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Abstract

Usage of open-source Large Language Models, which can be run locally, modified, fine-tuned, and queried without APIs that
require data sharing, is required when dealing with sensitive or confidential information. In addition, suitable computational
resources are needed to infer and fine-tune such models. The objective of this work is to assess the potentialities of Small
Language Models in low-resource scenarios in which quantization may be required. In particular, the focus will be on the
usage of these models in the context of the Italian and English languages from both a purely quantitative and resource-oriented
evaluation, across two Question Answering data sets, a generic closed answer and a domain-based one with open answers.
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1. Introduction

Generative Large Language Models (LLMs) are mainly
oriented towards the paradigm “the bigger the better”,
involving both closed-source models such as GPT [1]
Claude [2] and Gemini [3, 4], but also Llama (Llama 3.1
405B [5] or Llama 4 Maverick 400B [6]) and DeepSeek
(DeepSeek R1 671B [7]) models. Despite the impressive
capabilities of such models, in both textual and multi-
modal setup, significant issues arise when dealing with
their size. In particular, higher computational resources
are needed during the training phase, which is performed
only once and asynchronously. The inference phase, on
the other hand, despite requiring less computational re-
sources, may result in being a bottleneck of the final
distributed application, for which multi-currency and
related GPU resources are needed. Pay-per-use APIs
resolve all the computational aspects but lead to privacy-
related issues. Applications that involve the use of Ar-
tificial Intelligence (AI) models as support systems in
private companies or hospitals, where data is confiden-
tial or sensitive and any breaches must be avoided, should
be compliant with those restrictive requirements and not
allow sharing data with third parties.

To ensure these privacy-related issues, the focus of
this work is on open-source models which can be trained
locally and inferred in a low-resource scenario, both with
full precision or in a quantization setup [8]. In doing this,
the most recent Small Language Models (SLMs), released
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from late 2024 until April 2025, are considered, for which
an instruction tuning phase was performed, involving
both English and Italian as supported languages. This
research led to the selection of models belonging to the
following families, namely Qwen 3 [9], Gemma 3 [10],
Phi 4 [11, 12] and Ministral [13], for which only the free
models available below the 20B parameters are consid-
ered. Performances of these models were evaluated using
both the full-precision and 8 /4 bit quantization scenarios.
The evaluation was carried out with the generic bench-
mark MMLU [14, 15] and UniQA [16], a domain-specific
Question Answer (QA) data set in the university domain.
Both data sets cover English and Italian, and relative eval-
uations were performed in both languages. Statistics for
the evaluation time and GPU used are also calculated.
To further stress the potentialities of these models, the
smallest ones were fine-tuned with two diverse strategies
over the UniQA data set, and relative performances of
both selected benchmarks have been analyzed.

Thus, the main contributions of this work can be sum-
marized as follows.

1. Evaluation of open-source SLMs with MMLU
benchmark and UniQA data set in different quan-
tization scenarios, from both quantitative and
computational perspective;

2. Fine-tuning with two proposed strategies over
the UniQA data set;

3. Comprehensive evaluation of fine-tuned models
over both MMLU and UniQA.

This work is organized as follows: an overview of
fine-tuning strategies in the context of a low-resource
scenario and of the selected open-source models and their
principal characteristics are reported in Sections 2, and 3.
The experimental setup along with the selected data sets
and the proposed fine-tuning strategies are described in
Sections 4 and 5. The results obtained are collected and
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discussed in Section 6, while the concluding remarks are
drawn in Section 7.

2. Background

Fine-tuning pre-trained LLM in the context of domain
and task adaptation involves strategies for both proper
fine-tuning and the technique to reduce the overall fine-
tuning computational cost, while keeping its effective-
ness. Supervised Fine-Tuning (SFT) strategies are used
for instruction tuning, domain, language, or task adapta-
tion [17, 18, 19]. As a supervised method, both the input
and the desired output are provided to the model, and,
following a teacher forcing methodology, the model is
forced to use the expected golden target token, even if
the wrong one has been previously generated [20]. In
the case of QA tasks, this consists of a question and as-
sociated answer and an optional context from which the
answer should be derived.

