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Abstract

The global use of artificial intelligence has in-
creased interest in assessing the ability to gen-
erate culturally localized content, including sto-
ries. Cultural localization in stories often oc-
curs through either templated localization—the
use of cultural markers (e.g., names, locations)
in a generic narrative—or holistic localization—
the variation of plots, values, and themes, in
addition to cultural markers. We propose a
method to measure the degree to which content
was generated through templated localization.
Specifically, we identify the lexical tokens that
distinguish stories across nationalities and mea-
sure the similarity of the narratives that remain
after removing them. In stories generated by
five models on 125 topics for 193 nationalities,
our method is able to detect that only a small
subset (9-17%) of the vocabulary accounts for
the variation across nationalities and that the
narratives that remain after removing them con-
tain repeated multi-word sequences, suggest-
ing the presence of a shared culturally-agnostic
narrative template. Finally, we characterize
the cultural markers for their stereotypicality
and offensiveness, finding that markers from 19
countries, mostly located in the Global South,
are on average offensive.

1 Introduction

Large language models (LLMs) are increasingly
being used globally, requiring them to tailor their
generations to diverse sociocultural contexts when
instructed. For example, when given the instruction
[Write a story about ‘honesty’ for an Indian kid.],
a model must generate a narrative that is localized
to the Indian cultural context.

Narrative localization can take many forms,
including culturally specific plot tropes (Colby,
1973), the encoding of particular values (Hobson
et al., 2024; Wu et al., 2023), variations in narra-
tive structure (Song, 2017), and culturally relevant

*Equal contribution.

{Mark, Biren} stopped at a {coffee, tea} shop in {Chicago, Bangalore}
after {baseball, cricket} practice. He paid {ten-dollars, fifty-rupees} for
a {sandwich, samosa}. Outside, he noticed that the {cashier, vendor}
had returned too much change. Although he was already heading toward
the {bus stop, metro station}, he went back and returned the extra money.
The {cashier, vendor} thanked him for his honesty.

(a) Templated localization.

Mark paid for his coffee and bagel at Pigeon Bagels in Pittsburgh and
stepped outside. On the sidewalk, he counted his change and noticed
an extra five-dollar bill. He immediately walked back in. The cashier
looked up from the register, embarrassed. “Sorry you had to come back,”
she said. Mark smiled as he returned the bill.

Biren had dropped of his last passenger of the night. It was a short ride,
but took 45 minutes in Mumbai’s traffic. He was almost home when he
noticed that his passenger had left a bag in the auto. He was tired but
took a U-turn to return it. The passenger received the bag with relief,
gratitude, and surprise at Biren’s honesty.

(b) Holistic localization.

Figure 1: Example stories for the instruction [Write
a story about ‘honesty’ for a nationality kid] where
nationality is {Indian, American}.

entities such as names or locations (Bhatt and Diaz,
2024). We consider the two forms of localization
shown in Figure 1. In templated localization, cul-
tural markers (e.g., names, locations) are inserted
into a culturally-agnostic narrative template (Fan
et al., 2019; Ford et al., 2018; Wiseman et al., 2018;
Khanuja et al., 2024). On the other hand, holistic
localization employs culturally specific plots and
settings, in addition to cultural markers.

How models localize stories has broader impacts
on cultural production and preservation. While tem-
plated localization may be the appropriate choice
in contexts where the goal is to preserve the con-
tent while making it more relatable to the audience
(Khanuja et al., 2024, 2025), when used in the gen-
eral context, the resulting stories will often reflect
homogeneous narratives and values, which can lead
to cultural harms like erasure (Qadri et al., 2025a;
Shelby et al., 2023), imposition of western values
(Shelby et al., 2023; Bhatt et al., 2022; Sambasivan
et al., 2021), or reduced creative diversity (Agar-
wal et al., 2025; Doshi and Hauser, 2024). Further,
model outputs may implicitly rely on a limited set
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of culturally associated tokens, which prior analy-
ses have shown can reflect stereotypical cultural as-
sociations (Bhagat et al., 2026; Rooein et al., 2025).
Therefore, tools to detect the degree of templated
localization can help anticipate and avoid poten-
tial harms. While studies have demonstrated that
stories generated in the presence of cultural cues
contain lexical variation (Bhatt and Diaz, 2024),
misrepresentations (Bhagat et al., 2026), and geo-
graphical disparity (Bhagat et al., 2025), they have
yet to provide methods for understanding the pres-
ence of templated localization.

We propose a two-stage method to detect the
presence of templated localization in model gen-
erations. First, we identify the set of lexical items
that function as unique cultural markers for each
cultural identity in the generated stories. Next, we
measure the homogeneity of the text sequences that
remain after these cultural markers have been re-
moved using multi-word similarity. Convergence
of these remaining sequences across stories that dif-
fer in cultural markers would indicate the presence
of a shared culturally-agnostic narrative template.
We further characterize the stereotypicality and of-
fensiveness of the cultural markers using the SeeG-
ULL dataset (Jha et al., 2023). We evaluate stories
generated by five LLMs for 193 cultural identities,
operationalized through nationalities, for 125 story
topics curated from prior work (Bhatt and Diaz,
2024) and established frameworks of variation in
cultural values like World Values Survey (Haerpfer
et al., 2022) and Hofstede’s Cultural Dimensions
(Hofstede and Minkov, 2013). Our code and data
is publicly available.

Our method reveals that localization primarily
occurs through surface-level lexical differences,
suggesting that stories may use a homogeneous
underlying narrative. We find that cultural markers,
constituting only 9-17% of the vocabulary across
models, are the only distinguishing characteristics
of the stories. Moreover, the narratives that re-
main after removing these markers exhibit higher
multi-token similarity across nationalities than the
original stories. Finally, we find that countries for
which cultural markers are, on average, offensive
are mostly located in the Global South, predom-
inantly in Africa and West Asia, with dominant
languages that are lower-resourced. Taken together,
our findings demonstrate the ability of our method
to characterize cultural localization in AI-generated
stories.

