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Abstract. Large Language Models (LLMs) have revolutionized natural lan-
guage processing, but their reliance on extensive computational resources and
proprietary APIs poses significant challenges for public sector applications.
Government agencies often face legal constraints, such as GDPR and LGPD,
preventing the use of external LLMs when handling sensitive data. Even when
compliance is met, the financial burden of deploying large-scale models re-
mains a major barrier. To address these challenges, we present LLM4Gov,
a privacy-preserving computational tool designed to fine-tune distilled LLMs
for government-related tasks while minimizing infrastructure costs. LLM4Gov
follows a structured teacher-student learning pipeline, where a lightweight
anonymization module first removes personally identifiable information (PII)
before any interaction with an external LLM. A teacher LLM then generates
task-specific instructions from the anonymized dataset, and a distilled student
LLM is fine-tuned using Low-Rank Adaptation (LoRA) and quantization, en-
abling deployment on resource-constrained environments. Our experimental re-
sults show that LLM4Gov consistently outperforms competitive distilled LLMs,
achieving higher accuracy while preserving privacy and interpretability.

1. Introduction

Good governance in the public sector involves designing innovative, evidence-based poli-
cies; ensuring transparency—especially in financial decisions; maintaining strong internal
controls; and promoting accountable, ethical leadership. Today, digital transformation,
driven by Artificial Intelligence and Large Language Models (LLMs), is reshaping these
processes. Public policies must keep pace, promoting more inclusive, secure, and acces-
sible services to strengthen public trust.

Large Language Models (LLMs) have transformed natural language process-
ing, enabling advanced applications in text analysis, question answering, and automated
decision-making [Chang et al. 2024]. However, their use requires high computational



resources and often depends on proprietary models like GPT-4 (OpenAl), Gemini 1.5
(Google DeepMind), Claude 3 (Anthropic), and DeepSeek. This makes them impracti-
cal due to cost and privacy concerns. The challenge is even greater for government and
public sector organizations, where privacy laws and hardware limitations restrict the use
of such models [Zhu et al. 2024]. Even if a government agency has the budget to pay
for API access to proprietary LLMs, the recurring costs can be high, and legal regula-
tions like LGPD in Brazil, GDPR in Europe, and other national data protection laws may
prevent their direct use. These challenges have driven recent research on how to incorpo-
rate LLLM advancements into the public sector while ensuring privacy and cost efficiency
[Zhang et al. 2025].

A promising approach to overcoming these limitations is the use of compact dis-
tilled LLMs, which have significantly fewer parameters and can run on limited hardware
while being tailored for specific tasks [Gu et al. 2023]. Several such models have recently
emerged, including open versions of Llama 3.1 (Meta), Phi (Microsoft), Qwen (Alibaba),
Mistral (Mistral AI), and Gemma (Google), all ranging between 7 and 14 billion param-
eters. These models require fewer computational resources, can run on more affordable
GPUs, and can be deployed locally within an organization, reducing both cost and privacy
risks. In contrast, proprietary large-scale LLMs such as GPT-4, Gemini, Claude 4, and
DeepSeek are estimated to have hundreds of billions or even over a trillion parameters.

On the other hand, distilled LLMs often fail to match the performance of propri-
etary large-scale models, which benefit from extensive pretraining on massive datasets.
To bridge this gap, Teacher-Student Fine-Tuning has gained increasing attention, where
a powerful teacher LLM generates training data or supervision signals to improve the
performance of a distilled student LLM [Tian et al. 2024]. This process enables the stu-
dent model to capture and retain task-specific knowledge from the teacher model while
significantly reducing computational requirements, preserving effectiveness in terms of
response accuracy.

Despite recent advancements in Teacher-Student Fine-Tuning for LLMs, existing
approaches remain inadequate for public sector applications. One major limitation is that
fine-tuning a student model still requires substantial computational resources, making
the process expensive and often impractical for government organizations with limited
infrastructure. More critically, privacy concerns persist, as sensitive data may be exposed
when using a proprietary teacher LLM to generate training data for the student LLM.
This creates a significant risk, as many government and public sector datasets contain
confidential or personally identifiable information that cannot be shared with external
APIs or commercial models. Given these challenges, a key research question emerges:
how can we fine-tune distilled LLMs for public sector tasks while preserving data privacy
and minimizing computational costs?

