily human-centered act of linguistic
mediation to a process increasingly shaped by computational systems and algorithmic logic. This
paper critically examines the growing influence of Artificial Intelligence on intercultural narratives
and on the process of semantic transfer in an interconnected global context. While Al-driven
translation technologies offer unprecedented speed, scalability, and accessibility, their widespread
adoption also raises significant concerns related to cultural authenticity, linguistic diversity, and
the preservation of meaning. Drawing on a critical-theoretical framework, the study argues that Al
systems function not merely as neutral tools but as active co-authors in the construction of cross-
cultural meaning. The analysis focuses on two central issues: first, the ways in which intercultural
narratives are shaped by Al models trained on culturally imbalanced datasets, often privileging
dominant linguistic norms and contributing to cultural homogenization; and second, the inherent
limitations of Al in handling semantic nuance, particularly in relation to irony, implicit power
relations, and culturally embedded meanings. The paper ultimately contends that the Algorithmic
Turn produces a paradoxical outcome—a translation that is linguistically fluent yet culturally
hollow. Addressing this paradox requires moving beyond accuracy metrics toward a critical
evaluation of AI’s ethical, cultural, and epistemological implications, reaffirming the essential role
of the human translator as an intercultural mediator whose expertise complements, rather than

competes with, technological innovation.

Keywords: Artificial Intelligence (Al), Machine Translation (MT), Intercultural Communication, Semantic
Transfer, Algorithmic Bias, Narrative Theory



1. Introduction: The Algorithmic Turn and the Translation Paradigm Shift

The emergence of advanced Neural Machine Translation systems and Large Language Models
signals a decisive Algorithmic Turn in translation studies. Traditionally, translation has been
understood as a complex process of linguistic and cultural negotiation, grounded in the translator’s
deep awareness of both source and target contexts. Today, this process is increasingly automated,
with Al systems capable of producing grammatically flawless and stylistically smooth translations

at unprecedented speed.

Recent scholarship highlights how this technological transformation reshapes the relationship
between language, culture, and mediation (Awashreh & Aboeisheh, 2025; Long, 2022). The move
from rule-based and statistical approaches to neural architectures has significantly enhanced
efficiency and scalability, expanding global access to translation services (Alkodimi et al., 2024;
Shahmerdanova, 2025). Yet, these advancements also demand closer scrutiny. As Al systems
become embedded in intercultural communication, questions arise regarding their impact on

cultural representation, authenticity, and the construction of meaning (Mohamed et al., 2024).

This study starts from the premise that while Al enhances efficiency, it simultaneously introduces
profound challenges. Rather than treating Al as a transparent conduit, the paper positions Al
systems as active agents in meaning-making. The analysis therefore concentrates on two
interrelated concerns: the shaping of intercultural narratives through biased training data and the
limitations of Al in negotiating semantic depth and cultural nuance. In doing so, the study seeks

to shift the discussion from technical performance to ethical and cultural responsibility.

2. Rationale and Purpose of the Study

2.1. Rationale: The Paradox of Fluency

The central rationale for this study lies in the paradox of contemporary Al translation: exceptional
surface-level fluency is achieved through statistical pattern recognition rather than genuine
semantic or cultural understanding. In the era of NMT and LLMs, grammatical accuracy is no
longer the primary challenge. Instead, the risk lies in the subtle erasure of cultural meaning,

concealed beneath linguistically polished output.



Much existing research prioritizes efficiency metrics such as speed and BLEU (Bilingual
Evaluation Under Study) scores, often overlooking the sociocultural consequences of automated
translation. Given the scale at which Al translation is deployed by institutions, corporations, and

governments, a critical reassessment of its cultural and ethical implications is urgently needed.

2.2. Purpose of the Study

The primary purpose of this research is twofold:

1. To examine how Al-driven translation systems may inadvertently impose dominant
cultural norms, shaping global intercultural narratives toward homogenization.

2. To explore the limits of Al in handling semantic transfer and cultural nuance,
demonstrating how algorithmic fluency can result in a “simulacrum of meaning,” a

translation that appears accurate but lacks cultural depth.

