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Abstract. In Brazilian state courts, manual document triage is slow and error-
prone, requiring the separation of factual narrative, legal arguments, and pro-
cedural noise. This work compares classical models, fine-tuned BERT encoders,
and out-of-the-box large language models (LLMs) for classifying Brazilian Por-
tuguese initial petitions into fact, legal thesis, and noise. To our knowledge, this
is the first such comparison for this task in Portuguese. Portuguese-pretrained
encoders performed best (macro-FI1 about 0.99), followed by a long-context
Longformer (0.983) and classical models (0.973); out-of-the-box LLMs reached
about 0.85 and were highly sensitive to output format, with formatting failures
significantly impacting performance. Errors concentrate on passages mixing
factual narration and legal argument, confirmed by three legal professionals
(Fleiss’ k = 0.46). An ablation shows that anonymization markers do not drive
the scores. The results help guide model selection for court document triage.

1. Introduction

Document triage is one of the first steps in court operations and conditions all subsequent
analysis [Santos et al. 2026]. At the Court of Justice of the State of Goids (TJGO) that
motivates this study, approximately ten thousand documents arrive each day, making man-
ual classification slow, error-prone, and subject to inconsistent criteria across staff, while
increasing waiting times for people seeking judicial assistance. The problem is com-
pounded by the unstructured nature of legal texts, which interleave factual descriptions,
legal arguments, and content of no analytical value. Automatically separating fact, legal
thesis, and noise can support triage and reduce manual effort without removing human
responsibility [Kalamkar et al. 2022, Aragy et al. 2021].

Natural language processing (NLP) and machine learning have been applied
to legal documents in tasks such as text segmentation, rhetorical role identifica-
tion, and sentence classification, with models ranging from support vector machines



to Transformer-based architectures [Savelka and Ashley 2018, Bhattacharya et al. 2023].
For Portuguese, BERT models pretrained on the language, such as BERTimbau, provided
more suitable representations [Souza et al. 2020], and more recently large language mod-
els (LLMs) have been evaluated on legal tasks in Brazilian courts [Dal Pont et al. 2026,
Bomfim et al. 2026].

Despite this progress, no study has directly compared these three families for clas-
sifying Brazilian Portuguese legal text into fact, legal thesis, and noise. Most work focuses
on a single family, adopts different label schemes, or addresses English-speaking juris-
dictions. The closest work [Aragy et al. 2021] examined rhetorical roles in Portuguese
petitions using a different schema and a single model family on a much smaller corpus.
To our knowledge, this is the first comparison of classical models, fine-tuned encoders,
and LLMs on the same petition corpus under this schema, grounded in Brazilian civil pro-
cedure. The trade-off among performance, computational cost, and ease of deployment
has also received little attention. Our research question is: to what extent do different
Al approaches classify Brazilian Portuguese legal text into fact, legal thesis, and noise,
considering both performance and cost?

We compare classical models, BERT-based models, and LLLMs on this task us-
ing the same dataset, a design also adopted for legal documents in a related setting
[Santos et al. 2025]. The study does not evaluate production deployment and does not
replace human analysis; its focus is the comparison itself. The experiments show differ-
ences in performance and cost that help guide model selection in resource-constrained
settings, relevant to both the legal NLP community and institutions processing large doc-
ument volumes.

2. Related Work

NLP and machine learning applied to legal texts cover classification, segmentation, and
document retrieval, with particular emphasis on rhetorical role identification, that is, as-
signing functions such as fact, argument, and decision to sentences or passages in a docu-
ment [Lou et al. 2021, Adsul and Deshmukh 2023]. This is close to our problem, namely
separating factual passages from legal theses and ancillary content in loosely structured
documents, which supports downstream tasks such as summarization and case organiza-
tion [Darji et al. 2025].