In this paper, we introduce LLM4Gov, a computational tool and fine-tuning frame-
work designed to enable the adoption of distilled LLLMs in the public sector while ad-
dressing privacy and computational constraints. Our approach ensures that sensitive gov-
ernment data is never exposed to proprietary LLM teacher models by incorporating a
privacy-preserving pipeline before fine-tuning. LLM4Gov consists of three key compo-
nents: (i) an anonymization module powered by a distilled LLM to preprocess and remove
personally identifiable information (PII) from training datasets, (ii) a teacher-student fine-



tuning process, where a powerful teacher LLM generates task-specific fine-tuning in-
structions based on the anonymized data, and (iii) a low-cost fine-tuning strategy using
LoRA (Low-Rank Adaptation) and quantization [Hu et al. 2022], thereby enabling effi-
cient training and deployment of the student LLM on resource-constrained hardware. Our
main contributions can be summarized as follows:

* Privacy-Preserving Fine-Tuning Pipeline: We explore a lightweight LLaMA-
based LLM that runs efficiently within the organization’s local infrastructure, en-
suring that sensitive data remains in a controlled environment. This anonymization
module is designed to detect and remove personally identifiable information (PII),
including names, dates, locations, and organizational references, before any inter-
action with an external teacher LLM. The module can be customized to comply
with privacy regulations such as LGPD and GDPR, as well as other organization-
specific policies. Additionally, we implement a sensitive information masking
scheme that ensures downstream tasks rely on relevant semantic patterns rather
than private data, making the model’s predictions independent of sensitive at-
tributes while preserving the usefulness of the training data.

* Task-Specific Knowledge Transfer with Anonymized Data: Instead of directly
fine-tuning a distilled model on raw public sector data, LLM4Gov leverages a
teacher LLM to generate instruction-based fine-tuning data from the anonymized
dataset, ensuring that the generated instructions focus on the textual content and
task-specific semantics rather than personal data. Additionally, LLM4Gov rein-
forces explanation-based learning by prompting the teacher LLLM to provide ra-
tionale for each decision. This approach transfers explanatory capabilities to the
student LLM while also improving the interpretability of its decisions, aligning
the model with transparency requirements in public sector applications.

e Student LLLM Fine-Tuning via LoRA and Quantization: To minimize computa-
tional costs, LLM4Gov adopts parameter-efficient fine-tuning (PEFT) techniques,
specifically Low-Rank Adaptation (LoRA) and quantization, allowing for efficient
training and deployment of LLMs in environments with limited resources. LoRA
is a fine-tuning method that freezes the original model weights and adds small
trainable layers, significantly reducing the number of parameters that need to be
updated [Hu et al. 2022]. Quantization improves efficiency by reducing the preci-
sion of model weights and activations (e.g., from FP16 or FP32 to INTS or lower).
This lowers memory usage and speeds up inference [Jin et al. 2024].

We carried out an experimental evaluation of LLM4Gov to assess its effectiveness
in real-world public sector applications. The evaluation considered legal document clas-
sification. We compared LLM4Gov against two commonly used distilled LLMs designed
for privacy-aware and resource-constrained environments and the results showed that
LLM4Gov outperformed existing approaches in both task accuracy and explanation qual-
ity, demonstrating its ability to provide interpretable and useful outputs while maintain-
ing computational efficiency. We make LLM4Gov available as an open-source software
in the project’s GitHub repository at https://github.com/LABIC-ICMC-USP/
11lmdgov.



2. Problem Definition

Let D = {(y,y:)}Y, be a training dataset, where x; represents the input text and y;
represents the expected output for a given task. Due to privacy constraints, we define an
anonymization function, as shown in Equation 1, which transforms the original dataset
into an anonymized version D:

where Z; is the anonymized version of x;, ensuring that personally identifiable information
(PII) and other sensitive details are removed while preserving the task-relevant semantics.

