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Abstract

Large Language Models (LLMs) have demon-
strated remarkable multilingual capabilities,
making them promising tools in both high- and
low-resource languages. One particularly valu-
able use case is generating synthetic samples
that can be used to train smaller models in
low-resource scenarios where human-labelled
data is scarce. In this work, we investigate
whether these synthetic data generation capa-
bilities can serve as a form of distillation, pro-
ducing smaller models that perform on par with
or even better than massive LLMs across lan-
guages and tasks. To this end, we use a state-of-
the-art multilingual LLM to generate synthetic
datasets covering 11 languages and 4 classifica-
tion tasks. These datasets are then used to train
smaller models via fine-tuning or instruction
tuning, or as synthetic in-context examples for
compact LLMs. Our experiments show that
even small amounts of synthetic data enable
smaller models to outperform the large gen-
erator itself, particularly in low-resource lan-
guages. Overall, the results suggest that LLMs
are best utilised as generators (teachers) rather
than classifiers, producing data that empowers
smaller and more efficient multilingual models.

1 Introduction

Large Language Models (LLMs) have emerged as
powerful generators of synthetic data, enabling the
training of smaller, efficient downstream models
across a wide range of tasks. It was successfully
applied to different tasks, often rivalling or even
surpassing traditional augmentation methods (Pied-
boeuf and Langlais, 2023; Onan, 2023; Cegin et al.,
2023; Sen et al., 2023). Importantly, recent work
has shown that LLMs are capable of producing
high-quality synthetic data for low-resource lan-
guages (Anikina et al., 2025).

Besides generation, the LLMs are frequently
used directly as classifiers through zero or few-shot
prompting (Brown et al., 2020; Sun et al., 2023;

Figure 1: Smaller models trained with synthetic samples
often outperform the large language model used for
generating such samples. The results obtained by 5
models are aggregated over 11 languages and 4 tasks.
The small LLM results are aggregated over 3 models.

Dong et al., 2022; Pecher et al., 2024b). A large
body of work has examined their performance in
this role, comparing them against established super-
vised classification models (obtained through fine-
tuning) from different perspectives. When faced
with a severe lack of labelled samples (e.g., having
only around 4−64 samples), the zero and few-shot
prompting often outperforms fine-tuning of smaller
models (Ma et al., 2023; Hongjin et al., 2022; Lo-
gan IV et al., 2022; Gao et al., 2021). However,
with enough labelled samples (depending on the
task, it can be as low as 100 (Pecher et al., 2024a)),
the smaller models obtained through fine-tuning or
instruction tuning often achieve performance on par
or better than the large language models (Schick
and Schütze, 2021; Qin et al., 2023). However,
the behaviour in low-resource languages and other
settings is not well understood, as the majority of
studies focus on English and other high-resource
languages.

In this work, we shift the perspective and in-
stead of focusing on large language models as end-
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task classifiers, we ask whether we can leverage
their strong generation capabilities as a form
of data-driven distillation in low-resource set-
tings. Specifically, we investigate whether the syn-
thetic samples generated by the large multilingual
language models can be used to improve smaller
models to achieve comparable or even superior per-
formance in low-resource multilingual classifica-
tion. Namely, we investigate three options for train-
ing or improving small models: 1) through fine-
tuning with synthetic samples; 2) in-context learn-
ing with smaller LLMs using synthetic samples as
in-context examples; and 3) instruction-tuning of
smaller LLMs with synthetic samples. Afterwards,
we systematically compare such small models with
the large model used for generating the synthetic
samples across 11 typologically diverse languages
(from low-, medium- and high-resource language
groups) and 4 classification tasks. To provide a
more in-depth analysis, we also investigate how
the comparison changes as the number of available
synthetic samples increases and how the sensitivity
to the effects of randomness affects it. The aggre-
gated results are presented in Figure 1. Overall,
within our experiments, we perform over 30,000
fine-tuning and instruction-tuning of the smaller
models. Our main contributions and findings are1:

• We present a comprehensive analysis of the
role of LLMs as generators of synthetic sam-
ples for low-resource classification, which can
be used to train more efficient (in terms of per-
formance and computational costs) smaller
models. We perform the analysis across 11
languages and 4 classification tasks, com-
paring the large generation model with fine-
tuning of a multilingual encoder and 3 smaller
LLMs, which are used through prompting, in-
context learning, and instruction-tuning.

• We show that even small amounts (20 on av-
erage for low- and medium-resource, and 100
for high-resource languages) of synthetic sam-
ples allow smaller models to match or outper-
form the large generator model itself, espe-
cially in low-resource settings. At the same
time, performance in high-resource settings is
more task-dependent, with popular and overly
represented tasks often showing no perfor-
mance benefit from synthetic samples, only a

1To support replicability, we provide the source code
of our experiments at https://github.com/kinit-sk/
multilingual-classifiers-not-generators

reduction in computation by having a smaller
model. As such, it is more efficient to utilise
the LLMs as generators of synthetic samples
in low-resource languages that can be used
to empower smaller models rather than using
them as classifiers.