2 Background

Narrative generation systems often decompose sto-
ries into two levels: a structural plan describing
events and character relationships, and a surface
realization that renders this plan into natural lan-
guage. Although many early natural language gen-
eration systems used slot-filling approaches to pop-
ulate manually written templates (Reiter and Dale,
1997; van Deemter et al., 2005), learning-based
approaches either automatically select (Zhou and
Hovy, 2004) or generate (Ford et al., 2018; Wise-
man et al., 2018; Fabbri et al., 2020; Gangadharaiah
and Narayanaswamy, 2020) templates. Such plan-
based systems generate a story in multiple steps,
including generating templates of plot and char-
acter actions, followed by rendering these plans
into natural language. Methods of narrative plan-
ning have ranged from story grammars (Pemberton,
1989; Ryan, 2017) to symbolic planners (Riedl and
Young, 2010; McIntyre and Lapata, 2010, 2009),
and finally, to neural models (Martin et al., 2018;
Xu et al., 2018; Yao et al., 2019; Goldfarb-Tarrant
et al., 2020). Narrative planning has also been in-
tegrated into prompt-based story generation from
LLMs (Xie and Riedl, 2024; Li et al., 2025). Nar-
ratives have also been studied computationally by
decomposing them into their attributes such as the
setting, agents, events, and so on (Piper et al., 2021;
Hamilton et al., 2026). This separation between
narrative structure and its linguistic realization sug-
gests that variation in generated stories can arise
either through modifications in the underlying tem-
plate or the lexical content used to instantiate it.

This distinction between structural plans and
surface realization parallels theories of language
variation across cultural identities. Sociolinguis-
tic scholars have argued that social meaning and
identity can be conveyed, constructed, and inter-
preted through various channels, including (a) mi-
cro-linguistic structures such as phonetic sounds
or lexical choices, (b) macro-linguistic forms like
narrative forms or discursive orientations such as
stance, (c) entire linguistic systems such as the
choice of language or dialect, and even (d) ma-
terial styles such as the choice of clothing (Eck-
ert, 2012, 2008; Bucholtz and Hall, 2005). Im-
portantly, these channels include narrative form
such as the stance. Scholars of folk narrative have
shown that plot and character tropes are culturally
specific: the narrative structure of Russian folktales
differs systematically from that of North Alaskan
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stories (Colby, 1973), and similar differences have
been documented in stories across other traditions
(Polti, 1916; Song, 2017; Hobson et al., 2024; Wu
et al., 2023). A story can therefore represent cul-
tural identity through the use of culturally-specific
entities—the names, places, and objects within it—
or through differences in the narrative itself. Since
narrative generation can separate structure from
surface realization, and cultural identity can be en-
coded at both levels, then cultural localization in
generated stories could occur either through surface
markers or through narrative differences.

As LLMs are deployed globally, a growing body
of work has investigated their cultural competence—
that is, their ability to generate outputs that re-
flect culturally specific knowledge, norms, and val-
ues. While intrinsic evaluations of cultural com-
petence focus on the ability to recall cultural val-
ues (Durmus et al., 2024; Masoud et al., 2025;
AlKhamissi et al., 2024; Ramezani and Xu, 2023),
norms (Dwivedi et al., 2023; Rao et al., 2025), arti-
facts (Seth et al., 2024), and knowledge (Li et al.,
2024; Singh et al., 2025; Maji et al., 2025; Sahoo
et al., 2025; Chang et al., 2025; Myung et al., 2024),
extrinsic evaluations focus on user-facing genera-
tive tasks (Bhatt and Diaz, 2024; Sparck Jones and
R. Galliers). Prior work has examined the content
produced for diverse cultural identities in extrin-
sic tasks such as open-ended question answering,
story generation, scientific writing, creating travel
itineraries, and writing assistance, finding that the
cultural knowledge of LLMs may not always be
reflected in generative settings (Bhatt and Diaz,
2024; Bhagat et al., 2026); cultural representation
is often stereotypical or misrepresentative (Rooein
et al., 2025; Bhagat et al., 2026, 2025); and gener-
ations do not adhere to expected cultural writing
styles (Agarwal et al., 2025; Bhatt et al., 2025).
While this work demonstrates that LLMs can incor-
porate culturally salient tokens, it remains unclear
whether the content reflects narrative differences
beyond surface-level lexical variation.

Independent of cultural evaluation, recent stud-
ies have shown that LLM-generated text often
exhibits substantial homogeneity across outputs.
Prior work has evaluated homogeneity of gener-
ated outputs along various dimensions including at
syntactic, semantic, and narrative levels. Specifi-
cally, LLMs have been shown to generate recurring
syntactic patterns, semantically similar concepts,
homogeneous discourse structures, and epistemic
claims (Shaib et al., 2024; Sourati et al., 2025;

Wang et al., 2024; Jiang et al., 2025; Wright et al.,
2025; Namuduri et al., 2025). Finally, both quali-
tative and quantitative studies of LLM-generated
stories find a lack of plot diversity, recurring narra-
tive themes, lack in pacing and tension, and positive
endings (Xu et al., 2025; Tian et al., 2024; Beguš,
2024; Priyanshu and Vijay, 2024). If LLM out-
puts tend to reuse shared narrative structures, then
cultural adaptation in generated stories may occur
primarily through surface-level markers rather than
through holistic localization.

Together, these observations suggest that cultural
variation in generated stories may arise primarily
through surface-level lexical markers rather than
through deeper narrative differences. However, ex-
isting work has not directly examined whether sto-
ries generated across cultures exhibit templated
localization, where cultural markers are inserted
into culturally-agnostic narrative templates.

