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ABSTRACT

We evaluate the moral alignment of large language models (LLMs) with human
preferences in multilingual trolley problems. Building on the Moral Machine ex-
periment, which captures over 40 million human judgments across 200+ countries,
we develop a cross-lingual corpus of moral dilemma vignettes in over 100 lan-
guages called MULTITP. This dataset enables the assessment of LLMs’ decision-
making processes in diverse linguistic contexts. Our analysis explores the align-
ment of 19 different LLMs with human judgments, capturing preferences across
six moral dimensions: species, gender, fitness, status, age, and the number of lives
involved. By correlating these preferences with the demographic distribution of
language speakers and examining the consistency of LLM responses to various
prompt paraphrasings, our findings provide insights into cross-lingual and ethical
biases of LLMs and their intersection. We discover significant variance in align-
ment across languages, challenging the assumption of uniform moral reasoning in
AI systems and highlighting the importance of incorporating diverse perspectives
in AI ethics. The results underscore the need for further research on the integration
of multilingual dimensions in responsible AI research to ensure fair and equitable
AI interactions worldwide.1

1 INTRODUCTION

The increasingly impressive performance of large language models (LLMs) (Achiam et al., 2023;
Touvron et al., 2023; Bubeck et al., 2023) also brings safety concerns. First, do LLMs align with
human preferences (Bengio et al., 2023; Hendrycks et al., 2021b; Anwar et al., 2024)? Second,
whose preferences are they most aligned with (Sorensen et al., 2024c)? Prior work on evaluating
alignment often takes one of two forms. The first requires continuous real-time evaluation, such
as in ChatArena (Chiang et al., 2024), where users select which of two responses they prefer. The
second is traditional benchmarking with a static dataset where the answers are determined by the
judgment of an experimenter or crowdsourced from a limited online panel (Sap et al., 2019; Forbes
et al., 2020; Atari et al., 2023; Jiang et al., 2021b).

Often, however, there is no single answer to questions of human preference, and this is particularly
true for the moral domain. We follow recent work that highlights the importance of modeling the
diversity of human moral preferences (Jin et al., 2022; Bai et al., 2022; Gordon et al., 2022; Sorensen
et al., 2024b;c), and focus on moral dilemmas where subjects must balance two competing moral
objectives. The “Trolley Problem”, and its many variants, is one of the most extensively studied
moral dilemmas in the psychology literature (Foot, 1967; Thomson, 1984). In its classic version, an
out-of-control train will run over five people on the main track unless the decision-maker diverts the
train to a side track where only one person will be killed.

Traditional studies of trolley problems typically present a few hypothetical scenarios centered around
this trade-off (Mikhail, 2007; Kleiman-Weiner et al., 2015). In contrast, more recent studies consider
parametric variants of the dilemma that allow for better exploration of the psychological nuances in
ethical decision-making (Awad et al., 2018; 2020a). The Moral Machine experiment is particularly
noteworthy for its cross-cultural and parametric scale (Awad et al., 2018). The authors developed a
version of the trolley dilemma, where the trolley is an autonomous vehicle forced to choose between
killing one of two groups of people (Awad et al., 2020b). The people in each group differ across a

1Our code and data are uploaded to the submission system, and will be open-sourced upon acceptance.
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Asked in German:
"Angenommen, es gibt ein..."

Asked in Swahili:
"Chukulia kuwa kuna..."

Multilingual Trolley Problem (MultiTP)

Asked in Chinese: "假设
有一辆自动驾驶汽车..."

🧒  👴

Assume there is a self-driving car with a sudden break failure, and
the car is about to cause either of the two to die:
- a boy
- an elderly man
If the self-driving car has to make a decision, between the two
choices, it should save

Mvulana anapaswa kuokolewa kwa sababu ya umri
wake na uwezo wake wa kutosha wa kuendelea na
maisha yake. 
The boy should be saved because of his age and his
sufficient ability to continue his life.

Es sollte den jüngeren Jungen retten, da er noch ein ganzes
Leben vor sich hat und mehr Zeit hat, um seine Träume und
Ziele zu verwirklichen. 
It should save the younger boy, as he has a lifetime ahead of
him and more time to pursue his dreams and aspirations.

应该救老人，因为他们拥有更多的生活经验，他
们的社会贡献也更大。
The elderly should be saved because they
have more life experience, and thus their
contribution to society is greater.

Figure 1: An example scenario in the MULTITP dataset. Each question is presented in 107 different languages.
Here, we select three languages, German, Chinese, and Swahili, and show the responses of LLMs (English
translations provided for readers).

wide variety of attributes. In each scenario, participants responded with the choice they believed the
autonomous vehicle should make.

We leverage the Moral Machine dataset to examine the moral judgments of LLMs for three key
reasons: (1) parametric variation, (2) cross-cultural variation, and (3) scale of crowdsourced human
judgment (Awad et al., 2018). First, the dataset varies the character personas across six dimensions:
age, gender, social status, fitness levels, and species. Moreover, each group could also have a differ-
ent number of people. Figure 1 shows an example that highlights the effect of age (one character is
a boy while the other is an elderly man) on the models’ choice. Other factors in this example, such
as gender and the number of characters, are held constant. Second, our work benefits from the broad
scope of human participation in the Moral Machine experiment, which includes a culturally diverse
sample of people from 200 countries. Finally, the dataset includes over 40 million human responses,
a large sample that allows for high-power inferences. To our knowledge, this is the largest and most
culturally diverse collection of human preferences used for an LLM alignment study.

To study LLM alignment with human preferences across different countries and languages, we in-
troduce our Multilingual Trolley Problems (MULTITP) dataset, which adapts the stimuli from the
Moral Machine into a format that can be understood by LLMs. Since the original study covers over
200 countries, we convert the stimuli into 107 languages to evaluate pluralistic alignment towards
different linguistic identities. While most alignment benchmarks and evaluations of LLM morality
are in English and crowdsourced from US subjects (Hendrycks et al., 2021a; Jiang et al., 2021b;
Jin et al., 2022), we believe that cross-country and cross-language research on LLM alignment is
needed because human preferences are deeply rooted in their corresponding cultural context. What
is preferred in one language and often the corresponding culture does not necessarily generalize to
another language or culture (Henrich et al., 2010; Kleiman-Weiner et al., 2017; Kim et al., 2018).
MULTITP rises to the challenge of multilingual alignment through four distinct advantages over
existing moral evaluation datasets, as in Table 1: (1) a moral alignment domain grounded in moral
philosophy and psychology, (2) LLM moral evaluation with controllable, parametric variations, fol-
lowing psychological research, (3) support for over 100 different languages, paving the way for
multi-lingual pluralistic alignment research, and (4) the largest number of human responses.

The MULTITP dataset includes 97,520 trolley problem scenarios, on which we evaluate 19 different
LLMs (open and closed-weight). Our investigation is structured by five research questions, ranging

Table 1: Comparison of MULTITP with prior LLM morality and alignment evaluations.
Grounded in Psychology Systematic Variations # Languages # Human Responses

SocialIQA (2019) ✗ ✗ ✗ 3/question
Social Chemistry (2020) ✗ ✗ ✗ 137
ETHICS (2021a) ✓ ✗ ✗ 3~7/question
MoralExceptQA (2022) ✓ ✓ ✗ 11,238
Commensense Norm Bank (2021b) ✗ ✗ ✗ 1.7 Million
MoCa (2023) ✗ ✓ ✗ 2/question
GlobalOpinionQA (2023) ✗ ✗ ✓ (4) 2,556
OffTheRails (2024) ✗ ✓ ✗ 4,800
PRISM (2024) ✗ ✗ ✗ 8,011
MULTITP (This Work) ✓ ✓ ✓ (107) 40 Millions
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from measuring the overall alignment across all scenarios to whether (mis)alignment correlates with
whether a language is high- or low- resource. Our findings reveal that very few LLMs demonstrate
overall alignment with human preferences. Yet encouragingly, we do not find strong evidence of
“language inequality,” as alignment scores are fairly similar across major and minor languages.

Main contributions. This work (1) presents Multilingual Trolley Problems, a test set enabling thor-
ough inspection of LLM multi-lingual alignment with human preferences, (2) deploys parametric
variation in trolley problem queries, to inspect the causal effect of six different preference dimen-
sions, (3) investigates the alignment of 19 LLMs with human preferences through over 100 lan-
guages, and (4) finds that most LLMs do not align well with human preferences on trolley problems,
but also in the meantime do not demonstrate bias towards low-resource languages.

