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Abstract

We present a methodology for creating high-quality instruction prompts for low-resource Germanic languages that
addresses a critical challenge: small annotator pools risk producing datasets reflecting narrow individual interests
rather than diverse user needs. In this work, native speakers reformulate existing English prompts from OpenAs-
sistant or create entirely original prompts, adapting them to reflect local contexts and natural language patterns
while preserving broad task and topic diversity. This approach produced high-quality prompt datasets totaling
6,950 prompts across seven Germanic languages (German, Dutch, Swedish, Norwegian Bokmål/Nynorsk, Dan-
ish, Icelandic and Faroese) with validated coverage of diverse tasks and topics. Blind evaluation demonstrates that
human-reformulated prompts significantly outperform synthetically generated prompts in naturalness and compre-
hensibility, particularly for low-resource languages like Icelandic and Faroese. For the bigger Scandinavian lan-
guage, Danish, the difference was less pronounced. The prompt dataset is released under an open-source license
at https://huggingface.co/datasets/AnnikaSimonsen/TrustLLM-reformulation-prompts.

1. Introduction

Aligned multilingual Large Language Models
(LLMs) require high-quality instruction-following
data capturing diverse user intents and cultural
contexts. However, instruction fine-tuning and
RLHF (Ouyang et al., 2022) datasets are primar-
ily in English or in other high-resource languages,
creating capability gaps for low-resource language
speakers and risking cultural misrepresentations
in AI systems (Arora et al., 2023; Cao et al., 2023).

Existing approaches face fundamental tradeoffs.
Human annotation ensures quality but is finan-
cially infeasible for LLM developers, while transla-
tion fails to capture cultural nuances (Hershcovich
et al., 2022; Cao et al., 2024; Debess et al., 2025).
Purely synthetic generation lacks diversity and in-
herits model biases (Chen et al., 2024; Yu et al.,
2023). Germanic languages beyond English and
German have virtually no human-written instruc-
tion fine-tuning data available. In Norwegian, in-
struction tuning has primarily relied on translated
versions of the Alpaca dataset (Taori et al., 2023),
such as those used in NorGLM, although a few
human-written datasets have only recently been
released (see Section 2).

Another challenge for small-scale manual an-
notation is the following: with few contributors,
resulting prompts risk reflecting narrow individ-
ual interests rather than capturing diverse user
needs. This annotator bias becomes severe
for low-resource languages where large annota-
tor pools are not possible. Question answer-
ing dataset development addressed similar chal-
lenges, such as Natural Questions (Kwiatkowski

et al., 2019), TyDi QA (Clark et al., 2020), and Nat-
ural Questions in Icelandic (Snæbjarnarson and
Einarsson, 2022) demonstrated that having native
speakers reformulate diverse seed data produces
datasets better capturing real-world language use.
Our research question therefore is; can we apply
similar principles to instruction data, transforming
existing diverse English prompts into high-quality,
culturally relevant prompts for low-resource lan-
guages while maintaining task and topic diversity?

We address these challenges through a native
speaker-driven methodology that combines refor-
mulation of diverse English prompts with original
prompt creation (see Figure 1). Native speak-
ers adapt OpenAssistant’s (Köpf et al., 2023) En-
glish prompts for their linguistic communities or
create entirely new prompts, preserving task diver-
sity while ensuring cultural authenticity and natural
language use.

Our work makes three primary contributions: (1)
5,950 human-written prompts across seven Ger-
manic languages (Swedish, Norwegian Bokmål,
Danish, Icelandic, Faroese, Dutch, and German)
and 1,000 machine translated, human-validated
prompts for Norwegian Nynorsk with validated task
and topic taxonomy; (2) an open-source annota-
tion platform for multilingual prompt reformulation
and creation, adaptable to other language fami-
lies; (3) empirical evidence through blind evalua-
tion that human reformulation significantly outper-
forms synthetic generation for low-resource lan-
guages, particularly for Icelandic and Faroese.

https://huggingface.co/datasets/AnnikaSimonsen/TrustLLM-reformulation-prompts
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Figure 1: An example of the reformulation task
in German. The English sentence is from the
OASST2 dataset (Köpf et al., 2023). The Ger-
man reads ”I would like to create a lesson plan for
a math class in fourth grade. The children learn
about angles and simple geometric shapes, such
as triangles and rectangles. Please create group
activities and creative games so that the children
can learn the content better.”.

2. Related Work

In this Section, we review existing instruction
datasets for Germanic languages and previous
work on multilingual prompt creation methodolo-
gies, highlighting gaps that motivate our reformu-
lation approach.

2.1. Instruction Datasets for Germanic
Languages

English instruction fine-tuning datasets range from
small curated collections like LIMA (1K samples
(Zhou et al., 2023)) to massive compilations like H4
(10.8M rows (Lambert et al., 2023)), using human
(Conover et al., 2023; Muennighoff et al., 2024),
synthetic (Wang et al., 2024, 2022), or hybrid meth-
ods (Fang et al., 2024; Kim et al., 2022).

For non-English Germanic languages, re-
sources are substantially sparser. Table 1
summarizes existing datasets, revealing sub-
stantial imbalances: while German, Dutch and
Norwegian have some resources, languages like
Swedish, Danish, Icelandic, and Faroese remain
severely underserved.