• The synthetic samples can help achieve sim-
ilar performance to human-labelled samples
in severely resource-constrained settings, but
when increasing the number of available sam-
ples, their benefit quickly stagnates in com-
parison to the human-labelled samples, due
to lower diversity and informativeness of the
generated samples.

2 Related Work

Since their emergence, Large Language Models
(LLMs), such as GPT-4 and Llama, have be-
come central tools for generating and augment-
ing synthetic data. This strategy has proven ef-
fective across diverse applications, including au-
tomated scoring (Fang et al., 2023), intent clas-
sification (Sahu et al., 2022), sentiment analy-
sis (Piedboeuf and Langlais, 2023; Onan, 2023;
Yoo et al., 2021), hate speech detection (Sen
et al., 2023), news categorization (Piedboeuf and
Langlais, 2023), and personalised recommenda-
tion (Liu et al., 2024)

Although much of this progress has been cen-
tred on English, recent studies highlight the grow-
ing use of LLMs for synthetic data creation in
low-resource languages. Multilingual generation
has been employed to build datasets for question
answering (Kramchaninova and Defauw, 2022;
Namboori et al., 2023; Putri et al., 2024), fact-
checking (Chung et al., 2025), commonsense rea-
soning in culturally nuanced settings (Pranida et al.,
2025), and cross-lingual named entity recogni-
tion (Liu et al., 2021). Similarly, LLM-based data
augmentation has supported sentiment stance de-
tection (Zotova et al., 2021) and classification tasks
in diverse languages (Glenn et al., 2023; Anikina
et al., 2025).

Multiple studies have already focused on com-
paring smaller models that are further improved
via fine-tuning or instruction-tuning, with larger
general models, which are used through prompt-
ing or in-context learning, on text classification
tasks (Dong et al., 2022; Liu et al., 2023). Many
studies find that with enough labelled samples, the
smaller models can outperform the significantly
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larger ones (Schick and Schütze, 2021; Qin et al.,
2023; Hernandez et al., 2023; Pecher et al., 2024a).
The number of required samples to achieve this su-
perior performance is often quite small, in the range
between 100−1000 samples (Pecher et al., 2024a).
Only in the extremely resource-constrained setting,
where the models are fine-tuned with the same num-
ber of samples as are used for in-context learning
(e.g., 4− 64), the zero and few-shot prompting is
able to outperform the smaller models (Ma et al.,
2023; Hongjin et al., 2022). However, when fo-
cusing on a fairer comparison, where the mod-
els of similar sizes are used, the fine-tuning (or
instruction-tuning) often leads to significantly bet-
ter performance (Mosbach et al., 2023). All of the
previous works perform the comparison on English
or other high-resource languages. When moving
to more low-resource settings, either using low-
resource languages or tasks that lack labelled sam-
ples, the situation is often different. The small
models can often outperform much larger LLMs
even under the same data budgets, as the in-context
learning often falters and is characterised by sig-
nificant performance variance (Asai et al., 2024;
Micallef and Borg, 2025). Similarly, when human-
labelled samples are lacking, generating synthetic
samples for question answering can lead to high
performance, sometimes even outperforming the
original training sets (Puri et al., 2020).

However, to the best of our knowledge, there
are no works that investigate whether the large lan-
guage models are better as generators (a task they
were designed for) than classifiers, especially in
a low-resource setting. In this paper, we fill this
gap and ask whether we can use the large language
models to generate synthetic samples in the low-
resource languages that are then used to empower
(e.g., using them for fine-tuning or as in-context
examples) smaller models and lead to more effi-
cient classification (in terms of performance and
computation costs).

3 Methodology: Data-driven Distillation
Through Synthetic Samples

We analyse whether it is more efficient (for classi-
fication in low-resource settings) to use the large
language models as generators of synthetic sam-
ples instead of classifiers. In essence, we aim to
distil the LLM into smaller models that require
lower computational resources, while maintaining
or even surpassing the performance of the origi-

nal LLM. To achieve this, we perform two steps:
1) generating synthetic samples; and 2) using the
samples for training or as in-context examples.

Generating Synthetic Samples To generate the
synthetic samples, we use the current state-of-the-
art approaches for various languages identified
in Anikina et al. (2025); Cegin et al. (2024b). The
studies found that the generation of synthetic sam-
ples works significantly better when presenting the
model with a few representative samples for each
label and language. Therefore, we randomly sam-
ple 10 examples from the train data and include
them in the prompt given to the LLM as examples
from the dataset to guide the generation. Collect-
ing such a number of human-labelled samples is
also achievable in low-resource settings, while not
producing as large a performance improvement as
the synthetic samples that are generated using these
samples. The prompt used for this generation is
included in Appendix A. As part of the generated
samples may be problematic, such as those of lower
quality or containing different languages (mainly
English), we apply self-revision as a filtering mech-
anism. In this step, the generator LLM is used as a
judge, by presenting it with the task description, the
generated synthetic sample, and the criteria (e.g.,
containing only text in the specified language), and
asking whether the sample is acceptable. Besides
relying solely on the LLM for this task, we also
manually check a subset of the samples after gener-
ation, and if necessary, generate more. We generate
samples until we have a total of 200 samples for
each label present in the dataset.

