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Abstract
Benchmarks for evaluating Large Language Models (LLMs) on everyday knowledge across cultures and languages
are increasingly used to assess cultural competence and contextual understanding. However, many multilingual
extensions rely primarily on translated question–answer pairs, limiting their ability to capture locally grounded
variation. In this work, we present a Swedish extension of an existing cross-cultural everyday knowledge benchmark,
in which questions are translated into Swedish and answers are collected individually from five participants with
diverse social and professional backgrounds. This design enables us to capture situated, naturally produced
responses from a specific participant group rather than transferred or translated answer templates. We document the
translation protocol, participants, and agreement analysis, and examine variation across participants as a signal
of culturally contingent knowledge. We evaluate several state-of-the-art multilingual and instruction-tuned LLMs
against the aggregated human responses and analyze model performance. Our results reveal that while models
often approximate prototypical answers, they struggle with culturally specific nuances and intra-cultural variation. The
Swedish extension provides a resource for studying culturally grounded evaluation and highlights the importance of
human-generated local answers when benchmarking LLMs across languages.
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1. Introduction

Generative AI has begun to alter how language is
produced, interpreted, and evaluated across a wide
range of contexts. By early 2026, ChatGPT was
estimated to handle approximately 2.5 billion user
queries per day.2 Several researchers (Henrich
et al., 2010; Naous et al., 2024; DURMUS et al.,
2024) have shown that Large Language Models
(LLMs), exhibit characteristics commonly described
as WEIRD: Western, Educated, Industrialised,
Rich, and Democratic.

This is not surprising, given that training data
for such models are heavily dominated by English-
language content and by textual sources originat-
ing from a relatively narrow set of sociocultural con-
texts. However, even in languages that are morpho-
logically close to English and share socio-cultural
and interactional conventions with Anglophone con-
texts, outputs may still fail to align with local com-
municative norms and/or expectations, indicating
a gap between model outputs and context-specific
norms in practice.

To address this gap, we present a Swedish ex-
tension of an existing cross-cultural benchmark for
evaluating LLMs on everyday knowledge.3 While

∗ Equal contribution.
2https://explodingtopics.com/blog/

chatgpt-users
3https://github.com/belomeriem/

Sweden itself falls within the WEIRD category,
the mismatch between model outputs and locally
grounded practices can still arise, since models
surely rely on broadly shared or globalized norms.

The original questions are translated into
Swedish by a native speaker, the answers are inde-
pendently generated by five Swedish participants
from diverse social backgrounds, all of whom had
Swedish as their first language. It should be noted
that all five participants currently live in Stockholm
or the Stockholm area, although three of them grew
up elsewhere in Sweden. The selection of par-
ticipants reflects practical constraints in recruiting
participants.

The design allows us to capture culturally
grounded, naturally produced responses (from our
participant group) rather than transferred answer
templates. By introducing a Swedish dataset ex-
tension with multi-participant, human-generated
answers, we contribute a resource for more cultur-
ally sensitive benchmarking and provide method-
ological insights into extending the evaluation of
everyday knowledge across multiple languages.

Using this Swedish extension, we evaluate sev-
eral LLMs to assess how well they approximate
Swedish everyday knowledge. Our findings show
that none of the models achieves more than 51%
matching; most answers are overly generic and
appear to be English-based or stereotypical, cor-
roborating our hypothesis about the importance of
culturally informed human answers.
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Figure 1: Our process of creating the BLEnD Swedish extension. We have carefully followed the guidelines
given by the authors of the original BLEnD paper (Myung et al., 2024).

2. Related Work

2.1. Swedish Datasets

Prior work on Swedish language resources has pro-
duced a variety of NLP datasets and benchmarks,
though most focus on general linguistic tasks rather
than everyday or culturally grounded knowledge.
Superlim (Berdicevskis et al., 2023) is a compre-
hensive Swedish language understanding bench-
mark modeled after English benchmarks like GLUE,
covering multiple NLP tasks to evaluate model pro-
ficiency in Swedish contexts.

Other recent efforts include MedQA-SWE
(Hertzberg and Lokrantz, 2024), a clinical question-
answer dataset designed to assess the domain
knowledge of generative models in Swedish medi-
cal contexts. Beyond the task of Question Answer-
ing (QA), Swedish resources such as linguistic com-
plexity corpora and large web text collections (e.g.,
SWEb for Scandinavian languages; Norlund et al.,
2024) support broader modeling and evaluation
work.

