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Abstract

Effective interactions between artificial intelli-
gence (Al) and humans require an equitable and
accurate representation of diverse cultures. It
is known that current Al, particularly large lan-
guage models (LLMs), possess some degrees
of cultural knowledge but not without limita-
tions. We present a framework aimed at un-
derstanding the origin of these limitations. We
hypothesize that there is a fundamental discor-
dance between embedded ethics—how LLMs
represent right versus wrong, and cultural in-
ference—how LLMs infer cultural knowledge,
specifically cultural norms. We demonstrate
this by extracting low-dimensional subspaces
that embed ethical principles of LLMs based
on established benchmarks. We then show
that how LLMs make errors in culturally dis-
tinctive scenarios significantly correlates with
how they represent cultural norms with respect
to these embedded ethics subspaces. Further-
more, we show that coercing cultural norms
to be more aligned with the embedded ethics
increases LLM performance in cultural infer-
ence. Our analyses of 12 language models,
two large-scale cultural benchmarks spanning
75 countries and two ethical datasets indicate
that 1) the ethics—culture discordance tends to
be exacerbated in instruct-tuned models, and
2) how current LLMs represent ethics can im-
pose limitations on their adaptation to diverse
cultures particularly pertaining to non-Western
and low-income regions.'

1 Introduction

Effective human interactions with artificial intel-
ligence (Al), particularly large language models
(LLMs), are critically dependent on an equitable
and accurate representation of diverse cultures.
However, cultures can vary or even disagree in their
values, norms, and beliefs. What is acceptable in
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Figure 1: An illustrative example of our framework. We
identify a hyperplane that embeds ethical norms within
the representational space of an LLM, and study cultural
norms with respect to this embedded ethics. Prompts are
selected from ETHICS and CulturalBench (Hendrycks
et al., 2021; Chiu et al., 2024b).

one culture may be considered taboo or inappropri-
ate in another culture. For example, practices like
eating with hands, or the consumption of specific
meats are accepted in many non-Western societies
but are often viewed negatively or prohibitively
in Western cultures (Shweder et al., 1987; Awad
et al., 2018; PEW, 2014). Cultural diversity poses
difficulties for Al ethical reasoning and decision-
making, and it is an active area of research whether
current Al systems, often ethically aligned (Tou-
vron et al., 2023; Dai et al., 2024; Bai et al., 2022a;
Zhu et al., 2024), can adequately accommodate
cultural variation (Rao et al., 2023).

Prior work has studied LLMs in language gen-
eration, reasoning, and common-sense knowledge
in cultural settings (Johnson et al., 2022; Dwivedi
et al., 2023; Cao et al., 2023; Arora et al., 2023;
Ramezani and Xu, 2023; Keleg and Magdy, 2023;
AlKhamissi et al., 2024; Durums et al., 2024; Chiu
et al., 2024a; Shi et al., 2024; Wang et al., 2024;
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Rao et al., 2025; Masoud et al., 2025; Shen et al.,
2024; Liu et al., 2024a). These studies show that
state-of-the-art LLMs, despite their impressive gen-
eral capabilities, are limited in equitable cultural
representation and adaptability. What is the origin
of this limitation, and why are LLMs inadequate in
representing knowledge about different cultures?

We hypothesize that a fundamental discordance
might serve as a starting point to understanding this
limitation. Given the dominance of English-based
data for training language models, we postulate
that LLMs’ embedded knowledge of what is right
and wrong might be incompatible with how these
models make inference in cross-cultural settings,
or specifically, how they represent diverse cultural
norms.

To test our hypothesis, we study LLMs by
drawing on representational interpretability tech-
niques (Burns et al., 2022). Given the typical binary
approach in ethical tuning (i.e., right vs. wrong),
we identify an embedded semantic vector (a hyper-
plane) to separate ethical and unethical utterances
in a given ethical benchmark. We then investigate
how representations of cultural norms interact with
this embedded ethics hyperplane. Figure 1 illus-
trates our framework: We identify cases where the
large language model correctly recognizes a cul-
tural norm (e.g., addressing people by first names or
nicknames in the U.S.), and cases where the LLM
fails to recognize the correct norm (e.g., avoiding
prolonged eye contact in Polish culture). We then
investigate whether these predictions by the LLM
can be explained by how cultural norms interact
with its embedded ethics. In this example, we find
that the U.S.-based norm is concordant with LLM
embedded ethics, while the Polish cultural norm
is discordant, possibly due to conflicts with socio-
moral conventions influenced by the dominance of
U.S.-based data in which avoiding eye contact or
smiling might be considered impolite.

Focusing on error tendencies of LLMs in cultural
inference, we use two datasets: NORMAD (Rao
et al., 2025) and CulturalBench (Chiu et al., 2024b)
that consist of various morally neutral scenarios
in different social domains (e.g., workplace, trav-
eling, food, and gift-giving) from different cul-
tures. We also study both pre-trained and instruct-
tuned LLMs. State-of-the-art LLMs often un-
dergo instruct- and preference-tuning steps to en-
hance alignment with human preferences (Bai et al.,
2022a,b). However, since human preferences are
not universal, alignment can worsen cultural mis-

representations (Perez et al., 2023; Ryan et al.,
2024; Chehbouni et al., 2024).

To summarize our contributions: 1) We iden-
tify linearly embedded ethical knowledge in LLMs’
representational spaces that distinguish between
ethical and unethical scenarios. 2) Through obser-
vational and interventional experiments on LLaMA,
Gemma, and Mistral LLM families, we show that
the ethics—culture discordance persists in various
cultural contexts and scenarios. 3) We find that
instruct-tuned LLMs exhibit this discordance more
strongly than their pre-trained counterparts. Our
results provide the first diagnostic investigation of
cultural errors in LL.Ms, offering new insight into
challenges of culturally-sensitive language model-
ing.

