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Abstract The performance of large language models (LLMs) is deeply influenced by the quality and composition of

their training data. While much of the existing work has centered on English, there remains a gap in understanding

how to construct effective training corpora for other languages. We explore scalable methods for building web-based

corpora for LLMs. We apply them to build a new 120B token corpus in Portuguese that achieves competitive

results to an industrial-grade corpus. Using a continual pretraining setup, we study how different data selection

and preprocessing strategies affect LLM performance when transitioning a model originally trained in English to

another language. Our findings demonstrate the value of language-specific filtering pipelines, including classifiers

for education, science, technology, engineering, and mathematics (STEM), as well as toxic content. We show

that adapting a model to the target language leads to performance improvements, reinforcing the importance of

high-quality, language-specific data. While our case study focuses on Portuguese, our methods are applicable to

other languages, offering insights for multilingual LLM development.
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1 Introduction

The success of large language models (LLMs) largely de-

pends on the data they are trained on. These models are built

on massive collections of text, primarily sourced from the

web, and their capabilities are shaped by the quality and quan-

tity of this data [Liu et al., 2024; Dubey et al., 2024; Penedo

et al., 2024a]. As LLMs scale in size and complexity, se-

lecting and curating training data has emerged as a central

challenge [Penedo et al., 2024a, 2023; Kreutzer et al., 2022].

Decisions about which sources to include – and how to filter,

balance, and structure them – play a crucial role in shaping

model performance and generalization [Rae et al., 2021].

Verifying the quality of training data is a complex but es-

sential component of developing effective LLMs. Typically,

this involves curating a dataset, training a model, and evalu-

ating the results against established benchmarks. While there

has been substantial progress in data quality assessment, most

of it has focused on English datasets [Gao et al., 2020; Raffel

et al., 2020; Penedo et al., 2023], with Chinese emerging

as a secondary focus [Longpre et al., 2024]. This leaves a

considerable gap in our understanding of how to develop and

optimize LLMs for other languages [Almeida et al., 2025;

Moayeri et al., 2024].

Multilingual initiatives such as mC4 [Xue, 2020],

BLOOM [Le Scao et al., 2023], MADLAD [Kudugunta et al.,

2024], and CulturaX [Nguyen et al., 2024] have attempted

to bridge this gap. However, their aim to support over a

hundred languages simultaneously often results in limited

per-language representation [Le Scao et al., 2023] and incon-

sistent data quality across languages [Kreutzer et al., 2022].

In this work, we focus on Portuguese, a language that re-

mains underexplored in LLM research. Despite being the

fifth most spoken language worldwide, Portuguese still has a

limited amount of large-scale pretraining corpus. To address

this, we investigate methods for constructing high-quality Por-

tuguese corpora through large-scale web crawls from Com-

mon Crawl, applying various preprocessing and filtering tech-

niques. Though we focus on Portuguese, we believe our

findings and pipeline can be replicated for other languages.

Given the high computational cost of training LLMs from

scratch, our approach in this work emphasizes continual pre-

training from open-weight models. We study how different

data selection methods and preprocessing strategies influence

performance when transitioning a model extensively trained

in English [Zhang et al., 2024] to a new language like Por-

tuguese. This setup enables us to evaluate the effects of data

quality on model adaptation [Gogoulou et al., 2024].

Our main contributions are as follows:

• We introduce ClassiCC-PT, a large web corpus in Por-

tuguese with 120B tokens. We demonstrate that our

dataset is competitive with other industry-grade corpora

of the same size [Overwijk et al., 2022].

• We analyze how various data processing techniques and

selection strategies influence the performance of large

language models (LLMs) during continued pretraining.

• We highlight the advantages of developing language-

specific classifiers and outline a method for creating new
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ones. Additionally, we introduce three BERT-based clas-

sifiers designed for education, STEM, and toxic content.

• We reinforce the evidence that training the LLM in the

target language yields higher performance than further

training in English.

• We show that substantial performance gains can be

achieved through continual pretraining in a new lan-

guage (Portuguese), even when starting from a base

model originally trained exclusively in another language

(English).

2 Related Work

This section surveys prior work across several key areas rele-

vant to our study: language specialization, the composition

and curation of pretraining corpora, methodological advances

in data selection, the cost-efficient practice of continued pre-

training, and the persistent disparities in corpus represen-

tation that affect performance across different regions and

languages.

2.1 Language Specialization

Research in the field of LLMs has increasingly focused on spe-

cialization to improve performance in specific domains such

as finance [Wu et al., 2023], law [Colombo et al., 2024], math-

ematics [Lewkowycz et al., 2022; Azerbayev et al., 2024], and

programming [Wei et al., 2023; Roziere et al., 2023]. These

specialized models are trained on domain-specific datasets

to enhance their expertise, resulting in superior task perfor-

mance within those fields. For instance, models trained on

legal documents can better understand complex legal jargon,

while those exposed to vast amounts of code can better assist

with programming tasks and code generation. The success

of these specialized models underscores the importance of

targeted training data in achieving better results.

A parallel line of research has explored language special-

ization, that is, adapting or training models to excel in a par-

ticular language rather than a topical domain. While most

LLM development has focused on English, due to its abun-

dant resources and research attention, several studies have

shown that specializing models in a target language can yield

substantial performance gains, particularly on benchmarks in

that language [Gogoulou et al., 2024; Almeida et al., 2024;

Abonizio et al., 2024; Pipatanakul et al., 2023; Bai et al.,

2023; Martins et al., 2024; Nguyen et al., 2023]. This ap-

proach acknowledges that language can be a critical axis of

specialization, allowing models to better capture linguistic

nuances and cultural context that general-purpose, English-

centric models may overlook.

Several recent studies have focused on developing special-

ized language models for Portuguese at varying scales [Souza

et al., 2020; Santos et al., 2024; Rodrigues et al., 2023; Lopes

et al., 2024]. The Sabia models (7B and 65B) are based on

Llama 7B and 65B, respectively, and are further trained on 10

billion tokens from ClueWeb-A, resulting in substantial per-

formance gains. Tucano Corrêa et al. [2024] introduces mod-

els with up to 2.4 billion parameters, leveraging Gigaverbo,

a mixture of datasets refined using custom classifiers. This

work presents Curió 1.1B, a model trained on 120 billion

unique tokens. Curió operates at a scale comparable to Tu-

cano but is initialized from TinyLlama 1T [Zhang et al., 2024]

rather than being trained from scratch. In our evaluations,

Curió 1.1B outperforms Tucano 1.1B, which we attribute to

the advantages of continual pretraining on top of TinyLlama.