3 Method

We are interested in measuring the degree to which
generated stories across cultures reflect templated
or holistic localization. We distinguish between
these two as follows:

Templated localization refers to localization
when culture is represented through isolated lexi-
cal items. Here, cultural markers such as cultural
artifacts, relevant names and locations, or other en-
tities are inserted into culturally-agnostic templates
that reflect homogeneous narrative structures, plots,
settings, themes, and values.

Holistic localization refers to localization when
culture shapes the narrative. Here, cultural mark-
ers are distributed throughout the story, result-
ing in culturally-specific narrative structures, plots,
themes, and values.

3.1 Overview

Given a prompt [Write a children’s story about
topic for a/an nationality kid in English.], we are
interested in understanding if a generated story is
composed of: (a) a culturally-agnostic template
about topic shared across nationalities and (b) a set
of cultural markers inserted into that template. To
do so, we fix topic and vary nationality to produce
stories. Our method analyzes these stories in two
stages. First, we identify the set of cultural mark-
ers that distinguish the stories (§3.2). Second, we
measure the similarity of the narrative that remains
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after these cultural markers are removed (§3.3). Fi-
nally, we characterize the stereotypicality of the
cultural markers (§3.4).

To make cultural localization tractable for com-
putational analysis, we impose several methodolog-
ical constraints on the scope of our study. First,
because templated localization assumes exact re-
peated language across cultural contexts, we adopt
lexical units (words) as our unit of analysis, al-
lowing us to leverage existing natural language
processing tools. Second, while imperfect, nation-
ality serves as a proxy for culture consistent with
existing research (Adilazuarda et al., 2024), mak-
ing the analysis amenable to classification methods.
Finally, we restrict our analysis to English to fa-
cilitate lexical comparison, leaving cross-lingual
template detection for an area of future study.

3.2 Identifying Cultural Markers

The first step of our method identifies the minimal
set of words per nationality whose removal renders
stories across cultures indistinguishable. Under
templated localization, lexical differences will be
concentrated in a small number of cultural mark-
ers, whose removal will eliminate variation. By
contrast, under holistic localization, the differences
would be distributed throughout the story, requiring
many words to be removed before stories converge.

Scoring candidate cultural markers. Let st,c ∈
S be the generated story for topic t ∈ T and culture
c ∈ C. The vocabulary V is the union of words
present across all stories. For each c ∈ C, we score
every word w ∈ V according to its normalized
pointwise mutual information (NPMI) with c (Ap-
pendix A). We refer to these scored words as the
candidate cultural markers of c.

Identifying distinguishing cultural markers.
Given the candidate cultural markers for c, the final
set of cultural markers for c is V k

c ⊂ V , composed
of the top k% candidates with highest NPMI values.
Let skt,c be the story st,c with V k

c removed. In order
to determine k, we measure the ability of a classi-
fier to identify the culture of skt,c amongst the set

S
k
t = {skt,c}c∈C . Specifically, at varying values of

k, we record the F1 of the classifier. If a subset of
the vocabulary is the only identifiable characteristic
of the stories across cultures, then masking words
with high cultural association should make the sto-
ries indistinguishable. While the performance of
the classifier should drop more significantly when

words with higher cultural association are masked,
our measurement question is how many culturally-
associated words need to be removed. We refer to
V k
c as the subset of words whose removal makes

the stories in S
k
t indistinguishable. We refer to the

resulting stories in S
k
t as the template images.

3.3 Homogeneity of Remaining Narratives

The second step of our method detects the presence
of a shared generic narrative template by measuring
the homogeneity of the template images remaining
after removing the cultural markers.

Although template images are indistinguishable
by construction, we need a method to determine
whether this is due to randomness or homogeneity
amongst images. We can measure the homogeneity
of template images by computing the pair-wise av-
erage similarity amongst elements. Such measures
have been used in prior work on measuring homo-
geneity in a corpus (Padmakumar and He, 2024;
Shaib et al., 2025). If stories reuse a template, re-
placing cultural markers with masked tokens would
make the resulting text sequences more similar, as
compared to the original stories. Consider the two
stories from the two cultures as [A cat sat on the
table.] and [A dog sat on the floor.]. Let {cat, table}
and {dog, floor} be the markers of the respective
cultures. Then, masking these markers will pro-
duce the same n-gram sequence [A mask sat on the
mask], resulting in higher similarity compared to
the original stories, as well as stories where random
words are masked.

While this stylized demonstration of homogene-
ity suggests that template images are exact dupli-
cates, in practice, due to model stochasticity, we
need similarity metrics robust to small perturba-
tions amongst template images. To do so, we adopt
two metrics for analyzing multi-word sequences.
In the first, we calculate the length of common
substring (LCS), normalized by the length of the
stories. In the second, we measure the similarity
between the sets of n-grams present in pairs of tem-
plate images, using Jaccard similarity. This method
has been used to robustly detect duplicates in large
corpora such as web crawls (Broder et al., 1997).

Since our goal is to measure whether template
images are shared across cultures, multi-word simi-
larity offers a relatively simple yet efficient method
to compare pairs of text sequences that remain after
removing cultural markers, unlike other represen-
tations like discourse structures, narrative compo-
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nents, or themes that require more manual or com-
putational effort (Namuduri et al., 2025; Beguš,
2024; Piper et al., 2021).

3.4 Characterizing Cultural Markers

Finally, we characterize cultural markers for their
degree of stereotypicality. Assume we have access
to a set of stereotypical attributes for c, denoted as
Zc. We calculate the overlap between Zc and V k

c

by measuring the precision of stereotypes in the
cultural markers (Appendix B).