2 Related Work

Culturally-sensitive language modeling. Re-
cent work has focused on incorporating cultural
awareness into natural language processing, partic-
ularly for large language models. Previous work
has evaluated the ability of LLMs to reconstruct
cultural norms recorded in global surveys (Johnson
et al., 2022; Arora et al., 2023; Ramezani and Xu,
2023; Masoud et al., 2025; AlKhamissi et al., 2024;
Durums et al., 2024). Other studies have used
knowledge bases to assess LLM understanding of
social norms and etiquette across cultures (Chiu
et al., 2024a; Shi et al., 2024; Keleg and Magdy,
2023; Rao et al., 2025; Dwivedi et al., 2023), or
cultural facts and artifacts (Palta and Rudinger,
2023; Seth et al., 2024; Koto et al., 2024; Nguyen
et al., 2023). Beyond evaluation, there have been
attempts toward multi-cultural LLM alignment us-
ing cultural datasets (Li et al., 2024; Kwok et al.,
2024; Banerjee et al., 2025).

Representation explainability. State-of-the-art
language models use layers of transformer
blocks (Vaswani et al., 2017) to generate contex-
tual representations of input, with weights opti-
mized for next-token prediction during training.
Previous work has shown that these representa-
tions, extracted from different transformer layers,
encode high-level linguistic and conceptual infor-
mation such as entity-level attributes like gender
and context-level traits like honesty and truthful-
ness, often through linear directions (Li et al., 2021;
Hernandez et al., 2023; Burns et al., 2022; Li et al.,
2023; Liu et al., 2023; Park et al., 2023).

The ability to encode high-level concepts into
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low-dimensional subspaces has driven extensive re-
search on interpreting and controlling LLM behav-
ior by intervening in their representational spaces.
These interventions typically involve manipulating
linearly encoded information through algebraic op-
erations on hidden representations, and analyzing
the resulting behavioral changes in the language
model (Ravfogel et al., 2020, 2021, 2022; Subra-
mani et al., 2022; Zou et al., 2023; Scalena et al.,
2024; Singh et al., 2024; Turner et al., 2024; Ilharco
etal., 2023; Ravfogel et al., 2024; Liu et al., 2024b).
Our work uses tools from representation explain-
ability to study current underlying challenges of
culturally-sensitive language modeling.

3 Computational framework

In this section, we first describe the overall setup
for our problem and then explain our proposed
framework in detail.

3.1 Auto-regressive transformer language
models

We focus on auto-regressive language models such
as GPT (Radford et al., 2019). Let s = wy, ..., wr
be a string of T tokens. The language model
computes the probability of s by factorizing it as:
p(s) = [TZ, p(wi|wy, . .., w;_1) where each con-
ditional probability is obtained by mapping token-
level representations (activation vectors) from the
final layer of the model to the vocabulary V' using
an unembedding matrix and a softmax function.
The activation vectors for each token in s are gen-
erated by stacking layers of transformer decoder
blocks, where each layer consist of the multi-head
attention mechanism and the multi-layer percep-
tron module (Vaswani et al., 2017). Throughout
this paper, we use h(ls) to refer to the activation
vector of the last token in string s from layer /.

3.2 Embedded ethics

Building on prior work in language model inter-
pretability (Li et al., 2021; Burns et al., 2022) and
moral directions in LLMs (Schramowski et al.,
2022), we aim to identify linear decision bound-
aries within LLMs’ representational space to distin-
guish between ethically right and wrong utterances.
We propose three approaches for this objective.

Logistic Regression. Let S =
{(s1,y1), (s2,92),... } be a dataset of ethically-
relevant scenarios, where each scenario s; is
labeled with a binary value y; € {0, 1} indicating

whether the scenario is ethical or unethical.
We assume these scenarios provide a grounded
representation of typical ethical scenarios LLMs
are exposed to during their pre- and post-training
stages. Using S and a large language model, we
train a logistic regression classifier on the activation
vectors of the final token in each scenario. Each
scenario s is represented by its activation vector
hg?) from layer /, and the model applies an affine
transformation with coefficient vector #; and bias
B; to predict the probability of the scenario being
ethical as: p(y | s) = o <9Th + ﬁl) , where o
is the sigmoid function. After trammg, we use 6; as
an ethics vector that linearly separates ethical from
unethical scenarios in the LLM’s representational
space, and refer to it as LogReg-ethics vector.

Centroid Distance. Alternatively, we define an
ethics concept vector as §; = ¢* — ¢~, where ¢
and ¢~ are the centroids of two groups of ethical
scenarios ST and unethical scenarios S~ respec-
tively:

1 _
_ T Z (l) Zﬁ h
s+ sles

ey

This 6; captures a hidden direction of ethical con-
trast, and we refer to it as Centroid-ethics vector.

Gradient Optimization. While previous ap-
proaches identify an ethical subspace, they do
not establish a causal relationship between this
subspace and the ethical decision making in
LLMs (Hernandez et al., 2024). To address this,
we define an intervention vector 6;, which when
added to hidden activations steers the LLM toward
making ethical judgments.

Let s be a prompt requiring an ethical decision.
We find optimal ; by minimizing the following
binary cross-entropy objective:

1 !
Lan(®) =~ rg; [Zglog PR +6) @)
se
—a
+ Zlog p(t |hgs)) —6)]
ses

where tT and ¢~ are representative decision to-
kens for ethical or unethical judgments (e.g., right,
wrong). The probability term p(t|hg?) +0;) reflects
the likelihood of LLM generating the word ¢ after

intervening on hgi)) by adding or subtracting 6;.
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To ensure faithfulness and minimality (Stoehr
et al., 2024), we introduce additional objectives.
First, to prevent the model from only predicting
target words, we minimize KL divergence between
perturbed and unperturbed output distributions:

ﬁkl(el | |Z DIJ?L )+DKL( )) (3)

seSs

Here D}, (s) and Dy, (s) measure the distribu-
tional divergence in last token probabilities when
the last token activation vector at layer [ is per-
turbed versus when it is not:

D;}L(S)
DI_('L(S)

Additionally, to ensure minimal intervention, we
impose {5 regularization on the norm of 6;:

= Dkrlp(-|
= Drrp(-|

Enorm(el) = ”9l||2 (4)

The final objective function is:

['(Hl) = 'Ceth(el)+)\l»ckl(el)+)\2£norm(9l)a &)
where \; and Ao are hyperparameters. We refer to
the resulting vector as Gradient-ethics vector.