2.2 Pretraining Corpus

Data quality is a driving factor in the quality of machine

learning models in general. Large language models are no

different: they are typically trained on massive corpora that

include documents of varying quality, which are naturally

hard to clean and handle.

A popular source for LM training is the Common Crawl

project1, which collects documents from the web. The Com-

mon Crawl dataset is enormous but comes with the draw-

back of being very variable regarding data quality. Multiple

datasets build upon Common Crawl, mainly trying to enhance

data quality by selecting documents of higher quality. The

C4 and mC4 [Raffel et al., 2020; Dodge et al., 2021; Xue,

2020] datasets aim to achieve this by applying statistical fil-

ters, for example, the removal of documents from an URL list

of problematic sites, such as known sources of pornographic

and malware content, or removing documents that contain

certain bad words, such as slurs and vulgar language. OS-

CAR [Suarez et al., 2020] tries to enhance data quality by

adding more metadata to each document, labeling the lan-

guage, and removing clearly noisy documents, such as ones

with less than one sentence or with a high percentage of text

containing unknown words. Meanwhile, The Pile [Gao et al.,

2020] selects a subset of HTML pages from the Common

Crawl, selected using the jusText algorithm [Endrédy and

Novák, 2013], and adds a variety of smaller, higher-quality

corpora such as Wikipedia and BookCorpus. The idea is that

the construction of a diverse corpus would lead to a better

LM [Carlini et al., 2021].

Data curation studies often build upon previous work. In

this context, CulturaX [Nguyen et al., 2024] was introduced,

merging documents from both mC4 and OSCAR and apply-

ing further document selection. Notably, it employs metric-

based filtering, a technique initially introduced in the BLOOM

pipeline [Le Scao et al., 2023]. This kind of filtering ana-

lyzes different metrics of the documents, such as stop word

ratio and perplexity score of a 5-gram Kneser-Ney language

model [Heafield, 2011], and removes documents that present

outlier values. Furthermore, CulturaX performs a simple

version of document refinement: they edit the document by

removing certain portions that are likely to be noisy text from

the HTML extraction, such as footer information.

MADLAD-400 [Kudugunta et al., 2024] represents a recent

effort to provide an extensive multilingual corpus encompass-

ing more than 400 languages. Originating from Common

Crawl documents, the methodology involves an iterative doc-

ument inspection and the development of statistical filters

to exclude low-quality documents. An interesting aspect of

the MADLAD-400 dataset is its sentence-level classification,

which considers factors such as whether a sentence is in a

1https://commoncrawl.org/

https://commoncrawl.org/
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different language than the rest of the document or if it is

excessively long or short. A document is filtered out if a

certain percentage of its sentences fail to meet the criteria.

The work highlights the complexities of formulating heuris-

tics for document selection across various languages, often

necessitating the creation of language-specific rules.

Gigaverbo [Corrêa et al., 2024] is a recent large Portuguese

corpus with more than 100M documents; it aggregates multi-

ple Portuguese subsets from previously existing datasets and

then further filters documents using a general-purpose quality

classifier developed by Gigaverbo authors. The corpus was

used in the train of the Tucano models, Portuguese LLMs up

to 2.4B parameters trained from scratch.

Finally, FineWeb [Penedo et al., 2024a] was an English

dataset that, similar to our work, proposed a pipeline for

creating high-quality datasets starting from Common Crawl

snapshots; they also demonstrated promising results by using

a neural network to score documents by their educational

value. Later, FineWeb2 [Penedo et al., 2024b] was released as

a multilingual expansion of the FineWeb pipeline. However,

despite covering more than one thousand languages, there was

a reduced effort in some filtering steps, such as the absence

of educational scores for non-English documents.

2.3 Data Curation Methods

A common trend leveraged by these large-scale corpora is

the usage of rule-based filters that draw insights from both

document structure and metadata, including attributes such

as source URLs. This approach has garnered popularity due

to its efficiency, a critical factor when dealing with such

substantial text corpora [Rae et al., 2021; Suarez et al., 2020].

However, limited research exists to study the exact effects of

these filters on the resulting LM [Penedo et al., 2023].

A different perspective for data curation was proposed

byMarion et al. [2023], consisting of isolating a portion of the

training corpus that, when “pruned”, would lead to improve-

ments in the resulting LM. This method is highly inspired

by data pruning used in the computer vision field [Sorscher

et al., 2022; Paul et al., 2021]. In particular, the authors find

that ranking documents by their perplexity and then pruning

the documents with the highest perplexity leads to a better

final model in terms of perplexity. However, there was not

an extensive study of the impacts of such a technique on

downstream tasks.

Within the domain of machine learning-based selection

methods, the work developed by Brown et al. [2020], which

employs a logistic regression classifier for training data cu-

ration, stands out as a notable example. Building upon this,

research has evolved to explore the use of the LM itself to

filter harmful content, adhering to human-provided guide-

lines [Bai et al., 2022]. These advances have recently led to

the Qwen model [Bai et al., 2023] demonstrating impressive

results when trained on a corpus curated through a combina-

tion of rule-based and neural-based methods. However, the

details of such neural-based methods were not made public.

In this context, our work provide studies for a neural-based

method of selection that can be guided by instructions in

natural language.

2.4 Continued Pretraining

Recent frontier models train hundreds of billions of parame-

ters on tens of trillions of tokens. Naturally, such training runs

have a high computational cost. In this scenario, continued

pretraining emerges as a strategy for improving results with

fewer computation resources.

The basic premise is to start from an existing model and

then perform another pretraining on top of such a model using

amore specialized dataset, like a dataset in a specific language

or that focuses on a specific domain. By starting from the orig-

inal model weights, the assumption is that part of the original

model knowledge is retained while adding new information

on the domain of interest via the new pretraining. This ap-

proach has gained popularity, being employed in specializing

models in code [Roziere et al., 2023], medicine [Labrak et al.,

2024; Chen et al., 2023] and law [Colombo et al., 2024; Wu

et al., 2023].

Such specialization also occurs at language level. In special

in the Portuguese context, Sabiá [Pires et al., 2023] showed

that is possible to have considerable gains with a fraction of

the computational resources using such strategy.

In this work, we will perform most of our training runs in a

continued pretraining setting since this is a cost-effective way

to achieve high-performing models in non-English languages.

