
Comparing Prompt-based LLMs, Fine-Tuning, and Classical
Models for Legal Text Classification in Portuguese

Willgnner Ferreira Santos1, Arlindo Rodrigues Galvão Filho2,
Sávio Salvarino Teles de Oliveira1, João Paulo Cavalcante Presa1

1Institute of Informatics (INF) – Federal University of Goias (UFG)
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Abstract. This study compares fine-tuned Transformer models, LLMs with
prompting, and traditional models in Portuguese legal text classification. A new
Portuguese dataset was introduced for empirical evaluation. Four input formats
were tested in prompting, complete text, summaries, centroids, and descriptions.
Summaries achieved effective performance with reduced token usage. Similarly,
KNN proved competitive in resource-limited scenarios. Input format and model
capacity affected performance. The study discusses trade-offs between efficiency
and interpretability. Guidelines are proposed for choosing effective strategies in
legal NLP tasks.

1. Introduction

Judicial systems face pressures stemming from increased case volumes and
shortages of qualified personnel [Berman et al. 2021, Aguiar et al. 2021]. This sce-
nario requires technological tools that can support the classification and organization
of large volumes of legal documents. The identification of procedural elements can
impact workflow efficiency. Artificial Intelligence (AI) has contributed to automat-
ing repetitive tasks in the legal field [Pandey and Malik 2022]. In countries such as
the United States (USA) and European nations, AI-based systems are already em-
ployed in contract analysis, document categorization, and judicial decision predic-
tion [Mills and Uebergang 2017, Kiesow Cortez and Maslej 2023, Nonato 2022]. Large
Language Models (LLMs) [Moraes et al. 2024] have demonstrated a strong capability in
handling semantic complexity in classification and information extraction tasks in legal
texts.

While LLMs have achieved promising results in legal tasks, their performance
depends on how they are applied in specific contexts. Strategies such as the use of
prompt-guided LLMs, classical discriminative models, and fine-tuned architectures rep-
resent distinct approaches that can be compared regarding effectiveness, robustness, and
computational feasibility. Prompt-based methods stand out for their ease of applica-
tion, eliminating the need for retraining, which is beneficial in scenarios with limited
resources [Elov et al. 2023]. On the other hand, Machine Learning (ML) techniques, such



as Naive Bayes with Term Frequency-Inverse Document Frequency (TF-IDF) vectors, of-
fer an interpretable and low-cost baseline. Meanwhile, Bidirectional Encoder Representa-
tions from Transformer (BERT) models fine-tuned for the legal domain have the potential
to capture deep linguistic nuances, but require greater computational investment.

This work performs a systematic comparison between these three approaches,
evaluating their performance on the multiclass classification task of legal petitions in
Portuguese, originating from a Brazilian Public Defender’s Office [DPE-GO 2025], in
which the shortage of professionals [ANADEP 2021] and the complexity of legal texts
create challenges for automation. We introduce a new Portuguese dataset, with the aim
of fostering future research in legal Natural Language Processing (NLP). To our knowl-
edge, this is one of the first studies to compare in an integrated manner models based on
prompting, traditional ML, and BERT fine-tuning for legal documents in the Portuguese
language [Aguiar 2025].

2. Related Work
Language models have been trained on large volumes of unannotated text, exploit-

ing self-supervised learning techniques. According to their architecture, these models can
be grouped into three categories. The first encompasses encoder-based models, such as
BERT, which follows the pre-training followed by fine-tuning paradigm for NLP tasks.
During pre-training, masked language modeling prediction is used, and subsequently, the
model is adapted with labeled data for specific tasks [Devlin et al. 2019, Liu et al. 2019a,
Sun et al. 2020, Clark et al. 2019, Liu et al. 2019b].

The second category comprises decoder-only models, such as the Generative Pre-
trained Transformer (GPT), which adopts an autoregressive approach to predict the next
token in a text sequence [Radford et al. 2019]. Models like GPT-3, DeepSeek, Google
Gemini [Rahman et al. 2025] formalize NLP tasks as text generation problems condi-
tioned on an input prompt [Brown et al. 2020]. The third category involves architec-
tures with combined encoder and decoder components, such as the Text-to-Text Trans-
fer Transformer (T5), which unifies multiple tasks under a single text input and output
structure [Raffel et al. 2023, Lewis et al. 2019, Xue et al. 2021].