Using Synthetic Samples in Smaller Models
After obtaining the synthetic samples, we use them
to train smaller models on the given tasks and lan-
guages. First, we use them to train a multilingual
classification model through fine-tuning, where we
initialise a pretrained model, add a classification
head with dropout, and train all of the layers with
a small learning rate. Second, we randomly se-
lect a set of these synthetic samples to be used
as in-context examples for smaller LLMs. Third,
we use synthetic samples to instruction-tune the
smaller LLM as well (using LoRA) and then use it
with in-context learning. The fine-tuning approach
represents the cheapest option in terms of compu-
tational resources, while instruction-tuning is the
most expensive. Finally, we also compare all of
these approaches with a simple zero-shot prompt-
ing with small LLMs and the large LLM used for
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generating the samples.
As we are also interested in analysing how the

behaviour of the models changes as we use more
synthetic samples, we repeat the whole process of
training or improving the small models across dif-
ferent sizes of the generated samples. We randomly
subsample 200 generated samples into subsets of
different sizes, starting with 10 samples (ensur-
ing we have at least 2 samples per class), up to
the full set of samples. Furthermore, we are inter-
ested in the impact of this random subsampling,
and other sources of randomness, such as a random
initialisation of the models or a choice of in-context
examples that were observed to cause significant
variance in results in previous works (Sclar et al.,
2023; Weber et al., 2023; Pecher et al., 2024b,a;
Gundersen et al., 2022). As such, we run all exper-
iments 20 times, reporting the mean accuracy and
standard deviation across these runs (unless speci-
fied otherwise). More detailed setup for the models,
such as prompt format, learning rate, and the sizes
of the dataset subsets, is provided in Appendix A.

4 Experiments

Languages and Datasets We use 11 typolog-
ically diverse languages belonging to different
groups based on their sizes. From the low-resource
languages, we use Azerbaijani, Romanian, Slove-
nian, Telugu, and Welsh. For the medium-resource
languages, we use Hebrew, Indonesian, Swahili,
and Thai. Finally, for the high-resource languages,
we use English and German. We evaluate all of
these languages in three classification tasks of dif-
ferent characteristics, such as their difficulty: 1)
sentiment classification; 2) topic classification; and
3) intent recognition. In addition, we evaluate
English on sarcasm detection to further explore
the benefit of synthetic samples not only on low-
resource languages, but also on low-resource tasks
in high-resource languages.

For sentiment classification, containing two la-
bels, no single multilingual dataset currently ex-
ists. We therefore use the combined ten datasets
for low-resource languages from (Gurgurov et al.,
2025, 2024) with two additional datasets for En-
glish and German from (Mollanorozy et al., 2023).
This combination was first introduced in (Anikina
et al., 2025). These datasets vary in coverage and
text domain: the German set focuses on transporta-
tion and infrastructure, while the Romanian data
primarily consists of product reviews. For topic

classification, we rely on SIB-200 (Adelani et al.,
2024), which provides seven topic labels derived
from the FLORES-200 machine translation corpus,
annotated at the sentence level. For intent recogni-
tion, we utilise the MASSIVE dataset (FitzGerald
et al., 2023), a multilingual benchmark for virtual
assistant evaluation. We restrict the label set to ten
distinct, most common intents to avoid possible
semantic overlaps. Finally, for sarcasm detection,
treated as binary classification in this paper, we use
the SemEval 2021 Task 7 (Meaney et al., 2021)
data used for humour, offence, and sarcasm detec-
tion.

Models For generating the synthetic samples, we
use the LLaMA-3 70B (Grattafiori et al., 2024)
instruction-tuned large language model. We chose
this model as it is open-source (and does not face
problems with reproducibility, unlike many of the
closed-source models) and has shown the best
generation capabilities in our preliminary exper-
iments. When comparing with other models, we
use the model in a zero-shot setting. For the smaller
models, we use XLM-RoBERTa Large (Conneau
et al., 2020) for fine-tuning (due to its multilingual
capabilities) and LLaMA-3.1-8B (Grattafiori et al.,
2024), Gemma-3-4B (Team, 2025), and Qwen-
2.5-7B (Team, 2024) instruction-tuned large lan-
guage models for prompting, in-context learning,
and instruction-tuning.

4.1 Comparison Across Language Groups

In this section, our goal is to answer the follow-
ing main research question: RQ1: Can we distil
the large language model by generating synthetic
samples and using them for training smaller multi-
lingual models to achieve more efficient classifica-
tion performance on low-resource languages? We
also specifically focus on how many labelled sam-
ples we need to generate from the large language
model in order to observe similar or better perfor-
mance. The results for the LLaMA-3.1-8B model,
aggregated across all tasks (excluding sarcasm de-
tection), for low-resource, medium-resource, and
high-resource languages are presented in Figure 2.
The results for the remaining two smaller models
(Gemma-3-4B, Qwen-2.5-7B) closely follow those
observed for the LLaMA-3.1-8B model and, as
such, are included in Appendix B.1 (with a descrip-
tion of potential differences).