We will also explore and measure the benefits of continued

pretraining by comparing our runs with training runs starting

from scratch.

2.5 Disparities in Corpus Representation

Recent studies demonstrate that LLMs present higher knowl-

edge gaps depending on the regional context. For instance,

WorldBench Moayeri et al. [2024] is a benchmark that lever-

ages public economic data from the World Trade Center to

measure how well LLMs know such data for different coun-

tries. It showed that LLMs show a much higher error rate

when asked about countries with lower economic status. Ad-

ditionally, Timely Events Benchmark (TiEBe) [Almeida et al.,

2025] is a benchmark that uses Wikipedia retrospective pages

to recover noticeable events from various countries. These

events are then used to create QA pairs, which are later used

to evaluate LLMs factual recall. They also observed a high

disparity in LLM performance when comparing factual recall

for events originating in the United States, when compared

to other regions such as France or Brazil.

These knowledge gaps are likely related to the small rep-

resentation of such regions in pretraining corpora. Long-

pre et al. [2024] performed a large audit of text, video, and

speech datasets and showed that the representation of South

American-originated data is less than 0.2% on average. They

also pointed out that this proportion does not seem to be im-

proving in recent years.

3 Methodology

In this section, we describe the methodology used for our

experiments, including the dataset creation, model training,

and evaluation.
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Table 1. Information on the document and token count in the final dataset, as well as the percentage of Portuguese pages for each of the used

crawls in the ClassiCC-PT corpus.

Source CC-2021-31 CC-2021-39 CC-2022-40 ClassiCC-PT

Documents 62M 33M 21M 116M

Tokens 66B 36B 24B 126B

PT percentage in crawl 2.2% 2.1% 1.15% -

3.1 Dataset

The methodology adopted in this work focuses on designing

and evaluating a pipeline for constructing non-English text

corpora, with Portuguese being our case study. The initial

phase involves processing data obtained from a Common

Crawl (CC) snapshot, followed by filtering and recovering

relevant web pages, specifically those in Portuguese. The

next stage encompasses document processing and classifica-

tion, which includes text cleaning, deduplication, and content

categorization to effectively structure the dataset.

The resulting corpus, referred to as Classified CC-PT

(ClassiCC-PT)2, serves as the foundation for subsequent ex-

perimental analyses. Figure 1 illustrates the overall process of

creating ClassiCC-PT and will be discussed in further detail

as follows.

ClassiCC-PT

(Classified CC PT)

Educational Toxic STEM

Common

Crawl index

Portuguese HTML 

web pages

Retrieve Crawl 
metadata

Extracted text

(Trafilatura)

Deduplicated text

(Minhash)

Rule-based

Selection

Neural-based

Selection

C4 MassiveWeb

Retrieval

Processing

Filtering

Rules Classifiers

Figure 1. The creation process of ClassiCC-PT.

3.1.1 Retrieving Portuguese Pages

Common Crawl periodically snapshots the web and offers

metadata for each document in the snapshot, including lan-

guage statistics computed using the CLD2 Naïve Bayesian

classifier3. On average, Portuguese accounts for approxi-

mately 2% of the pages in any given crawl. Using the pro-

videdmetadata, we filter and select only the pages that include

Portuguese in their language list. We then retrieve the corre-

sponding WARC files for the specified crawl and extract the

raw HTML content from each selected page.

2https://huggingface.co/datasets/ClassiCC-Corpus/Clas
siCC-PT

3https://github.com/CLD2Owners/cld2

3.1.2 From HTML to Text

The next step in creating the dataset involves extracting

text from the HTML. Although Common Crawl provides

a cleaned text version of the web pages through their WET

files4, we opted to retrieve the raw HTML to investigate the

impact of different extraction methods.

Accurately retrieving the main information from an HTML

page is a complex task. Some datasets adopt a straightfor-

ward approach by simply removing markup and non-text

elements from the HTML and then focusing on filtering high-

quality web pages. More sophisticated methods have also

been explored, such as rendering the visual representation

of the web page and extracting text from it or parsing the

HTML DOM tree and classifying each node as relevant con-

tent or noise [Overwijk et al., 2022]. These classifications can

be performed heuristically, as seen in Trafilatura [Barbaresi,

2021], or through neural networks, as demonstrated in [Xu

et al., 2024].

We investigated the impact of extracting text using the

naive approach of extracting all the text in the HTML and

using Trafilatura. We observed that the naive approach gen-

erated significantly more tokens on average. Specifically,

the naive method led to the extraction of approximately 100

billion tokens per crawl, while using Trafilatura resulted in

an average of 45 billion tokens.

After extracting the text from the HTML, our next step

is to deduplicate our data since many studies have shown

that duplicate data can negatively impact an LLM’s perfor-

mance [Lee et al., 2021; Abbas et al., 2023]. We employed

Minhash Deduplication on the documents from each crawl.

We chose to perform only intra-crawl deduplication, follow-

ing the findings of Penedo et al. [2024a], which indicated

that inter-crawl deduplication can decrease performance by

retaining primarily high-entropy noise pages. On average,

our intra-crawl deduplication process removed 40% of the

remaining web pages. Table 1 shows the final token count in

ClassiCC-PT for each snapshot used.

In the results section, we will discuss the impact of each

processing step. Our final dataset comprises 125 billion Por-

tuguese tokens, comparable to other major open-source Por-

tuguese corpora, such as mC4 [Xue, 2020] (160 billion to-

kens), ClueWeb22-A [Overwijk et al., 2022], which contains

approximately 100 billion tokens, and Gigaverbo [Corrêa

et al., 2024], which contains up to 200 billion unique tokens.

4https://commoncrawl.org/blog/web-archiving-file-for
mats-explained

https://huggingface.co/datasets/ClassiCC-Corpus/ClassiCC-PT
https://huggingface.co/datasets/ClassiCC-Corpus/ClassiCC-PT
https://github.com/CLD2Owners/cld2
https://commoncrawl.org/blog/web-archiving-file-formats-explained
https://commoncrawl.org/blog/web-archiving-file-formats-explained
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3.1.3 Filtering: Rule-Based Page Selection

Training directly on web pages without applying quality filter-

ing can often lead to suboptimal model performance [Wenzek

et al., 2019; Gao et al., 2020; Raffel et al., 2020]. To miti-

gate this issue, numerous studies have investigated rule-based

methods to improve the quality of web page selection.

Rule-based selection involves categorizing a document by

analyzing specific lexical attributes. These attributes may in-

clude the document’s character count, the ratio of punctuation

marks to characters, the number of stopwords present, and

other relevant metrics.

