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Abstract

Encoder-based language models remain essen-
tial for natural language understanding tasks
such as classification, semantic similarity, and
retrieval-augmented generation. However, the
lack of high-quality monolingual encoders for
Brazilian Portuguese poses a significant chal-
lenge to performance. In this work, we sys-
tematically explore the training of Portuguese-
specific encoder models from scratch using
two modern architectures: DeBERTa, trained
with Replaced Token Detection (RTD), and
ModernBERT, trained with Masked Language
Modeling (MLM). All models are pre-trained
on the large-scale Jabuticaba corpus. Our
DeBERTa-Large model achieves results com-
parable to the state-of-the-art, with F1 scores of
0.920 on ASSIN2 RTE and 0.915 on LeNER.
Crucially, it matches the performance of the
900M-parameter Albertina model while utiliz-
ing significantly fewer parameters. We also
release custom tokenizers that reduce token fer-
tility rates compared to multilingual baselines.
These findings provide evidence that careful ar-
chitectural choices and monolingual tokeniza-
tion can yield competitive performance without
massive model scaling.

1 Introduction

Encoder-based language models play a central role
in natural language understanding tasks such as text
classification, semantic similarity, information re-
trieval, and retrieval-augmented generation (RAG)
(Devlin et al., 2018; Lewis et al., 2021). Although
recent advances in natural language processing
(NLP) have been dominated by large autoregressive
decoders, encoders remain the backbone of systems
that require robust semantic representations, effi-
ciency at inference time, and scalable indexing over
large document collections.

In the context of Brazilian Portuguese, the devel-
opment of encoder models has lagged behind the
rapid evolution seen in English. Most widely used

Portuguese models, such as BERTimbau (Souza
et al., 2020), still rely on early Transformer archi-
tectures (Devlin et al., 2018) that enforce a maxi-
mum sequence length of 512 tokens. While suffi-
cient for sentence-level tasks, this constraint cre-
ates a significant bottleneck for modern workloads
like long-document understanding and retrieval-
augmented generation, where critical information
often spans thousands of tokens (Beltagy et al.,
2020; Wang et al., 2024). Conversely, the English
ecosystem has introduced techniques explicitly de-
signed to solve these scaling challenges, including
Rotary Positional Embeddings (RoPE), FlashAtten-
tion, and alternating local-global attention patterns
(Dao et al., 2022; Su et al., 2024b; Warner et al.,
2024). The absence of these advancements in cur-
rent Portuguese benchmarks highlights a growing
technological gap and a clear opportunity for mod-
ernization.

A distinct but equally critical limitation lies in
tokenization efficiency. Many existing Portuguese
encoders rely on multilingual or weakly adapted vo-
cabularies, which tend to fragment Portuguese text
into significantly more subword units than com-
parable English models (Pires et al., 2019; Zago
and Agnoletti dos Santos Pedotti, 2024). This in-
efficiency has compounding effects: it increases
memory usage, slows down both training and infer-
ence, and effectively reduces the semantic capacity
of the context window. Consequently, even a model
with a nominally large context size may fail to ex-
ploit its full potential if the tokenizer artificially
inflates sequence lengths.

To address current limitations, we systematically
evaluate two complementary architectures: De-
BERTa (He et al., 2021), utilizing the data-efficient
Replaced Token Detection (RTD) objective (Clark
et al., 2020; He et al., 2023), and ModernBERT
(Warner et al., 2024), which integrates FlashAtten-
tion (Dao et al., 2022) and RoPE Embeddings (Su
et al., 2024b) to enable scalable document-level
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processing. We support these designs by train-
ing custom tokenizers and pre-training all models
(Base and Large) from scratch on the Jabuticaba
corpus (Amadeus et al., 2024). This setup mini-
mizes sequence inflation (Pires et al., 2019), op-
timizes attention costs (Brenndoerfer, 2025), and
ensures a controlled comparison free from English-
centric initialization biases (Martin et al., 2020).
Importantly, our comparison reflects two bundled
modern design choices commonly used in prac-
tice: DeBERTa with RTD and ModernBERT with
MLM. As a result, objective and architecture are
not fully disentangled in this study; we therefore fo-
cus on establishing strong, reproducible Portuguese
baselines and analyzing practical trade-offs (accu-
racy, parameter efficiency, and long-context readi-
ness), leaving cross-over ablations (e.g., Modern-
BERT+RTD, DeBERTa+MLM) and long-context
downstream evaluations as future work.
This work makes the following contributions:

* We train a suite of Brazilian Portuguese
encoder models from scratch on the Jabu-
ticaba corpus, covering two modern fam-
ilies: DeBERTa-style encoders with RTD
and ModernBERT-style encoders with long-
context training up to 8,192 tokens.

* We introduce Portuguese-specific tokeniz-
ers trained on large-scale Portuguese data
and quantify token-efficiency improvements
across distinct text domains.

* We provide a reproducible training and evalua-
tion pipeline, and release the resulting models
and tokenizers to support further research and
deployment in Portuguese NLP.!

