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Abstract
Understanding culture-specific knowledge is essential for developing language models that perform reliably across
diverse social and linguistic settings. This work explores both methodological and practical aspects of evaluating
culture-specific knowledge in large language models. Special attention is given to the multiple-choice question
answering format as a tool for identifying and measuring such knowledge. An analysis of existing benchmarks reveals
several limitations, including insufficient cultural sensitivity and the presence of uninformative distractor options.
In response, the RuUBIN benchmark is introduced — a dataset consisting of questions based on phrases that are
widely known in Russian culture. The paper describes the process of selecting and filtering culturally relevant topics,
generating plausible incorrect answers using LLMs, and annotating and testing the benchmark for cross-linguistic
robustness. RuBIN helps identify current LLMs’ weaknesses in transferring cultural knowledge and can serve as a

tool for further adapting these models to diverse linguistic and cultural contexts.
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1. Introduction

Evaluating LLMs on its cultural competence is con-
sidered to be a highly nuanced yet impactful task.
As the number of languages spoken by LLMs in-
creases, the need for its cultural appropriateness
becomes more important.

In an attempt to capture the abstract nature of cul-
ture, researchers build various benchmarks, includ-
ing such topics as customs and traditions (Myung
et al., 2024), ethics (Rao et al., 2025), literature
and history (Etxaniz et al., 2025), cuisine (Lavrouk
etal., 2025), and many more. Nevertheless, itis still
questionable whether the topic-based approach to
benchmark development allows for a truly diverse
evaluation of LLMs. An opposite approach, which
is introduced by a number of researches (Chiu et al.,
2025; Myung et al., 2024), relies on the experiences
of native annotators who are instructed to report on
any culture-related aspects. Although this method
of data gathering overcomes the limitations of a
first mentioned approach with strictly set topics, it
introduces another issue — the lack of clear ground
truth.

In order to address the shortcomings of existing
topic-based and open-ended strategies for bench-
mark creation, this paper introduces an alterna-
tive framework for cultural benchmark development.
Overall, our contributions are as follows:

» We construct RuBIN (RUssian Benchmark of
Cultural INsights), a dataset to evaluate LLM
acquisition of culturally specific knowledge in
Russian. We propose a new framework that
makes it possible to include a diverse set of
topics while keeping ground-truth answers un-

ambiguous and verifiable. Figure 1 presents a
step-by-step construction process of RuBIN.

» We assess the benchmark using responses
from native human annotators to ensure the
relevance and resolvability of the developed
tasks. After reviewing the range of existing
benchmarking approaches, we conclude that
human evaluation is essential to avoid includ-
ing questions that fail to reflect cultural knowl-
edge. To this end, we introduce RuBIN-EAsy.
In this version, we exclude questions that
proved too difficult for Russian native speak-
ers.

+ To gain insight into the performance of mod-
els across cultural contexts, we performed an
evaluation of the flagship LLMs.

2. Related Work

Benchmarking the multilingual abilities of LLMs has
seen growing interest from the research commu-
nity (Wu et al., 2025) with culture being one of the
evaluated aspects. Despite that, the standards for
a rigorous cultural dataset are not unified and the
process of benchmark construction remains rather
intuitive.

In this section we study the limitations and
strengths of existing cultural benchmarks. Then we
discuss the specifics of multiple-choice question
answering tasks, taking into account the previous
findings in order to develop a robust and reliable
cultural benchmark.
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Figure 1: The RuBIN Framework.

2.1. Specifics of Cultural Benchmarking

Today, a variety of benchmarks exist, each offering
different perspectives on culture evaluation. These
benchmarks differ in sizes, domains, included lan-
guages, data collection strategies, and task types.
We focus on benchmark size, data collection meth-
ods, and task types, as these dimensions most di-
rectly influence the design, scope, and interpretabil-
ity of cultural evaluation tasks.

There is evidence that multilingual benchmarks
are becoming significantly larger in size (Wu et al.,
2025). As authors suggest, this is due to the emer-
gence of foundation models that make large-scale
evaluation possible. On the other hand, when
dataset size is prioritized over other aspects, the
quality of individual tasks often suffers due to a
lack of cultural relevance. Extra-large benchmark
sizes are achieved through automated data col-
lection, reducing the feasibility of manual filtering.
That results in the inclusion of flawed or misleading
questions that significantly compromise the relia-
bility of evaluation outcomes (Gema et al., 2025).
As a result, researchers must strike a balance be-
tween dataset size and task quality; otherwise, the
assessment credibility may be compromised.

