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Abstract

Large Language Models (LLMs) are increas-
ingly deployed worldwide, yet they exhibit
strong Western-centric biases, and the inter-
nal mechanisms governing their cultural behav-
iors remain poorly understood. Prior work has
identified so-called cultural neurons, but indi-
vidual neurons are often polysemous, conflat-
ing abstract cultural knowledge with surface-
level lexical cues due to superposition. We
apply Sparse Autoencoders (SAEs) to decom-
pose intermediate LLM activations into sparse,
interpretable feature representations that dis-
entangle these factors. This analysis reveals
culturally selective features that remain invari-
ant across paraphrasing and task formats, indi-
cating abstraction beyond lexical correlations.
Through targeted feature ablation, we provide
causal evidence that these features are nec-
essary for cultural reasoning: their removal
selectively degrades performance on cultur-
ally conditioned tasks. Furthermore, we show
that steering model activations along these fea-
ture directions is sufficient to systematically
modulate cultural-related knowledge genera-
tion, without retraining. Together, our results
offer the first causal evidence that LLMs en-
code cultural knowledge as decoupled seman-
tic structures rather than surface patterns, en-
abling a scalable pathway toward cultural align-
ment through mechanistic intervention. Code
is available at https://github.com/IAN-YE/
Cultural-features-SAE.

1 Introduction

As large language models (LLMs) become inte-
gral to global communication and decision-making
(Cheng et al., 2025a,b; Yang et al., 2025), their
ability to navigate culturally diverse contexts is in-
creasingly critical (Cheng et al., 2024; Li et al.,
2025b). However, the cultural knowledge encoded
in current LLMs largely reflects biases inherited
from predominantly Western-centric training data,

leading to uneven cultural representation across re-
gions and communities (Dodge et al., 2021; Wang
etal., 2024). A growing body of work has shown
that such imbalance manifests as systematic cul-
tural biases in model behavior, evidenced by a
wide range of cultural benchmarks and evaluations
(Myung et al., 2024; Chiu et al., 2025; Rao et al.,
2025). In response, numerous approaches have
been proposed to improve cultural alignment or
awareness in LLMs, often through data augmenta-
tion, prompting strategies, or post hoc adjustment
methods (AlKhamissi et al., 2024; Seo et al., 2025;
Zhang et al., 2025a).

Existing work has primarily approached cultural
understanding in LLMs through causal interven-
tions on representation spaces (Yu et al., 2025a) and
neuron-level localization (Yamamoto et al., 2025;
Su et al., 2025). Neuron-based methods aim to
identify culture-specific neurons and analyze their
influence on culturally conditioned model behavior.
However, activation patching(Meng et al., 2022)
and related causal tracing methods are often sen-
sitive to prompt design and intervention location,
making it difficult to isolate abstract cultural rep-
resentations from task- or context-specific effects
(Zhang and Nanda, 2023; Makelov et al., 2024).
Moreover, neuron-based methods are sometimes
unreliable, due to “superposition” (Elhage et al.,
2021), which suggests that neural networks often
consolidate multiple unrelated concepts into a sin-
gle neuron. As such, it is important to use a more
reliable and interpretable method to analyze cul-
tures in LLMs. While these works use mutual infor-
mation to study cultural representations, they stop
short of demonstrating how these insights can be
translated into effective interventions that improve
performance on culture-related questions.

In this work, we adopt Sparse Autoencoders
(SAEs) (Huben et al., 2024; Bricken et al., 2023;
Cunningham et al., 2023) to decompose language
model activations into sparse, interpretable feature
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directions, as they are uniquely suited for decipher-
ing the complex nature of cultural representations.
First, cultural knowledge in LLMs is often "en-
tangled" within polysemantic neurons (Yamamoto
etal., 2025) and SAEs allow us to disentangle these
multi-faceted cultural identities into monosemantic
features, effectively separating deep-seated cultural
norms from superficial lexical associations. Sec-
ond, the independent layer-wise training of SAEs
provides a high-resolution map of the model’s in-
ternal "cultural processing pipeline," enabling us
to pinpoint exactly where abstract cultural reason-
ing emerges. Concretely, our layer-wise analysis
reveals a sharp crossover transition in which cross-
task similarity for the same culture begins to ex-
ceed cross-cultural similarity, showing that early
layers prioritize task-format encoding while upper
layers invert this hierarchy—a structural property
invisible to neuron-level methods.

Given the advantages of SAEs, we present a
mechanistic investigation of cultural representa-
tion using SAEs. By decomposing intermediate
activations into a sparse set of interpretable fea-
tures, we overcome the noise of token-level acti-
vations and the polysemanticity of raw neurons
and finally increase the accuracy of cultural-related
benchmarks. Our work progresses through three
critical research questions: We investigate cultural
representations in LLMs through three complemen-
tary questions. First, we examine whether LLMs
form abstract cultural representations that are in-
variant to surface-level lexical forms (RQ1). We
identify culture-selective features that activate con-
sistently across diverse paraphrases, introduce a
metric to quantify their cultural selectivity based
on activation differences across cultures, and evalu-
ate their stability across models, assessing whether
cultural knowledge is organized in a disentangled
semantic space rather than driven by lexical cues.
Second, we test whether these features are causally
necessary for cultural reasoning (RQ?2) using direc-
tional ablation (Arditi et al., 2024), selectively sup-
pressing culture-specific features during inference
and observing corresponding performance degra-
dation on culture-conditioned tasks. Strikingly, re-
moving only the top-10 features within a critical
layer collapses accuracy from 0.57 to 0.31, while
matched random ablation causes negligible degra-
dation—pinpointing a localized causal bottleneck
where cultural information is concentrated. Finally,
we examine causal sufficiency (RQ3) by applying
activation steering to these features, demonstrating

that targeted manipulation of internal representa-
tions can enhance culturally grounded model be-
havior without retraining.