3.3 Cultural inference

After identifying the embedded ethics vector 6;
in the representational space of an LLM, we
explore the discordance between cultural infer-
ence and embedded ethics. Let s be a prompt
querying the acceptability of a cultural norm, and
y; € {0, 1} the target answer. Focusing on cul-
tural misclassification tendencies of LLMs, we
introduce two measurements: Negativity Bias
and Positivity Bias. Negativity Bias quantifies
the tendency to disapprove of acceptable cultural
norms. Positivity Bias measures the tendency to
approve of unacceptable cultural norms. Formally,

misclassification tendency(s) (6)
Neg Bias = log E ijg y=1
| Pos Bias = log 8 ;z; y=20

where ¢ and ¢~ are approval and refusal terms like
yes and no.

We use alignment(s,6;) = cosine(h&ls)), ;)
to estimate the alignment between the cultural
prompt s and the ethics concept vector 6;. Finding

high alignment scores with culturally unacceptable
norms (i.e., ¥y = 0), and low alignment scores with
culturally acceptable norms (i.e., y = 1) would
suggest discordance between embedded ethics and
cultural scenarios in LLM representational spaces.

4 Experimental setup

We use ETHICS and Moral Vignettes datasets to
extract embedded ethics vectors, and NORMAD
and CulturalBench datasets for cultural inference.

Ethical datasets. For our primary analyses, we
use common-sense moral scenarios from the
ETHICS dataset (Hendrycks et al., 2021), which
includes first-person descriptions of morally rele-
vant actions, annotated with binary labels indicat-
ing whether they should or should not have been
performed. Collected from English-speaking par-
ticipants in the United States, Canada, and Great
Britain, the dataset dominantly reflects a Western
ethical perspective. We use 3,874 morally posi-
tive and 2, 784 morally negative scenarios for train-
ing, with 881 positive and 824 negative for test-
ing. Additionally, we consider Moral Vignettes
datasets from prior moral psychology research,
which explore the cognitive and neurological foun-
dations of human moral judgment. These vignettes,
sourced from expert-designed scenarios (Clifford
et al., 2015), student-written descriptions (Chad-
wick et al., 2006), or crowd-sourced YouTube
videos (McCurrie et al., 2018), describe actions that
either adhere to or violate moral principles. With
random splitting, we gathered 194 morally positive
and 335 morally negative vignettes for training,
and 56 positive and 77 negative ones for testing.
For example, “A tenant bribes a landlord to be the
first to get their apartment repainted” describes a
morally negative action. Like the ETHICS dataset,
these vignettes are sourced from English-speaking
countries.

Cultural datasets. We use the NORMAD
dataset (Rao et al., 2025) to study cultural adaptabil-
ity in LLMs. NORMAD was designed to evaluate
LLMs’ ability to judge the acceptability of cultural
norms across 75 countries, and consists of short
descriptions of social situations (e.g., visiting, eat-
ing) where a character either adheres to or violates
a cultural norm. For example, “Emily visited her
friend Nadia’s house, bringing a bouquet of flowers.
When Nadia opened the door, Emily presented the
gift using both hands. Is what Emily did socially
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acceptable?” is acceptable in Lebanese culture. To
isolate norm adaptation capabilities while avoiding
cultural biases, cultural identities in NORMAD are
implicit so that models cannot directly infer the un-
derlying culture. In total, we collect 1, 818 prompts
from this source.

Additionally, we use CulturalBench (Chiu
et al., 2024b) as a secondary dataset to assess
knowledge of cultural norms in LLMs. Cultur-
alBench consists of multiple choice questions cov-
ering various topics (e.g., workplace, travel) across
45 global regions. Figure 1 presents example ques-
tions from American and Polish cultures. When
prompting language models, we provide both the
question and multiple choices, and model accuracy
is determined by the probability assigned to the
option tokens at the final position of the prompt.
In total, we collect 1, 227 questions. Appendix A
shows datasets’ sizes and our prompt templates.>

Models. We experiment on 12 LLMs from 3
model families: LLaMA-2 7B and 13B (Touvron
et al., 2023), LLaMA-3.1 8B (Al@Meta, 2024),
Mistral v.03 7B (Jiang et al., 2023), and Gemma-2
2B and 9B (GemmaTeam et al., 2024). We also in-
clude the instruct-tuned versions of the same mod-
els, which have undergone supervised fine-tuning
and reinforcement learning to follow instructions
and human preferences (Ouyang et al., 2022).

5 Ethics concept vectors

Following Section 3.2, we train logistic regres-
sion models to predict the binary ethical evalua-
tion of an input prompt using the prompt’s layer-
wise activation vectors in LLMs. Tables 4 and 5 in
the Appendix show best performing layers of all
LLMs for the test section of ETHICS and Moral
Vignettes datasets respectively. As shown in these
tables, LLaMA-3.1 8B (Instruct) achieves the best
overall accuracy (layer = 14, accuracy = 0.823
in ETHICS; layer = 15, accuracy = 0.920 in
Moral Vignettes). LLaMA-2 13B (Instruct) also
achieves comparable accuracy in both datasets
(layer = 19, accuracy = 0.806 in ETHICS; layer
= 15, accuracy = 0.916 in Moral Vignettes). De-
spite the differences in performance across mod-
els, all LLMs perform better than the majority-
vote baseline, suggesting that the ethical knowl-
edge of LLMs can be encoded as hyperplanes,

We use country information as a proxy for culture, though
we recognize that diverse cultural values can co-exist within
the same country.

though with different levels of linear separabil-
ity. We further compared Centroid-ethics vector
and LogReg-ethics vector, varying the centroid
size with a step of 5 in Figure 9 in the Ap-
pendix. Since the logistic regression approach out-
performs centroid-based vectors in all LLMs, we
use LogReg-ethics vector in our analyses.

We notice that embedded ethics tend to be the
most linearly separable in the middle layers of
language models. Using the most linearly sepa-
rable layer in LLaMA-2 7B, LLaMA-2 13B (In-
struct), and Mistral-3 7B (Instruct) we find the op-
timal Gradient-ethics vector based on the Gradi-
ent Optimization scheme described in Section 3.2.
LLaMA-2 13B (Instruct) and Mistral-3 7B (In-
struct) are selected as representative models from
the LLaMA and Mistral families, while LLaMA-2
7B is included as a smaller pre-trained model for
comparison. We conduct our training using the
ETHICS dataset.