Parameter-Efficient Fine-Tuning (PEFT) techniques are
adopted in conjunction with SFT to speed up the fine-
tuning phase and reduce computational resources re-
quired. In particular, those involve freezing, quantization,
and Low-Rank Adaptation (LoRA) [21]. In freezing, only
weights are actually trained in selected layers, while the
rest are kept frozen. In the quantization strategy [8] the
precision representation of the weights in the model is
reduced from 32-bit to a 16-, 8-, or 4-bit representation.
This technique can be used at both the training and infer-
ence time, thus decreasing the computational resources
needed in terms of GPU. Lastly, LoRA [22] is one of the
most used PEFT techniques where low-weight adapters,
associated to selected layers, are actually trained, instead
of the original ones. In doing this, the size of the trainable
parameters is greatly decreased, and the computational
resources needed for the fine-tuning process are reduced
accordingly. In addition, those techniques can be com-
bined to better fit computational constraints, such as in
Quantized Low-Rank Adaptation (QLoRA) [23] in which
quantization is applied along with LoRA during training.

For effective fine-tuning, models are trained, on av-
erage for a few training epochs, mainly ranging from 3
to 15, [24, 25, 26, 27], usually combining different PEFT
strategies [28, 29].

3. Models

Capabilities around different tasks for closed-source and
huge LLMs are well known, but in the context of real
applications, usage of such models is impracticable. This
can be mainly addressed to costly pay-per-use APIs, and
to the sharing of private data to third parties that may
lead to data breaches. Natural Language Processing (NLP)
community is exploring not only the capabilities of larger

[1, 2] and expert-based LLMs [6, 7, 4, 30], but also smaller
models obtained through a distillation procedure from
larger models [10], thus providing the general public with
a valuable alternative.

Small Language Models are the focus of this research,
which is limited to multilingual generative models with
an explicit reference for supporting the Italian language,
in addition to English. In particular, only models based
on a transformer decoder-only architecture [31] and
instruct fine-tuning are considered. Instruct models
are capable of generating text given an instruction,
thus making them suitable for the proposed evaluation
scenario which includes closed and open QA tasks.
In addition, as the increasing and faster development
of newer models, only models which have been
released from the last months of 2024 to April 2025
are examined. More in detail, we considered only
models with less than 20B parameters, which have
been sub-grouped as 4B, 8B, and 12B-14B models, to
better evaluate their performance. The selected models
are listed below along with their principal characteristics.

Gemma 3 [10] is a family of multimodal and
multilingual models developed by Google DeepMind,
co-designed with Gemini models [3, 4], with which they
share the same tokenizer. A Grouped-Query Attention
(GQA) mechanism [32] was used with post-norm
and pre-norm with RMSNorm [33] and support for
longer contexts. Gemma 3 models range from 1 to
27B parameters and were trained with a knowledge
distillation strategy. In the context of this research, only
the 4B and 12B versions are considered.

Ministral [13] is a model from the French company
Mistral Al it was released in the 3B and 8B parameter
version. Ministral models are the newer version of
Mistral 7B [34], which uses an interleaved sliding-
window attention pattern to provide a faster, more
computationally efficient, and low-latency solution at
inference time. As the 3B version is not open-source,
only the 8B version was considered in this work.

Phi 4 [11, 12] is a family of Microsoft models that
showed impressive capabilities despite the reduced
number of parameters, compared to other models.
Higher performance of these models can be addressed to
the three-stage training procedure and the data curation
process, which involves a data decontamination process
to the most used benchmarks. In addition, more variety
in data, attention towards synthetic data for Chain of
Thoughts (CoT) and reasoning capabilities, contributed
in enhancing the overall behavior of these models. Phi 4
was released in its full version, which consists of 14B
parameters and in its mini version with 3.8B parameters,
which will be considered as a 4B model in the subsequent



analysis.

Qwen 3 [9] is a family of multilingual models released
by the Chinese company Alibaba Cloud. Along with
the large models of 30B and 235B parameters Mixture
of Expert Models, smaller models have been released
ranging from 1B to 32B parameters. Only models of 4B,
8B and 14B parameters are considered in this analysis.
Great attention in Qwen 3 models was towards reasoning
and CoT, both in training data selection and at inference
time, in which the explicit thinking mode can be enabled
or not.

4. Data sets

Three English and Italian data sets have been considered
for evaluation purposes, two are closed QA data sets, and
the other an open QA dataset. In the first case, the model
is asked to answer with one of the provided answers,
while in the second case a free text answer is expected.
As closed QA, the general Massive Multitask Language
Understanding (MMLU) task was selected in its English
and Italian versions. From here on, the English version
of MMLU will be referred to as MMLU-EN, and the
Italian version as MMLU-IT, while MMLU will be used
to refer to both splits. On the other hand, UniQA was
selected as a domain-specific open answer QA data set
in the university domain, available both in English and
Italian.