2.2. OpenAssistant
The OpenAssistant project (Köpf et al., 2023) was
a global crowdsourcing campaign involving over
13,500 volunteers, creating the OpenAssistant
Conversations (OASST1) dataset with 161,443
messages in 35 languages and 461,292 human
quality ratings. The newer OASST2 version
reveals severe imbalances: while English has
64,513 samples in the ready_for_export subset,

Dataset Lang. N

German
GermanQuAD (Möller et al., 2021) DE 13k
OpenAssistant (Köpf et al., 2023) DE 6.0k
MLQA (Lewis et al., 2020) DE 5k
UltraChatT (Patz, 2024) DE 1k
Chatbot Arena (Zheng et al., 2023) DE 676
Aya (Singh et al., 2024) DE 241

Dutch
Dutch SQuADT (Rouws et al., 2022) NL 104k
Aya (Singh et al., 2024) NL 1.7k
Chatbot Arena (Zheng et al., 2023) NL 87
OpenAssistant (Köpf et al., 2023) NL 72

Swedish
Unnat. Instr.T (Holmström and Doost., 2023) SV 66k
gsm8kT (Holmström and Doost., 2023) SV 8k
Aya (Singh et al., 2024) SV 1.3k
Chatbot Arena (Zheng et al., 2023) SV 24
OpenAssistant (Köpf et al., 2023) SV 1

Norwegian
Mimir Instruction (de la Rosa et al., 2025) NO 5k
NRK-Quiz-QA (Mikhailov et al., 2025) NO 4.9k
NorQuAD (Ivanova et al., 2023) NO 4.7k
NorOpenBookQA (Mikhailov et al., 2025) NO 3.5k
NorCommonSenseQA (Mikhailov et al., 2025) NO 1k
NorTruthfulQA (Mikhailov et al., 2025) NO 1k
Chatbot Arena (Zheng et al., 2023) NO 19

Danish
SkoleGPTT (Junge et al., 2024) DA 21.6k
Aya (Singh et al., 2024) DA 97
OpenAssistant (Köpf et al., 2023) DA 44
Chatbot Arena (Zheng et al., 2023) DA 10

Icelandic
Chatbot Arena (Zheng et al., 2023) IS 1

Multi-language datasets
Scandi-QA† (Nielsen, 2023) SV/NO/DA 7.8k
Belebele (Bandarkar et al., 2024) ALL 900

Table 1: Existing instruction and QA datasets for
Germanic languages, ordered by size within each
language group. Unmarked datasets are human-
written; †Hybrid (human questions, machine-
translated context); TMachine-translated.

German has 6,145, Dutch only 72, Danish 44, and
Swedish merely 1 sample. This motivated our
work on efficient methods for creating culturally ap-
propriate instruction data.

While OpenAssistant’s guidelines emphasize
”diverse and challenging” inputs (Köpf et al., 2023),
to our knowledge, no systematic analysis of task
or topic distribution has been published. Our
taxonomy analysis (Section 3.3) of our reformu-
lated dataset reveals imbalances inherited from
OASST2.

2.3. Instruction Taxonomy Frameworks
Effective categorization of instruction data requires
taxonomies aligning with model capabilities and
real-world usage. MT-Bench (Zheng et al., 2023)
established an influential 8-category framework
covering writing, roleplay, extraction, reasoning,
math, and coding. The Databricks Dolly dataset
(Conover et al., 2023) demonstrated practical op-
erationalization by transforming InstructGPT’s be-
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havioral categories into crowdsourced annotations.
Large-scale analysis of ChatGPT usage (Chatterji
et al., 2025) revealed that 80% of real-world con-
versations cluster into three categories: Practical
Guidance, Seeking Information, and Writing.

3. Methodology

We describe our approach in four stages: first,
the prompt reformulation and creation process that
enables native speakers to produce culturally au-
thentic prompts; second, our platform implemen-
tation and contributor management strategy; third,
our task and topic taxonomy design for system-
atic diversity assessment; and fourth, our evalua-
tion methodology comparing human and synthetic
prompt quality.

3.1. Prompt Collection: Reformulation
and Creation

We developed a specialized annotation platform
for reformulating OASST2 English prompts into
Germanic languages. Using this annotation plat-
form, our methodology encompasses two annota-
tion tasks:

Prompt Reformulation Annotators receive En-
glish prompts from OASST2 and reformulate them
in their native language. This process explicitly
goes beyond translation; annotators may maintain
the original intent or alter it while staying within
the same task category. For example, a Swedish
contributor might take an English prompt that asks
for a recipe for red velvet cake and reformulate it
to ask for a recipe for prinsesstårta. The goal is
creating prompts that sound natural in the target
language, incorporate culturally relevant elements,
and maintain clarity. Cultural references and id-
ioms should be adapted to local contexts rather
than literally translated.

Prompt Creation Annotators generate entirely
new prompts in their native language, focusing
on originality, clarity, and diversity. They are
instructed to consider cultural relevance, ensure
contextual completeness, avoid biases, and vary
length, style, and complexity. This task expands
the dataset beyond reformulations with genuine
native language content. Furthermore, the major-
ity of the contributors of the OASST2 were males,
with a median age of 26 (Köpf et al., 2023). There-
fore, thanks to the ”create an original prompt” op-
tion, our contributors are able to include topics
and tasks that are possibly not represented in the
OASST2 dataset already. We include the full an-
notator guidelines for both tasks in the Appendix
A.

3.2. Platform Implementation and
Contributor Management

We implement a web-based annotation platform
(Figure 2)1 to facilitate the two complementary
tasks described above and evaluation as well,
which we do not elaborate on in this work. Key fea-
tures include task-based workflows, multilingual
interface, gamification elements, and separation
of prompt evaluation from response generation,
which enables independent quality iteration.