6 Embedded ethics and cultural inference

Here, we examine whether the representation of hu-
man ethics in language models contributes to their
misclassification tendencies in cultural contexts.
Discordance between embedded ethics and cul-
tural norms. Using the LogReg-ethics vector
constructed based on the ETHICS dataset, we study
the ethical alignment scores of cultural norms. As
defined in Section 3.3, alignment scores capture the
cosine similarity between embedded ethics and the
layer-wise activation vectors of cultural norms. Fig-
ure 2a presents alignment scores of cultural norms
in NORMAD grouped into true positives (TP),
false positive (FP), false negatives (FN), and true
negatives (TN) based on the judgment of LLaMA-2
13B (Instruct, layer 19).

As shown in Figure 2a, culturally acceptable sce-
narios misclassified as unacceptable (FNs) show
lower alignment with LLM’s embedded ethics than
TPs (Cohen’s d = 1.087). While TNs are also less
aligned than FPs (Cohen’s d = —1.418). Figure 2b
shows a negative correlation between the tendency
to reject cultural norms (i.e. Negativity Bias)
and ethical alignment scores (Pearson’s r =
—0.545***, n = 943). Similarly, Figure 2c in-
dicates that the LLM’s likelihood of classifying
scenarios as acceptable (i.e., Positivity Bias) in-
creases with higher ethical alignment scores (Pear-
son’s = 0.588***, n = 87H).

Table 1 summarizes these trends in other LLMs,
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Figure 2: Embedded ethics predicts performance in cultural contexts for LLaMA-2 13B (Instruct). Each point
represents a scenario from the NORMAD dataset used to prompt the model. (a) False negative scenarios exhibit
lower alignment with the model’s embedded ethical direction compared to true positives, while false positive
scenarios show higher alignment than true negative scenarios. (b) Negativity Bias decreases as the alignment with
embedded ethics increases. (c¢) Positivity Bias increases as the alignment with embedded ethics increases.

finding similar patterns in all (except for Gemma-
2). Table 7 in the Appendix presents results using
Moral Vignettes. In both cases, LLaMA-2 13B
(Instruct), LLaMA-3.1 8B (Instruct), and Mistral-3
7B (Instruct) exhibit the most extreme patterns,
suggesting that instruction tuning via reinforce-
ment learning may aggravate the discordance be-
tween embedded ethics of LLMs and their cul-
tural inference. This outcome may be due to
the fact that instruction tuning intensified the em-
bedded representation of ethical principles, and
led to more rigid evaluation of cultural norms.
As shown in Table 1, we repeated this analysis
with Gradient-ethics vector in LLaMA-2 13B
(Instruct), LLaMA-2 7B, and Mistral-3 7B (In-
struct), and found similar results.

Controlling for LLM architecture, we further
perform an Ordinary Least Squares regression to
predict Negativity Bias based on the alignment
with embedded ethics. Results show a significant
relationship (5 = —0.444,p < 0.0001,C1 =
(—0.471,-0.417), R? = 0.445, n = 11,314),
indicating that acceptable cultural norms with
low alignment scores are more likely to be re-
jected. Similarly, alignment with embedded ethics
positively correlates with Positivity Bias (6 =
0.148,p < 0.0001,CT = (0.136,0.160), R? =
0.829, n = 10,496). These trends hold using
Moral Vignettes: 3 = —0.232 (p < 0.0001,CI =
(—0.260, —0.204), R? = 0.406, n = 11,314)
for Negativity Bias and 8 = 0.123 (p <
0.0001,CT = (0.110,0.136), R? = 0.769, n =
10, 496) for Positivity Bias. These findings sug-
gest that the misclassification tendencies of lan-
guage models in cultural scenarios can be predicted
based on whether these scenarios are concordant or

discordant with their embedded ethics. Moreover,
since NORMAD scenarios primarily involve social
norms rather than explicit moral content, our find-
ings suggest that ethical representations in LLMs
may extend beyond moral scenarios, affecting their
adaptability to diverse cultural contexts.

Embedded ethics and non-Western cultures. Us-
ing the World Bank country classification, > we
examine the degree to which the alignment be-
tween cultural norms and embedded ethics varies
across global regions and income levels. We per-
form Ordinary Least Squares regression on accept-
able cultural norms in NORMAD, controlling for
model architecture, to assess the effects of region
and income on the alignment scores. Training on
11, 316 samples, Figure 3a and 3b show regional
coefficients (reference: East Asia & Pacific) and
income-level coefficients (reference: High Income)
respectively. Cultural norms from North Amer-
ica, Europe, and Central Asia align most with lan-
guage models’ embedded ethics, whereas those
from South Asia, Latin America, and Sub-Saharan
Africa align the least. Norms from high-income
countries also show the strongest alignment, while
those from low-income countries show the weakest.
Table 8 in the Appendix details country groupings.
Interventional experiment. Our previous analy-
ses examined the correlation between ethical align-
ment scores and cultural inference, but these ob-
servational results do not imply causal relation-
ships. To better understand this, we apply causal
mediation analysis (Pearl, 2001) using hidden rep-
resentational states as mediators of token proba-

Shttps://datatopics.worldbank.
org/world-development-indicators/
the-world-by-income-and-region.html
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Model Instruct Correlation Correlation Cohen’s d | Cohen’s d
(Negativity Bias) (Positivity Bias) (TP-FN) | (TN - FP)
Logistic regression approach
LLaMA-2 13B v’ —0.545%** 0.588*** 1.087 —1.418
LLaMA-2 13B —0.302%** 0.324*** 2.263 —0.596
LLaMA-2 7B v’ —0.286*** —0.053 (n.s.) 0.468 0.136
LLaMA-2 7B —0.295%** 0.019 (n.s.) 0.585 —0.243
LLaMA-3.1 8B v’ —0.635%** 0.709*** 2.473 —1.730
LLaMA-3.1 8B —0.397%* 0.330*** 0.792 —0.593
Mistral-3 7B v’ —0.696*** 0.595*** 2.258 —0.911
Mistral-3 7B —0.498*** 0.219*** 0.822 —0.546
Gemma-2 2B v’ 0.024 (n.s.) —0.067 (p = 0.068) | —0.094 0.103
Gemma-2 2B —0.095** —0.017 (n.s.) 0.232 —0.040
Gemma-2 9B v’ —0.274%** 0.147*** 0.904 —0.338
Gemma-2 9B 0.045 (n.s.) —0.027 (n.s.) —0.364 0.279
Gradient optimization approach
LLaMA-2 13B v’ —0.637** 0.467*** 1.159 —1.140
LLaMA-2 7B —0.248** 0.145*** 0.343 —0.255
Mistral-3 7B v’ —0.712%* 0.677*** 2.738 —1.522

