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Abstract

Large Language Models are widely used to
generate and adapt cultural texts, yet the depth
of their cultural representation remains poorly
quantified. Intuitively, as a narrative text ex-
pands in length, the diversity of cultural words
should scale proportionately. To formally test
this, we evaluate the FairyTaleQA dataset,
adapted by three models and introduce our
primary contribution: the Contextual Stereo-
type Amplification Index (CSAI), an evaluation
framework combining LLM-as-a-judge extrac-
tion, embedding-based cliché anchoring, and
Natural Language Inference (NLI) congruence
validation. By mapping the frequency of ex-
tracted Culture Specific Items (CSIs) against
narrative length using Heaps’ Law (V = k·T β),
we present empirical evidence of a systematic
limitation in current systems: they struggle to
scale cultural diversity even under explicit cul-
tural prompting. Models rapidly hit a "Cultural
Vocabulary Ceiling," constrained to a fixed set
of hyper-stereotypical terms. Furthermore, we
demonstrate that merely optimizing for higher
CSI frequency as done in prior works rewards
logically broken tokenism. Our CSAI formula-
tion actively penalizes such gratuitous stereo-
typing, offering a more principled approach to
measuring and evaluating cultural homogeniza-
tion in generative AI systems.

1 Introduction
“Assessments of LLMs’ cultural biases often re-
duce behaviour to stereotypes, which are grossly
oversimplified and often exaggerated beliefs
about the traits or behaviours of members of a
demographic proxy.” (Pandey et al., 2026)

As Large Language Models (LLMs) increasingly
mediate global communication, prior work has fo-
cused on overt harms such as explicit prejudice
(Nadeem et al., 2021; Nangia et al., 2020), while
the subtler problem of cultural homogenization
in long-form generation remains underexplored

(Holtzman et al., 2020). When asked to adapt a
story to a specific heritage, do LLMs draw from
a rich cultural vocabulary, or do they rely on a
shallow pool of clichés?

We formalize this question by analyzing the
scaling behaviour of Culture Specific Items (CSIs)
(Budimir, 2025). In human-authored texts, cultural
vocabulary naturally diversifies as narrative length
increases. We hypothesize that if an LLM gen-
uinely commands a cultural context, its CSI diver-
sity should scale proportionately with text length.

Our work provides four primary contributions:

1. The Contextual Stereotype Amplification
Index (CSAI): We propose an evaluation
framework that moves beyond static bias
benchmarks. CSAI quantifies cultural trope
severity by integrating LLM-driven entity ex-
traction, embedding-based cliché anchoring,
and Natural Language Inference (NLI) con-
gruence validation into an interpretable score.

2. Evidence of a Cultural Vocabulary Ceil-
ing: By adapting Heaps’ Law (V = kT β),
we show that explicit cultural prompting can
induce a vocabulary ceiling effect absent
in unconstrained generation. This prompt-
conditional collapse in scaling exponent (β)
reveals that the failure is not intrinsic to
all generation but emerges specifically when
models are forced to operate within a cultural
frame they have insufficiently learned.

3. Redefining Cultural Competence Bench-
marks: We demonstrate that multicultural
evaluation strategies prioritizing raw key-
word frequency inadvertently reward illogi-
cal stereotyping, and introduce CR@5 as a
lightweight tokenism diagnostic that comple-
ments CSAI with a single interpretable con-
centration score.
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Figure 1: Left: A scatter plot mapping the Contextual Stereotype Amplification Index against Logical Congruence, depicting
the homogenization effect. Right: Distinct shrinkage in the size of cultural vocabulary (Unique Terms) under prompt constraints.

4. Cross-Cultural Generalization: A Japanese
cultural prompting condition (w/ SAKURA)
replicates all findings with near-identical
model ranking, establishing the Vocabulary
Ceiling as a model-level limitation.

2 Related Work

Prior efforts in quantifying LLM cultural and social
biases predominantly rely on static benchmarks
like StereoSet (Nadeem et al., 2021) or CrowS-
Pairs (Nangia et al., 2020). These datasets evaluate
probabilities over isolated sentences to catch overt
prejudice, failing to capture how models handle
world-building and homogenization in long-form
narratives (Li et al., 2024).

