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Abstract
Large language models (LLMs) are increasingly used across diverse
cultural contexts, making accurate cultural understanding essen-
tial. Prior evaluations have mostly focused on output-level perfor-
mance, obscuring the factors that drive differences in responses,
while studies using circuit analysis have covered few languages
and rarely focused on culture. In this work, we trace LLMs’ inter-
nal cultural understanding mechanisms by measuring activation
path overlaps when answering semantically equivalent questions
under two conditions: varying the target country while fixing the
question language, and varying the question language while fixing
the country. We also use same-language country pairs to disen-
tangle language from cultural aspects. Results show that internal
paths overlap more for same-language, cross-country questions
than for cross-language, same-country questions, indicating strong
language-specific patterns. Notably, the South Korea–North Korea
pair exhibits low overlap and high variability, showing that linguis-
tic similarity does not guarantee aligned internal representation.
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1 Introduction
Large language models (LLMs) have achieved strong performance
across a wide range of tasks, including translation, reasoning, and
question answering [15, 22]. However, when it comes to culture,
responses can vary to the speaker, country, or region, since cultural
knowledge reflects social norms, historical events, and linguistic
nuances that differ across societies and evolve over time [6, 14].
Therefore, it is crucial for LLMs to develop a robust understand-
ing of diverse cultural contexts in order to provide reliable and
contextually appropriate outputs [11, 18].

Since LLMs acquire cultural knowledge from diverse language
sources during pretraining [5, 25, 27], linguistic and cultural signals
are often intertwined, making it necessary to study them together
rather than in isolation [6]. Nevertheless, most evaluations of cul-
tural understanding have focused only on final outputs, which
obscures the factors driving differences in responses, such as ques-
tion language, cultural knowledge, or their interaction [8, 14, 20].
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Figure 1: Overview of Tracing Cultural Understanding in
Multilingual Large Language Models.

Although some research has attempted to reveal the internal circuits
of multilingual LLMs by varying question language [10, 26, 28], lit-
tle work has examined how models represent and process cultural
knowledge within multilingual contexts [16, 26].

In this study, we address these gaps by tracing how LLMs in-
ternally use their cultural understandings. Specifically, we mea-
sure how models’ internal paths change when answering semanti-
cally equivalent cultural questions under two conditions: (1) vary-
ing the target country while fixing the question language, and
(2) varying the language of the question while fixing the target
country. To further disentangle cultural and linguistic aspects, we
include special country pairs such as South Korea–North Korea,
the US–UK, and Spain-Mexico. These pairs share similar or identi-
cal languages but differ culturally, allowing us to better separate
language-driven from culture-driven signals. This design enables
us to ask whether linguistic cues dominate cultural knowledge
representation or whether the two interact in more complex ways.

Our experiments show that internal path overlap is greater for
same-language, cross-country questions than for cross-language,
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same-country questions, indicating a strong language-specific pat-
tern in representing cultural knowledge. Notably, the South Ko-
rea–North Korea pair shows unusually low overlaps and high
variability across question languages compared with other same-
language pairs, highlighting the need for further analysis. Over-
all, these findings suggest that multilingual LLMs rely heavily on
language-specific circuits when representing and applying cultural
knowledge.

Our contributions and findings can be summarized as follows:

• We highlight the need to investigate howmultilingual LLMs
internally represent cultural understanding.

• Our experiments show that internal paths overlap more
when questions are in similar languages across cultures
than when they are in different languages for the same
culture, indicating a strong language-specific pattern.

• We find cases where models exhibit distinct internal pat-
terns despite high linguistic similarity, highlighting the
need for further investigation.

2 Related Work
2.1 Mechanistic Interpretability of LLMs
Recent studies have actively investigatedmethods to understand the
internal mechanisms of LLMs by first identifying interpretable fea-
tures in their computations and then constructing circuits to capture
how these features interact [1, 12, 26, 28]. Some early works directly
treated raw neurons as interpretable features [7, 21, 24]; however,
the polysemantic nature of neurons made it difficult to derive clear
interpretations of model behavior [4]. To address this limitation,
subsequent studies trained sparse coding models such as SAE to
decompose MLP representations into interpretable features [2, 19],
but these approaches lacked input invariance, preventing general
conclusions about model behavior. Transcoder overcomes these
challenges by decomposing MLP computations and enabling input-
invariant, feature-level circuit analysis [1, 3]. This method allows
for the extraction of more general interpretable features and the
direct computation of feature interactions, facilitating a detailed
analysis of internal model flows. Using this approach, we construct
circuits to study the internal mechanisms that occur during the
LLM’s answer generation process.

