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Abstract
Pretrained large language models (LLMs) gain instruction-following abilities through instruction-tuning, a method
which relies on datasets of instruction–response pairs. However, for low-resource languages, collecting human-
authored instructions is costly, raising the question of whether synthetic instructions can substitute human-authored
instructions for non-English languages. We compare instruction-tuning of a smaller pretrained LLM in four
Nordic languages using (a) human-authored instructions paired with synthetic responses and (b) fully synthetic
instruction–response pairs generated with a minimal-effort pipeline. Native-speaker evaluations show that models
instruction-tuned on synthetic instructions perform on par with those trained on human-authored instructions for the
largest Nordic languages, suggesting that minimal-effort synthetic instructions can serve as a practical alternative.
In contrast, response quality deteriorates sharply for Icelandic, underscoring the limitations of current synthetic data
generation pipelines when the LLM competence in the target language is weak. Overall, our results highlight that
while synthetic instructions can enable cost-efficient instruction-tuning for the largest Nordic languages, they remain
insufficient for Icelandic, clarifying when minimal-effort synthetic approaches suffice and when they fall short.
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1. Introduction

While instruction-tuning has proven crucial for
aligning large language models (LLMs) with user
intent (Wei et al., 2022; Ouyang et al., 2022; Sanh
et al., 2022), the creation of high-quality human-
authored instruction datasets remains costly and
time-consuming (Gilardi et al., 2023; Liu et al.,
2024c), limiting progress and widening the gap
between high- and low-resource languages. For
such languages, researchers often rely on trans-
lating existing English datasets, such as Alpaca
(Taori et al., 2023), risking missing cultural sub-
tleties (Hershcovich et al., 2022; Cao et al., 2024),
or assembling small-scale human-authored collec-
tions of instructions (Liu et al., 2024b). In re-
sponse, synthetic data generation has emerged as
a practical and cost-efficient alternative (Nikolenko
et al., 2021; Microsoft Research Team, 2025).
However, its effectiveness relative to human-
authored instructions remains underexplored, par-
ticularly for non-English languages. This raises
the question: Can synthetic instructions, gen-
erated with minimal human effort, substitute for
human-authored ones in low-resource settings?

We address this question by comparing
instruction-tuning with human-authored instruc-
tions versus fully synthetic instructions across

four Nordic languages of varying resource lev-
els: Swedish, Danish, Norwegian Bokmål, and
Icelandic. Using the same pretrained 7.8B base
model, we fine-tune on (a) human-written instruc-
tions paired with synthetic responses, and (b) fully
synthetic instruction-response pairs at two scales.
We evaluate instruction-following capability using
native-speaker preference rankings, where anno-
tators assess both linguistic quality and instruction
adherence. Our controlled comparison across
languages with different resource levels suggests
when synthetic instructions could potentially
substitute for human-authored ones, and where
current approaches fall short.

Specifically, we investigate three research ques-
tions: RQ1: Can fully synthetic instruction-
response pairs achieve comparable instruction-
following performance to human-authored instruc-
tions paired with synthetic responses when fine-
tuning pretrained models for low-resource lan-
guages? RQ2: How does the performance of
instruction-tuned models scale with increased syn-
thetic data size? RQ3: What are the critical lim-
itations of current synthetic data generation ap-
proaches across different resource levels?

Our main contributions are as follows:
• A direct comparison of human- vs. synthetic-

instruction fine-tuning across varying re-
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source levels, examining when minimal-effort
synthetic data suffices.

• Results suggesting that synthetic instructions
can replace human-authored ones for the
largest Nordic languages, but fall short for Ice-
landic, highlighting critical limitations.

• An empirical insight that response quality has
a stronger impact than instruction quality.

2. Related Work

Recent research has put much focus on how to ob-
tain the data required to effectively instruction-tune
LLMs. Previous efforts range from human and hy-
brid approaches to large-scale synthetic data gen-
eration using existing LLMs.