4 Experimental Materials

Story Topics. We curate a set of 125 story topics
that consists of 35 topics from prior work (Bhatt
and Diaz, 2024), and 90 based on the World Value
Survey (Haerpfer et al., 2022), Hofstede’s cultural
dimensions (Hofstede and Minkov, 2013), and the
Moral Foundations Theory (Graham et al., 2012).
We select these frameworks as they are known to
capture variation in values across cultures and have
been utilized to evaluate AI systems’ knowledge
of cultural values (Durmus et al., 2024; Masoud
et al., 2025). To curate this list, two authors read
and discussed each dimension of three theories and
distilled them into a topic. For example, question
Q110 from the World Value Survey about rating
the amount of corruption in the country is distilled
into the topic ‘corruption’. Similarly, question Q03
from Hofstede’s survey on the importance of get-
ting recognition for good performance in the work-
place is distilled into ‘recognition.’ The complete
list of topics and their corresponding sources is
available in our data.

Prompts. We use a simple prompt template,
[Write a children’s story about topic for a/an na-
tionality kid in English.]. Similar to prior works,
we opt for a simple instruction to generate a story
(Rooein et al., 2025; Bhagat et al., 2026; Bhatt and
Diaz, 2024), leaving examination of localization
behavior in other user interaction patterns and do-
mains to future work. We generate prompts for
each of the 125 topics for all of the 193 nationali-
ties, resulting in 24,125 prompts.

Models. We generate stories from two closed-
source models—GPT 3.5 Turbo and GPT 4o
Mini queried through OpenAI API in June 2025—
and three open-weights models of varying sizes—
Llama 3.1 8B Instruct, Llama 3.3 70B Instruct
(Llama Team, AI @ Meta, 2024), and Gemma 3

12B Instruct (Gemma Team, 2025) hosted locally
using vLLM with 8-bit quantization. This selection
balances recency, size, and open-source availabil-
ity, demonstrating the effectiveness of our method
across a range of models. For all models, we set
the temperature to 0.7 and the maximum tokens
to 1000. To account for non-determinism during
generation, we sample five responses per prompt.
This results in 120,625 stories from each model.

Nationality Classifier. We train the nationality
classifier used in Section 3.2 as a multi-class (193-
way) classifier to classify stories into one of 193
nationalities. We fine-tune the mmBERT model
(Marone et al., 2025) using a classification head.
We use 5-fold cross-validation with a 60:20:20 split
across folds for training, validation, and testing, re-
spectively. All the classifiers are trained for a max-
imum of fifty epochs, with early stopping patience
set to five epochs. The validation split is used to
pick the best classifier from a combination of hy-
perparameters, including learning rates, batch size,
and for early stopping (best parameters reported
in Appendix C). We then record the performance
of the classifier on the test split. Additionally, we
record the performance on the masked stories cre-
ated from this test split. We run the experiment
independently for each of the five LLMs.

Template Image Similarity. We compare the av-
erage similarity amongst template images with the
average pair-wise similarity amongst (a) original
stories, and (b) stories when an equivalent number
of random words are masked. When computing
n-gram similarity, we use n = 4.

Stereotype Data. In order to characterize the
stereotypicality of cultural markers, we calculate
the precision of stereotypes using the stereotyp-
ical attributes released in the SeeGULL dataset
(Jha et al., 2023). To create this dataset, candidate
stereotypes were first sourced from language mod-
els, followed by obtaining annotations to rate the
candidates as stereotypical (or not) from raters re-
siding in the respective countries (in-group regional
raters) and North American annotators (out-group
raters). We use all attributes that were labeled as a
stereotype by at least one regional rater as our refer-
ence set of stereotypes (Zc). We present evaluation
results for the 156 countries from the SeeGULL
dataset that overlapped with 193 nationalities in our
list. Further, SeeGULL provides an offensiveness
score for every stereotype. Specifically, a stereo-
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Template image # cultures Example cultural markers

there lived a young boy named mask 193 (America: timmy), (China: liwei), (France: julien), (India: arjun)

mask became a role model 192 (America: charlie), (India: aarav), (Japan: haruto), (Brazil: lucas)

school called mask academy / 163 (Canada: maplewood), (Bangladesh: shikha), (Japan: sakura),
school called mask elementary (Slovakia: hrdinova), (South Korea: hanbok)

loved to play mask/ 58 (America: baseball), (India: cricket), (Canada: hockey),
loved playing mask (Brazil: soccer), (Jamaica: football)

Table 1: Example of Template images, number of cultures they were found in, and respective cultural markers.

type is rated as non-offensive (-1), neutral (0), and
offensive (Likert scale of 1-5), averaged across
three raters. We use this to calculate the average
offensiveness of stereotypical cultural markers.

5 Results

5.1 Identifying Cultural Markers

Figure 2 shows the F1 of the nationality classifier
for all integer values of k between 0 and 99 for sto-
ries generated by GPT 4o Mini. The F1 on the orig-
inal, unmasked stories is 0.968, indicating that the
classifier is able to reliably predict the nationality.
For reference, randomly guessing the nationality
would achieve an F1 of 0.005.

We observe that masking increasing numbers
of highly culturally associated words dramatically
degrades both the macro-averaged F1 and the class-
wise F1 of the classifier, suggesting that the ability
to distinguish stories is concentrated on a small
number of cultural markers. More concretely, we
find that the classifier performance drops to random
guessing when the top 11% of the highly associ-
ated cultural words are masked. Results for other
models (Appendix D) indicate similar fractions of
cultural markers: GPT 3.5 Turbo (11%), Llama 3.3
70B Instruct (9%), Gemma 3 12B Instruct (9%),
and Llama 3.1 8B Instruct (17%).

To ensure that our results were not an artifact
of merely removing words, we compared the F1 to
masking random words. While the F1 of the classi-
fier in this condition also reduces as k increases, it
drops more slowly than when words ordered by cul-
tural association are masked. We find that, for all
values of k, the F1 when random words are masked
is higher than that when words with the highest
cultural association are masked (one-sided paired
t-test, p < 0.05).