MMLU-EN [14] is a generic benchmark task to
evaluate the capabilities of LLMs after their training
phase. It is a closed QA task involving 57 different
subjects in STEM, humanities, and social science with
diverse complexity ranging from elementary level to
advanced and professional level. It consists of 14079
questions, and the models are queried with a 5-shot
strategy in which 5 sample questions are provided
for each subject. Accuracy is the proposed metric for
performance evaluation.

MMLU-IT [15] is the translated version of the MMLU
data set, which is also referenced in the Language
Model Evaluation Harness framework [35]. Translation
was obtained automatically using an ad hoc developed
prompt for ChatGPT. No further checks have been
conducted on the data set to evaluate its correctness in
terms of translation.

UniQA [16] is a QA data set for the University domain
that comprehends nearly 14k QA pairs and more than
1k documents, which serve as a context for the question.
The data set has been generated in a semi-automated
manner using the data retrieved from the website of the

University of Palermo, covering information about the
bachelor and master degree courses for the academic year
2024/2025. Data are natively both in Italian and English,
i.e. no translation procedure was involved for developing
the model. From here on, UniQA-EN will be used for
the English split, UniQA-IT for the Italian one, and the
general form UniQA will be used for both splits.

5. Experimental setup

Models in an out-of-the-box setup were tested with
MMLU and UniQA data sets at different levels of
quantization, namely in their base, 8-bit (Q8) and 4-bit
(Q4) quantization [8]. These evaluations were performed
to assess the different performances of quantized models
versus their base version along with the effective
computational resources involved, such as GPU memory
and inference time. Quantization was performed with
the usage of the bitsandbytes library' in combination
with the transformers library [36] in both 8-bit and 4-bit
quantization [37].

Regarding the MMLU-EN and MMLU-IT evaluation,
we used the Language Model Evaluation Harness frame-
work [35], in 5-shot setup, and considering the accuracy
as the evaluation metric. Performance for the UniQA
data set was obtained providing the following prompt,
enriched with the target question and associated docu-
ments, following an in-context learning strategy [38].

You are Unipa-GPT, the chatbot and vir-
tual assistant of the University of Palermo.

Provide an answer to the provided
QUESTION concerning the University of
Palermo, relying on the given DOCU-
MENTS

If the question is in English, answer in
English.

If the question is in Italian, answer in Ital-
ian.

QUESTION:

question

DOCUMENTS:

documents

For UniQA, we used the default generation configura-
tions suggested by the developers of the selected models.
In particular, the thinking mode was disabled for Qwen
3, while the sampling strategy in the generation phase
was disabled in the context of Gemma 3 models. When-
ever the model was not able to generate and answer, the

!https://github.com/bitsandbytes-foundation/bitsandbytes
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default empty answer has been considered as the gener-
ated one. As evaluation metric, BLEU [39], ROUGE [40],
METEOR [41] and BERTScore [42], with the multilingual
model XLM-RoBERTa Large [43] were calculated. Since
the F1 BERTScore provides a more comprehensive evalu-
ation of the meaning and significance of the generated
answer, it was the only metric considered for evaluation
purposes in the context of this work. In the Appendix, all
the calculated metrics for the UniQA data set are reported
for each inference configuration tested (Table 6).

5.1. Fine-tuning strategies

Only the smallest models, namely Gemma 3 4B, Phi 4
mini, and Qwen 3 4B, have been fine-tuned over the
English and Italian training split of the UniQA data set. In
particular, two different fine-tuning strategies have been
proposed and used in this phase, namely w/ docs (with
documents) and w/o docs (without documents). They
differ in the arrangement of the training samples and the
associated instruction prompt as reported in Table 1.

Table 1
Instruction prompts designed for fine-tuning w/ and w/o doc-
uments.

w/ docs prompt text

You are Unipa-GPT, the chatbot and virtual assistant
of the University of Palermo.

Provide an answer to the provided QUESTION
concerning the University of Palermo,

relying on the given DOCUMENTS

If the question is in English, answer in English.
If the question is in Italian, answer in Italian.
QUESTION:

<QUESTION>

DOCUMENTS:

<DOCUMENTS>

w/o docs prompt text

You are Unipa-GPT, the chatbot and virtual assistant
of the University of Palermo.

Provide an answer to the provided QUESTION
concerning the University of Palermo.

If the question is in English, answer in English.