We will examine the impacts of two sets of heuristic rules:

those used in MassiveWeb [Rae et al., 2021] and those in

C4 [Raffel et al., 2020; Xue, 2020]. We aim to understand the

influence of these selection criteria and whether their effects

are dataset-dependent. From the C4 rules, we specifically

chose to apply only the subset that does not involve editing

the document, which means that we excluded the following

rules:

• Remove all lines not ending with a punctuation mark.

• Deduplicate any three-sentence span in the dataset.

• Remove any paragraphs containing “privacy policy”,

“terms and conditions” and similar phrases.

The complete set of rules for each rule set can be found in

Appendix C. We observed that the MassiveWeb rules remove

approximately 20% of the documents in our dataset, while the

C4 rules are more aggressive, resulting in a removal of around

43% of documents. In the following sections, we discuss the

impacts of these selections.

3.1.4 Filtering: Neural Network-Based Selection

The heuristic rules examined so far are effective, but predomi-

nantly focus on the lexical analysis of the document structure.

However, when selecting data for pretraining a model, the

type of content present is also crucial. FineWeb [Penedo

et al., 2024a] demonstrated impressive results by selecting

documents with educational content from a large corpus. This

selection process employs a linear regression model built on

top of Snowflake-arctic-embed-m Merrick [2024]. The lin-

ear classifier is trained to assess the educational value of a

document based on synthetic annotations from Llama 3.

We performed our own synthetic annotation of Portuguese

documents, randomly sampled from ClassiCC, labeling a

total of 120 thousand documents based on their educational

content. We used the same prompt as FineWeb, translated

into Portuguese, and GPT-4o instead of Llama-3 to perform

the annotation, a choice based on preliminary tests. We set

aside 10k of these annotated samples as a test set, using the

remaining 110k as a training set.

We tested the classifier developed by Penedo et al. [2024a]

in our test set of Portuguese documents, and observed a sig-

nificantly inferior performance in Portuguese compared to

its results in English. This discrepancy is expected, as the

classifier is a small model trained exclusively on English data.

Consequently, this motivated us to develop our version of the

classifier tailored to Portuguese.

We followed the the FineWeb formula, training a linear

regressor on top of a model embeddings, we chose to build our

model on top of BERTimbau [Souza et al., 2020] embeddings,

since it yielded the best results in our preliminary results. We

used our training set of 110k Portuguese annotated documents.

Our final classifier, ClassiCC-PT-edu 5, was trained for 20

epochs using a cosine decay schedule with a 5% warmup.

We employed the AdamW optimizer [Loshchilov, 2017] and

learning rate of 3e−4.
We also developed two additional classifiers: one for

STEM-related content, ClassiCC-PT-STEM 6, and another

for identifying offensive content, ClassiCC-PT-toxic 7. The

performance of these classifiers will be discussed in more

detail in the subsequent sections.

Our approach to creating the classifiers is similar to the

one used in Gigaverbo. [Corrêa et al., 2024], but our method-

ologies have key differences. While their classifier primarily

assesses text quality in general8, our classifiers focus on more

specific objectives, such as measuring the presence of STEM-

related content. We opted for these more niche objectives

(STEM, educational, and toxic content) based on our prelimi-

nary tests, which indicated that broader objectives, such as

evaluating overall quality of a document, can lead to incon-

sistencies in LLM annotation, given that the concept of “text

quality” is inherently ambiguous without further specifica-

tion.

Furthermore, we use a discrete scoring system when

prompting GPT-4o to assess the educational content of a

text on a scale from 0 to 5. A guideline is provided to assist

in scoring; the prompt used is available in Appendix C, and

further details about the annotation result can be found at

Appendix E. We then train our classifier to reproduce these

scores.

All documents in ClassiCC-PT have associated scores from

each of our three classifiers. These scores provide an extra sig-

nal for future research, indicating their educational relevance,

STEM focus, and potential toxicity.

3.2 Model Training

In this work, we explore the impacts of numerous steps in

creating a large dataset for continued LLM training. To study

these impacts, we chose to train a TinyLlama model trained

in 1 trillion tokens in English9. We selected this model for

the following reasons:

• TinyLlama is a small model with 1.1B parameters, al-

lowing us to perform multiple training runs with more

than 100 billion tokens each.

• It utilizes a recent model architecture in Llama2 [Tou-

vron et al., 2023].

• We have complete information on the type of data TinyL-

lama was trained on, which allows us to better discuss

5https://huggingface.co/ClassiCC-Corpus/ClassiCC-P
T-edu-classifier

6https://huggingface.co/ClassiCC-Corpus/ClassiCC-P
T-stem-classifier

7https://huggingface.co/ClassiCC-Corpus/ClassiCC-P
T-toxic-classifier

8Tucano annotates documents with GPT-4o, asking it to score documents

from 0 to 1, ’considering how reasonable, valuable, and informative this text

is for training a language model in Portuguese’.
9https://huggingface.co/TinyLlama/TinyLlama-1.1B-int

ermediate-step-480k-1T

https://huggingface.co/ClassiCC-Corpus/ClassiCC-PT-edu-classifier
https://huggingface.co/ClassiCC-Corpus/ClassiCC-PT-edu-classifier
https://huggingface.co/ClassiCC-Corpus/ClassiCC-PT-stem-classifier
https://huggingface.co/ClassiCC-Corpus/ClassiCC-PT-stem-classifier
https://huggingface.co/ClassiCC-Corpus/ClassiCC-PT-toxic-classifier
https://huggingface.co/ClassiCC-Corpus/ClassiCC-PT-toxic-classifier
https://huggingface.co/TinyLlama/TinyLlama-1.1B-intermediate-step-480k-1T
https://huggingface.co/TinyLlama/TinyLlama-1.1B-intermediate-step-480k-1T
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the results.

• The TinyLlama project provided intermediary check-

points during its development. We chose to start from

the checkpoint trained on 1 trillion English tokens for

our work. This checkpoint serves as a convenient com-

parison point, as our training dataset is approximately

10% the size of the original training dataset.

We trained on TPUs v2-128, which was generously granted

to us by Google’s TRC program. We used the seqio and

t5x [Roberts et al., 2023] frameworks to train and the lm-

evaluation-harness framework [Gao et al., 2024] to perform

our evaluations.