Using generated synthetic samples, smaller
models quickly outperform the large language
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Figure 2: The difference in accuracy of smaller models trained using synthetic data compared to the large language
model used for generating the data, aggregated across all tasks and language groups of different sizes. Using as few
as 50 synthetic samples, the smaller models achieve higher performance across all language groups.

model used for the generation. To outperform
the generator model, the smaller models require as
few as 50 synthetic samples. When taking the ran-
domness (represented as standard deviation over
the 20 runs) originating from different subsam-
pling of the synthetic samples and training into
consideration, we observe differences only for high-
resource languages, where fine-tuning requires up
to 100−150 samples to always outperform the gen-
erator LLM. The overall increase in performance
in comparison to this model, when using all the
generated synthetic samples, is on average 10%
(percentual points). As can be expected, the highest
performance is achieved when instruction-tuning
the smaller language models. However, it is signifi-
cantly more expensive than fine-tuning or inference
through in-context learning, while not producing
as much benefit.

The benefit of distillation through synthetic
samples depends on language groups, with low-
resource languages benefiting the most and high-
resource languages the least. For low-resource
languages, the increases are on average 13% for
fine-tuning, 15% for in-context learning, and 18%
for instruction-tuning. For the high-resource lan-
guages, the increase drops to 5−6% for fine-tuning,
9% for in-context learning and 11% for instruction-
tuning. This difference can be expected, as high-
resource languages (especially English) are over-
represented in all the large language models.

Overall, we can conclude that the large lan-
guage models are better suited as generators
of synthetic samples that are used to train
smaller models than classifiers, especially for
low-resource languages. Such a setup not only
leads to better performance but also more efficient
classification, as we do not require as many compu-

tational resources. However, it is important to note
that we observe a significant impact of hyperpa-
rameter setup (represented by the large standard
deviation in the results in Figure 2 due to failed
runs, i.e., runs achieving performance worse than
random chance) in the low-resource languages and
when using synthetic samples – especially due to
the tendency of the fine-tuning models to quickly
overfit on the synthetic samples. This effect can
be especially observed when changing the number
of samples we have available, such as in the low-
or high-resource languages between 150 and 200
samples, where increasing the number of available
samples can lead to a drop in performance.

4.2 Impact of Task Characteristics

In this section, we answer the following research
question RQ2: How do the task characteristics
affect the training using synthetic samples? We
analyse and compare the training across tasks with
different characteristics, such as their difficulty, text
lengths or how represented they are in the training
data used in LLM pretraining. The results for the
LLaMA-3.1-8B model are presented for the low-
resource, medium-resource and high-resource lan-
guages in Figure 3. The results for the remaining
models are included in Appendix B.2.

Task characteristics have a significant effect
on the success of using synthetic training sam-
ples. For the popular sentiment classification task
(which is characterised by the lower difficulty due
to binary classification and over-representation
in pretraining data), we observe that fine-tuning
on synthetic samples cannot outperform the large
model used for generating the samples. For the
low-resource languages, the performance only ap-
proaches the generator model when using all of the
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Figure 3: The comparison of the accuracy difference for tasks with different characteristics. For the commonly
used sentiment classification task, we can observe significantly lower benefit of synthetic samples, especially for
fine-tuning.

400 synthetic samples, while for the high-resource
languages, we observe the performance of fine-
tuning being lower by 5% than the generator model.
This follows the findings from previous works that
found that fine-tuning on overly represented tasks
(sentiment classification) requires a large num-
ber of samples to outperform classification with
LLMs (Pecher et al., 2024a). Similarly, in the case
of medium and high-resource languages, even us-
ing synthetic in-context examples with a smaller
LLM does not lead to better performance. The only
consistently better approach that utilises synthetic
samples is instruction-tuning. However, it also in-
curs significant computation costs, which can often
match those from using the large generator LLM.

On the other hand, for tasks characterised by
a larger number of classes, longer sentences, and
lower representation in pretraining data (topic and
intent classification), we observe a large benefit
of synthetic samples. For the topic classification,

using synthetic samples for fine-tuning, instruction-
tuning, or as in-context examples, is not able to
outperform the generator LLM only in the case
of high-resource languages. For medium and low-
resource languages, we still observe up to 5% im-
provement in the performance, which is signifi-
cantly (i.e., by up to 30%) higher than prompting
with smaller LLMs. For the intent classification,
which represents the "hardest" task (in terms of
number of classes and representation), all of the
smaller models utilising synthetic samples outper-
form the large generator model with as low as 10
samples. On low-resource languages, we observe
an increase in performance of up to 40%, while on
high-resource languages up to 30%.