If the question is in Italian, answer in Italian.
QUESTION:

<QUESTION>

In w/ docs strategy, annotated documents were
fed as input in the training sample, thus allowing the
model to read the documents and force it to extract
and re-paraphase the desired snippet in the document,
containing the answer. On the other hand, in the w/o

document strategy, no additional context was provided
in the prompt, allowing the model to learn the QA pairs
directly and, at inference time, to integrate the knowl-
edge provided by the documents in a context-learning
set-up [38].

Following the approaches described in Section 2, our
choice was to perform a full fine-tuning limited to se-
lected layers. A unique strategy was designed that is
suitable for heterogeneous models with a different num-
ber of decoder layers. We fully fine-tuned only the last
25% of the decoder layers and the classification head,
while freezing the remaining layers. The proposed strat-
egy resulted in a valuable trade-off with PEFT techniques
and full fine-tuning. In addition, this strategy meets the
proposed research question in analyzing the impact of
quantization at the inference phase and not during train-
ing.

The models have been trained for five epochs: a larger
number of training epochs do not lead to significant
improvement compared to the considered training data.
A validation set was expunged from the training set with
a 90:10 ratio, and it was used as a criterion to select the
best model over the validation loss.

Inferences were run on a local machine on a single 48
GB NVIDIA RTX 6000 Ada Generation GPU (machine
1) and on a cluster with 1 NVIDIA A100 64 GB GPUs
from the Leonardo supercomputer’ via an ISCRA-C ap-
plication (machine 2), while fine-tuning was executed
on machine 2. Over the same machines, the occupied
GPUs and inference time were monitored to simulate
and provide an estimation of the required computational
resources in the low-resource scenario.

6. Results

In Table 2 a comprehensive evaluation of the selected
models is reported. Evaluations also include perfor-
mances over bigger models such as Mistral Small [44],
Llama 4 Scout Instruct [6], Claude 3.5 Sonnet [2] and
GPT 40 Mini [38]. These models have been considered
since their performance for both tasks was available from
public leaderboards [45, 46, 47]. In this phase, no spot
checks or roundtrip translations have been conducted to
further investigate errors in the automatically translated
MMLU-IT split, to assess whether some inference errors
derive from actual model limitations or from translation
artifacts.

The overall best results are achieved by Claude
3.5 Sonnet, followed by GPT 40 mini. Nevertheless,
Phi 4 results in a valuable alternative since it reaches
performances comparable to Mistral Small and is only 0.2

Zhttps://leonardo-supercomputer.cineca.eu/it/home-it/
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Table 2

Performance over MMLU-EN and MMLU-IT. The average performance over MMLU and the execution time in seconds for
each sample are also reported. The bold values refer to the highest for each block, while the starred ones are the overall best.

Runs have been performed on machine 2.

I Base inference Il

Q8 inference 1l Q4 inference

Model || * MMLU-EN | ¥ MMLU-IT | t MMLU | | TIME || T MMLU-EN | T MMLU-IT | $ MMLU | | TIME || T MMLU-EN | T MMLU-IT | § MMLU || | TIME
Gemma 3 4B 0584 0532 0558 0.22 0.580 0532 0556 0.14 0.562 0501 0532 015
Phi 4 mini 4B 0.686 0.537 0612 025 0.681 0.530 0.605 0.16 0.637 0.499 0.568 0.07*

Qwen 34B 0.701 0.651 0.676 038 0.702 0.651 0.676 028 0.665 0.604 0.635 0.29
Ministral 8B 0.649 0.585 0617 0.10 0.647 0.582 0615 0.17 0.627 0553 0.590 0.13
Qwen 3 8B 0.749 0.708 0.729 032 0.747 0.705 0.726 031 0.728 0.669 0.698 0.43
Gemma 3 12B 0.721 0.672 0.697 0.20 0.718 0.670 0.694 0.10" 0.696 0.638 0.667 0.16
Phi 4 14B 0.803 0.747 0.775 0.24 0.803" 0.748" 0.775 024 0.794* 0.729* 0.762" 0.14
Quwen 3 14B 0.788 0.738 0.763 0.28 0.784 0.729 0.756 027 0.776 0.722 0.749 0.39
Mistral Small 24B 0.806 0.758 0.782
Llama 4 Scout 0.743 0.748 0.746
Claude 3.5 Sonnet 0.790 0.817* 0.803"
GPT 40 Mini 0.820" 0.683 0.751
Table 3

Performance over UniQA-EN and UniQA-IT as BERT-F1 score (B-F1). The average performance over UniQA, the execution
time in seconds and GPU used in GB are also reported. The bold values refer to the highest for each block, while the starred
ones are the overall best. Underlined results are the ones obtained over machine 2.