2.1. Instruction-Tuning Dataset Creation
On the human side, datasets can be constructed
through large-scale annotation efforts (Köpf et al.,
2023; Singh et al., 2024) or consensual data col-
lection via interactive chat-style platforms (Zheng
et al., 2024; Zhao et al., 2024). Hybrid ap-
proaches, such as Zhou et al. (2023), combine
high-quality web-sourced data with carefully cu-
rated human-written examples focusing on quality
over quantity. In contrast, synthetic approaches
rely on powerful LLMs to generate instruction-
response pairs, sometimes starting from small
sets of human-written seed instructions to itera-
tively expand datasets (Wang et al., 2023; Taori
et al., 2023). Other methods reverse-engineer in-
structions from online documents for long-context
generation (Köksal et al., 2024), employ taxonomy-
guided generation for niche domains (Li et al.,
2024a; Sudalairaj et al., 2024), or use generator
prompts (Chen et al., 2024) that encourage di-
versity in generated data by having an LLM first
produce a list of topics and then sample from
it. Whereas the aforementioned methods vary in
complexity and the initial need for at least some
human labor, Xu et al. (2024b) show that it is
possible to create large and diverse instruction-
tuning datasets from scratch without a human-
in-the-loop. This is done by leveraging already
instruction-tuned models and their respective pre-
query template to have them self-synthesize in-
structions.

2.2. Synthetic Data for Low-Resource
Languages

Research focusing on synthetic data generation
for low-resource languages is still scarce. How-
ever, some recent studies show promising re-
sults for non-English languages. For example,

MURI (Köksal et al., 2025) generates instruction-
response-pairs for hundreds of low-resource lan-
guages by reversing multilingual documents into
synthetic instructions, M2Lingual (Maheshwary
et al., 2025) creates large-scale multilingual, multi-
turn synthetic conversations across 70 languages,
and Pengpun et al. (2024) introduce a seed-free
framework for Thai that sources relevant docu-
ments from Wikipedia as a basis for generating in-
structions covering various tasks.

3. Methodology

We conduct a controlled comparison of instruction-
tuning approaches across four Nordic languages.
Using the same pretrained base model (Sec-
tion 3.1), we instruction-tune it on both human-
authored instructions paired with synthetic re-
sponses and fully synthetic instruction-response
pairs respectively (Section 3.2). These models
are then evaluated based on native-speaker pref-
erence rankings (Section 4).

3.1. Pretrained Model
The pretrained model used for instruction-tuning in
this work is a µP-parametrized (Yang et al., 2022)
7.8B parameter, decoder-only Transformer model
(Vaswani et al., 2017; Radford et al., 2018) that
largely follows the Llama-3 architecture (Grattafiori
et al., 2024). It was trained on a total of 2.3T to-
kens. The tokenizer is a SentencePiece-BPE to-
kenizer (Kudo and Richardson, 2018; Sennrich
et al., 2016), optimized for uniform compression
across languages. For pre-training data, a subset
of the OpenGPT-X dataset (Brandizzi et al., 2025),
including Germanic languages and code data, was
used. This dataset was divided into domains clas-
sified into 6 levels of resource availability. A mod-
ified UniMax algorithm (Chung et al., 2023) was
used to sample from these domains during train-
ing, with sub-datasets assigned between 12 and
2 epochs depending on their resource availability
class, resulting in upsampling of low-resource sub-
datasets.1