Figure 2: Web-based platform for collecting
prompts. The interface provides three main work-
flows: Reformulate (adapting English prompts),
Create (generating original prompts), and Eval-
uate (not discussed in this paper), with annota-
tion guidelines, real-time progress tracking, mul-
tilingual support, and leaderboards to encourage
engagement. Usernames are anonymized.

Contributor Recruitment Recent research
highlights challenges LLMs pose for crowdsourc-
ing data quality, as contributors may use LLMs
to generate responses, introducing model biases
and reducing data authenticity (Zhang et al., 2025).
Therefore, rather than open crowdsourcing, we
recruited annotators from the TrustLLM project2
and hired students. We conducted online annota-
tion seminars to ensure consistent understanding
of reformulation guidelines. This controlled model
enabled quality control and appropriate handling
of potentially sensitive prompts from OASST2.

3.3. Task and Topic Taxonomy Design
To systematically categorize prompt diversity, we
develop a two-dimensional classification system

1The platform is open-source and available
at https://github.com/AnnikaSimonsen/
prompt-reformulation-TrustLLM. Built with
Flask (Python), TailwindCSS, DaisyUI, htmx, and
Alpine.js, deployed on Heroku with PostgreSQL. The
modular design allows easy adaptation for other
language pairs or annotation tasks.

2https://trustllm.eu/

https://github.com/AnnikaSimonsen/prompt-reformulation-TrustLLM
https://github.com/AnnikaSimonsen/prompt-reformulation-TrustLLM
https://trustllm.eu/
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grounded in established frameworks including MT-
Bench (Zheng et al., 2023), ChatGPT usage pat-
terns (Chatterji et al., 2025), and Dolly (Conover
et al., 2023) (see Section 2.3 for details).

Our task taxonomy comprises 8 primary cate-
gories with 29 subcategories:

1. Information & Explanation: 1.1 Factual
questions, 1.2 Explanations & tutorials, 1.3
How-to & recipes

2. Writing: 2.1 Creative, 2.2 Professional, 2.3
Content generation

3. Editing & Rewriting: 3.1 Editing, 3.2 Rewrit-
ing, 3.3 Summarization, 3.4 Translation

4. Reasoning: 4.1 Logical, 4.2 Critical thinking,
4.3 Common sense

5. Math: 5.1 Arithmetic, 5.2 Word problems, 5.3
Advanced mathematics

6. Coding: 6.1 Generation, 6.2 Debugging, 6.3
Explanation, 6.4 Algorithm design

7. Extraction & Classification: 7.1 Information
extraction, 7.2 Classification, 7.3 Sentiment

8. Planning & Advice: 8.1 Brainstorming, 8.2
Roleplay, 8.3 Planning, 8.4 Practical guid-
ance, 8.5 Professional advice, 8.6 Personal
advice

Key design decisions: First, we merge
Information-seeking and Educational explana-
tion into Information & Explanation (1) after pilot
testing revealed inter-annotator disagreement,
organizing subcategories by answer structure
(factual, conceptual, procedural). Second, we
explicitly include How-to & Recipes (1.3) as a
prominent task type. Third, following MT-Bench
(Zheng et al., 2023), we elevate Math and Cod-
ing to primary categories as distinct reasoning
modalities.

Topic Taxonomy We develop a 10-domain tax-
onomy separating content domains from task
types, enabling orthogonal classification. Unlike
MT-Bench, which included STEM and Humanities
as task categories, we treat these as topic do-
mains: STEM & Technology, Business & Profes-
sional, Humanities & Arts, Social Sciences, Ed-
ucation & Learning, Health & Wellness, Lifestyle
& Practical, Entertainment & Media, Language &
Communication, and General Knowledge.

Classification Methodology We employ multi-
label classification with one primary and up to two

secondary categories per dimension. Classifica-
tion uses two LLMs (Gemini 2.5 Pro and GPT-
5) as automated annotators, following the ”LLM-
as-judge” paradigm (Gu et al., 2025), outputting
structured JSON with category codes, confidence
scores, and reasoning. This dual-LLM approach
serves two purposes: comparing classification
consistency between different model architectures
and identifying ambiguities in our taxonomy design.
Initial validation on Faroese and Icelandic samples
revealed that Gemini 2.5 Pro produced more ac-
curate classifications for these low-resource lan-
guages. Based on this finding, we select Gem-
ini 2.5 Pro for classifying the remaining languages
(German, Dutch, Swedish, and Norwegian Bok-
mål).

Our use of proprietary LLMs (Gemini 2.5 Pro
and GPT-5) for classification rather than data gen-
eration mitigates data leakage concerns. Since
these models classify existing human-written
prompts rather than generate training data, po-
tential contamination from their training sets does
not affect our dataset’s integrity. However, we ac-
knowledge uncertainty about these models’ train-
ing data composition, which may influence clas-
sification performance across languages. To val-
idate both the diversity of our collected prompts
and the reliability of our classification approach, we
conduct two complementary analyses: Shannon
entropy measurements quantifying task and topic
coverage, and inter-annotator agreement assess-
ment between Gemini 2.5 Pro and GPT-5.

3.4. Human vs. Synthetic Prompt
Quality Evaluation

To assess the quality advantage of human refor-
mulation over purely synthetic approaches, we
conduct a blind evaluation comparing human-
reformulated prompts with synthetically generated
prompts (See Appendix B for the annotator guide-
lines). We employ the Magpie method (Xu et al.,
2024) using Llama 3.3 70B instruct, which gen-
erates instruction prompts by prompting aligned
LLMs with nothing, allowing the model to au-
tonomously produce diverse instructions without
seed examples. For each of three languages (Dan-
ish, Faroese, Icelandic), we sample 100 human-
reformulated prompts and generated 100 synthetic
Magpie prompts, yielding 600 prompts total.