Our training runs started from the TinyLlama checkpoint

trained by 1 trillion tokens in English; we use a learning rate of

1e-3 with the Adafactor optimizer [Shazeer and Stern, 2018],

batch size of 256, and sequence length of 4096 tokens using

packing.

3.3 Evaluation

A fundamental aspect of our study is to evaluate how well the

trained LLMs perform on Portuguese tasks. We chose to use

the Poeta benchmark [Pires et al., 2023].

The Poeta benchmark consists of 14 diverse Portuguese

tasks that cover a range of challenges and was first introduced

alongside the Sabiá models [Pires et al., 2023]. A detailed

list of these tasks and their respective types is provided in

Table 2.

We use the Normalized Preferred Metric (NPM), the same

aggregation metric as in the Poeta benchmark [Pires et al.,

2023]. NPM provides an overall performance summary by

normalizing each task score based on its expected random and

maximum score. This ensures that binary classification tasks,

with a 50% random baseline, does not disproportionately

affect the average compared to a task with a baseline of 0%.

The NPM is calculated as follows:

NPM = 1
N

N∑
i=1

100× [preferred metric]i − [random score]i
[max score]i − [random score]i

.

To illustrate the benefits of using NPM, consider a multiple-

choice task with four alternatives, where random guessing

yields an expected accuracy of 25%, alongside an open-ended

question answering task, where random performance is 0%.

If we simply averaged the raw accuracies, a model guessing

randomly would score 12.5% across the two tasks. In con-

trast, with NPM, both random baselines are normalized to 0,

yielding an average NPM of 0 for a random model, which

enhances interpretability. This normalization enables fairer

aggregation across tasks with different baseline difficulties

and supports combining various preferred metrics, such as

accuracy, F1, or exact match, within a unified framework.

4 Results

In this section, we describe the observed impacts of numerous

aspects of data curation mentioned previously.

4.1 Impacts of Data Processing

Figure 2 presents the NPM in the Poeta benchmark for three

different runs. Each run utilized data from the same three

selected Portuguese subset crawls from CC, but with different

preprocessing strategies applied:

• Run 1: All text content was extracted directly from the

HTML using the BeautifulSoup library.

• Run 2: Text was extracted from the HTML using the

Trafilatura library, which applies content-cleaning rules.

• Run 3: Text extraction was performed with Trafilatura,

followed by an additional intra-crawl deduplication step

using MinHash.
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Figure 2. NPM of three different runs. The red line shows a run using all the

text available at the HTML, the orange line shows the a run using the text

extracted using the Trafilatura library, and the green line shows a run using

the text extracted with the Trafilatura library and deduplicated intra crawl.

The results show a performance improvement when using

Trafilatura for text extraction compared to extracting all text

with BeautifulSoup. This improvement is expected because

Trafilatura employs sophisticated heuristics to remove noisy

or irrelevant content (such as headers, footers, and advertise-

ments) from HTML pages [Barbaresi, 2021]. By reducing the

amount of non-informative or low-quality text, Trafilatura

provides a more refined dataset, contributing to better model

performance.

Another improvement was observed when applying intra-

crawl MinHash deduplication to the text extracted by Trafi-

latura. This deduplication step is crucial for mitigating the

negative effects of excessive duplicate content in training

data. Consistent with findings from previous studies [Lee

et al., 2021], high levels of redundancy in training datasets

can degrade model performance by introducing biases in the

learning process or causing overfitting to repetitive patterns.

In our case of continued pretraining in Portuguese, we ob-

served the same detrimental impact of duplicate content.

4.2 Impacts of Data Selection

This section discusses how rule-based and neural network-

based selection approaches impacted our experiments and the

performance of our classifiers.
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Table 2. Tasks in the Poeta Benchmark.

Dataset Type
Preferred Rand.

Transl.
Num

Metric Score Few-Shot

AG News [Zhang et al., 2015] Multiclass classification (4) Accuracy 25 Yes 12

ASSIN 2 RTE [Real et al., 2020] Binary classification F1 50 No 18

ASSIN 2 STS [Real et al., 2020] Regression Pearson 0 No 15

BLUEX [Almeida et al., 2023] Multiple choice (4) Accuracy 25 No 1

BoolQ [Clark et al., 2019] Binary classification Accuracy 50 Yes 4

ENEM Challenge [Silveira and Maua, 2018] Multiple choice (5) Accuracy 20 No 1

ENEM 2022 [Nunes et al., 2023] Multiple choice (5) Accuracy 20 No 1

FaQuAD [Sayama et al., 2019] Extractive QA F1 0 No 4

IMDB [Maas et al., 2011] Binary classification Accuracy 50 Yes 2

MASSIVE [FitzGerald et al., 2022] Multiclass classification (18) F1-macro 0.58 Yes 36

MKQA [Longpre et al., 2021] Extractive QA F1 0 Yes 40

SST2 [Socher et al., 2013] Binary classification Accuracy 50 Yes 34

TweetSentBR [Brum and Volpe Nunes, 2018] Multiclass classification (3) F1-macro 32.4 No 30

WSC [Sakaguchi et al., 2021] Binary classification Accuracy 50 Yes 18

4.2.1 Rule-Based Selection

To assess the impact of rule-based data selection methods,

we applied two distinct filtering rule sets in our dataset: the

MassiveWeb [Rae et al., 2021] rules and our adapted C4

rules [Raffel et al., 2020]. We then trained models using

datasets generated by each of these rule sets and the original

dataset without any filtering.

All models were trained following a consistent methodol-

ogy, starting from the TinyLlama checkpoint, which had been

pretrained on 1 trillion tokens. The initial dataset contained a

total of 120 billion tokens, which was reduced to 93 billion

unique tokens after applying the MassiveWeb filtering rules.

Further applying the C4 rules reduced the dataset size to 78

billion unique tokens.

Figure 3 presents the results of these experiments. The

findings indicate that applying the C4 rules enhances model

performance during training, up to the point where 80 billion

tokens have been processed. Beyond this threshold, perfor-

mance begins to decline, coinciding with the completion of

a full epoch of the dataset filtered with the C4 rules. These

results suggest that the C4 filtering rules are particularly bene-

ficial in resource-constrained scenarios, allowing for effective

training with fewer tokens than the total dataset size.
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Figure 3. NPM over three different runs, all using our dataset, but with

different document selection-based rules applied.