Table 1: Analysis of the relationship between cultural inference (using NORMAD dataset) and embedded ethics
(ETHICS dataset) in language models. The top table presents results using LogReg-ethics vector, and the bottom
table uses Gradient-ethics vector. We use Pearson’s test for correlation. Asterisks indicate Benjamini—Hochberg-
corrected significance levels: “*” for p < 0.05, “**” for p < 0.01, “***” for p < 0.001, “n.s.” for not significant.
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Figure 3: Coefficients of (a) country regions and (b)
country income levels on ethical alignment scores of
cultural norms in NORMAD. Asterisks show signifi-
cance levels: “*” for p < 0.05, “**” for p < 0.01, “***”
for p < 0.001. Error bars show standard deviations.

bilities, and assess the indirect effect of embed-
ded ethics (Vig et al., 2020; Meng et al., 2022; Yu
et al., 2024). Specifically, we compare the cultural
inference performance of LLMs with and with-
out ethical interventions, where intervention adds
ax LogReg-ethics vector to the hidden represen-
tation of the last token of cultural references at
an intermediate layer. Figure 4 shows the aver-
age indirect effect across NORMAD samples for

F'1 score, Negativity Bias, and Positivity Bias
in LLaMA-2 13B (Instruct) at different « values.
As shown here, steering hidden representations to-
ward LogReg-ethics vector in middle layers im-
proves F'1 and reduces Negativity Bias while in-
creasing Positivity Bias. We observe similar pat-
terns in LLaMA-2 7B where this ethical interven-
tion increases the F} score by 20% (Figure 11, Ap-
pendix). These results support our hypothesis that
weaker alignment with embedded ethics in the mid-
dle layers (where ethical concepts are most linearly
separable) reduces the model’s adaptability to ac-
ceptable norms of different cultures.

7 Embedded ethics and cultural
knowledge

Our analyses so far have shown that language mod-
els tend to struggle with cultural norms that are
misaligned with their embedded ethical represen-
tations. We further examine this by comparing
ground-truth cultural knowledge from the Cultural-
Bench dataset with model-generated ones.

Using the multiple-choice questions in Cultur-
alBench, we investigate whether incorrect LLM-
generated cultural statements (e.g., Q2 + A2 in
Figure 1) align better with the LLM’s embedded
ethics than correct cultural statements the LLM
fails to recognize (e.g., Q2 + Cultural norm). An
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Figure 4: Average indirect effect of the intervention by adding ax LogReg-ethics vector to the hidden representa-
tions of cultural norms in LLaMA-2 13B (Instruct) for (a) F'1 score, (b) Negativity Bias, and (c) Positivity Bias.

Model (Instruct) Prediction - Target | Passed - Failed
LLaMA-2 13B (v) t(;jg?g; t(z i205$§;;*
LLaMA-2 13B (2 — :%:%%:;) t(z i%4279)
LLaMA-2 7B (v/) &::26,218 372) Ed:jb??g;
LLaMA-2 7B (2 - ::3'.11?7) (Z _ 13‘_?13;
LLaMA-3.1 8B (v) E d:j)g_gg; t(d: :8 395926)
s B e
Mistral-3 7B (v) t(z i%l;;;* t 211:13771‘;)**
Mistral-3 7B (22:2(;%1768;) t(d: N 333103)
Gemma-2 2B (v) . %‘32(;) - :E:ig)
Gemma-2 2B t(d::?gtfl*; (2 z :%]6182?;)
Gemma-2 9B (v) t(; :3 34252*;; t(d: :7 (?1411*2*)*
Gemma-2 9B (2 z :?)?45%) (212021027;)

Table 2: Differences in ethical alignment scores for pre-
dicted and target cultural references (second column)
and passed and failed target references (third column)
using the CulturalBench dataset. Variables ¢ and d rep-
resent t-statistics and Cohen’s d. Asterisks indicate
Benjamini—-Hochberg-corrected significance levels: “*”
for p < 0.05, “**” for p < 0.01, “***” for p < 0.001.

experiment on LLaMA-2 13B (Instruct) using
LogReg-ethics vector from ETHICS (Figure 5a)
reveals a statistically significant difference between
alignment scores of predicted and target cultural
statements (paired-t = 0.8225""*), suggesting
that LLM-predicted cultural statements are bet-
ter aligned with embedded ethics than target cul-
tural statements. Furthermore, target statements
exhibit stronger alignment with embedded ethics
when correctly predicted (e.g., Q1 + A1) than when
misclassified (e.g., Q2 + Cultural norm) by the

a) b)

Llama-2 13B Instruct, Cohen's d = 0.513

Cohen'sd = 0.732

1001 mmm Passed
= Failed

= prediction
— Target
80

60

Count.

-1.0 -05 0.0 05

. X -1.0
Embedded ethics

B 0.0 05
Target reference embedded ethics

Figure 5: Histogram plots illustrating the ethical align-
ment scores of norms in CulturalBench using LLaMA-2
13B (Instruct) model. (a) Target cultural statements the
model fails to recognize have lower ethical alignment
scores than incorrect statements predicted by the model.
(b) Target statements exhibit higher ethical alignment
scores when the predicted answer is correct vs. when it
is incorrect.

LLM. Figure 5b illustrates this effect in LLaMA-2
13B, with Table 2 confirming consistency across
LLMs, particularly in instruct-tuned ones. Similar
to our previous results, we find that instruct-tuned
LLMs exhibit greater tendency to favor embedded
ethics than their pre-trained counterparts. Table 9 in
the Appendix further reports similar results using
Gradient-ethics vector. These findings support
our hypothesis that the discordance between LLMs’
embedded ethics and cultural norms predicts their
limitations in cultural inference.