3.2. Data
All of the datasets used for instruction-tuning the
pretrained model follow the standard instruction-

1Training details: A WSD learning rate schedule (Hu
et al., 2024) was used with warmup covering 560B to-
kens, constant learning rate until 2.1T total tokens, then
a decay phase over 210B tokens. µP enabled transfer
of optimal hyperparameters from a smaller model. For
HuggingFace compatibility, the µP base model was cho-
sen to match the 7.8B model, allowing use of existing
Llama-3 code without modifications.
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fine-tuning format consisting of instruction-
response pairs, where each instruction corre-
sponds with a target response. All datasets use
synthetic responses generated by DeepSeek-
v3-0324 (685B parameters) (Liu et al., 2024a).
We selected DeepSeek-v3-0324 for response
generation due to its open accessibility that
allows us to use its output to improve our models.
While other models like GPT-4 might produce
higher-quality responses in our target languages,
their terms of service restrict using outputs for
model training, making them unsuitable for this
purpose. Crucially, this design choice, using
synthetic responses even for human-authored
instructions, allows us to isolate the effect of the
impact of the instruction quality.

3.3. Data: Human-Authored Instructions

We make use of the TrustLLM Prompt Reformula-
tion Dataset2 (Simonsen et al., 2026), a dataset
consisting of native-speaker-authored prompts in
several Germanic languages including Swedish,
Danish, Norwegian Bokmål, and Icelandic. The
prompts were collected through a prompt reformu-
lation task in which each contributor was shown a
randomly selected English prompt from the Ope-
nAssistant (Köpf et al., 2023) dataset (OASST2)
and were asked to reformulate the prompt in their
native language, so that the prompt is culturally ap-
propriate, while keeping the same task type. Alter-
natively, the prompt authors were given the option
to produce their own original prompt without any
reference to any pre-existing ones. In total, the
dataset contains approximately 1k prompts per lan-
guage, for which we generate synthetic responses
using DeepSeek-v3-0324 to create our instruction-
tuning datasets. We divide the datasets into a train,
validation, and evaluation split (see Table 1).

Dataset Total Train Val. Eval.

human_swe 995 795 100 100
human_dan 999 799 100 100
human_nob 1024 824 100 100
human_ice 994 794 100 100

Table 1: Dataset splits for human-authored in-
structions from the TrustLLM Prompt Reformula-
tion Dataset paired with synthetically generated re-
sponses used for fine-tuning and evaluation.

2https://huggingface.co/
datasets/AnnikaSimonsen/
TrustLLM-reformulation-prompts

3.4. Data: Synthetic Instructions
Instruction generation using Magpie: In order
to generate new and diverse instructions in our
chosen Nordic languages, we make use of Magpie
(Xu et al., 2024b) which offers a minimal-human-
effort method of creating synthetic instruction-
response datasets and only requires access to
an already instruction-fine-tuned LLM, in our case
Llama-3.3-70B-Instruct3, and its pre-query tem-
plate (see Figure 1). We make use of Llama-3.3-
70B-Instruct for instruction generation as it rep-
resents a strong open-source multilingual model
with documented performance across general
Nordic language tasks on the EuroEval4 bench-
mark (Smart, 2023)56. Additionally, its instruction-
tuning makes it suitable for the Magpie approach
which relies on instruction-tuned LLMs. The pre-
query template, along with the post-query tem-
plate, are pre-defined templates that ensure cor-
rect prompting of the LLM. The pre-query template
directly precedes the user query marking the start
of the user’s turn in the conversation and the post-
query template directly succeeds the query, mark-
ing the end of the user’s turn. However, by only
prompting the LLM with the pre-query template
without any additional input, its autoregressive na-
ture forces it to self-synthesize a ”user” query on
its own. The Magpie method leverages this behav-
ior of instruction-tuned LLMs by repeatedly apply-
ing this step, allowing the LLM to generate surpris-
ingly diverse instructions at a large scale. These
instructions are then collected and can be used
as the instruction component of instruction-tuning
datasets.

<|start_header_id|>user<|end_header_id|>

Figure 1: Llama 3’s predefined pre-query template
that can be used to extract queries from the model.