Given the anonymized dataset D = {(Z;, v;)},, a teacher LLM T generates a
set of task-specific instructions, as defined in Equation 2:

I ={(&,s:) iy 2)

where s; = T'(Z;) represents the instructional output generated by the teacher model 7,
which refines and structures the task in a format suitable for fine-tuning a student LLM.

The goal is to fine-tune a student LLM S so that its output distribution approxi-
mates that of the teacher LLM given an instruction-based prompt. We define the proba-
bility distribution of a LLM model M generating a token sequence Y given input X as
follows:

Y]
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where Py (y¢| X, y<;) represents the probability of the next token y, being generated given
the input X and the previously generated tokens 3.

To ensure that the student model S approximates the teacher model 7', we aim to
minimize the difference between their output distributions. This is achieved by reducing
the cross-entropy loss, as defined in Equation 4:
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where Pr represents the teacher model’s probability distribution over token sequences,
and Ps represents the student model’s probability distribution after fine-tuning. However,
the loss function in Equation 4 cannot be directly computed, as the teacher LLM does
not generate full probability distributions over token sequences but rather instruction-
based outputs. To approximate this objective, LLM4Gov decomposes the problem into
three stages: anonymization, teacher-student instruction generation, and fine-tuning, as
described in the following sections.



3. LLLM4Gov

3.1. Anonymization of Sensitive Information

As described in Section 2, the first step in LLM4Gov is the transformation of the original
dataset D into an anonymized version D (Equation 1). This step ensures that personally
identifiable information (PII) is removed before any interaction with the teacher LLM 7',
addressing privacy concerns while preserving the essential task-related semantics.

To achieve this, we employ a distilled LLaMA 3.1 model with 8 billion parame-
ters, specifically fine-tuned for named entity recognition (NER) and anonymization tasks.
The anonymization process consists of two main components:

* Entity Recognition and Masking: The model identifies PII entities such as
names, addresses, emails, phone numbers, and organizational references, replac-
ing them with structured placeholders (e.g., [NAME], [ADDRESS], [EMAIL]).

* Context Preservation: While removing sensitive information, the model ensures
that sentence structure, grammar, and the core meaning of the text remain intact,
allowing the downstream task to operate without relying on private attributes.

The anonymization model operates based on a structured LLM system prompt,
ensuring consistency and flexibility across different types of text data. This prompt is
detailed in Table 1.

System Prompt for Anonymization

”You are an expert at anonymizing sensitive information in text. Your task is to replace personal
or sensitive data with generic placeholders while preserving the structure, grammar, and meaning
of the original text. Ensure that you maintain the original language of the input text. The place-
holders should be descriptive yet generic, such as [NAME], [EMAIL], [PHONE], [ADDRESS],
[ID_.NUMBER], etc. Do not alter the text beyond anonymization.

The output must be a valid JSON object with exactly two keys: *output’ and ’explanation’.

- “output’: The anonymized text, where sensitive entities are replaced with placeholders. - *expla-
nation’: A brief description of the anonymized entities and their replacements.”

Table 1. System prompt used for anonymization of input text.

To illustrate the anonymization process, consider the input text containing sensi-
tive information, as shown in Table 2. After processing through the anonymization model,
the output is structured as depicted in Table 3. Note that we enforce the output format to
be JSON to facilitate integration with subsequent stages of the LLM4Gov pipeline.

John Doe lives at 123 Main St, Springfield. His email is johndoe @example.com,
and his phone number is (555) 123-4567.

Table 2. Example of input text before anonymization.



Anonymized Output (JSON)

{
"output": "[NAME] lives at [ADDRESS]. His email is [EMAIL],
and his phone number is [PHONE].",

"explanation": "Replaced ’John Doe’ with [NAME],
123 Main St, Springfield’ with [ADDRESS],
" johndoe@example.com’ with [EMAIL],
and ’ (555) 123-4567" with [PHONE]."

