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Abstract

Large Language Models (LLMs) are known
to lack cultural representation and overall di-
versity in their generations, from expressing
opinions to answering factual questions. To
mitigate this problem, we propose multilingual
prompting: a prompting method which gener-
ates several variations of a base prompt with
added cultural and linguistic cues from sev-
eral cultures, generates responses, and then
combines the results. Building on evidence
that LLMs have language-specific knowledge,
multilingual prompting seeks to increase di-
versity by activating a broader range of cul-
tural knowledge embedded in model training
data. Through experiments across multiple
models (GPT-40, GPT-40-mini, LLaMA 70B,
and LLaMA 8B), we show that multilingual
prompting consistently outperforms existing
diversity-enhancing techniques such as high-
temperature sampling, step-by-step recall, and
persona prompting. Further analyses show
that the benefits of multilingual prompting
vary between high and low resource languages
and across model sizes, and that aligning the
prompting language with cultural cues reduces
hallucination about culturally-specific informa-
tion.

1 Introduction

Large Language Models (LLMs) are now om-
nipresent: they have effectively replaced traditional
search engines, and people use them to do every-
thing from studying to planning travel and other
leisure activities (Chatterji et al., 2025). As a result,
LLMs have an ever-increasing power to dictate ex-
posure to ideas, facts, and people, as the public uses
LLMs to gain access to information. It is impor-
tant that this exposure is distributed in an equitable
manner. Lack of diversity in LLM generations—
especially when querying for new information—
can lead to a host of problems: lack of demographic
diversity when the LLM is queried about individ-
uals can lead to unfair lack of exposure of artists,
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Figure 1: An example of the diversity of an LLM’s
(GPT-40) responses when prompted in English versus
in multiple languages: on the left, we show demographic
diversity, specifically the range of different nationalities
represented in an answer about which singers to follow;
on the right, we show the level of agreement with a
controversial social norms statement. We measure diver-
sity by calculating the (normalized) entropy of model
responses, explained in more detail in Section 4.1. Mul-
tilingual prompting leads to an increase in diversity.

academics, and other professionals on the basis of
their race, ethnicity, or nationality. Lack of cultural
diversity in response to questions about controver-
sial topics can contribute to inaccurate results when
LLMs are used as substitutes for human responses
in user studies, annotation tasks, and opinion sur-
veys, as these responses do not reflect the diversity
of real-world perspectives. Indeed, prior work has
shown that LLMs do not represent the true diversity
of human expression in a variety of ways—from re-
ducing sentiment and topic diversity for tasks such
as book reviews (Wu et al., 2024), to demonstrat-
ing poor linguistic diversity when helping humans
write essays (Padmakumar and He, 2023). Perhaps
even more importantly, LLMs have been shown to
generate largely monocultural responses to contro-
versial questions, often leaning toward expressing
Western values (Wang et al., 2025), or even a subset
of Western values (Santurkar et al., 2023).
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Figure 2: Above: an overview of multilingual and multicultural prompting, and our diversity evaluation. Below:
example prompts from our multilingual and multicultural methods, and a subset of methods we compare to.

These trends continue in our own experiments.
In Figure 1, we show an example of LLLM responses
when asked about individuals in various profes-
sions, for example, what musical artists to listen
to. When prompted in English, LLM answers are
largely limited to American artists, and exclude
those from other cultural backgrounds. Similarly,
when we ask LLMs in English whether they agree
with a statement known to be controversial among
humans (Forbes et al., 2020), e.g., “You should not
feel obligated to go to your family reunions”— the
models largely agree with this statement, generat-
ing homogeneous responses which do not reflect
the variety of perspectives across different cultural
contexts.

In this work, we propose that language and other
cultural cues can be a powerful lever for enhanc-
ing diversity in LLM outputs, which points to a
way to mitigate these problems. Returning to Fig-
ure 1, we see that prompting the model separately
in multiple different languages and combining the
responses leads to higher diversity in the ethnicity
and nationality of the artists suggested. Similarly,
if we ask the model in several different languages
for opinions about whether people should feel obli-
gated to attend their family reunions, the response
varies much more in its level of agreement with
the statement. These results add to increasing ev-
idence (Aggarwal et al., 2025; Himaéldinen et al.,
2023) that LLMs encode culturally specific infor-
mation linked to the language and other cultural
cues in the input—and we suggest these differ-
ences in LLM behavior across different languages
and cultural cues present an opportunity to deliber-
ately create more diverse generations.

But this raises the question: what is the best way
to prompt the model to tap into its culture-specific
knowledge, in order to create more diverse, but
correct, generations? Is language itself the best
signal to prompt the model to dip into particular
cultural knowledge, or are cultural cues such as
giving a name, birthplace and personality cues for
a persona on their own enough? (See Figure 2 for
example prompts.) In Sections 4 and 6, we explore
these questions. We find that both language and
cultural cues are important for boosting diversity,
but prompting in the language connected to a given
culture achieves higher diversity overall. Further,
we see that matching cultural cues and language is
important to prevent hallucination for culturally rel-
evant information, e.g. giving the names of actual
Chinese singers as opposed to simply outputting
Chinese names.

Given these results, we posit that multilingual
prompting, using cultural cues and language, is
a preferable method to multicultural prompting,
which uses cultural cues alone while prompting
in English. After establishing this result, in Sec-
tion 6, we investigate how multilingual prompting
performs as the number of languages increases, as
well as over low- and high-resource languages.

In sum, in this work, we present the following
three contributions: (1) we introduce and evalu-
ate multilingual and multicultural prompting as
shown in Figure 2 as methods to increase demo-
graphic, cultural, and other forms of diversity in
LLM generations. We find that these methods in-
crease demographic and cultural diversity in LLM
generations better than state of the art methods,
such as step-by-step recall prompting (Hayati et al.,
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2023), generating personas (Wang et al., 2025),
and increasing temperature (Chung et al., 2023),
all while maintaining accuracy on factual tasks. (2)
We explore whether using the native language that
corresponds to the cultural cues reduces hallucina-
tion for culture-specific pieces of information, such
as names of famous singers from different parts of
the world. Based on human evaluation of model
outputs, we find that specifically prompting in the
language associated with a specific culture reduces
hallucinations about that culture when compared
to prompting in English, suggesting that language
is imperative for generating accurate and diverse
information. (3) Finally, we evaluate the perfor-
mance of multilingual prompting as the number
of languages increases, as well as across lower-
and high-resourced languages. We see that over-
all, the diversity gain from multilingual prompting
increases with the number of languages used. Fur-
ther, we see that some models gain more diversity
from prompting in high-resourced languages, while
smaller models demonstrate greater diversity gains
from lower-resourced languages.

2 Related Work

Current Diversity Issues in LLMs. Recent re-
search has raised concerns about the lack of diver-
sity in LLM opinions, cultural perspectives, and
linguistic expression (Wang et al., 2025; Padmaku-
mar and He, 2023; Tevet and Berant, 2020). For
example, recent work has revealed that LLMs re-
flect the opinions of dominant groups dispropor-
tionately even despite prompt steering (Santurkar
et al., 2023), and that LLMs can produce nearly
identical responses even when primed with demo-
graphic variation in prompts (Park et al., 2024;
Kitadai et al., 2024). More broadly, many au-
thors have expressed concern about homogeniz-
ing, monocultural tendencies of LLMs leading to
societal harm, from discrimination to model col-
lapse (Bommasani et al., 2022; Fabris et al., 2022;
Kleinberg and Raghavan, 2021; Wu et al., 2024;
Shumailov et al., 2024; Zhang et al., 2024).

To counter these issues, researchers have ex-
plored methods to increase diversity in LLM out-
puts while maintaining coherence and accuracy.
We compare multilingual prompting to many of
these methods in Section 4.3, including sampling-
based approaches (e.g., high temperature, top-k
sampling); persona-based prompting (Cheng et al.,
2023), where models simulate varied viewpoints by

adopting socio-demographic roles or synthetic iden-
tities (Mukherjee et al., 2024; Beck et al., 2023);
and step-by-step recall prompting, which encour-
ages the model to explore multiple evaluative di-
mensions or iteratively expand its answer space
(Hayati et al., 2023). Overall, based on our evalu-
ation of demographic diversity for prompts about
individuals and diversity of perspective in prompts
on social norms, we find that multilingual prompt-
ing is more effective than these other methods.