Language adaptation: However, this strategy
using the designated Llama model ends with in-
structions generated in English. For adaptation to
other languages, Xu et al. (2024b) suggest provid-
ing a basic system prompt at inference time in the
target language to incentivize the LLM to gener-
ate instructions in that language. We use trans-
lations of the default Vicuna (Chiang et al., 2023)
system prompt: ”A chat between a curious user

3https://huggingface.co/meta-llama/
Llama-3.3-70B-Instruct

4Previously ScandEval.
5https://euroeval.com/leaderboards/

Multilingual/mainland-scandinavian/
6https://euroeval.com/leaderboards/

Monolingual/icelandic/

https://huggingface.co/datasets/AnnikaSimonsen/TrustLLM-reformulation-prompts
https://huggingface.co/datasets/AnnikaSimonsen/TrustLLM-reformulation-prompts
https://huggingface.co/datasets/AnnikaSimonsen/TrustLLM-reformulation-prompts
https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
https://euroeval.com/leaderboards/Multilingual/mainland-scandinavian/
https://euroeval.com/leaderboards/Multilingual/mainland-scandinavian/
https://euroeval.com/leaderboards/Monolingual/icelandic/
https://euroeval.com/leaderboards/Monolingual/icelandic/
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Input:
<|begin_of_text|><|start_header_id|>system<|end_header_id|>
En konversation mellan en nyfiken användare och en AI-assistent.
Assistenten ger användbara, detaljerade och vänliga svar på användarens frågor.
<|eot_id|><|start_header_id|>user<|end_header_id|>

Output:
Hur skiljer sig däggdjur från blötdjur?

Figure 2: Full Magpie input sequence for Llama models containing a Swedish translation of the Vicuna
system prompt: ”A chat between a curious user and an artificial intelligence assistant. The assistant
gives helpful, detailed, and polite answers to the user’s questions.”. The system prompt is wrapped in
Llama’s predefined system prompt template (blue), followed by the pre-query template (red) triggering
Llama to self-synthesize an instruction in Swedish that fits the context described in the system prompt.
The Swedish output translates to: ”How do mammals differ from molluscs?”

and an artificial intelligence assistant. The assis-
tant gives helpful, detailed, and polite answers to
the user’s questions.” Using this system prompt in
our target languages along with the pre-query tem-
plate (see Figure 2), we then proceed to generate
tens of thousands of instructions per language.

Quality filtering: After the instruction-
generation step, we take an LLM-as-a-judge
approach to automatically assess the quality of
each instruction. To do this, we use the Magpie
quality assessment framework which provides a
collection of prompts for evaluating the quality
of the generated instruction. Using a modified
version of the original assessment prompts, we
prompt Llama-3.3-70B-Instruct to evaluate the
quality of each generated instruction, tagging it as
’very poor’, ’poor’, ’average’, ’good’, or ’excellent’
quality immediately after generating each batch of
instructions. To ensure we keep only the highest
quality data, we only keep instructions labelled
as being of either ’good’ or ’excellent’ quality,
following the threshold approach described in the
original paper (Xu et al., 2024b). We also conduct
human evaluation on a small sample of Swedish
instructions, which confirmed consistency with the
model’s quality labels. This threshold effectively
balances quality, quantity, and diversity: lowering
the threshold (e.g., including instructions labelled
as ’average’) would increase data volume but
risk introducing low-quality examples, whereas
higher thresholds would filter away a majority of
instructions and might restrict instruction diver-
sity. Despite this quality filtering, we observe
many instructions still containing features unfit
for instruction-tuning such as only asking about
the LLM’s willingness or capability to help the
user, simply making vague statements without
asking for anything, directly answering its own
question, and the occasional nonsensical sample.
To address these remaining issues, we design

an additional quality assurance prompt specifi-
cally targeting such cases, which we apply as a
second filtering stage7 directly after the first one.
Rather than offering multiple quality tags, this
second prompt requires the LLM to make a binary
decision on whether to keep or discard each
instruction. Finally, following the standard Magpie
procedure, we remove overly similar instructions
by representing them in an embedding space and
computing the minimum neighbor distance using
the FAISS library (Douze et al., 2025). To embed
the Swedish, Danish and Norwegian Bokmål
instructions, we use the paraphrase-multilingual-
MiniLM-L12-v2 (Reimers and Gurevych, 2019)
sentence transformers model, as the embedding
model originally used only supports English. For
Icelandic, we use LaBSE (Feng et al., 2022) due
to its wider coverage of lower-resource languages
compared to the paraphrase-multilingual model.