Table 3. Example of anonymized output in JSON format.

3.2. Task-Specific Knowledge Transfer with Anonymized Data

As defined in Section 2, LLM4Gov aims to fine-tune a student LLM S to approximate
the behavior of a larger teacher LLM 7', while ensuring privacy by operating on the
anonymized dataset D obtained through Equation 1. Since the direct computation of the
loss function in Equation 4 is not feasible due to the nature of instruction-based outputs,
LLM4Gov approximates this process by generating structured fine-tuning data using a
teacher LLM.

For each anonymized input Z;, the teacher LLM 7' generates an instruction s;
according to Equation 2. Remeber that the goal is to define a training set in the form of
structured instruction-based data I = {(7;, s;) }¥,, where s; is not a direct token sequence
distribution but rather a structured response that provides task-specific guidance for fine-
tuning the student model. The structured format follows a triplet representation:

(instruction, input, output) 3)

where instruction specifies the task to be performed, input = 7; is the anonymized doc-
ument, and output is a structured response in JSON format, containing model-generated
predictions and explanations. If labeled data exists, the JSON output is pre-filled with an-
notations, guiding the teacher LLM to focus on explaining the labeled information rather
than inferring it.

The instruction generation follows a structured system prompt that standardizes
task definition, input handling, and expected output formatting. Table 4 provides an
overview of this prompt.

System Prompt Structure for Instruction Generation

Task Definition: instruction
Input Document (Anonymized): anonymized_text
Expected Output Schema (JSON Format): json_output

Table 4. General structure of the system prompt for instruction generation.



The generated dataset / forms the basis for fine-tuning the student LLM S, en-
suring that it learns task-specific knowledge while aligning its probability distribution
Ps(Y'|Z;) with the teacher’s probability distribution Pr(Y'|Z;), as described in Equation
4.

3.3. Student LLLM Fine-Tuning via LoRA and Quantization

LLM4Gov fine-tunes a LLaMA 3.1 model with 8 billion parameters using 4-bit quan-
tization, significantly reducing memory requirements. The quantization process con-
verts high-precision floating-point model weights into lower-bit representations. The final
weight representation after quantization is given by

W, = Q(Wy + AB) (6)

where ()(+) is the quantization function that maps floating-point values to lower-bit rep-
resentations (e.g., INT4). This allows LLM4Gov to run on lower-end GPUs while main-
taining fine-tuning flexibility through LoRA updates.

Fine-tuning a full LLM requires updating all model parameters, which is com-
putationally expensive. Instead, LLM4Gov use LoRA to freeze the pre-trained model
weights and introduces trainable low-rank matrices, reducing the number of updated pa-
rameters while preserving the knowledge captured during pretraining. Let W, be the
original weight matrix of a given layer. Instead of directly updating W, LoRA introduces
two low-rank matrices A € R¥" and B € R"*¥, where r is the rank of the update. The
adapted weight matrix is then computed as

W =W,+ AB (7)

where W, remains frozen and only the low-rank matrices A and B are trained. Since
r < d, k, this significantly reduces the number of trainable parameters.

Using the notation from Section 2, let Ps(y;|%;, y<;) represent the probability dis-
tribution of the student LLM over token sequences, as defined in Equation 3. The objec-
tive of fine-tuning in LLM4Gov is to update the student model’s parameters to minimize
the loss function in Equation 4 while keeping most of the original model weights frozen.
By incorporating the LoRA update from Equation 7, the probability of generating a token
Yy 1s redefined as

Ps(yt|551;, Y<t, W) = PS(Z/t’i’m Yer, Wo + AB) (8)

Since only A and B are trainable, the fine-tuning optimization is constrained to

N sl
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where the objective remains to align Ps with Pr, but now using a parameter-efficient
update mechanism.



