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Abstract

Large Language Models (LLMs) are increasingly deployed as globally applicable tools,
yet their internal mechanisms remain deeply conditioned by regional cultural schemas.
Through a three-stage cultural audit comparing Western and Chinese LLMs, we identify a
systematic divergence in how these models prioritize core social values. Quantitative results
reveal a stark contrast: Western models consistently prioritize individualistic constructs
like “Autonomy”, while Chinese models favor relational ethics such as “Harmony”. We
attribute this divergence to a two-stage “cultural imprinting” process during large-scale pre-
training and subsequent human-feedback refinement. This cumulative imprinting suggests
that aligning Al to a single set of cultural standards may inadvertently impose a restrictive
lens on the model, creating a risk where cultural differences are misconstrued as moral
or behavioral deficits. Consequently, we advocate for the development of locally-aligned
models and multidisciplinary fairness metrics to ensure global representation equity in the
era of foundation Al
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1. Introduction

Large Language Models (LLMs) have achieved remarkable success in human-like reasoning
and complex problem-solving. However, their global deployment has revealed a persistent
phenomenon: models developed in different regions consistently offer diverging ethical pri-
orities and decision-making heuristics when presented with identical prompts. This suggests
that AI alignment is not a culturally neutral process, but is deeply conditioned by the domi-
nant schemas of regional training corpora and human feedback (Bender et al., 2021; Radford
et al., 2021). This paper investigates cultural representation bias by comparing how West-
ern and Chinese LLMs interpret fundamental social constructs. By exploring the systematic
divergence in value prioritization, we evaluate whether current alignment methodologies can
adequately capture the diverse nuances required for equitable global deployment.

2. Methodology: The Three-Stage Cultural Audit

To probe the underlying cultural orientation of each model, we designed a robust experi-
mental framework grounded in the dual-process theory of social cognition:

Baseline Schema Probing. We assess the model’s default cognitive schema by pre-
senting a high-ambiguity career-family conflict scenario. By excluding explicit cultural cues,
we observe how models autonomously prioritize divergent values during initial inference.
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Contextual Congruency Priming. We utilize cultural priming techniques (Hong
et al., 2000) to introduce explicit cultural contexts that align with the model’s dominant
training data. This measures alignment sensitivity—the degree to which a model amplifies
its inherent reasoning patterns when its latent cultural identity is explicitly activated.

Cognitive Inertia Stress Test. We apply adversarial role-play techniques to force
models to adopt a persona contrary to their dominant cultural background. This detects
“cognitive inertia”—the residual bias and rigidity that persist even when the model is
explicitly instructed to operate under a foreign value system.

3. Experimental Results and Quantitative Analysis

Lexical Density and Cultural Markers. Quantitative analysis of model outputs re-
veals a stark contrast in linguistic “anchors”. As shown in Table 1, Western models rely
heavily on clinical and individualistic terms like “Self-actualization”, “Autonomy”, and
“Boundaries” to resolve the career-family dilemma. Conversely, Chinese models priori-
tize relational and ethical constructs such as “Harmony”, “Filial Piety”, and “Support”.
This lexical divergence mirrors the Independent versus Interdependent self-construal the-
ory (Markus and Kitayama, 1991), suggesting models function as digital reflections of these
psychological archetypes.

Table 1: Quantitative Lexical Comparison (Term Frequency per 1000 words)

Western Chinese
Category Key Indicators Models (Avg.) Models (Avg.)
Individualism Autonomy, Boundaries, Self-authorship, Rights 42.5 12.3
Collectivism Harmony, Filial Piety, Duty, Honor, Support 14.8 38.6
Decision Logic  “I” statements, Negotiation, Transparency 27.4 9.2
Social Context  Relation-oriented, Patience, Stability 11.2 31.5

Radar Chart Analysis of Cognitive Schemas. To visualize these divergent priorities,
we mapped model responses onto a four-dimensional cultural radar (Figure 1). Western
models achieve near-maximal scores in Autonomy and Directness, treating family expecta-
tions as external “variables” to be managed via negotiation. In contrast, Chinese models
excel in Harmony and Responsibility, viewing the individual as a node within a relational
network rather than an isolated agent. This pattern aligns with the social-oriented achieve-
ment motivation prevalent in East Asian societies (Yu and Yang, 1994), where professional
success is often inseparable from familial fulfillment.

4. Computational and Sociological Interpretation

The bias of Al behaviors observed in our study is not an accidental glitch, but a systematic
result of cultural imprinting that intensifies through a two-stage progression:
Pre-training: The Foundation of Statistical Priors. Models first derive a “world-
view” from massive language datasets. Western models are primarily grounded in English-
dominant corpora where discourses of individualism and personal autonomy are structurally
prevalent (Bender et al., 2021). Conversely, Chinese models rely on vast Chinese-language
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Figure 1: Cross-Cultural Comparison of Model Response Priorities

datasets that emphasize social stability and relational ethics. This stage creates initial se-
mantic associations, such as linking “career” to “self-identity” in Western models versus
“familial honor” in Chinese models (Caliskan et al., 2017).

Alignment: The Crystallization of Decision Heuristics. These latent priors are
formalized during human-centric fine-tuning stages, such as RLHF (Ouyang et al., 2022)
and DPO (Rafailov et al., 2023). Western alignment reinforces individual agency, turning
“autonomy” into a primary decision heuristic. In contrast, Chinese alignment prioritizes
“Relational Harmony”, reflecting the interdependent self-construal prevalent in East Asian
societies (Markus and Kitayama, 1991). This progression moves the model from simple
association to an active logical path, resulting in the measured Alignment Divergence.

5. Position and Future Directions

The “Alignment Divergence” uncovered in our study poses a critical ethical challenge: the
risk of algorithmic cultural assimilation. If a Western-centric model evaluates a collectivist
subject, relational virtues such as “filial sacrifice” or “relational duty” risk being incorrectly
flagged as a “lack of autonomy” or “enmeshment”. We contend that aligning Al to a singular
cultural standard often functions as a subtle form of cultural hegemony; true equity requires
models that respect the specific cultural ethos of their users. Therefore, Al fairness must
transcend simple statistical parity to protect cultural sovereignty and cognitive diversity.

Moving forward, we propose that auditing frameworks incorporate cross-cultural psy-
chological schemas to ensure diverse social logics are accurately represented rather than
flattened. Future research should prioritize locally-calibrated alignment—a process that
fine-tunes models within their target cultural contexts to ensure psychological accuracy. By
acknowledging and addressing the Cultural Representation Bias embedded in latent spaces,
the field can move toward a more inclusive and culturally respectful future for artificial
intelligence.
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Appendix A. Supplementary Material

The supplementary material for this paper is provided as a separate PDF file.
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