In summary, our work makes three key contribu-
tions:

* Mechanistic Identification: We leverage
Sparse Autoencoders (SAEs) to disentangle
and identify cultural features that capture ab-
stract semantics beyond superficial lexical pat-
terns and propose a metric to measure the cul-
tures of SAE features.

* Causal Validation: We provide causal evi-
dence that these representations are function-
ally necessary for the model’s cultural reason-
ing, through targeted feature ablation.

* Interpretable Control: We demonstrate that
activation steering along these features allows
for precise, retraining-free modulation of cul-
tural behavior and bias mitigation.

2 Related Work

Cultural Knowledge and Bias in LLMs Large
language models (LLMs) exhibit social and cul-
tural biases measurable by benchmarks such as
StereoSet (Nadeem et al., 2021), CrowS-Pairs
(Nangia et al., 2020), and HolisticBias (Smith et al.,
2022). Recent efforts extend this focus to cultural
knowledge, with CulturalBench (Chiu et al., 2025),
BLEnD (Myung et al., 2024), and CultureBank
(Shi et al., 2024) evaluating or curating region-
specific cultural content. Broader multilingual and
geographic assessments such as Global MMLU
(Singh et al., 2025) and GeoMLAMA (Yin et al.,
2022) reveal systematic performance gaps across
cultures and languages. Studies of value align-
ment show Western-centric defaults in model be-
havior (Tao et al., 2024; Masoud et al., 2025), while
cultural prompting improves cross-cultural consis-
tency. Mitigation approaches range from culturally
grounded data augmentation to self-debiased infer-
ence (Schick et al., 2021; Gallegos et al., 2025) and
joint bias—hallucination control (Lin et al., 2024).
Overall, existing work underscores persistent cul-
tural asymmetries in LLMs and motivates culturally
aware evaluation and alignment frameworks.

Mechanistic Interpretability Mechanistic inter-
pretability aims to uncover how internal compo-
nents of large language models (LLMs) implement
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behavior (Wu et al., 2024). Foundational analy-
ses identified attention circuits and induction heads
that encode algorithmic patterns within transform-
ers (Olah et al., 2020; Elhage et al., 2021; Zhang
et al., 2025b; Zhang et al.; Jiao et al., 2026; Wang
et al., 2025). Techniques such as activation patch-
ing and causal tracing localize causal features and
pathways (Wang et al., 2022), while model-editing
approaches like ROME and MEMIT, etc., mod-
ify factual associations by directly intervening in
representations (Meng et al., 2022, 2023; Zhang
et al., 2025c; Li et al., 2025a; Jiang et al., 2025; Yu
et al., 2025b). Recent work leverages Sparse Au-
toencoders (SAEs) to uncover interpretable, disen-
tangled features in LLM activations (Bricken et al.,
2023; Templeton et al., 2024; Sun et al., 2026), en-
abling scalable decomposition of high-dimensional
representations into semantically meaningful di-
rections. SAEs support both human-interpretable
visualization and automatic circuit discovery when
combined with activation patching or causal prob-
ing (Geiger et al., 2025; Cunningham et al., 2023;
Yao et al., 2025). Despite this progress, the re-
lationship between learned sparse features and
emergent model capabilities remains imperfectly
understood, motivating ongoing work on hybrid
causal-representation frameworks that link internal
structure to high-level semantics.

3 Preliminary

In this work, we study how large language models
(LLMs) internally represent and retrieve cultural
knowledge. Before presenting our main experi-
ments, we briefly introduce Sparse Autoencoders
(SAEs) and steering LLMs as the core method-
ological tool for our causal and representational
analyses, followed by a description of the datasets
and model configurations used in our experiments.

3.1 Sparse Autoencoders (SAEs)

Sparse Autoencoders (SAEs) (Huben et al., 2024;
Bricken et al., 2023) aim to decompose the dense,
polysemantic activations of an LM into a sparse set
of interpretable features. Given an intermediate ac-
tivation a(z) € R? from a model’s residual stream,
a typical SAE consists of an encoder and a decoder.
The encoder maps a(x) into a higher-dimensional
latent space RF (where k > d):

fs(x) = ReLU(Wepca(x) + bene) (D

where Wepe € R¥*? and beye € RF. The de-
coder then attempts to reconstruct the original acti-

vation from this sparse representation:

d(x) = Wdecfs(x) + bdec (2)

The model is trained by minimizing a loss function
L = Lrect+MLsparsity where Lree = |la(z)—a(z)||3
ensures reconstruction fidelity, and the L; penalty
on fs(x) encourages the activation vector to be
sparse. Each dimension (feature) in f5(x) ideally
corresponds to a single, monosemantic concept,
making it a suitable lever for model steering.