5 15 25 35 45 55 65 75 85 95
Percentage of Vocabulary Masked

0.0

0.2

0.4

0.6

0.8

1.0

F1
 S

co
re

0.005

0.968

11

5 15

0.000

0.020

0.040

11

0.005

Original Stories
Random Guessing
Culturally-Associated Vocab Masked
Baseline: Random Vocab Masked

Figure 2: Identifying cultural markers. F1 of nationality
classifier as a function of number of masked words.
Results for GPT 4o Mini generation. Results for other
models can be found in Appendix D.

5.2 Homogeneity of Remaining Narratives

We now turn to evaluating the homogeneity in tem-
plate images that remain after masking cultural
markers from the stories using multi-word similar-
ity (§ 3.3). Table 1 shows examples of template im-
ages that were repeated across nationalities. Table
2 shows the average multi-word similarity amongst
the original stories and their template images. We
break similarity down into inter-group similarity—
amongst stories across cultures—and intra-group
similarity—amongst stories within a culture.

For inter-group similarity, across both LCS and
Jaccard, we find that similarity amongst template
images is higher than amongst original stories. Ap-
pendix table 5 shows that masking an equivalent
number of random words results in lower similar-
ity than masking cultural markers. Together, these
findings demonstrate that the sequences remain-
ing after masking cultural markers contain a latent
culturally-agnostic narrative template.

Comparing the inter-group with the intra-group
similarity, we observe a consistently higher aver-
age similarity in the latter, suggesting that, even
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inter-group intra-group inter/intra

original masked % inc. original masked % inc. original masked % inc.

Longest Common Subsequence

GPT 3.5 Turbo 0.0252 0.0307 21.8% 0.0347 0.0379 9.2% 0.7262 0.8100 11.5%
GPT 4o Mini 0.0135 0.0161 19.3% 0.0172 0.0188 9.3% 0.7849 0.8564 9.1%
Gemma 3 12B Instruct 0.0114 0.0129 13.2% 0.0137 0.0152 10.9% 0.8321 0.8487 2.0%
Llama 3.1 8B Instruct 0.0122 0.0136 11.5% 0.0131 0.0143 9.2% 0.9313 0.9510 2.1%
Llama 3.3 70B Instruct 0.0180 0.0222 23.3% 0.0263 0.0290 10.3% 0.6844 0.7655 11.9%

Jaccard (4-gram shingles)

GPT 3.5 Turbo 0.0299 0.0376 25.8% 0.0419 0.0462 10.3% 0.7136 0.8139 14.0%
GPT 4o Mini 0.0161 0.0206 28.0% 0.0217 0.0247 13.8% 0.7419 0.8340 12.4%
Gemma 3 12B Instruct 0.0075 0.0125 66.7% 0.0122 0.0177 45.1% 0.6148 0.7062 14.9%
Llama 3.1 8B Instruct 0.0093 0.0125 34.4% 0.0110 0.0141 28.2% 0.8455 0.8865 4.9%
Llama 3.3 70B Instruct 0.0218 0.0282 29.4% 0.0339 0.0379 11.8% 0.6431 0.7441 15.7%

Table 2: Narrative homogeneity. Multi-word similarity amongst stories on the same topic in either their original form
or masked (Section 3.3). Inter-group measures the similarity amongst stories for different nationalities. Intra-group
measures the similarity amongst stories for the same nationality. The last column group divides the inter-group
similarity by the intra-group similarity to control for similarity attributable to a cross-nationality template.

after removing cultural markers, some signals of
nationality remain in the masked stories. While
higher than inter-group similarity, the differences
are modest, and we speculate that a relatively large
fraction of this similarity is attributable to a generic
latent template. In the final column group, we show
that inter-group similarity after masking accounts
for more than 70% of the intra-group similarity,
across both measures.

5.3 Presence of Stereotypes

The top 10 countries with the highest stereotype
precision and offensiveness of the cultural markers
for GPT 4o Mini stories are in Table 3. Results for
other models and examples are in Appendix F.

The top countries with the highest stereotype pre-
cision tend to be countries where higher-resourced
languages are dominant. We find that the stereo-
types present in cultural markers have varying de-
grees of offensiveness across countries. In 42 of
the 61 countries with non-zero stereotype preci-
sion, the average offensiveness score is negative
or neutral, indicating that the stereotypical cultural
markers were rated as non-offensive by the annota-
tors. The 19 countries with positive average offen-
siveness scores are primarily located in the Global
South, predominantly in Africa and West Asia, with
dominant languages being lower-resourced.

6 Discussion

Our work provides an analytical lens for extrinsic
cultural competence by examining how models, in
response to story-generation prompts, adapt narra-

Nationality Precision Nationality Offensiveness

Australia 0.0193 Tunisia 3.667
United States 0.0128 Syria 3.667
India 0.0109 Serbia 3.000
Ethiopia 0.0062 El Salvador 2.667
China 0.0060 Ecuador 2.667
New Zealand 0.0054 Poland 2.667
Japan 0.0048 Bangladesh 2.667
Italy 0.0046 Georgia 2.667
Vietnam 0.0037 Guinea 2.333
North Korea 0.0037 Gambia 2.333

Table 3: Stereotypes. Top 10 countries with highest
stereotype precision and offensiveness for cultural mark-
ers in stories generated by GPT 4o Mini.

tives across cultural identities. Our results suggest
that cultural localization in AI-generated stories oc-
curs primarily through lexical insertion of cultural
markers in a culturally-agnostic template rather
than through holistic changes to the narrative. This
reduces cultural representation to a small number
of recognizable cultural symbols, resulting in local-
ization underpinned by a homogeneous narrative
worldview. Evaluations that do not analyze the
mechanisms of cultural representation in text may
overestimate AI’s cultural competence.