4. Experimental Evaluation

4.1. Datasets

We used a legal document dataset, corresponding to a specific task relevant to pub-
lic sector applications. The texts were preprocessed by the anonymization module of
LLM4Gov before any further processing. Table 5 summarizes the main characteristics of
each dataset, including the number of training and test instances and the targets generated
by the teacher LLM.

Dataset Instances (Train/Test) Task Targets (JSON Keys)
Legal Documents 1984 /851 Classification "category"

Table 5. Characteristics of the datasets used for evaluation.

An anonymized version of the dataset used in our experiments will be made pub-
licly available in the final version of the paper to ensure the reproducibility of our results.
Alongside the dataset, we will also release the source code of the LLM4Gov framework
and all scripts used for training and evaluation.

4.2. Evaluation Criteria

We compared LLM4Gov against two commonly used distilled LLMs designed for
privacy-aware and resource-constrained environments: LLaMA 3.1 (8B) and DeepSeek-
R1 (7b). All models were evaluated using the same prompts in a zero-shot setting, en-
suring a fair comparison. The comparison with LLaMA 3.1 is particularly relevant, as
it served as the base model for fine-tuning LLM4Gov. DeepSeek-R1, on the other hand,
represents a recent approach that applies reasoning-oriented fine-tuning to LLaMA mod-
els, offering an interesting benchmark for evaluating instruction-following and reasoning
capabilities in compact LLMs.

For each baseline, the anonymized test data was used as input, and the models
were prompted to produce outputs in the same structured JSON format as LLM4Gov. In
LLM4Gov, the anonymized data was also used during inference, ensuring consistency
across evaluations.

To measure performance, we adopted Precision, Recall, and F1-score, computed
using BertScore [Zhang et al. 2019]. This approach evaluates the similarity between the
outputs of the distilled models and those of the teacher LLM, assessing both correctness
and semantic closeness. Given that outputs are structured JSON objects, the evaluation
was performed on a per-target basis, comparing each generated key individually.

4.3. Results

Table 6 presents the evaluation results. The results indicate that LLM4Gov consistently
outperformed all baselines in terms of Precision, Recall, and F1-score, demonstrating its
ability to generate outputs more aligned with the teacher LLM while maintaining compu-
tational efficiency.

Across all datasets, LLM4Gov achieved the highest F1-score, confirming that its
fine-tuning strategy enhances the quality of outputs compared to other distilled LLMs.



Model Precision (P) | Recall (R) | F1

LLaMA 3.1 (8B) 0.765 0.748 0.756
DeepSeek-R1 (7B) 0.663 0.698 0.680
LLM4Gov (ours) 0.788 0.789 0.788

Table 6. Evaluation results for the legal document classification dataset.

The performance improvements suggest that the teacher-student training pipeline effec-
tively transfers knowledge while preserving privacy. The consistent gains in precision
and recall also indicate that the method produces more reliable and interpretable outputs,
making it well-suited for government applications. Despite being fine-tuned for reasoning
tasks, DeepSeek-R1 did not perform as well as expected, achieving lower scores across
all metrics. This suggests that reasoning capabilities alone are not sufficient for domain-
specific tasks such as legal text classification. The lack of fine-tuning with in-domain data
appears to limit its effectiveness, reinforcing the importance of aligning models with the
linguistic and conceptual nuances of the target domain.

To illustrate the evaluation metrics in practice, the following comparison provides
a concrete example contrasting the Ground Truth annotations with the output generated
by the fine-tuned LLM4 Gov model and the predictions from the base LLaMA 3.1 model
(without fine-tuning). Each output includes four fields—summary (resumo), keywords
(palavras_chave), labels (rotulos), and explanation (explicacao) — enabling
a analysis of performance and alignment with the original document.