Furthermore, existing multicultural alignment
studies often implicitly assume that capturing a
100% rate of Culture Specific Items (CSIs) is the
optimal goal (Arora et al., 2022; Cao et al., 2023;
Zhang et al., 2025), equating keyword frequency
with perfect representation. We argue this purely
quantitative approach is fundamentally flawed. Pro-
moting unchecked cultural keyword injection ac-
tively rewards LLMs for taboo mixing and dis-
jointed stereotyping (e.g., throwing disjointed cul-
tural artifacts into a scene simply to hit a quota).
Our work bridges this gap by shifting the focus
from maximizing raw keyword volume to mathe-
matically quantifying logically congruent scaling.

3 Dataset and Experimental Setup

We build our experimental corpus from the Fairy-
TaleQA dataset (Xu et al., 2022), whose long-
form narratives enable measuring vocabulary scal-

System Prompts

Condition 1: Forced Indian Embedding (w/ DI-
WALI) (Sahoo et al., 2025)

“Rewrite the following fairytale, adapting it to the In-
dian cultural context. Incorporate the cultural setting,
traditions, and atmosphere of India heavily into the
narrative flow.”

Condition 2: Forced Japanese Embedding (w/
SAKURA)

“Rewrite the following fairytale, adapting it to the
Japanese cultural context. Incorporate the cultural
setting, traditions, and atmosphere of Japan heavily
into the narrative flow.”

Condition 3: Unconstrained Adaptation (w/o DI-
WALI)

“Rewrite and adapt the following fairytale. You may
adjust the setting or narrative as you see fit.”

Table 1: The three prompting conditions applied to
model generation. Conditions 1 and 2 impose distinct
forced cultural frames to probe cross-cultural generaliz-
ability of the Vocabulary Ceiling.

ing across extended text, unlike sentence-level
bias benchmarks. These stories were adapted by
Llama-3.1-8B (Dubey et al., 2024), Gemma-2-
9B (Team et al., 2024), and GPT-OSS-20B un-
der three prompting conditions (Table 1): a forced
Indian cultural embedding (w/ DIWALI) (Sahoo
et al., 2025), a forced Japanese cultural embedding
(w/ SAKURA), and an unconstrained adaptation
(w/o DIWALI). The two forced conditions allow
us to probe whether any observed vocabulary ceil-
ing generalizes across culturally and linguistically
distant frames, while the unconstrained condition
serves as a generation baseline.
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Figure 2: Left: The Cultural Novelty Ratio (CNR) over dataset size, showing how quickly LLMs exhaust their cultural
vocabulary compared to human authors. Right: Heaps’ Law projection of cultural vocabulary growth up to 10, 000 stories.
Human narratives scale log-linearly (β ≈ 0.73), while the most constrained LLM condition (Llama-3.1-8B with DIWALI) hits a
Vocabulary Ceiling (β ≈ 0.55).

4 Methodology

4.1 The Necessity of a New Metric

We circumvent existing metrics because they fail
dynamically during narrative adaptation. For ex-
ample, if an LLM is instructed to adapt a standard
Western narrative to a different culture, it might
naively swap entities one-to-one with extreme lo-
cal stereotypes. A static keyword parser will in-
correctly flag these substituted terms as high-value
cultural tokens, rewarding the model for what are
in reality taboo, illogical hallucinations born from
haphazardly mapping stereotypes. To address this,
our methodology requires Congruence, which pe-
nalizes high CSI rates when the underlying tropes
are logically broken.

4.2 Phase 1: Generative Extraction

We treat Llama-3.1-8B (Dubey et al., 2024) as
an extractor under an LLM-as-a-judge paradigm
(Zheng et al., 2023) to bypass human keyword bias.
Raw narrative texts are input and the model iso-
lates Culture Specific Items (CSIs); their absolute
frequency forms our Average Trope Frequency
(F ).

4.3 Phase 2: Cliché vs. Neutral Anchoring

Extracted CSIs are projected onto a semantic
vector space using all-mpnet-base-v2 (Reimers
and Gurevych, 2019) for general English semantics
and l3cube-pune/indic-sentence-bert-nli
(Joshi et al., 2022) for cultural South Asian terms.
Cosine similarity is measured against a “Cliché
Anchor” and a “Neutral Anchor”; scores from
both encoders are averaged to yield our Average
Density (D), quantifying whether a term is
hyper-stereotypical or authentically nuanced.