6.1 Localization

The observed increase in multi-word similarity af-
ter removing cultural markers indicates the pres-
ence of latent narrative templates reused across
nationalities. If differences in stories were dis-
tributed throughout the narrative (holistic local-
ization), masking a subset of the vocabulary—
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or cultural markers—would not significantly in-
crease multi-word sequence similarity as the re-
maining narratives would still diverge structurally.
While we observe slightly higher similarity within
stories from a nationality, our experiments sug-
gest that this may largely be attributed to generic,
cross-nationality templates. As a result, current
LLM story generation seems to behave similarly to
template-based generation pipelines despite being
trained end-to-end.

Templated localization likely arises from sys-
temic behavior resulting from LLM training. De-
spite being instructed to generate narratives for
varying cultural identities, models risk reverting
to globally dominant narrative schemas. This in-
dicates that the assessment and improvement of
cultural competence of AI in narrative localization
needs to be broadened from the incorporation of
culturally salient entities to other channels, such as
narrative structures, values, stance, dialect, and so
on, as suggested by the sociolinguistics literature.

Even within the narrative channel, human raters
will need specialized knowledge to make reliable
assessments. While prior work in evaluating model
generations has advocated for the recruitment of
participants with lived cultural experience (Bha-
gat et al., 2026; Agarwal et al., 2025; Qadri et al.,
2025b), non-experts and experts can differ in their
judgments, for example, when evaluating the qual-
ity of machine translated text (Freitag et al., 2021)
or success in emulating writing styles (Chakrabarty
and Dhillon, 2026). Since narratives within a cul-
tural context can vary subtly, recruitment should be
done with care, potentially requiring deeper exper-
tise with the domain (e.g., scholars). This echoes
recent calls to develop AI in collaboration with hu-
manities experts (Biega et al., 2025; Hemment and
Kommers, 2025; Born et al., 2021).

While template-based generation does not inher-
ently exhibit templated localization (e.g., a culture-
conditioned template), we observe that cultural ho-
mogenization can surface through generic template-
like behavior from LLMs which presumably re-
spond without using explicit templates. This high-
lights the importance of understanding how im-
plicit structuring (e.g., templates, plans) or explicit
tool use (e.g., retrieval-augmented generation) can
result in narrative homogenization. This requires
developing methods for identifying and measur-
ing homogenization throughout the reasoning and
tool-use process.

6.2 Stereotyping

While the cultural markers for most countries con-
tained neutral or non-offensive stereotypical at-
tributes, the presence of offensive stereotypes for
particular regions (§5.3) indicates potential for un-
even representational harms. Further, when AI
systems are used to access cultural representa-
tions of communities through tasks like narrative
generation—either by members within or those out-
side the group—stereotypes that are neutral or non-
offensive can propagate homogeneous stereotypi-
cal markers and narratives within the community
(Wang et al., 2025; Seth et al., 2025). This suggests
the need to enrich notions of stereotypes to include
narrative stereotypes, or stereotypes in narrative
structures, styles, and plots, as well as those found
in other modes of cultural representation.

7 Conclusion

In this work, we propose a method to examine how
large language models localize narratives when
generating stories for different cultural contexts.
Specifically, we assess whether localization is tem-
plated, where cultural markers are substituted into
a culturally-agnostic template, as opposed to holis-
tic localization, where cultural context shapes the
narrative through differences in plot, themes, or
values throughout the story. Our method first iden-
tifies the cultural markers that distinguish stories
across cultural contexts and then measures the sim-
ilarity of the narratives that remain after removing
these markers. Across five models, 125 topics, and
193 nationalities, we find that cultural variation is
limited to a small subset of vocabulary; masking
only 9-17% of culturally-associated words renders
stories across cultures indistinguishable. More-
over, many of these markers are stereotypical, and
markers from 19 countries, primarily located in
the Global South, are, on average, offensive, while
those from the rest are non-offensive or neutral.
Further, after masking these cultural markers, the
remaining narratives become more similar across
cultures, indicating the presence of shared narra-
tive templates. Overall, our method reveals that
current AI-generated stories primarily exhibits tem-
plated localization. This suggests that evaluations
of cultural competence that do not account for the
mechanism of localization may overestimate mod-
els’ competence in generating localized narratives
and highlights the need for methods that capture
deeper narrative variation.
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8 Limitations

We evaluate models by providing a single prompt
and evaluating the resultant generation. The use of
these systems in the real world might involve more
complex interactions, like multi-turn conversations
and detailed prompts (Walsh, 2025). An important
direction of future research here is to understand
the degree of detail in the prompt or during a multi-
turn interaction that results in the model breaking
out of its default homogeneous behavior, and the
impact thereof on users from different sociocultural
backgrounds. Moreover, we focus on closed and
open-sourced LLMs in a zero-shot prompting set-
ting. We leave the examination of other types of
specialized systems, such as Sudowrite, a commer-
cial software for fiction writers, tools with narrative
planning (Xie and Riedl, 2024), or tools that are per-
sonalized for users or communities (Hamna et al.,
2025), to future work. Our method of measuring
whether localization is templated will be useful to
evaluate how more detailed prompts, stronger mod-
els, or other interventions impact the presence of
templated localization in LLM generations.

We analyzed narratives generated when LLMs
are instructed to write children’s stories. While we
based our selection of topics for these stories on
established frame-works of cross-cultural variation
in values, thus expecting that stories written for
these topics may manifest these variations, we ac-
knowledge that the genre of the narratives written
can have an impact on the homogeneity. We hope
that the community will utilize our framework to
extend the evaluation to other genres of narratives,
such as writing of screenplays, fiction for adults,
essays, and even multimodal narratives like films.

We operationalize culture through the proxy of
nationality. Future work must examine the homog-
enization effects at different levels of granularity
within cultures, such as within a specific country
(Bhagat et al., 2026) and for other axes of identities
(Seth et al., 2025).