Il Base inference Il

Q8 inference Il Q4 inference

|| UniQA-EN | UniQA-IT | UniQA || UniQA-EN | UniQA-IT | UniQA || UniQA-EN | UniQA-IT | UniQA

Model || tBF1 | tBFI |1BFI| |TIME | LGPU || tBFI | 1BFI |7BFI| |TIME | [GPU || 1BFI | 1BF |[1BFI | |[TIME | |GPU
Gemma 3 4B 0870 0.896" 0883 | 111250 | 178:0.1 0.748 0.730 0.739 5872267 | 52:00 0.001 0.001 0.001 19611 3801
Phi 4 mini 4B 0877 0.881 0879 | 84:63" | 154100 0877 0.881 0879 | 156:9.6" | 45:00 0874 0876 0875 | 125194 31400
Quwen 34B 0879 0.879 0879 9.9£76 16200 0.877 0.380 0878 | 37.8+50.0 | 4.4:00° 0.868 0.870 0869 | 2212106 || 2.9+0.0°
Ministral 8B 0878 0.887 0882 | 156109 | 321:00 0.877 0.887 0.882° | 483£360 | 91:00 0.882" 0.892" | 0.887" | 137:94 61:0.2
Quen 388 0872 0.877 0874 | 140:99 | 328:00 0872 0878 0875 | 3062136 | 95:00 0.87 0875 0872 9.7:5.2 6400
Gemma 3128 0.883" 0.888 0.886" | 153£56 | 50.0:0. 0.668 0.633 0650 | 1094:224 | 14.4:0.7 0.000 0.000 0.000 53320 9.0:04
Phi 4148 0.842 0.743 0793 | 14661 | 58 0879 0.884 0881 | 21.4:6347.0 | 15720, 0.869 0.882 0.876 | 81:34485" || 98:00
Quen 3 14B 0.824 0.841 0833 | 16050091 | 59100 0.872 0.881 0877 3821166 | 164:00 0.870 0.879 0875 19.1+ 80 106+ 0.0

points below GPT in MMLU-EN. As for MMLU-IT, scores
tend to be lower compared to the English split, and again
Phi results the best. With reference to smaller models,
Qwen 3 in its 4B and 8B versions outperforms other
models in MMLU tasks, while showing a significant
average inference time, compared with the competitors.
Performance generally exhibits a decrease in quantized
models. The decrease is significant in the case of Q4,
while the average inference time for each question is
decreasing for Q8 and tends to increase in the case of
Q4, especially for Qwen.

Generally speaking, the quantization procedure at
inference time can increase the answer time due to the
additional computation required for quantization [37].
This behavior is highly emphasized with the UniQA
evaluation, where the input provided to the models can
be significantly longer compared to MMLU samples.
The results for UniQA are reported in Table 3, together
with the average GPU occupied for each inference. To
better compare obtained results, the standard deviation
over the average inference time and GPU usage is
also reported. Note that the average inference time
is reported in seconds, while the GPU usage in GB:
associated standard deviation follows the same scale,
and, in the GPU case, the majority results 0.0 since the
corresponding variation is lower than 0.1 GB.

In full precision inference, best results are assessed by
Gemma 3 models reaching a BERT-F1 score of 0.88 on av-
erage in both 4B and 12B versions, also surpassing larger
14B models. In this context, the performances of Gemma
3 4B are much more interesting from a computational
perspective, since it is 64% smaller than the 12B version,
reaching comparable performances. The smallest model
in this set-up is Phi 4B mini, which occupies less than
16GB and reaches the smallest inference time, which is
desired in context of real-time applications. Regarding
quantized inferences, GPU values decrease by 70% and
80% for Q8 and Q4, respectively, compared to models
inferred with full precision. In terms of inference time,
significant increases are found in Q8, while a reduction
is found in Q4, which is mainly related to the quanti-
zation strategy adopted by bitsandbytes [37]. Overall,
for both performance and computational resource us-
age, Phi and Ministral are the best models which benefit
from quantization, and keep comparable performances
over the selected benchmarks, despite a slight decrease.
The worst performances are assessed by Gemma models
which deeply suffer the quantization procedure that leads
to output empty string (Q4) or meaningless output in not
desired languages (Q8).

In contrast with the MMLU case, in which a slight
discrepancy can be found between the English and



Table 4

Performance over MMLU and UniQA for fine-tuned models without docs strategy. The average performance and execution
time in seconds and GPU used in GB are also reported. Bold values refer to the highest ones. Runs have been performed on
machine 1.