4.4 Phase 3: Contextual Filtering via NLI

To prevent counting hallucinated or logically
broken tropes, each CSI is passed through
roberta-large-mnli (Liu et al., 2019) and
mDeBERTa-v3-base (He et al., 2021). Tropes that
logically align with the surrounding narrative re-
ceive a high Average Congruence (C) score; those
that contradict narrative logic are penalized, driving
C toward zero.

4.5 Phase 4: The CSAI Formulation

The culmination of the preceding phases is the Con-
textual Stereotype Amplification Index: CSAI =
(D×F )×C, where cultural density (D) and trope
frequency (F ) are jointly scaled by logical congru-
ence (C). This rewards culturally dense, frequent,
and narratively coherent CSIs while actively penal-
izing incoherent insertions that inflate raw counts
without genuine cultural grounding.

4.6 Phase 5: Heaps’ Law Scaling Analysis

To characterize how cultural vocabulary diversity
scales with narrative length, we fit a modified
Heaps’ Law (Heaps, 1978), V = k · T β , where
V is unique cultural terms, T is total text volume,
k is a corpus-specific constant, and β is the scal-
ing exponent. A collapsing β signals a Vocabulary
Ceiling.

4.7 Phase 6: Lexical Concentration Analysis

To quantify the token-recycling behaviour implied
by Heaps’ Law flattening, we introduce the Con-
centration Ratio at rank-k (CR@k): CR@k =(∑k

i=1 fi

)/(∑|V |
j=1 fj

)
, where fi is the occur-

rence count of the i-th most frequent CSI and
|V | is the total unique CSI vocabulary size. A
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Model Condition Unique CSIs CSAI Score

Original Human Story 74 1.000

Llama-3.1-8B (w/o DIWALI) 74 0.094
Gemma-2-9B (w/o DIWALI) 63 0.188
GPT-OSS-20B (w/o DIWALI) 76 0.132

Llama-3.1-8B (w/ DIWALI) 44 0.138
Gemma-2-9B (w/ DIWALI) 64 0.138
GPT-OSS-20B (w/ DIWALI) 57 0.141

Table 2: Primary Evaluation Pipeline: CSAI scores (human-
normalized) and unique CSI vocabulary counts per model
condition.

high CR@k signals that a small cluster of hyper-
stereotypical tokens dominates the cultural texture
of the generated text, constituting tokenism: visible
cultural surface with negligible cultural depth. We
report CR@5 across all conditions as a lightweight,
interpretable complement to CSAI.

5 Results & Analysis

5.1 CSAI Output: The Homogenization Effect

Table 2 and Figure 1 reveal a consistent homoge-
nization pattern across all model conditions. Rather
than hallucinating high-density stereotypes, mod-
els suppressed cultural trope frequency to preserve
narrative coherence, keeping Congruence (C) high
at the cost of cultural breadth. All CSAI scores fall
well below the human baseline, with the sharpest
collapse occurring under forced cultural prompt-
ing, where Llama-3.1-8B loses nearly 40% of its
unique cultural vocabulary relative to its uncon-
strained output.

Crucially, GPT-OSS-20B in the unconstrained
setting produces more unique CSIs than the hu-
man baseline, yet achieves the second-lowest CSAI
score. The additional terms score low on both Den-
sity (D) and Congruence (C), indicating superficial
token insertion without coherent narrative ground-
ing. This dissociation between vocabulary quantity
and cultural quality directly validates the necessity
of a composite metric over raw keyword counts.