On the technical side, the literature has evolved from classical models
[Mok et al. 2021] to Transformer-based architectures [Devlin et al. 2019]. Studies in-
dicate that contextual representations, in particular BERT-based models, improve le-
gal sentence classification and cross-domain generalization, though gains depend on
the annotation scheme [Csdnyi et al. 2025, Malik et al. 2022]. Benefits have also been
reported from incorporating sentence position into BERT models [Belfathi et al. 2023]
and from deep semantic segmentation for passage labeling [Mohan and Nair 2024]. Be-
cause legal documents tend to be long, the 512-token limit of standard BERT motivates
the use of long-context encoders such as Longformer [Beltagy et al. 2020] and BigBird
[Zaheer et al. 2020], as well as hierarchical approaches, both of which are evaluated or
discussed in this paper.

More recently, LLLMs have been applied to legal tasks including fact extrac-
tion, legal reasoning, and agent-based systems [Bendovd et al. 2025, Bonfim et al. 2026,



Tomasi 2026, Liepin et al. 2025], with prompt engineering surveys covering evidence-
constrained and decomposed strategies that we also adopt, while noting that retrieval-
augmented and chain-of-thought variants remain underexplored [Lai et al. 2024]. Legal-
Bench.PT [Canaverde et al. 2025] targets doctrinal knowledge in European Portuguese,
not petition triage, making our focus complementary; the Cambridge Law Corpus
[Ostling et al. 2023] illustrates the value of restricted-access legal corpora for privacy,
an approach we follow. The present study brings all three families onto a single Brazilian
petition corpus with explicit attention to performance and cost.

3. Methodology

Figure 1 summarizes the pipeline, from data preparation to the comparison of the three
machine learning families (classical ML, fine-tuned BERT encoders, and LLMs).
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Figure 1. Overview of the methodological pipeline adopted in the study.

Study design and definitions. This study compares classical ML, fine-tuned BERT
encoders, and LLMs on the same task. A document is an initial petition; a passage
(or chunk) is the textual unit extracted by the institutional system at TIGO. Each pas-
sage receives a single label, and metrics are computed at the passage level. The classes
are: fact (events, circumstances, concrete case elements), legal thesis (arguments, statu-
tory basis, requests), and noise (headers, procedural data, boilerplate). Data was split
(train/validation/test) stratified by class, grouping passages from the same document in
the same split to avoid leakage (seed = 42). The test set was held out during fine-tuning.
Vectorizers were fitted on training data only. Validation sets were used strictly for early
stopping and hyperparameter selection.

Corpus. The study is based on an unpublished corpus of initial petitions in Brazilian
Portuguese, provided by the Court of Justice of the State of Goids (TJGO) and processed
through a cleaning, normalization, deduplication, and anonymization pipeline. Labels
were produced under explicit institutional guidelines and reviewed by domain experts at
TJGO. The raw data contained 26, 781 records; after removing empty records and ex-
act duplicates (1,298 occurrences), the final corpus comprises 25, 482 labeled passages
across three naturally balanced classes, with a slight majority of noise (Table 1). No
artificial class balancing was performed during preprocessing. Subject to institutional au-
thorization and a confidentiality agreement, the anonymized dataset (placeholder tokens
and class labels, no original sensitive values) may be released to identified researchers for



academic use, in line with LGPD [Rap6so et al. 2019] and CNJ Resolution No. 615/2025
[Conselho Nacional de Justica (Brasil) 2025].

Table 1. Class distribution and basic length statistics (in words) in the corpus
after cleaning and deduplication.

Class Count % Min Max Mean Median
Fact 8,517 33.4% 1 14,021 493.1 352
Legal thesis 8,039 31.5% 1 12,874 610.4 481
Noise 8,926 35.0% 1 45786 1,698.2 1,424
Total (Passages) 25,482 100% 1 45,786 952.3 687
Total (Docs) 4,792 - 2 45,786 1,450.0 815

Measured in tokens with the BERTimbau-base tokenizer on a sample of 3,000
texts, the passage median is 1,335 and about 79.4% exceed the 512-token BERT limit.
Length varies by class, with fact passages the shortest and noise the longest, a difference
that is informative but calls for caution, since length may itself act as a superficial cue.