As we discussed benchmark sizes, data collec-
tion strategies also merit attention. Upon reviewing
several culture-related benchmarks, we identified
two primary methods researchers use to obtain
texts for task construction: automated collection of
data in QA-format (Arora et al., 2025; Romanou
et al., 2025; Rao et al., 2025; Hendrycks et al.,
2021) and native speakers survey (Chiu et al., 2025;
Myung et al., 2024). A large amount of data in the
form of Question-Answer pairs is available online,
including QA forums, quizzes, and exams. How-
ever, the majority of these tasks require reasoning
skills for successful completion and do not evaluate
cultural knowledge acquisition exclusively.

Another group of researchers constructs culture-
related benchmarks by manually designing ques-
tions based on the lived experience of native speak-
ers. This approach, exemplified by CuLTURAL-
BeNcH (Chiu et al., 2025) and BLEND (Myung et al.,
2024), relies on native annotators to generate cul-
turally relevant scenarios and reference answers.
While this method improves cultural relevance by
grounding tasks in authentic experience, it also in-
troduces challenges related to subjectivity and rep-
resentativeness. Individual perspectives may not
adequately capture collective cultural knowledge,
which limits the generalizability of the data.

Since the concept of “culture” encompasses a
wide range of dimensions, researchers have fo-
cused on different domains when designing bench-
marks to capture cultural significance. Existing
benchmarks often target specific cultural aspects
such as food (Lavrouk et al., 2025), holiday tradi-
tions (Myung et al., 2024), history and literature
(Etxaniz et al., 2025), morality and ethics (Rao
et al., 2025), or everyday habits (Chiu et al., 2025;
Myung et al., 2024). This diversity reflects the
multifaceted nature of culture and the varying ap-
proaches to evaluating culturally informed language
understanding. However, this focus inevitably limits
the range of topics covered and complicates the
search for suitable resources.

Task types for LLM benchmarking vary widely,
with examples such as multiple-choice question an-
swering, text generation, reading comprehension,
summarization, etc. While long-form tasks, such as
those used in CALMQA (Arora et al., 2025), enable
deeper insights into culturally grounded reasoning,
they pose challenges for evaluation due to the lack
of clear, comparable reference answers. In con-
trast, multiple-choice question answering offers a
balance between scalability, interpretability, and
evaluation reliability. By clearly defining answer op-
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tions and correct responses, MCQA allows for large-
scale, cross-model comparisons while still captur-
ing essential aspects of cultural knowledge. For
these reasons, we adopt the MCQA format in Ru-
BIN. Importantly, recognition-based tasks are par-
ticularly well-suited for evaluating culturally shared
knowledge, which often manifests as familiarity with
conventionalized expressions rather than the ability
to reconstruct them generatively. By constraining
the space of possible answers, the MCQA format
minimizes variability in surface realization and re-
duces evaluation noise. Moreover, the inclusion
of distractors provides a structured foundation for
future extensions of the benchmark, potentially en-
abling controlled manipulation of task difficulty and
more fine-grained experimental analyses of cultural
discrimination.

In the following subsection, we describe the spe-
cific design principles underlying our MCQA formu-
lation, including the construction of answer options
and the criteria used for selecting and validating
distractors.

2.2. MCQA as a Benchmark Task

Any benchmark designed to evaluate a specific
capability of a large language model is essen-
tially a structured set of questions or tasks. The
method of question formulation depends on the
benchmark’s goals and the nature of the underly-
ing data. Recently, there has been growing interest
in benchmarks using the multiple-choice question
answering (MCQA) format. In MCQA, a model
must choose the correct answer from several given
options, based on a question and, optionally, addi-
tional context. This format is widely adopted due
to its simplicity, ease of construction, and suitabil-
ity for automatic evaluation, as model outputs can
be directly compared to predefined ground-truth
labels.

However, despite its practical advantages,
MCQA has methodological limitations that can af-
fect the reliability of evaluation. One key issue is
the extraction of model predictions from generated
outputs. As shown in recent work, different extrac-
tion methods — such as log-probability selection,
regex-based parsing, or using pretrained classi-
fiers like xFINDER (Yu et al., 2025) — can lead to
significant variation in performance metrics, partic-
ularly on non-technical questions where complex
reasoning is not required (Molfese et al., 2025).
In such cases, few-shot prompting combined with
regex-based extraction is considered a reasonable
compromise.