In contrast, datasets filtered using the MassiveWeb rules

exhibited a slight decline in performance compared to the

unfiltered baseline. This suggests that the MassiveWeb rules

may have inadvertently removed documents containing useful

or relevant information, thereby reducing the overall quality

of the training data. This finding conflicts with previous

studies [Rae et al., 2021; Pires et al., 2023]. However, we

believe this behavior may be a consequence of our specific

setup, which involves training a small model with no prior

pretraining in the target language.

4.2.2 ClassiCC Classifiers

Starting with our classifier results, we evaluate their align-

ment with the scores assigned by GPT-4o on a separate test

set. Since the classifiers are regressors and the GPT-4o scores

are discrete, we round each document’s predicted score to the

nearest integer to compute the F1 score between the classi-

fier’s outputs and the GPT-4o scores.

Table 3 compares the original FineWeb-Edu classifier and

ClassiCC-PT-Edu when scoring Portuguese documents. The

FineWeb-Edu classifier does not perform well in Portuguese,

which is expected since it was trained only in English. In

practice, the classifier scores are typically used to distinguish

“good” and “bad” documents by applying a threshold and

retaining only documents with scores above this threshold.

We also analyze this scenario in Table 3, assuming a threshold

of 3, the same as that used in FineWeb [Penedo et al., 2024a].

Under this threshold, ClassiCC-PT-Edu achieves an F1 score

of 0.77, which is competitive with the performance of the

FineWeb-edu classifier in English.

As previously mentioned, we trained two additional classi-

fiers for STEM content and for detecting toxic and offensive

content. To achieve this, we followed the same process used

for the educational classifier, annotating many documents us-

ing GPT-4o with the corresponding prompts. The F1 scores

for the respective test sets are reported in Table 4, showing

that all classifiers achieve similar F1 scores after binarization.
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Table 3. Results for educational content classification in Portuguese.

The test set consists of 10k examples.

Classifier Model Precision Recall F1

Multiclass

ClassiCC-PT-Edu 0.46 0.44 0.43

FineWeb-edu 0.16 0.19 0.13

Binary (Threshold 3)

ClassiCC-PT-Edu 0.77 0.77 0.77

FineWeb-Edu 0.45 0.50 0.48

Table 4. Performance for all ClassiCC-PT classifiers using a binary

threshold of 3.

Classifier Model F1 Test Size Training Size

ClassiCC-PT-edu 0.77 10k 110k

ClassiCC-PT-stem 0.76 12k 100k

ClassiCC-PT-toxic 0.78 20k 180k

4.2.3 Neural Network-Based Selection

In our study, we developed classifiers to categorize document

content, focusing specifically on STEM and education-related

materials. Through this categorization, we found that only

about 10% of the documents in our dataset received a high

education or STEM score. This relatively small proportion

posed a challenge, limiting our ability to assess their isolated

impact on the model’s performance.

We conducted an experiment using a mixture of datasets to

assess whether the educational and STEM-focused documents

contributed valuable information to the model. The baseline

dataset for this comparison was a subset of the ClueWeb

dataset, containing a total of 80 billion tokens. We then

created a mixed dataset by combining this ClueWeb subset

with the educational and STEM documents from ClassiCC-

PT, increasing the total token count to approximately 100

billion. Using these datasets, we trained two separate models

– one on the ClueWeb subset and the other on the mixed

dataset – over two epochs. The results of this comparison are

presented in Figure 4.

In the initial stages, up to 60 billion tokens, the model

trained on the mixed dataset outperformed the ClueWeb-only

model. However, between 60 billion and 150 billion tokens,

the ClueWeb-only model exhibited better performance. To-

wards the end of the second epoch, the model trained on the

mixed dataset began to significantly surpass the ClueWeb-

onlymodel, ultimately achieving a peak gain of approximately

1.5 NPM points over the baseline model.

These results highlight the potential value of incorporating

targeted educational and STEM content into training datasets,

even when such content constitutes a relatively small fraction

of the overall dataset.
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Figure 4. NPM of two different runs. The orange line shows the performance

using only the ClueWeb dataset, the orange line shows the performance when

mixing the ClueWeb dataset to our selected high quality documents.

4.3 Comparison with Other Datasets

Finally, we compare our dataset with two other Portuguese

corpora of similar size, emphasizing the differences in their

construction processes and performance outcomes. Figure 5

illustrates the NPM performance across mC4, ClueWeb, and

ClassiCC-PT. We also name the model trained on ClassiCC-

PT Curió 1.1B 10.
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Figure 5. NPM of three different runs using different datasets. The orange

line shows the performance using the ClueWeb dataset, the gray line shows

the performance using mC4, and the green line shows the performance using

our dataset. The dotted lines indicate the base performance of TinyLlama

trained in 1T and 2T tokens.

The results indicate that despite the relatively straightfor-

ward preprocessing steps used in constructing our dataset,

it achieves a performance comparable to that of the

ClueWeb dataset, which employs an industry-grade process-

ing pipeline [Overwijk et al., 2022].

ClassiCC-PT and ClueWeb significantly outperform the

mC4 dataset, demonstrating that well-curated preprocessing

strategies can yield high-quality datasets even without the re-

sources and scale of commercial-level pipelines. This finding

underscores the potential for researchers to create competitive

datasets using more accessible techniques, thereby democra-

tizing advancements in Portuguese-language NLP.

10https://huggingface.co/ClassiCC-Corpus/Curio-1.1b

https://huggingface.co/ClassiCC-Corpus/Curio-1.1b
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4.4 Training from Scratch x Continued Pre-

training

To quantify the impact of adopting the continued pretraining

paradigm, we conducted an experiment using ClassiCC-PT

to train a model with the same architecture as TinyLlama but

starting the weights from scratch.

Following the recommendations of PALM [Chowdhery

et al., 2023], we employed an Adafactor learning rate of 10−2

for the first 10k steps, which was then decayed at a rate of

1/
√

k, where k is the step number. We also used a batch size

of 256, consistent with the continued pretraining experiment.

This experiment ran for 2 epochs on the ClassiCC-PT dataset.

Figure 6 illustrates the NPM during our from-scratch train-

ing. The gains are generally increasing but show high vari-

ance. Notably, around the 200 billion tokens mark, approach-

ing the end of the two epochs, some checkpoints demonstrate

performance comparable to Tucano 1.1B, a recent Portuguese

LLM trained from scratch on 250 billion tokens using the

Gigaverbo dataset.
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Figure 6. NPM during training of model from scratch using ClassiCC-PT.

Table 5 presents the performance of different training regi-

mens regarding the achieved NPM on the Poeta benchmark.

We observe that models trained from scratch exclusively in

Portuguese, even with extended training, struggle to achieve

high performance.