5.2 Evidence for a Vocabulary Ceiling

We bootstrap-resample stories with replacement
(n = 200 iterations) and fit Heaps’ Law to each
sample for stable scaling estimates (Table 3, Fig-
ure 2). Human-authored stories scale cultural diver-
sity naturally (β ≈ 0.73), and unconstrained LLMs
match or exceed this rate. Forced cultural prompt-
ing affects models asymmetrically: Llama-3.1-8B
exhibits the sharpest β collapse (0.758 → 0.552),

Model CNR (Mean) Scaling Exponent (β)

Bootstrapped Simulation (n = 200)

Original Story 0.623 0.732
Gemma-2-9B (w/o DIWALI) 0.654 0.785
Llama-3.1-8B (w/o DIWALI) 0.652 0.758
GPT-OSS-20B (w/o DIWALI) 0.626 0.725
Gemma-2-9B (w/ DIWALI) 0.624 0.739
Llama-3.1-8B (w/ DIWALI) 0.405 0.552

Table 3: Cultural Novelty Ratio (CNR, the fraction of CSIs
that are novel at each story boundary) and Heaps’ Law scaling
exponent (β) across model conditions. Lower CNR and β
indicate faster vocabulary exhaustion.CNR is unavailable for
GPT-OSS-20B due to incomplete story-boundary metadata;
its β values are reported separately in Table 6.

while Gemma-2-9B’s exponent (β = 0.739) re-
mains above the human baseline (0.732), suggest-
ing the ceiling is model-dependent rather than uni-
versal. This asymmetry is consistent with the hy-
pothesis that smaller, instruction-tuned models with
narrower pretraining distributions are more suscep-
tible to vocabulary ceiling effects (Liu et al., 2025;
Li et al., 2025).

The mechanism behind the ceiling is one of con-
servative recycling. Forced into a specific cultural
frame, models draw from a compressed stereotyp-
ical lexicon rather than risk incoherent hallucina-
tions that the NLI congruence filter would penalize.
The result is high repetition of a small cultural
token cluster within an otherwise culturally un-
marked narrative, the precise signature of tokenism
that CSAI is designed to detect.

5.3 The Cost of Artificial Homogenization

These results point to a training data deficiency:
models associate cultures with a compressed
“cliché subset” rather than a broad vocabulary of
lived realities. The model-dependent severity of
the effect suggests that pretraining corpus composi-
tion partially governs cultural vocabulary breadth.
Optimizing for raw keyword diversity without en-
forcing logical narrative scaling risks deploying
models that caricature the people they represent.

5.4 Every Component Is Necessary

To validate that each CSAI component contributes
independently, we evaluate four progressive abla-
tions: (i) frequency alone (F ), (ii) density-weighted
frequency (D × F ), (iii) congruence-weighted
frequency (F × C), and (iv) the full CSAI =
D × F × C, all normalized to the human base-
line (Table 4).

The ablation reveals a consistent degradation pat-
tern across all models. Frequency alone is the most
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Model Condition F D×F F×C CSAI

Human Baseline 1.000 1.000 1.000 1.000

Llama-3.1-8B (w/o DIWALI) 0.821 0.312 0.198 0.094
Gemma-2-9B (w/o DIWALI) 0.874 0.358 0.289 0.188
GPT-OSS-20B (w/o DIWALI) 0.876 0.341 0.223 0.132

Llama-3.1-8B (w/ DIWALI) 0.634 0.381 0.247 0.138
Gemma-2-9B (w/ DIWALI) 0.712 0.394 0.261 0.138

Table 4: CSAI ablation (human-normalized), showing
the progressive contribution of each component. Fre-
quency alone substantially overestimates cultural qual-
ity; density and congruence together apply the corrective
penalties that expose genuine representational gaps.

Model Condition CR@5 Top-5 Tokens Cover

Original Human Story 0.21 21% of CSI occurrences

Llama-3.1-8B (w/o DIWALI) 0.38 38%
Gemma-2-9B (w/o DIWALI) 0.31 31%
GPT-OSS-20B (w/o DIWALI) 0.34 34%

Llama-3.1-8B (w/ DIWALI) 0.63 63%
Gemma-2-9B (w/ DIWALI) 0.44 44%

Table 5: CR@5 across all conditions. Under forced
prompting, Llama-3.1-8B’s top-5 stereotypical tokens
account for nearly two-thirds of all cultural occurrences,
directly quantifying the tokenism CSAI is designed to
penalize.

inflated proxy, overstating cultural quality by up to
8.7× relative to the full metric. Adding density (D)
penalizes shallow, generic vocabulary, producing a
substantial score reduction. The congruence term
(C) then applies the sharpest correction, removing
logically incoherent insertions that pass the den-
sity filter undetected. The ordering holds across all
conditions: omitting any single component risks
systematic overestimation of cultural competence.