3.2 Steering Large Language Models

Steering is defined as influencing an LLM’s output
toward a target concept while maintaining gener-
ation quality and coherence. Unlike traditional
fine-tuning, steering seeks a minimal change to the
model’s computation by intervening in its internal
representations. Formally, given a model M and a
prompt x, we obtain a steered text ¢ by applying an
intervention ®(-) on an intermediate representation
h:

U= Mpon)(z) 3)

Recent work utilizes SAEs to achieve interpretable
control (Deng et al., 2025). To steer an LLM to-
ward a concept encoded in an SAE feature f; at
layer I, we first pass the latent representation !
through the SAE encoder to obtain the activations
a. Following Templeton et al. (2024), we define the
intervention ® by modifying the activation vector
as:

dj_{ajﬂ.amax A
a; j#Ei

where s is the steering factor and apax is the maxi-
mum activation of the feature. The steered repre-
sentation is reconstructed via the SAE decoder as
®(x!) = Wiyee@ + bgec before continuing the for-
ward pass. Success is typically measured by the
frequency of concept-related tokens in the gener-
ated text and the resulting perplexity.

3.3 Models

We incorporate a diverse set of LLMs along with
their corresponding SAEs to ensure the robustness
of our findings. We did not train custom SAEs
for this work, we use SAEs from Gemma Scope
Gemma-2 9B (Lieberum et al., 2024)!, Llama
Scope for Llama-3.1-8B (Lieberum et al., 2024).

"Here we exclude Gemma-2-2B, as its performance on
MCQ tasks is marginal, with accuracy only around 25%.
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3.4 CPC Dataset

We construct our dataset from four complemen-
tary sources: WVS (World Values Survey, 2022),
GAS (Pew Global Attitudes Survey, 2022), Nor-
mAd (Rao et al., 2025) and BLEND (Myung et al.,
2025). WVS provides cross-national values and
beliefs, GAS covers broad sociocultural attitudes,
and BLEND offers everyday cultural knowledge.
It consists 1,500 questions for each country.

To enable our analysis, we also convert all
question-answering entries into declarative sen-
tence form using GPT-4.1. Specifically, we trans-
form items formatted as "Question P?" into "State-
ment S.", for example, converting "What is the cap-
ital of X?" into "The capital of X is Y." This critical
transformation step constructs our Cultural Probe
Corpus (CPC), which allows us to directly utilize
these declarative sentences to calculate the Perplex-
ity of target cultural knowledge and extract Sparse
Autoencoder (SAE) feature activations for subse-
quent Cultural Specificity Metric (CSM) analysis.
We also include MCQ-type questions following the
setting (Yu et al., 2025a) in the final evaluation.

To test whether models generalize beyond sur-
face forms, we also rewrite each question into five
paraphrased variants using ChatGPT (prompt in
Appendix A). A feature that activates consistently
across semantically equivalent but lexically diverse
surface forms provides stronger evidence of gen-
uine cultural encoding, directly addressing RQI1.

Cultures (14)

US(US), UK(UK), China(CN), Spain(ES), Mexico(MX),
Indonesia(/D),South Korea(KR), Greece(GR), Iran(IR),
Algeria(DZ), Azerbaijan(AZ), Assam(AS), Northern-
Nigeria(NG), Ethiopia(ET)

Prompt Type Prompt example

Original What is the most famous traditional
sport in <country>?

Cloze The most famous traditional sport in
<country>is: __

Paraphrased(2/5)  What is the most renowned tradi-
tional sport in <country>? ; Of all
traditional sports, the most famous
in <country>is: __

MCQ Type Question:What is the most famous

traditional sport in the UK? Op-
tions:A. ping pong B. silat C. soccer
D. wrestling

Table 1: Overview of the cultures and examples in CPC
dataset

4 Cultural SAE Feature Characterization

In this section, we formalize the conceptual and
computational setup used throughout the paper to
understand how cultural information is internally
represented in large language models.

4.1 Finding Cultural Specific Features

We first compute the mean activation of each latent
feature across cultures. Let D = { D¢, ..., Doy }
denote datasets corresponding to K = 14 cultures,
and let fs(z) denote the activation of the latent
feature s (extracted via an SAE) for input z.

Culture-specific activation. For a target culture
C, we compute the mean activation of feature s
over prompts that explicitly include cultural infor-
mation:

c_ 1
K = 1o 2 @) )

z€Dco

To control for question semantics, we addition-
ally compute the mean activation on the same set
of questions but without any explicit cultural infor-
mation, isolating whether a feature’s activation is
genuinely triggered by cultural context rather than
by topic-level or task-format cues:

w/oC _ 1

_ (z). (6
s Doyl Yo fil@). ©

CEGDW/O c

Cross-cultural baseline. To measure how selec-
tively a feature activates for culture C relative to
other cultures, we compute the average activation
of feature s across all cultures except C":

c 1 1 -
W=DV . 2 [Di] 2 S

D[ED\{Dc} xeDy
(7

Culture-specificity score. Inspired by (Deng
et al., 2025), we define the culture-specificity
score of feature s for culture C' as:

C

vE =pul —4¢, (8)

which measures the extent to which feature s is
selectively associated with culture C' compared to
other cultures.

Figure 1 reveals culture-specificity score across
sparse features, where individual features exhibit
strong preferential activation for particular cultural
contexts which prove the correctness of culture-
specificity score.
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Figure 1: The mean activation of feature 7016 across
different cultures in layer 20. The notably high mean
activation in Chinese suggests that feature 7016 may be
strongly associated with Chinese-specific knowledge.