LLMs Across Languages. A separate line of
work has shown that LLMs perform variably across
languages (Ohmer et al., 2023; Goldman et al.,
2025). While much of this work has focused on
negatives——e.g., showing that LLLMs have differ-
ing ability to recall facts in different languages—
we argue that this variability can be exploited. Per-
haps most related to our work, Kwok et al. explore
to what extent language and other cultural cues
can help LLMs respond to questions in a manner
that reflect a particular cultural background (Kwok
et al., 2024). Importantly, our work differs in that
we suggest multilingual prompting as a method to
improve general diversity in LLM responses, rather
than attempting to faithfully recreate a particular
cultural background. Interestingly, their findings
suggest that using native language is not helpful
for eliciting representative responses for specific
cultures, but that culture-and nationality-specific
cues in English are most effective. However, we
find that adding native language provides a diver-
sity boost when used in conjunction with cultural
cues. Further, while Kwok et al. (2024) find that
using native language decreases performance of
matching human outputs from a given culture, we
find that using native language increases the perfor-
mance of the LLM by decreasing culture-specific
hallucination (see Section 5).

3 Multilingual and Multicultural
Prompting

We present two related prompting methods in this
work, which we call multilingual and multicultural
prompting. Both multilingual and multicultural
prompting work to increase LLM generation di-
versity by eliciting responses to several different
versions of the same prompt, each with different
cultural and/or linguistic cues, and then combining
them into one response. One goal of this work is to
understand which method is the best to increase di-
versity in LLM generations. Multicultural prompt-
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ing does so by relying solely on adding cultural
cues, in English—such as adding to the prompt
that the LLM is English-speaking, or giving a per-
sona a Chinese name and adding they were born
in Beijing. For multilingual prompting, we rely on
these cultural cues and translate the prompt to the
language associated with that culture. See Figure 2
for examples. Our multilingual and multicultural
prompting methods consist of three main steps, also
shown in Figure 2:

1. Preparing the Queries: We begin by editing
the original English query by creating n versions
of the original query, each with added cues related
to various languages or culture (e.g., “You are a
Chinese-speaking assistant”, see more in Figure 2)
and, in the case of multilingual prompting, also
translating the prompt into the corresponding tar-
get languages (e.g. Chinese). For example, to do
multilingual or multicultural prompting with En-
glish, Chinese, and Japanese, we generate three
versions of the prompt, each corresponding to one
language and set of cultural cues.

We have two types of multicultural/lingual
queries, one set of which we label “basic” and
the other we label “enhanced”. The basic variant
consists of prompting the model with “You are an
[language]-speaking assistant”. Enhanced multicul-
tural/lingual prompting adds three addition cultural
cues: a name, birthplace, and favorite food. Follow-
ing prior work (Kwok et al., 2024), in preliminary
experiments, we find that language completely on
its own, without any cultural signal, does not in-
crease diversity.

In the implementation we release,' users can
select arbitrary target languages to suit their own
cultural preferences. The experiments presented in
this paper focus on Chinese, Japanese, and English
in our initial experiments in Sections 4, before ex-
panding to Spanish, French, Nepali, Thai, Turkish,
and Ukrainian in section 6.

2. Model Response Generation: The modified
prompts (one per language) are then given to the
LLM one at a time. The model generates responses
for each modified query. For multilingual prompt-
ing, the model responds in various different lan-
guages, and we translate all answers back into En-
glish using GPT-40-mini.

'Our code repository is available at:
https://github.com/mangocyann/Multilingual-Prompting-for-
Improving-LLM-Generation-Diversity.

3. Aggregation: We then combine the responses
into one answer. In this work, we simply con-
catenate the responses from the modified prompts
to generate one overall response. We make this
choice easily by tabulating diversity by comparing
the range of responses from multilingual prompting
to other prompting methods, such as our baseline
of rephrasings of the original query in English. We
discuss other methods for aggregation of LLM re-
sponses in our discussion section.

4 Increasing Demographic and
Perspective Diversity

In this section, we present our experimental frame-
work and results showing how multilingual prompt-
ing can increase demographic and perspective di-
versity compared to other methods.

4.1 Dataset and Metrics

We test the diversity of LLM responses for two
tasks: responding to questions about controversial
social norms, and naming individuals in various
professions.

Social Norms: the Social Chemistry 101 Dataset.
For this task, we ask the LLM to select a multiple-
choice response to a statement making a claim
about a controversial social norm—i.e., one that
humans have differing opinions on.

Specifically, we use a modified version of the
Social Chemistry 101 dataset (Forbes et al., 2020),
a large-scale corpus designed to capture human
moral and social norms through Rules of Thumb—
natural language statements reflecting implicit prin-
ciples of social acceptability. The dataset includes
human baseline judgments, where annotators in-
dicate the degree of agreement with each state-
ment. In order to ensure we are focusing on truly
controversial statements where diverse responses
are desirable, we specifically focus on a subset
of the dataset where only 25-75% of annotators
agree with the given statement. Example state-
ments include “You should not feel obligated to go
to your family reunions” and “It’s wrong to keep
your health a secret’”.

While the original dataset only includes the state-
ments themselves, in order to evaluate diversity in
model agreement and model reasoning, we used
an LLM to generate multiple-choice responses to
each statement. Specifically, we generated four
choices, including two agreeing and two disagree-
ing valences, all with explanations that encoded
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different moral values to support the viewpoints.
For example, “valence”: “agree”; “explanation”:
“Obligations shouldn’t dictate personal choices; you
should only go if you want to.” More examples
and the prompts used to generate them, are in Ap-
pendix A.1.1. We then use these multiple-choice
answers to calculate the diversity in both the judg-
ment (agreeing or disagreeing) and in the justifica-

tion for it.

Demographic Representation: the People Di-
versity Dataset. In this task, we ask an LLM to
generate names for individuals in various profes-
sions, and assess the demographic diversity of the
response in terms of nationality, ethnicity, and ge-
ographic region. To do so, we use the People Di-
versity Dataset (Lahoti et al., 2023). The dataset
consists of 105 questions asking for the names of
individuals in a particular profession and context.
For example, “Name some writers that inspire you”.
In our experiment, we ask the LLMs to generate
exactly 10 names for each question.

Metrics. To assess the diversity of LLM re-
sponses to questions from both datasets, we rely on
the following entropy measures.

Reason and Valence Entropy. To assess the diver-
sity in reasoning across LLM responses to social
norms questions, for each prompting strategy, we
calculate the average entropy across the three re-
sponses we generate from the model for each query
corresponding to each language or culture. We call
this reason entropy. To assess the diversity in agree-
ment/disagreement, we calculate entropy, but treat
responses that have the same judgment (agree/dis-
agree) as interchangeable. We call this valence
entropy. For example, Reason Entropy is calcu-
lated as HRreason = — ZiE{A,B@D}p(i) log p(1),
where p(¢) represents the probability of the model
selecting choice ¢. Valence entropy only has two
choices: agree or disagree. A higher entropy in-
dicates a greater diversity, because we focus on
controversial questions, higher diversity is gener-
ally desirable.

Demographic Entropies. To evaluate demo-
graphic representation, we use an LLM (GPT-4o-
mini) to annotate the nationality, ethnicity, and
region for each name generated. To ensure the
reliability of these cultural origin annotations, we
conduct performance checks for the annotation (see
details in Appendix A.2.2). Then, for each ques-
tion, we calculate the entropy for each attribute

across the thirty names (10 names for each of the
3 languages) generated from each prompting strat-
egy to measure the cultural diversity of the model’s
predictions. For each attribute A, we define its en-
tropy H(A) as: H(A) = — Y ,cc, ple) log p(c),
where C 4 is the set of possible categories within
attribute A, and p(c) represents the probability of
category c occurring in the model’s annotations.
In Section 4.3, we report the average normalized
entropy across all questions.

To place all metrics on a common [0, 1] scale,
we divide each raw score by the maximum value
it could theoretically attain under the same option
count, H = %, where H is the unnormal-
ized value and Hy,,y is the corresponding upper
bound. Details about normalization can be found

in Appendix A.3 and Appendix A.4.

4.2 Baselines and Performance Tests

To ensure a fair comparison across prompting
strategies, we generate three LLM responses with
each strategy (multicultural, multilingual, and the
baselines and comparison methods below), and
evaluate the diversity of the concatenated responses.
The exact phrasing of all prompts is included in Ap-
pendix A.1.2 and Appendix A.2.1.

Baseline. Our baseline consists of prompting the
model n times in English only. To ensure compa-
rability with multilingual methods, we adopt the
same sampling strategy: each query is preceded by
a short preamble (“You are a helpful assistant™) and
rephrased into multiple lexical variants with high
syntactic similarity, as prior work has shown that
LLMs are sensitive to phrasing (Sclar et al., 2023).
Then, the n outputs are concatenated and used to
compute diversity metrics. We refer to this as mono-
lingual prompting. By comparing such monolin-
gual and multilingual prompting, we can attribute
observed entropy gains to cross-lingual variation
rather than the phrasing sensitivity of LLMs in
generation. (See Figure 2 and Appendix A.1.2
and A.2.1 for prompt details.)