Preprocessing, anonymization, and leakage risk. The same preprocessing pipeline
was applied before training or evaluating any model: reading raw files; removing empty
records and exact duplicates; normalizing encoding, whitespace, and line breaks; and
validating labels. The classical, BERT, and LLM pipelines reuse these routines. The
class mapping is 0 = legal thesis, 1 = fact, 2 = noise. Anonymization reduces the
risk of personal data exposure. It uses regular expressions to mask sensitive entities with
standardized placeholders across nine categories: CPF, CNPJ, email, phone, postal code,
OAB registration number, monetary values, URLSs, and case numbers. In the full corpus,
463, 535 occurrences were masked, averaging approximately 17 entities per document,
and the audit log records only aggregate counts by type, without storing the original val-
ues.

Placeholders are not evenly distributed: in the training split, noise passages aver-
age 26.9 tags (median 17; 98.7% have at least three), against 15.4 for legal thesis and 7.8
for fact. This reflects structural differences, since noise passages are mostly procedural
headers. The potential impact of this lexical shortcut is evaluated in Section 4.

Deduplication removed only exact matches. To gauge the near-duplicate risk, we
compared each test passage against a random sample of 2, 000 training passages using
5-gram Jaccard similarity. About 19.7% of test passages had a match above J = 0.5
and 10.9% above J = 0.8. Initial petitions are formulaic, with boilerplate requests and
statutory references recurring across unrelated cases, so much of this similarity comes
from shared boilerplate rather than copied content. Grouping by document keeps passages
from the same petition in a single split, and shared boilerplate tends to carry the same
label, usually noise. Even so, these rates are a limitation. Since this limited audit lacked
a per-class breakdown, score inflation for the fact and legal-thesis classes cannot be fully
excluded. Labels annotated under explicit institutional criteria may produce predictable
boundaries, helping explain why even bag-of-words models do well.

Classical models. The classical approach uses TF-IDF representations over words, with
n-grams from 1 to 2, a minimum document frequency of 2, and a vocabulary of up to
50, 000 terms; accents were preserved. Eight classifiers were evaluated: Logistic Regres-



sion, linear SVM (LinearSvC), RBF-kernel SVM, Multinomial Naive Bayes, Random
Forest, Extra Trees, LightGBM, and XGBoost. Probabilities for the linear SVM were
obtained by calibration. Hyperparameters were set based on established defaults for text
classification in Portuguese without systematic grid search. The best classical model was
selected by stratified five-fold cross-validation on the training set using macro-F1.

BERT-based models. Eight encoder models were fine-tuned:  BERTimbau-
base and BERTimbau-large; RoBERTalexPT-base and RoBERTaCrawlPT-
base [Garciaetal. 2024]; XLM-RoBERTa-base [Conneau etal. 2019]; mBERT
[Devlin et al. 2019]; mDeBERTa-v3-base [He et al. 2021a, He et al. 2021b]; and
Longformer-base-4096 [Beltagy et al. 2020]. The first three are pretrained on Por-
tuguese, with ROBERTaLexPT targeting the legal domain. Fine-tuning used each model’s
tokenizer, dynamic padding, AdamW (weight decay 0.01), a linear scheduler with
warmup, cross-entropy loss, and early stopping (patience 2, on macro-F1). The seven
standard models used a maximum length of 512 tokens with simple truncation and up
to 10 epochs. Longformer used 4,096 tokens, global attention on the [CLS] token
for sequence classification, and 5 epochs with gradient checkpointing. Learning rates
and batch sizes varied by model (Table 2), chosen based on empirical constraints of the
available GPU memory. Experiments ran on an NVIDIA RTX PRO 6000 Blackwell
Server Edition GPU (standard models) and an NVIDIA A100 40GB (Longformer). In
addition to individual models, an ensemble by soft-voting of the three best models by
macro-F1 (BERTimbau-large, BERTimbau-base, and RoOBERTalLexPT-base) with equal
weights was evaluated to represent the peak capability of this family. Since about 79.4%
of passages exceed 512 tokens, truncation discards part of the text in the standard models
and may favor the start of each passage, a potential lead bias examined in Section 4.
Longformer reads up to 4,096 tokens natively and avoids this. An explicit chunking
strategy was not employed in this study in order to evaluate the models under a strict
single-sequence setting, which remains a limitation for long legal texts. All encoders
were trained with a single random seed, leaving run-to-run variance unestimated.
Table 2. Fine-tuning configuration per BERT model.