Ground Truth
{
"resumo": "O Estado de [STATE] solicitou a suspensao de todos os
processos nacionais relacionados mesma questdo juridica

discutida no recurso extraordindrio, que trata do direito dos
servidores publicos a indenizacdo devido falta de reposigado do
poder aquisitivo dos vencimentos. O Ministro relator indeferiu o
pedido, apontando a excepcionalidade da suspensdo e o possivel
conflito com o acesso ao Judicidrio.",
"palavras_chave": ["suspensdao de processos", "direito dos servidores"
"indenizacado", "reposicdo do poder aquisitivo", "repercussao
geral"],
"rotulos": ["SISTEMA REMUN", "SERVIDOR PUBLICO CIVIL", "DIREITO
ADMINISTRATIVO E OUTRAS MATERIAS DE DIREITO PUBLICO"],
"explicacao": "Os rdétulos foram atribuidos com base em partes especi
ficas do texto: ’SISTEMA REMUN’ estd relacionado ao tema da
reposigdo do poder aquisitivo dos vencimentos dos servidores,
indicando preocupagdo com as condigdes remuneratdrias. ’SERVIDOR
PUBLICO CIVIL’ € relevante porque o texto discute o direito dos
servidores a uma indenizacao. ’'DIREITO ADMINISTRATIVO E OUTRAS
MATERIAS DE DIREITO PUBLICO’ estao presentes, pois o caso envolve
uma questdo juridica de ordem administrativa, que afeta a
administracdo publica e o direito dos servidores."

LLM4Gov (Fine-Tuned)



"resumo": "O texto trata de um pedido de suspensdao de processos
judiciais pendentes sobre a matéria do direito a indenizacdo por
inobservadncia da reposicdo do poder aquisitivo dos vencimentos,
com repercussao geral reconhecida pelo Supremo Tribunal Federal.
O pedido de suspensao foi indeferido, pois a norma processual
questionada seria excepcional, levando em consideracdo o tempo
necessario para Jjulgar todos os processos e a garantia
constitucional de acesso ao Judiciario.",

"palavras_chave": ["repercussao geral", "indenizagao", "direito
aquisitivo", "Cdédigo de Processo Civil", "jurisdicgao"],

"rotulos": ["DIREITO DO TRABALHO", "SISTEMA REMUNERATORIO E BENE", "
BASE DE CALCULO", "JURISDICAO E COMPETENCIA"],

"explicacao": "O texto aborda a suspensao de processos, Jjurisdigao e
a discussdo de matéria juridica relevante, que inclui a reposicéo

do poder aquisitivo dos vencimentos, o que estd relacionado a
direito trabalhista e sistema remuneratdério, bem como a base de c
dlculo de beneficios e o direito a indenizacdo. Além disso, a men
cdo ao Cdédigo de Processo Civil e ao direito de acesso ao Judicia
rio reforca a relacdo com o direito administrativo e matéria
processual civil."

LLaMA 3.1 (Base Model)
{

"resumo": "Peticdo ao STF para determinar a suspensao de processos
pendentes sobre a definigdo do direito dos servidores a indenizacg
do, ante a inobservancia da cldusula constitucional da reposicgéao
do poder aquisitivo dos vencimentos.",

"palavras_chave": ["Repercussao Geral", "Sobrestamento de Processos",

"Direitos dos Servidores", "Indenizacao"],
"rotulos": ["DIREITO DO TRABALHO", "LIMITACOES AO PODER DE TRIBUTAR",
"EXTINCAO DO CREDITO TRIBUTARIO"],

"explicacao": "Os rdtulos foram escolhidos com base na discussao
sobre os direitos dos servidores, indenizacdo e limitacdes ao
poder de tributar. A peticado visa determinar a suspensao de
processos pendentes sobre essa matéria, o que estd relacionado

extincdo do crédito tributdrio."

LLM4Gov demonstrates a better alignment with the Ground Truth by correctly identify-
ing core legal themes such as "SISTEMA REMUNERATORIO”, "JURISDICAO”, and
the broader administrative and labor law context. Its summary and explanation show a
more nuanced understanding of the legal reasoning and structure compared to the base
model. In contrast, LLaMA 3.1 (Base) captures the general idea but misclassifies the
domain-specific legal labels, introducing unrelated categories such as "LIMITACOES AO
PODER DE TRIBUTAR”, which are not contextually appropriate.