Figure 3: Data retention across filtering stages for
the four synthetic datasets (Swedish, Danish, Nor-
wegian, and Icelandic).

Figure 3 shows a breakdown of the percentage-
wise data retention after each filtering step.

7We experimented with combining the quality assess-
ment prompt and the quality assurance prompt into a
single prompt, but saw many bad samples still slipping
through.
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Finally, to complete the synthetic instruction-
tuning dataset, we generate responses to all in-
structions using DeepSeek-v3-03248.

3.5. Model Fine-Tuning
Using the pretrained model described in subsec-
tion 3.1 and the data outlined in subsection 3.2,
we instruction-tune three separate models per lan-
guage resulting in a total of twelve models. For
each language, we fine-tune one model using
human-created instructions paired with synthetic
responses which we refer to as human1k. Addi-
tionally, we instruction-tune two models per lan-
guage using exclusively synthetically generated
instruction-response pairs using varying amounts
of training samples. The first one, we instruction-
tune using a randomly selected subset of syn-
thetic instruction-response pairs from our gener-
ated dataset, matching the size of the data con-
taining human-authored instructions for that lan-
guage (synth1k). The second synthetic model for
each language (synth10k) is instruction-tuned us-
ing 10K samples, with an additional 1K held out for
validation during training. This allows us to assess
whether scaling up synthetic data yields improve-
ments (RQ2).

We instruction-tune our models using a learning
rate of 1e-5, effective batch size of 64, and weight
decay of 0.01. Every model is fine-tuned until con-
vergence (defined as validation loss plateauing)
on four AMD MI250X GPUs, as optimal training
length may vary by language and dataset size.

4. Evaluation

We conduct our human evaluation on the 100
held-out instructions described in subsection 3.3
with simple preference rankings and one native-
speaker annotator per language. For each lan-
guage, we generate 3 responses per instruction
using the three instruction-tuned language specific
models for a total of 300 responses. We present
each annotator with the instructions and three re-
sponses to each instruction a in random order, ask-
ing them to rank the responses from best to worst
without knowing which model produced them. We
ask them to pay specific attention to two main as-
pects. The first is natural language use, which con-
cerns whether the response sounds fluent, uses
correct grammar and spelling, and employs ap-
propriate vocabulary. The second is instruction-
following capability, which concerns how well the
response fully addresses the given query while re-

8We have made the fully synthetic datasets avail-
able on HuggingFace: https://huggingface.co/
collections/matsten/magpie-datasets

maining on topic without introducing irrelevant in-
formation.

Annotation took a few hours per language, pri-
marily due to the length of the responses being
evaluated. The annotators volunteered their time
for the task, and each received a short training ses-
sion from the first author, although no formal cal-
ibration examples were provided. Ties were not
handled according to a fixed protocol, but instead,
annotators are asked to resolve them based on
their own judgment.

We acknowledge that using a single annotator
per language is a limitation, as it prevents measur-
ing inter-annotator agreement and may introduce
individual bias. This choice was made due to re-
source constraints, and future work should employ
multiple annotators to strengthen validity.

5. Results

Table 2 presents the preference-ranking results
from our native-speaker evaluation across all four
languages and three instruction-tuning setups.