Several recent studies have introduced Swedish
datasets for complex, semantically motivated tasks,
such as semantic relatedness (Ousidhoum et al.,
2024), emotion analysis (Muhammad et al., 2025),
and Sweden-related facts (Kunz, 2025), and some
focus on syntax (e.g., Lundqvist, 2025; Sjons et al.,
2026). Our work complements these efforts by
extending BLEnD to Swedish, focusing on culturally
informed everyday knowledge rather than general
linguistic ability or domain-specific expertise.

2.2. LLMs and Cultural Datasets
Large language models (LLMs) acquire extensive
parametric knowledge during large-scale pretrain-
ing, yet the distribution of that knowledge reflects
structural imbalances in the underlying data. Be-
cause digital content is unevenly produced across
regions and languages, LLMs tend to internalize
perspectives that are overrepresented online while
underrepresenting culturally specific and locally
grounded practices (Bender et al., 2021; DURMUS
et al., 2024). These disparities become particularly
visible in tasks requiring everyday cultural reason-
ing, where models may default to globally domi-
nant or Western-centric norms rather than context-
sensitive interpretations. A growing body of work
has examined cultural knowledge in NLP, often
operationalizing culture at the national level and
relying primarily on English-language resources
(Anacleto et al., 2006).

The current state-of-the-art effort in evaluating
cross-cultural everyday knowledge is The Bench-
mark for LLMs on Everyday Knowledge in Diverse
Cultures and Languages (BLEnD; Myung et al.,
2024), which is carefully human-crafted and cov-
ers 13 languages across 16 countries and re-
gions. BLEnD includes underrepresented scenar-
ios and uses aligned question sets to enable di-
rect cross-linguistic comparison. By focusing on
everyday knowledge rather than purely encyclope-
dic content, BLEnD establishes a unified, cultur-
ally grounded evaluation framework for multilingual
LLMs. Despite this progress, Swedish remains
absent from large-scale cross-cultural everyday
knowledge benchmarks. Although Sweden has
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a strong digital presence, Swedish is typically cat-
egorised as a medium-resource language in NLP,
since, in contrast to high-resource languages, it
has much less parallel data and fewer annotated
datasets for complex NLP tasks (Joshi et al., 2020).
Moreover, culturally situated aspects of Swedish ev-
eryday life – such as institutional norms, seasonal
practices and social conventions – cannot be as-
sumed to transfer reliably from other linguistic con-
texts and closely related high-resource languages.

To address this gap, we introduce a Swedish
extension of BLEnD. The original benchmark ques-
tions are translated into Swedish using a con-
trolled protocol, while answers are independently
collected from five Swedish participants with di-
verse backgrounds. The design allows us to cap-
ture situated, naturally produced responses from
our participant group and foregrounds intra-cultural
variation as an evaluative dimension rather than
inter-participant variation. By extending a state-
of-the-art cross-cultural benchmark to a compara-
tively low-resource language, we enable systematic
comparison of LLM performance across languages
while improving cultural coverage in multilingual
evaluation.

3. Dataset Construction

For the creation of our dataset, we follow the same
steps as the BLEnD’s authors for data aggregation
and analysis. In the first step, we automatically
translate the 500 BLEnD questions into Swedish
using ChatGPT’s translation API. We then ask a na-
tive Swedish speaker to review the data and correct
any errors. We noted that, in general, ChatGPT had
decent translation quality; however, a few concepts
were a bit unclear.

For instance, What is a popular snack at an
amusement park in Sweden? was translated by
ChatGPT to Vad är ett populärt mellanmål på en
nöjespark i Sverige?, our native speaker corrected
that into Vilket mellanmål är populärt på nöjesfält i
Sverige? (T.ex., Gröna Lund eller Liseberg). This
was one of the questions where the translation
sounded anglicized, particularly in the word order,
but also in that the cultural knowledge is highly rele-
vant. It is relatively rare to hear the word nöjespark
or nöjesfält in Sweden; since there are few amuse-
ment parks, people tend to refer to them by their
brand names, such as Gröna Lund, Liseberg or
Tivoli. Figure 1 illustrates a few examples from the
process and an example of the type of questions
that are part of the dataset. Each question belongs
to one of 6 categories: Food, Sports, Family, Edu-
cation, Holidays, Work-life (from the original paper).
Each question is given to five different participants
to answer.