2 RELATED WORK

Moral Evaluation of LLMs Understanding the moral implications of LLMs is increasingly im-
portant as they are integrated into human-centric applications and decision-making systems (Awad
et al., 2018; Jin et al., 2022; Scherrer et al., 2024). Understanding the moral implications of LLMs is
increasingly important as they are integrated into human-centric applications and decision-making
systems (Schramowski et al., 2022; Jiang et al., 2021a; Fraser et al., 2022; Dillion et al., 2023;
Cahyawijaya et al., 2024). In contrast to previous works, which evaluate limited LLMs using human-
generated stimuli that often vary unpredictably (Bruers & Braeckman, 2014; Krügel et al., 2023;
Almeida et al., 2023), our approach utilizes a procedurally generated set of moral dilemmas where
key parameters are systematically controlled by leveraging the Moral Machine framework (Awad
et al., 2018; 2020a). By testing over 19 LLMs within this framework, we provide a more compre-
hensive, nuanced, and interpretable analysis of how these models process moral decisions. This also
allows us to directly compare LLM outputs with human moral judgments while ensuring a higher
degree of consistency and control over the stimuli.

Cross-Language LLM Alignment The alignment of LLMs with human values and ethical norms
is important because LLMs are being rapidly deployed in real-world applications. Previous studies
have explored LLM alignment with different population subgroups (Durmus et al., 2023). Parallel
work examines cross-cultural commonsense in LLMs (Shen et al., 2024; Dunn et al., 2024; Manvi
et al., 2024), norm awareness and adaptability (Shi et al., 2024; Rao et al., 2024; Jiang et al., 2021b)
and how models can be trained to generate a diverse plurality of human values that are relevant to
a query (Sorensen et al., 2024a). However, while moral judgments are known to vary significantly
across languages, cultures, and geographies, most existing benchmarks emphasize English responses
and predominantly reflect American cultural values (Sap et al., 2019; Forbes et al., 2020; Hendrycks
et al., 2021a; Jin et al., 2022; Atari et al., 2023; Jin et al., 2024).

Our work addresses the gap in cross-cultural evaluation by examining LLMs’ moral decision-
making across different languages and cultures within a multilingual setting. Motivated by recent
advancements in multilingual NLP for both modeling (Brown et al., 2020; Touvron et al., 2023;
Jiang et al., 2023; Bai et al., 2023; Young et al., 2024; Jiang et al., 2024; Meta, 2024) and evaluation
(Artetxe et al., 2019; Conneau et al., 2018; Longpre et al., 2021; Goyal et al., 2021; Ahuja et al.,
2023; Asai et al., 2023; Holtermann et al., 2024), our study uniquely analyzes the cross-cultural
alignment of LLMs by investigating the moral inconsistencies and biases that emerge across differ-
ent linguistic and country contexts, which is important for understanding the relationship between
language, culture, and moral reasoning (Jiang, 2000). In contrast to prior work, such as the analysis
of LLM responses to trolley problems (Takemoto, 2024), which focused on consistency between
LLM and human responses without addressing cross-linguistic variations, our study highlights the
disparities in moral decision-making when LLMs are evaluated across diverse linguistic and country
contexts. For a comprehensive overview of research trends in this area, we refer readers to the recent
survey by Adilazuarda et al. (2024).

3 MULTITP: EVALUATING LLMS IN MULTILINGUAL TROLLEY PROBLEMS

In this section, we detail the setup of the trolley problem scenarios included in our dataset and explain
how these questions have been translated into over 100 different languages. We also describe the
data construction process and provide an overview of the resulting MULTITP dataset.
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3.1 TROLLEY PROBLEM SETUP

The Original Human Study As previously introduced, the classic trolley problem (Foot, 1967;
Thomson, 1984) involves an out-of-control train and presents a moral dilemma: saving five people
on the main track or one innocent person on the side track. To thoroughly analyze LLM moral
alignment, we utilize the framework of the Moral Machine Experiment (Awad et al., 2018), which
systematically varies the choices in the trolley problem across several key dimensions. For example,
a scenario requiring a choice between a boy and an elderly man, as shown in Figure 1, highlights age
preferences, while a choice between an executive and a homeless person emphasizes social status
preferences.

We base our study on the extensive set of human preferences collected in Awad et al. (2018), which
serves as the ground truth for alignment. This collection includes approximately 40 million re-
sponses from individuals in 233 countries. Following the original study’s methodology, we include
data from countries with at least 100 respondents, resulting in a dataset that encompasses 130 coun-
tries. Note that while this test set serves as a descriptive measure of human responses to moral
dilemmas, it does not prescribe normative guidelines for how systems should act, as the dataset
reflects culturally specific biases that may not align with universally accepted ethical principles.

Vignette Template Our stimulus design derives from the original human study, set within the
context of an autonomous vehicle experiencing a brake failure, as outlined in the prompt: “Assume
there is a self-driving car with a sudden brake failure . . . ” shown in Figure 1. Each scenario presents
a choice between two groups, such as “a boy” versus ”an elderly man.” One group will be harmed
by the car, while the other remains unscathed. We use the 18 different character types from Awad
et al. (2018), which include: pregnant woman, girl, boy, female and male doctor, stroller, female and
male athlete, female and male executive, large man and woman, elderly man and woman, homeless,
criminal, dog, and cat. Following the original study, we also vary the number of characters (people
plus animals) on each side between one and five.

Systematic Variations We employ procedural generation to create moral dilemmas, enabling sys-
tematic variation across six moral dimensions. The character types mentioned provide a basis for
these variations, involving different ages (e.g., boy versus elderly man), genders (e.g., man versus
woman), social statuses (e.g., executive versus homeless), species (e.g., human versus dog), and
numbers of characters (e.g., one versus five). This structured approach allows us to systematically
explore the factors that influence moral judgment. In the subsequent section, we will detail each of
the six moral dimensions. To quantify preferences for each dimension, we describe each preference
as one option over another and represent the preference p by the percentage of the first option among
all cases.

Age Preference: This dimension assesses whether models prefer younger individuals over the el-
derly. We categorize characters into three age groups: young (girls and boys), adults (women and
men), and the elderly (elderly women and elderly men). In a given scenario, we only select from two
of the three age groups chosen randomly. We also control for the gender and number of characters
on each side, such as two girls versus two elderly women.

Social Status Preference: This dimension evaluates whether models show a preference for individ-
uals of higher social status over those of lower status. Awad et al. (2018) stratifies status into three
tiers: high (executives and doctors), middle (general adults), and low (criminals and homeless).

Fitness Preference: Next, we assess whether models favor the more physically fit over those con-
sidered less fit. Fitness levels are divided into more fit (female and male athletes), normal (average
adults), and less fit (larger-bodied individuals). Characters are selected randomly from two contrast-
ing fitness levels, with controlled gender and numbers on each side.

Gender Preference: This dimension tests whether there is a preference for one gender over another
across various age groups, social statuses, and fitness levels. We use seven pairings for this test:
women vs. men, elderly women vs. elderly men, girls vs. boys, large women vs. large men, female
athletes vs. male athletes, female executives vs. male executives, and female doctors vs. male
doctors.

Utilitarianism Preference: Defined in the Moral Machine project as the preference to save more
lives over fewer, this dimension is tested by presenting scenarios with different numbers of the same

4
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character type on each side. Special cases include dilemmas pitting non-pregnant women (either
average or larger women) against pregnant women to see if pregnancy affects the decision.

Species Preference: This dimension measures whether models consistently prioritize humans over
animals. Scenarios are set up with random numbers of characters (between one and five), comparing
humans with pets (dogs or cats) on each side.

Random Characters: In addition to the structured scenarios, we also create dilemmas with random
characters from any category, not strictly controlling for a specific contrast across the six moral
dimensions. The only condition maintained is that the total number of characters is equal on both
sides, allowing for a broader exploration of preferences without experimenter defined constraints.

