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ABSTRACT

This paper examines the effect of QLoRA fine-tuning of locally executable large language models on mathematics com-
petition tasks for high school students in Serbia. The main focus is on comparing the general-purpose model Mistral-7B-
Instruct and the mathematically specialized model Mathstral-7B, in order to determine whether prior specialization for
mathematical reasoning affects the success of fine-tuning on a small, domain-specific corpus of tasks in Serbian. For the
purposes of the study, an automatic evaluation framework was applied, in which generated solutions were assessed ac-
cording to several criteria, including final answer accuracy, logical coherence of the solution, and explanation quality.
The results indicate different effects of fine-tuning for the observed models: the general-purpose model showed a slight
performance decline, while the mathematically specialized model showed an improvement. This outcome suggests that
models previously adapted to mathematical reasoning may benefit more from domain-specific fine-tuning, while also
confirming that Serbian mathematics competition tasks remain a highly demanding test for locally executable large lan-
guage models.

KEYWORDS

Large language models, QLoRA fine-tuning, Mistral-7B-Instruct, Mathstral-7B, Mathematics competitions, Automatic
evaluation, Mathematical reasoning

1. INTRODUCTION

Large language models (LLMs) have made significant progress in solving mathematical problems, particularly on stand-
ard datasets commonly used for their evaluation. However, strong performance on such datasets does not necessarily
imply comparable success in solving non-standard problems. Mathematics competition tasks represent a particularly de-
manding test, as solving them often requires more than the application of an appropriate formula or algorithm. It is nec-
essary to interpret the problem conditions correctly, identify a suitable strategy, connect multiple reasoning steps, and
reach a clearly justified conclusion [1], [2].

Assessing the quality of LLM-generated solutions is further complicated by the fact that a mathematically correct answer
and a convincingly written explanation do not always match. A model may provide a clearly structured solution that
contains an error, while in other cases it may generate a correct answer despite relying on incomplete or insufficiently
justified reasoning. Therefore, the evaluation of such solutions should not be limited solely to checking the final result.
The correctness of the reasoning process and the quality of the explanation should also be considered. Previous studies
conducted on mathematics competition tasks in Serbia have shown that the performance of Al tools depends on the task
type, mathematical domain, input format, and characteristics of the evaluated model [3], [4], [5].

Although commercial models often achieve better results, locally executable models are particularly relevant for research
and practical applications. Their use provides greater control over data processing, improves experimental reproducibility,
and enables model adaptation to specific needs without relying on external services. However, their performance on
complex mathematical tasks remains limited. One possible approach to improving their capabilities is parameter-efficient
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fine-tuning. Methods such as LoRA and QLoRA enable the adaptation of large language models with substantially lower
memory and computational requirements than full fine-tuning of all model parameters [6], [7].

An important question is whether the effectiveness of such adaptation depends on the initial characteristics of the selected
model. A general-purpose model and a model already specialized for mathematical reasoning may not benefit equally
from additional training on a small, domain-specific corpus. In the first case, fine-tuning aims to adapt a broadly trained
model to a narrower type of task. In the second case, additional training further adapts an already specialized model to a
more specific linguistic and problem-solving context. This distinction is particularly relevant when the dataset consists
of complex competition tasks in Serbian rather than a large collection of standard problems in English.

This paper compares the effects of QLoRA fine-tuning on two locally executable models of similar size: Mistral-7B-
Instruct-v0.3, a general-purpose instruction model, and its variant Mathstral-7B, a model specialized for mathematical
and scientific tasks. For both models, performance is analyzed before and after fine-tuning on mathematics competition
tasks for high school students in Serbia. The generated solutions are assessed using an automatic multi-criteria evaluation
framework that considers final answer accuracy, logical coherence, and explanation quality.

The aim of this study is to examine whether prior specialization for mathematical reasoning affects the outcome of do-
main-specific fine-tuning. Accordingly, the following research questions are addressed:

e How does QLoRA fine-tuning affect the performance of the general-purpose Mistral-7B-Instruct-v0.3 model
and the mathematically specialized Mathstral-7B model on Serbian mathematics competition tasks for high
school students?

e Does prior mathematical specialization impact the effectiveness of fine-tuning on a small, domain-specific cor-
pus of tasks?