3. Review of the Literature: The Algorithmic Turn and Critical Translation
Studies

Recent literature increasingly focuses on the professional, pedagogical, and ethical implications of
Al in translation. Scholars note the emergence of hybrid professional roles that combine
technological literacy with cultural expertise, such as Al translation coordinators and post-editing
specialists (He, 2025). These developments point to new research contexts in which intercultural

communication is reshaped by human—Al collaboration (Busch, 2024).

The literature review integrates three core areas of research, focusing on the most current

developments post-2020:

3.1. The Shift from Rule-Based to Neural Translation (NMT)

With the advent of NMT, earlier concerns about syntactic and lexical errors have been largely
replaced by questions of transparency and interpretability. NMT systems operate as “black boxes,”
offering little insight into their decision-making processes, which complicates the identification of
subtle cultural distortions (Hutchins & Somers, 2021; Moorkens, 2020).



3.2. Bias, Data Imbalance, and Cultural Homogenization

A recurring concern in the literature is the cultural imbalance of training data, which
disproportionately represents high-resource languages, particularly English. This imbalance can
lead Al systems to normalize dominant linguistic structures and marginalize minority voices,

contributing to what has been described as digital linguistic colonialism (Toral, 2020).

3.3. Semantic Transfer, Cultural Competence, and the Human Role

Critical translation scholars emphasize that genuine semantic transfer requires sensitivity to intent,
register, and power relations, dimensions that statistical models cannot fully access. As Pym
(2022) argues, evaluation must move beyond accuracy metrics toward human-centered criteria that

account for communicative purpose and cultural fit.

4. Methodology

This study adopts a critical-theoretical framework supported by qualitative case analysis. By
examining Al-generated translations across languages and contexts, the methodology highlights
how high fluency can obscure failures in cultural competence, particularly in relation to idiomatic

language, gender bias, honorific systems, and ideological nuance.

4.1. Case Studies: Fluency Masking Cultural Failure

This section provides concrete examples of how Al and machine translation are shaping
intercultural narratives, demonstrating the failure of genuine cultural competence despite high

output fluency.

The following are three widely discussed examples that are critical to the "Algorithmic Turn"

discourse:

4.1. Example 1: Failure in Idiomatic and Metaphoric Transfer (Arabic and
French to English)

Idiomatic expressions are culturally bound, relying on shared imagery, history, or social
knowledge. NMT and LLMs often provide a fluent, but contextually hollow, literal equivalent,

effectively destroying the original cultural intent. The table below focuses on the transfer between



Arabic, French, and English, illustrating how the output fluency (perfect grammar) masks

complete failure in semantic and cultural transfer.

Source Expression Original Cultural AI/NMT Cultural Eailure
L anauade (Literal Intent (Target Output (Fluent Analvsis
guag Translation) Equivalent) but Hollow) y
The fluent output is
NS Came back empty- completely
T " unintelligible without
(raja’ bi-khuffay |lhanded/Returned He returned o
N : specific knowledge of
Arabic hunayn - "He worse off than he with the two the Arabic folk
came back with |started. (Referstoa |isandals of .
\ e v 8 narrative,
Hunayn’s specific historical Hunayn. .
sandals.") anecdote.) demonstrating a tota}l
' ' breakdown of meaning
transfer.
“He is pedaling The phrase loses its
Pédaler dans la |To spin your in the idiomatic meaning and
" " becomes an absurd or
choucroute ("To ||wheels/To make a sauerkraut. T .
French . . R confusing literal image,
pedal in the great effort for little or (|(Or: "He is reventing the
sauerkraut.") no effective result. cycling in the P gl fer of
cabbage.") conceptual transfer o
' futility.

Table 1: Idiomatic and Metaphoric Transfer (Arabic and French to English)

4.2. Gender and Algorithmic Bias in Gendered Languages

This is one of the most widely cited and well-established examples in Al translation research.

When Al systems are trained on culturally and statistically imbalanced data, they frequently

default to a dominant gender when translating from gender-neutral languages, such as Turkish or

Hungarian, into gendered languages like English. Rather than making a neutral linguistic choice,

the system reproduces prevailing social patterns embedded in its training data, thereby reinforcing

existing gender biases and actively shaping the intercultural narrative.