Culture-injection effect. To quantify the extent
to which a feature is directly induced by the pres-
ence of cultural information in the prompt, we de-
fine the culture-injection effect as:

AS = —pyloc. ©)
A large positive ASC indicates that feature s is
strongly activated by explicit cultural cues, con-
trolling for question semantics.

Joint identification of culture-selective features.
Finally, we identify features that are both selec-
tively associated with a target culture and directly
induced by cultural information by jointly consid-
ering v¢ and AC. In particular, features with large
positive values of both scores are interpreted as
culture-selective representations within the model.

4.2 Cross-Cultural Activation Analysis

We random to compute the culture-specificity score
v for each culture. As shown in Figure 2a, the
mean activation of the top-ranked SAE features is
substantially higher than that of randomly selected
features, whose activations remain close to zero.
Across most cultures, we observe a sharp decay in
mean activation among the highest-ranked features,
with the top-ranked feature exhibiting a markedly
larger activation than the remaining ones. In several
cultures, the second-ranked feature also shows a
noticeably elevated activation compared to lower-
ranked features.

These observations indicate that a small num-
ber of highly ranked features dominate the culture-
specific activation patterns, suggesting that such
features capture concentrated and distinctive cul-
tural signals.

4.3 Culture Injection Effects on Feature
Activations

Figure 2a shows the culture injection effects at
Layer 30, and other layers show similar results as
shown in Appendix D. We observe that the mag-
nitudes of the top activated features are notably
similar across different cultures. In particular, the
distributions of the top-k injection effects exhibit
substantial overlap, with no culture consistently
producing markedly larger activation shifts than
others.

Despite this similarity in activation magnitudes,
the specific feature indices that rank among the
top activated features differ across cultures. This
suggests that, at higher layers, cultural informa-
tion induces activations of comparable strength,
while remaining differentiated in terms of which
latent features are engaged. It indicates that cul-
tural prompts lead to a more uniform distribution
of activation strengths across cultures, with cultural
distinctions primarily reflected in feature identities
rather than activation magnitudes.

5 Do LLMs Encode Abstract Cultural
Concepts?

We investigate whether cultural information is ex-
plicitly encoded in the internal representations of
LLMs, beyond surface-level lexical. Specifically,
we ask whether culture remains recoverable from
the model’s internal states under substantial pertur-
bations to prompt form and task structure.

To focus on the most selective and informative
dimensions of the representation, we restrict our
analysis to the top-4 SAE features ranked by our
Cultural Salience Metric (CSM) for each culture.
This stringent setting allows us to test whether
cultural information is encoded in a compact and
highly discriminative subset of the model’s internal
features.

5.1 Robustness of Cultural Representations
across Paraphrase Invariance

A necessary prerequisite for identifying abstract
cultural representations is robustness to surface-
level lexical variation. To rule out the possibility
that culture-selective SAE features merely capture
specific keywords or prompt templates, we first
evaluate their invariance across paraphrased inputs
that preserve the same underlying cultural seman-
tics.

For each cultural statement in the CPC dataset,
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Top 4 Features per Country - Layer 30

Top 4 Mean Activations
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(a) Distribution of top feature activation magnitudes induced
by culture injection across cultures at Layer 30.

Top 4 Features per Country - Layer 25

Top 4 Mean Activations

(b) Top activated features for a representative culture (China)
at Layer 30 under culture injection.

Figure 2: Culture injection effects at Layer 30. (Left) Across different cultures, the magnitudes of the top activated
SAE features exhibit highly similar distributions, indicating that culture injection induces activation shifts of
comparable strength. (Right) For an individual culture, the most responsive features are sparse and localized
to specific feature indices. Together, these results suggest that while the strength of culture-induced activations
becomes more normalized at higher layers, cultural distinctions are primarily reflected in the selection of latent

feature indices rather than activation magnitude.

we construct five paraphrased variants and extract
SAE latent activations for each variant indepen-
dently. We then identify the top-k culture-selective
features (ranked by the Culture Specificity Metric)
for each paraphrase and compute the average pair-
wise Jaccard similarity of these feature sets across
paraphrases corresponding to the same statement.

We find that the overlap of top-ranked culture-
selective features across paraphrases is consistently
and significantly higher than that obtained from se-
mantically unrelated statements drawn from differ-
ent cultures. This result indicates that the identified
features are not driven by specific lexical realiza-
tions or prompt templates, but instead respond to
semantic content that remains stable under linguis-
tic rephrasing.

Having established robustness to paraphrase-
level perturbations, we next investigate whether
these culture-selective features remain stable un-
der more substantial changes in task structure and
inference format.

5.2 Robustness of Cultural Representations
across Task Formats

To assess whether these core cultural features en-
code task-invariant information or merely reflect
prompt-specific artifacts, we compare SAE activa-
tion patterns between the Question (QA) and Cloze
formats within our CPC corpus. Then we compute
the Jaccard similarity of the top-5 features for each
culture across formats, layer by layer, and compare
it against a cross-cultural baseline.