Quality Rating Scale Native speakers evaluate
prompts into four categories assessing natural-
ness and comprehensibility: (1) Natural and com-
prehensible: sounds like a native speaker wrote
it, meaning is clear; (2) Somewhat natural but
unclear: grammar and phrasing seem okay, but
meaning is confusing or ambiguous; (3) Unnatu-
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ral but comprehensible: meaning is understand-
able, but phrasing sounds ”off” (awkward phras-
ing, literal translations, non-native patterns, mixed-
language elements); (4) Incomprehensible: can-
not understand the intended meaning (gibberish,
wrong language, nonsensical). Evaluators are
blind to prompt source (human vs. synthetic) and
assess them in randomized order to prevent bias.

To determine whether the distributions of qual-
ity ratings differed significantly between human-
reformulated and synthetic prompts, we employ
the chi-square test of independence. This test as-
sesses whether the overall distribution of ratings
across the four quality categories differs by prompt
source (human vs. synthetic), evaluating whether
the frequency distribution of ratings is independent
of the prompt generation method. Statistical sig-
nificance (p < 0.05) indicates that the distributions
differ beyond what would be expected by chance.
We select the chi-square test because our rating
scale, while having numbered categories, is cate-
gorical rather than truly ordinal, since categories 2
(natural but unclear) and 3 (unnatural but compre-
hensible) represent different dimensions of quality
that cannot be definitively ordered.

4. Data Collection and Results

Our data collection yielded 6,950 prompts across
seven Germanic languages. We report on lan-
guage coverage and participation patterns, as-
sess the reliability of our classification approach
through inter-annotator agreement, analyze task
and topic diversity, and evaluate prompt quality
through blind comparison with synthetic alterna-
tives.

4.1. Language Coverage and
Participation

Table 2 summarizes our language coverage.
The 54 contributors produced 6,950 contributions
across seven Germanic languages. Five lan-
guages achieved 1,000+ prompts, with substan-
tial Dutch coverage (700) and moderate German
coverage (250). The dataset contains 5,950
human-created prompts: 2,791 (47%) original and
3,159 (53%) reformulated, plus 1,000 machine-
translated Norwegian Nynorsk prompts, with sub-
stantial variation across languages reflecting con-
tributor preferences.

Our Norwegian Nynorsk prompts were created
by translating the Norwegian bokmål prompts. The
Norwegian written variants Bokmål and Nynorsk
are very similar, and the Constraint Grammar-
based Apertium3 translation model has achieved

3http://www.apertium.org

Language Samples Contributors

Swedish 1,000 7 (12)
Norwegian (Bokmål) 1,000 2 (2)
Norwegian (Nynorsk)* 1,000 2 (2)
Danish 1,000 5 (6)
Icelandic 1,000 4 (11)
Faroese 1,000 2 (4)
Dutch 700 6 (10)
German 250 5 (9)

Total 6,950 31 (54)

Table 2: Language coverage and contributor par-
ticipation. Contributors column shows male (total)
counts. Total unique contributors may be lower
due to multiple accounts per individual. *Norwe-
gian (Nynorsk) samples are machine translated
from Norwegian (Bokmål) and proofread by a na-
tive speaker.

state-of-the-art performance up until recently. De-
spite that better results have been published, e.g.,
for the encoder-decoder model NorT5 (Samuel
et al., 2023), similar rule-based systems are still
used commercially. Apertium as also been used
to create synthetic data for smaller languages in
Spain (Sant et al., 2024). Reasonable perfor-
mance combined with robust open source licenses
warranted the choice.

The machine translated Norwegian Nynorsk
prompts were proofread by a native speaker.
The translations by Apertium model nob-nno_e
broadly contained three types of errors. First, the
translations into Nynorsk struggled with interrog-
ative pronouns (especially hvilke(t), where the re-
sulting translations were entirely incorrect, or odd.
Next, the translations often failed with anaphoric
personal pronouns, which must adhere to gender
agreement in Nynorsk, but not in Bokmål. Finally,
some English names were misunderstood and
translated (e.g., ”stream deck” became ”strøym
deck”). Otherwise, mistakes were minor, as some
odd, but grammatical, word orders. In the final revi-
sion, some word choices were replaced (Nynorsk
permissively allows multiple norms). The manual
proofreading also uncovered some minor mistakes
in the Bokmål originals that were simultaneously
fixed.

4.2. Inter-annotator Agreement
We evaluated inter-annotator agreement between
Gemini 2.5 Pro and GPT-5 on task and topic an-
notations for 2,000 prompts across Danish and
Faroese (Table 3). Agreement was substantial to
almost perfect: Cohen’s κ = 0.770 for task subcat-
egories, κ = 0.848 for main task categories, and
κ = 0.835 for topics. When accounting for partial

http://www.apertium.org
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credit (same main category but different subcate-
gory), weighted agreement reached 0.849. Agree-
ment was slightly higher for Danish (86.4% tasks,
87.2% topics) than Faroese (83.4% tasks, 84.5%
topics), likely reflecting differences in model train-
ing data availability.

Measure All DA FO

Primary Task
Wtd. agr. 0.85 0.86 0.83
κ (sub.) 0.77 0.79 0.75
κ (main) 0.85 0.87 0.82

Primary Topic
Agr. 0.86 0.87 0.85
κ 0.84 0.85 0.83

n 2,000 1,000 1,000

Table 3: Inter-annotator agreement metrics for task
and topic classification. All Cohen’s κ values in-
dicate substantial (κ > 0.61) to almost perfect
(κ > 0.81) agreement. Abbreviations: Wtd. agr.
= Weighted agreement; κ (sub.) = Cohen’s κ at
subcategory level; κ (main) = Cohen’s κ at main
category level; Agr. = Agreement score; DA = Dan-
ish; FO = Faroese.