We relied on the SeeGULL dataset (Jha et al.,
2023) as our source of reference stereotypical at-
tributes. Since the candidate stereotypical attributes
in SeeGULL were sourced from language models —
albeit different models than the ones evaluated here
— this may impact the degree of stereotypicality we
observe. We chose this dataset for its broad cover-
age of nationalities and ratings obtained from raters
residing in those countries. Future work should ex-
plore the use of different methods of collection of

reference stereotypes, such as those created with
community participation (Dev et al., 2023).

Finally, all stories we evaluated were generated
in English, and we focused on examining the simi-
larity in the narratives as operationalized through
multi-word sequences. This was done to facilitate
word-level analysis in identifying similarities to sur-
face latent templates across stories. An important
direction of future research is to characterize the
underlying narratives of these stories either com-
putationally or manually through other forms of
narrative representations such as discourse struc-
ture, themes, narrative events, characters, values,
and so on (Hamilton et al., 2026; Namuduri et al.,
2025; Beguš, 2024; Piper et al., 2021)
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A NPMI Operationalization

We count the number of times that a word appears
in stories of a specific culture and in stories across
all cultures. A higher positive NPMI indicates
higher association between the word and the cul-
ture. NPMI has been used in measuring association
between vocabulary and different classes within
the corpora (such as specific communities) in prior
work (Zhang et al., 2017; Lucy et al., 2023; Bhatt
et al., 2025).

B Stereotypicality in Cultural Markers

We measure the stereotypicality of cultural mark-
ers by calculating the precision between the set
of cultural markers (V k

c ) and the reference set of
stereotypical attributes (Zc). Specifically, preci-
sion is calculated as follows (where |A| denotes the
length of the set A):

|V k
c ∩ Zc|
|V k

c |
(1)

We further measure the average offensiveness
by measuring the average offensiveness of the lex-
ical items in the intersection set. Specifically, let
O(x) be the offensiveness score for a stereotypical
attribute x, we calculate average offensiveness as:
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∑
x∈V k

c ∩ Zc
O(x)

|V k
c ∩ Zc|

(2)

C Classifier Parameters

We fine-tuned the mmBERT model (Marone et al.,
2025) to predict the culture given a story using
our corpus. We fine-tuned the model with a classi-
fier head for 193-way classification. All classifiers
were trained with total epochs set to 50 and an
early stopping criterion of 5 epochs. The valida-
tion macro F1 was used to stop training early if
necessary. Each classifier was trained on 60% of
the stories, and 20% of the stories were used for
validation and testing, each. The max length of
the model was set to 768 and a batch size of 32
was used. After preliminary trials, the learning
rate was set to 3e−5 with a warm-up schedule of
500 steps. Random seed of 47 was used for repro-
ducibility. Table 4 shows the validation accuracy
and best epoch for each of the final classifier.

LLM Fold Best Val Acc. Epochs

gemma-3-12b-instruct 1 0.9050 14.0
gemma-3-12b-instruct 2 0.9074 22.0
gemma-3-12b-instruct 3 0.9069 26.0
gemma-3-12b-instruct 4 0.9053 15.0
gemma-3-12b-instruct 5 0.9017 10.0

gpt-3-5-turbo 1 0.9659 10.0
gpt-3-5-turbo 2 0.9659 10.0
gpt-3-5-turbo 3 0.9660 9.0
gpt-3-5-turbo 4 0.9649 8.0
gpt-3-5-turbo 5 0.9665 10.0

gpt-4o-mini 1 0.9691 8.0
gpt-4o-mini 2 0.9684 14.0
gpt-4o-mini 3 0.9692 14.0
gpt-4o-mini 4 0.9687 15.0
gpt-4o-mini 5 0.9688 16.0

llama-3-1-8B-instruct 1 0.8080 8.0
llama-3-1-8B-instruct 2 0.8036 7.0
llama-3-1-8B-instruct 3 0.8094 7.0
llama-3-1-8B-instruct 4 0.8073 7.0
llama-3-1-8B-instruct 5 0.8089 7.0

llama-3-3-70b-instruct 1 0.9390 9.0
llama-3-3-70b-instruct 2 0.9388 29.0
llama-3-3-70b-instruct 3 0.9398 15.0
llama-3-3-70b-instruct 4 0.9384 8.0
llama-3-3-70b-instruct 5 0.9382 8.0

Table 4: Best validation accuracy and corresponding
epoch for each LLM and fold.

D Complete Classifier Results

Figure 3 shows the performance of the culture clas-
sifier for the remaining 4 LLMs. Similar to results

described in § 5.1, for all LLMs, when the cultur-
ally associated vocabulary is masked the classifier
performance drops sharply. The drop is much more
uniform for random masking. For all models, the
performance on the original stories is near perfect.

E Complete Homogeneity Results

Table 5 shows the homogeneity, as measured by
average similarity of stories when random words
equivalent to the number of cultural markers are
masked.

F Complete Stereotyping Results

Tables 6 to 9 show the top 10 countries with high-
est stereotype precision and offensiveness for all
models. We see patterns similar to those observed
in regional results for GPT 4o Mini stories in § 5.3.
Table 10 shows examples of stereotypical attributes
found in the cultural markers, as calculated using
the SeeGULL dataset.
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(b) Llama 3.3 70B Instruct
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(c) Gemma 3 12B Instruct
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Figure 3: Identifying Cultural markers. F1 of nationality classifier as a function of number of masked words.
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inter-group intra-group inter/intra

original masked % inc. original masked % inc. original masked % inc.