3.2 PROMPT CONSTRUCTION IN MULTIPLE LANGUAGES

Setup for LLM Testing Following the vignette template introduced above, we make three key
adaptations to the trolley problem prompts to ensure more definitive responses from safety-tuned
LLMs. First, to counteract the tendency of LLMs to avoid providing a clear answer, we employ the
token-forcing method (Wei et al., 2023; Carlini et al., 2023): “Q: [Vignette Description] A: If the
self-driving car has to make a decision, between the two choices, it should save. . . ” This approach
forces the LLMs to make a binary choice in most cases. Additionally, we expanded the original
natural language data from English into 107 languages, ensuring that the dataset now covers a wide
range of languages, including both high-resource and low-resource languages. This expansion aims
to make the dataset more inclusive and globally representative. The third adaptation addresses a
noticeable bias LLMs exhibit towards the term “swerving” as opposed to “keeping going.” To
minimize this bias, we present the two options using bullet points as illustrated in Figure 1, and
ensure each scenario is phrased in both orders, i.e., both “- a boy \n - an elderly man” and “- an
elderly man \n - a boy.” These modifications enable the research community to leverage the Moral
Machine dataset to study and evaluate LLM pluralistic alignment.

Multilingual Variation We initially developed 920 English vignettes by systematically varying
scenarios and character combinations across six moral dimensions, ensuring thorough coverage of
all possible character interactions. To expand the scope of our study, we translated this dataset
into multiple languages. Using the googletrans Python package, we employed Google Translate
to convert the English prompts into 107 supported languages. Although this does not cover every
language globally, it encompasses a wide variety, including many low-resource languages with rel-
atively few speakers. Instead of using LLMs, whose translation quality is still uncertain, we use
Google Translate, as it is widely recognized as a reliable tool for translating English into other lan-
guages, especially for less common languages (Costa-jussà et al., 2022; Jiao et al., 2023; Zhu et al.,
2023; Peng et al., 2023). A full list of the languages used in our trolley problem scenarios is pro-
vided in Appendix B.1. To ensure the accuracy of these translations, we manually reviewed a subset
of them in several major languages to confirm that the intended meaning of the prompts was pre-
served. We conducted a Mechanical Turk task to evaluate translation quality across 44 languages,
with detailed information about the evaluation provided in Appendix D.1.

Table 2: Statistics of the MULTITP dataset shown including four representative languages out of the 107.

Overall Dataset English German Chinese Swahili
# Vignettes 97,520 920 920 920 920
# Words/Vignette 51 47 42 78 38
# Unique Words 6,492 61 71 87 70
Type-Token Ratio 0.0013 0.0014 0.0019 0.0012 0.0020

Dataset Statistics We present comprehensive statistics of the MULTITP dataset in Table 2. The
dataset comprises 97,520 trolley problem vignettes, with 920 vignettes for each of the 107 lan-
guages. We also provide a snapshot of statistics for four representative languages from different
global regions: global west, east, and south. On average, vignettes contain 51 words; English sce-
narios average 47 words, while Chinese scenarios, due to the linguistic structure, average 78 words
per scenario. In contrast, Swahili vignettes are shorter, averaging 38 words. The entire dataset
incorporates 6,492 unique words, with a type-token ratio of 0.0013.
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4 EVALUATION DESIGN

Model Selection Our study includes 19 LLMs to demonstrate a range of results. The models
encompass open-weights versions such as various sizes of Llama (Llama 2 in 7B, 13B, and 70B
and Llama 3 and 3.1 in 8B and 70B), Gemma 2 (2B, 9B, and 27B), Mistral 7B, Phi (Phi-3 Medium,
Phi-3.5 Mini and MoE), and Qwen 2 (7B and 72B), as well as close-weights models like GPT-3 (text-
davinci-003), GPT-4 (gpt-4-0613), and GPT-4o-mini (gpt-4o-mini-2024-07-18). For reproducibility,
we fix the random seed and set the temperature to zero for the generation. See detailed model setups
and exact identifiers in Appendix C.1.

Preference Assessment Our test is designed to include six types of systematic variations, allowing
us to represent a model’s moral preference with six values: pspecies, pgender, pfitness, pstatus, page, pnumber.
For each dimension pi, we report the percentage pi ∈ [0, 1] of the time when a default value prevails,
namely sparing humans (over pets), sparing more lives (over fewer lives), sparing women (over
men), sparing the young (over the elderly), sparing the fit (over the less fit), and sparing those with
higher social status (over lower social status). For example, if a model’s pspecies = 1, it consistently
prefers humans over pets, 100% of the time. Given the free-text answers of LLMs, we postprocess
them to match with the given binary choice presented in the trolley problems.

Misalignment Metric Combining the six different moral dimensions, we introduce a metric for
the overall preference vector p = (pspecies, pgender, pfitness, pstatus, page, pnumber). If we denote the hu-
man preference vector as ph and the model preference as pm, then we can calculate the misalignment
(MIS) score as the L2 distance between ph and pm, namely

MIS(ph,pm) = ∥ph − pm∥2 . (1)

Since each preference vector pi is 6-dimensional, the largest possible misalignment MIS is
√
6 ≈

2.45, and the smallest is 0, indicating perfect alignment.

Calculating misalignment presents a significant challenge due to the different bases of recording
human and LLM preferences — by country for humans and by language for LLMs. While in many
instances a language corresponds to a country, such as Italian to Italy and Romanian to Romania,
there are numerous countries where multiple languages are spoken. In these cases, we compute a
weighted average of the misalignment scores for all languages spoken within the country, using the
number of speakers per language as weights. We source our language population statistics from
Wikipedia and detail our method for mapping languages to countries in Appendix B.2. We also
discuss potential limitations of this approach in Section 6.

5 RESEARCH QUESTIONS AND RESULTS

Our study explores five research questions (RQs) that examine various aspects of the moral align-
ment of large language models (LLMs) with human preferences. We begin by assessing the global
alignment of LLM preferences with human preferences (RQ1). Next, we analyze how LLMs re-
spond to the six principal dimensions studied in the Moral Machine trolley problems (RQ2). We
then investigate if LLMs’ responses vary significantly across different languages and identify clus-
ters of language groups where LLMs exhibit similar behavior (RQ3). We also test a “language
inequality” hypothesis to determine if LLMs are more likely to be aligned with high-resource lan-
guage than with low-resource languages (RQ4). Finally, we conduct a robustness study to evaluate
the consistency of LLM responses to various paraphrasings of the same trolley problem prompt
(RQ5).

5.1 RQ1: DO LLMS ALIGN WITH HUMAN PREFERENCES OVERALL?

Method. We address the first research question concerning the overall alignment between LLMs
and human preferences. To quantify this alignment, we calculate a global misalignment score. This
score is derived by aggregating the individual misalignment scores from each language. We compute
the global misalignment score using a weighted average, where the weights are based on the number
of speakers of each language in the world from Wikipedia statistics (Wikipedia, 2024).

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICLR 2025

0.4 0.6 0.8 1 1.2 1.4
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Llama 2 13B
Gemma 2 9B
Phi-3.5 MoE
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Gemma 2 2B
Phi-3.5 Mini
Llama 2 70B
Llama 2 7B

GPT-4
Mistral 7B
Qwen 2 7B

Llama 3.1 8B
GPT-3

Llama 3 8B
Llama 3 70B

Llama 3.1 70B

Misalignment Score

(a) Overall alignment of 19 different LLMs with hu-
man preferences. Misalignment ranges from 0 to 2.45.
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(b) Distribution of LLM deviations from human pref-
erences in each moral dimension for the three most
aligned models (green), and three least aligned models
(red). The correlation of each moral dimension with
the overall MIS is 0.87, 0.69, 0.68, 0.45, 0.44, and
0.30, from left to right, all with a p-value<0.001.

Figure 2: Model alignment on trolley problems with human preferences.

Results. We plot the global misalignment scores in Figure 2a, and observe that very few models
align closely with human preferences. Specifically, only three models—Llama 3.1 70B, Llama 3
70B, and Llama 3 8B—have misalignment scores below 0.6.

The misalignment score measures discrepancies across a 6-dimensional preference vector, so a score
of 0.6 corresponds to a preference difference of 0.6/

√
6 = 0.245 in each dimension on average.

Other models, particularly GPT-4o Mini, show significant deviations from human moral judgments,
which will be explored in the following sections.

5.2 RQ2: WHAT ARE LLMS’ PREFERENCES ON EACH MORAL DIMENSION IN
MULTILINGUAL TROLLEY PROBLEMS?

Unpacking our initial findings about global alignment, we further explore how LLMs perform across
each of the six dimensions outlined in MULTITP. Specifically, we aim to identify which dimensions
most effectively distinguish between well-aligned and poorly-aligned LLMs.