Another crucial factor is the quality of distrac-
tors — the incorrect but plausible answer choices.
Studies have shown that poorly designed distrac-
tors can allow models to perform well by exploiting
superficial patterns, without genuine understand-

ing (Mozafari et al., 2025; Wang et al., 2025). For
instance, models may succeed by eliminating obvi-
ously incorrect options rather than identifying the
truly correct one. This reveals a risk of overes-
timating model capabilities when distractors are
not carefully constructed. Therefore, when using
MCQA for cultural evaluation, it is essential not only
to validate correct answers, but also to ensure that
distractors are culturally meaningful and non-trivial.
In our benchmark, we address these known issues
to ensure that RuBIN reliably measures cultural
knowledge rather than test-taking shortcuts.

3. Benchmark Composition

3.1. Data Collection and Annotation

The development of the RuBIN benchmark began
with collecting and preprocessing culturally specific
texts relevant to the Russian-speaking context. Un-
like benchmarks that create questions from scratch,
RuBIN focuses on real texts deeply embedded in
collective cultural memory. This includes widely
recognized materials such as folklore, song lyrics,
film quotes, memes and catchphrases — texts fa-
miliar to native speakers without additional context.

The data collection process for the RuBIN bench-
mark is grounded in a specific theoretical assump-
tion about the nature of culture and its linguistic
manifestation. We proceed from the premise that
cultural knowledge is not limited to formal heritage
artifacts, but is embedded in language through
a multitude of conventionalized expressions that
emerge and stabilize within a given community.
Proverbs, idiomatic expressions, memes, song
lyrics, film quotes, and other fixed or semi-fixed
phrases serve as particularly salient carriers of
such knowledge, as they reflect historically accumu-
lated meanings that tend to circulate predominantly
within one cultural space.

To identify these expressions, we adopted an
iterative collection strategy. As new hypotheses
emerged regarding domains in which culturally
salient phrases might occur, we revisited and ex-
panded the corpus. While some items were added
manually when they fell outside previously defined
categories, the majority of materials were gathered
through semi-automated processing of encyclope-
dic websites, dictionaries, and curated music and
film charts. Our underlying criterion was recog-
nizability and collective salience: a phrase was
considered culturally relevant if it appeared in or-
ganized compilations or popularity-based rankings,
indicating that it is widely known rather than niche.

Importantly, RuBIN does not aim to exhaustively
represent the entirety of a nation’s cultural heritage.
Instead, it is designed to assess the extent to which
a language model possesses culturally embedded
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Figure 2: Cultural source types in the RuBIN benchmark.

knowledge that is intertwined with the Russian lan-
guage and broadly shared within its linguistic com-
munity.

The compilation of texts was conducted directly
by the authors themselves, employing field linguis-
tics methodologies. In practice, this involved infor-
mal elicitation through conversations with native
speakers, systematic observation of expressions
used in spontaneous everyday speech, and the
documentation of culturally salient phrases encoun-
tered in natural communicative contexts.

The majority of questions were designed in a
pattern-based format like “Kak zakanchivayetsya
fraza...?” —meaning “How does the phrase end ...?”,
leveraging native speakers’ automatic recall and
making it easier to test shared cultural knowledge.
To ensure representativeness, sources were cho-
sen for their wide public familiarity, cultural salience,
and accessibility across age and social groups. For
phrases that could not be naturally adapted to the
“How does the phrase end?” format, questions were
constructed manually, with particular attention to
ensuring the presence of an unambiguous, factu-
ally verifiable ground truth answer.

The benchmark includes culturally significant ma-
terials from a wide range of sources. Where pos-
sible, items were annotated with the year of peak
cultural relevance, such as release dates or award
years. Traditional oral forms and slang, which
lack precise dating, were included without temporal
metadata. Detailed information on data sources is
provided in Table 1.

A filtering procedure was applied to each topic,
checking for cultural relevance, broad recognizabil-
ity, appropriateness, and the feasibility of forming
clear multiple-choice questions. Topics tied to re-
cent or politically sensitive events were excluded.
The goal was to ensure each question reflected
culturally shared knowledge, was ethically sound,
and had an unambiguous correct answer.

Memes

Texts were selected from an online encyclopedia of
internet memes, which records the year each meme
appeared; this information was included in the dataset.
Folklore

Texts were sourced from folklore dictionaries and
collections. Due to the absence of reliable dating, no
year was indicated.
Popular Songs

Texts were selected from the lists of “Golden Gramo-
phone” award winners and other music charts; the year
of receiving the award was included in the dataset, as
it most accurately reflects the moment of the work’s
popularity.
Films and Cartoons

Texts were chosen based on articles about the most
popular and significant works; the year of release was
specified.
Poems and Writers’ Quotes

Texts were selected from works included in the
school curriculum; no dates were provided.
Slang

Texts included expressions from aggregator web-
sites of slang terms; the year of origin of the expressions
was not indicated.
Advertising Slogans

The texts were collected from compilations of mem-
orable television commercials; the approximate year of
release was specified.