Model Batch Learning rate Warmup Max len
BERTimbau-base 128 4.0 x 107° 6% 512
BERTimbau-large 48 4.9 x 107° 6% 512
RoBERTaLexPT-base 128 4.0 x 107° 6% 512
RoBERTaCrawlPT-base 128 4.0x107° 6% 512
XLM-R-base 96 4.0 x 107° 6% 512
mBERT 128 4.0 x 107° 6% 512
mDeBERTa-v3-base 96 2.0 x 107 10% 512
Longformer-base 8 3.0 x 107 10% 4096

Large language models. FEight LLMs were evaluated via inference: Claude Sonnet
4.6 [Anthropic 2026], Claude 3 Haiku [Anthropic 2024], Qwen3 32B [Yang et al. 2025],
Mistral Large 3 [Mistral Al 2025], Gemma 3 27B [Gemma Team et al. 2025], DeepSeek
V3.2 [DeepSeek-Al et al. 2025], and Magistral Small 2509 [Mistral Al et al. 2025], ac-
cessed via Amazon Bedrock, as well as Sabia-4, a Brazilian LLM [Laitz et al. 2026], ac-
cessed via the Maritaca API. Each model was run under four prompting strategies: zero-
shot (direct instruction), few-shot (one example per class), evidence-constrained (output



plus a supporting excerpt), and decomposed (intermediate questions combined by a pri-
ority rule in code). Inference used temperature 0.0, up to 1,024 output tokens, and one
call per instance; every passage fitted within each model’s context window without trun-
cation. A parser reads the label from the JSON response, falling back to keyword search.
Responses that could not be mapped to a valid class were counted as errors rather than
discarded, to reflect an automated workflow, and the parsing failure rate was recorded
per model and strategy. The evaluation did not use provider-enforced JSON schemas or
tool calls, which simplifies the comparison but may understate the reliability LLMs could
reach.

Experimental protocol and metrics. The stratified split used 80% for training, 10%
for validation, and 10% for testing, giving 20, 377, 2, 546, and 2, 559 passages. The test
set (877 fact, 814 legal thesis, 868 noise) was used by all approaches: classical and BERT
models were trained on this split, and the LLMs were run on the same test set by inference.
Since the two pipelines were built separately, the LLMs were re-evaluated on the refer-
ence test set to keep the comparison identical. Evaluation uses accuracy, macro precision,
macro recall, macro-F1, per-class F1, and the confusion matrix, with MCC and Cohen’s
kappa as complementary metrics. Macro-F1 is the primary metric because it weights the
three classes equally; it is the mean of F'1. = 2P.R./(P. + R.), where P, and R, are
the precision and recall of class c. A 95% confidence interval for macro-F1 comes from a
percentile bootstrap with 2, 000 resamples and a fixed seed, and pairwise differences are
tested with the exact McNemar test on per-instance predictions. Each run recorded its
configuration and environment with fixed seeds for reproducibility; classical models used
scikit-learn, xgboost, and 1ightgbm, BERT models used transformers,
and the LLMs were accessed via Amazon Bedrock and the Maritaca API. Code, configu-
rations, and per-instance predictions are publicly available, including the best fine-tuned
model on HuggingFace!. The BERT models used the Hugging Face transformers?
API for Python.