As illustrated in Figure 3, we observe a pro-
nounced representational crossover as information

Jaccard Simil

30] —— Random Culture
- Cloze

ity across Layers (S Top 10 Features)

Jaccard Similarity

E)
Layer

Figure 3: Layer-wise Jaccard similarity of the top-10
most culture-selective SAE features between Question
(QA) and Cloze formats. The orange line shows cross-
task similarity for the same culture, while the blue line
denotes a cross-cultural baseline.

propagates through the transformer. In early and
intermediate layers, the cross-task Jaccard similar-
ity for the same culture remains consistently below
the cross-cultural baseline, indicating that the most
selective features at these layers are dominated by
task-specific syntactic and token-level properties.
Consequently, prompts from different cultures but
sharing the same format appear more similar than
prompts expressing the same culture across for-
mats.

Around Layer 19, this trend reverses sharply:
cross-task similarity begins to exceed the baseline
and continues to increase in later layers. In the
final layers, the same culture expressed in QA and
Cloze formats shares approximately 25% of its
top-5 features, while the baseline remains below
10%. Given the extreme sparsity of this analy-
sis—considering only five features out of a 32,768-
dimensional SAE space—a Jaccard similarity of
this magnitude is highly non-trivial. These findings
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demonstrate that LLMs encode cultural informa-
tion as latent, task-invariant semantic features.

6 Causal Validation of Culture-Specific
Features

In the previous section, we have identified culture-
specific features that are closely related to abstract
cultural concepts and demonstrate robust invari-
ance across varied lexical forms and task structures.
To evaluate the functional importance of the identi-
fied SAE latents, we perform a layer-wise causal
ablation study across the residual stream of the
model.

We specifically target the latents with the highest
activation magnitudes, as these are hypothesized
to be the primary encoders of cultural semantic
information.

6.1 Model Interventions

Directional Ablation. Following prior
work (Arditi et al.,, 2024; Ferrando et al.,
2025), we analyze the causal contribution of a
feature direction in the residual stream using
directional ablation. Given a residual activation
x € RY and a feature direction d € RY, we
remove the component of x aligned with d by
subtracting its projection:

x' =x—dd'x, (10)

where d = ﬁ denotes the unit vector. The ab-

lated activation x’ is then used in place of x for the
remainder of the forward pass.

6.2 Ablation of Culture-Specific Features

Task Setup. We evaluate cultural reasoning us-
ing a Multiple-Choice Question (MCQ) format,
where the model selects the culturally appropriate
answer from a fixed candidate set. Model accuracy
is measured as the proportion of correct cultural
choices across our diagnostic dataset, and serves
as the primary metric for quantifying the causal
impact of feature ablation.

Following the methodology of Bricken et al.
(2023), we zero-out the top-k (where k € 1, 5,10)
features during the forward pass and measure the
degradation in next-token prediction accuracy on
our diagnostic dataset. We do not consider larger
values of k because beyond the top 10 features,
the mean activation values rapidly decrease and
are typically below 1, making their contribution
negligible for the purposes of this experiment.

Average Accuracy
o
=
&

—e— Ablated top 1
~e— Ablated top 5
0.30 —e— Ablated top 10
—#- Random

0 5 10 15 20 25 30 35 40
Layer Index

Figure 4: Layer-wise accuracy under top-k SAE feature
ablation of Gemma2-9B. Random feature ablation with
matched cardinality is shown as a negative control.

As illustrated in Figure 4, our results reveal a dis-
tinct hierarchical sensitivity to feature intervention:
We observe a prominent sensitivity spike between
Layer 22 and Layer 26. Specifically, at Layer 23,
ablating the top-10 features results in a dramatic
drop in accuracy from approximately 0.57 to 0.31.
This precipitous decline suggests that task-relevant
information is concentrated into a narrow subset of
SAE latents at these stages. We define this point of
maximal accuracy drop as the turning layer—the
layer at which cultural information is most causally
concentrated in the processing pipeline, forming a
semantic bottleneck for cultural knowledge pro-
cessing. As we demonstrate in Sec. 7, this layer
serves as the primary target for subsequent activa-
tion steering intervention.

The performance degradation shows a saturation
effect regarding the number of features ablated.
While there is a noticeable gap between the top-1
and top-10 curves. This indicates that the causal in-
fluence is highly localized within a very sparse set
of primary latents; once these core features are re-
moved, the remaining latents in the SAE basis con-
tribute marginally to the task, even when a larger
number of high-activating features are targeted.

Crucially, ablating an equal number of randomly
selected features yields only marginal performance
degradation across all layers. This stark contrast
establishes that the observed accuracy cliff is not a
generic consequence of representation disruption,
but instead reflects the targeted removal of seman-
tically privileged latents.

Interestingly, the model exhibits high resilience
in the initial (Layers 0-10) and final (Layers 35-40)
stages. The stability in early layers suggests fea-
tures at these depths primarily encode lower-level
properties, while the recovery in final layers points
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to a stabilized representation where the downstream
decision has already been consolidated within the
residual stream.

7 Steering for improving Cross Cultural
Questions

Having established that cultural information is en-
coded in a compact set of internal features, in this
section we proceed to examine how these represen-
tations can be exploited in practice. Concretely, we
use culture-specific features as control signals to de-
rive steering vectors, allowing us to systematically
influence the model’s cultural outputs.