The primary source of disagreement involved
distinguishing between information-seeking re-
quests (Category 1) and advice-seeking requests
(Category 8), which accounted for 45 of 135
main category disagreements. This reflects
a known challenge in instruction classification,
where queries like ”How do I approach X?” can
reasonably be interpreted as either seeking factual
information or strategic guidance.

4.3. Task and Topic Distribution
Using the task and topic taxonomy framework de-
scribed in Section 3.3, we classified all prompts
(N=6,965) using Gemini 2.5 Pro. The analysis re-
veals consistent diversity patterns across all seven
Germanic languages, with some variations reflect-
ing both annotator expertise and language commu-
nity characteristics.

To quantify dataset diversity, we calculated
Shannon entropy (H = −

∑
i pi log pi) for both cat-

egorical distributions and token-level distributions.
Categorical distribution entropy, which measures
how evenly prompts are distributed across task
and topic categories, reveals high diversity across
all languages. Task entropy ranges from 1.87
nats (Norwegian Bokmål) to 2.53 nats (Faroese),
with most languages exceeding 2.2 nats, indicat-
ing well-distributed task coverage (See Figure 3).
Topic entropy ranges from 1.89 nats (German) to
2.14 nats (Faroese) (See Figure 4). These val-

0% 10% 20% 30% 40% 50% 60% 70%

Information & Explanation

Writing

Editing & Rewriting

Reasoning

Math

Coding

Extraction & Classification

Planning & Advice Danish
Dutch
Faroese
German
Icelandic
Norwegian (Bokmål)
Swedish

Figure 3: Primary task distribution across
seven Germanic languages: Danish (N=1,000),
Dutch (N=700), Faroese (N=1,000), German
(N=250), Icelandic (N=1,000), Norwegian (Bok-
mål) (N=1,000) and Swedish (N=1,000).

0.0% 5.0% 10.0% 15.0% 20.0% 25.0% 30.0% 35.0% 40.0%

STEM & Technology

Business & Professional

Humanities & Arts

Social Sciences

Education & Learning

Health & Wellness

Lifestyle & Practical

Entertainment & Media

Language & Communication

General Knowledge Danish
Dutch
Faroese
German
Icelandic
Norwegian (Bokmål)
Swedish

Figure 4: Primary topic distribution across
seven Germanic languages: Danish (N=1,000),
Dutch (N=700), Faroese (N=1,000), German
(N=250), Icelandic (N=1,000), Norwegian (Bok-
mål) (N=1,000) and Swedish (N=1,000) using
Gemini-2.5-Pro.

ues approach theoretical maxima (H ′
max = 3.37

for 29 tasks; H ′
max = 2.30 for 10 topics), confirm-

ing that reformulation and creation created diverse
coverage across linguistic communities. We ad-
ditionally analyzed linguistic entropy at the token
level (H = −

∑
w p(w) log2 p(w)) to assess vocab-

ulary richness. Token entropy ranges from 8.98
bits (Dutch) to 9.78 bits (Faroese), with vocabu-
lary sizes spanning 1,615 unique tokens (German,
n = 253) to 6,558 tokens (Norwegian Bokmål,
n = 1,001). Type-token ratios range from 0.194
(Norwegian Nynorsk) to 0.414 (German), with the
higher German ratio reflecting the smaller sample
size rather than greater lexical diversity. These lin-
guistic entropy values confirm that reformulation
and creation produces not only diverse task cover-
age but also linguistically rich prompts with varied
vocabulary, avoiding the repetitive phrasing often
observed in purely synthetic datasets.

4.4. Human vs. Synthetic Prompt
Quality Evaluation

Using the evaluation methodology described in
Section 3.4, native speakers blindly rated 600
prompts (100 human and 100 synthetic per lan-
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guage for Danish, Faroese, and Icelandic) on a
4-point naturalness and comprehensibility scale.

Figure 5: Quality evaluation comparing human-
reformulated and synthetic prompts for Danish,
Icelandic, and Faroese. Bar charts show the dis-
tribution of quality ratings (1=Natural and compre-
hensible, 2=Somewhat natural but unclear, 3=Un-
natural but comprehensible, 4=Incomprehensible)
for both human-written and synthetic (Magpie)
prompts. Chi-square test statistics are shown for
each language.

Results reveal substantial quality differences be-
tween human-reformulated and synthetic prompts,
with magnitude varying by language and re-
source availability (Figure 5). For Icelandic and
Faroese (the two lowest-resource languages in
our dataset), human reformulation demonstrated
better naturalness and comprehensibility. Specifi-
cally, 99% of human-written prompts in both Ice-
landic and Faroese received the highest rating
(natural and comprehensible), compared to only
33% for Icelandic synthetic prompts and 11% for
Faroese synthetic prompts. Chi-square tests con-
firm these differences are highly significant (Ice-
landic: χ2 = 97.19, p < 0.0001; Faroese: χ2 =
156.90, p < 0.0001).