Our model, trained from scratch on 120 billion Portuguese

tokens, achieves an NPM of 11.7. Doubling the training size

by performing an additional epoch on the ClassiCC-PT dataset

yields an extra 3.2 NPMpoints, bringing the total to 14.9. This

score is comparable to that achieved by Tucano 1.1B [Corrêa

et al., 2024], which is expected, as both models were trained

on a similar number of Portuguese tokens, although using

different datasets. It is worth noting that these results are

somewhat competitive with TinyLlama 1T, which was trained

on four times more tokens in English.

Regarding continued pretraining, Curió 1.1B, which starts

from TinyLlama 1T, displays a significant advantage and

achieves an impressive NPM of 27.1. This result suggests

that leveraging existing models, even those trained primarily

on English data, provides a stronger foundation for continued

training in Portuguese than starting from scratch, even when

using twice as many in-language tokens.

5 Conclusions

This study presented the creation, processing, and evaluation

of a large-scale Portuguese dataset for training language mod-

els. Starting from the CommonCrawl corpus, we showed that

a simple method can produce a dataset that competes with

industry-standard corpora.

Through continued pretraining experiments with the TinyL-

lama model, we showed that well-curated data plays a key

role in improving performance on Portuguese benchmarks

such as Poeta. Our dataset performed on par with the Por-

tuguese portion of ClueWeb-22, which was built using Bing

infrastructure, and outperformed other common datasets such

as mC4. This highlights the value of our preprocessing ap-

proach.

Lastly, we demonstrated the importance of localized data.

Both Curió-1.1B and TinyLlama 2T started from the same

base model (TinyLlama 1T), but followed different training

paths: Curió-1.1B was further pretrained on 100 billion Por-

tuguese tokens, while TinyLlama 2T continued training on

1 trillion English tokens. Curió-1.1B achieved significantly

better results on Portuguese tasks, highlighting the value of

language-specific pretraining.
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Table 5. Comparison of performance of different training regimens, all models from scratch trained only in Portuguese achieved similar

NPMs. Starting from TinyLlama yielded great benefits, achieving better results than models trained in double the amount of Portuguese

tokens. All models listed in the table use Llama architecture.

Model
Starting Tokens Poeta Training

Weights Trained (NPM) Dataset

Curió 1.1B TinyLlama 1T 1T EN + 120B PT 27.1 ClassiCC-PT (1 epoch)

Ours ( from scratch) Scratch 120B PT 11.7 ClassiCC-PT (1 epoch)

Ours ( from scratch) Scratch 240B PT 14.9 ClassiCC-PT (2 epoch)

Tucano 1.1B Scratch 250B PT 14.9 Gigaverbo (1.5 epochs)

TinyLlama 1T Scratch 1T EN 17.4 SlimPajama - 1T tokens

TinyLlama 2T Scratch 2T EN 20.9 SlimPajama - 2T tokens
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A Rules Used for Document Selection

In this appendix, we list all the rules fromC4 andMassiveWeb

used in our study.

Table 6 shows the MassiveWeb rules used in our study and

the thresholds used. Table 7 shows all the C4 rules used. As

mentioned, we only used rules that did not involve partially

editing a document. We also used the same list of Portuguese

restricted words as mC411.

11https://github.com/LDNOOBW/List-of-Dirty-Naughty-O
bscene-and-Otherwise-Bad-Words/blob/master/pt

B Full Results per Poeta Task

Figure 7 shows the performance of TinyLlama 1T’s continued

pretraining using mC4, ClueWeb, and ClassiCC-Pt for each

task of the Poeta benchmark.

We observed a unique behavior in the Agnews task: all

continued pretraining led to a significant improvement early

in training. This task requires the model to classify news

articles into categories such as technology or sports. Initially,

TinyLlama 1T, when prompted in Portuguese, almost always

responded with ’Technology,’ resulting in a random baseline

score of around 25%. After some training, this behavior

disappeared, leading to the observed performance gain.

Furthermore, some tasks show little progress during train-

ing. In particular, all tasks based on Brazilian exams (ENEM

and Bluex) exhibit performance only slightly above the ex-

pected random baseline.

C Prompts for Classifier Training

This appendix provides the full prompts used for scoring doc-

uments in each category—educational, STEM, and toxic—for

classifier training. Figure 8 shows the prompt for educational

content, Figure 9 for STEM content, and Figure 10 for toxic

content.

D Contamination Analysis

We performed a contamination analysis of the main datasets

used in this study—namely, ClassiCC, ClueWeb-A, and mC4-

PT. Following the methodology developed by Achiam et al.

[2023], we consider a document contaminated if three 50-

character substrings from an evaluation example are found in

a training document.

Using this method, we found considerable contamination

only in two Poeta datasets (ENEM and BLUEX), expected

given that these benchmarks cover prominent entrance exams

in Brazil. We also identified contaminated examples in all

three pretraining datasets.

However, since our experiments were limited to models

at the 1.1B scale, none of the trained models achieved per-

formance significantly above random chance on these bench-

marks. Figure 11 shows the models’ performance excluding

all tasks with considerable contamination. The results are

very similar to those in Figure 7, indicating that contamination

likely did not have a significant impact on our evaluations.

E Distribution of LLM Annotated

Documents

As mentioned previously, we used GPT-4o to annotate hun-

dreds of thousands of documents across three categories: Ed-

ucational, STEM, and Toxic. The model assigns a score

between 0 and 5, based on the prompts shown in Appendix C.

Table 8 presents the distribution of scores assigned by

GPT-4o across each category. In all cases, we observe a

higher concentration of lower scores, which is expected since
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Table 6. Filtering rules applied from MassiveWeb [Rae et al., 2021].

Description Threshold

Number of words is too low 50

Number of words is too high 100,000

Mean word length is too short 3

Mean word length is too long 10

Symbol-to-word ratio (for # or …) is too high 0.1

Too many lines end with an ellipsis 30%

Too few words contain at least one alphabetic character 90%

Contains fewer than two stop words 2

Table 7. Filtering rules applied from C4 [Raffel et al., 2020].

Rule Description Threshold

Contains ”{” -

Document contains “lorem ipsum” -

Document contains “javascript” -

Document contains restricted words or phrases -

Has fewer than the required sentences 3

Table 8. Score distribution of the GPT-4o annotation of documents though all three categories.