Table 1: Sources and Dating of Dataset Materials.

A collection of texts was initially gathered, which
after a thorough filtering process resulted in a fi-
nal dataset of 5,000 standardized questions. Each
entry includes the question, four answer options,
the correct label, topic, and year (when applica-
ble). A breakdown of question domains is shown in
Figure 2. We acknowledge the presence of class
imbalance across domains, but given the availabil-
ity of reliable sources, it could not be fully mitigated
without compromising data authenticity.
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How does the saying end: “Fingers and
eggs - ..."?

don’t rub against the table

don't fiddle in the grains

don’t dip into the salt shaker

don’t go into the nose

ogow>» O

Table 2: Example of generated distractors. The
correct answer is in italics.

3.2. Distractors creation

We adopted a multiple-choice question answering
(MCQA) format because recognition-based tasks
are particularly suitable for evaluating culturally
shared knowledge, which typically operates at the
level of familiarity and conventionalized recall rather
than creative reconstruction. Unlike open-ended
generation, the MCQA setup minimizes variability in
surface formulations, thereby reducing evaluation
noise. Additionally, the use of distractors provides
a flexible framework for future extensions of the
benchmark, making it possible to adjust task diffi-
culty and design controlled experiments that probe
different levels of cultural discrimination.

One of the key stages in the development of a
multiple-choice question answering benchmark is
the generation of distractors — incorrect but plausi-
ble answer options. The quality of these distractors
directly impacts the reliability and validity of the
evaluation: overly simplistic or obviously incorrect
options may distort results by allowing models to
achieve high scores through superficial heuristics
rather than genuine comprehension.

In this study, distractors were generated using
the Qwen2.5-14B language model, selected for
its strong generative capabilities and flexibility in
following instructions in Russian. The generation
process involved providing the model with the ques-
tion, the correct answer, and its assigned letter label
(A, B, C, or D). The model was then prompted to
generate three additional incorrect yet realistic op-
tions, producing a full set of four answers with a
designated correct choice. This setup enabled di-
rect integration of the output into the benchmark’s
format. An example of the automatically generated
distractors is provided in Table 2. The example is
translated to English for demonstration purposes.

To prevent positional biases, the correct answer
was randomly assigned to one of the four answer
slots (A-D). This model-based generation approach
allowed for automation of the distractor creation
process while ensuring stylistic and thematic con-
sistency among answer options and minimizing the
risk of models identifying the correct answer based
on surface cues alone.

All generated items underwent manual review
to verify several quality criteria. Distractors were

examined to ensure they were not obviously in-
correct, nonsensical, or factually identical to the
correct answer. Additional checks were conducted
for stylistic consistency across options, including
uniform grammatical agreement, case, and regis-
ter. Items containing non-Russian distractors, du-
plicated or identical options, correct-answer dupli-
cates, or empty answer slots were systematically
removed.

3.3. Human evaluation

The development of a cultural knowledge bench-
mark loses its validity without the involvement of
native speakers and cultural insiders. Since culture
is inherently shared and collective, only verification
by native speakers can confirm that the proposed
items genuinely reflect cultural memory and recog-
nizable context.

To ensure cultural validity, an initial version of
the benchmark was evaluated by native Russian
speakers via the Yandex Tasks platform. Eligibility
criteria required participants to be over 20 years
old and declare Russian as their native language.

To ensure response reliability, the time each an-
notator spent on the task was monitored; unusu-
ally short response times were flagged as potential
indicators of low-quality or automated responses.
Additionally, quality verification involved testing for
a correlation between the question’s reference year
and the respondent’s age group, as detailed in Sec-
tion 3.4.

Each question was evaluated by an average of
three annotators. Only questions with a correct re-
sponse rate of at least 50% were retained, resulting
in a filtered subset called RuBIN-EAsy, consisting
of 4,216 questions. The average human accuracy
on this set was approximately 90%, supporting its
cultural validity and indicating an appropriate level
of difficulty for human respondents. RuBIN-Easy
better represents widely shared cultural knowledge,
making it a more reliable measure of what models
should capture as common, rather than niche, in-
formation. This subset is recommended as the
primary evaluation set for language models.

3.4. Verification of human evaluation

To evaluate the reliability of the collected annota-
tions and confirm that the responses were provided
by real individuals with diverse cultural and gen-
erational backgrounds, a chi-squared (x?) test of
independence was performed between two cate-
gorical variables: the historical period referenced
in a question and the age group of the respondent.
The distribution of years and ages is presented in
Figure 3.
The following hypotheses were tested:
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Groups. Notably, each temporal category shows
a leading age group whose superior performance
aligns logically with their generational experience.