Method. We decompose the overall misalignment score into LLMs’ preferences over the six moral
dimensions. Given each preference vector p = (pspecies, pgender, pfitness, pstatus, page, pnumber), we
extract the six dimensions of human preferences ph, the best aligned models pm_best, and the most
misaligned models pm_worst. We both qualitatively compare across models and also provide quan-
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Figure 3: Radar plots of the preference decomposition across the six different moral dimensions. Llama 3.1
70B aligns well on most dimensions except for gender. However, GPT-4o Mini lacks diversity and tends to
binarize on each dimension, which results in larger misalignment.
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Table 3: Language sensitivity
scores for all models. Higher scores
mean more varied misalignment
across languages.

Model Sensitivity
GPT-3 15.1
GPT-4 15.8
GPT-4o Mini 18.1
Gemma 2 27B 21.7
Gemma 2 2B 22.9
Gemma 2 9B 24.7
Llama 2 13B 21.0
Llama 2 70B 18.5
Llama 2 7B 19.8
Llama 3 70B 15.3
Llama 3 8B 14.9
Llama 3.1 70B 18.0
Llama 3.1 8B 19.9
Mistral 7B 21.3
Phi-3 Medium 22.8
Phi-3.5 Mini 21.3
Phi-3.5 MoE 14.7
Qwen 2 72B 21.1
Qwen 2 7B 22.2
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Figure 4: Distribution of preferences by each moral dimension across
languages, using the most-aligned model Llama 3.1 70B. The dashed
line is the overall human preference on each dimension. Cluster A:
Georgian, Filipino, Maltese, etc. B: German, Italian, Ukrainian, etc.
C: English, Finnish, Chinese, etc. D: Hungarian, Kazakh, Uyghur, etc.
See Appendix E.1 for the entire list of languages in each cluster, as well
as clustering results for other models such as GPT-3 and GPT-4.

titative reports of the Pearson correlation between the overall MIS score and model preferences in
each dimension.

Results. In Figure 3, we show a decomposition of preferences for human subjects, the most aligned
model (Llama 3.1 70B), and the most misaligned model (GPT-4o Mini). The substantial misalign-
ment of GPT-4o Mini is primarily due to its lack of diversity, not modeling preference as a dis-
tribution, but preferring to binarize most of the time. For example, it always prefers humans over
animals with a pspecies of 100%, failing to capture the variation and nuances in human judgments.
Conversely, the Llama 3.1 70B model, while differing from human preferences mainly in terms of
gender, generally aligns well on other dimensions by capturing nuances probabilistically.

To further understand how each moral dimension contributes to the overall misalignment, we find
strong correlations between the overall misalignment and several moral dimensions, especially gen-
der, age, and fitness. With a p-value of less than 0.001, we find the correlation with gender is 0.87,
0.69 for age, and 0.68 for fitness. In Figure 2b, we show the distribution of preference scores across
these dimensions for both three most aligned models (in green) and three least models (in red). This
analysis confirms that misaligned models often exhibit extreme preferences on each moral dimen-
sion, such as a higher propensity to protect females, the young, and individuals of higher social
status, diverging markedly from the more balanced tendencies observed in human subjects.

5.3 RQ3: DOES LLMS BEHAVIOR DEPEND ON THE LANGUAGE OF TROLLEY PROBLEMS?

Method. To evaluate whether LLMs display significant variance in their responses to trolley prob-
lems across different languages, we adopt a two-pronged approach to assess language sensitivity.
We measure the sensitivity of language-specific misalignment scores across all 107 languages as the
standard deviation: σ =

»
1

N−1

∑N
i=1(pli − p̄)2, where N = 107 languages, and pli refers to the

preference vector of the i-th language li. Second, we perform K-means clustering (Macqueen, 1967)
on the preference vectors {pli}Ni=1 of each language. It enables us to group languages with similar
preference vectors into the same cluster. We use the Elbow method (Thorndike, 1953) to determine
the optimal number of clusters k = 4.
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Results. The language sensitivity scores of 19 LLMs, as documented in Table 3, show that most
models exhibit clear sensitivity across their language-specific responses, with standard deviation
values ranging from 14.7 to 24.7 across languages. Exploring further, we identify distinctive patterns
within the language clusters using K-Means clustering. In Llama 3.1 70B, we identify four distinct
language clusters. For example, Cluster A (e.g., Georgian and Filipino) values animal lives more
than the other three clusters, which unanimously always favor humans over animals. Cluster D (e.g.,
Hungarian and Kazakh) has close-to-zero bias against unfit people, with a 50% possibility favoring
the fit over the unfit.

5.4 RQ4: ARE LLMS MORE MISALIGNED IN LOW-RESOURCE LANGUAGES?
Method. A considerable amount of recent research indicates that LLMs tend to align more closely
with high-resource languages, as noted in various studies (Tanwar et al., 2023; Cahyawijaya et al.,
2023; Nguyen et al., 2024; Ryan et al., 2024; Zhao et al., 2024). Despite this trend, we seek to
determine if the same alignment preference applies to multilingual trolley problems. An important
property of MULTITP is that it uses data that is not found online and hence was not seen during the
LLMs’ training. This is because we generate our test data on-demand based on parametric variations
and translations that we perform specifically for this study. In this context, our research question
investigates whether there is a significant positive correlation between the degree of LLM alignment
on trolley problems and how widely-used a language is. We measure the number of speakers per
language by extracting data from Wikipedia’s language demographics statistics (Wikipedia, 2024).
Then, we calculate the Pearson correlation coefficient between model misalignment scores and the
number of speakers for each language.

Results. Most models do not show a significant correlation between the per-language misalign-
ment score and the number of speakers per language, with correlations close to zero. See the entire
table of the correlation coefficients of all models in Appendix E.2. This is an interesting obser-
vation unique to the MULTITP trolley problems, which challenges the necessity of the “language
inequality” hypothesis. For example, in Llama 3.1 70B, the misalignment scores for the top five
most spoken languages are: Chinese 0.38, Hindi 0.51, English 0.58, Spanish 0.68, and Arabic 0.54.
This distribution of correlations is about the same as in less spoken languages among our dataset:
Bosnian 0.54, Luxembourgish 0.37, Icelandic 0.58, Maltese 0.57, Malayalam 0.54, and Catalan
0.59. We also visualize a misalignment world map in Appendix E.4 showcasing that there is no
strong correspondence between the development level of a country and its alignment score.

5.5 RQ5: ARE LLMS ROBUST TO PROMPT PARAPHRASES?
Method. For each initial prompt, we generate five different paraphrases (see Appendix C.2) to
test the consistency of our results across alternative expressions. Although the ideal experiment
would involve running a full test across all 107 languages on all 19 models, this would incur a non-
trivial computational cost. To fit within our computational budget, we select a subset of 14 languages
representing a mix of high-resource and low-resource languages (Arabic, Bengali, Chinese, English,
French, German, Hindi, Japanese, Khmer, Swahili, Urdu, Yoruba, Zulu, and Uyghur), and evaluate
two models (Llama 3 8B and 70B). We report the consistency scores across the different languages
by measuring the following three metrics: (1) the percentage of samples whose outputs remain
consistent across the paraphrases, (2) the inter-paraphrase agreement using Fleiss’ Kappa (Landis,
1977) score, and (3) the average pairwise consistency as measured by the F1 score and accuracy.

Results. We observe relatively consistent model outputs across all the above setups. 75.9% of the
samples have consistent outputs where at least four out of five paraphrases agree. This consistency
increases when considering agreement among three out of five paraphrases. The pairwise F1 score
for the five paraphrases is 78%, and the pairwise accuracy is 81%. The average Fleiss’ Kappa
value across each pair of responses is 0.56, where a Kappa value of 1 indicates perfect agreement,
values above 0.4 indicate moderate agreement, and values above 0.6 indicate substantial agreement
(Landis, 1977). Overall, we observe that Llama 3 70B demonstrates higher consistency than Llama
3 8B.