1l Base inference Il Q8 inference Il Q4 inference

Model || T MMLU-EN | + MMLU-IT | + MMLU | L TIME || * MMLU-EN | 1 MMLU-IT | + MMLU | 1 TIME || * MMLU-EN | + MMLU-IT | t MMLU | L TIME
Gemma 3 4B 0.579 0518 0.548 0.22 0.574 0.519 0.547 0.20 0.552 0.487 0.519 0.15
Phi 4 mini 4B 0.672 0.519 0.596 0.24 0.666 0.508 0.587 0.18 0.631 0.480 0.555 0.08
Qwen 3 4B 0.678 0.620 0.649 0.34 0.674 0.614 0.644 0.26 0.648 0.577 0.612 0.28
|| UniQA-EN | UniQA-IT | UniQA || UniQA-EN | UniQA-IT | UniQA || UniQA-EN | UniQAIT | UniQA
Model || tBFI | 1BF1 | tBFI | |TIME| |GPU | tBFI | 1BFI | tBFI | |TIME | LGPU || tBFI | 1BF | tBF1 | |[TIME | | GPU
Gemma 3 4B 0.929 0.881 0.905 45+44 17.7+03 0.739 0.732 0.736 62.6 +50.9 53+01 0.000 0.000 0.000 194+ 1.6 3.7+01
Phi 4 mini 4B 0.959 0.926 0.942 4.1£39 15.4£0.0 0.959 0.944 0.952 4746 45+0.0 0.940 0.898 0.919 39+38 34+00
Qwen 3 4B 0.957 0.925 0.941 41£23 162+ 0.0 0.960 0.942 0.951 74+46 4.4£0.0 0.963 0.940 0.950 3.0+20 29100
Table 5

Performance over MMLU and UniQA for fine-tuned models with docs strategy. The average performance and execution time
in seconds and GPU used in GB are also reported. Bold values refer to the highest ones. Runs have been performed on machine

1.

I Base inference I

Q8 inference Il Q4 inference

Model T MMLU-EN | T MMLU-IT | 1 MMLU 1 TIME T MMLU-EN | T MMLU-IT | 1 MMLU 1 TIME T MMLU-EN | T MMLU-IT | 1 MMLU 1 TIME
Gemma 3 4B 0.581 0522 0552 054 0.578 0521 0.550 025 0.553 0.490 0522 018
Phi 4 mini 4B 0.680 0535 0.607 057 0.671 0527 0599 0.16 0.631 0.492 0.562 0.10
Qwen 34B 0.675 0.623 0.649 0.64 0.673 0.620 0.646 041 0.651 0.583 0617 037
|| UniQA-EN | UniQA-IT | UniQA || UniQA-EN | UniQAIT | UniQA || UniQA-EN | UniQAIT | UniQA
Model 1 B-F1 + B-F1 +B-Fl | LTIME | | GPU 1 B-F1 + B-F1 + B-F1 LTIME | | GPU T B-F1 1 B-F1 1 B-F1 | [ TIME | | GPU
Gemma 3 4B 0933 0917 0925 53:47 | 178403 0.752 0.665 0708 | 575:445 | 53:02 0.000 0.000 0.000 193430 | 37+01
Phi 4 mini 4B 0.953 0.927 0940 | 4.8:4.8 | 154£00 0951 0.942 0946 56457 | 4500 0930 0911 0920 44:43 | 31200
Qwen 34B 0.965 0922 0944 | 48444 | 162400 0.964 0938 0.951 71445 | 45200 0.957 0925 0.941 37434 | 29400

Italian split, in the UniQA case, all performance places
on the same level, and, in some cases, slightly towards
the Italian split. This performance can be explained
through an analysis on the data set, in which the
presence of the context can guide the model more
effectively in generating the desired answer, and in the
language-related characteristics and understandings.

In Tables 4 and 5 the results over both benchmarks are
reported using the two proposed fine-tuning strategies,
with and without documents.

No improvements are found after the fine-tuning phase
with the two proposed strategies in terms of performance
on the MMLU benchmarks. Models fine-tuned with the
w/ docs strategy tend to better maintain the performance
obtained by the base models. These results show that the
fine-tuning on a specific task did not lead to a degradation
in performance in a generic benchmark and that the
generalization performance of the considered LLM is
maintained. This is mainly due to the light fine-tuning
strategy adopted, which does not cause the model to
overfit.