Hy: The referenced year of a question and the
respondent’s age group are independent; the like-
lihood of a correct response is unrelated to the
participant’s age.

H;: There is a statistically significant association
between the referenced year of a question and the
respondent’s age group.

The resulting p-value (5.55 x 10719) is far be-
low the significance threshold (« = 0.01), leading
to rejection of the null hypothesis. This indicates
a statistically significant relationship between re-
spondent age and question year. In other words,
performance on the benchmark questions varies
meaningfully with the age of the annotator, con-
firming that the annotations were provided by real
individuals with different levels of cultural familiarity
and historical knowledge.

The observed dependency is further illustrated in
Figure 4, which presents the proportion of correct
responses as a function of annotators’ age and the
time period to which the question content refers.
These findings support the reliability of the collected

responses and justify their use as a foundation for
selecting benchmark questions and analyzing large
language models’ performance on the benchmark
tasks.

4. Evaluation with LLMs

This section presents an experimental evaluation
of various large language models on the RuBIN cul-
tural knowledge benchmark. The primary objective
of the evaluation is to identify differences in the mod-
els’ abilities to handle tasks that require understand-
ing culturally grounded expressions, idiomatic con-
structions, and other elements of collective memory
specific to the Russian-speaking cultural context.
In addition to assessing overall performance, the
analysis examines variation across temporal and
thematic dimensions, highlighting how each model
responds to questions tied to different historical
periods and content categories. Particular atten-
tion is given to YANDEXGPT5-LITE, which, despite
its relatively modest size (8B parameters), demon-
strates competitive results and exhibits strengths in
processing Russian-language material, warranting
closer inspection of its behavior and error patterns.

4.1. Conducting the Evaluation

The evaluation was conducted on the full version of
the benchmark, which includes all question types.
For each model, accuracy was calculated as the
proportion of correctly answered questions, de-
termined by comparing the model’'s predicted re-
sponse with the reference answer. Predictions
were extracted using regular expressions. For all
models, the instruct versions were evaluated to en-
sure consistency in their response style and align-
ment with task instructions.

The evaluation involved 24 language models,
both open-source and commercial, varying in size,
architecture, and language focus.

The results shown in Table 3 reveal substan-
tial variation in model performance on the RuBIN
benchmark. Proprietary models such as GPT-4.1,
DeepSEEK-R1, and GEMINI achieved top scores,
with Qwen2.5-MAX and CLAUDE 3 SONNET also
performing strongly, suggesting that commercial
APIl-accessible models tend to integrate Russian
cultural knowledge more effectively. Among open-
source models, LLAMA- 3.3-70B and QwEeN2.5-
72B demonstrated competitive results, highlighting
the potential of large-scale open architectures with
quality pretraining.

YaNDEXGPT-8B achieved 59.94%, outperform-
ing similarly sized multilingual models such as
QwEeN2.5-7B and QwEN3-8B, indicating a deeper
adaptation to the Russian cultural context. Smaller
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Model Acc. Acc. E A NA
Qwen2-05B 2659 2685 026 0.0
Qwen2-15B  31.04 3195 091 022
Qwen2.5-

Py 2486 2607 121 0.0
?‘gg”%' 3165 3247 082  0.00
Qwen2.5-7B 4050 4184 134 0.6
Qwen25-14B 5403 5645 242  0.00
Qwen2.5-

oB 57.39 ; ; 0.00
Qwen25-Max 6222 6542 320 10.87
Qwen3-0.6B  26.02 2649 047  3.41
Qwen3-1.7B 31.89 3309 120 0.0
Qwen3-4B 3829 3997 168 463
Qwen3-8B 4755 4976 221  0.00
Llama-3-8B 35.81 3695 1.14 0.6
Sg'ga'"amaS' 3538 3698 1.60  0.00
Llama-3.2-1B 2466 2536 070  0.00
Llama-3.3-

~0B 5755 59.75 220  0.00
?emma—Z-Zb- 3055 3202 147 033
g;”deXGPT' 59.94 63.83 3.89 0.06
Mistral-7B 3171 3292 121 035
GPT-4o-mini 5456 5752 296 022
GPT-4.1 7833 8091 258 0.0
DeepSeek-R1  80.50 83.35 2.85  0.00
Gemini-2.0- 7451 7740 289 0.2
flash