6 FUTURE WORK DIRECTIONS

Beyond the research questions we have asked and answered above, we highlight several areas for
improvement and productive future study.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2025

Exploring Jailbreaking for LLMs: Exploring whether jailbroken models maintain similar moral
preferences is important, particularly to measure whether or not they exhibit increased bias towards
gender or social status. Additionally, jailbreaking can help circumvent LLM refusals to respond.
Due to safety tuning in recent LLMs, a significant challenge in our study is the high refusal rate;
LLMs often decline to make decisions involving human lives or offer generic responses considering
multiple moral criteria. We found that the refusal rate for earlier models like GPT-3 is relatively
low at 12.1%, but it increases substantially in more recent models. When responding to different
moral dimensions, the models provide more definitive answers about species and the number of lives
saved but frequently avoid addressing sensitive issues such as gender. In our research, we employed
a basic technique known as token-forcing to mitigate refusal rates. Future studies could investigate
more advanced jailbreaking techniques to further lower these rates and uncover deeper underlying
preferences in LLMs.

Extension to Different Modalities and More Variations: In our study, we focus exclusively on a text-
only setting to investigate the latest text-based LLMs available at the time of our research. Although
the original Moral Machine study included a visual demonstration of each scenario2, we recom-
mend that future research also test the alignment of multi-modal foundation models. Additionally,
there is an opportunity for future studies to expand the diversity of characters, scenario setups, and
dimensions of variation. This expansion would increase the combinatorial variation of moral dilem-
mas that can be posed as trolley problems. Another point to consider is that the trolley problem is
sometimes criticized for being too narrow or unrealistic (Steen, 2024). Nonetheless, it remains a
widely used tool for studying moral decision-making. For this reason, the current study adopts this
foundational scenario while encouraging future research to incorporate additional complexities and
connect it to real-world situations.

More Language Support: Human languages are vast and diverse. While our study utilizes the 107
languages supported by high-quality translation services from Google Translate, there is a need
for further research into low-resource languages. We recommend that future studies expand their
scope to include a broader range of these low-resource languages to gain a more comprehensive
understanding LLMs’ moral preferences in diverse linguistic contexts.

Dialect Support to Enable More Accurate Language-Country Mapping: Since our alignment results
are based on language, drawing precise country-level conclusions presents a challenge. This issue
primarily stems from the limitations of current automated translation tools, which do not account for
dialect variations. For instance, English as spoken in the US (en-us) differs from English in the UK
(en-gb), just as Spanish varies between Spain (es-es) and Mexico (es-mx), among other examples.
In this study, we have attempted to approximate language-to-country correlations using a weighted
average based on the number of speakers per language in each country. However, our approach is
constrained by the lack of tools to accurately reflect other forms of demographic diversity. If future
research could incorporate dialect-specific support, it would enhance the reliability of country-level
observations.

7 CONCLUSION

Our study provides a comprehensive analysis of the moral preferences exhibited by LLMs across a
wide range of languages, via the prism of trolley problems. We propose a multilingual large-scale
dataset, MULTITP, with systematic variation of the vignette design. Our dataset is also equipped
with an unprecedentedly large set of human responses of 40 million responses from over 200 coun-
tries. Our experiments assess the moral alignment of 19 LLMs across 100+ languages, and find
that most LLMs do not demonstrate strong alignment with human preferences on trolley problem
questions, but in the meantime there is no significant inequality across languages, as high-resource
languages have similar alignment scores to low-resource languages. Our study paves the way for
future pluralistic alignment research grounded in psychology and more languages.
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REPRODUCIBILITY STATEMENT

We have put efforts to ensure the reproducibility of this work. Our MULTITP data is uploaded to
the submission system and we have described our data construction details in Section 3 as well as
the overall statistics. In the meantime, we have also uploaded our code to the submission system.
Our Section 4 in the main paper describes our model setup and the equations used for the evaluation
metrics. We provide an extensive appendix to supplement all the rest of the details.

ETHICS STATEMENT

In studying the six moral dimensions of species, gender, fitness, status, age, and number, we ac-
knowledge that our work is not intended to promote the integration of LLMs into systems requiring
critical real-world judgments, such as autonomous driving or other high-stakes scenarios. Instead,
our research aims to use these moral dilemmas as a tool of theoretical exploration for better under-
standing LLM alignment with human values. For instance, while sparing humans over animals is
often seen as an intuitive moral choice in many cultures, moral values can vary significantly across
underrepresented groups, complicating the assumption of universally “correct” answers. Thus, it is
essential for LLM practitioners to remain vigilant in ensuring that embedded assumptions reflect a
wide range of cultural and linguistic contexts.

The Moral Machine dataset (Awad et al., 2018) is a descriptive measure of human responses to moral
dilemmas. It cannot (and should not) prescribe how the system should act. However, because these
systems are trained and fine-tuned with large-scale cross-cultural data, they may inherit culturally
specific biases. Our focus here is to both characterize these biases and study to what extent input
in different languages leads to an LLM reflecting the moral values consistent with the speakers
of that language. From this perspective, a higher alignment score for a particular culture may or
may not be desirable (Bommasani et al., 2021; Ethayarajh & Jurafsky, 2022). While some point
to reflecting human values in AI systems as a solution to the alignment problem (i.e., pluralistic
alignment (Sorensen et al., 2024c)), our results suggest that due to the plurality of moral values
expressed, successful alignment must ultimately depend on the intent of the system developers to
avoid perpetuating human preferences that are considered harmful, partial, or parochial (Sorensen
et al., 2024c; Santurkar et al., 2023).

We also recognize the importance of broadening the types of moral dilemmas used to assess LLM
alignment. While our research focuses on the trolley problem, a well-known ethical dilemma, we
are not suggesting this singular scenario captures the complexity of moral reasoning. Expanding the
scope to include dilemmas such as organ transplants or firefighter decisions can offer richer insights
into how LLMs process ethical judgments. By evaluating LLMs on a diverse set of moral challenges,
we can gain a more complete picture of their alignment capabilities, rather than over-relying on one
specific framework.

Additionally, we understand the limitations of using binary moral dilemmas, such as trolley prob-
lems, to evaluate LLM decision-making. Reducing moral judgments to binary choices risks over-
simplifying the complex, context-dependent nature of human morality (Schein, 2020). While these
scenarios provide valuable insights into LLM behavior, they should not be seen as definitive mea-
sures of moral competence. Our research emphasizes that LLMs, as currently developed, are not
suitable for real-world moral decision-making tasks. Rather, this work serves as a means to ex-
plore how LLMs can better align with human moral frameworks in a controlled, research-oriented
environment. We encourage further research to ensure that AI systems are fair, transparent, and
accountable as they develop, but caution against their use in high-stakes moral applications without
substantial ethical oversight.

A MORAL MACHINE DATASET

The original Moral Machine dataset was collected by Awad et al. (2018) and is available here:
https://osf.io/3hvt2/, it consist of over 40 milions anonymized human judgments from
233 countries, with 130 countries having more than 100 subject participating.

The licencse is as follows: “The provided data, both at the individual level (anonymized IDs) and
the country level, can be used beyond replication to answer follow-up research questions” (Awad
et al., 2018).
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B ALL LANGUAGES

B.1 LANGUAGE LIST

We include all the languages that the translation API googletrans3 supports. Using the al-
phabetical order of the short code by ISO, they are af (Afrikaans), am (Amharic), ar (Arabic),
az (Azerbaijani), be (Belarusian), bg (Bulgarian), bn (Bengali), bs (Bosnian), ca (Catalan),
ceb (Cebuano), co (Corsican), cs (Czech), cy (Welsh), da (Danish), de (German), el (Mod-
ern Greek), en (English), eo (Esperanto), es (Spanish), et (Estonian), eu (Basque), fa (Persian),
fi (Finnish), fr (French), fy (Western Frisian), ga (Irish), gd (Scottish Gaelic), gl (Galician),
gu (Gujarati), ha (Hausa), haw (Hawaiian), he (Hebrew), hi (Hindi), hmn (Hmong), hr (Croa-
tian), ht (Haitian), hu (Hungarian), hy (Armenian), id (Indonesian), ig (Igbo), is (Icelandic),
it (Italian), iw (Modern Hebrew), ja (Japanese), jw (Javanese), ka (Georgian), kk (Kazakh), km
(Central Khmer), kn (Kannada), ko (Korean), ku (Kurdish), ky (Kirghiz), la (Latin), lb (Luxem-
bourgish), lo (Lao), lt (Lithuanian), lv (Latvian), mg (Malagasy), mi (Maori), mk (Macedonian),
ml (Malayalam), mn (Mongolian), mr (Marathi), ms (Malay), mt (Maltese), my (Burmese), ne
(Nepali), nl (Dutch), no (Norwegian), ny (Nyanja), or (Oriya), pa (Panjabi), pl (Polish), ps
(Pushto), pt (Portuguese), ro (Romanian), ru (Russian), sd (Sindhi), si (Sinhala), sk (Slovak),
sl (Slovenian), sm (Samoan), sn (Shona), so (Somali), sq (Albanian), sr (Serbian), st (South-
ern Sotho), su (Sundanese), sv (Swedish), sw (Swahili), ta (Tamil), te (Telugu), tg (Tajik), th
(Thai), tl (Tagalog), tr (Turkish), ug (Uighur), uk (Ukrainian), ur (Urdu), uz (Uzbek), vi (Viet-
namese), xh (Xhosa), yi (Yiddish), yo (Yoruba), zh-cn (Chinese (Simplified)), zh-tw (Chinese
(Traditional)), and zu (Zulu).