2.2 Cultural Understanding of Multilingual
LLMs

Recent studies have sought to evaluate the cultural understanding
of multilingual LLMs, leading to the development of benchmarks
that incorporate locally collected, culture-specific data. While these
benchmarks better reflect target cultures, they remain limited in
scope, particularly in the number of languages considered and their
ability to capture multilingual usage scenarios. Moreover, most
prior studies have assessed model performance only at the output
level [8, 14, 20], leaving the internal mechanisms underlying cul-
tural understanding largely unexplored. Although recent research
has begun to address interpretability, it has primarily focused on
multilinguality rather than culture [16, 26, 28], with analyses often
restricted to language-specific neurons and narrow language cover-
age [24]. In this work, we extend this line of research by examining

internal circuits whenmultilingual LLMs answer culturally relevant
questions across more diverse multilingual settings.

3 Tracing Knowledge Circuit
3.1 Task Formulation
We define 𝑄𝐿,𝐶 as the set of culture-related questions asked in
language 𝐿 about country 𝐶 . Correspondingly, 𝑃 (𝑄𝐿,𝐶 ) represents
the internal activation paths within the LLM when answering the
questions in 𝑄𝐿,𝐶 . We followed the approach in [3] to extract in-
terpretable features (nodes), to measure attributions (edges) and to
construct the circuits (internal path).

To analyze the interplay of language and culture in themodel’s in-
ternal processing, we measure the overlap between activation paths
under two cases. First, we fix the language 𝐿 and compare the simi-
larity between internal paths activated by questions about two dif-
ferent countries 𝐶𝑛 and 𝐶𝑚 , denoted as 𝑆𝑖𝑚(𝑃 (𝑄𝐿,𝐶𝑛

), 𝑃 (𝑄𝐿,𝐶𝑚
)).

Second, we fix the country 𝐶 and compare internal path similarity
for questions asked in two different languages 𝐿𝑛 and 𝐿𝑚 , denoted
as 𝑆𝑖𝑚(𝑃 (𝑄𝐿𝑛,𝐶 ), 𝑃 (𝑄𝐿𝑚,𝐶 )). By contrasting these overlaps, we as-
sess whether the model’s cultural knowledge representation is
predominately influenced by the input language or the cultural
content itself.

The internal paths 𝑃 (𝑄𝐿,𝐶 ) are extracted as weighted subgraphs
that represent the model’s internal feature attributions during an-
swer generation. Nodes correspond to interpretable features, while
edges capture attribution strength between features. We normalize
each edge’s weight so that the sum of absolute attributions equals
one. We then quantify path similarity using Weighted Jaccard Simi-
larity [23], treating missing edges as having zero weight. Similarity
scores close to 1 indicate largely overlapping internal processing
paths, whereas scores near 0 indicate distinct mechanisms.

3.2 Data Construction
We construct 𝑄𝐿,𝐶 using the culture-specific benchmark dataset
BLEnD [14]. From the question set, we randomly select 50 questions,
ensuring minimal semantic overlap, to create our experimental
dataset.

3.2.1 Country and Language Selection. For cross-cultural analysis,
we select seven countries: South Korea (KR), North Korea (KP), the
United States (US), the United Kingdom (UK), Spain (ES), Mexico
(MX), and China (CN). To study cases where language is shared
but cultural contexts vary, we include three pairs of linguistically
related countries: South Korea–North Korea, Mexico–Spain, and the
United Kingdom–United States. These pairings minimize linguistic
variation while emphasizing cultural differences. As a contrasting
case, we add China to represent a distinct language group. While
languages within each pair are highly similar, subtle distinctions in
vocabulary and grammar remain. For this reason, we treat them as
separate languages throughout our analysis.

3.2.2 Question Format Conversion. To facilitate next-token pre-
diction and simplify the analysis of the model’s internal represen-
tations, we convert interrogative questions into declarative state-
ments. This conversion enables the model to generate answers as
continuations within a unified framework, providing inputs that
more closely match its training distribution [13]. For example, the
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question “Who is the most famous football player in the UK?” can
be converted as “The most famous football player in the UK is_”.
This process preserves grammatical correctness and natural word
order in each language, inserting spaces where required for accurate
token generation (except for Chinese, which does not use spaces).