7.1 Experimental Setup

Following the steering framework defined in Sec-
tion 3, we identify the top-k cultural features based
on the joint scores of ¢ and AY. The intervention
is localized to the turning layer(layer 25 for gemma-
2-9B and layer 4 for llama-3.1-8B), which are iden-
tified in Section 6 as the critical semantic bottle-
neck for cultural knowledge. To characterize the
intensity-response relationship, we systematically
vary the steering factor s € [0.5,5]. Our experi-
ments encompass eight cultures across low(Assam,
Northern Nigeria)-, mid-(Greece, Indonesia), and
high (China, Iran, Spain, US)-resource settings, fol-
lowing the protocol of Yu et al. (2025a) to ensure
generalizability. We benchmark our method against
several baselines, including zero-shot prompting,
cultural prompting (Tao et al., 2024), and Layer-
wise Activation Steering(Turner et al., 2024).

7.2 Contrastive Feature Steering

Based on the steering framework defined in Sec-
tion 3, we select the top-k cultural features iden-
tified by the joint scoring of ¢ and AS. To re-
fine the steering signal, we implement a weighted
contrastive strategy that enhances target cultural
attributes while suppressing confounding features.
Formally, let I, and I,, denote the indices of the
identified correct and distractor features, respec-
tively. We derive a composite steering direction v
from the SAE decoder weights Wy, as follows:
Ve =\ Wee — Wi (11)
where W, represents the mean decoder vector for
the corresponding feature set and A = 2.
Our intervention is localized to Layers 25, which
Section 6 identifies as the pivotal semantic bottle-
neck for cultural knowledge. During the forward

pass, we modulate the intermediate representation
h by applying the steering vector: ®(h) = h+s-vs,
where s € [1, 10] is the steering factor. To ensure
the generalizability of our findings, we conduct
experiments across eight cultures encompassing
low-, mid-, and high-resource settings (Yu et al.,
2025a). We benchmark our method against zero-
shot prompting, cultural prompting (Tao et al.,
2024) and Layer-wise Activation Steering(Turner
et al., 2024).

7.3 Results

Table 2 shows that SAE Steering consistently
achieves the highest average accuracy across both
Llama-3.1-8B and Gemma-2-9B. In contrast, both
Non-Culture Steering and layer-level activation
steering yield only marginal improvements over the
zero-shot baseline, indicating that generic or non-
targeted interventions on internal representations
are insufficient for capturing culturally grounded
behaviors. The gains from SAE Steering are par-
ticularly pronounced in low-resource cultural set-
tings, where Culture Prompting exhibits unstable or
marginal improvements. While Culture Prompting
remains competitive in high-resource cultures (e.g.,
Spain and the US), its performance varies substan-
tially across cultural groups, whereas SAE Steering
achieves more balanced improvements and reduces
variance between high- and low-resource contexts.

This robustness arises from directly intervening
on sparse latent features associated with cultural se-
mantics, rather than relying on surface-level textual
cues. To further examine the relationship between
these two approaches, we evaluate a hybrid setting
that combines Culture Prompting with SAE Steer-
ing. However, the hybrid does not yield consistent
gains over SAE Steering alone. This suggests that
the cultural signal introduced via prompting largely
overlaps with the representations captured by the
identified SAE features. Once the model is explic-
itly steered along these latent cultural directions,
additional textual cues provide limited or no com-
plementary benefit. Notably, identifying effective
steering directions requires only 50 annotated ex-
amples per culture, making the approach substan-
tially more data-efficient than fine-tuning-based
adaptation. This property is especially relevant for
extending foundation models to underrepresented
or marginalized cultural contexts, where large-scale
supervision is often infeasible.

Although learning SAE representations intro-
duces an upfront computational cost, our findings
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Model Method AS CN ES GR 1ID IR NG US Avg Acc
Base (Zero-shot) 06 057 0.63 054 062 059 059 0.68 0.58
Llama-3.1-8B Culture Prompting 0.57 0.61 075 0.62 066 064 056 0.76 0.63
’ Non-Culture Steering 06 058 0.65 055 063 060 055 0.68 0.60
Base + Layer level Steering 0.59 0.61 0.65 058 060 060 058 0.72 0.56
Cultural prompting + SAE Steering 0.63 0.62 0.71 0.61 0.68 0.60 0.61 0.74 0.65
Base + SAE Steering 062 0.65 068 0.60 0.67 063 0.62 0.73 0.66
Base (Zero-shot) 049 051 057 050 049 054 049 0.68 0.56
Gemma-2-9B Culture Prompting 0.57 050 0.61 0.60 059 064 049 0.74 0.60
Non-Culture Steering 051 052 058 053 052 058 050 0.70 0.55
Base + Layer level Steering 052 050 0.60 055 054 060 048 0.72 0.58
Cultural prompting + SAE Steering 0.56 0.60 0.65 058 0.60 0.70 053 0.75 0.62
Base + SAE Steering 058 0.58 0.64 057 060 068 052 0.76 0.64

Table 2: Cross-cultural performance comparison (Accuracy ) across eight cultures. We benchmark our contrastive
SAE Steering against Zero-shot, Culture Prompting and Layer-wise Activation Steering.

suggest a promising paradigm for scalable and eq-
uitable cross-cultural adaptation: enabling models
to express latent cultural knowledge with minimal
supervision, rather than requiring extensive retrain-
ing or culturally exhaustive datasets.