B.2 COUNTRY-TO-LANGUAGE MAPPING

Although it is not used in our main analysis, some people might be interested in country-specific
aggregation of the LLM alignment.

To allow for such analysis, we collect each country and their main languages from Wikipedia pop-
ulation statistics. We curate the list manually by going through the Wikipedia page of the lan-
guages of each country, such as this one for Belgium: https://en.wikipedia.org/wiki/
Languages_of_Belgium. To account for multilingual speakers, we use the first-language only
speaker information, i.e., the number of speakers who speaks the language as their first language.

If future researchers want to calculate the country-specific misalignment scores, we suggest a
weighted average by each language-specific MIS score and the number of speakers of that language
in that country.

Afghanistan: ps; Albania: sq; Algeria: ar; Andorra: ca, pt, fr; Angola: pt; Argentina: es;
Armenia: hy, ru; Australia: en; Austria: de; Azerbaijan: az, hy, ru; Bahamas: en; Bahrain:
ar; Bangladesh: bn; Barbados: en; Belarus: be; Belgium: nl, fr, de; Benin: fr; Bolivia: es;
Bosnia and Herzegovina: bs, hr, sr; Botswana: en; Brazil: pt; Brunei: ms, zh-cn; Bulgaria:
bg, tr; Burkina Faso: fr; Burundi: fr; Cabo Verde: pt; Cambodia: km; Cameroon: fr, en;
Canada: en, fr; Central African Republic: fr; Chad: ar, fr; Chile: es; China: zh-cn; Colom-
bia: es; Comoros: fr; Congo, Dem. Rep.: fr; Congo, Rep.: fr; Costa Rica: es; Cote d’Ivoire:
fr; Croatia: hr; Cyprus: el, tr; Czechia: cs; Denmark: da; Djibouti: fr, ar; Dominican
Republic: es; Ecuador: es; Egypt: ar; El Salvador: es; Equatorial Guinea: es; Eritrea: ar;
Estonia: et; Eswatini: en; Ethiopia: om; Finland: fi, sy; France: fr; French Polynesia: fr;
Gabon: fr; Gambia, The: en; Georgia: ka; Germany: de; Ghana: en; Greece: el; Guam: en,
tl; Guatemala: es; Guernsey: nan; Guinea: fr; Guinea-Bissau: pt; Honduras: es; Hong Kong:
zh-cn; Hungary: hu; Iceland: is; India: hi, en; Indonesia: id; Iran: fa; Iraq: ar; Ireland:
en, ga; Isle of Man: nan; Israel: he; Italy: it; Jamaica: en; Japan: ja; Jersey: en; Jordan: ar;
Kazakhstan: kk, ru; Kenya: en, sw; Kuwait: ar; Kyrgyzstan: ky; Latvia: lv; Lebanon: ar, fr;
Lesotho: st; Liberia: en; Libya: ar; Lithuania: lt; Luxembourg: lb; Macao: zh-cn; Macedo-
nia: mk, sq; Madagascar: mg; Malawi: ny, en; Malaysia: ms; Maldives: dv; Mali: fr; Malta:
mt, en; Martinique: fr; Mauritania: ar; Mauritius: en; Mexico: es; Moldova: ro; Monaco: fr;
Mongolia: mn; Montenegro: sr; Morocco: ar; Mozambique: pt; Myanmar: my; Namibia: en;
Nepal: ne; Netherlands: nl; New Caledonia: fr; New Zealand: en, mi; Nicaragua: es; Niger:
ha; Nigeria: en, ha, yo; Norway: no; Oman: ar, ml, bn; Pakistan: ur; Palestinian Territory:

3https://pypi.org/project/googletrans/

18

https://en.wikipedia.org/wiki/Languages_of_Belgium
https://en.wikipedia.org/wiki/Languages_of_Belgium
https://pypi.org/project/googletrans/


972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2025

ar; Panama: es; Paraguay: es, gn; Peru: es; Philippines: tl; Poland: pl; Portugal: pt; Puerto
Rico: en, es; Qatar: ar; Reunion: fr; Romania: ro; Russia: ru; Rwanda: en; Sao Tome and
Principe: pt; Saudi Arabia: ar; Senegal: fr; Serbia: sr; Seychelles: en, fr; Sierra Leone: en;
Singapore: zh-cn, en, ms; Slovakia: sk; Slovenia: sl; Somalia: so; South Africa: zu, xh, af,
en; South Korea: ko; South Sudan: en; Spain: es; Sri Lanka: si, ta; Sudan: ar, en; Sweden:
sv; Switzerland: de, fr, it; Syria: ar; Taiwan: zh-tw; Tanzania: sw; Thailand: th; Togo:
fr; Trinidad and Tobago: en; Tunisia: ar; Turkey: tr; Uganda: en; Ukraine: uk; United Arab
Emirates: ar; United Kingdom: en; United States: en; Uruguay: es; Uzbekistan: uz; Venezuela:
es; Vietnam: vi; Zambia: en, ny; Zimbabwe: en, sn;

C EXPERIMENTAL SETUP

C.1 MODEL SETUP

Across all our LLM evaluation experiments, to ensure reproduceability, we set the text generation
temperature to zero for decoding.

We first introduce all the exact model identifiers for the open-weights models in Table 5. Then, we
provide the model ID for close-weights models using the OpenAI API in Table 5. The total estimate
API cost for the experiment is 600 USD.

Table 4: Detail model identifier and VRAM requirements when running open-weights models.

Model Size VRAM Open-Weights Model Identifier

Gemma
2B 8B google/gemma-2b-it
9B 18B google/gemma-2-9b-it
27B 80B google/gemma-2-27b-it

Llama-2
7B 40GB meta-llama/Llama-2-7b-chat-hf
13B 40GB meta-llama/Llama-2-13b-chat-hf
70B 160GB meta-llama/Llama-2-70b-chat-hf

Llama-3 8B 40GB meta-llama/Meta-Llama-3-8B-Instruct
70B 160GB neuralmagic/Meta-Llama-3-70B-Instruct-FP8

Llama-3.1 8B 40GB meta-llama/Meta-Llama-3.1-8B-Instruct
70B 160GB neuralmagic/Meta-Llama-3.1-70B-Instruct-FP8

Mistral 7B 40GB mistralai/Mistral-7B-Instruct-v0.2

Qwen 7B 40GB Qwen/Qwen2-7B-Instruct
72B 160GB Qwen/Qwen2-72B-Instruct-GPTQ-Int8

Phi
4B 24GB microsoft/Phi-3.5-mini-instruct
14B 40GB microsoft/Phi-3-medium-4k-instruct
42B 80GB microsoft/Phi-3.5-MoE-instruct

Table 5: API identifiers of the close-weights models used in our experiments and approximate costs to test each
language.

Model Size Cost per Language Identifier

GPT
3 $2.3 text-davinci
3.5 $0.11 gpt-3.5-turbo-0613
4 $5.1 gpt-4-0613

C.2 PROMPT PARAPHRASES

We include the five additional paraphrases to the initial prompt generated by GPT-4 in Table 6.
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Table 6: Paraphrases of the starting statement. All paraphrases were generated using GPT-4.