Danish results showed less pronounced differ-
ences, with 66% of human prompts and 68% of
synthetic prompts rated as natural and compre-
hensible (χ2 = 1.82, p = 0.61). However, post-
evaluation discussion revealed that our evaluation
guidelines were insufficiently clear. The Danish
annotator applied prescriptive linguistic judgments
regarding word order and lexical choices, which, in
consultation with other native speakers, were con-
firmed as acceptable in authentic user-LLM inter-
actions. This reflects a limitation in our guideline
design: we failed to adequately specify that evalua-
tions should capture descriptive judgments of what
real users might naturally write rather than pre-
scriptive ideals. Future evaluations should explic-
itly instruct annotators to assess whether prompts

reflect how real users would naturally interact with
an LLM, rather than applying prescriptive grammat-
ical standards.

These findings demonstrate that human refor-
mulation provides critical quality advantages for
truly low-resource languages like Faroese and Ice-
landic, where synthetic generation struggles to pro-
duce natural, comprehensible prompts.

5. Discussion

Quality and Diversity Through Reformulation
Our reformulation methodology successfully pro-
duced high-quality, diverse prompts across seven
Germanic languages. Having native speakers
create prompts for their own languages fostered
a sense of community ownership (Nekoto et al.,
2020). This approach also provides a replicable
template for other language families, supported by
an open-source platform that can be adapted to
diverse linguistic contexts.

Our dual-task approach, that offers both refor-
mulation and original prompt creation, accommo-
dated diverse contributor preferences while main-
taining dataset diversity. Contributors naturally
gravitated toward different tasks: some preferred
the creative freedom of generating entirely original
prompts, while others found reformulation more
engaging as it provided structured starting points.
Importantly, many contributors alternated between
tasks, with the reformulation task often sparking
ideas that they subsequently developed into origi-
nal prompts. This cross-pollination between tasks
proved essential for both contributor engagement
and maintaining diversity. The reformulation task
ensured broad coverage of established task types
from OASST2, while the original creation task en-
abled contributors to address topics and perspec-
tives absent from the English-language source ma-
terial.

Small Team Reformulation and Community En-
gagement A key advantage of our reformulation
approach is its ability to preserve dataset diver-
sity, even with smaller contributor teams. While
the OASST2 dataset seems to consist largely
of prompts within STEM and technology topics,
and therefore ours do as well, our small teams
(ranging from 2-7 contributors per language) were
able to maintain broad task diversity while en-
hancing topic representation. Our taxonomy anal-
ysis revealed that OASST2 exhibits significant
STEM bias (30-40% of prompts), and therefore our
dataset inherits this distribution.

Our results demonstrate that strategically com-
posed small teams can actually enhance diversity
rather than constrain it. For example, in Faroese, a
language with limited NLP resources, just four con-
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tributors (each with linguistic expertise) achieved
exceptional topic diversity (Shannon H’ = 2.14)
and strong representation in the Humanities &
Arts (16%). Contributors’ linguistic expertise en-
riched the dataset, compensating for scarce NLP
resources in this language.

This variation in topic distribution, such as Nor-
wegian’s high representation of Social Sciences
(20%) and Faroese’s emphasis on Humanities
(16%), illustrates the natural diversity that can
emerge from different cultural contexts. By incor-
porating such variations, our dataset captures a
broader spectrum of human knowledge and val-
ues.

Crucially, this diversity was achieved through
reformulation and creation. By enabling annota-
tors to adapt prompts to their cultural and linguis-
tic contexts, reformulation introduces new perspec-
tives while maintaining the diversity of task types.
This is particularly beneficial for low-resource lan-
guages, where large annotator pools are often not
possible. Strategic recruitment of small, diverse
teams, paired with reformulation and creation, of-
fers a viable path for creating instruction datasets
that represent a wide array of human knowledge
and relevant cultural context.

Our findings reveal a counterintuitive pattern:
smaller language communities reached the 1,000-
prompt target more quickly than larger ones (see
Table 2). Communities speaking lower-resource
languages, like Faroese, demonstrated higher vol-
unteer engagement, likely reflecting a greater
sense of urgency around language preservation
and representation in AI systems. In contrast,
larger languages required more structured recruit-
ment approaches, including focused annotation
seminars, to achieve comparable participation lev-
els. For German, engagement remained limited;
we stopped collecting after 250 prompts given that
substantial German instruction datasets already
exist.

While our methodology emphasizes reformula-
tion over direct translation, practical constraints
sometimes necessitate adaptations. For Norwe-
gian Nynorsk, where we had limited contributors,
we resorted to translating the Bokmål prompts
and proofreading them with the help of a native
speaker. This experience teaches us an important
lesson: when annotator availability is limited, care-
ful translation with native speaker review can be a
preferable alternative to lacking data, even if refor-
mulation remains the ideal approach. We acknowl-
edge that this approach represents a pragmatic
departure from our core methodology. However,
the linguistic proximity of Bokmål and Nynorsk,
which differ primarily in orthographic conventions
and some lexical choices, makes translation be-
tween them fundamentally different from translat-

ing from English.

Impact of Source Distribution Bias Our
dataset inherits OASST2’s concentration in STEM
and technology topics (30–40% of prompts)
and Information & Explanation tasks (50–60%).
This imbalance may affect downstream model
performance: models fine-tuned on our data may
perform better on information-seeking tasks than
on underrepresented categories like coding, math,
or extraction. Future work should explore stratified
sampling or targeted prompt creation to rebalance
these distributions before fine-tuning. We note
that the original prompt creation task partially miti-
gates this bias, as contributors introduced topics
absent from OASST2, but systematic rebalancing
remains necessary for training general-purpose
models.

Challenges with Community Evaluation
While prompt reformulation and creation suc-
ceeded, our evaluation component where con-
tributors assessed each other’s work faced
insufficient participation. Lack of compensation
was a key factor; contributors engaged readily
in creative reformulation but found the tedious
evaluation task less motivating without financial
incentives.