As such, we can conclude that generating syn-
thetic samples and using them as distillation is
more effective for less represented tasks even
in low-resource languages. This indicates that
the benefit does not depend only on the resources

2845



Figure 4: Comparison between synthetic and human labelled training samples. The human labelled samples provide
more performance benefit, especially on larger number of samples.

available for the languages, but the representation
of tasks in the pretraining data or their popularity
plays a strong role as well. To further confirm this
finding, we run an additional analysis on a more
niche task in Section 4.4.

4.3 Comparison Between Synthetic and
Human Data

In this section, we focus on answering the follow-
ing research question RQ3: How does the benefit
of synthetic samples compare to human labelled
data? We use the human-labelled training sam-
ples from each language and task and use them
to fine-tune the model or use them as in-context
examples, following the same methodology (e.g.,
for subsampling, hyperparameters and overall train-
ing). We do not report results for the instruction-
tuning as it incurs significant computation costs,
while achieving similar performance to synthetic
samples in our preliminary results. The results for
the LLaMA-3.1-8B model aggregated over all tasks
are presented for low-resource, medium-resource,
and high-resource languages in Figure 4, and for
the remaining models in Appendix B.3.

Synthetic samples are comparable to human-
labelled samples when it comes to the per-
formance improvements only in resource-
constrained settings. When using only a small
amount of samples for fine-tuning, up to 100, we
observe similar performance regardless of whether
using synthetic or human-labelled data. However,
as the number of samples increases, the perfor-
mance from human-labelled data steadily increases,
while for the synthetic samples, it starts to stag-
nate. For low- and medium-resource languages,
the gap between synthetic and human data is up to
10% when using all 400 samples, whereas for high-
resource languages, the gap is only up to 5%. For

in-context learning, we observe a consistent benefit
of human data over synthetic data, with a smaller
gap of around 4% for low- and medium-resource
languages and around 2% for high-resource lan-
guages. This follows the findings from previous
works that found that human-labelled samples pro-
vide larger diversity (Guo et al., 2024; Reinhart
et al., 2025) and may also explain the hyperpa-
rameter sensitivity (e.g., tendency to overfitting)
when training on synthetic samples. However, it is
important to note that the hyperparameter sensitiv-
ity and overfitting is observed also for the human-
labelled samples (with the hyperparameters suited
for synthetic samples being the best also for human-
labelled ones). As the number of samples increases,
the situation is improving slightly in both cases (hu-
man and synthetic samples). At the same, we do
not employ any diversity incentives when generat-
ing samples, which may be the cause of lower per-
formance benefits when using a larger number of
synthetic samples (as compared to human-labelled
ones) and using such incentives could help in these
cases (Cegin et al., 2024a). As such, this further re-
inforces the finding that distillation using synthetic
samples (as is) should be used mostly in resource-
constrained settings (low-resource languages and
niche tasks) where getting human-labelled samples
is problematic. For less resource-constrained set-
tings, more attention to sample diversity should be
given to potentially observe similar benefits.

Finally, human-labelled samples lead to lower
deviation in results than synthetic samples. For
the fine-tuning with human data, we observe a
significantly lower number of failed runs and re-
duced sensitivity to hyperparameter setup and other
sources of randomness.
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Figure 5: Using synthetic samples for sarcasm detection on English. On this more complicated task, the synthetic
samples lead to performance improvements even on high-resource language.

4.4 Additional Analysis: Low-Resource Task
on High-Resource Language

In this section, we extend our analysis of low-
resource settings to sarcasm detection in English, a
more complicated task characterised by lower avail-
ability of samples for training (and lower represen-
tation in pretraining samples). Our main focus is
to investigate whether the benefit of synthetic sam-
ples transfers from the low-resource languages also
to a combination of a high-resource language and
a more niche task. The results for all three small
models are presented in Figure 5 using F1 macro
due to the test set containing a significant sample
imbalance (e.g., it is possible to achieve more than
80% accuracy by predicting only a single class).

For high-resource language, using synthetic
samples leads to the largest benefit when inter-
ested in more complicated or niche task. We
observe that fine-tuning can always outperform the
large generator model, with a difference in F1 of
12%, even though using more samples does not
lead to any noticeable increase in the overall per-
formance. This may be caused by the inability of
the generator to produce samples with sufficient
informativeness. However, we observe the same
behaviour for the human labelled, where the per-
formance remains more or less stable, but higher
by up to 4% over synthetic samples. For other ap-
proaches, we observe more varied results. In the
case of the LLaMA-3.1-8B model, using synthetic
samples in in-context learning does not lead to bet-
ter performance than the generator model, although
for Gemma-3-4B and Qwen-2.5-7B, it does (and
leads to performance increases of 5−25% F1). On
the other hand, using human-labelled samples leads
to consistent improvements of up to 30%. Simi-
lar behaviour can be observed for the instruction-

tuning as well.
Furthermore, we notice a significantly higher

variance in results across all of the approaches. It
is especially noticeable for the instruction-tuning
and in-context learning approaches, where the dif-
ference can be as high as 20% F1, just based on
how the samples are selected. As such it further
reinforces the finding that when using synthetic
samples, more focus should be dedicated to the
hyperparameter setup, such as choosing learning
rate, batch size or how the samples are selected.