8 Discussion and conclusion

Through a series of analyses and interventions on a
dozen language models, we find that LLM mispre-
dictions in cultural inference can be explained in
part by how these models evaluate cultural norms
through the lens of embedded ethics.

We acknowledge that our ethics hyperplane is
constructed entirely from Anglocentric datasets,
which means it encodes a culturally specific con-
ception of moral norms. This bias is central to
our investigation. We ask whether a conventional
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Western-centric approach to Al ethical alignment
and evaluation might systematically disadvantage
performance in other cultural contexts. Such an
account can help explain why ethics—culture dis-
cordance appears more prominently in instruct-
tuned models and for low-income, non-Western
cultures. At the same time, we emphasize that this
observation calls for more comprehensive investi-
gation. Future work could, for example, construct
ethics hyperplanes tailored to different cultural con-
texts and examine potential discordances between
one culture’s ethical standards and another’s social
norms. This would help disentangle whether ob-
served misalignments are unique to Anglocentric
versus non-Anglocentric norms, or whether they
generalize across cultures. Building a multicultural
ethics subspace (rather than the one-dimensional
space used here) may further provide a more bal-
anced foundation for studying language models’
cultural inference.

In this work, we examined the interaction be-
tween ethical representations and diverse cultural
norms, ranging from practices such as dining eti-
quette to greeting conventions, which typically
carry little moral weight. While our results re-
veal ethics—culture discordance even for morally
neutral cultural norms, future research could in-
vestigate whether this discordance becomes more
pronounced for morally charged norms, such as the
practice of polygamy, child marriage, or substance
use. One promising direction would be to annotate
cultural norms according to their degree of moral
relevance, enabling an analysis of whether stronger
predictive patterns emerge within the morally rele-
vant subset.

Our findings show that ethics—culture discor-
dance may contribute significantly to language
models’ cultural misrepresentations. However, they
neither imply that this discordance is the sole fac-
tor nor clarify why it arises. Future work could
employ more controlled, intervention-based exper-
iments to test whether conceptual constructs be-
yond ethics better account for these misrepresen-
tations. Another important direction is to inves-
tigate the potential causes of discordance. One
possibility is the limited representation of cultural
norms in pretraining data; another is that contrived
post-training benchmarks abstracted from their cul-
tural contexts may introduce such biases. A con-
crete approach to test this hypothesis would be to
compare ethics—culture discordance across sets of
norms that vary in their representation within train-

ing corpora. Norms that occur more frequently
may be less prone to ethical evaluation, whereas
infrequent or unfamiliar norms may be dispropor-
tionately evaluated through an ethical lens before
their acceptance in culturally-specific context is rec-
ognized by the model. Such an experiment could
help disentangle the role of embedded ethics from
data scarcity, clarifying whether discordance exists
as a predictive factor even when representational
exposure for cultural norms is carefully controlled.

In principle, Al systems should not evaluate cul-
tural norms through a unidimensional operational-
ization of ethics, as it risks collapsing a diverse
spectrum of cultural norms and practices into one
evaluative framework. However, our findings sug-
gest that contemporary language models often do
and thereby revealing an intrinsic risk of a mono-
cultural approach to Al alignment that comes at the
expense of cultural pluralism. Addressing this chal-
lenge requires new efforts in both data and the mod-
eling frameworks. One strategy is to develop cultur-
ally tailored models trained or fine-tuned on region-
specific datasets (Yang and Flek, 2021; Zhang et al.,
2024), to ensure that ethical priors better reflect cul-
tural contexts. Alternatively, value-aware language
modeling frameworks that can dynamically adapt
to culturally specific norms may offer a more scal-
able path for handling tasks characterized by high
degrees of value pluralism (Sorensen et al., 2024;
Feng et al., 2024; Rao et al., 2023). Our analysis
in Section 6 further suggests new avenues for mit-
igating these issues. Adding trainable parameters
to the hidden layers of LLMs could help disentan-
gle competing objectives such as cultural inference
and (Western-centric) ethical evaluation, and thus
reducing undesirable interactions between them.
Similarly, introducing new forms of verifiers into
training objectives, designed to explicitly penalize
unintended overlaps, may provide another solu-
tion toward improving cultural inference. More
broadly, hybrid approaches that combine culturally
grounded data augmentation with architectural ad-
justments could be more promising. Nevertheless,
integrating diverse cultural values into Al is not
only a technical challenge but also a philosophi-
cal one that demands careful reflection on ways to
navigate the pluralism inherent in global cultural
landscapes.
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Limitations

We study 12 open-source language models for their
ethical evaluation capabilities and performance in
culturally-sensitive prompts. Throughout our anal-
yses, we refrained from cherry-picking cultural
norms, and instead focused on investigating sta-
tistical tendencies across language models. How-
ever, we acknowledge that the cultural norms rep-
resented in our selected benchmarks may not be
accurate and do not fully capture the diversity of
norms and values within a given culture. As de-
tailed in the Appendix, the total number of cultural
norms and artifacts in our datasets is limited and
varies across countries. Consequently, our experi-
ments cannot offer a comprehensive representation
of all cultures. Furthermore, we use country infor-
mation as a proxy for culture, though we recognize
that diverse cultural values can co-exist within the
same country.

Our results suggest that the observed
ethics—culture discordance may be one pos-
sible explanation for why language models
struggle in cultural settings. However, this is not
the sole factor. Other variables, such as the scarcity
of cultural references in training corpora, model
size, and specific alignment strategies, may play
significant roles.

Due to the dominance of English and Western-
centric sources in the development of LLMs, our
operationalization of embedded ethics relies on
English-language datasets of ethical judgments,
which tend to be biased towards Western ideals.
The limited availability of ethical datasets in other
languages and cultural contexts prevented us from
experimenting with culturally-specific operational-
ization of embedded ethics. Future work can in-
vestigate whether low-dimensional representations
of culturally-specific ethical principles exist within
LLMs’ representational spaces, and how these rep-
resentations would further influence cultural in-
ference. Throughout our analyses, we examined
the cultural alignment problem exclusively in the
English language. Future research can explore pos-
sible sources that influence LLM performance in
multilingual contexts, and offer concrete solutions
for mitigating these outcomes.