2. RELATED WORK

Research on improving the ability of large language models to solve mathematical problems has developed in several
directions. One approach focuses on preparing higher-quality training datasets and expanding them with different variants
of existing tasks. MetaMath, for example, was developed through fine-tuning on the MetaMathQA dataset, which was
created by reformulating questions from standard mathematical datasets in multiple ways [8]. This approach shows that
the diversity of training examples can play an important role in improving mathematical reasoning. Another direction
involves continued pretraining on large mathematical corpora. DeepSeckMath-7B was developed by continuing the pre-
training of DeepSeek-Coder-Base-v1.5 7B on a large collection of mathematically relevant content while retaining natural
language and code data [9]. Similarly, Llemma was obtained through continued pretraining of Code Llama on the Proof-
Pile-2 corpus, which includes scientific papers, web content containing mathematical notation, and formal mathematical
records [10]. Mathstral-7B belongs to the same broader group of mathematically oriented models. It was built on Mistral-
7B and designed for mathematical and scientific tasks [11]. Unlike general-purpose models, such models start from rep-
resentations that have already been shaped toward mathematical reasoning. In addition to the choice of training data and
the initial model, the method used to adapt the model to a specific domain is also important. Full fine-tuning of large
models requires substantial computational resources, which has motivated the development of methods that update only
a limited number of specific parameters. LoORA keeps the weights of the base model unchanged and introduces low-rank
matrices that are trained for a specific task [6]. QLoRA further reduces memory requirements by using a quantized base
model while computing gradients through LoRA adapters [7]. These methods are particularly relevant in research settings
where locally executable models are used under limited hardware resources.

Although the mathematical capabilities of LLMs are often evaluated on standard datasets, such results do not provide a
complete picture of their performance on non-standard tasks. Mathematics competition tasks require the identification of
less obvious relationships, the selection of an appropriate strategy, and the consistent execution of multi-step reasoning.
The CHAMP dataset was designed specifically for a more detailed analysis of these abilities using high school competi-
tion-level tasks. In addition to the tasks themselves, the dataset includes concept and hint annotations, enabling an analysis
of how models use additional information during problem solving [2]. The authors also point out that a correct final
answer does not necessarily result from valid reasoning, which is why evaluation should not be reduced solely to checking
the final result. The performance of Al tools on mathematics competition tasks has also been examined in the Serbian-
language context. A study conducted on tasks from the Mathematical Kangaroo competition showed that results depend
on the input format, the language of the task statement, the mathematical domain, and the selected tool [3]. Later studies
analyzed solutions to more demanding tasks from the Serbian national mathematics competition for high school students,
generated using DeepSeek-R1, as well as o1 and 03-mini [4], [5]. The findings confirmed that advanced models can solve
some non-standard tasks successfully, but difficulties remain with more complex formulations, logically demanding prob-
lems, and the consistent justification of all solution steps. In the context of mathematics competition tasks in Serbia, a
framework for automated solving and multi-criteria evaluation of generated solutions was proposed and applied to com-
mercial and locally executable models with different purposes [12]. The results revealed a clear difference between these
two groups of models, while also indicating the potential of mathematically specialized models among locally executable
solutions. A subsequent analysis of QLoRA fine-tuning of Mistral-7B-Instruct-v0.3 showed that adapting a general-pur-
pose model to a small dataset of competition tasks does not necessarily improve performance on a held-out test set [13].
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Although numerous studies have examined mathematically specialized models and methods for adapting them, consid-
erably less attention has been paid to whether prior specialization affects the outcome of additional fine-tuning on a small,
language-specific dataset. Therefore, this paper addresses a gap in the existing literature by directly comparing the effects
of QLoRA fine-tuning on the general-purpose Mistral-7B-Instruct-v0.3 model and the mathematically specialized Math-
stral-7B model using the same dataset and a unified evaluation framework.