Taxonomy Validation and Classification In-
sights Our systematic classification reveals
task and topic distribution patterns in our dataset.
Since our prompts were reformulated from
OASST2, these patterns may reflect character-
istics of the source dataset, though we cannot
make definitive claims about OASST2’s distri-
bution without direct measurement. Substantial
inter-annotator agreement between our two
LLM classifiers (Cohen’s kappa = 0.769–0.845)
validates our taxonomy’s robustness. However,
disagreements offer insights into instruction clas-
sification ambiguities. For example, the Danish
prompt Hvem er den bedste spiller i den danske
Superliga? (”Who is the best player in the Danish
Superliga”) was categorized by Gemini 2.5 Pro as
factual but by GPT-5 as critical thinking, reflecting
genuine ambiguity about whether ”best player”
requires factual metrics or subjective judgment.
Such disagreements show that some prompts are
inherently multifaceted and context-dependent.

6. Future Work

We generated synthetic responses using
Deepseek R1 (685B) (DeepSeek-AI, 2025),
but quality was inadequate for immediate release
due to errors in Icelandic and Faroese and hallu-
cinations on culturally-specific questions. Phase
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1 releases human-reformulated prompts; Phase
2 will focus on response quality assurance. An
important next step is evaluating downstream
impact: once validated responses are available,
we plan to fine-tune multilingual LLMs on our
prompt-response pairs and assess whether
human-reformulated training data yields measur-
able performance improvements over translated
or synthetic alternatives. Our prompts enable
immediate applications including test sets for
multilingual evaluation and examples of authentic
native formulations. Future work includes explor-
ing few-shot prompting with human examples
(Longpre et al., 2023), retrieval-augmented gen-
eration, and hybrid human-in-the-loop refinement
(Kim et al., 2023). For researchers adapting our
methodology, we recommend automated tagging
followed by stratified sampling to ensure balanced
task distribution (Gadre et al., 2023).

7. Conclusion

We introduced a prompt reformulation methodol-
ogy for creating high-quality, diverse datasets for
low-resource Germanic languages. Our dual-task
approach, that combines reformulation with origi-
nal prompt creation, enabled contributors to main-
tain broad task coverage from the source dataset
while addressing topics and cultural contexts ab-
sent from English-language materials. This ap-
proach overcomes the challenge of small annota-
tor pools, allowing broad task coverage even with
limited contributors.

Our results show that human reformulation sig-
nificantly outperforms synthetic methods, espe-
cially for low-resource languages like Icelandic and
Faroese, where synthetic prompts often fail to cap-
ture cultural nuances. For larger languages like
Danish, the difference is less prominent. Beyond
the datasets themselves, our systematic classifi-
cation quantifies the task and topic distribution in
our reformulated dataset, which may provide in-
sights into distribution patterns in datasets derived
from OASST2. Our methodology provides a prac-
tical, scalable path for creating culturally appropri-
ate instruction data and contributes to a more in-
clusive AI ecosystem. The release of our datasets,
platform code, and taxonomy framework offers re-
sources for expanding this work to other language
families globally, with particular promise for lan-
guage families with one dominant high-resource
language and multiple lower-resource relatives.
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9. Limitations

Several limitations should be acknowledged. First,
we release only prompts, not complete prompt-
response pairs. The synthetic responses re-
quire quality validation before release. Sec-
ond, our controlled contributor model limits scale
and diversity compared to open crowdsourcing.
For small contributor pools, individual prefer-
ences may disproportionately influence dataset
characteristics. Third, prompt quality evaluation
was only conducted for three languages (Danish,
Faroese, Icelandic). This restriction reflects practi-
cal constraints: suitable evaluators required both
native-speaker fluency and familiarity with LLM-
generated text, a combination we could not secure
for Swedish, German, and Dutch within the project
timeline. Additionally, our evaluation guideline de-
sign was insufficient for the Danish assessment:
we failed to clearly specify that evaluators should
apply descriptive rather than prescriptive linguis-
tic standards when judging naturalness. Fourth,
our dataset exhibits certain distributional patterns,
which we systematically quantified. Task distri-
bution shows concentration in Information & Ex-
planation (50-60%), while Coding ( 5%), Math (3-
5%), and Extraction (<2%) have lower represen-
tation. Topic distribution shows higher coverage
of STEM (30-40%), with lower coverage of Busi-
ness (5-10%) and Education (2-5%). Since our
prompts were reformulated from OASST2, these
patterns may reflect the source dataset, though
we cannot definitively characterize OASST2 with-
out direct measurement. These distribution pat-
terns may affect downstream model performance,
potentially favoring information-seeking over tech-
nical tasks like coding or mathematical reasoning.

10. Ethics Statement

This research involved human participants as con-
tributors and evaluators. All contributors were in-
formed about project goals, their role in creating
AI training data, and planned public release under
open-source license. Participation was voluntary
with withdrawal rights. Students who were hired re-
ceived payment by their institutions; project mem-
bers volunteered. All contributor information has
been anonymized.
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The source data for reformulation came from the
OpenAssistant Conversations (OASST2) dataset,
which contains some prompts addressing sensi-
tive topics or using informal language. We ad-
dressed this through controlled recruitment rather
than open crowdsourcing, enabling us to provide
appropriate context and support to contributors.
Our annotation seminars explicitly discussed how
to handle potentially sensitive content, and contrib-
utors were encouraged to skip or modify prompts
they found inappropriate.