LLMs have been utilized in legal scenarios to classifying documents through dif-
ferent prompting strategies. These models demonstrate the ability to handle complex
linguistic constructions, making them suitable for domains where semantic precision is
important [Radford et al. 2019, Dai et al. 2019, Keskar et al. 2019]. Furthermore, recent
prompting strategies, such as the Clue And Reasoning Prompting (CARP) method, have
been proposed to address nuanced linguistic challenges in legal text classification, such
as distinguishing between similar legal outcomes based on subtle argumentative differ-
ences, for instance, discerning between a granted and a partially granted habeas cor-
pus [Sun et al. 2023]. Despite these advancements, traditional supervised learning ap-
proaches continue to play a role in legal NLP tasks, including contexts with limited re-
sources or data. Several studies have explored such methods in legal settings.

In parallel to these innovations in LLMs, classical ML techniques have also re-
mained and continue to be investigated in legal NLP research. For instance, Sil and
Roy [Sil and Roy 2021] proposed a system based on multiple classical classifiers (in-
cluding Multi-Layer Perceptron (MLP), k-Nearest Neighbors (KNN), and Support Vector



Machine (SVM)) for defendant identification in domestic violence cases in India, with
promising results on datasets collected from state courts. Chen et al. [Chen et al. 2022]
conducted a comparative study between random forest and deep learning models, demon-
strating that, in certain legal contexts in the USA, models based on specific conceptual
features can outperform deep neural networks when accompanied by efficient feature se-
lection.

On the other hand, Trautmann [Trautmann 2023] introduces the concept of prompt
chaining for extensive legal documents, utilizing intermediate summaries and contextual
examples to guide language models toward more precise classifications. These studies
illustrate the diversity of strategies currently in use for automated legal text processing,
emphasizing the importance of comparative evaluations between prompt-based models,
traditional ML techniques, and fine-tuning of Transformer architectures, as conducted in
this work. Furthermore, the use of a Portuguese language dataset, still underexplored in
the literature, expands the empirical scope in the field of legal NLP.

3. Methodology

The case study was based on a dataset of 3,458 legal documents in Portuguese,
provided by the DPE-GO and manually labeled into 24 procedural categories. Due to
restrictions imposed by the General Data Protection Law (LGPD) and institutional guide-
lines, the original data could not be released publicly. To support the experiments, a syn-
thetic corpus was generated using the Sabiá-3.1 language model [Abonizio et al. 2024],
preserving the structural characteristics of the original dataset while ensuring the absence
of sensitive or identifiable information.

Table 1 presents columns indicating the total number of documents (Total), the
training subset used in generating summaries and centroids (Training Set), the test subset
employed in the classification task (Test Set), the average word count (Avg. Words), the
standard deviation of words (Std. Words), the average character count (Avg. Chars),
and the standard deviation of characters (Std. Chars). This structuring was adopted
in approaches with prompt-based models, which operate on representations synthesized
from the training set, while the test set remained reserved for inference. For experiments
with ML algorithms and fine-tuning, the data were used as detailed in Subsections 3.3 and
3.4. The text length statistics were calculated from the complete set of original documents
(Total), disregarding the subsets used for training and testing.

3.1. Data Preprocessing and Normalization

The documents were converted .docx format to ensure structural uni-
formity, given the diversity of original formats, such as .odt, .pdf, and
.html [Modrušan et al. 2020]. In the text cleaning stage, non-textual elements,
HyperText Markup Language (HTML) tags, and other artifacts were removed
[Pichiyan et al. 2023]. The linguistic normalization process included case standardiza-
tion (uppercase and lowercase), accent removal, lemmatization, and stopword removal,
following best practices for improving the quality of text vectors used in NLP mod-
els [Palanivinayagam et al. 2023]. The resulting data were organized in tabular format,
with unique identifiers and respective procedural categories. To meet legal data protec-
tion requirements, an anonymization process based on regular expressions was applied,



aimed at removing sensitive information, such as proper names, personal documents (In-
dividual Taxpayer Registry (CPF), General Registry (RG)), addresses, and financial data.
Anonymization quality was ensured via automated checks complemented by manual re-
view. The final dataset, already anonymized, was stored in Comma Separated Values
(.CSV) and .XLSX formats, to facilitate its integration with classification pipelines.