4. Results and Discussion

Overall performance. Table 3 presents the best configuration of each family on the
test set. The three top configurations of the BERT family are presented to contrast the
ensemble, the best single model, and the long-context architecture. BERT-based mod-
els led with macro-F1 close to 0.99; the ensemble reached 0.990, with BERTimbau-large
alone statistically indistinguishable (McNemar p = 1.0). Longformer reached 0.983, and
the best classical model (LightGBM) 0.973; the gap between them is significant (McNe-
mar p < 107%). Among LLMs, Qwen3-32B evidence-constrained was best (0.853). The
non-overlapping confidence intervals of the BERT ensemble and LightGBM confirm the
cross-family difference; Longformer’s gap to BERTimbau-large (McNemar p = 0.002)
shows that extended context did not compensate for the lack of Portuguese-specific pre-
training. We note that the gap between the ensemble and BERTimbau-large is only 25
versus 13 errors out of 2,559, which is small enough that single-seed variance could re-
order the top models.

'Repository: https://github.com/Willgnner-Santos/fact-claim-noise-classifier. Model: https:
//huggingface.co/Willgnner- Santos/ftr-bertimbau-large.
Zhttps://huggingface.co/docs/transformers/
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Impact of anonymization markers. To test whether the high concentration of
anonymization placeholders in the noise class gave the models a lexical shortcut, we re-
evaluated BERTimbau-large on the test set after removing every placeholder. Macro-F1
did not fall (0.990 to 0.991, with total errors dropping from 25 to 22), and noise F1 stayed
at 0.999. The markers therefore do not explain the high overall scores; the model relies
on the surrounding text context.

Table 3. Overall performance of the best configurations (test set, 2,559 pas-
sages), with 95% bootstrap Cl for macro-F1.

Approach Acc. PreccM Rec.M FIM 95% CI

BERT - ensemble (3 models) 0.991 0.990 0.991 0.990 [0.987,0.994]
BERT - BERTimbau-large 0.990 0.990 0.990 0.990 [0.986,0.994]
BERT - Longformer-base-4096  0.983 0.983 0.983 0.983 [0.977,0.988]
Classical ML — LightGBM 0.973 0.973 0.973 0973 [0.967,0.979]

LLM — Qwen3-32B (evidence)  0.850 0.876 0.852 0.853 [0.839,0.866]

The scores are high and should be read with caution, given the superficial cues,
structured annotation criteria, and standardized formats discussed in the methodology.
One consequence is already visible: even Longformer, which reads complete documents,
did not surpass the fine-tuned 512-token models, which indicates that the discriminating
signals lie mostly in the first tokens of each passage.

Per-class performance and error analysis. Table 4 shows F1 by class. For BERT-
based and classical models, noise was the easiest class (F1 close to 1.0), reflecting regular
patterns and layout cues. Fact and legal thesis were harder. For LLMs, patterns vary;
Qwen3-32B struggled with legal thesis (F1 0.812) but handled noise better (0.893). How-
ever, several other LLMs found noise to be among the hardest, struggling to recognize
administrative content without fine-tuning. Figure 2 shows the BERT ensemble’s errors
are concentrated between fact and legal thesis (16 fact as legal thesis, 7 reverse). This is
sensitive legally since both appear interleaved. Longformer showed the same profile, with
near-perfect noise (1 error in 868). A closer look at BERTimbau-large’s 25 errors reveals
structurally motivated confusions: explicit legal references embedded in factual narra-
tion, or legal arguments dominated by concrete opening details. These patterns match the
human evaluation (Section 5).
Table 4. Per-class F1-score for the main approaches (test set).