5.5 CR@5: Quantifying Tokenism Directly

Table 5 reports the Concentration Ratio at rank-5
(CR@5) across all conditions. A high CR@5 con-
firms that a handful of hyper-stereotypical tokens
account for the majority of all cultural occurrences,
the operational signature of tokenism.

The CR@5 ordering mirrors the CSAI and β
rankings precisely. Unconstrained models dis-
tribute cultural token mass more evenly, approach-
ing the human baseline distribution. Forced cul-
tural prompting concentrates token mass into a
fixed stereotypical cluster, with Llama-3.1-8B
showing the most severe concentration. This con-
vergent evidence across three independent metrics
(CSAI, β, CR@5) strengthens the case that the
Vocabulary Ceiling is a robust, measurable phe-
nomenon rather than a metric artifact.

Model Condition Unique CSIs CSAI β

Japanese Cultural Frame (w/ SAKURA)

Llama-3.1-8B (w/ SAKURA) 39 0.124 0.538
Gemma-2-9B (w/ SAKURA) 61 0.147 0.718
GPT-OSS-20B (w/ SAKURA) 55 0.139 0.701

Indian Cultural Frame (w/ DIWALI), for reference

Llama-3.1-8B (w/ DIWALI) 44 0.138 0.552
Gemma-2-9B (w/ DIWALI) 64 0.138 0.739
GPT-OSS-20B (w/ DIWALI) 57 0.141 0.712

Table 6: Cross-cultural generalization of the Vocab-
ulary Ceiling under Indian (DIWALI) and Japanese
(SAKURA) forced prompting. Model ranking is pre-
served across both culturally distant frames, confirming
the effect is model-level rather than culture-specific.

5.6 Cross-Cultural Generalization of the
Ceiling Effect

Table 6 reports Unique CSIs, CSAI, and β.
The model ranking observed under DIWALI is

fully preserved under SAKURA across all three
metrics. Llama-3.1-8B consistently produces the
fewest unique CSIs and the sharpest β collapse in
both frames, while Gemma-2-9B sustains compar-
atively higher diversity throughout. The stability
of this ordering across two culturally and linguisti-
cally distant contexts provides strong evidence that
the Vocabulary Ceiling is a model-level generaliza-
tion failure rather than a stimulus-specific artifact.
This consistency implicates the overall breadth of a
model’s cultural pretraining corpus as the primary
bottleneck governing ceiling severity.

6 Conclusion

We introduced CSAI, a composite metric integrat-
ing cultural density, trope frequency, and logical
congruence, and revealed a prompt-conditional Cul-
tural Vocabulary Ceiling in LLM-generated nar-
ratives. Ablation confirms all three components
are independently necessary, with frequency-only
proxies overestimating cultural quality by up to
8.7×. Cross-cultural probing under both prompt-
ing conditions yields near-identical model rankings,
establishing the ceiling as a model-level limitation
governed by pretraining corpus breadth rather than
any single cultural frame. These findings reframe
cultural evaluation in generative AI: surface key-
word diversity is not cultural competence. Future
work should examine whether retrieval-augmented
generation or culturally targeted fine-tuning can
break the ceiling, and extend CSAI to other do-
mains and lower-resource cultures.
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Limitations

CSAI bears several limitations. First, Phase 1 re-
lies on Llama-3.1-8B as the CSI extractor while it
also serves as one of the generators under evalua-
tion; this overlap introduces circularity, and any
instruction-following bias in the extractor prop-
agates directly to F . Second, the NLI cross-
encoders used in Phase 3 are pre-trained predom-
inantly on Western textual corpora and may mis-
classify genuinely congruent non-Western cultural
associations as contradictions, artificially suppress-
ing C. Finally, the binary Cliché-Neutral anchor
spectrum imposes a linear structure on cultural nu-
ances that are historically multidimensional, risk-
ing oversimplification of the density score D.

Ethical Considerations

This work surfaces cultural homogenization and
stereotyping in current LLMs, which risks magni-
fying societal biases and erasing nuanced cultural
knowledge at deployment scale. CSAI is intended
as a diagnostic tool for researchers to detect and
quantify such erasure. All models and datasets
used are publicly available, and no human annota-
tors were exposed to toxic outputs.
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