Table 1. Number of texts and text size statistics per legal category across full,
evaluation, and classification sets

Category Total Training Set Test Set Avg. Words Std. Words Avg. Chars Std. Chars

EXTINCTION-OF-
PUNISHABILITY

500 100 400 447.5 483.8 3684.5 3972.5

APPEAL 441 90 351 1430.2 660.1 11807.7 5493.5
CHALLENGE 425 75 350 780.8 497.6 6414.2 4078.8
EMBARGOES 304 70 234 652.6 453.8 5322.2 3707.6
APELACAO 296 65 231 1029.5 554.2 8332.2 4514.0
CIVIL-REGISTRY 236 50 186 677.4 412.1 5443.3 1564.0
PAROLE 218 45 173 523.2 493.7 4411.3 3348.6
PARDON-COMMUTATION 170 40 130 502.6 368.2 5022.6 3682.3
ENFORCEMENT-OF-
JUDGMENT

150 35 113 565.6 174.3 4542.4 1415.2

OFFICIAL-LETTERS 147 30 117 192.2 90.5 1653.2 940.5
DAMAGES 143 30 113 1879.6 835.7 15135.4 6731.7
PRE-ENFORCEMENT-
OBJECTION

86 20 78 1303.5 619.0 10743.1 5286.6

TRANSFER-OF-EXECUTION 85 20 65 1022.4 493.1 2527.1 2231.4
ADVERSE-POSSESSION 42 20 22 1226.6 400.6 9649.6 3182.8
SENTENCE-UNIFICATION 35 15 24 486.8 412.2 3941.7 3223.2
HABEAS-CORPUS 28 15 21 1723.7 675.7 14468.1 5780.1
NEGATIVE-NOTIFICATION 26 15 11 102.4 97.6 885.1 456.7
CONDOMINIUM-
DISSOLUTION

26 15 11 898.0 341.9 7883.1 2660.1

SENTENCE-REMISSION 25 15 10 369.2 299.4 3908.9 2409.6
SENTENCE-PROGRESSION 19 15 4 208.4 174.1 1788.4 1462.7
PAYMENT-INTO-COURT 16 10 8 386.7 298.5 8161.1 2779.7
COUNTER-ARGUMENT-TO-
APPEAL

15 10 5 986.7 613.7 8030.2 5019.2

TEMPORARY-RELEASE 13 10 3 455.8 309.3 3867.1 2531.1
JUDICIAL-ORDER-OF-
RELEASE

12 10 2 526.1 93.9 4251.9 697.0

3.2. Exploratory Analysis and Feature Engineering for Baseline Classification

To understand the intrinsic complexity of the legal document classification task
and establishing a baseline using traditional supervised learning algorithms, an ex-
ploratory analysis of class separability was conducted, followed by the definition of struc-
tured features.

Linear separability between procedural categories was investigated through the
projection of document vectors into a two-dimensional space. Each petition was rep-
resented as a sparse vector based on TF-IDF weights, which reflect the relative rele-
vance of terms in the document compared to the rest of the corpus. For dimensional-
ity reduction, the t-Distributed Stochastic Neighbor Embedding (t-SNE) algorithm was
applied [Balamurali 2021], enabling the visualization of document distribution in a two-
dimensional plane. Figure 1 illustrates the points corresponding to documents, color-
coded according to their class. The analysis revealed overlap between different categories,
with greater confusion observed among those with semantic or contextual similarity, sug-



gesting low linear separability. This result indicates potential limitations of methods based
on simple vectorial representations for this task.

Figure 1. 2D t-SNE projection of document embeddings using TF-IDF. Colors
represent different legal categories. Overlap between classes suggests low sep-
arability

For the construction of baseline classification models, including logistic regres-
sion, KNN, and Naive Bayes, two types of features were defined. The first corresponds
to the TF-IDF representation of documents, configured with minimum and maximum fre-
quency parameters to filter common or rare terms, and with support for unigrams and
bigrams, allowing the capture of local dependencies between words. The second feature
considered was the total document length, measured in number of words, with the hy-
pothesis that variations in textual size may reflect differences between procedural classes,
given the diversity of legal requirements and argumentative contexts.