Comparisons. To assess the effectiveness of our
approach, we compare our method against previ-
ously established diversity-enhancing techniques:

» High-temperature sampling, using the monolin-
gual strategy from above, but setting temperature
= 1.3 (Chung et al., 2023).

* Requesting Diversity: We also compare with
prompts that simply ask the model to be diverse,
namely by adding “Please try to be as diverse
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as possible” to the monolingual prompt. For
these two comparison methods, to increase di-
versity, we also evaluate the diversity over con-
catenated responses of three rephrased versions
of the prompt.

* Random Personas: Following prior work (Wang
et al., 2025), we create personas for the model
prior to prompting. To separate persona prompt-
ing from multilingual prompting, these prompts
do not encode cultural information, but rather
professions and other personality traits. We use
the same number of personas as languages and
evaluate concatenated responses.

» Step-by-step Recall (Hayati et al., 2023): This
prepends past answers to subsequent questions
sequentially to ask the model to generate new an-
swers after reflection on prior answers. To com-
pare fairly, we generate query responses from
three rounds of Step-by-Step Recall, and evalu-
ate the concatenated responses.

We include Step-by-Step Recall and Requesting
Diversity for the demographic diversity tasks, but
not social norm tasks, as they do not work well
with multiple-choice outputs. Step-by-Step Recall
asks the model to reveal its first answer and then
generate a different one in the next round, forcing
the model to change its mind, which contradicts the
spirit of a single-choice multiple-choice task. Sim-
ilarly, Requesting Diversity is designed to elicit a
set of varied outputs, but in the social-norm setting,
the model must commit to exactly one label, so the
notion of “being diverse” reduces to a single token
and loses its intended effect.

Performance Checks. To ensure that the LLMs
are reasoning well when responding to the multiple-
choice questions given from the modified social
norms dataset (Forbes et al., 2020), we perform a
test with different multiple-choice responses based
on Zellers et al. (Zellers et al., 2019), where three
out of four responses are logically nonsensical rea-
sons for agreeing or disagreeing to the controver-
sial statement, discussed further in Appendix A.8.3.
More broadly, to verify that multilingual prompt-
ing does not compromise the factual accuracy of
language models, we evaluate their performance
on the Multilingual Grade School Math Bench-
mark (MGSM) (Shi et al., 2022), which consists of
mathematical reasoning tasks translated into mul-
tiple languages. Across all models, we observe
that multilingual prompting maintains similar fac-
tual accuracy to monolingual prompting: GPT-

Model  Strategy Reason Agreement Demo Avg.
Monolingual (Baseline) ~ 0.079 0.076 0.315
Diversity-Enhancing
Requesting Diversity — — 0.370
High Temperature 0.161 0.128 0.344
Step-By-Step Recall — — 0.378

GPT-40 Random Personas 0.166 0.150 0.335
Our Prompting
Basic Multicultural 0.191 0.172 0.360
Basic Multilingual 0.249" 0.210 0.415
Enhanced Multicultural ~ 0.280" 0.245" 0.378
Enhanced Multilingual ~ 0.300" 0.247" 0.387
Monolingual (Baseline)  0.089 0.050 0.314
Diversity-Enhancing
Requesting Diversity — — 0.349
High Temperature 0.121 0.058 0.345

GPT Step-By-Step Recall — — 0.363

4o-mini Random Personas 0.128 0.088 0.338
Our Prompting
Basic Multicultural 0.127 0.096 0.402
Basic Multilingual 0.299" 0.176" 0.426"
Enhanced Multicultural ~ 0.167 0.102 0.390
Enhanced Multilingual ~ 0.304" 0.190" 0.413"
Monolingual (Baseline)  0.050 0.048 0.311
Diversity-Enhancing
Requesting Diversity — — 0.341
High Temperature 0.068 0.056 0.357
Step-By-Step Recall — — 0.359

L%}l}\é{A Random Personas 0.135 0.122 0.312
Our Prompting
Basic Multicultural 0.105 0.086 0.377
Basic Multilingual 0.262" 0.218" 0.402"
Enhanced Multicultural ~ 0.280" 0.170 0.409"
Enhanced Multilingual ~ 0.304" 0.222" 0.428"
Monolingual (Baseline)  0.094 0.064 0.325
Diversity-Enhancing
Requesting Diversity — — 0.322
High Temperature 0.236 0.164 —
Step-By-Step Recall — — 0.377

LnglA Random Personas 0.143 0.086 0.334
Our Prompting
Basic Multicultural 0.257 0.208 0.380
Basic Multilingual 0.555" 0.465" 0.427"
Enhanced Multicultural ~ 0.164 0.070 0.382
Enhanced Multilingual ~ 0.471" 0.469" 0.388

Table 1: Normalized entropy across social norm

(Reason, Agreement) and demographic representation
(Demo Avg.). “Demo Avg.” stands for the demo-
graphic average between nationality, ethnicity, and re-
gion. ‘—’ indicates experiments not run, explained in
Section 4.1. * indicates the statistically significant dif-
ferences between our methods and the best performance
in diversity-enhancing comparisons.

40-mini shows virtually no change; for GPT-40
and LLaMA-70B, there is a slight performance
drop around 5%, but the overall competency of
the model remains intact. More information is in
Appendix A.6.

Models. We conduct experiments over four main-
stream models: GPT-40, GPT-40-mini (Hurst
et al.,, 2024), LLaMA 3.3 70B and LLaMA 3.1
8B (Grattafiori et al., 2024).

4.3 Results

Multilingual Prompting Boosts Diversity of
LLM Responses. To evaluate whether and how
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multilingual and multicultural prompting promotes
more opinion diversity across social norm-related
questions, and demographic diversity in questions
about individuals, we compare LLM responses
across prompting strategies using the three metrics
defined earlier: Reason Entropy, Agreement En-
tropy, and Demographic Entropies. Table 1 reports
the mean normalized entropy scores for each model
across the different prompting strategies. Strategies
are grouped into baseline, comparison, and mul-
tilingual and multicultural (our) methods. Due to
space constraints, we present the average results for
nationality, ethnicity, and geographic region diver-
sity. Full results, including graphs of table results
for ease of interpretation, are in Appendix A.8.

Across all models and metrics, multilingual
prompting strategies consistently yield the highest
diversity scores. Enhanced multilingual prompt-
ing have the top score for eight out of twelve
experiments, with basic multilingual topping the
other four. Multilingual prompting strategies in-
crease reason entropy for social norms questions
compared to the best performing diversity increas-
ing comparison methods by a factor of 1.8x-2.38x
across all four models, and agreement entropy be-
tween 1.65- 2.86x. The demographic diversity
increase is more modest, but still consistent, be-
tween 1.1-1.2x. Impressively, when comparing to
the monolingual baseline, multilingual prompting
methods can get to up to a 6x increase in reason
entropy (LLaMA-70B), 7.3x increase in agreement
entropy (LLaMA-8B), and 1.35x (LLaMA-70B)
increase in demographic entropies.

Beyond outperforming comparison methods and
baselines, multilingual prompting methods consis-
tently outdo multicultural prompting methods, sug-
gesting the added importance of language in reach-
ing different regions of an LLM’s knowledge base.
Interestingly, the added benefit of language varies
depending on the level of added cultural cues in the
prompts: language is especially helpful when there
is less cultural information in the prompt. Basic
multilingual prompting performs markedly better
than basic multicultural, by a factor 2x on average
for reasoning and agreement entropy (social norm)
experiments and 1.1x on average for demographic
entropies. Meanwhile, with the exception of two
outliers from LLaMA-8B, enhanced multilingual
only outperforms enhanced multicultural by a fac-
tor of 1.09 on average for reasoning and agreement
entropy (social norm) experiments and 1.04x on
average demographic entropies.

Another interesting phenomenon we observe
is that occasionally, basic multilingual prompting
yields higher demographic entropy than enhanced
multilingual prompting. We suggest that this is
the result of a narrowing effect where stronger cul-
tural cues for a specific cultural background in en-
hanced multilingual prompting can lead the model
to elicit responses centered around that particular
region or culture, sometimes reducing overall di-
versity. By contrast, the basic multilingual prompts
are more likely to be a mix of multiple cultures
or regions, thus yielding higher entropy. We see
support for this idea when analyzing the names
generated across the two kinds of prompts. For
example, when comparing enhanced and basic mul-
tilingual prompting in Chinese, GPT-40 produces
547 Chinese names with the enhanced multilin-
gual prompt versus 427 with the basic multilingual
prompt out of 1050 names generated. Similarly,
GPT-40-mini produced 597 versus 369 Chinese
names, and LLaMA-8B produced 728 versus 293
Chinese names in enhanced multilingual versus ba-
sic multilingual, respectively. This behavior may
suggest that basic multilingual prompting can be
preferable for achieving broad demographic cov-
erage, whereas enhanced multilingual prompting
may be more suitable when culturally specific re-
sponses are desired.