Source AINMT

Language Context Algorithmic Bias Imposed
(Turkish) Output
If the surrounding text is neutral
or concerns traditionally male-
O bir Neutral: O means 'he/she/it "Heisa |dominated fields, the Al
doktor. ' ' doctor.” |reinforces the patriarchal bias

present in its training data by
defaulting to 'he'.

Examples showing similar bias in
career fields (e.g., nurse/engineer)
and the normalization of gender
stereotypes in cross-cultural
communications.

Table 2: Gender and Algorithmic Bias in Gendered Languages

Languages such as Turkish, Hungarian, and Finnish are grammatically gender-neutral, using a
single pronoun—o in Turkish, for example—to refer to both “he” and “she.” When NMT or LLM-
based systems translate a simple sentence like O bir doktor into English, they are forced to make
an explicit gender choice that does not exist in the source language. In practice, the system
consistently defaults to the statistically dominant gender encoded in its training data. As a result,
professions that are more frequently associated with men in the data, such as “engineer” or “CEQO,”
are routinely rendered using male pronouns. This process illustrates how Al functions as an active
co-author in translation, reinforcing patriarchal norms and digitally reshaping intercultural
narratives by imposing gender distinctions where the source culture deliberately maintains

neutrality.

4.3. Honorifics and Social Register (Korean or Japanese into English)

This limitation is particularly evident in the AI’s handling of social context and power relations.
Languages such as Korean and Japanese rely on complex and mandatory honorific systems, in
which levels of politeness and respect are encoded directly into verb forms and lexical choices
according to the relative age, status, or authority of the speakers. When formal letters or internal
business communications in these languages are translated into English by Al systems, the result
is often a grammatically correct and seemingly accurate text that is nevertheless socially flattened.
Crucial information about interpersonal relationships, specifically who is showing respect to

whom and at what level, is entirely lost. This example clearly demonstrates how high levels of



output fluency can conceal a deeper failure of cultural competence, producing a “simulacrum of

meaning” that is linguistically sound but socially and pragmatically inadequate.

4.4. Political and Ideological Nuance (Chinese into English)

This issue becomes especially critical when Al systems handle high-stakes ideological and
political language. In Chinese, meaning is often conveyed through highly condensed and
historically resonant four-character idioms (chengyu) as well as through political terminology
designed to carry implicit ideological weight. In official and diplomatic discourse, ambiguity and
strategic vagueness are frequently deliberate. However, when such texts are processed by Al
translation systems, the output typically favors neutral, de-contextualized dictionary equivalents.
This choice weakens the historical resonance, ideological nuance, and intended ambiguity of the
text. In diplomatic settings, such flattening may either soften implicit warnings or introduce
unintended explicitness, thereby altering the communicative force of the message. These cases
strongly support the argument that Al models trained on generalized global datasets tend to
normalize neutral linguistic norms, failing to capture embedded power relations. For this reason,
they are frequently cited in critical translation studies as evidence that the limitations of NMT and

LLMs are not syntactic in nature, but fundamentally semantic, social, and ethical.

4.5. Implicit Power Dynamics and Irony

A further critical limitation of Al translation lies in its inability to interpret culturally specific
features such as irony, sarcasm, and implicit power relations. These elements depend on shared
cultural knowledge and contextual inference, dimensions that statistical and neural models are not
equipped to fully process. As a result, when political speeches or sensitive diplomatic texts are
translated by Al systems, ironic or strategically ambiguous statements are often rendered in a fluent
yet literal manner. This apparent clarity can be misleading, as it does not reveal the intended
pragmatic force and may generate serious misunderstandings. Such cases exemplify the production
of a simulacrum of meaning, translations that appear accurate on the surface but fail to convey the

deeper communicative intent of the source text.



5. Core Analysis: Al as Co-Author and the Simulacrum of Meaning

The analysis reveals that while Al models demonstrate high fluency, they frequently fail to capture
the cultural nuances and pragmatic intentions inherent in human communication, leading to
translations that are linguistically accurate but culturally incongruous (Ibrahim, 2025). This
deficiency is particularly evident in the rendering of culturally embedded discourse, where Al tools
tend to flatten socio-pragmatic content, leading to a neutralization of meaning that human
translators adeptly navigate through their understanding of tone, register, and cultural frames
(Ibrahim, 2025). Consequently, this limitation in processing deeper cultural understanding
suggests a potential for miscommunication, as Al struggles with idiomatic expressions and cultural
metaphors (Chen & Zmire, 2024; Huang & Bao, 2025).