These descriptors, by combining lexical and structural information, provided an
interpretable and easily implementable foundation to feed the supervised models evalu-
ated in this study.

3.3. Experimental Configuration Conventional ML Models
This work evaluated three supervised algorithms used in classification

contexts, logistic regression [LaValley 2008], KNN [Peterson 2009], and Naive
Bayes [Webb 2017]. These models were chosen due to their low computational com-
plexity and adequate interpretability, compatible with the demands of the proposed prob-
lem. Experimental validation was conducted through stratified five-fold cross-validation,
ensuring the maintenance of class proportions and providing consistent performance esti-
mates, without requiring high-performance infrastructure.

The experiments involving traditional models included hyperparameter tuning for
each algorithm. For Naive Bayes, the smoothing parameter α was tested across values



ranging from 0.01 to 10, along with the evaluation of whether to incorporate prior class
probability adjustment. For K-Nearest Neighbors, the number of neighbors was varied
between 3 and 19, using both uniform and distance-based weighting schemes, and con-
sidering three distance metrics, Euclidean, Manhattan, and cosine. The search algorithm
and leaf size were maintained at their default configurations. In the case of logistic re-
gression, an optimizer suitable for large datasets and regularized models was used, with
L2 penalty, up to 1,000 training iterations, and a fixed regularization strength of 1.0. Mul-
ticlass classification was performed using through a one-vs-rest strategy.

3.4. Fine-Tuning Pretrained Transformers

This study fine-tuned three Transformer architectures from HuggingFace
[Jain 2022], namely BERTimbau Large, BERTimbau Base [Souza et al. 2020], and
XLM-RoBERTa [Goyal et al. 2021]. Models were evaluated on Portuguese le-
gal text classification with 24 procedural categories. Tokenization used respective
AutoTokenizers with 512-token maximum length, truncation, and padding. This
limit complies with BERT architectural constraints, and although truncation may cause
content loss in longer documents, prior analyses showed classification features appear in
opening segments. Attention masks ensured consistent gradient propagation. The dataset
was split using stratified sampling into 80% for training, 10% for validation, and 10% for
testing, with a fixed random seed for reproducibility. Training used supervised learning
with accuracy, precision, recall, and weighted F1-score monitoring. Early stopping ap-
plied after three epochs without validation loss improvement. Hyperparameters were stan-
dardized across models, including the AdamW optimizer with a learning rate of 1×10−5,
epsilon of 1× 10−8, weight decay of 0.2 (excluding normalization and bias terms), batch
size of 32, linear learning rate decay, and gradient clipping at an L2-norm of 1.0. Training
used Graphics Processing Unit (GPU) acceleration with Compute Unified Device Archi-
tecture (CUDA) support. Model parameters and evaluation metrics were serialized for
reproducibility.

The codes implemented in this study, including the classification routines, experi-
mental setup, and synthetic data, are available in the GitHub repository.1

3.5. Setup of Prompt-Based Models

The approaches evaluated in this stage combine text preprocessing, instruction
formulation, and zero-shot classification through LLMs. Although initially referred to as
textual representation strategies, they differ from classical techniques such as TF-IDF and
embeddings, as they incorporate instructional elements and contextual inference guided
by examples. For greater terminological clarity, we adopt the term prompt-based input
strategies.

Model selection considered three criteria, namely Application Programming In-
terface (API) accessibility, support for extended context windows suitable for extensive
legal texts, and proven performance in multilingual tasks. Models from the Large Lan-
guage Model Meta AI (LLaMA-3) family [Meta 2024] were used, along with smaller
variants such as Mixtral-8x22B [Mixtral 8x22B 2024], Mistral-7B [Mixtral 8x7B 2024],

1https://github.com/Willgnner-Santos/llm-legal-benchmark-pt

https://github.com/Willgnner-Santos/llm-legal-benchmark-pt


and LLaMA-3.2-3B [Llama-3.2-3B 2024], all executed through the Together AI plat-
form [Together AI 2025], ensuring experimental uniformity. The choice for prompt-
based techniques are justified by their by their adaptation capability without requiring
re-training, an aspect in contexts with computational resource constraints and scarcity of
labeled data.