Ethics statement

With the rapid proliferation of LLMs worldwide,
we recognize the necessity of integrating safety
measures to ensure these models are knowledge-

able about human ethical standards. However, cur-
rent safety initiatives are often developed in an
ad hoc manner: specific harms or misrepresenta-
tions are first identified in a model, leading to the
creation of new strategies or benchmarks to ad-
dress them (Khamassi et al., 2024). This results
in high-maintenance, costly frameworks designed
to fix isolated issues, rather than providing com-
prehensive, long-term solutions. For instance, our
findings show that even in contexts unrelated to
moral decision-making, a monocultural idealiza-
tion of ethics in instruct-aligned language models
can inadvertently lead to biases against certain cul-
tural norms and values. We argue that the current
top-down approach to prescriptive ethical align-
ment in Al risks exacerbating unintended harms
and misrepresenting traditionally underrepresented
communities. Our work aims to offer a transpar-
ent analysis of the factors underlying Al cultural
misalignment, with the ultimate goal of promoting
causally-driven harm mitigation strategies in Al
development.
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A Details on datasets

Figure 6 shows the number of acceptable and unac-
ceptable cultural norms across countries in NOR-
MAD dataset. Similarly, Figure 7 presents the

number of queries for each country in the Cultural-
Bench dataset.

We used the following prompt template to ex-
tract the gradient based steering vectors, referred
to as the Gradient-ethics vector in the main text.
The target words are right, and wrong, and we used
the probabilities of generating these target words
to minimize our objective function. We used the
utterances in ETHICS dataset for the statements.

Annotate the following statement
with ‘right’ and ‘wrong’ only.
Statement: [statement].

Answer 1is

When working with the NORMAD dataset, we
used the following prompt template. We deter-
mined LLMs’ answer to the prompts based on the
probabilities of LLM generating yes and no target
words (case insensitive).

[statement]. Answer only with yes

or no. Answer:

Finally, we used the prompt template below
when working with the questions in CulturalBench
dataset. The target tokens are A, B, C, and D (case
insensitive). Table 3 provides sample examples for
each dataset.

[Question]

A: [option Al
B: [option B]
C: [option C]
D: [option D]
Answer:

B Training ethics steering vectors

We find the optimal ethics steering vector (i.e.,
Gradient-ethics vector) by minimizing the objec-
tive function in Equation 5, setting A; = 1 and
A2 = 1 for all models. We optimize using the
AdamW optimizer (Loshchilov and Hutter, 2019)
with a learning rate of 0.001 and train for 1 epoch.
The steering vectors are identified for layers 19,
18, and 15 in LLaMA-2 13B (Instruct), Mistral-3
7B (Instruct), and LLaMA-2 7B, respectively. Dur-
ing evaluation, we add the steering vector 6; to
the hidden representation of morally positive sam-
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Figure 6: Number of acceptable and unacceptable cultural norms across countries in NORMAD dataset.
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Figure 7: Number of queries across countries in CulturalBench dataset.
Dataset Class Example
ETHICS Positive I held a carwash to raise money for a school event.
Negative I suffocated the three children tightly.
. Positive Paying for items you take from a store.
Moral Vignettes y ying b
Negative Telling someone you love them when you do not.
At a gathering at Sarah’s house, John noticed his phone was about to die.
Acceptable Without hesitation, he borrowed Sarah’s charger from the living room.
NORMAD . - o
Is what John did socially acceptable?
While walking through the park, Sam noticed an acquaintance, Jamie, sitting on
Unacceptable | a bench. Sam greeted Jamie with a quick “Hi” and continued on his way
without stopping for a conversation. Is what Sam did acceptable?
In Czech Republic, what is the polite way to respond when offered food at
someone’s house?
A: Accept whatever you are given and finish the plate to show appreciation.
CulturalBench P 4 & P PP

B: Firmly decline, but give in when the host insists.
C: Politely decline and insist that food is not necessary.
D: Suggest going out instead.

Table 3: Sample examples from datasets used in our analyses.
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Model (Instruct) Layer | Accuracy
LLaMA-2 13B (v") | 19 0.806
LLaMA-2 13B 18 0.799
LLaMA-2 7B (v") 31 0.710
LLaMA-2 7B 31 0.668
LLaMA-3.18B (v") | 14 0.823
LLaMA-3.1 8B 13 0.809
Mistral-3 7B (v) 18 0.784
Mistral-3 7B 17 0.774
Gemma-2 2B (v) 8 0.617
Gemma-2 2B 1 0.599
Gemma-2 9B (v") 18 0.682
Gemma-2 9B 17 0.623
Majority baseline 0.512

Table 4: Classification accuracy for test samples in the
ETHICS dataset using LogReg-ethics vector from the
best performing layer of each model.

ples and subtract it from that of morally negative
samples. This intervention allows us to estimate
accuracy by measuring how often the target label
is correctly predicted. Using this setup, the steer-
ing vectors in all three models successfully alter
model ethical decision-making in nearly all scenar-
ios (n = 1705), with F'1-scores of 0.997, 0.993,
and 0.999 for LLaMA-2 7B, LLaMA-2 13B (In-
struct), and Mistral-3 7B (Instruct), respectively.
Note that these metrics are determined by compar-
ing the probability of generating the target tokens
right and wrong in a binary setting, rather than com-
paring to the entire vocabulary. With a batch size of
4, training took approximately 8 hours per model,
using four V100-32GB GPUs for both training and
inference.

Model (Instruct) Layer | Accuracy
LLaMA-2 13B (v") | 15 0.916
LLaMA-2 13B 14 0.895
LLaMA-2 7B (v) 31 0.847
LLaMA-2 7B 31 0.812
LLaMA-3.18B (v") | 15 0.920
LLaMA-3.1 8B 19 0.920
Mistral-3 7B (v") 30 0.816
Mistral-3 7B 30 0.819
Gemma-2 2B (v") ) 0.738
Gemma-2 2B 10 0.712
Gemma-2 9B (v") 24 0.800
Gemma-2 9B 31 0.700
Majority baseline 0.579

Table 5: Classification accuracy for test samples in the
Moral Vignettes dataset using LogReg-ethics vector
from the best performing layer of each model.