Longest Common Subsequence

gpt 3.5 turbo 0.0252 0.0170 -32.39% 0.0347 0.0350 0.86% 0.7262 0.4857 -33.1%
gpt 4o mini 0.0135 0.0097 -27.90% 0.0172 0.0174 1.09% 0.7849 0.5575 -29.0%
gemma 3.12b instruct 0.0114 0.0096 -15.71% 0.0137 0.0148 7.99% 0.8321 0.6486 -22.1%
llama 3.1 8b instruct 0.0122 0.0094 -22.31% 0.0131 0.0134 2.84% 0.9313 0.7015 -24.7%
llama 3.3 70b instruct 0.0180 0.0134 -25.38% 0.0263 0.0265 0.56% 0.6844 0.5057 -26.1%

Jaccard (4-gram shingles)

gpt 3.5 turbo 0.0299 0.0141 -53.02% 0.0419 0.0426 1.71% 0.7136 0.3310 -53.6%
gpt 4o mini 0.0161 0.0080 -49.93% 0.0217 0.0224 3.36% 0.7419 0.3571 -51.9%
gemma 3.12b instruct 0.0075 0.0044 -40.64% 0.0122 0.0176 43.59% 0.6148 0.2500 -59.3%
llama 3.1 8b instruct 0.0093 0.0040 -56.74% 0.0110 0.0123 11.77% 0.8455 0.3252 -61.5%
llama 3.3 70b instruct 0.0218 0.0120 -44.76% 0.0339 0.0345 1.55% 0.6431 0.3478 -45.9%

Table 5: Narrative homogeneity. Multi-word similarity amongst stories on the same topic in either their original
form or when random words equivalent to the number of cultural markers are masked. Intra-group measures the
similarity amongst stories for the same nationality. The last column group divides the inter-group similarity by the
intra-group similarity to control for similarity attributable to a cross-nationality template.

Nationality Precision Nationality Offensiveness

Australia 0.0172 Rwanda 4
India 0.0095 Bosnia 3
Mexico 0.0093 Bulgaria 3
New Zealand 0.0088 Honduras 2.667
Japan 0.0082 Gabon 2.667
France 0.0077 Indonesia 2.667
Italy 0.0077 Sri Lanka 2
Ethiopia 0.0068 Pakistan 1.75
America 0.0064 Namibia 1.667
Vietnam 0.0054 Colombia 1.667

Table 6: Stereotypes. Top 10 countries with highest
stereotype precision and offensiveness as rated by re-
gional raters for cultural markers form GPT 3.5 Turbo.

Nationality Precision Nationality Offensiveness

Australia 0.0124 Tunisia 4
America 0.0083 Rwanda 3.333
China 0.0077 Bosnia 3
India 0.0056 Colombia 2.667
Germany 0.0055 Liberia 2.5
New Zealand 0.0055 Bangladesh 2.333
Italy 0.0049 Gambia 2
Japan 0.0046 Rep. of Congo 2
North Korea 0.0044 Afghanistan 1.389
Pakistan 0.0036 Mexico 1.333

Table 7: Stereotypes. Top 10 countries with highest
stereotype precision and offensiveness as rated by re-
gional raters for cultural markers form Llama 3.1 8B
Instruct.

Nationality Precision Nationality Offensiveness

Australia 0.0175 Rwanda 4
China 0.0074 Gambia 3
Italy 0.0073 Cameroon 2.667
Japan 0.0061 Venezuela 2.667
Vietnam 0.0059 Bangladesh 2.667
North Korea 0.0059 Poland 2.667
New Zealand 0.0056 Burundi 2.333
Greece 0.0055 Mexico 2
America 0.0055 Argentina 2
Ethiopia 0.0045 Pakistan 1.556

Table 8: Stereotypes. Top 10 countries with highest
stereotype precision and offensiveness as rated by re-
gional raters for cultural markers form Llama 3.3 70B
Instruct.

Nationality Precision Nationality Offensiveness

Australia 0.0121 Yemen 4
India 0.0091 Bosnia 4
Japan 0.0079 Angola 3.667
China 0.0078 Iraq 3.667
Afghanistan 0.0075 Algeria 3.333
North Korea 0.0058 Romania 3.333
New Zealand 0.0056 Azerbaijan 3.333
America 0.0046 Syria 3
Pakistan 0.0044 Cameroon 3
Spain 0.0037 Albania 2.667

Table 9: Stereotypes. Top 10 countries with highest
stereotype precision and offensiveness as rated by re-
gional raters for cultural markers form Gemma 3 12B
Instruct.
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Nationality Stereotypes

GPT 4o Mini

Syria violent
China witty, sophisticated
Bangladesh beggar
Gambia unreliable
India mystic, religious, witty, vegetarian, untidy, undisciplined

GPT 3.5 Turbo

Denmark progressive
Afghanistan backward, killer
Iran oppressive
Pakistan criminal, paranoid, uneducated
Turkey ruthless, conservative

Llama 3.1 8B Instruct

Cameroon tribal, talkative
German punctual, thorough, blonde
Italy expressive, temperamental, foodie
Kenya industrious
Liberia barbaric, uneducated

Llama 3.3 70B Instruct

Vietnam smelly, communist
Japan ninja, courteous, samurai
Nepal rational
Nigeria smelly, witch
South Africa apartheid, unfriendly

Gemma 3 12B Instruct

Lebanon terrorist
Uganda untrustworthy
Britain proper, aloof
Venezuela dumb
Israel pushy

Table 10: Example of cultural markers that overlap with stereotypes from SeeGULL dataset.

18


	Introduction
	Background
	Method
	Overview
	Identifying Cultural Markers
	Homogeneity of Remaining Narratives
	Characterizing Cultural Markers

	Experimental Materials
	Results
	Identifying Cultural Markers
	Homogeneity of Remaining Narratives
	Presence of Stereotypes

	Discussion
	Localization
	Stereotyping

	Conclusion
	Limitations
	NPMI Operationalization
	Stereotypicality in Cultural Markers
	Classifier Parameters
	Complete Classifier Results
	Complete Homogeneity Results
	Complete Stereotyping Results