5. Related Work

The growing need for efficient adaptation of Large Language Models (LLMs) has led
to the development of teacher-student fine-tuning techniques, particularly for reducing
computational costs while preserving performance. Several recent works have explored



knowledge distillation approaches, including TinyLLM [Tian et al. 2024] and MiniLLM
[Gu et al. 2023]. These methods have demonstrated significant improvements in reason-
ing and efficiency by transferring structured knowledge from large teacher models to com-
pact student models.

Despite these advances, existing works do not fully address the challenges of ap-
plying teacher-student fine-tuning in the public sector, where privacy, compliance, and
deployment constraints are critical. The literature lacks methods specifically tailored
for governmental Al applications, where models must be fine-tuned on anonymized data
while maintaining transparency, accountability, and interpretability. Table 7 compares
existing approache, highlighting gaps in the current literature.

Approach

Key Idea

Advantages

Limitations

TinyLLM [Tian et al. 2024]

Multi-teacher distillation with
Chain-of-Thought reasoning.

Improves student model rea-
soning and accuracy. Outper-
forms larger LLMs in certain
benchmarks.

Requires multiple LLM teach-
ers, increasing computational
cost. Focused on reasoning,
not general NLP.

MiniLLM [Gu et al. 2023]

KL divergence optimization
for better knowledge transfer.

Enhances response accuracy
and calibration. Generalizable
across multiple LLM families.

Assumes white-box access to
teacher models. No focus on
privacy.

LLM4Gov (Proposed)

Teacher-student  fine-tuning
with anonymized training data
for public sector applications.

Domain-specialized model for
government tasks. Ensures pri-
vacy compliance. Enables ef-
ficient deployment in local in-

Reliance on teacher-generated
instructions. Requires further
optimization for teacher LLM
bias mitigation.

frastructures.

Table 7. Comparison of existing fine-tuning approaches and LLM4Gov.

We do not perform a direct empirical comparison with TinyLLM or MiniLLM, as
these approaches were not designed with privacy-aware constraints in mind. Both meth-
ods assume unrestricted access to training data and teacher models, without addressing the
strict requirements of anonymization, compliance, and local deployment that are essential
in public sector scenarios.

6. Concluding Remarks

In this work, we introduced LLLM4Goyv, a privacy-preserving teacher-student fine-tuning
framework designed for public sector applications. Our approach ensures compliance
with data protection regulations by employing an anonymization module that removes
personally identifiable information (PII) before interacting with an external teacher LLM.
LLM4Gov further enhances model efficiency by using instruction-based fine-tuning on
anonymized data and leveraging parameter-efficient fine-tuning techniques, such as LoRA
and quantization, to reduce computational costs.

Through experimental evaluation on three real-world government-related
tasks—legal document classification, electronic invoice enrichment, and research project
categorization—LLM4Gov consistently outperformed competitive distilled LLMs across
all datasets. The results demonstrated that our approach not only achieves higher accu-
racy in task resolution but also generates more interpretable outputs due to the integra-
tion of explanation-based learning during the fine-tuning process. Despite its advantages,
LLMA4Gov presents some limitations. First, while anonymization mitigates privacy risks,
it may inadvertently remove useful contextual information, potentially impacting model
performance in specific scenarios. Second, the reliance on teacher-generated instructions



means that the quality of fine-tuning data depends on the robustness of the teacher LLM,
which may introduce biases or inconsistencies.

Future work includes exploring adaptive anonymization strategies that preserve
task-relevant context while ensuring privacy. Additionally, we aim to investigate more
efficient knowledge transfer techniques to further improve the generalization of student
models. Another direction involves integrating LLM4Gov into public sector platforms,
enabling real-world deployment and evaluation in large-scale government Al applica-
tions. For example, integrating LLLM4Gov into the “Observatory of the National Agenda
for Graduate Education” of CAPES/MEC aims to support the governance of public pol-
icy focused on the training and retention of master’s and doctoral degree holders in the
strategic and priority areas identified by Brazil’s 27 federal units.
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