In the original text-based strategy, the model receives the complete document
content, followed by a direct instruction to classify it into one of the predefined cate-
gories. A typical prompt follows the structure: “Classify the following legal petition into
one of the predefined categories. Return only the category.” The full list of categories was
embedded in the prompt. The model’s output, a predicted label, was then normalized for
comparison and evaluation. Despite total preservation of semantic and contextual con-
tent [Wan et al. 2019], computational cost is high (average of 1,614 tokens) and accuracy
may be impacted by noise in extensive texts. The summary-based strategy reduces doc-
uments to condensed versions of approximately 200 words [de Jesus Falcão et al. 2024],
generated from centroid representations identified via TF-IDF and cosine similarity. Dur-
ing inference, the model receives a prompt containing category summaries and a new text
to be classified. This approach is token-efficient but may lose nuances in complex cases.

In centroid-based classification, the summarization process is avoided. A repre-
sentative document is selected for each category, also based on similarity measures, and
inserted directly into the prompt. The model compares the input text with centroids to de-
cide the appropriate category [Chai et al. 2020]. This technique reduces input variability
but may be sensitive to internal class diversity. Finally, the description-based strategy
utilizes semantic definitions of categories, written by public defenders and refined with
GPT-4 support [Xu et al. 2022]. Descriptions are incorporated into the prompt as inter-
pretive reference, and the model performs classification based on conceptual alignment
between input text and defined criteria. While enabling conceptual transparency through
explicit category definitions, this technique requires more extensive prompts and, there-
fore, greater processing capacity.

4. Results and Discussion

This section presents the analysis of results obtained with the different eval-
uated models, including prompt-based strategies, traditional supervised learning algo-
rithms, and fine-tuned Transformer models. The objective is to understand the interac-
tions between representational capacity, computational cost, and adaptability, considering
the challenge of multiclass classification of legal documents. Table 2 summarizes the
weighted average values of precision, recall, and F1-score for each configuration.

Fine-tuned Transformer models outperformed all other approaches, achieving the
highest F1-scores due to their ability to capture deep linguistic patterns. The BERTim-
bau Large model achieved the highest F1-score in the analysis, with 94.70%, evidencing
the capacity of deep encoder architectures, pre-trained with large volumes of data in Por-
tuguese, to capture linguistic nuances in the legal context. The BERTimbau Base model,
although lighter, also obtained competitive results, surpassing all prompt-based models.
The XLM-RoBERTa, despite being a robust and multilingual model, performed below
the fine-tuned monolingual models. This suggests that generalization to multiple lan-
guages may reduce the capacity to model specific patterns of the Portuguese language



in scenarios with restricted fine-tuning data. Among the input strategies evaluated with
LLMs, the summary-based approach presented the best results. The LLaMA-3.1-8B
model achieved an F1-score of 88.52% with this configuration, reaching performance
comparable to comparable to that of fine-tuned models in scenarios with limited data.
Text reduction to a condensed version appears to minimize noise without compromising
semantic expressiveness, favoring more precise decisions.

Table 2. Performance comparison of different LLMs with input strategies, along-
side traditional ML and fine-tuned Transformer models

Model Input Type /
Strategy

Precision Recall F1-score

LLMs

Llama-3.1-8B Summaries 90.75% 91.31% 88.52%
Centroids 70.12% 59.86% 54.54%
Descriptions 92.94% 88.64% 89.98%
Full Text 75.90% 49.48% 51.92%

Mixtral-8x22B Summaries 83.19% 86.54% 83.88%
Centroids 85.49% 89.90% 86.98%
Descriptions 72.07% 52.49% 54.11%
Full Text 84.06% 79.38% 80.31%

Mistral-7B Summaries 72.45% 82.16% 75.90%
Centroids 24.45% 31.45% 22.52%
Descriptions 47.15% 29.53% 26.34%
Full Text 56.46% 45.14% 41.86%

Mixtral-8x7B Summaries 68.88% 79.26% 72.46%
Centroids 54.78% 64.39% 57.02%
Descriptions 72.07% 52.49% 54.11%
Full Text 71.73% 48.79% 47.53%