Figure 2: All responses had to be aggregated. For
the aggregations, we asked another native speaker
who was not among the participants to review all
responses. They had to correct any misspellings
or correct concepts if needed. They should not pro-
vide an answer themselves, but correct and merge
the answers from the participants. Translations are
all provided as well.

3.1. Response Collection

Once we had the 500 questions correctly translated,
we recruited five Swedish participants and provided
them with instructions for providing responses. The
participants were all paid according to an hourly
rate for research assistance in Sweden. The par-
ticipants did not interact with or influence one an-
other’s responses. We collected all responses for
finalizing the dataset and analysis.

For each question, participants were required
to provide at least one short answer and were al-
lowed to give up to three responses for questions
where alternatives were relevant. For questions
where participants did not know the answer in the
Swedish context, they had the option of giving one
of the following answers: not applicable to Swe-
den”, “No specific answer to this question”, “I don’t
know”, or other”. If participants answered “I don’t
know”, the response was excluded from the ag-
gregation, as our evaluation focuses on compar-
ing model outputs to produced answers. However,
we acknowledge that such responses may reflect
meaningful uncertainty and could be explored in
future work.

At the aggregation stage, one designated re-
viewer in Sweden examined all collected human
responses, removed invalid or nonsensical re-
sponses that may have resulted from misunder-
standings, and consolidated lexical variants of the
same concept (e.g., “go to bed” and “sleep”) to
ensure accurate vote counts. The reviewer also
translated the answers into English. The final
Swedish BLEnD dataset, therefore, includes the
original Swedish responses, their English transla-
tions, consolidated answer groupings, and the final
vote counts for each question. Figure 2 shows an
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Figure 3: Examples of Human Answers vs. LLMs Generations. In red are all the wrong answers that
different models generated.

example of our aggregation scheme. In this case,
we have two interesting cases, for question 2, relat-
ing to the most common Swedish holiday, all partic-
ipants agreed that it is “Midsommar”, which is the
common phrase for “Midsommarafton” (Midsum-
mer Eve) in Sweden,4. Participants 2 and 3 agree
that it is Midsummer Eve; however, they write it dif-
ferently. Participant 2 uses the Swedish “midsom-
marafton”, whereas Participant 3 uses a phrase to
refer to either the same day or the day before (in
some regions of Sweden, Midsummer is celebrated
over more than one day). Our aggregator keeps
only two answers in this case: “Midsommar” and
“Midsommarafton”.

4. LLM Evaluation

The purpose of the BLEnD benchmark is to eval-
uate the extent to which large language models
(LLMs) encode everyday knowledge. To this end,
we generate LLM answers using GPT-4o-mini,
GPT-SW3 (Ekgren et al., 2022),5 and Mistral 7B
(Jiang et al., 2023) on our dataset. Table 1 reports
both exact-match accuracy and cosine similarity
accuracy across the datasets. We treat this task
as a constrained answer setting rather than open-
ended generation, since the models are explicitly
instructed to respond with one or two words only.
That is, exact-match accuracy provides a simple
and interpretable way of measuring whether the
model produces the same answers as the partici-
pants. We therefore use accuracy as a strict metric,
and complement it with cosine similarity to capture

4Translations and explanations: “Janssons frestelse”
is a potato-based dish; “Julskina” (Christmas Ham);
“köttbullar” (meatballs); “prinskorv” is a type of sausage;
“Midsommar” is a Swedish traditional holiday; “Midsom-
marafton” (Midsummer Eve); “Dag före Midsommar” (Day
before Midsummer)

5https://huggingface.co/
AI-Sweden-Models/gpt-sw3-1.3b-instruct

semantically similar responses.
Despite the constrained output format (one or

two words), the range of plausible answers remains
large, meaning that a random baseline would be
close to zero. The only model that achieves non-
trivial performance is gpt-4o, with correct answers
on roughly half of the questions. All other models
fail in their responses, which reveals systematic
limitations rather than isolated errors. To better
understand these shortcomings, we conducted a
qualitative analysis focusing on the types of ques-
tions that challenge the models.