Claude3 5826 6157 331 0.0
Sonnet

Table 3: The accuracy (%) of LLM evaluation on
RuBIN (Acc.) and RuBiN-EAsy (Acc. E), a subset of
the full RuBIN benchmark that human participants
solve with approximately 90% accuracy. Addition-
ally, we report the percentage of questions that
were not answered (NA), defined as cases where
no answer tag could be extracted from the model
output. Also we provide A - difference in accuracy
between RuBIN and RuBIN-Easy (pp). It shows
how much a model’s performance drops when mov-
ing from easier to more challenging tasks, indicat-
ing its sensitivity to questions’ complexity. We did
not evaluate Qwen2.5-72B on the full version of
the dataset due to budget constraints.

models (<2B) showed limited competence, under-
scoring their difficulty with culturally rich tasks.
The performance gap between the full RuBIN
benchmark and RuBIN-EAsy indirectly indicates
whether a model’'s knowledge is likely derived from
lexical resources or curated datasets rather than
from genuine exposure to natural cultural usage.
All models perform slightly better on the simplified
version, which suggests that at least part of their
knowledge is aligned with commonly encountered
cultural information rather than niche or less fre-

DeepSeek vs YandexGPT 5. Accuracy by Year Groups

I YandexGPT
N Deepseek

0.8

=)
o

Accuracy

o
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Figure 5: Deepseek and YANDEXGPT-5 mean ac-
curacy by time periods.

quent elements. However, the fact that their per-
formance does not dramatically increase implies
that a substantial portion of their cultural knowledge
may stem from lexical resources, curated datasets,
or synthetic corpora, rather than from genuine ex-
posure to diverse, real-world language use.

Most models left fewer than 0.5% of questions
unanswered, except QWEN2.5-Max, QWEN3-0.6B,
and QwEeN3-4B. In the case of QwWEN2.5-MAX, this
was primarily due to strict safety constraints: the
model occasionally refrained from answering ques-
tions that could be indirectly associated with sen-
sitive topics, such as politics, potentially offen-
sive language, or criminal activity, even when the
items themselves were culturally oriented and not
intended to solicit harmful or inappropriate con-
tent; for others, formatting issues caused non-
responses.

4.2,

The following stage of the analysis considers the
performance of the top-performing models, intro-
ducing a broader examination of how their outputs
relate to the cultural characteristics of the ques-
tions.

To begin with, a key finding is that deep cultural
adaptation during pre-training plays a crucial role:
YANDEXGPT outperforms models of similar size,
such as SAIGA-LLAMA, which was further fine-tuned
on Russian texts but still performs significantly
worse. This highlights that comprehensive cultural
alignment in the initial training phase is more impor-
tant than later-stage fine-tuning for achieving strong
performance on culture-specific benchmarks.

Another important observation is the tendency
of large multilingual models to rely heavily on his-
torical data. Figure 5 presents the comparative ac-
curacy of the DEePSEEk and YANDEXGPT models
across questions categorized by decade, spanning
1930-1939 to 2020-2023. The accuracy dynamics
of the two models differ notably across the tempo-
ral groups. DEEPSEEK shows a relatively stable
performance, with only moderate fluctuations. In

Insights from Model Performance
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Category Accuracy Category Size Option Label Answer Distribution, %
Palindromes 0.238 42 A 48.1

Songs 0.437 938 B 18.41

Cartoons 0.442 129 C 13.82

Films 0.449 381 D 19.66

Advertising 0.451 51

Counting Rhymes 0.468 79 Table 5: Distribution of YANDEXGPT-5-LITE incor-
Lullabies 0.48 25 rect answer selections.

Twisters 0.55 418

Quotes 0.556 36 bution of incorrect answer selections produced by
Memes 0.561 244 YANDEXGPTS5, as summarized in Table 5. Among
Proverbs 0.67 1413 the erroneous responses, option A accounts for
SI_ogans & Quotes 0.692 26 nearly half of all selections, while options B and D
Riddles 0.695 659 are chosen at relatively comparable rates. Option
g?airgs 8;;8 ;gg) C is selected least frequently. This skewed distri-
Tales 0.929 o8 bution suggests a systematic bias in the model’s

Table 4: YANDEXGPTs-LITE accuracy per category.

contrast, YANDEXGPT demonstrates a more pro-
nounced variability, with a steep increase from the
1930s to its peak in the 1950-1969 range, followed
by a consistent decline toward 2020-2023.

DeepPSEEek likely performs better on “older” topics
because its training data may include a broader
range of historical and archival sources, giving it
greater exposure to older cultural references and
language patterns. In contrast, YANDEXGPT may
rely more heavily on contemporary datasets, which
could limit its ability to recognize or interpret cultural
elements from earlier decades, leading to lower
accuracy on older material.