Our dataset reflects biases from source data
and contributors. Mitigation factors include pre-
serving OASST2’s task diversity, achieving gen-
der balance (46% female), and enabling quality
oversight through controlled recruitment. Never-
theless, users should recognize it represents a
specific contributor group and may not capture full
language diversity.

We release the prompt datasets under an open-
source license to maximize research accessibility
and enable scrutiny. Users should exercise re-
sponsibility, as some prompts may be inappropri-
ate for certain contexts, and researchers must en-
sure applications align with ethical principles and
local norms.

This work contributes to linguistic diversity in
AI by providing resources for historically under-
served languages. However, meaningful inclusion
requires more than data availability; it demands on-
going community involvement, respect for cultural
contexts, and recognition that technology develop-
ment should serve rather than be imposed upon
linguistic communities. We do not release syn-
thetic responses due to quality concerns that could
lead to harmful model behaviors.
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13. Appendix

A. Annotation Guidelines for Prompt
Reformulation and Creation

The following guidelines were provided to annota-
tors on the annotation platform for the two prompt
collection tasks.

A.1. Reformulation Guidelines
Welcome to the Reformulation task! Your goal is to
take an English prompt and reformulate it in your
chosen language. Here are some key guidelines
to follow:

1. Flexibility in Meaning: You have the free-
dom to change the meaning of the original
prompt if you wish. For example, if the original
prompt asks for a chocolate cake recipe, you
could reformulate it to ask for a lasagne recipe
instead. However, you’re also welcome to
maintain the original meaning if you prefer.
To improve diversity in the data, we encour-
age you to change the meaning of the original
prompt, but try to stay within the same task
category.

2. Natural Language Use: Your reformulation
should sound natural in the target language.
Avoid literal translations that might sound awk-
ward or unnatural.

3. Cultural Context Consideration: Be mindful
of cultural differences. Some concepts or id-
ioms might need to be adapted to make sense
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in the target language and culture. Try to
make references to local culture if possible.

4. Tone and Style Flexibility: You have the op-
tion to maintain or change the tone (formal, ca-
sual, etc.) and style (descriptive, questioning,
etc.) of the original prompt as you see fit.

5. Clarity is Key: Make sure your reformulation
is clear and unambiguous. If the original has
any vague parts, aim to clarify them if possi-
ble.

6. Length Consideration: It’s okay if your refor-
mulation is slightly longer or shorter than the
original.

7. Handle Technical Terms Carefully: If the
prompt contains technical terms, make sure
you translate them accurately or use accepted
terms in the target language.

8. Grammar and Errors: Unintentional gram-
matical mistakes are allowed to remain in your
reformulation. However, do not deliberately in-
sert grammatical errors.

9. When in Doubt, Refresh the Prompt: If
you’re unsure about how to reformulate a par-
ticular prompt, it’s better to skip it than to sub-
mit an inaccurate reformulation.

The goal is to create a prompt in the target lan-
guage that allows for creativity while still maintain-
ing the spirit of the task.

A.2. Prompt Creation Guidelines
Welcome to the Prompt Creation task! Your goal is
to create original prompts in your chosen language.
These prompts will be used to train and evaluate AI
language models. Here are some key guidelines
to follow:

1. Originality: Create prompts that are original
and unique. Avoid copying existing prompts
or well-known quotes.

2. Clarity: Write clear and unambiguous
prompts. The intent of your prompt should be
easily understandable.

3. Diversity: Try to create a diverse range of
prompts. This could include different top-
ics, styles (questions, statements, scenarios),
and complexity levels.

4. Cultural Relevance: Consider creating
prompts that are relevant to the culture and
context of the language you’re writing in.

5. Avoid Bias: Be mindful of potential biases
in your prompts. Aim for neutral language
that doesn’t unfairly represent or exclude any
groups.

6. Length: Prompts can vary in length, but try to
keep them concise. A good range is typically
between 10 to 50 words.

7. Purpose: Consider the potential use of the
prompt. It could be for generating a response,
continuing a story, answering a question, or
describing something.

8. Creativity: Don’t be afraid to be creative! In-
teresting or thought-provoking prompts can
lead to more engaging responses.

9. Appropriate Content: Ensure your prompts
are appropriate for a general audience. Avoid
explicit content, hate speech, or overly contro-
versial topics.

10. Grammar and Spelling: Double-check your
prompts for correct grammar and spelling in
the target language.

11. Avoid Personal Information: Don’t include
any personal or identifying information in your
prompts.

12. Contextual Completeness: Ensure that your
prompt provides enough context to stand
alone. It shouldn’t rely on external information
not included in the prompt itself.

The prompts created will be used to train and test
AI models. Contributions are crucial in developing
AI systems that can understand and generate text
in multiple languages.

B. Prompt Quality Evaluation
Guidelines

The following guidelines were provided to native-
speaker evaluators for the blind quality as-
sessment of human-reformulated and synthetic
prompts. Evaluators were blind to prompt source
and assessed prompts in randomized order.

For each prompt, select the category that best de-
scribes its quality:

1. Natural and comprehensible: Sounds like a
native speaker wrote it; the meaning is clear.

2. Somewhat natural but unclear: Grammar
and phrasing seem okay, but the meaning is
confusing or ambiguous.
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3. Unnatural but comprehensible: You under-
stand what they are asking, but it sounds
“off” — there is awkward phrasing, literal trans-
lations, non-native patterns, or non-target-
language words mixed in.

4. Incomprehensible: Cannot understand the
intended meaning (e.g., the text is gibberish,
in the wrong language, or nonsensical).

Evaluators were instructed to assess prompts
based on how natural they would sound as real
user queries to a language model, rather than ap-
plying prescriptive grammatical standards.
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