5 Conclusion

In this work, we perform a systematic and compre-
hensive analysis to investigate whether the large
language models are better employed as classifiers
or as generators of synthetic samples for training
smaller models in low-resource classification. We
perform a kind of data-driven distillation of a large
multilingual language model, which is used to gen-
erate a set of synthetic samples that are then used
to fine-tune or instruction-tune a smaller model,
or used as in-context examples. Based on our ex-
periments spanning 11 languages and 4 tasks, we
show that only a small number of generated syn-
thetic samples is enough for the smaller models
to achieve performance comparable to, and often
surpassing, the large generator itself, especially in
low-resource languages and less represented tasks.
However, we also observe potential drawbacks with
this approach, where the fine-tuning on the syn-
thetic samples shows a significantly stronger sen-
sitivity to the hyperparameter setup. At the same
time, the synthetic samples lead to improvements
comparable to human-labelled data only in settings
with low number of samples (around 50), with their
benefit quickly stagnating due to their limited diver-
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sity and informativeness. As such, our findings sug-
gest that the large language models are best utilised
as generators in low-resource settings or for the pur-
pose of quick prototyping, producing synthetic data
that effectively distils their knowledge into smaller,
more efficient models for practical use, rather than
classifiers. This paradigm reduces the reliance on
large models at inference time and offers a scalable
path toward NLP in resource-constrained settings.
As a possible future extension, we see a benefit of a
more sophisticated generation strategy that would
provide samples with higher diversity.
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Limitations

Due to the large scope of experiments in our study,
focusing on multiple approaches and 11 different
languages, which leads to us performing more than
30,000 fine-tuning and instruction-tuning runs, we
limit the number of models used for generation to
1, fine-tuning models to 1, smaller LLMs to 3, and
the number of tasks to 4. We try to mitigate this
limitation by selecting the best-performing models
through a preliminary study and focusing on well-
established tasks.

Although we work in a setting with low-resource
languages and use synthetic samples only, to gener-
ate the synthetic samples, we utilise a few human
examples to drive the generation. Such an approach
was found to produce significantly better examples,
but may lead to samples similar to the datasets we
are trying to replace. In addition, it also leads to
potentially lower diversity of the samples, which
we observe during our experiments. These issues
could be solved by using approaches that drive the
generation to create more diverse samples.

We use the same prompt for all the models,
which is a result of prompt engineering on the
LLaMA-3.1 model. The prompt was created based
on the dataset description, the prompts used in re-
lated works, the formats recommended for differ-

ent models (e.g., taking inspiration from (Sun et al.,
2023)), and our own experience. As such, this may
not represent the optimal format for all the mod-
els (as identified in previous works (Sclar et al.,
2023; Weber et al., 2023; Pecher et al., 2024b)),
and performing the investigation on multiple differ-
ent prompts may improve the overall model perfor-
mance and affect the findings. However, we opted
for using only a single optimised prompt format to
reduce the computation costs.

Ethical Considerations

The experiments in this paper work with publicly
available datasets, citing the original authors. We
do not work with any personally identifiable infor-
mation or offensive content and perform no crowd-
sourcing for further data annotation. In addition,
we are not aware of any potential ethical harms or
negative societal impacts of our work, apart from
the ones related to the advancement of the field of
machine learning. We follow the license terms for
all the models we use (such as the one required for
the use of the LLaMA-3 models). It is possible
that the large language models we use contain bi-
ases and potentially offensive or harmful content.
However, the original authors of these models re-
duce this bias as much as possible. At the same
time, although we generate synthetic samples and
include them as part of the supplementary material,
we believe that no problematic samples are con-
tained due to the tasks we have chosen. Finally, as
the highest impact of our study is the CO2 gener-
ated as part of our experiments, we publicly release
the impact statement and the number of computers
used below.

Impact Statement: CO2 Emissions Related to
Experiments The experiments presented in this
paper used significant computational resources as
they required multiple training and evaluation runs
of multiple models (to deal with variance in results),
as well as using large language models that require
a lot of computation even just for the inference.
Overall, the experiments were conducted using a
private infrastructure, which has a carbon efficiency
of 0.432 kgCO2eq/kWh (default value used as the
actual efficiency of our HW instance was not mea-
sured). A cumulative of 1000 hours of computation
was performed on hardware of type A100 PCIe
80GB (TDP of 250W). Total emissions are esti-
mated to be 108 kgCO2eq of which 0 percents
were directly offset. This includes all of the gener-
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ation, training, and inference with all models, and
the preliminary experiments. These estimations
were conducted using the MachineLearning Impact
calculator presented in (Lacoste et al., 2019).

Whenever possible, we tried to reduce the com-
pute resources used as much as possible. Most com-
putational resources were used by the instruction-
tuning of the smaller LLMs. As such, we decided
to perform this operation with LoRA, while also
limiting the number of steps, to reduce the cost as
much as possible. Similarly, we do not perform the
experiments across various large language models
for generation, for fine-tuning, and as small LLMs,
but instead choose only the best performing ones,
to limit the number of training and evaluation runs
we need in this paper, while also providing a good
enough scope.
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A Experimental Setup: Further Details

In this Appendix, we provide further details on our
experimental setup.