The next stage of the analysis examines the per-
formance of YANDEXGPT across different content
categories, as presented in Table 4. YANDEXGPT
was selected for closer examination as it demon-
strated noteworthy performance relative to its size
category (8B parameters) and is specifically opti-
mized for processing Russian-language content.
The model’s accuracy varies substantially, ranging
from 0.238 for palindromes to 0.929 for tales. Cat-
egories characterized by complex linguistic struc-
tures or less common forms, such as palindromes
and lullabies, show notably lower accuracy, sug-
gesting limitations in the model’s ability to process
rare or unconventional textual patterns. In contrast,
categories with more standardized or formulaic
structures, such as slang and tales, demonstrate
significantly higher performance. Intermediate ac-
curacy levels are observed for widely represented
categories like proverbs and riddles, where larger
sample sizes may contribute to more stable results.
These disparities indicate that the model’s effective-
ness is closely tied to both the linguistic properties
of the category and the representativeness of such
content in its training data.

The subsequent analysis addresses the distri-

response patterns, potentially reflecting tendencies
in its decision-making process or imbalances in
how it weighs particular answer positions. Such a
pattern may indicate that the model either defaults
to specific positions when uncertain or exhibits an
implicit preference influenced by its training data.

5. Conclusion

This paper introduces RuBIN, a novel benchmark
designed to evaluate culturally grounded knowl-
edge in large language models, with a particu-
lar focus on Russian linguistic and cultural speci-
ficity. Built using a dedicated framework that sup-
ports the structured generation of culturally rich,
multiple-choice questions, RuBIN comprises 5,000
items spanning diverse domains. The underlying
methodology used to construct RuBIN is language-
agnostic and can be readily adapted to develop cul-
turally grounded benchmarks for other languages
and linguistic communities.

Using this benchmark, we conducted a large-
scale evaluation across a wide range of contempo-
rary models, allowing for a comprehensive compar-
ison of their performance on culturally embedded
tasks. Additionally, we performed an in-depth anal-
ysis of the top-performing models to better under-
stand the factors contributing to their success.

We use language as a natural expression of
culture, which grounds our benchmark in authen-
tic cultural contexts. This approach ensures that
the benchmark truly reflects culturally embedded
knowledge, making it both meaningful and relevant.
By focusing on language, we capture the nuances
and subtleties that define cultural identity, enhanc-
ing the benchmark’s validity.

Our underlying assumption is that the benchmark
targets culturally conventionalized expressions that
are stably reproduced within a linguistic community.
Precisely because such expressions are conven-
tionalized, they tend to occur online in relatively
stable forms. However, as culturally embedded
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units, they are disproportionately represented in
Russian-language sources, including articles, com-
ment sections, literature, and other locally produced
materials. We therefore assume that strong per-
formance on RuBIN reflects not merely incidental
web exposure, but substantial contact with authen-
tic Russian-language texts drawn from culturally
grounded communicative contexts. In this sense,
benchmark performance serves as an indirect in-
dicator of the model’s cultural adaptation to the
Russian linguistic environment.

The analysis of model performance reveals sev-
eral key insights. First, deep cultural adaptation dur-
ing the pre-training phase is crucial: for instance,
YanDEXGPT, which underwent thorough cultural
alignment, outperforms SaiGA-LLAMA — a model of
the same size that was only fine-tuned on Rus-
sian texts but still lags behind. Second, large
multilingual models tend to focus heavily on his-
torical data, showing better performance on older
questions, which implies their training relies mainly
on established, archived content rather than re-
cent cultural developments. Finally, although some
large closed-source models demonstrate compet-
itive results, none have yet reached human-level
performance on these culture-specific benchmarks.
These findings highlight the challenges and oppor-
tunities in developing language models with gen-
uine cultural understanding. Future work should
prioritize deeper cultural integration and more di-
verse, up-to-date training data to bridge the gap
toward human-level performance.

Limitations

Although RuBIN introduces a scalable approach
to building large and diverse cultural benchmarks,
several limitations remain. First, while all questions
underwent manual review to eliminate major flaws,
we cannot guarantee that every automatically gen-
erated distractor is equally plausible. Some ques-
tions may still contain options that are less challeng-
ing, potentially influencing benchmark difficulty.

Second, despite the framework’s scalability,
adapting RuBIN to other languages still requires
collaboration with native speakers. Cultural knowl-
edge remains inherently language-specific, and
steps such as formulating questions or refining dis-
tractors cannot be fully automated without risking
inaccuracies or cultural inauthenticity.

Finally, not all RuBIN questions follow the “how
does the saying end” format, as strictly adhering
to this pattern would result in the loss of cultur-
ally relevant material. While this design choice
preserves data diversity, it introduces variability in
question structures, which could impact how mod-
els approach different question types.