3.2.3 Multilingual Extension. The original BLEnD dataset provides
each cultural question set only in its corresponding language. To
extend coverage, we translate each question set into all languages
used in our experiments, creating 49 𝑄𝐿,𝐶 question sets. For ex-
ample, a question about the most famous football player in South
Korea is expressed not only in Korean, but also in English, Chinese,
and Spanish. This design enables systematic analysis of how lan-
guage inputs and culture jointly influence the model’s internal path
selection.

3.3 Implementation Details
For questions related to cultural knowledge, we used the Gemma
21 [17]. To avoid potential effects on the model’s internal paths, we
employed the base version rather than the instruction-tuned model.
For internal path extraction, we used Gemma Scope Transcoder2 [3,
9] to obtain interpretable features. In the dataset reformulation and
extension steps, the questions were generated with GPT-4o and
verified with o4-mini via the OpenAI API3.

4 Analysis
4.1 Main Result
Table 1 presents similarity scores of internal path overlaps in the
LLM under two conditions: fixed language and fixed culture. The
results clearly show that the model’s internal path selection is
much more affected by the language of the question than by the
cultural context. When the question language is fixed (Table 1a),
path overlap remains relatively high across different target cul-
tures, especially among linguistically similar country pairs such as
South Korea–North Korea, the United States–the United Kingdom,
and Spain–Mexico. This suggests that language similarity strongly
encourages reuse of internal paths.

Conversely, when the cultural context is fixed and the question
language varies (Table 1b), path overlap drops significantly. This
indicates that even semantically equivalent queries in different
languages prompt the model to use markedly different internal
paths. It implies that the model organizes and accesses cultural
knowledge in a language-dependent manner, prioritizing linguistic
form over semantic content when processing multilingual queries.

Figure 2 summarizes these results by averaging scores for each
pair, shown as descending bar charts with 95% confidence intervals.
Hatched bars highlight country pairs sharing similar languages,
and the orange line marks the overall average. Figure 2a (fixed
question language) highlights that linguistic similarity supports
greater path overlap—possibly reflecting overlapping cultural traits
as well. Figure 2b (fixed culture) shows low overlaps when question
languages differ, supporting the conclusion that question language

1https://huggingface.co/google/gemma-2-2b
2https://huggingface.co/google/gemma-scope-2b-pt-transcoders
3https://platform.openai.com/

Table 1: (a) Path overlap across target cultures with the ques-
tion language fixed. (b) Path overlap across question lan-
guages with the target culture fixed.

(a) Fixed Language

L

C1 C2 KR KP US UK ES MX CN

KR KP 0.10 0.04 0.44 0.46 0.57 0.56 0.52
KR US 0.05 0.04 0.37 0.39 0.16 0.16 0.21
KR UK 0.06 0.04 0.37 0.38 0.40 0.42 0.45
KR ES 0.31 0.04 0.17 0.17 0.15 0.15 0.44
KR MX 0.30 0.38 0.17 0.17 0.16 0.15 0.43
KR CN 0.06 0.04 0.17 0.17 0.16 0.16 0.16

KP US 0.35 0.35 0.31 0.31 0.15 0.15 0.19
KP UK 0.36 0.36 0.30 0.30 0.36 0.37 0.42
KP ES 0.04 0.04 0.16 0.16 0.14 0.14 0.43
KP MX 0.04 0.04 0.15 0.16 0.14 0.14 0.44
KP CN 0.38 0.39 0.16 0.16 0.15 0.15 0.16

US UK 0.59 0.58 0.56 0.56 0.27 0.27 0.27
US ES 0.05 0.04 0.19 0.19 0.17 0.16 0.20
US MX 0.04 0.05 0.19 0.19 0.17 0.16 0.21
US CN 0.50 0.48 0.19 0.19 0.18 0.17 0.39

UK ES 0.05 0.04 0.19 0.18 0.16 0.16 0.50
UK MX 0.04 0.04 0.18 0.18 0.16 0.16 0.47
UK CN 0.51 0.51 0.19 0.18 0.16 0.16 0.17