Languages and Datasets We use 11 typolog-
ically diverse languages belonging to different
groups based on their sizes: 1) low-resource, in-
cluding Azerbaijani, Romanian, Slovenian, Tel-
ugu, and Welsh; 2) medium-resource, including
Hebrew, Indonesian, Swahili, and Thai; and 3)
high-resource, including English and German. For
each language and task, we generate 200 samples
per class, which results in 400 samples for senti-
ment classification, 1400 for topic classification,
2000 for intent classification, and 200 for sarcasm
detection (where we generate only 100 samples per
class). When subsampling the datasets, we start
with overall 10 samples (ensuring we have at least
2 samples per class) and increasing the number of
available samples until the full dataset – the exact
subsamples are 10, 20, 30, 40, 50, 75, 100, 125,
150, 175, 200, 250, 300, 350, 400, 500, 600, 800,
1000, 1250, 1500, 1750, 2000. As we perform the
subsampling by randomly choosing the same num-
ber of samples from all classes, we repeat all of the
experiments 20 times to deal with any effects of
randomness.

Models and Training For fine-tuning, we use the
XLM-RoBERTa large model from huggingface2.
For the small LLMs, we use LLaMA-3.1 8B3,
Gemma-3 4B4 and Qwen-2.5 8B5 all instruction
tuned versions. For the large generator model, we
run only zero-shot classification through prompt-
ing, while for the smaller LLMs, we also include
in-context learning. The prompts used for all LLMs
are included in Table 1. For in-context learning,
we also evaluate different numbers of in-context
examples per class, starting with 2 and increasing
them up to 100, always reporting only the best
performance. However, we observe that in almost
all cases, the best performance is achieved using
2 samples per class (and for some, using 4). For
instruction-tuning, we use the same prompt for-
mat and utilise LoRa (Hu et al., 2022), which is
a method of parameter-efficient fine-tuning. We

2https://huggingface.co/FacebookAI/
xlm-roberta-large

3https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

4https://huggingface.co/google/gemma-3-4b-it
5https://huggingface.co/unsloth/Qwen2.

5-7B-Instruct

set the LoRA rank to 16, alpha to 16, and dropout
to 0.05. We reparametrize each key, value, and
downsample weight matrix of the transformer ar-
chitecture. We train the model for 600 steps with
a learning rate of 3e-5, with 10 warmup steps and
batch size of 4 with early stopping. After training
the model, we perform inference using in-context
learning. For all of prompting and in-context learn-
ing inference, we set the LLMs to produce deter-
ministic output (by setting temperature and turning
off sampling) with up to 20 samples. For fine-
tuning, we observe a significant sensitivity to the
hyperparameters, especially across different dataset
subsamples. As such, we run a hyperparameter op-
timisation for each language and dataset size and,
to guarantee fairness in comparison, choose the
setup that works the best across all of the experi-
mental setups. We use a dropout of 0.3 in the clas-
sification layer, a learning rate of 1e-5, an AdamW
optimiser with warmup, and train for 50 epochs
with early stopping. We dynamically change the
batch size across different dataset sizes, starting
with a batch size of 4 at 10-20 samples, 8 at 20-
50, 12 at 50-100, 16 at 100-150, 32 at 150-250,
and 64 for all other sizes. Without this setup, we
have observed a severe overfitting of the fine-tuning
models.

Generation For generating the synthetic samples,
we use Llama-3-70b-instruct6. The generation
prompt is included in Table 1. The task_text_type
placeholder had values based on tasks, either se-
mantic analysis, intent recognition, topic classifi-
cation, or sarcasm detection. The sep_token was
represented as "—". The label placeholder was
replaced for each task and label with an LLM-
generated explanation of that label based on ran-
domly preselected human examples. The exam-
ples placeholder contained the human examples
for the given label being generated. We use
the following parameters for generation temper-
ature=0.7, top_p=0.9, max_tokens=4096, repeti-
tion_penalty=1.2. We collected 10 generated sam-
ples per inference run for increased efficiency and
performed cleaning of the generated data. We ex-
cluded duplicates and collected until 200 unique
texts were generated.

6https://huggingface.co/TechxGenus/
Meta-Llama-3-70B-Instruct-GPTQ
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Table 1: Prompt format for the large language model used for generating the synthetic samples and for the
classification using prompting or in-context learning. The parts included in "{}" are replaced by the relevant data,
such as task values or examples..

Task Type Prompt Format Text

Generation Please create 6 different {task_text_type} in the {language} language, separated by the sep_token token. The
{task_text_type} should be about the {label}. Note that some examples from the dataset look as follows: Examples:
{examples}. Output only the text in {language} and nothing else! Do not number the texts!

Sentiment Determine the sentiment of the sentence using the following options: 1) negative; 2) positive. Use only these two
options.

Topic Determine the topic of the sentence using the following options: 1) science and technology; 2) travel; 3) politics;
4) sports; 5) health; 6) entertainment; 7) geography. Use only these options.