Lang. Model First Second Third Avg.
Rank

Swe
human1k 35 35 30 1.95
synth1k 34 28 38 2.04
synth10k 31 37 32 1.97

Dan
human1k 24 41 35 2.11
synth1k 29 35 36 2.07
synth10k 47 24 29 1.82

Nob
human1k 40 31 29 1.89
synth1k 20 38 42 2.22
synth10k 40 31 29 1.89

Ice
human1k 30 43 27 1.97
synth1k 34 30 36 2.02
synth10k 36 27 37 2.02

Table 2: Human evaluation results across four lan-
guages. Each row displays the number of times
a model was ranked first, second, or third out of
100 prompts, along with the average rank (1=best,
3=worst).

6. Discussion

The annotation results reveal only moderate vari-
ation between models, with no single instruction-
tuning configuration consistently outperforming
the others. Swedish and Icelandic annotations are
largely comparable across setups, indicating that
neither data origin nor scale provides a clear ad-
vantage. In contrast, Danish and Norwegian show
a mild but consistent preference for models trained
on larger synthetic datasets (synth10k), suggest-
ing that scaling synthetic data can yield limited
yet measurable benefits when the overall quality

https://huggingface.co/collections/matsten/magpie-datasets
https://huggingface.co/collections/matsten/magpie-datasets
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of the synthetic data is sufficient. Expanding the
dataset from 1K to 10K samples yields modest
gains for Danish (synth10k: average rank 1.82
vs. synth1k: average rank 2.07) and Norwegian
(synth10k: average rank 1.89 vs. synth1k: av-
erage rank 2.22) but has negligible impact for
Swedish and Icelandic.

6.1. Higher-Resource Languages
(Swedish, Danish, Norwegian)

Qualitative feedback from our annotators suggests
that while the Swedish, Danish, and Norwegian re-
sponses are generally grammatically sound, lex-
ically appropriate, and instruction-following, they
occasionally include cross-lingual contamination,
such as isolated English words or Danish in the
Norwegian outputs. Factual hallucinations also re-
main frequent, particularly in responses to instruc-
tions requiring domain-specific or cultural knowl-
edge. This aligns with broader findings that LLMs
can struggle with factual accuracy despite linguis-
tic fluency (Huang et al., 2025), underscoring the
need for hallucination-mitigating strategies such
as retrieval-augmented generation (RAG) (Lewis
et al., 2020). The issue is especially pronounced
in smaller models like the one used in this study,
which typically encode less world knowledge com-
pared to larger ones (Li et al., 2024b). Through
knowledge distillation (KD) (Hinton et al., 2015),
smaller models commonly (Xu et al., 2024a) mit-
igate this limitation by leveraging larger teacher
models, allowing them to inherit world knowledge
indirectly. However, currently, we lack a larger
Nordic-language-specific teacher model suitable
for such distillation, which constrains our ability
to transfer domain-relevant knowledge into the
smaller model. Furthermore, our observations are
consistent with the findings of Zhou et al. (2023),
who argue that most factual knowledge is acquired
during pretraining and that only a small number
of high-quality instruction examples are needed
to achieve strong instruction-following capabilities.
In light of this, the limited benefits observed from
simply expanding the synthetic datasets suggest
that additional samples do little to compensate
for at least the current quality of the synthetic in-
structions using our setup. Rather than simply
increasing dataset size, future improvements are
more likely to come from improving synthetic data
quality and coverage. Nevertheless, the compara-
ble preference between responses from human1k
and synth10k for Swedish, Danish, and Norwe-
gian suggests that synthetic instructions serve as
a viable and cost-effective alternative to human-
authored ones for these languages.