ES MX 0.41 0.05 0.54 0.53 0.60 0.59 0.56
ES CN 0.05 0.04 0.43 0.44 0.49 0.51 0.14

MX CN 0.04 0.05 0.44 0.43 0.51 0.52 0.15

(b) Fixed Culture

C

L1 L2 KR KP US UK ES MX CN

KR KP 0.16 0.38 0.36 0.37 0.06 0.15 0.38
KR US 0.01 0.01 0.02 0.02 0.01 0.01 0.01
KR UK 0.01 0.01 0.02 0.02 0.01 0.01 0.01
KR ES 0.01 0.01 0.01 0.02 0.01 0.01 0.02
KR MX 0.01 0.01 0.01 0.02 0.01 0.01 0.02
KR CN 0.02 0.03 0.02 0.03 0.02 0.02 0.02

KP US 0.01 0.01 0.02 0.02 0.01 0.01 0.02
KP UK 0.01 0.01 0.02 0.02 0.01 0.01 0.02
KP ES 0.01 0.01 0.01 0.02 0.01 0.01 0.02
KP MX 0.01 0.01 0.01 0.02 0.01 0.01 0.02
KP CN 0.02 0.03 0.02 0.02 0.02 0.02 0.02

US UK 0.91 0.94 0.95 0.93 0.97 0.95 0.89
US ES 0.02 0.02 0.02 0.02 0.03 0.03 0.03
US MX 0.02 0.02 0.02 0.02 0.02 0.03 0.03
US CN 0.02 0.02 0.02 0.02 0.02 0.02 0.02

UK ES 0.02 0.02 0.02 0.02 0.03 0.03 0.03
UK MX 0.02 0.02 0.02 0.02 0.02 0.03 0.03
UK CN 0.02 0.02 0.02 0.02 0.02 0.02 0.02

ES MX 0.66 0.70 0.66 0.67 0.69 0.66 0.69
ES CN 0.01 0.02 0.01 0.01 0.02 0.02 0.01

MX CN 0.01 0.01 0.01 0.01 0.02 0.02 0.01
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(b) Fixed Culture
Figure 2: (a) Path overlap by country pair when the question language is fixed; We find that overlaps remain relatively high, with linguistically
similar country pairs showing especially high reuse of internal paths. (b) Path overlap by language pair when the target culture is fixed; We
find that overlaps drop markedly when the query language changes, indicating that language (rather than meaning) dominates internal path
selection. Each bar shows the mean (±95% CI), sorted in descending order; hatched bars denote linguistically similar pairs, and the orange
horizontal line marks the overall average.
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Figure 3: Path overlap between questions on South and North Ko-
rean culture by question language. We find that path overlaps are
low in Korean languages than in non-Korean languages.
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Figure 4: Path overlap between questions for similar-language pairs
under a fixed target culture. US-UK and Spain-Mexico show high
and stable overlap while South Korea-North Korea shows lower and
more variable overlap.

dominates internal path selection more than cultural context or
semantic equivalence.

4.2 Distinct Path Patterns in South and North
Koreas

South and North Koreas, despite sharing a similar language, ex-
hibited distinct patterns compared with other linguistically sim-
ilar pairs. Figure 3 visualizes path overlaps for questions about
South and North Korean culture across the various question lan-
guages. The results show higher overlaps in non-Korean languages
and lower overlaps in Korean. Figure 4 presents overlaps across
similar-language pairs when the target culture is fixed. US–UK and
Spain–Mexico maintained high and stable overlaps, while South
Korea–North Korea showed lower and more variable overlaps. The
reasons for these differences, whether due to linguistic, cultural, or
other factors, remain unclear and warrant further investigation.

5 Conclusion
We explored the internal mechanisms of cultural understanding in
multilingual LLMs. To reflect realistic scenarios, we extended the
cultural dataset to include multiple languages and measured the
overlap of activated internal paths. Results show that query lan-
guage affects internal path selection more strongly than target cul-
ture, and that cultural understanding is mainly stored in language-
dependent paths. We also observed that politically unique contexts,
such as South and North Koreas, are reflected in the model’s in-
ternal mechanisms. These findings offer key insights into how
multilingual LLMs understand and utilize cultural knowledge.

Our analysis focused on internal path overlap, but interventions
or circuit patching could clarify which features drive cultural knowl-
edge processing and how language- and culture-related features
interact. Some country pairs, such as South and North Koreas, show
distinct patterns compared to other similar language pairs, yet the
reasons remain unclear. Future work could further subdivide cul-
tural knowledge into finer categories and include more languages,
enabling a more comprehensive investigation of language–culture
interactions within the model.
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