Regarding UniQA performance, both strategies have
been shown to be successful since overall performance
for the BERT F1 score increased. More specifically,
better results are obtained in the case of w/o docs
strategy, both from evaluation metrics and for average
inference time, which is reduced. Improvements are
found in both the base and quantized inferences. As in
the without fine-tuning inference, the average time for
quantized models deeply penalized Gemma 3 4B, while

Qwen 3 4B trained with a w/ docs strategy, resulted in
being the overall best model both in MMLU and UniQA
benchmarks. Qwen 3 4B, in fact, better maintained
the same level of performance across the different
quantization levels. In addition, the w/o docs fine-tuning
strategy was crucial to improve capabilities for Phi 4
mini 4B, in particular in the base and Q8 quantized
inference. A general speed-up in performances is found
in fine-tuned models over UniQA benchmark, while no
improvements are found in Gemma 3 4B in Q4 setup,
where performances are kept low.

The results obtained show that recent progress in de-
veloping multilingual LLMs provides the opportunity to
use a valuable out-of-the-box model, also for domain-
specific tasks with appropriate prompt engineering. In
addition, the two proposed fine-tuning strategies, cou-
pled with an overall light training phase as for the num-
ber of epochs, trainable layers, and consequently the
resources needed, results crucial to improve capabilities
of the SLMs under consideration, as for Phi 4 mini 4B
and Qwen 3 4B. Those models trained in a target domain
for a desired QA task of interest were able to outperform
models three times larger in size, requiring on-budget
resources. In general, both models should be considered
as a valuable alternative to develop a custom LLM in a
low-resource scenario. Phi tend to outperform after a
w/o docs fine-tuning in terms of BERT score. On the
other hand, Qwen presents strong performance in both
traditional metrics such as the BLEU, ROUGE, and Me-
teor scores (Table 6) with both a fine-tuning strategy and



different quantization. Depending on the actual compu-
tational resources available, Phi is preferred, since it is
smaller compared to Qwen. Despite metrics being really
close to each other, the w/o docs training strategy is the
best and the fastest one in the training phase.

7. Conclusions

In this work, we evaluated the recent open-source
instruction-tuned multilingual Small Language Models
belonging to different families with a focus on their per-
formances upon a base inference and after a Q8 and Q4
quantization. In particular, both closed and open answer
QA tasks were analyzed in Italian and English. Perfor-
mances were evaluated from a quantitative perspective
with the general MMLU benchmark and UniQA, a QA
data set based on a specific domain for which relevant
documents are associated to each question.

The results show that among the largest models under
evaluation, Phi 4 14B almost reached Claude 3.5 Son-
net and GPT 40 Mini in the MMLU benchmark, while
Gemma 3 14B obtained interesting performances when
inferred with full precision using UniQA. Among the
smaller models, Qwen 3 4B and Phi 4 mini 4B were the
most promising ones: both models better scale in terms
of performance after Q8 and Q4 in selected benchmarks.

In addition, two fine-tuning strategies were proposed
for the last 25% layers and the classification head of the
smaller models using the training split of the UniQA
data set. The results proved that Qwen 3 4B benefits the
most of the training when evaluated over UniQA, while
maintaining general good performance in the MMLU task.
Such considerations together with the flexibility towards
quantization and smaller inference time make Qwen 3
4B a valuable model to implement custom LLM-based
applications in a low-context scenario after a suitable
fine-tuning phase.

More tests are needed to evaluate the performance
of the investigated models from a qualitative perspec-
tive. More in detail, additional tests will be conducted
to simulate a real-case scenario, involving both human
evaluation of the quality of the provided answers and
truly open-ended QA in the domain of interest.
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Table 6

Overview of the calculated metrics in the UniQA-EN and UniQA-IT split. BERT-prec and BERT-rec stands for BERT precision
and recall scores, respectively, while FT and QTN refers to the fine-tuning and quantization strategy adopted. Average
performance and execution time is reported in seconds, while the GPU used in GB. Bold values are the higher ones for each
block, while starred ones the overall best.