8 Conclusion

We present a mechanistic investigation of cultural
representations in Large Language Models using
Sparse Autoencoders (SAEs), advancing beyond
neuron-level approaches that suffer from polyse-
manticity and superposition. By decomposing in-
termediate activations into sparse, interpretable fea-
ture directions, we identify culture-selective fea-
tures that remain invariant across paraphrased in-
puts and task formats—demonstrating that LLMs
encode cultural knowledge as abstract semantic
structures rather than surface-level lexical patterns.

Through layer-wise causal ablation, we establish
that these features are causally necessary for cul-
tural reasoning: removing only the top-10 features
at the semantic bottleneck (Layers 22-26) collapses
accuracy from 0.57 to 0.31, while matched random
ablation causes negligible degradation. Further-
more, activation steering along these feature direc-
tions is causally sufficient to modulate culturally
grounded outputs across diverse cultural settings
without any retraining, achieving consistent im-
provements over zero-shot and culture-prompting
baselines—particularly in low-resource cultural
contexts where prompting-based methods are un-
stable.

Moving beyond the notion of isolated cultural
neurons, our work provides a fine-grained and inter-
pretable account of how cultural knowledge is orga-
nized within LLMs. This perspective enables more

precise analysis and control of culturally grounded
behaviors, and offers a principled pathway toward
mitigating Western-centric bias and fostering more
globally inclusive and culturally adaptive Al sys-
tems. We hope this mechanistic framework in-
spires future work on interpretability-guided cul-
tural alignment across broader model families and
languages.
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Limitations

While this study advances the mechanistic un-
derstanding of cultural representations in LLMs
through Sparse Autoencoders (SAEs), several limi-
tations should be noted. First, our evaluation is pri-
marily based on English-language corpora, which
may result in identified features reflecting Western-
centric interpretations of culture rather than native
nuances. Second, our reliance on social-value sur-
veys (e.g., WVS and GAS) as cultural proxies is
inherently reductionist, as these discrete variables
may overlook the dynamic, multi-dimensional, and
context-dependent nature of cultural identity. Third,
SAEs themselves introduce methodological lim-
itations: reconstruction error from the encoder-
decoder bottleneck may cause some cultural in-
formation to be lost or misattributed, and the phe-
nomenon of feature splitting means that a single
cultural concept may be decomposed into multiple
fine-grained features across different SAE widths,
complicating interpretation. Fourth, the steering
factor s in our activation steering experiments re-
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quires empirical tuning per culture, and overly large
values can degrade generation fluency. A princi-
pled method for automatically selecting s remains
an open problem. Finally, due to computational
constraints, our findings are restricted to specific
model families and scales, and their generalizabil-
ity to larger parameter regimes or non-dense archi-
tectures remains to be empirically validated.
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Appendix
A Prompt Used for Rewrite Questions

Here is the prompt we used to rewrite the questions.

You are given an input query written
as a question.

declarative sentences, conditional forms,
or other appropriate formats.

- Vary phrasing, syntax, and
perspective where possible.

- Do not introduce new i

nformation or assumptions.

Output only the 5 rewritten
sentences, each on a separate line.

B Experiment Settings

For each experiment, we don’t perform any sam-
pling during generation to avoid randomness.
For SAEs from Gemma Scope(Lieberum et al.,
2024), we choose 16k width and the one with
the first smallest LO value for each layer. For
SAEs from Llama Scope(He et al., 2024), we
use the model from https://huggingface.co/
OpenMOSS-Team/L1lama3_1-8B-Base-LXR-8x.

C Jaccard Similarity across different
selected features

Additional results for Jaccard Similarity across dif-
ferent selected features for two different LLMs are
demonstrated in Figure 5 and 6.As we select more
features, the similarity begins to decrease because
most feature values are below 1, leading to lower
similarity and thus making the distinction between
the question and its closed form increasingly in-
significant.

D Additional Results for
Culture-injection Effects

Additional results for Culture-injection Effects of
the value of A¢ across different layers for two
different LLMs are demonstrated in Figure 7 and 8.
Almost all layers also show similar conclusions to
Figure 2.

Rewrite this query into 5 alternative sentences

that aresemantically equivalent
to the original query.

Requirements:

- Preserve the original intent and meaning.

E Additional Results for
Culture-specificity scores

Additional results for Culture-specificity scores of
the value of v across different layers for two dif-

- Maximize linguistic and structural diversitferent LLMs are demonstrated in Figure 9 and 10.
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and Cloze formats on Llama-3.1-8B.

Jaccard across Layers Top 1 ) Jaccard across Layers Top 5 )
081 —— Random Culture 0401+ Random Cutture
—— Cloze o Cloze ,)\
07 1 035
A

06 | 030

2 | \ / 2.
Foe | \/ e
E | v E

@ o4 | & o
H | | H
Sos [ 8o
M $
L) | L)

02 [ 010

01 005

00 000

3 < B i % 3 E) E3 ® ] < 1o 5 % % o B3 @
Layer Layer
Jaccard Similarity across Layers Top 10 Features) Jaccard Similarity across Layers Top 20 Features)
030 —— Random Culture
— Cloze /

025 /
z Zow 1
T o T
] 5
E E
@ @

o g
H ]
g g
8 8
o L
005 /
oos / —— Random Cuture
—— Cloze
] g 0 3 B B3 E) B3 £ I3 g ) 5 B % EY B3 @
Layer Layer
Jaccard Similarity across Layers (Selected Top 50 Features) Jaccard Similarity across Layers (Selected Top 100 Features)
o —— Random Culture 0s —— Random Culture
—= Cloze —=— Cloze
04
04
2 z
T T
2o 2
T Fos
7] »
i k4
8oz g
k) N
01
01

1] 3 k3 13 E) B3
Layer

Figure 6: Layer-wise Jaccard similarity of selected top-k culture-selective SAE features between Question (QA)

and Cloze formats on gemma-2-9B.