6.2. Lower-Resource Language
(Icelandic)

The qualitative feedback from annotators on the
Icelandic responses paint a different picture in-
dicating issues beyond just hallucinations such
as widespread grammatical errors, inappropriate
word choices, and overall nonsensical responses
across all Icelandic models. Occasionally, re-
sponses are even produced in the wrong lan-
guage. The particularly weak responses in Ice-
landic reveal a critical flaw in synthetic data gener-
ation in low-resource settings. Because synthetic
approaches depend on multilingual LLMs, which
are known to underperform in low-resource lan-
guages in general (Bang et al., 2023), the resulting
data might be of lacking quality. The instruction-
response generation pipeline in this study was
designed for languages with robust LLM support
and depends on LLMs for three steps: instruction
generation, quality filtering, and response gener-
ation. When the LLMs underperform at any step,
data quality deteriorates, and when they underper-
form across several, as is likely the case for Ice-
landic, the errors compound and yield synthetic
data that fails to represent genuine Icelandic. In
our setup, we used the same model, Llama-3.3-
70B-Instruct, for both instruction-generation and
quality assessment which might introduce self-
preference-biases leading LLMs to give more fa-
vorable quality assessments to instructions that
match their own style (Panickssery et al., 2024;
Wataoka et al., 2024). In this sense, the LLM may
generate low-quality instructions, and then, due
to its limited grasp of Icelandic and possible self-
bias, might incorrectly assess instructions as be-
ing of high-quality, creating a double negative ef-
fect that contributes to lower overall quality. Con-
sequently, low-quality instructions are later fed to
the response-generating LLM, further degrading
the overall quality of the final dataset.

6.3. Influence of Response Quality
All datasets in this study, including those with
human-authored instructions, rely on synthetic re-
sponses generated by DeepSeek-v3-0324. This
shared dependency suggests that response qual-
ity may be the primary limiting factor, particu-
larly for Icelandic. If instruction quality were the
key determinant, the model fine-tuned on human-
authored instructions (human1k) would likely have
outperformed those trained on fully synthetic data
in Icelandic. Instead, the similarly poor perfor-
mance across all Icelandic models suggests that
even high-quality instructions cannot compensate
for responses of lower quality. This finding further
supports the use of synthetic instruction genera-
tion in the dataset creation process, as instruction
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quality appears to have a relatively minor impact
compared to the quality of the responses them-
selves.

6.4. Future Work
Future work should focus on improving the qual-
ity and linguistic robustness of the synthetic data
generation process, as well as exploring alterna-
tive options for generation, particularly for low-
resource languages such as Icelandic. One al-
ternative that might work better in low-resource
settings is to introduce more human engagement
into the synthetic generation pipeline, for instance,
through seed-instruction methods such as Self-
Instruct by Wang et al. (2023), where small sets
of high-quality human-written prompts guide the
automatic creation of additional samples. By pre-
senting an LLM with a high-quality seed instruc-
tion, this could encourage the LLM to produce a
higher quality instruction in turn that is linguisti-
cally appropriate. Another key improvement in-
volves using models that demonstrate stronger
competence in the target languages. Although
the most capable models for Icelandic often come
with restrictive licenses that prohibit using their out-
puts for training, they could still be leveraged dur-
ing the quality-filtering stage to better identify and
remove low-quality samples. Importantly, such
filtering could be applied not only to instruction
generation, but also to the response generation
phase of the pipeline, improving overall dataset
quality. To further enhance the linguistic accu-
racy of Icelandic responses, grammar correction
tools could be applied after generation and filter-
ing to ensure basic grammatical validity before
instruction-tuning. Additionally, adapting the gen-
eration pipeline to incorporate language-specific
models, such as NorMistral-7B-Warm9 for Norwe-
gian, might yield improvements in linguistic and
cultural appropriateness compared to multilingual
models. Future work could also take inspiration
from Karan and Du (2025), who introduce a sam-
pling algorithm at inference time that elicits high-
quality data directly from pretrained models, po-
tentially establishing a less restrictive method for
creating synthetic instructions that does not rely
on already instruction-tuned LLMs. Finally, future
work should also aim to strengthen the evaluation
methodology. This includes using multi-annotator
setups to assess inter-annotator agreement and
reduce individual bias, and developing error tax-
onomies to better capture specific failure types be-
yond simple preference rankings. Human anno-
tations could also be complemented with assess-
ments from strong LLMs to add a dimension of

9https://huggingface.co/norallm/
normistral-7b-warm

scalability to the evaluation (Zheng et al., 2023),
however, their capabilities of evaluating responses
in low-resource languages first need to be com-
pared to human assessment to ensure agreement.