UNIQA
Model | FT | QTN | BLEU | ROUGE-1 | ROUGE-2 | ROUGE-L | ROUGE-Lsum | Meteor | BERT-prec | BERT-rec | BERT-F1
Gemma 3 4B 0124 0.393 0.240 0.304 0317 0.344 0.882 0.885 0.883
Phi 4 4B 0.147 0.399 0.238 0.298 0.307 0.408 0.870 0.889 0.879
Qwen 3 4B 0.134 0.419 0.261 0.331 0.354 0.411 0.866 0.894 0.879
Gemma 3 4B Qs | 0.000 0.017 0.000 0.014 0.014 0.016 0.728 0.753 0.739
Phi 4 4B Qs | 0.142 0.393 0.235 0.292 0.301 0.408 0.869 0.890 0.879
Qwen 3 4B Q8 | 0129 0.415 0.258 0.328 0.355 0.409 0.863 0.895 0.878
Gemma 3 4B Q4 | 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.001
Phi 4 4B Q4 | 0.148 0.404 0.240 0.297 0313 0.396 0.868 0.884 0.875
Qwen 3 4B Q4 | 0094 0.363 0.222 0.286 0.319 0.370 0.850 0.890 0.869
Gemma 34B | w/o docs 0.404 0.657 0.580 0.619 0.621 0.628 0910 0.901 0.905
Phi 4 4B w/o docs 0.524 0.793 0.735 0.771 0.778 0.789 0.941 0.944 0.942
Qwen 3 4B w/o docs 0.586 0.821 0.770 0.802 0.805 0.819 0.939 0.943 0.941
Gemma34B | w/odocs | Q8 | 0.001 0.034 0.000 0.025 0.027 0.032 0.722 0.752 0.736
Phi 4 4B w/odocs | Q8 | 0536 0.810 0.755 0.791 0.796 0.807 0.950 0.954* 0.952"
Qwen 3 4B w/o docs Q8 0.598 0.829 0.778 0.809 0.813 0.828* 0.949 0.954 0.951
Gemma34B | w/odocs | Q4 | 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Phi 4 4B w/odocs | Q4 | 0.39 0.649 0.576 0.614 0.619 0.655 0916 0922 0.919
Qwen 3 4B w/o docs Q4 0.608 0.835* 0.794 0.821* 0.825* 0.826 0.951 0.953 0.952
Gemma 3 4B w/ docs 0.543 0.760 0.720 0.741 0.745 0.750 0.923 0.927 0.925
Phi 4 4B w/ docs 0.566 0.778 0.743 0.764 0.768 0.771 0938 0.941 0.940
Qwen34B | w/docs 0.607 0.831 0.801" 0.816 0.819 0.815 0.945 0.942 0.944
Gemma 3 4B w/ docs Q8 0.001 0.050 0.002 0.035 0.041 0.046 0.692 0.727 0.708
Phi 4 4B w/docs | Q8 | 0564 0.776 0.740 0.762 0.766 0.771 0.944 0.949 0.946
Qwen 3 4B w/ docs Q8 0.611* 0.832 0.800 0.816 0.819 0.814 0.953* 0.950 0.951
Gemma34B | w/docs | Q4 | 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Phi 4 4B w/docs | Q4 | 0431 0.662 0.608 0.641 0.647 0.652 0918 0923 0.920
Qwen 3 4B w/ docs Q4 0.546 0.782 0.735 0.754 0.757 0.766 0.943 0.939 0.941
Ministral 8B 0.120 0.422 0.263 0.329 0.356 0.425 0.870 0.896 0.882
Qwen 3 8B 0116 0.416 0.252 0.328 0.360 0.405 0.856 0.894 0.874
Ministral 8B Qs | 0120 0.423 0.263 0.330 0.358 0.426 0.870 0.896 0.882
Qwen 3 8B Q8 0.120 0.418 0.253 0.329 0.363 0.406 0.857 0.894 0.875
Ministral 88 Q4 | 0142 0.442 0.284 0.347 0.366 0.440 0.879 0.895 0.887
Qwen 3 8B Q4 | 0107 0.415 0.246 0.322 0.351 0.383 0.857 0.888 0.872
Gemma 3 12B 0.155 0.500 0.304 0.389 0.431 0.453 0.868 0.905 0.886
Phi 4 14B 0.122 0.415 0.241 0.303 0.345 0.405 0.778 0.809 0.793
Qwen 3 14B 0117 0.399 0.253 0.324 0.341 0.398 0.818 0.848 0.833
Gemma 3 12B Qs | 0.000 0.002 0.000 0.002 0.002 0.001 0.646 0.656 0.650
Phi 4 14B Q8 0.125 0.449 0.262 0.332 0.378 0.443 0.865 0.899 0.881
Qwen 3 14B Qs | 0123 0.421 0.268 0.342 0.365 0.421 0.860 0.895 0.877
Gemma 3 12B Q4 | 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Phi 4 14B Q4 | 0118 0.434 0.252 0.320 0.364 0.432 0.860 0.893 0.876
Qwen 3 14B Q4 | 0110 0.397 0.252 0.320 0.337 0.402 0.859 0.892 0.875
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