Approach Fact Legal thesis Noise
BERT - ensemble (3 models) 0.987 0.985 0.999
BERT - BERTimbau-large 0.986 0.985 0.999
BERT - Longformer-base-4096  0.977 0.974 0.997
Classical ML — LightGBM 0.962 0.959 0.999
LLM - Qwen3-32B (evidence)  0.853 0.812 0.893

To check whether truncation at 512 tokens hurts longer texts, Table 5 reports
BERTimbau-large macro-F1 by length range. Performance is stable across ranges, in-
cluding passages over 1,024 words (n = 1, 085; macro-F1 = 0.985). If the model relied
only on the start of the text, longer ranges would drop, which does not happen. This
weakens the severe-lead-bias hypothesis, though it does not completely rule it out since
alternative chunking or end-truncation strategies were not tested; key information in long
documents may still sit in opening passages, which is consistent with Longformer’s mod-
est gain on long passages.
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Figure 2. Confusion matrix of the best overall model (BERT ensemble).
Table 5. BERTimbau-large macro-F1 by passage length range (in words), test set.

Range (words) n  Macro-F1
0-256 415 0.986
256-512 527 0.989
512-1,024 532 0.992
> 1,024 1,085 0.985

Cross-family comparison. Classical models were competitive: LightGBM, linear
SVM, and Logistic Regression all exceeded 0.95 macro-F1, which points to strong lex-
ical patterns that TF-IDF captures well. They lose ground when meaning depends on
long-range context or word order. XGBoost was the exception (0.642), likely due to its
sensitivity to the high dimensionality of sparse representations. The classical models were
not tuned with a systematic search, but the gap from LightGBM to BERTimbau-large is
significant (McNemar p < 1075, 56 versus 13 errors), which bounds how much a larger
search could gain. BERT-based models performed best, in line with their ability to cap-
ture bidirectional context and semantic relations, and the three best were all pretrained
on Portuguese. Longformer, pretrained on English and fine-tuned on this corpus, reached
0.983, above the classical models but below the Portuguese-pretrained encoders. This
gap suggests that language-specific pretraining matters more than extended context here,
since the discriminating features are reachable within the first 512 tokens and perfor-
mance is stable across length ranges (Table 5), so truncation was not the limiting factor.
A Portuguese-pretrained long-context encoder would test this more directly and is left as
future work.

The LLMs, evaluated without fine-tuning, fell below both other families. This
substantial gap likely occurred because out-of-the-box LLMs struggled with the specific
legal dialect, formatting, and institutional definitions of Brazilian petitions, lacking the
task-specific alignment provided by fine-tuning. The best usable result was Qwen3-32B
(evidence-constrained), with macro-F1 of 0.853 and a very low format failure rate (0.1%).
Claude 3 Haiku with few-shot reached a nominally higher F1 (0.855), but 13.6% of its re-
sponses had an invalid format and were counted as errors, which shows that formatting
constraints alone can heavily shift performance. The families also differ in cost. Classical
models are cheap to train and run on CPU; BERT models need a GPU for fine-tuning,
but training was fast (minutes per 512-token encoder, about 3h for Longformer on an
A100) and inference is predictable; LLMs carry a per-document cost and depend on ex-
ternal services. Figure 3 relates LLM inference cost to macro-F1, which ranged from
about US$0.41 to US$ 12.88 per thousand documents. Model selection should not rely
on the top metric alone: in a high-volume workflow, cost, stability, privacy, maintenance,



and auditability also matter. Under these criteria, and within the limits of this study, the
Portuguese-pretrained encoders offered the best balance, with BERTimbau-large alone
close to the ensemble and simpler to run. Classical models remain a viable low-cost base-
line, and one practical direction is a hybrid setup where classical or BERT models handle
the bulk of the classification and LLMs are reserved for ambiguous cases.

Inference cost vs. performance (LLMs)
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Figure 3. Relationship between inference cost and performance for LLMs. Point
size indicates the invalid-format response rate.