3 3 o - E) % E) B3 ®
Layer

5669




Top 4 Mean Activations. Top 4 Mean Activations Top 4 Mean Activations

Top 4 Mean Activations.

Top 4 Features per Country - Layer 0

Top 4 Features per Country - Layer 5

© KR GR R Dz
Country

Top 4 Features per Country - Layer 10

Top 4 Mean Activations

MXx D KR GR R Dz
Country

Top 4 Features per Country - Layer 15

D KR GR R DZ

Top 4 Features per Country - Layer 20

Top 4 Mean Activations

MX D KR GR R DZ
Country

Top 4 Features per Country - Layer 25

Us UK CN ES MXx D KR GR R DZ
Country

Top 4 Features per Country - Layer 30

Top 4 Mean Activations.

KR GR
Country

MX D KR GR W bz Az AS NG  ET

Figure 7: The value of AS of Llama-3.1-8B across different layers

5670




Top 4 Mean Activations. Top 4 Mean Activations Top 4 Mean Activations Top 4 Mean Activations

Top 4 Mean Activations.

Top 4 Features per Country - Layer 0 Top 4 Features per Country - Layer 5

=t =t
pemtd = e
fomees [ 2 = o3
2
2
s 3
3
e
<
=
K
° =
< 10,
[ D KR GR R oz o D KR GR R 3
Country Country
Top 4 Features per Country - Layer 10 Top 4 Features per Country - Layer 15
as
H
g .
e
.
H
PY
e,
Mx D KR GR L oz ° Mx n KR GR R oz
Country Country.
Top 4 Features per Country - Layer 20 Top 4 Features per Country - Layer 25
ey
H
.
:
‘ i
s
.
. -
Y
e
:
‘ mMx n KR GR L3 0z MX n KR GR 3 0z
Country Country
Top 4 Features per Country - Layer 30 Top 4 Features per Country - Layer 35
" —reature - eature
==t . = et
. ot = et
n .,
H
S
g,
. €
H
H
2.
. -
e
g

Mx B KR G m bz
Country

Top 4 Features per Country - Layer 40

Figure 8: The value of A of Gemma-2-9B across different layers

5671



Top 4 Features per Country - Layer 0 Top 4 Features per Country - Layer 5

H

Top 4 Mean Activations. Top 4 Mean Activations Top 4 Mean Activations

Top 4 Mean Activations.

Top 4 Mean Activations.

Mx D ® oz

KR GR
Country

Top 4 Features per Country - Layer 10

Top 4 Features per Country - Layer 15

Top 4 Mean Activations

D KR GR R DZ

Top 4 Features per Country - Layer 20

MX 1D KR GR R  DZ
Country

Top 4 Features per Country - Layer 25

Top 4 Mean Activations.

US UK CN ES MX D KR GR R oz Az As NG ET
Country

Top 4 Features per Country - Layer 30

KR GR
Country

UsS UK CN  ES MX D KR GR w0z

Figure 9: The value of v¢ of Llama-3.1-8B across different layers

5672




Top 4 Mean Activations. Top 4 Mean Activations Top 4 Mean Activations Top 4 Mean Activations

Top 4 Mean Activations.

Top 4 Features per Country - Layer 0 Top 4 Features per Country - Layer 5

.
.
.
20
K3
§
5.0
15 £
i
3
.
o us '3 N ES Mx ) KR GR R Dz AZ AS NG ET o us 3 N ES Mx ) KR GR R oz AZ AS NG ET
- -
Top 4 Features per Country - Layer 10 Top 4 Features per Country - Layer 15
ot = a3
§ B
g
= .
=
i
1
&
° us UK N ES Mx D KR GR R 0z AZ AS NG ET ° us 13 N ES MX D KR GR R 0z AZ AS NG ET
Country Country.
Top 4 Features per Country - Layer 20 Top 4 Features per Country - Layer 25
M ftd = e
S s
.
H
.
F
g 20
' :
i
2
) &,
° MX 1) KR GR R >3 MX 1) KR GR R 3 NG ET
Country
Top 4 Features per Country - Layer 30 Top 4 Features per Country - Layer 35
=1 . -
.
w© 2
K3
5,
. §
g
;
i
2.
e
.
° us '3 o ES MX D KR GR R 3 Az AS NG ET o us '3 N ES MX D KR GR R oz Az As NG ET
Country Country
Top 4 Features per Country - Layer 40

R bz Az AS NG ET

KR GR
Country

Figure 10: The value of v& of Gemma-2-9B across different layers

5673



F Additional Results for Directional
Ablation

Additional results for directional ablation of dif-
ferent cultures across different layers. And almost
every country shows similar turning point at all
most the same layer.
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Figure 12: Layer-wise accuracy under top-k SAE feature ablation across different countries of Llama-3.1-8B.
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Figure 13: Layer-wise accuracy under top-k SAE feature ablation across different countries of Gemma2-9B.
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