7. Conclusion

Our findings across the four Nordic languages
offer insight into the viability of using synthetic
instructions for instruction-tuning. We exam-
ine whether synthetic instructions could replace
human-authored ones (RQ1), how performance
scales with data size (RQ2), and what limita-
tions arise (RQ3). For higher-resource Nordic lan-
guages such as Swedish, Danish, and Norwe-
gian, synthetic instructions perform on par with
human-authored data, suggesting that minimal-
effort synthetic generation can serve as a practi-
cal substitute. Scaling to 10K samples yields mod-
erate gains for Danish and Norwegian but mini-
mal improvements for Swedish and Icelandic, in-
dicating limited benefits from upscaling. For Ice-
landic, overall poor responses across all models
point to fundamental weaknesses in current syn-
thetic data pipelines when LLM capabilities are lim-
ited. While these findings should be interpreted
cautiously given our single-annotator setup and
reliance on one method for generating synthetic
instructions, the consistent cross-lingual patterns
reinforce their validity. Overall, the results high-
light that synthetic instruction-tuning-data, as cre-
ated in this study, have the potential to enable
cost-efficient instruction-tuning in higher-resource
Nordic languages, while also clarifying its limits.
Our work outlines when minimal-effort synthetic
approaches suffice and when they fall short, offer-
ing practical guidance for future research on effi-
cient instruction-tuning in Nordic languages.

8. Limitations

Working with smaller models has been crucial for
this study, as it enables a more exhaustive fine-
tuning setup within realistic computational limits.
However, this choice constrains the broader ap-
plicability of our findings, since smaller models
may not fully capture the potential of large-scale
instruction-tuning. Likewise, each language was
evaluated by a single annotator, introducing po-
tential individual bias and limiting the generaliz-
ability of the results. Further limitations concern
the evaluation procedure itself. The prompt re-
sponses were often lengthy, making the annota-
tion process more time-consuming, less engaging,
and less extensive than intended. Moreover, ties
between model outputs were not permitted during
annotation. Annotators occasionally reported dif-
ficulty distinguishing between responses of simi-

https://huggingface.co/norallm/normistral-7b-warm
https://huggingface.co/norallm/normistral-7b-warm
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larly good or poor quality, leading to forced rank-
ings even when none of the options were clearly
preferable. Allowing for neutral or “tie” judgments
as implemented in frameworks such as Chatbot
Arena (Chiang et al., 2024) could provide a more
nuanced and realistic assessment of model per-
formance, especially in cases where differences
are marginal or qualitative judgments are ambigu-
ous. In addition, our evaluation focused on prefer-
ence rankings rather than fine-grained error analy-
sis, leaving open questions about specific failure
modes such as hallucinations, factual errors, or
grammatical inconsistencies. Finally, the study re-
lies on a single synthetic data generation method
and a single response model, which may not rep-
resent the full range of available synthetic data ap-
proaches. As such, the results should be inter-
preted as indicative rather than definitive.

9. Ethical Statement

From an ethical standpoint, all human annotations
were conducted with informed consent by native
speakers affiliated with academic institutions who
volunteered their time. Annotators remain anony-
mous, and no personally identifiable information
was collected beyond language background ver-
ification. While synthetic data generation meth-
ods can reduce the costs of building instruction-
tuning datasets and thus broaden access to lan-
guage technology, they also risk perpetuating bi-
ases or inaccuracies present in the generating
LLMs. The hallucinations and factual inconsis-
tencies observed in this study underscore the im-
portance of rigorous validation and transparency
when deploying synthetic data for downstream
tasks.
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