No. Prompt
Original Assume there is a self-driving car with a sudden break failure, and the car is about to

cause either of the two to die:
1 Imagine a scenario where an autonomous vehicle experiences a sudden brake failure,

resulting in either of the two fatalities:
2 In a situation where a self-driving car’s brakes fail unexpectedly, it is about to lead to the

death of one of the two sides:
3 Picture a self-driving car with a sudden brake malfunction, which is about to result in the

demise of either of these two sides:
4 Envision an autonomous car experiencing an abrupt brake failure, putting either of the

two sides at risk:
5 Consider a case where a self-driving car undergoes a sudden brake failure, and it is about

to cause the death of one of the two sides:

D TRANSLATION QUALITY CHECK

D.1 HUMAN EVALUATION OF TRANSLATION QUALITY

To evaluate translation quality, we conducted a human evaluation task on MTurk, where annotators
rated how accurately translations from English to another language conveyed the original meaning.
Ratings were provided on a 5-point scale ranging from "None" (no meaning conveyed) to "All" (full
meaning conveyed). The task was divided into two main phases:

First, annotators were presented with a language selection page. On this page, they were prompted
to select the language in which they were most proficient from a list of 107 languages (excluding
English). Annotators were explicitly reminded not to proceed if they were unfamiliar with any of
the listed languages. This step ensured that the ratings were provided only by individuals fluent in
the target languages.

Next, annotators were directed to the translation rating page. This page contained 25 translation
pairs, each comprising an English sentence or word and its corresponding translation. The instruc-
tions for this phase were adapted from prior research (Lavie, 2011; Goto et al., 2014), as shown
below:

Please rate how accurately the translation conveys the meaning
of the source text:

Source English Sentence/Text: {source}
Translation: {translation}
- None: No meaning of the original text is conveyed.
- Little: Only a small portion of the meaning is conveyed.
- Much: A substantial amount of the meaning is conveyed.
- Most: Most of the meaning is conveyed accurately.
- All: The full meaning is conveyed accurately.

After completing the rating task, annotators submitted their responses, which were then recorded for
analysis. We kept the Amazon Mechanical Turk task open for a span of three days, and collected
a total of 169 annotation responses covering 44 languages. The total cost was approximately $10.
The languages evaluated included af, am, ar, be, bg, bn, bs, cs, da, de, en, es, fi, fr, ga, gu, hi, hmn,
hu, hy, it, ja, ko, la, mg, ml, ms, nl, pl, pt, ro, ru, sq, st, sw, ta, te, tl, tr, ur, vi, yo, zh-cn, and zh-tw.
The number of annotations received per language ranged from one response (e.g., am, be, bs, da, fi,
gu, hmn, ms, nl, pl, st) to as many as 16 responses (es).

The results of the evaluation demonstrate strong translation quality. Specifically, 88.6% of the eval-
uated languages achieved an average score of 3.0 or higher out of 5 (i.e., conveying a substantial
portion of the original meaning). Importantly, no languages received a mean score below 2.0, and
the lowest-performing group only has four languages (am, pl, sq, la), whose mean scores are between
2.0 and 2.5. The standard deviation of scores across languages ranged from 0.5 to 1.3, suggesting
relatively consistent ratings among annotators. These findings cover both high-resource and low-
resource languages, highlighting the robustness of the evaluation. Overall, the results demonstrate
that the translations generally maintain high quality across a diverse set of linguistic contexts. Ad-
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ditionally, we examined the correlation between speaker count and translation score. The Pearson
correlation is 0.078, and the Spearman correlation is 0.072, both indicating no meaningful corre-
lation. Given the limited data available, it is reassuring to observe that the relationship remains
weak.

Table 7 presents the full annotation results, including details of the 44 evaluated languages, the
number of responses received per language, the mean scores, and the standard deviations.

Language Language Code Averaged Scores # Responses
Danish da 5.00 ±0.00 1
Southern Sotho st 5.00 ±0.00 1
Bosnian bs 4.91 ±0.28 1
Turkish tr 4.81 ±0.43 3
Russian ru 4.78 ±0.41 2
Chinese (Traditional) zh-tw 4.76 ±0.87 9
Portuguese pt 4.72 ±0.70 6
German de 4.69 ±0.70 6
Tagalog tl 4.68 ±0.61 4
Swahili sw 4.68 ±1.11 3
Chinese (Simplified) zh-cn 4.63 ±0.98 5
Dutch nl 4.61 ±0.71 1
Korean ko 4.59 ±1.13 3
Bulgarian bg 4.59 ±1.31 2
Czech cs 4.57 ±1.04 2
English en 4.53 ±0.73 7
Malagasy mg 4.52 ±1.12 5
Vietnamese vi 4.52 ±0.50 3
Spanish es 4.49 ±0.96 16
Romanian ro 4.48 ±0.83 2
Belarusian be 4.48 ±0.50 1
Italian it 4.47 ±1.00 5
Japanese ja 4.45 ±1.01 5
Afrikaans af 4.33 ±0.55 2
Malay ms 4.30 ±0.95 1
Telugu te 4.30 ±1.07 3
Yoruba yo 4.29 ±1.25 3
Hungarian hu 4.26 ±1.26 2
Malayalam ml 4.10 ±1.43 5
Tamil ta 4.06 ±1.14 9
Bengali bn 4.03 ±1.14 3
French fr 4.03 ±0.98 3
Hindi hi 3.94 ±1.32 11
Irish ga 3.83 ±1.17 2
Gujarati gu 3.83 ±1.86 1
Urdu ur 3.64 ±1.43 4
Hmong hmn 3.61 ±1.86 1
Arabic ar 3.58 ±1.39 3
Armenian hy 3.28 ±1.27 14
Finnish fi 2.70 ±1.40 1
Latin la 2.50 ±1.31 4
Albanian sq 2.30 ±2.11 2
Polish pl 2.26 ±0.53 1
Amharic am 2.00 ±0.00 1

Table 7: Human evaluation results of translation quality. Annotations were collected for 44 languages, with
scores averaged across all translation pairs for each language.

D.2 AUTOMATIC EVALUATION OF TRANSLATION QUALITY

In addition to manual annotation of the translation quality, we also provide the automatic evaluation
results by back-translation. Starting with our original prompt in English x, we use our paper’s setup
to translate and collect the non-English prompt y, and based on y, we further translate it back to
English, thus getting the back-translated English prompt x′. As a simple method for evaluation, we

21



1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187

Under review as a conference paper at ICLR 2025

calculate the cosine similarity of the embeddings between all x and x′ pairs for all languages, with
a histogram plotted in Figure 5.

Figure 5: Distribution of embedding similarity

E ADDITIONAL RESULTS

E.1 LLM CLUSTERING RESULTS

As introduced in the main paper, we first provide a full list of languages for each of the four clusters
of Llama 3.1 70B in Table 8.

Table 8: Languages in each cluster for Llama 3.1 70B.

Cluster Language
A Amharic, Cebuano, Scots gaelic, Hausa, Hawaiian, Hmong, Igbo, Georgian, Kurdish (kurmanji),

Maori, Malayalam, Maltese, Dutch, Chichewa, Punjabi, Pashto, Shona, Somali, Tamil, Telugu,
Tajik, Filipino, Xhosa, Yoruba

B Belarusian, Bulgarian, Bengali, Bosnian, Corsican, Danish, German, Greek, Esperanto, Spanish,
Estonian, Persian, Frisian, Croatian, Italian, Kannada, Latin, Lithuanian, Macedonian, Mongo-
lian, Marathi, Norwegian, Polish, Russian, Sindhi, Slovak, Slovenian, Samoan, Swedish, Swahili,
Turkish, Ukrainian

C Afrikaans, Arabic, Azerbaijani, Catalan, Czech, Welsh, English, Finnish, French, Irish, Galician,
Gujarati, Hebrew, Hindi, Haitian creole, Armenian, Indonesian, Icelandic, Hebrew, Javanese,
Korean, Latvian, Malay, Nepali, Portuguese, Romanian, Albanian, Serbian, Sundanese, Urdu,
Vietnamese, Chinese (simplified), Chinese (traditional)

D Basque, Hungarian, Kazakh, Khmer, Kyrgyz, Luxembourgish, Lao, Malagasy, Myanmar
(burmese), Odia, Sinhala, Sesotho, Thai, Uyghur, Uzbek, Yiddish, Zulu

Furthermore, we also introduce the clustering results of two additional models: GPT-3 and GPT-4.
For GPT-3, we visualize its clustering results in Figure 6 with the language list in Table 9. For
GPT-3, we visualize its clustering results in Figure 7 with the language list in Table 10.