Taken together, our results suggest that both lin-
guistic variation and cultural cues in prompts serve
as valuable signals for models to generate more
inclusive and varied content, reflecting a broader
range of perspectives and cultural attributes. Fur-
ther, our results show that using these cultural and
language cues together is a more effective strategy
for eliciting diverse responses from the model than
other diversity-enhancing methods. These results
may be surprising given prior work showing mini-
mal impact of language in eliciting specific cultural
perspectives (Kwok et al., 2024), but align with
prior work suggesting that LLMs have language-
specific knowledge bases (Aggarwal et al., 2025).
In the next section, we show that beyond mild gains
in improving diversity, multi/ingual prompting per-
forms better than multicultural prompting, as we
see that multi/ingual prompting prevents hallucina-
tion about culturally-relevant information.

S Language Helps Prevent Hallucination

We now demonstrate that language is an impor-
tant component of multilingual prompting, as it
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Figure 4: Error rates of Chinese names generated under
two prompting strategies. Using multilingual prompts
in Chinese yields a lower error rate compared to mul-
ticultural prompts (cultural cues but without including
the relevant language) in English, demonstrating that
prompting in the relevant language reduces hallucina-
tion.

can lead to lower hallucination rates for recalling
information related to cultures and nationalities
where English is not a main language. In particu-
lar, we demonstrate that multicultural prompting
with cultural cues but without including the rele-
vant language, (i.e., “Chinese-speaking, born in
Bejing” but the prompt is not in Chinese) can lead
to higher hallucination rates on non-Western names
in queries about individuals. For example, in the
multicultural setting, when asked, “Who are some
circus performers that you admire?”, the model re-
sponded with “Zhang Yimou.” However, Zhang Yi-
mou is not a circus performer but rather a renowned
Chinese film director. Such errors highlight how
excluding the relevant language in prompts can
increase hallucinations.

5.1 Experimental Setup

For this experiment, we test hallucination rates on
Chinese names generated in response to questions
about individuals in various professions. To do so,
we first randomly sample profession-name pairs

generated by the Chinese prompt component of
the (basic and enhanced) multilingual and multicul-
tural prompting strategies on the People Diversity
Dataset, which asks about naming individuals from
different professions. Within the profession-name
pairs generated by the Chinese modified prompt,
we specifically sample profession-name pairs that
were annotated as Chinese by the labeling LLM.
We sample 105 pairs each for the basic multilingual,
multicultural, enhanced multilingual, and enhanced
multicultural methods.

Then, to calculate the hallucination rate of gen-
erated names, we collected human annotations
through Prolific. We classify a name as halluci-
nated for a given profession query if that name
is not associated with a person in that profession
through a Google or Wikipedia search. Annotators
were given a name and profession from the LLM
generation. They are instructed to search the pro-
vided name on Google and Wikipedia, and report
whether the name is likely a hallucination i.e., not
associated with someone of that profession, or not.
To ensure annotation accuracy from Prolific annota-
tors, each name is evaluated independently by three
different annotators. Authors manually inspect in-
consistent cases (details in Appendix A.7).

5.2 Results

Language Helps Prevent Hallucination. The
evaluation reveals a notable difference between
the hallucination rate of Chinese names generated
from a prompt in Chinese, versus in English. The
multilingual strategy (using prompts in Chinese
with Chinese cultural cues) achieves an error rate
of 13 out of 105 (12.4%), whereas the multicultural
strategy (using prompts in English with Chinese
cultural cues) attains a higher rate of 28 out of 105
(26.7%). This 14% difference suggests that using
the relevant language to signal the model to pro-
vide responses about a given culture is an important
component of generating diverse responses that are
also factually correct. Moreover, the enhanced mul-
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tilingual strategy (using prompts in Chinese with
more elaborate Chinese cultural cues) achieves an
error rate of 8 out of 105 (7.7%), whereas the en-
hanced multicultural strategy (using prompts in En-
glish with more elaborate Chinese cultural cues) at-
tains a higher rate of 20 out of 105 (19.0%). These
results confirm a trend seen in prior work, which
has shown that LLMs have different factual knowl-
edge across different languages (Aggarwal et al.,
2025).

6 Multilingual Prompting Across
Resource Levels

To further investigate the dynamics of multilingual
prompting, we test whether diversity gains increase
as the number of languages increases, and the per-
formance of the technique across high versus low
resource languages. Overall, we find that as the
number of languages increases, diversity increases.
Interestingly, we find that the performance of multi-
lingual prompting across low and high resource
languages is model-specific.

6.1 Experimental Setup

We evaluate two multilingual settings, both of
which have English as a base language. One set-
ting adds high-resourced languages for diversity
increase: English, Chinese, Japanese, Spanish,
and French; and the other setting adds of lower-
resourced languages—Nepali, Thai, Turkish, and
Ukrainian (Aggarwal et al., 2025). Additionally,
we examine how the number of languages used
for multilingual prompting (i.e., 3, 4, or 5 lan-
guages) affects output diversity, providing insights
into whether prompt-level language variety exhibits
linear or saturating gains.

To ensure that our high- versus lower-resourced
experiments remain directly comparable across
the k£ = 3,4, 5 language settings, we standardize
both the amount of data collected and the scale
on which each diversity metric is reported. De-
tails on how this is done are in Appendix A.3. To
ensure that models performed sufficiently well on
lower-resourced languages to include in this ex-
periment, we extend our performance check from
Section 4.1 to lower-resourced languages, as well
as testing instruction following. Results are in Ap-
pendix A.8.3. GPT-40 and GPT-40-mini perform
well, and LLaMA-70B and 8B do not, so we do
not include them.

6.2 Interaction Effects between Model Size
and Resource Level

Our results are presented in Figure 3. Overall, we
observe that increasing the number of languages
from 3 to 5 improves diversity.

Further, our results reveal that diversity perfor-
mance across low and high resource languages
is model-specific. For the larger GPT-40 model,
high-resourced language combinations consistently
yield higher diversity scores across all three met-
rics—Reason Entropy, Agreement Entropy, and
Perspective Diversity. In contrast, for the smaller
GPT-40-mini model, lower-resourced language
combinations outperform high-resource ones.

7 Conclusion

We introduce multilingual and multicultural
prompting methods to enhance cultural diversity
in LLM-generated responses. We show that they
outperform existing methods for this task. More-
over, we find that multilingual prompting—where
the language matches the cultural cues added to
each modified version of the original LLM query—
is more effective than multicultural prompting—
which simply provides cultural cues for various
cultures but maintains all modified prompts in
English— both for promoting diversity, and for re-
ducing model hallucination about culture-specific
information. This suggests that language is an
important component in eliciting more diverse re-
sponses. We hope that our method can be an easy,
accessible way to increase LLM generation diver-
sity for relevant tasks.

8 Limitations

Finally, we discuss some limitations of our work.
Broadly, enhancing diversity may not always be a
good outcome. Establishing when is the right time
to elicit diverse responses is out of scope for this
work, but we look forward to exploring in future
work.

Another limitation of our work is that we only
explore concatenation as an aggregation strategy—
for tasks which require succinct answers, other
aggregation strategies, such as summarizing all an-
swers from multilingual prompt components, or
random selection from a distribution of generated
responses to different prompt components would
be a better choice. While we believe random selec-
tion would give identical results in aggregate, fully
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exploring how to synthesize the diverse perspec-
tives and pieces of information generated through
multilingual prompting requires more study, which
we look forward to in future work.

Further, language translation represents another
potential limitation. While the authors possess flu-
ency in English, Chinese, and Japanese, transla-
tions involving other languages were conducted
using GPT models (GPT-40). Existing evaluations
and our empirical observations commonly sug-
gest that GPT achieves near-human performance
in translation tasks; however, subtle semantic or
cultural nuances may not be fully captured in some
instances.

Additionally, to ensure reproducibility and re-
inforce the transparency of our findings, we have
included the complete set of prompts and addi-
tional experimental outputs in the appendix. The
supplementary materials are intended to facilitate
the verification of our results and support the trust-
worthiness of our conclusions.
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A Appendix
Appendix Roadmap

This appendix provides supplementary details sup-
porting our main paper. Appendix A.1 and A.2
describes the exact prompts used in the social
norms and cultural representation experiments. Ap-
pendix A.2.2 outlines our annotation procedure for
demographic attributes of generated names. Ap-
pendix A.3 and A.4 explains the normalization and
calculation of our diversity metrics. Appendix A.5
presents full experimental results (including ta-
bles and figures) that extend the main text. Ap-
pendix A.8.3 and A.9 details our performance and
validity checks. Appendix A.8 provide additioanl
result and A.10 discuss the computational cost of
different methods.