Llama-3.2-3B Summaries 72.38% 77.24% 71.19%
Centroids 29.05% 21.31% 13.39%
Descriptions 51.34% 30.62% 28.42%
Full Text 41.75% 21.92% 16.65%

Traditional ML Models

KNN Structured Fea-
tures

90.52% 84.03% 85.74%

Logistic Regression Structured Fea-
tures

86.63% 75.48% 78.97%

Naive Bayes Structured Fea-
tures

51.32% 47.59% 47.75%

Fine-Tuned Transformer Models

BERTimbau Large Fine-Tuning 94.23% 95.37% 94.70%
BERTimbau Base Fine-Tuning 89.57% 92.77% 90.91%
XLM-RoBERTa Fine-Tuning 71.14% 73.98% 70.47%

The centroid strategy, in turn, had competitive performance in higher-capacity
models, such as Mixtral-8x22B, which achieved an F1-score of 86.98%. This result
suggests that when the architecture has sufficient capacity to process extensive examples,



the use of representative texts per class may be more advantageous than summarizations
or abstract descriptions. The approach with original text-based strategy (Full Text), al-
though preserving the original content of documents, showed lower performance across
all models. This suggests that excessive document length and narrative variation can in-
troduce noise into the classification process, affecting prediction accuracy, complex struc-
tures, and large discursive variations may introduce noise and hinder the identification of
the correct category, even in large-scale LLMs.

The description-based strategy showed model-dependent variation, perform-
ing effectively in LLaMA-3.1-8B but poorly in smaller architectures such as Mistral-
7B, LLaMA-3.2-3B, and Mixtral-8x7B. This confirms that conceptual strategies re-
quire semantic inference and contextual retention capabilities absent in smaller models.
Summary-based approaches reduce inference cost, averaging 90–100 tokens per docu-
ment versus over 1,600 tokens for centroid-based and full-text strategies. Classifying
2,600 documents costs less than US$1 with summaries compared to over US$14 for full-
text inputs, demonstrating clear cost-effectiveness. Traditional models achieved results,
with KNN with F1-score above 85% despite limited feature depth. Logistic regression
maintained stable cross-fold performance with moderate precision-recall balance, while
Naive Bayes performed worst due to conditional independence assumptions inadequate
for legal contexts with high term co-occurrence.

Pearson correlation analysis reinforces F1-score as the primary metric, showing
high correlations with recall (≈ 0.98) and precision (≈ 0.91), adequately balancing both
factors. The precision-recall correlation (≈ 0.87) indicates result coherence across strate-
gies. F1-score is justified as the central metric given the legal context, where classification
errors impact document triage. Classification strategy selection depends on application
context. Fine-tuned Transformers offer best performance with available labeled data and
infrastructure. When fine-tuning is unfeasible, LLMs with summaries strike an effective
balance between accuracy and inference cost. Centroid input suits higher-capacity mod-
els with representative class examples. Traditional models (KNN, logistic regression)
remain useful for low-cost scenarios and interpretability requirements. Complete text us-
age harms performance due to noise and redundancy. Description-based strategies require
conceptual inference capabilities, being suitable for explanatory tasks or smaller volumes.

5. Conclusion
This study conducted a comparative evaluation between three paradigms for multi-

class classification of legal documents in Portuguese, namely traditional supervised mod-
els with structured vectors, fine-tuned Transformer architectures, and prompt-based ap-
proaches with LLMs. The results indicate that fine-tuning with models such as BERTim-
bau Large achieves superior performance, provided there are labeled data and training in-
frastructure. LLM-based strategies proved to be cost-effective and adaptable alternatives
for scenarios lacking labeled data or infrastructure, with emphasis on summary-based in-
put, which reconciled high performance and token economy, which is useful in contexts
with computational constraints. On the other hand, complete text representations exhib-
ited reduced classification performance, likely due to input length and redundancy, while
description or centroid approaches depended on the capacity of the models used. Tradi-
tional models such as KNN and logistic regression demonstrated competitive F1-scores in
constrained environments, supporting their applicability in operational systems, while of-



fering interpretability and consistent performance. As limitations, we highlight the use of
generic LLMs without specific legal training, beyond class imbalance. Future work may
investigate hybrid strategies, such as the integration of LLMs with conventional classifiers
or the use of, Retrieval-augmented generation (RAG).
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