Figure 3 presents illustrative comparisons be-
tween human responses and GPT-4o outputs. In
the first example, all participants identified Ham-
marby, whereas GPT-4o instead produced Malmö
FF. This difference is not necessarily random, and
the model is not necessarily wrong per se. Pre-
sumably, this model output reflects a reliance on
global frequency patterns rather than contextually
grounded everyday knowledge, which is, however,
consistent with simple regional variation in what is
considered a “popular” team. Malmö may also be
more popular overall, given its sporting success,
whereas our participants are Stockholm-based and
their responses likely reflect that perspective. The
second and third examples further expose this lim-
itation. GPT-4o generated Drinkar and Maskiner
(“drinks” and “machines”), responses that are lexi-
cally plausible but pragmatically misaligned. These
answers are not semantically incoherent; rather,
they seem to reflect a failure to capture culturally
situated meaning, but could also be due to alter-
native interpretations of the question or more gen-
eral pragmatic ambiguity in how the question is
understood. Across multiple instances, the models
produce outputs that are superficially compatible
with the question but lack the implicit social or con-
textual grounding that human respondents readily
apply. Taken together, these findings suggest that
LLMs rely heavily on surface-level co-occurrence

https://huggingface.co/AI-Sweden-Models/gpt-sw3-1.3b-instruct
https://huggingface.co/AI-Sweden-Models/gpt-sw3-1.3b-instruct
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Model Corr. (strict) Corr./Total Cosine Similarity Corr_cosine/Total
gpt-4o 50.80% 254/500 51.60% 258/500
gpt-sw3-1.3b-instruct 15.80% 79/500 17.80% 89/500
Mistral7B 0.80% 4/500 11.40% 57/500

Table 1: Strict lexical accuracy and cosine similarity against BLEnD gold answers for our evaluation
dataset. We used the same prompt with all models: Svara med ett eller två ord på svenska. Endast
ord, ingen förklaring, ingen punkt which translates to: Answer with one or two words in Swedish, no
explanation, no full stop.

.

statistics and global prominence signals. While
this strategy is often sufficient for general factual
or associative knowledge, it breaks down when
questions require culturally embedded, community-
specific, or pragmatically constrained understand-
ing. The BLEnD benchmark thus exposes a gap
between distributional competence and culturally
grounded everyday knowledge.

We leave comparisons to other BLEnD lan-
guages for future work, seeing as it would require a
fairly well-controlled setup across languages, which
would have to include (almost) identical prompts,
decoding settings, model versions, and answer ag-
gregation procedures. For example, even small dif-
ferences in prompting (e.g., constraining answers
to one or two words), or in how human responses
are aggregated, could affect the outcome.

5. Conclusion

In this paper, we extend the everyday knowledge
benchmark, BLEnD, to include Swedish. We also
evaluate a few LLMs on Swedish data and show
that aggregate accuracy masks systematic weak-
nesses: while models perform well on roughly half
of the questions, qualitative analysis reveals re-
curring failures on items requiring culturally situ-
ated reasoning. These errors are typically not lex-
ically implausible but pragmatically and culturally
misaligned, suggesting a reliance on distributional
prominence rather than grounded understanding.
BLEnD thus highlights a gap between surface-level
linguistic competence and culturally embedded ev-
eryday knowledge. We hope this benchmark en-
courages more fine-grained evaluation practices
that account for cultural grounding.

6. Limitations

In this paper, we did not introduce a new dataset
of culturally grounded Swedish knowledge; rather,
we extended the BLEnD benchmark to Swedish.
The goal was to examine whether LLMs maintain
culturally informed reasoning when applied to a low-
to medium-resourced language, or whether this
capability degrades outside high-resource settings.

We view this work as a first step. Benchmarks
shape model development: as systems are trained
on increasingly diverse data and evaluated on more
targeted benchmarks, they adapt to these evalua-
tion signals. Although benchmarks risk becoming
outdated as models improve, this does not argue
against creating them. On the contrary, continuous
development of culturally and pragmatically chal-
lenging benchmarks is essential for stress-testing
emerging technologies and tracking their limitations
over time.

Finally, we acknowledge the limitations of our
study’s scope. The benchmark captures only a nar-
row slice of Swedish cultural knowledge and can-
not represent the diversity of perspectives across
Sweden. In particular, although three of the five
participants did not grow up in the Stockholm area,
two did, and all five currently live there. Future ex-
tensions should aim to achieve broader geographic
and demographic coverage to better reflect cultural
variation across Sweden.
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