A.1 Prompts of Social Norms Experiment

This section contains the prompts used in social
norms experiment.

A.1.1 Generating Choices

All multi-choice questions are constructed
using statements from the Social-Chem-101
dataset (Forbes et al., 2020), a publicly available
opensource dataset designed to reflect diverse
human moral judgments. The dataset is licensed
under the CC BY-SA 4.0 license, which can be
adapted for any purposes as long as we follow
the Attribution and ShareAlike terms (and we do
follow them).

To generate a range of perspectives on social
norm statements, we used the following prompt
template with the GPT-40 model:

Given the following statement:
"{statement}”
Provide four different perspectives

(two agreeing and two disagreeing).
Each perspective should include:

- A valence: "agree" or "disagree”

- An explanation for why someone might
hold this view.

Example response:

Statement: You should not feel obligated
to go to your family reunions

1. { "valence": "agree", "explanation”:
"Obligations shouldn’t dictate personal
choices; you should only go if you want
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to."” }

2. { "valence": "agree", "explanation”:
"Forced interactions can cause
unnecessary stress and discomfort.” }
3. { "valence": "disagree”,
"explanation”: "Family reunions
are important for maintaining family
bonds."” }

4. { "valence": "disagree”,
"explanation”: "Spending time with
family, even if you don’t remember them
well, can create new memories.” }
Provide your response in JSON format.

We show two representative outputs in Table 2,
each including two agreeing and two disagreeing
perspectives. A potential avenue for future research
in opinion generation involves the incorporation
of Retrieval-Augmented Generation (RAG) tech-
niques, which may enhance the grounding of gen-
erated opinions in identifiable sociocultural frame-
works (e.g., Confucian ethics, modern family struc-
tures).

A.1.2 Social Norm Questions

Prompts we use for social norm questions are
shown Figure 5. To ensure a fair comparison across
strategies, we standardize the number and variety
of prompts used. For the Monolingual strategy
and High Temperature strategy, we paraphrase the
same base prompt into three distinct versions. In
the Random Personas strategy, we initially generate
10 diverse persona-based prompts and randomly se-
lect 3 for use. For both Enhanced-Multilingual and
Enhanced-Multiculture conditions, we first create
10 unique prompts for each language and then ran-
domly select one prompt per language to include
in the evaluation. This approach maintains consis-
tency in prompt diversity while allowing us to test
the effects of linguistic and persona variation.

A.2  Prompts for Cultural Representation
Experiments

A.2.1 Cultural Representation Questions

This section contains the prompts used in the cul-
tural representation experiment. All questions
for this experiment are from an open source
dataset called the People Diversity Dataset (La-
hoti et al., 2023), which includes 105 profession-
related prompts such as "Name some writers who
inspire you’ or "Who are your favorite singerscien-
tists?’. We used these questions directly and asked
the LLMs to generate exactly 10 names for each
prompt. This dataset and its paper are licensed

under the CC BY-SA 4.0 license, which can be
adapted for any purposes as long as we follow the
Attribution and ShareAlike terms (and we do fol-
low them).

Prompts we use for cultural representation ques-
tions are shown in Figure 6 and Figure 7. For
each question, we run all three prompts under
each condition (e.g., the three paraphrased English
prompts for the Monolingual condition, or the three
language-specific prompts for the Multilingual con-
dition). Each prompt elicits 10 name responses,
resulting in a total of 30 names per condition. We
then annotate each name with its likely national-
ity, ethnicity, and region. To quantify the diversity
of cultural perspectives generated by each prompt-
ing strategy, we compute the entropy across the 30
annotated names.

A.2.2 Annotation for Demographic Details of
Names

To estimate the cultural and geographic origin of

names, we used the following prompt:

Given the name "{name}", predict the

following:

- Likely nationality or country of
origin

- Likely ethnic or cultural background
- Likely region (Choose ONLY from:
Europe, East Asia, South Asia, Middle
East, North America, Latin America,
Africa, Oceania)

Provide the result in a structured

JSON format:
{

"nationality”: "...",

n n

"ethnicity": "...",
"region”: "..."

}

Table 3 shows two illustrative examples. To
ensure the reliability of these annotations, we con-
duct 20 manual sanity checks for each prompting
strategy. For each check, we verify whether the
predicted nationality, ethnicity, and region are rea-
sonable given the input name. Results show that
the majority of outputs aligned well with publicly
known information about the names. Overall, the
annotation accuracy across strategies is approxi-
mately 90%.

A.3 Metric Normalization for Social Norm
Experiemnt

Let £ be the number of model answers collected
for the same statement (k € {3,4,5} in our ex-
periments) and let m be the number of mutu-
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Statement: “It is wrong to do drugs.”

A: Agree. Using drugs can lead to addiction, which can have devastating effects on individuals and their families.

B: Agree. Drugs can impair judgment and result in harmful behaviors, thus posing ethical concerns.

C: Disagree. Individuals should have the freedom to make personal choices about drug use, provided they don’t harm

others.

D: Disagree. In some contexts, drugs serve spiritual or medicinal purposes, and thus their use may not be universally

wrong.

Statement: “It’s not okay to spend money on things you could do yourself.”

A: Agree. Doing tasks yourself saves money, which could be used more effectively elsewhere.

B: Agree. Performing tasks independently promotes personal growth and responsibility.

C: Disagree. Time is limited, and outsourcing allows focus on more valuable or enjoyable activities.

D: Disagree. Professionals often deliver higher-quality results, making paid services a reasonable choice.

Table 2: Examples of model-generated perspectives on social norm statements. Each includes two agreeing and two

disagreeing viewpoints labeled A-D.

Name: Galileo

{ "nationality": "Italian", "ethnicity":
"Italian”", "region”: "Europe" }

Name: Yao Ming

{ "nationality”: "Chinese”, "ethnicity": "Han
Chinese”, "region"”: "East Asia” }

Table 3: Examples of cultural annotations predicted for
given names.

ally—exclusive categories used by the metric (m =
4 for Reason, m = 2 for Valence). We rescale
every raw score H to the interval [0, 1] via its theo-
retical upper bound H oy (k,m):

H

) = Gy

General form of H,,,(k, m). Entropy is maxi-
mized when the k answers are spread as evenly as
possible across the m categories. Write

k

q= LiJ )
m

so that r categories receive ¢ + 1 answers and the

remaining m — r categories receive g answers. The
corresponding empirical probabilities are

r=k—mqg (0<r<m),

gt _ 4
DPhigh = L DPlow = L’

Maximal entropy. Let p, = (¢ + 1)/k and p; =
q/k. Then

Huax(k,m) = —rpplogpy, — (m — 1) pglog py.

(We adopt the convention 0 log 0 := 0 whenever a
probability is zero.)

* Reason Entropy (m = 4):

k=3: Hpyax = log3,
k=4: Hpya. = log4,

k=5:Hpux = —(%log% + %log %) ~ 1.332.

* Valence Entropy (m = 2):

k=3: Hypax = —(31og £ + 2log 2) ~ 0.637,
k=4: Hpax = log?2 ~ 0.693,
k=5: Hypax = —(2log 2 + 2log 2) ~ 0.673.

* Perspective Diversity (a.k.a. Perspective En-
tropy). For each statement we embed the
four choices &€ = {ea,ep,ec,ep} us-
ing Sentence-BERT. With k languages (k €
{3,4,5}), consider every size-k subset S C &.
For any subset S = {iy,...,i;} we define its
mean pairwise dissimilarity

w2l

a<b

_ eia-eib
i [l lles,

D(S) =

For the same statement ¢ we set its empirical
upper bound to

(9) — (@)
Hyjox (k) = max D(S), (1
|S|=k

i.e. the largest dissimilarity obtainable from any
size-k subset.

Example (kK = 3). The four triplets
ABC,ABD,ACD,BCD are evaluated; as-
sume the maximum is D(ACD). If the model
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Strategy

Prompt Text

Monolingual

(1) You are a helpful assistant. Based on your social and cultural background, choose
the most appropriate choice from the options below.

(2) You are a helpful assistant. Please select the option below that best fits your social
and cultural understanding.

(3) You are a helpful assistant. Choose the most appropriate choice from the options
below based on your social and cultural background.

High Temperature

Same prompts as Monolingual, but with decoding temperature set to 1.3.

Random Personas

(1) Assume you are a Hollywood hiring manager. Based on your social and cultural
background, choose the most appropriate choice from the options below.