3. EXPERIMENTAL DESIGN
3.1. Dataset and Experimental Workflow

The experimental dataset consists of 348 mathematics competition tasks for high school students in Serbia, organized by
the Mathematical Society of Serbia. The dataset includes tasks from the municipal, regional, and national competition
levels from 2022, 2023, and 2024, covering all four high school grades, as well as Categories A and B at the national
level. According to mathematical domain, the tasks belong to algebra, geometry, number theory, or combinatorics. Only
text-based tasks were included in the study, while tasks containing images or graphical elements were excluded. This
made it possible to analyze the generated textual solutions without additional processing of visual content.

The original materials were available in LaTeX format and contained the task statements together with the corresponding
official solutions. After preprocessing, each task was stored in a structured format along with relevant metadata, including
the year, competition level, grade, category, and mathematical domain. Mathematical expressions were kept in LaTeX
format to preserve their structural and semantic accuracy. To prevent overlap between the examples used for fine-tuning
and the tasks intended for final evaluation, the dataset was split chronologically. The training set contains 192 tasks, the
validation set 40 tasks, and the test set all 116 tasks from 2024. The final evaluation is therefore based on tasks that were
not available during training. The dataset split is presented in Table 1.

Table 1: Chronological partitioning of the dataset.

Set Number of tasks Source
Training 192 Entire 2022 set and selected tasks from 2023
Validation 40 Regional competition tasks from 2023
Test 116 Entire 2024 set

The overall experimental workflow is shown in Figure 1. After data preparation and splitting, the baseline and fine-tuned
variants of the two locally executable models were analyzed. For each of the four configurations, solutions were generated
for the tasks in the test set, followed by automatic multi-criteria evaluation and a comparative analysis of the results.

Ve hY

Dataset preparation
348 tasks, 2022-2024

|

Train / val / test split
Chronological partitioning
192 - 40 - 116 tasks

I
4 L

p
( Mistral-7B baseline W Mathstral-7B baseline
Instruct-v0.3, no fine-tuning Math-specialized, no fine-tuning

‘ Mistral-7B fine-tuned ‘ ’ Mathstral-7B fine-tuned ‘
QLoRA on competition tasks QLoRA on competition tasks

2

Solution generation
All 4 variants on test set

|

Automatic multi-criteria evaluation
Claude 3.7 Sonnet (LLM-as-judge)

CriteriaA-B-C
N J
( 4¢ .
‘ Comparative analysis j
A

Figure 1: Experimental pipeline for comparing baseline and QLoRA fine-tuned
variants of Mistral-7B-Instruct and Mathstral-7B.
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3.2. Compared Models and Fine-Tuning Setup

The experiment considered two locally executable models with seven billion parameters, but different initial purposes.
Mistral-7B-Instruct-v0.3 is a general-purpose instruction model, whereas Mathstral-7B is specialized for mathematical
and scientific tasks. Selecting models of comparable size enables a meaningful comparison of their performance and the
effects of additional domain-specific fine-tuning.

Two variants of each model were analyzed: the baseline version, without additional training on tasks from the dataset,
and the version obtained through QLoRA fine-tuning. This resulted in four experimental configurations: Mistral-7B Base-
line, Mistral-7B Fine-Tuned, Mathstral-7B Baseline, and Mathstral-7B Fine-Tuned. All variants were run locally and
evaluated on the same held-out test set.

QLoRA was applied for the domain-specific fine-tuning of both models. The hyperparameters were not fixed identically
in advance for the two models but were selected based on the results obtained during the experimental process. For each
model, the configuration that achieved the most favorable results on the validation set was retained. The key fine-tuning
parameters are presented in Table 2.

Table 2: Main QLoRA fine-tuning parameters.

Parameter Mistral-7B Mathstral-7B
LoRA rank (r) 16 16
LoRA alpha (o) 32 32
Number of epochs 5 5
Batch size 2 2
Gradient accumulation steps 16 16
Effective batch size 32 32
Learning rate 2x107* 5x107°
LR scheduler Cosine Cosine
Early stopping patience 2 2

For fine-tuning, the models were additionally configured with a LoRA dropout of 0.10, a warmup ratio of 0.10, a weight
decay of 0.05, and a maximum sequence length of 4000 tokens. The LoRA adapters were applied to the projection mod-
ules q_proj, v_proj, k_proj, o_proj, gate proj, up_proj, and down_proj. During solution generation, the maximum number
of new tokens was set to 3400, with a temperature of 0.1, a top_p value of 0.95, and a repetition penalty of 1.1.