Ethical Considerations

The RuBIN benchmark is released under a Creative
Commons Attribution-NonCommercial 4.0 Interna-
tional (CC BY-NC 4.0) license, explicitly restricting
its use to academic and non-commercial research
purposes. Any derivative works based on RuBIN
are subject to the same limitations and must comply
with the original data access conditions.

The dataset contains no personally identifiable
information or sensitive data, ensuring anonymity
and privacy protection. All cultural and language-
specific content has been carefully curated to avoid
offensive or discriminatory material. Nonetheless,
users should be aware that the benchmark fo-
cuses on culturally embedded linguistic phenom-
ena, which may reflect certain biases or limitations
inherent in the data collection process.

RuBIN is intended solely for research and evalu-
ation of language models and should not be used
for commercial applications. The authors acknowl-
edge the potential risks associated with cultural
generalizations and advise caution in interpreting
results beyond the benchmark’s defined scope.

Since we relied on crowd-sourcing to validate
the benchmark tasks, we outline here the ethical
considerations. No sensitive personal data was
collected from participants during the study. All
participants provided their informed consent before
beginning the task, and they were informed that
their responses would be used exclusively for re-
search purposes. The recruitment was carried out
through a crowd-sourcing platform, targeting peo-
ple aged 20 or older who stated Russian as their
native language, according to the demographic re-
quirements of the study.

Participants were compensated at a fair rate, and
the payment was calculated based on the estimated
time needed to complete the task. No bonuses or
penalties were applied.
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Appendix A. Examples of Benchmark Tasks

Palindromes

Q. How does the phrase end 'Pressed the boar...” ?
A On the eggplant
B Into the raspberry
C Into the trap
D Into the bottle
Songs
Q. How does the line from the song (performed by Lube) 'Taganskaya Station, the
convict’s fate...” end?
A Here quietly and lonely flew the years of my youth
B White acacia blooms in the yard
C In winter and summer, with one music the pipes roar
D The door slammed and | went to Taganskaya
Cartoons
Q. How does the quote from the cartoon end 'He flew away, but...” ?
A Became a famous pilot
B Promised to return
C Left a gift for his friend
D The last greeting was weak
Films
Q. How does the quote from the movie end ’For example, in London, a dog is a
man’s friend. — And with us...” ?
A All animals are man’s enemies
B The police are man’s friend
C Mice are man’s enemies
D The building manager is man’s friend
Advertising
Q. How does the phrase from the advertisement end '‘Dimon, whata...” ?
A Baboon
B Raspberry
C Sheep
D Ballet
Counting Rhymes
Q. How does the counting rhyme end 'Beyond the seas, beyond the mountains,
beyond the dense forests on the hill -..." ?
A A den, a bear sits at home
B A little tower, a lock hangs on the door
C A hut on chicken legs
D An onion garden, where grandmothers and grandfathers sit
Lullabies
Q. How does the line from the lullaby end 'Ay, luli-luli-luli, flew...” ?
A Bullfinches
B Cranes
C Sparrows
D Hares
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Twisters

Q. How does the tongue twister 'We have a guest...’ end?
A who took the cane
B who left the chambers
C who left the spoon
D who went to the tavern
Quotes
Q. How does the quote end ’lll-cut, but...’?
A Intended for centuries
B Came out of the mold
C Reliably assembled
D Tightly sewn
Memes
Q. What ends the phrase from the video where a Shiba Inu dog falls into the river:
‘This is a fiasco...” ?
A buddy
B doggo
C Bobik
D bro
Proverbs
Q. How does the proverb end 'A crow flew into the master’s...’?
A kingdom
B yards
C house
D chambers
Slogans & Quotes
Q. How does the saying end 'Who comes to us with a sword...’?
A With him we will fight
B Will go back home
C That one will perish by the sword
D That one will not return to us
Riddles
Q. Guess the riddle: ’In winter and summer it is of the same color.’
A Tulip
B Sakura
C Spruce
D Raspberry
Poems
Q. How does the line from the poem ’A lonely sail is whitening...’ end?
A Beyond the islands of joyful dreams
B In the heights, the shining moon sees us
C In the fog of the blue sea
D After the storm, the wave falls asleep
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Slang

Q. Which slang word has this definition: 'A player who uses bugs or game world
imbalances to gain personal advantage.” ?
A Grinded
B Screeper
C Rusher
D Abuser
Tales
Q. What is the name of the round character that the grandma and grandpa baked?
A Fox Alisa
B Kolobok
C Teremok
D Turnip

Table 6: Examples of multiple-choice questions with correct an-
swers in italics.Translated into English for demonstration purposes.
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