Intent Determine topic of the sentence using the following options: 1) alarm query; 2) audio volume down; 3) calendar
remove; 4) cooking recipe; 5) datetime convert; 6) send email; 7) play audiobook; 8) movie recommendation; 9)
transport ticket; 10) weather query. Use only these options.

Sarcasm Determine whether the comment in the sentence is sarcastic using the following options: 1) serious; 2) sarcastic.
Use only these two options.

B Results for Remaining Models

In this Appendix, we present the results of the ex-
periments from the main part of the paper for the
remaining models, specifically Gemma-3-4B and
Qwen-2.5-7B, and draw a comparison with the re-
sults from the main content of the paper.

B.1 Comparison Across Language Groups

In this section, we present the results from the main
comparison, aggregated across all tasks and lan-
guages, for the Gemma (Figure 6) and Qwen (Fig-
ure 7) models. Although the results follow the ones
from the main part of the paper, there are some
slight differences. The smaller LLMs still bene-
fit from using synthetic samples, but we observe
smaller performance improvements as compared to
the LLaMA3 model. For the Gemma model, the im-
provement is up to 12% for in-context learning and
10% for instruction tuning. For the Qwen model,
the improvement is up to 7% for in-context learn-
ing and 10% for instruction tuning. The difference
may be explained by the lower overall performance
capabilities of these models, although when look-
ing at the results from zero-shot prompting, these
models often perform better than LLaMA3. As
such, these models may benefit less from the syn-
thetic samples due to the discrepancy between the
generator model and smaller LLMs – the samples
generated by the large LLaMA model may repre-
sent a different distribution for the Gemma and
Qwen models, and thus provide lower benefit.

B.2 Impact of Task Characteristics

In this section, we present the results for the impact
of task characteristics, aggregated for the different

language groups, for the Gemma (Figure 8) and
Qwen (Figure 9) models. In comparison to the
results from the main content of the paper, we ob-
serve a lower benefit of the synthetic samples for
the smaller LLMs used through in-context learning
or instruction-tuning. The smaller models fail to
outperform the generator model only in 4 cases
out of 18, with both models on the sentiment task
for medium-resource languages and the topic task
or high-resource languages. For intent task, we
do not observe such behaviour. At the same time,
they often underperform the fine-tuning with syn-
thetic samples. This follows the findings from the
previous section and, as such, may be explained
by the worse overall performance of these mod-
els (caused by lower number of parameters) or the
discrepancy between the generator and these clas-
sification models (the samples generated by the
LLaMA generator model may be better suited for
the smaller LLaMA architectures as compared to
different model families). However, it is important
to note that the Gemma model benefits more from
an increased number of samples when it comes to
instruction tuning, which we do not observe for
the other models. As such, it may indicate that
this model has a larger room for improvement, as
it is also the smallest LLM we use. Especially
for the high-resource languages, the model can be
improved by up to 10 − 15% through instruction
tuning on the synthetic samples.

B.3 Comparison Between Synthetic and
Human Data

In this section, we present the results from com-
paring synthetic and human data for the Gemma
(Figure 10) and Qwen (Figure 11) models. As op-
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Figure 6: The difference in accuracy of smaller models (for Gemma model) trained using synthetic data compared to
the large language model used for generating the data, aggregated across all tasks and language groups of different
sizes.

Figure 7: The difference in accuracy of smaller models (for Qwen model) trained using synthetic data compared to
the large language model used for generating the data, aggregated across all tasks and language groups of different
sizes.

posed to the results from the main content of the
paper, we observe a significantly lower difference
between synthetic and human data, with the differ-
ence as high as 2% for both the Gemma and Qwen
models. This observation may also provide an ex-
planation for the results in the previous sections,
as the models benefit less from additional samples
and may be less suited for in-context learning and
further instruction tuning. As with the previous
sections, the models are often still outperformed by
simple fine-tuning.

C Computational Costs

In this appendix, we provide a summary of the run-
ning time (determined as GPU hours) for a single
run, including inference and training if necessary,
on the same GPU for the models. The summary
is provided in Table 2. As the number of samples
that is considered for inference increases, the cost
for the generator model increases at a significantly
higher rate compared to other models. At the same
time, the cost for instruction-tuning is mostly for

the training. We can see that using smaller models
is more efficient in the long run when it comes to
GPU hours required.

Table 2: Comparison of costs, calculated as the average
GPU wall-clock time for a single full run, including
inference and training if necessary.

MODEL GPU TIME (H)

Generator Model 15
XLM-RoBERTa 0.167
Prompting 1-2
In-Context Learning 3-4
Instruction-Tuning 10
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Figure 8: The comparison of the accuracy difference for tasks with different characteristics for the Gemma model.
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Figure 9: The comparison of the accuracy difference for tasks with different characteristics for the Qwen model.

Figure 10: Comparison between synthetic and human labelled training samples for the Gemma model.
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Figure 11: Comparison between synthetic and human labelled training samples for the Qwen model.
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