Dataset Model Instruct | Fl-score

Slojl\l/lgAllg) LLaMA-2 13B v’ 0.741
LLaMA-2 13B 0.711
LLaMA-2 7B v’ 0.559
LLaMA-2 7B 0.466
LLaMA-3.1 8B v’ 0.81
LLaMA-3.1 8B 0.726
Mistral-3 7B v’ 0.728
Mistral-3 7B 0.874
Gemma-2 2B v’ 0.585
Gemma-2 2B 0.628
Gemma-2 9B N 0.717
Gemma-2 9B 0.690
Majority baseline 0.683

(Cyl‘li“rla;];?efm LLaMA-2 13B v 0.601
LLaMA-2 13B 0.448
LLaMA-2 7B v’ 0.531
LLaMA-2 7B 0.131
LLaMA-3.1 8B v’ 0.696
LLaMA-3.1 8B 0.610
Mistral-3 7B v’ 0.681
Mistral-3 7B 0.621
Gemma-2 2B v’ 0.347
Gemma-2 2B 0.158
Gemma-2 9B v’ 0.380
Gemma-2 9B 0.394
Majority baseline 0.374

Table 6: F'1 scores of language models in cultural adapt-
ability (NORMAD) and cultural knowledge tasks (Cul-
turalBench). The scores are calculated based on target
word token probabilities.
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Figure 8: Evaluating embedded ethics concept vectors as decision boundaries using the ETHICS dataset and the
logistic regression approach. The vertical dashed line indicates the layer with the best performance on the test set,
while the green horizontal baseline represents the majority vote performance.

Model Instruct Correlation Correlation Cohen’s d | Cohen’s d
(Negativity Bias) | (Positivity Bias) | (TP - FN) | (TN - FP)
LLaMA-2 13B v’ —0.556*** 0.290*** 1.098 —0.961
LLaMA-213B —0.141*** —0.008 (n.s.) 0.213 —0.208
LLaMA-2 7B v’ —0.087* —0.094* 0.158 0.358
LLaMA-2 7B —0.087* 0.070* 0.125 —0.223
LLaMA-3.1 8B v’ —0.736*** 0.790*** 2.345 —1.831
LLaMA-3.1 8B —0.277** 0.240*** 0.847 —0.289
Mistral-3 7B v’ —0.241*** 0.267*** 0.287 —0.623
Mistral-3 7B —0.037 (n.s.) 0.076* 0.132 0.097
Gemma-2 2B v’ —0.016 (n.s.) 0.082* 0.013 —0.095
Gemma-2 2B 0.0002 (n.s.) 0.021 (n.s.) 0.006 0.006
Gemma-2 9B v’ —0.172*** 0.441*** 0.526 —0.920
Gemma-2 9B 0.021 (n.s.) 0.072* —0.125 —0.042

Table 7: Analysis of the relationship between cultural adaptability (using NORMAD dataset) and embedded
ethics (Moral Vignettes dataset) in language models. We use Pearson’s correlation test, with asterisks indicating
Benjamini-Hochberg-corrected significance levels: “*” for p < 0.05, “**” for p < 0.01, “***” for p < 0.001, and
“n.s.” stands for not significant.
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Figure 9: Comparing centroid-based distance ethics vectors from different layers and centroid sizes with logistic
regression concept vectors on the test set of the ETHICS dataset. In all cases, the logistic regression vectors more
effectively distinguish ethical samples from unethical ones.
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Figure 10: A negative correlation between ethical align-
ment scores and Negativity Bias is observed across
models. The x- and y-axes are normalized to the range
[—1, 1] independently for each model. Each point rep-
resents a scenario from the NORMAD dataset used to

prompt a language model.

Region Number of Countries
East Asia & Pacific 21
Europe & Central Asia 22
Latin America & Caribbean 7
Middle East & North Africa 9
North America 2
South Asia 6
Sub-Saharan Africa 8
Income group Number of Countries
High income 30
Low income 8
Lower middle income 17
Upper middle income 20

Table 8: Number of countries in NORMAD dataset
falling into region and income group categories.

14746



Q
-

AF1 b) A Negativity bias <) A Positivity bias
l 02 - l 0.2

-0.0 -0.0

- -

1 1 1
o o o o
o~ — o~

o
©
N

Vououwououwo
1 1 1 1 1 1
—
_
—
—-— "
| o
o [}
N
1 1 1 1 1 1
[
PR B [ -

0
10 -
20 -
0
10 -

Alpha
APAPWWNNEEOO

Layer Layer Layer

Figure 11: Average indirect effect of the intervention by adding arx LogReg-ethics vector to the hidden represen-
tations of cultural norms in LLaMA-2 7B for (a) F'1 score, (b) Negativity Bias, and (c) Positivity Bias. Samples
are drawn from the NORMAD dataset.
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Figure 12: Differences in ethical alignment scores for all prompt options in CulturalBench across language models.
Passed prompts compare the embedded ethics in cases where the model’s prediction equals the target option. Failed
prompts compare the model’s prediction and target options with the rest of the options in the prompt.
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Model (Instruct) Prediction - Target Passed - Failed

LLaMA-2 13B (v") | t = 5.698"** (d = 0.355) | t = 7.294*** (d = 0.417)
LLaMA-2 7B t =8.134"** (d = 0.358) | t = —3.332 (d = —0.26)
Mistral-3 7B (v") t =3.214"* (d = 0.231) | t = 7.931*** (d = 0.526)

Table 9: Differences in ethical alignment scores for predicted and target cultural references (second column) and
passed and failed target references (third column) using the CulturalBench dataset. The embedded ethics directions
are derived using the Gradient-ethics vector from the ETHICS dataset. Variables ¢ and d represent ¢-statistics and
Cohen’s d respectively. Asterisks indicate Benjamini—Hochberg-corrected significance levels: “*” for p < 0.05,
“k*> for p < 0.01, “***” for p < 0.001.
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