(2) Assume you are a biologist working on Storax Sedan environment monitoring.
Based on your social and cultural background, choose the most appropriate choice
from the options below.

(3) Assume you are a security guard at the most popular night club in the town.
Based on your social and cultural background, choose the most appropriate choice
from the options below.

Basic Multilingual

English: You are an English-speaking assistant. Based on your social and cultural
background, choose the most appropriate choice from the options below.

Chinese: fRE&— LB X BITF, THEETURAYSCAL S AN BT (AT
Hlb,

Japanese: BRI HAFE LT 7S AR Y VT, DO, HEH
HERICHED VT, DTFOHAMIOWTHRHEDHMWZ T LTI W,

Enhanced Multilingual

English: Assume you are Emily Foster, an English-speaking woman living in the
United states. You were born in New York and your favorite food is pizza. Based on
your social and cultural background, choose the most appropriate choice from the
options below.

Chinese: [RIZIREMRER, —MEAETE. HPXBME, REAEEILS, &
EREEYRACRUEN, EET VRIS S SRR DUR R T,
Japanese: H 27 ZIAR, HAEEOHAZ 2T LHETT, HdETESE
N FELREWRI L RL 2R TT, DO, HEAAHICED
WT, ROEMIZOWTHREHOHMWiZ LTSN,

Basic Multicultural

English: You are an English-speaking assistant. Based on your social and cultural
background, choose the most appropriate choice from the options below.

Chinese: You are an Chinese-speaking assistant. Based on your social and cultural
background, choose the most appropriate choice from the options below.

Japanese: You are an Japanese-speaking assistant. Based on your social and cultural
background, choose the most appropriate choice from the options below.

Enhanced Multicultural

English: Assume you are Emily Foster, an English-speaking woman living in the
United states. You were born in New York and your favorite food is pizza. Based on
your social and cultural background, choose the most appropriate choice from the
options below.

Chinese: Assume you are Huimin Chen, a Chinese-speaking male living in China.
You were born in Beijing and your favorite food is peking duck. Based on your social
and cultural background, choose the most appropriate choice from the options below.
Japanese: Assume you are Saki Yamaguchi, a Japanese-speaking woman living in
Japan. You were born in Nagoya and your favorite food is shabu-shabu. Based on
your social and cultural background, choose the most appropriate choice from the
options below.

Figure 5: Prompts for social norm questions
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Strategy Prompt Text

Monolingual | (1) You are a helpful assistant. Based on your cultural and social background, provide exactly 10
names in response to user queries about people. Do not include any disclaimers, explanations, or
additional context—just output the names as a direct answer. Use commas to separate names in a
list.

(2) You are a helpful assistant. Provide exactly 10 names in response to user queries about people.
Use commas to separate names in a list. Do not include any disclaimers, explanations, or additional
context—just output the names as a direct answer.

(3)You are a helpful assistant. Provide exactly 10 names in response to user queries about people.
Please output the names as a direct answer. Do not include any disclaimers, explanations, or
additional context. Use commas to separate names in a list.

High Tem- | Same prompts as Monolingual, but with decoding temperature set to 1.3.
perature

Step-by-Step | Prompt Round 1: You are a helpful assistant. Based on your cultural and social background,
Recall provide exactly 10 names in response to user queries about people. Do not include any disclaimers,
explanations, or additional context—just output the names as a direct answer. Use commas to
separate names in a list.

Prompt Round 2: Prompt Round 1 + {Question} + Given these 10 names: {names 10}, provide
10 more names.

Prompt Round 3: Prompt Round 1 + {Question} + Given these 20 names: {names 20}, provide
10 more names.

Requesting (1) You are a helpful assistant. Based on your cultural and social background, provide exactly
Diversity 10 names in response to user queries about people. Please try to be as diverse as possible. Do
not include any disclaimers, explanations, or additional context—just output the names as a direct
answer. Use commas to separate names in a list.

(2) You are a helpful assistant. Provide exactly 10 names in response to user queries about people.
Do not include any disclaimers, explanations, or additional context—just output the names as a
direct answer. Please try to be as diverse as possible. Use commas to separate names in a list.

(3) You are a helpful assistant. Provide exactly 10 names in response to user queries about people.
Please try to be as diverse as possible. Please output the names as a direct answer. Do not include
any disclaimers, explanations, or additional context. Use commas to separate names in a list.

Random Per- | (1) Assume you are a Hollywood hiring manager. Based on your cultural and social background,
sonas provide exactly 10 names in response to user queries about people. Do not include any disclaimers,
explanations, or additional context—just output the names as a direct answer. Use commas to
separate names in a list.

(2) Assume you are a biologist working on Storax Sedan environment monitoring. Based on your
cultural and social background, provide exactly 10 names in response to user queries about people.
Do not include any disclaimers, explanations, or additional context—just output the names as a
direct answer. Use commas to separate names in a list.

(3) Assume you are a security guard at the most popular night club in the town. Based on your
cultural and social background, provide exactly 10 names in response to user queries about people.
Do not include any disclaimers, explanations, or additional context—just output the names as a
direct answer. Use commas to separate names in a list.

Figure 6: Prompts for cultural representation questions - baseline and other diversity-enhancing methods

produced the labels AB D, then for this statement possible diversity, while H = 0 indicates none.
HPersp(Qa 3) = D(ABD)/D(ACD)

Averaging I;Tpersp(q, k) over all statements places
the metric on the common [0, 1] scale: 1 indicates
the greatest possible diversity, O indicates none.

A.4 Metric Normalization for Cultural
Representation Experiment

After normalization, every metric lies on the  To place the cultural-diversity metrics on a com-
same [0, 1] scale: H = 1 denotes the greatest  mon [0, 1] scale we again rescale each raw entropy
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Strategy

Prompt Text

Basic Multi-

lingual

English: You are an English-speaking assistant. Based on your cultural and social background,
provide exactly 10 names in response to user queries about people. Do not include any disclaimers,
explanations, or additional context—just output the names as a direct answer. Use commas to
separate names in a list.

Chinese: {}2 i X BIF, HABRIRISUERIERE R, TERES AR RN, (Y
RAEELF 10 DMEA, FEBIMEMRITFE, BRESHUMER. HESTRAY, |
AR,

Japanese: HRTNIHAFE T AKX Y M TT, HRI-OXASLHSWERICHEIEZ, AK
W A ERICIE 10 N\OZHTDAZEIZE L TL 2SNV, REFHPHH, Rat 2 E#R
BEDRNTLEI WV, ZHiEa Yy <TXYID, ¥ 7ML T ZE W,

Enhanced
Multilingual

English: Assume you are Emily Foster, an English-speaking woman living in the United states.
You were born in New York and your favorite food is pizza. Based on your cultural and social
background, provide exactly 10 names in response to user queries about people. Do not include
any disclaimers, explanations, or additional context—just output the names as a direct answer. Use
commas to separate names in a list.

Chinese: RIZIREMRER, —MEEPE, HhXMSEME, REATEIR, RERNEY)
AURUEN, RIEIRESEAIE 2T 5, ERES AAHSCHRIER, {[Eefthatr 10 ©
s, NEGIEMRSE I, BRESRIVME R, BHES R4, BRmEER,
Japanese: H7R 71X AR, HAEFEOHAB 2T LTS, HHETEEN, HFER
BRI L >R L 2R TT, HRLOALHIMNERICHESE, 473 10 AOAFTD
AEAVITXY]-o THA LTI ZE W, BNCHMA, REFIE, TR ZofthofEER
ZEDRNTLLEE WV, A2y < TXYID, S I LTSI,

Basic Multi-
cultural

English Personas: You are an English-speaking assistant. Based on your cultural and social back-
ground, provide exactly 10 names in response to user queries about people. Do not include any
disclaimers, explanations, or additional context—just output the names as a direct answer. Use
commas to separate names in a list.

Chinese Personas: You are a Chinese-speaking assistant. Based on your cultural and social back-
ground, provide exactly 10 names in response to user queries about people. Do not include any
disclaimers, explanations, or additional context—just output the names as a direct answer. Use
commas to separate names in a list.

Japanese Personas: You are a Japanese-speaking assistant. Based on your cultural and social back-
ground, provide exactly 10 names in response to user queries about people. Do not include any
disclaimers, explanations, or additional context—just output the names as a direct answer. Use
commas to separate names in a list.

Enhanced
Multicul-
tural

English: Assume you are Emily Foster, an English-speaking woman living in the United states.
You were born in New York and your favorite food is pizza. Based on your cultural and social
background, provide exactly 10 names in response to user queries about people. Do not include
any disclaimers, explanations, or additional context—just output the names as a direct answer. Use
commas to separate names in a list.