Scores 0 1 2 3 4 5

Toxic 94% 2% 1% 1% 1% 1%

Stem 67% 17% 4% 10% 1% 1%

Educational 52% 24% 14% 8% 1% 1%

our sample consists of randomly selected web documents.

Many of these pages are, for example, simple listings or ad-

vertisements that do not correspond to any of the evaluated

categories.
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Figure 7. Results for each task for the continued pretraining of TinyLlama 1T using mC4, ClueWeb and ClassiCC-PT.
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Abaixo está um trecho de uma página da web. Avalie se

a página tem um alto valor educacional e pode ser útil

em um ambiente educacional para o ensino do ensino

fundamental ao ensino médio usando o sistema de pon-

tuação aditiva de 5 pontos descrito abaixo. Os pontos

são acumulados com base na satisfação de cada critério:

- Adicione 1 ponto se o trecho fornecer algumas infor-

mações básicas relevantes para tópicos educacionais,

mesmo que inclua algum conteúdo irrelevante ou não

acadêmico, como anúncios e material promotional.

- Adicione outro ponto se o trecho abordar certos elemen-

tos pertinentes à educação, mas não alinhar-se de perto

com os padrões educacionais. Pode misturar conteúdo

educacional com material não educacional, oferecendo

uma visão geral superficial de tópicos potencialmente

úteis ou apresentando informações de maneira desorga-

nizada e estilo de escrita incoerente.

- Conceda um terceiro ponto se o trecho for apropriado

para uso educacional e introduzir conceitos-chave rel-

evantes para o currículo escolar. É coerente, embora

possa não ser abrangente ou possa incluir algumas in-

formações extrínsecas. Pode assemelhar-se a uma seção

introdutória de um livro didático ou a um tutorial básico

que seja adequado para aprendizado, mas tem limitações

notáveis, como tratar de conceitos que são muito com-

plexos para alunos do ensino fundamental.

- Conceda um quarto ponto se o trecho for altamente

relevante e benéfico para fins educacionais em um nível

não superior ao ensino fundamental, exibindo um estilo

de escrita claro e consistente. Pode ser semelhante a um

capítulo de um livro didático ou um tutorial, oferecendo

conteúdo educacional substancial, incluindo exercícios

e soluções, com informações mínimas irrelevantes, e

os conceitos não são muito avançados para alunos do

ensino fundamental. O conteúdo é coerente, focado e

valioso para aprendizado estruturado.

- Conceda um quinto ponto se o trecho for excepcional

em seu valor educacional, perfeitamente adequado para

ensino no ensino fundamental ou médio. Segue um

raciocínio detalhado, o estilo de escrita é fácil de seguir

e oferece insights profundos e completos sobre o assunto,

desprovidos de qualquer conteúdo não educacional ou

complexo.

O trecho: {text}.

Após examinar o trecho:

Justifique brevemente sua pontuação total, até 100

palavras. Conclua com a pontuação usando o formato:

”Pontuação educacional: <total de pontos>

Figure 8. Education prompt for the labeling of data used to create the

ClassiCC-PT-Edu Classifier.

Abaixo está um trecho de uma página da web. Avalie o

quão bem o conteúdo do trecho está alinhado com temas

de STEM e sua adequação para um público interessado

em aprimorar conhecimentos nessas áreas, utilizando

um sistema de pontuação aditiva de 5 pontos. Os pontos

são acumulados com base na satisfação de cada critério:

- Adicione 1 ponto se o trecho mencionar conceitos de

STEM, mesmo que de forma superficial ou tangencial,

e independentemente de conter conteúdo promocional

ou publicitário.

- Adicione outro ponto se o trecho discutir temas de

STEM demaneira introdutória, mas com alguma falta de

profundidade ou precisão técnica. Pode incluir exemplos

ou aplicações práticas simplificadas.

- Conceda um terceiro ponto se o trecho apresentar in-

formações de STEM que são factualmente corretas e

relevantes para a área, mas ainda de maneira não muito

detalhada. Pode ser um bom ponto de partida para dis-

cussões em salas de aula de nível técnico ou univer-

sitário.

- Conceda um quarto ponto se o trecho oferecer uma

explicação detalhada de um conceito de STEM, com

exemplos práticos e relevância demonstrada para apli-

cações reais, sendo útil para estudantes de nível técnico

ou universitário.

- Conceda um quinto ponto se o trecho for uma referên-

cia excelente e detalhada em STEM, com análise técnica

profunda, exemplos práticos avançados e relevância di-

reta para campos profissionais ou estudos avançados em

STEM.

O trecho: {text}.

Após examinar o trecho:

Justifique brevemente sua pontuação total, até 100

palavras. Conclua com a pontuação usando o formato:

“Pontuação STEM: <total de pontos>”

Figure 9. Education erompt for the labeling of data used to create the

ClassiCC-PT-STEM Classifier.
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Abaixo está um trecho de uma página da web. Avalie

se a página contém conteúdo ofensivo, incluindo, mas

não se limitando a, material pornográfico, discurso de

ódio ou retórica extremista, utilizando o sistema de pon-

tuação aditiva de 5 pontos descrito abaixo. Os pontos

são acumulados com base na presença e gravidade de

cada critério:

- Adicione 1 ponto se o trecho contiver sugestões leves

de conteúdo ofensivo, como linguagem imprópria ou

referências subtis a temas adultos.

- Adicione outro ponto se o trecho incluir conteúdo que

possa ser considerado ofensivo por algumas pessoas,

como humor ácido ou discussões controversas, mas sem

material explícito.

- Conceda um terceiro ponto se o trecho apresentar con-

teúdo que seja claramente ofensivo para muitos, como

representações estereotipadas ou piadas de mau gosto,

mas ainda não atinge o nível de material explícito.

- Conceda um quarto ponto se o trecho for predomi-

nantemente ofensivo, com linguagem e temas que são

considerados inapropriados para a maioria dos públicos,

mas não contém material explícito de natureza pornográ-

fica, violenta ou extremista.

- Conceda um quinto ponto se o trecho contiver conteúdo

explícito que é pornográfico, constitui discurso de ódio

ou promove retórica extremista, tornando-o altamente

ofensivo e inapropriado.

O trecho: {text}.

Após examinar o trecho:

Justifique brevemente sua pontuação total, até 100

palavras. Conclua com a pontuação usando o formato:

“Pontuação ofensiva: <total de pontos>”.

Figure 10. Education prompt for the labeling of data used to create the

ClassiCC-PT-Toxic Classifier.
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Figure 11. Average NPM for non-contaminated tasks.
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