3.3. Automatic Multi-Criteria Evaluation

An automatic evaluation procedure based on the LLM-as-a-judge approach was applied to assess the generated solutions.
For each task, the evaluation model Claude 3.7 Sonnet received the task statement, the corresponding official solution,
and the answer generated by the analysed model. The same procedure was applied to all four experimental configurations,
enabling their direct comparison on the same test set.

The choice of an automatic evaluation approach was motivated by the nature of the analysed tasks. Mathematics compe-
tition tasks require not only a correct final answer, but also a logically sound solution process and a clear explanation.
Manually assessing a large number of generated solutions would be time consuming, whereas the LLM-as-a-judge ap-
proach allows the same criteria to be applied consistently and at scale. At the same time, it enables different aspects of a
solution to be analysed separately, which is important because a correct answer does not necessarily result from valid
reasoning.

The evaluation was conducted according to three criteria. Answer Accuracy (A) refers to the correctness of the final
answer and takes a value from 0 to 1. Logical Coherence (B) assesses the logical consistency and mathematical justifica-
tion of the solution process on a scale from 0 to 1. Explanation Quality (C) evaluates the clarity, completeness, and
precision of the provided explanation, also on a scale from 0 to 1.

A separate evaluation prompt was used for each criterion so that answer accuracy, reasoning quality, and explanation
quality could be assessed independently. The aggregate score was then calculated as follows:

S =0.404 + 0.30B + 0.30C.

A higher weight was assigned to Answer Accuracy, as the correctness of the final result is particularly important in the
context of mathematics competitions. Including Logical Coherence and Explanation Quality provides a more detailed
view of how the model arrives at a solution. Although the same evaluation procedure was applied to all model variants,
the obtained scores should be interpreted as automatic comparative indicators rather than as a substitute for expert math-
ematical assessment.
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4. RESULTS AND DISCUSSION

The evaluation results for the four analyzed configurations are presented in Table 3. In addition to final answer accuracy,
the table includes the logical coherence of the generated solution process, the quality of the provided explanation, and the
aggregate score, which represents an overall measure of model performance.

Table 3: Performance comparison of baseline and fine-tuned model variants.

Model Answer Accuracy (A) Logical Coherence (B)  Explanation Quality (C)  Aggregate Score
Mistral-7B Baseline 8.5% 21.6% 28.1% 18.3%
Mistral-7B Fine-Tuned 6.5% 19.3% 26.6% 16.4%
Mathstral-7B Baseline 22.3% 23.7% 41.2% 28.4%
Mathstral-7B Fine-Tuned 24.1% 28.0% 42.9% 30.9%

A comparison of the baseline variants already reveals a clear difference between the two models. Mathstral-7B Baseline
outperforms Mistral-7B Baseline according to all three individual criteria, as well as the aggregate score. The most pro-
nounced differences are observed in final answer accuracy and explanation quality. This result indicates that prior math-
ematical specialization is relevant even when the model is applied to non-standard tasks in Serbian.

The effects of fine-tuning differ between the two analyzed models. No improvement was observed for Mistral-7B. After
additional training, the values of all three criteria decreased, and the aggregate score was therefore lower. This decline
suggests that adapting a general-purpose model to a small dataset of complex competition tasks does not necessarily lead
to better generalization to unseen examples.

A different pattern is observed for Mathstral-7B. The fine-tuned variant achieves better results according to all the criteria
evaluated. The largest improvement is recorded for the logical coherence of the solution process, while final answer
accuracy and explanation quality also increased. The aggregate score rises from 28.4% to 30.9%, making Mathstral-7B
Fine-Tuned the best-performing configuration among the four analyzed variants.

42.9%
41.2%

40

30 1 28.1%
X
=
9]
Q
2 0 A

10 1

0 . . .
Answer Accuracy Logical Coherence Explanation Quality Aggregate Score
@) B) ©
[ Mistral-7B Baseline [ Mathstral-7B Baseline

I Mistral-7B Fine-Tuned I Mathstral-7B Fine-Tuned

Figure 2: Performance comparison of baseline and QLoRA fine-tuned variants of Mistral-7B and Mathstral-7B across
the evaluation criteria on the held-out test set of 116 tasks.