Furthermore, Al-generated content may reinforce existing knowledge constructs and traditional
views on culture and interculturality, potentially over-emphasizing classical perspectives and thus
hindering the development of more nuanced understandings (Blum, 2024). This problem arises
because Al systems, trained on often culturally imbalanced global datasets, risk normalizing or
privileging certain linguistic norms, thereby contributing to cultural homogenization rather than
fostering genuine intercultural understanding (Godwin-Jones, 2024). Therefore, addressing
algorithmic bias and enhancing Al's ability to process and generate culturally sensitive content
becomes crucial for mitigating the risk of producing culturally hollow translations. Therefore, the
discussion will conclude by outlining key challenges, such as mitigating algorithmic bias, and
pivoting to strategies for developing Al systems that can genuinely foster intercultural
understanding while preserving linguistic diversity and cultural authenticity (Maaytah, 2025;
Sarwari et al., 2024; Seth, 2025).

This includes improving training datasets to be more inclusive and contextually aware, alongside
developing mechanisms for expert human intervention in Al workflows to refine outputs
(Maaytah, 2025). This ensures that the efficiency of Al is complemented by human expertise,
particularly in navigating complex cultural and linguistic nuances that current Al models struggle
to fully comprehend (Shahmerdanova, 2025). Future advancements in Al mediation for translation

are anticipated to progress through improved neural networks, continuous corpus expansion, and



a refined intelligent translation system that accounts for cultural disparities, personal emotions,

and unique contextual circumstances (Yang & Cui, 2023).

5.1. Al as Active Co-Author

The core argument is that Al is not a transparent conduit but an active co-author in the construction
of cross-cultural meaning. Its intervention is an act of interpretation, driven by algorithmic logic
and the statistical weight of its training data. This algorithmic interpretation inherently carries a
risk of cultural homogenization, where the distinct linguistic diversity of the source language is

flattened to conform to the dominant statistical patterns of the target language.

5.2. Output Fluency vs. Cultural Competence

The paper posits that the success metric of NMT (high fluency) actively masks the failure of
genuine cultural competence. The smooth, grammatical output lulls the user into a false sense of

security, preventing the critical scrutiny that less fluent, earlier MT outputs might have provoked.

The Paradox:

The result is a simulacrum of meaning, a representation of translation that is technically perfect
but culturally empty. This hollow output satisfies the linguistic surface requirements but fails to
perform the essential intercultural function of translation: bridging genuine understanding and

respecting the source culture's identity.

6. Conclusion and Future Directions

The Algorithmic Turn generates a profound paradox, risking the production of a perfectly fluent
but culturally hollow translation. This necessitates a move beyond mere translational accuracy
toward a critical evaluation of AI’s broader ethical and cultural footprint.

6.1. Key Challenges

The immediate challenges center on:



1. Mitigating Algorithmic Bias: Developing methods, such as synthetic data augmentation
for low-resource languages and post-processing tools specifically designed to correct
gender and cultural bias.

2. Redefining Quality: Creating new quality assessment frameworks that move beyond
fluency metrics (BLEU, TER) to include metrics for cultural appropriateness and semantic

depth (e.g., Human-in-the-Loop cultural validation).

6.2. Future Opportunities and Pedagogical Implications

The future does not involve the replacement of human translators, but their evolution. The
indispensable role of the human translator is shifting to that of a post-editing intercultural mediator

whose expertise is amplified, not supplanted, by technological advancement.

o Pedagogical Pivot: Translation education must pivot from rote translation practice to
critical post-editing (PE) skills, focusing on identifying and rectifying deep cultural failures
in NMT output.

« Ethical Al Design: The discussion must pivot toward the necessity of culturally-aware Al

design, advocating for transparency and accountability in the datasets used for training.

The discussion concludes by fostering a dialogue on how professionals can responsibly harness
Al to ensure semantic transfer genuinely bridges cultures, instead of inadvertently widening global
communicative gaps. The ultimate goal is to move from the simulacrum of meaning back to

authentic intercultural dialogue.
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