Chinese:Assume you are Huimin Chen, a Chinese-speaking male living in China. You were born
in Beijing and your favorite food is peking duck. Based on your cultural and social background,
provide exactly 10 names in response to user queries about people. Do not include any disclaimers,
explanations, or additional context—just output the names as a direct answer. Use commas to
separate names in a list.

Japanese: Assume you are Saki Yamaguchi, a Japanese-speaking woman living in Japan. You
were born in Nagoya and your favorite food is shabu-shabu. Based on your cultural and social
background, provide exactly 10 names in response to user queries about people. Do not include
any disclaimers, explanations, or additional context—just output the names as a direct answer. Use
commas to separate names in a list.

Figure 7: Prompts for cultural representation questions - our multilingual and multiculture strategies
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score H by its theoretical upper bound Hyax:

~ H
H = .
Hmax

* Nationality & Ethnicity. For every question
we collect exactly £ = 30 names, regardless
of the number of languages. The largest en-
tropy occurs when all 30 names belong to
distinct categories, giving

Honax = log 30.

* Region. The attribute “region” has m = 8
possible categories. Spreading the same k =
30 names as evenly as possible across those
eight categories maximises the entropy. With
q = L%J =3andr = kK — mq = 6, six
regions receive ¢ + 1 = 4 names and the
remaining two receive ¢ = 3. Setting pp, = —

30
and py = ;’—0 we obtain
Hpax = — 6Ph Ingh - 2P£ logpi'

After this normalization every metric lies in
[0,1]; H = 1 denotes the greatest possible diver-
sity under the 30-name constraint, while H=0
indicates none.

A.5 Detailed Results of Demographic and
Social Norm Experiments

This section provides the complete results of Ta-
ble 1 in the main paper. Table 4 presents the full
results of the social norm experiment, reporting
diversity metrics across prompting strategies and
models. Table 5 presents the full results of the
cultural representation experiment.

A.6 Result: Multilingual Prompting Preserves
Factual Accuracy

To verify that multilingual prompting does not
compromise the factual accuracy of language mod-
els, we evaluate their performance on the Multilin-
gual Grade School Math Benchmark (MGSM) (Shi
et al., 2022), which consists of mathematical rea-
soning tasks translated into multiple languages.
Figure 8 presents the factuality accuracy across
three models—GPT-40-mini, GPT-40, and LLaMA
70B—under monolingual and multilingual prompt-
ing conditions. Across all models, we observe
that multilingual prompting maintains comparable
factual accuracy to monolingual prompting. GPT-
40-mini shows virtually no change. For GPT-40

60
B Monolingual

50 Multilingual
>\40
@)
e
S 30
(9]
1)
<

20

10

0 —

gpt-4o-mini gpt-4o0 Llama 70b

Figure 8: Performance on multilingual grade school
math benchmark

and LLaMA-70B, there is a slight performance
drop around 5%, but the overall competency of the
model remains intact.

A.7 Details of the Human Study

We randomly sample 105 (10% of the answer) ques-
tion—name pairs for each from the outputs gener-
ated by the Basic Multilingual, Basic Multiculture,
Enhanced Multilingual and Enhanced Multiculture
strategies under the Chinese language condition.
Hence, there are 420 QA Pairs to be annotated in
total.

We conduct a human annotation study to eval-
uate name-based cultural appropriateness using
crowd-sourced annotators on Prolific. The study
was open to 79,169 eligible participants from a
larger Prolific population of 232,330. A total of
420 names were annotated in this study. We recruit
84 annotators from the U.S.-based Prolific partic-
ipant pool, each of whom annotate 15-16 unique
names. Each name is thus evaluated independently
by three different annotators to ensure redundancy
and allow for inter-rater comparison.

The annotation is conducted through a Google
Forms survey, which require no software installa-
tion and is accessible via mobile, tablet, or desk-
top. Custom screening is applied to ensure annota-
tors are fluent in English and located in the United
States. Participants are instructed to judge whether
the provided name is a reasonable and appropriate
answer to a given question. They are asked to ver-
ify it using external resources such as Google or
Wikipedia and are explicitly instructed not to guess
or answer randomly.

Compensation is set at $2 per participant, equiva-
lent to $12.00/hour, which is recommended amount
by Prolific. The median completion time is approxi-
mately 7 minutes. Upon submission, each response
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Model Strategy Reason Agreement Perspective

Baseline

Monolingual 0.079 0.076 0.077

Diversity-Enhancing

High Temperature 0.161 0.128 0.158
GPT-40 Random Personas 0.166 0.150 0.167

Our Methods

Basic Multicultural 0.191 0.172 0.192

Basic Multilingual 0.249 0.210 0.240

Enhanced Multicultural  0.280 0.245 0.273

Enhanced Multilingual 0.300 0.247 0.295

Baseline

Monolingual 0.089 0.050 0.085

Diversity-Enhancing

High Temperature 0.121 0.058 0.114
GPT-40-mini Random Personas 0.128 0.088 0.129

Our Methods

Basic Multicultural 0.127 0.096 0.123

Basic Multilingual 0.299 0.176 0.292

Intense Multicultural 0.167 0.102 0.162

Intense Multilingual 0.304 0.190 0.298

Baseline

Monolingual 0.050 0.048 0.051

Diversity-Enhancing

High Temperature 0.068 0.056 0.067
LLaMA 70B Random Personas 0.135 0.122 0.130

Our Methods

Basic Multicultural 0.105 0.086 0.109

Basic Multilingual 0.262 0.218 0.263

Enhanced Multicultural  0.280 0.170 0.260

Enhanced Multilingual 0.304 0.222 0.294

Baseline

Monolingual 0.094 0.064 0.085

Diversity-Enhancing

High Temperature 0.236 0.164 0.225
LLaMA 8B Random Personas 0.143 0.086 0.135

Our Methods

Basic Multicultural 0.257 0.208 0.247

Basic Multilingual 0.555 0.465 0.529

Enhanced Multicultural  0.164 0.070 0.150

Enhanced Multilingual 0.471 0.469 0.445

Table 4: Diversity metrics across prompting strategies and models. Bold indicates the highest value within each
model. Purple highlight shows the maximum across all models for each metric.
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is manually reviewed, and a completion code is
provided for payment processing. The study is
classified as exempt by the IRB of authors’ institu-
tion.

A.8 Additional Results

The results of Social Norm Experiment are shown
in Fig 9. The results of Cultural Representation
Experiment are shown in Fig 10.

A.8.1 Change of Prompts

An intuitive question is whether the observed en-
hancement in diversity arises from the multilingual
nature of the prompts, the specific wording of the
prompt, or a combination of both. By comparing
the results of Multilingual and Personas—the latter
being an untranslated version of the former that
uses culturally grounded personas in a single lan-
guage—we demonstrate that the increase in diver-
sity is primarily attributable to the use of multiple
languages.

Moreover, we test multiple prompt templates
and found that Multilingual prompting consistently
outperforms other conditions in eliciting diverse
responses, regardless of prompt wording. This sug-
gests that language itself introduces unique cultural
priors and interpretive frames that go beyond what
prompt engineering alone can achieve.

Therefore, we argue that Multilingual prompt-
ing is a robust strategy across different prompt for-
mulations. Its effectiveness stems not only from
prompt design, but from a fundamental language
shift through which models interpret and respond
to input. This shift plays a crucial role in eliciting a
broader range of perspectives, particularly in tasks
involving subjective judgment or social reasoning.

A.8.2 Instruction Following

Although this is not the focus of our study, we
observe several notable issues related to instruction-
following behaviors across models and settings.
These findings help explain certain omissions in our
reported results and suggest directions for future
work.

1. Poor Instruction Following under High-
Temperature Settings. In the cultural represen-
tation experiment, models frequently fail to fol-
low basic instructions when operating under high-
temperature decoding. For instance, when being
prompted to return exactly 10 names, they of-
ten return more, fewer, or inconsistently format-
ted names. Due to the unreliability of outputs in

this condition, we exclude high-temperature results
from the cultural name prediction analysis.

2. Breakdown in Lower-Resourced Language
Settings. Instruction-following ability varied sub-
stantially across languages. In general, lower-
resourced languages exhibited significantly weaker
performance, often failing to adhere to task format
or generate valid completions. This is particularly
problematic for LLaMA models (70B/8B), which
demonstrates inconsistent behaviors in these lan-
guages. Consequently, we exclude them from our
high/lower-resourced comparison experiments.