5. Human Evaluation

To assess task difficulty, three legal professionals independently classified 10 test pas-
sages: six predicted correctly by BERTimbau-large with high confidence (> 0.99), two
per class, and four model errors (fact/legal-thesis pair). Reviewers chose a class with
confidence (1 to 5). No model predictions were shown. The reviewers agreed on six
passages and diverged on the four model errors (Fleiss” £ = 0.46, moderate). Human-
model agreement was 70%. Mean confidence was 4.7 on unanimous passages against
3.5 when a reviewer diverged, indicating genuine ambiguity. Noise passages drew full
agreement and highest confidence (5.0), matching the automated models. The moderate
agreement confirms that hard cases reflect genuine ambiguity rather than a model artifact.
While this hand-picked subset cannot establish an upper bound, it motivates future work
on corpus-scale annotation and a human-AlI triage workflow.

6. Limitations and Threats to Validity

These findings should be interpreted with care. Although anonymization markers cor-
relate with class labels, ablation suggests they do not drive performance. Exact-match
deduplication was performed, but near-duplicate analysis was limited to a 2,000-passage
training sample without per-class stratification; residual score inflation for fact and legal-
thesis classes cannot be fully excluded. Classical baselines were not systematically tuned,
though the large gap to BERTimbau-large suggests tuning alone would not close it. All
encoders used a single random seed, leaving run-to-run variance unestimated. LLMs were
evaluated out-of-the-box without fine-tuning or structured outputs, which may underesti-
mate their reliability. Longformer was pretrained in English; a Portuguese long-context
encoder would better isolate context length from pretraining language. Finally, the cor-
pus comes from a single institution, and human evaluation covered only 10 passages and 3
reviewers. Future work should address these through broader agreement analysis, corpus-
scale validation, and production-oriented evaluation.



7. Conclusion

This work compared classical models, BERT-based encoders (including Longformer),
and LLMs for classifying initial petition passages into fact, legal thesis, and noise us-
ing a single Brazilian Portuguese corpus. Portuguese-pretrained encoders achieved the
strongest performance (macro-F1 ~ 0.99), followed by Longformer, classical models, and
LLMs without fine-tuning. Longformer did not surpass the 512-token models, suggesting
language-specific pretraining matters more than extended context here, and that discrimi-
native signals often appear early in each passage. Error analysis identified passages mix-
ing factual narration and legal argument as the main failure mode, confirmed by human
evaluation (v = 0.46) as genuine ambiguity rather than a model artifact. While these
approaches support document triage, findings should be interpreted with care since struc-
tured annotation criteria may introduce predictable lexical patterns. Institutional adoption
should consider performance, cost, stability, privacy, maintenance, and auditability. Fu-
ture work includes corpus-scale annotation agreement, testing a Portuguese-pretrained
long-context encoder, and real-world triage validation.
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A. LLM Prompt Templates

The four prompt templates used for LLM inference are presented below. Variables such
as {texto} and {exemplo_fato} were injected programmatically. All prompts re-
quested JSON output.

1. Zero-shot
“Classifique o trecho abaixo em uma das trés categorias: 0 - Tese Juridica, 1 - Fato, 2 - Ruido
(cabegalhos, rodapés, dados processuais). Trecho: {texto}. Responda em formato JSON:
{"classe": numero}”

2. Few-shot
“Siga os exemplos para classificar o trecho em: 0 - Tese, 1 - Fato, 2 - Ruido. Exem-
plo Fato: {exemplo_fato}. Exemplo Tese: {exemplo_tese}. Exemplo Ruido:
{exemplo_ruido}. Trecho: {texto}. Responda em formato JSON: {"classe":

numero}”

3. Evidence-constrained

“Classifique o trecho em: 0 - Tese, 1 - Fato, 2 - Ruido. Justifique copiando uma evidéncia
exata do texto. Trecho: {texto}. Responda em formato JSON: {"classe": numero,
"evidencia": "texto copiado"}”

4. Decomposed
“Analise o trecho: {texto}. Responda em formato JSON:

{"narra_evento_concreto": true/false,
"cita_lei_ou_ jurisprudencia": true/false,
"eh apenas_cabecalho _ou _dado _processual": true/false}”
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