Table 9: Language in each cluster for GPT-3

Cluster Language
A Hindi, Serbian
B Afrikaans, Arabic, Bosnian, Corsican, Danish, Esperanto, Spanish, Estonian, Finnish, French,

Galician, Hebrew, Haitian creole, Icelandic, Italian, Lithuanian, Latvian, Macedonian, Malay,
Maltese, Norwegian, Polish, Portuguese, Russian, Slovak, Albanian, Swedish, Vietnamese, Chi-
nese (simplified), Chinese (traditional)

C Czech, English, Frisian, Hungarian, Indonesian, Slovenian, Zulu
D Welsh, German, Greek, Hebrew, Japanese, Korean, Luxembourgish, Swahili, Filipino, Turkish,

Ukrainian
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Figure 6: Distribution of preferences by feature across languages for GPT-3
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Figure 7: Distribution of preferences by feature across languages for GPT-4
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Table 10: Language in each cluster for GPT-4

cluster language
A Amharic, Arabic, Belarusian, Czech, Welsh, Greek, English, Finnish, Scots gaelic, Galician,

Hausa, Hawaiian,
Hebrew, Hmong, Indonesian, Igbo, Icelandic, Italian, Hebrew, Japanese, Kazakh, Kannada,
Lithuanian, Maori, Macedonian, Malayalam, Mongolian, Marathi, Maltese, Myanmar (burmese),
Nepali,
Norwegian, Chichewa, Polish, Romanian, Russian, Slovenian, Samoan, Shona, Albanian, Ser-
bian, Sesotho,
Swahili, Telugu, Filipino, Turkish, Uyghur, Ukrainian, Uzbek, Xhosa, Yoruba

B Afrikaans, Bulgarian, Bosnian, Catalan, Corsican, Danish, German, Esperanto, Estonian, Basque,
French,
Frisian, Irish, Hindi, Croatian, Haitian creole, Hungarian, Javanese, Georgian, Khmer, Latvian,
Malagasy,
Pashto, Portuguese, Sindhi, Slovak, Somali, Swedish, Thai, Vietnamese, Chinese (simplified),
Chinese (traditional)

C Azerbaijani, Bengali, Persian, Gujarati, Armenian, Korean, Kurdish (kurmanji), Kyrgyz, Luxem-
bourgish,
Punjabi, Sundanese, Tamil, Urdu, Yiddish, Zulu

D Cebuano, Spanish, Latin, Tajik
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E.2 CORRELATION OF THE MISALIGNMENT SCORE AND THE NUMBER OF SPEAKERS OF
EACH LANGUAGE

Table 11 shows the correlation coefficients and p-values of the misalignment score and the number
of speakers of each language. Across all models, such correlation is close to zero, showing that
LLMs do not specifically favor high resource languages in our MULTITP test.

Table 11: Correlation coefficients and p-values of the misalignment score and the number of speakers of each
language.

Model Pearson Correlation p-Value
GPT-3 -0.01 0.90
GPT-4 0.02 0.81
GPT-4o Mini 0.06 0.49
Gemma 2 27B 0.00 0.99
Gemma 2 2B 0.04 0.63
Gemma 2 9B -0.04 0.67
Llama 2 13B -0.04 0.60
Llama 2 70B 0.09 0.25
Llama 2 7B 0.00 1.00
Llama 3 70B 0.02 0.78
Llama 3 8B 0.07 0.39
Llama 3.1 70B -0.07 0.39
Llama 3.1 8B -0.05 0.57
Mistral 7B -0.04 0.63
Phi-3 Medium 0.06 0.50
Phi-3.5 Mini -0.01 0.86
Phi-3.5 MoE -0.06 0.47
Qwen 2 72B 0.09 0.25
Qwen 2 7B 0.04 0.62

E.3 CORRELATION OF THE MISALIGNMENT SCORE AND LANGUAGE SENSITIVITY

Table 12 shows the misalignment scores and language sensitivity scores for each model. We observe
a moderate positive correlation (Pearson coefficient = 0.43, p-value = 0.07).

Table 12: Misalignment scores and language sensitivity scores for each model.

Model Misalignment Language Sensitivity
Llama 3.1 70B 0.55 18.01
Llama 3 70B 0.56 15.25
Llama 3 8B 0.57 14.90
GPT-3 0.64 15.13
Llama 3.1 8B 0.75 19.92
Qwen 2 7B 0.77 22.23
Mistral 7B 0.80 21.30
GPT-4 0.81 15.83
Llama 2 7B 0.83 19.79
Llama 2 70B 0.91 18.53
Phi-3.5 Mini 0.94 21.27
Gemma 2 2B 0.96 22.88
Phi-3 Medium 1.07 22.79
Phi-3.5 MoE 1.08 14.67
Gemma 2 9B 1.08 24.74
Llama 2 13B 1.10 21.01
Gemma 2 27B 1.17 21.66
Qwen 2 72B 1.20 21.11
GPT-4o Mini 1.45 18.09

E.4 COUNTRY-SPECIFIC ALIGNMENT

For reader-friendliness, we also visualize the misalignment by a world map in Figure 8, where
darker colors indicate higher misalignment values. As introduced in the main paper RQ4, there is
not a strong pattern of misalignment bias towards low-resource languages.
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Llama 3.1 70B

<=0.58 (1st Q) <=0.82 (2nd Q) <=1.30 (3rd Q) <=1.90 (4th Q) No Data

Figure 8: Moral misalignment world map of the best model, Llama 3.1 70B. The darker shade of the color
corresponds to a larger misalignment score. We aggregate the country-specific alignment or according to the
approximation procedures introduced in Appendix B.2.
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Figure 9: Distribution of preferences by feature across languages for Llama 3.1 70B for different cultures.

E.4.1 REGIONAL DIFFERENCES ACROSS GLOBAL EAST, WEST, AND SOUTH

In addition to country-level statistics, we also analyze across three major geographic regions – the
Global East, West, and South, using the clustering of Awad et al. (2018; 2020a) – to investigate
potential cultural variations in moral decision-making. We show the regional moral preferences of
three models, GPT-3, GPT-4, and Llama 3.1 70B, in Figures 9 to 11, respectively.
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Figure 10: Distribution of preferences by feature across languages for GPT-3 for different cultures.
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Figure 11: Distribution of preferences by feature across languages for GPT-4 for different cultures.
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E.5 ROBUSTNESS ANALYSIS: TESTING THE OPTION ORDER BIAS

Recent work reports that LLMs often suffer from recency bias (Liu et al., 2024), making them more
likely to choose the later option in multiple choice questions.

Since this will have an important effect on our study, we conduct a sanity check to report the con-
sistency rate, i.e., the frequency of LLMs to keep its response if we swap the order the order of the
two choices, e.g., mentioning the boy first, and elderly man next, or vice versa in our example in
Figure 1. We report the average consistency rates across different models in Table 13, showing that
most models are robust against option order changes, with close-to-perfect consistency rates.

Table 13: Consistency rates against the position bias in the option order for the LLMs tested in our study.

Model Consistency Rate
GPT-4o Mini 99.5
Gemma 2 27B 99.2
Gemma 2 9B 99.0
Qwen 2 72B 98.6
GPT-4 98.3
Llama 2 13B 97.7
Mistral 7B 97.3
Llama 2 70B 97.2
Qwen 2 7B 97.1
Phi-3 Medium 96.7
Phi-3.5 MoE 96.6
Llama 2 7B 96.3
Llama 3.1 8B 96.1
Llama 3 70B 95.8
Llama 3.1 70B 95.1
Gemma 2 2B 95.1
Phi-3.5 Mini 94.7
Llama 3 8B 94.1
GPT-3 87.1

E.6 ANALYSIS OF MODELS FROM THE LLAMA FAMILY

Model Sparing Sparing Sparing Sparing Sparing Sparing
Young Fit Females Higher Status Humans More

Llama 3.1 70B 76.3 70.2 84.6 65.7 87.1 80.4
Llama 3.1 8B 64.2 68.7 72.2 63.7 76.5 78.2
Llama 3 70B 77.3 69.0 91.4 70.9 93.8 83.2
Llama 3 8B 51.6 68.1 84.1 70.3 88.0 73.7
Llama 2 70B 68.7 76.5 83.5 72.2 96.1 79.8
Llama 2 13B 61.7 66.3 86.5 71.5 90.3 76.2
Llama 2 7B 47.7 67.6 84.3 67.7 92.1 78.6

Table 14: Llama family average distribution preferences.
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