The results indicate that the effectiveness of domain-specific fine-tuning also depends on the initial characteristics of the
selected model. Additional training on a relatively small corpus was not sufficient to improve the performance of the
general-purpose Mistral-7B model. In contrast, Mathstral-7B benefited more from the same type of corpus, suggesting
that fine-tuning may be more effective when it builds on previously developed mathematical reasoning capabilities.

The training dynamics are consistent with this finding. As shown in Figure 3, Mathstral-7B achieves a substantially lower
evaluation loss throughout training, with a final value of 0.620 compared with 0.991 for Mistral-7B. At the same time, its
peak evaluation mean token accuracy reaches 0.850, whereas Mistral-7B plateaus around 0.771. Notably, Mistral-7B
shows a larger gap between its final training accuracy (0.804) and evaluation accuracy (0.765), suggesting a degree of
overfitting, whereas Mathstral-7B displays almost no such divergence (0.851 vs. 0.849). These patterns indicate that
Mathstral-7B adapted more effectively during fine-tuning, which is consistent with its stronger performance on the held-
out test set.
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Figure 3: Training and evaluation loss (left) and evaluation mean token accuracy (right)
across training epochs for Mistral-7B-Instruct-v0.3 and Mathstral-7B.

At the same time, the results should be interpreted with a degree of caution. The study considers two models of comparable
size but different initial purposes, while the hyperparameters were selected based on the best results obtained during the
experimental process for each model. Therefore, the observed differences cannot be attributed to a single factor alone.
Nevertheless, the opposite directions of performance change after fine-tuning represent an important finding and justify
further investigation involving a broader range of models and larger datasets.

The results also confirm the importance of multi-criteria evaluation. Across all configurations, Explanation Quality scores
are higher than Answer Accuracy scores. This shows that models can generate responses that appear clear and well struc-
tured without necessarily producing a mathematically correct final result. Therefore, an evaluation based solely on the
final answer does not provide a complete perspective of the quality of generated solutions. On the other hand, these results
point to an additional important consideration: individuals evaluating these responses should possess sufficient experience
in interpreting mathematical reasoning, as explanation quality extends beyond answer accuracy. A response may appear
convincing due to LLMs presentation and structure, even when the underlying reasoning is incomplete or flawed. Con-
sequently, evaluators with limited mathematical expertise may overestimate the quality of a solution based on the manner
in which it is presented rather than on the validity of the mathematical argument itself.

5. CONCLUSION

This paper analyzed the effects of QLoRA fine-tuning on two locally executable models of comparable size but different
initial purposes: the general-purpose Mistral-7B-Instruct-v0.3 model and the mathematically specialized Mathstral-7B
model. The models were evaluated on mathematics competition tasks for high school students in Serbia by comparing
their baseline and fine-tuned variants using an automatic multi-criteria evaluation framework.

The results show that domain-specific fine-tuning does not affect models with different initial characteristics in the same
way. Mistral-7B exhibited a decline in performance after additional training, whereas Mathstral-7B improved across all
evaluated criteria. The most pronounced improvement was observed in the logical coherence of the generated solutions.
The difference between the models is also reflected in the training process, as Mathstral-7B achieved more favorable
results on the validation set.

These findings indicate that the choice of the initial model is an important factor when planning domain-specific fine-
tuning. A small dataset of complex competition tasks was not sufficient to improve the performance of the general-
purpose model, but it enabled further adaptation of a model already specialized for mathematical reasoning. At the same
time, the results confirm that Serbian mathematics competition tasks remain a demanding test for locally executable
LLMs.

The study is limited to two models with seven billion parameters and a relatively small dataset. Future work may include
expanding the corpus, incorporating additional mathematically specialized models, conducting a more detailed analysis
of hyperparameter effects, and validating the automatically generated scores through expert assessment. It would also be
useful to examine whether the observed pattern persists across other types of mathematical tasks and larger datasets.
Future analyses should also examine performance by mathematical domain, competition level, and task type, in order to
determine where fine-tuning produces the most significant gains.
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