3. Instruction-Following Failures in Japanese.
Interestingly, some high-resourced languages, such
as Japanese, show degraded performance. In the
MGSM (Multilingual Grade School Math) bench-
mark, Japanese responses often ignore the instruc-
tion to respond with a number only, instead return-
ing full sentences, equations or Japanese characters.
This greatly affects factuality scores: while English
and Chinese achieved accuracies of 24.4% and
23.2% respectively under LLaMA-70B, Japanese
accuracy dropped to just 12.8%.

A.8.3 Formative Evaluation

To verify that the models are capable of reasoning
about social norms rather than selecting answers ar-
bitrarily in different languages, we conduct a sanity
check using adversarial multiple-choice questions.
These questions include one plausible response and
three distractors that are logically nonsensical. The
results are summarized in Table 6.

A.9 Cross-Cultural Validation Study with the
World Values Survey

To address the concern that annotator disagreement
in Social Chemistry 101 may not necessarily re-
flect true cross-cultural controversy, we conducted
a small-scale validation study using a subset of ten
questions from the World Values Survey (WVS).
These questions were chosen because they capture
domains where cultural divergence is well docu-
mented—such as social values, religion, politics,
environment, and security—and because prelim-
inary inspection revealed clear differences in an-
swers across languages.

Our findings, shown in table 7 confirm substan-
tial cross-cultural disagreement for many of the
questions across languages. There is disagreement
across languages in the responses in 9 out of the
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Figure 9: Results of social norm experiment

Cultural Diversity (Averaged)

GPT-40
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mmm Monolingual
Request Diversity

GPT-40-mini

B Random Personas
Basic Multicultural

LLaMA 70B

LLaMA 8B

B Enhanced Multicultural
B Enhanced Multilingual

Basic Multilingual

Figure 10: Results of cultural representation experiment

10 questions. This experiment offers empirical sup-
port that multilingual prompting does surface cross-
cultural controversy. We include the results from
the 10 questions below.

A.10 Computational Cost

We acknowledge multilingual/multicultural
prompting incurs higher costs than simpler
sampling methods such as high-temperature
sampling. However, we believe that the additional
computational cost is (at times) justified by the
substantial gains in diversity—gains that simpler
sampling-based approaches do not consistently
achieve, as demonstrated by our comparative
results in Table 8 (Note: Results are based on the
GPT-40 model, normalized against the baseline -
Monolingual prompting). Indeed, no other meth-
ods increase diversity as much as our approach.
As we discuss in our results section, for example,
whereas increasing temperature only achieves
a 1.68x increase in agreement entropy over the
monolingual baseline, enhanced multilingual
prompting reaches a 3.25x increase—showing
that there is a substantial diversity increase
over less costly approaches. In addition, other
diversity-enhancing strategies (step by step recall
and persona prompting) add similar computational

costs— and our method outperforms them as
well. We look forward to finding less costly
methods in the future, but believe our method is
beneficial in contexts where diversity and cultural
representation are critical.

A.11 Use of AI Tools

We employ ChatGPT to assist with code debugging
and figure plotting. It is used solely as supportive
aids and all outputs are reviewed by authors to
ensure correctness and relevance.
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Model Strategy Nationality Ethnicity Region Avg

Baseline
Monolingual 0.335 0.421 0.190 0.315
Diversity-Enhancing
Requesting Diversity 0.378 0.482 0.250 0.370
GPT-4o High Temperature 0.374 0.452 0.206 0.344
Step-By-Step Recall 0.408 0.519 0.208 0.378
Random Personas 0.351 0.450 0.202 0.335
Our Methods
Basic Multicultural 0.386 0.456 0.240 0.360
Basic Multilingual 0.465 0.500 0.281 0.415
Enhanced Multicultural 0.398 0.490 0.246  0.378
Enhanced Multilingual 0.441 0.462 0.249 0.384
Baseline
Monolingual 0.322 0.429 0.189 0.314
Diversity-Enhancing
Diverse Prompt 0.356 0.465 0.227 0.349
GPT-40-mini  High Temperature 0.368 0.460 0.206  0.345
Step-By-Step Recall 0.382 0.505 0.202  0.363
Random Personas 0.355 0.461 0.200  0.338
Our Methods
Basic Multicultural 0.421 0.466 0.321 0.402
Basic Multilingual 0.466 0.516 0.295 0.426
Enhanced Multicultural 0.442 0.474 0.254  0.390
Enhanced Multilingual 0.471 0.509 0.258  0.413
Baseline
Monolingual 0.335 0.411 0.188 0.311
Diversity-Enhancing
Diverse Prompt 0.353 0.458 0.212  0.341
LLaMA 70B  High Temperature 0.379 0.454 0.239  0.357
Step-By-Step Recall 0.391 0.438 0.249  0.359
Random Personas 0.330 0.429 0.177 0.312
Our Methods
Basic Multicultural 0.416 0.429 0.287 0.377
Basic Multilingual 0.460 0.485 0.262  0.402
Enhanced Multicultural 0.444 0.500 0.281  0.409
Enhanced Multilingual 0.472 0.520 0.293 0.428
Baseline
Monolingual 0.351 0.435 0.189  0.325
Diversity-Enhancing
Diverse Prompt 0.345 0.433 0.188  0.322
LLaMA 8B  High Temperature — — — —
Step-By-Step Recall 0.421 0.507 0.202 0.377
Random Personas 0.352 0.451 0.198 0.334
Our Methods
Basic Multicultural 0.429 0.464 0.249  0.380
Basic Multilingual 0.490 0.509 0.282 0.427
Enhanced Multicultural 0.430 0.467 0.250 0.382
Enhanced Multilingual 0.447 0.475 0.242  0.388

Table 5: Normalized cultural diversity scores across prompting strategies and models. Avg is the average of
Nationality, Ethnicity, and Region. Bold values indicate the highest score per model.
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Model Language Accuracy
GPT-4o English 10/10
GPT-40 Nepali 9/10
GPT-40 Thai 10/10
GPT-40 Turkish 9/10
GPT-40 Ukrainian ~ 10/10
GPT-4o0 French 10/10
GPT-40 Spanish 10/10
GPT-40 Chinese 10/10
GPT-40 Japanese  9/10
GPT-40-mini  English 10/10
GPT-40-mini  Nepali 7/10
GPT-40-mini  Thai 8/10
GPT-40-mini  Turkish 8/10
GPT-40-mini  Ukrainian  9/10
GPT-40-mini French 9/10
GPT-40-mini  Spanish 9/10
GPT-40-mini  Chinese 8/10
GPT-40-mini Japanese 8/10
LLaMA 70B  English 10/10
LLaMA 70B Chinese 10/10
LLaMA 70B Japanese 10/10
LLaMA 8B  English 9/10
LLaMA 8B  Chinese 9/10
LLaMA 8B  Japanese  9/10

Table 6: Sanity check accuracy across models and lan-

guages.
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Q# Question (abridged) English Response Chinese Resp Jay Resp
Q34 Jobs scarce: locals vs. immigrants 4 — Disagree 2 — Agree 3 — Neutral
Q38  Duty of adult children to care for parents 3 — Neutral 1 — Strongly Agree 3 — Neutral
Q164 Importance of God 5 — Moderately Important 1 — Not at all Important 5 — Moderately Important
Q107  Private vs. government ownership of business 3 — Lean toward Private 5 — Neutral 4 — Slightly Lean Private
Q111 Environment vs. economic growth 2 — Prioritize Economy 1 — Prioritize Environment 2 — Prioritize Economy
Q196 Gov’tright: video surveillance in public areas 2 — Probably Should 2 — Probably Should 2 — Probably Should
Q197  Gov’t right: monitor internet communication 4 — Definitely Should Not 3 — Probably Should Not 3 — Probably Should Not
Q198 Gov’tright: collect info w/o citizens’ knowledge 4 — Definitely Should Not 3 — Probably Should Not 4 — Definitely Should Not
Q146 Worry about war 2 — Quite Worried 2 — Quite Worried 3 — Not Very Worried
Q147 Worry about terrorist attack 2 — Quite Worried 3 — Not Very Worried 4 — Not Worried at All
Table 7: Results of the cross-cultural validation study using 10 World Values Survey questions.
Strategy Reason (Norm) Agreement (Norm) Demo Avg. (Norm)
Baseline
Monolingual (Baseline) 1.00x 1.00x 1.00x
Diversity-Enhancing
Requesting Diversity — — 1.17x
High Temperature 2.04x 1.68x 1.09x
Step-By-Step Recall — — 1.20x
Random Personas 2.10x 1.97x 1.06x
Our Methods
Basic Multicultural 2.42x 2.26x 1.14x
Basic Multilingual 3.15x 2.76x 1.32x
Enhanced Multicultural 3.54x 3.22x 1.23x
Enhanced Multilingual 3.80x 3.25x 1.23x

Table 8: Normalized results of different prompting strategies. Bold values indicate the highest score per column.
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