2 Background

The Transformer architecture serves as the foun-
dation for state-of-the-art NLP, yet its efficacy is
heavily dependent on specific design choices re-
garding training objectives, attention mechanisms,
and input representation. To contextualize the ar-
chitectural decisions made in this work, this section
reviews the technical evolution of encoder models.
We first contrast the standard MLM objective with
the more sample-efficient RTD used in DeBERTa.
Subsequently, we discuss recent advancements in

'Released models: JabuticaBERT-XSmall,
JabuticaBERT-Large, modernJabuticaBERT-Base- 1k,
modernJabuticaBERT-Base-8k, modernJabuticaBERT-Large-
1k, and modernJabuticaBERT-Large-8k.

attention efficiency—namely FlashAttention and
RoPE Embeddings—that enable long-context pro-
cessing in ModernBERT. Finally, we examine the
critical role of custom tokenization strategies in
optimizing computational efficiency and semantic
representation for morphologically rich languages
like Portuguese.

2.1 Evolution of Masked Language Modeling

The standard paradigm for pre-training encoder
models was established by BERT (Devlin et al.,
2018), utilizing the MLM objective. In this ap-
proach, approximately 15% of the input tokens are
randomly replaced with a special [MASK] token,
and the model is trained to reconstruct the origi-
nal token based on the surrounding context. While
effective, MLM suffers from significant sample
inefficiency: the model only calculates loss and up-
dates weights based on the small fraction of masked
tokens, effectively ignoring the vast majority of the
input sequence during backpropagation.

To address this limitation, recent architectures
have adopted RTD, a method originally proposed
by ELECTRA (Clark et al., 2020). Instead of mask-
ing tokens, RTD employs a generator network to
replace a subset of tokens with plausible alterna-
tives. The main model (the discriminator) is then
tasked with determining whether each token in the
sequence is original or replaced. Crucially, this
binary classification task provides a denser learn-
ing signal because the loss is computed over every
token in the sequence, rather than just the masked
subset.

Building on these efficiency gains, the DeBERTa
architecture (He et al., 2021) combines the RTD
objective with a disentangled attention mechanism.
Unlike BERT, which sums content and position
embeddings into a single vector, DeBERTa repre-
sents each token using two distinct vectors: one
for content and one for relative position. Atten-
tion scores are computed using disentangled ma-
trices that explicitly model content-to-content and
content-to-position dependencies. This separation
allows the model to capture more granular syntac-
tic relationships, which, combined with the denser
signal from RTD, typically yields superior perfor-
mance on natural language understanding tasks
compared to standard MLM baselines.

2.2 Efficient Long-Context Architectures

A fundamental limitation of traditional Trans-
former encoders is the quadratic time and mem-

934


https://huggingface.co/amadeusai/JabuticaBERT-XSmall
https://huggingface.co/amadeusai/JabuticaBERT-Large
https://huggingface.co/amadeusai/modernJabuticaBERT-Base-1k
https://huggingface.co/amadeusai/modernJabuticaBERT-Base-8k
https://huggingface.co/amadeusai/modernJabuticaBERT-Large-1k
https://huggingface.co/amadeusai/modernJabuticaBERT-Large-1k
https://huggingface.co/amadeusai/modernJabuticaBERT-Large-8k

ory complexity of self-attention with respect to se-
quence length IV, which has historically restricted
most BERT-based models to a maximum context of
512 tokens. This constraint severely limits applica-
bility to long-document understanding tasks, such
as legal analysis and scientific literature processing.

Recent encoder architectures overcome this bot-
tleneck without relying on sparse or approximate at-
tention by incorporating FlashAttention (Dao et al.,
2022). FlashAttention is an IO-aware algorithm
that reduces memory accesses between GPU high-
bandwidth memory and on-chip SRAM through
tiling, enabling exact attention computation with
substantially lower memory overhead. In prac-
tice, this reduces the effective memory footprint
from quadratic to linear with respect to sequence
length, allowing efficient training on long inputs
(e.g., 8,192 tokens).

In parallel, positional encoding mechanisms
have evolved to better support long contexts. Tradi-
tional absolute positional embeddings often fail to
generalize beyond the sequence lengths observed
during training. RoPE address this limitation by en-
coding position as a rotation applied to query and
key vectors (Su et al., 2024a). This formulation
naturally captures relative positional information
and enables more stable extrapolation to longer
sequences.

Training exclusively on maximum-length se-
quences is computationally inefficient and can
destabilize optimization. Consequently, modern
pipelines adopt context expansion or sequence
length curricula (Li et al., 2022), in which models
are initially trained on shorter sequences and pro-
gressively exposed to longer inputs. This strategy
facilitates stable learning of long-range dependen-
cies while significantly reducing overall computa-
tional cost.

2.3 Tokenization in Low-to-Medium Resource
Languages

The efficiency of a Transformer model is intrinsi-
cally linked to its tokenizer, which dictates how
raw text is mapped to numerical input. In mul-
tilingual models such as mBERT or Llama, the
vocabulary is shared across dozens of languages.
Because vocabulary size is fixed (typically between
30k and 250k tokens), high-resource languages like
English dominate the allocation. Consequently,
medium-resource languages like Portuguese often
suffer from suboptimal segmentation, where com-
mon words are fractured into an excessive number

of subword units. This phenomenon, known as
high token fertility, artificially inflates sequence
lengths.

High fertility has two detrimental effects on
model performance. First, it dilutes the effective
capacity of the context window; a fixed limit of
8,192 tokens captures significantly less semantic
content in Portuguese than in English if the average
tokens-per-word ratio is high. Second, it increases
computational overhead, as the model must process
more distinct units to encode the same amount of
information.

To mitigate these issues, recent research em-
phasizes the importance of language-specific to-
kenization. By training Byte Pair Encoding (BPE)
or WordPiece algorithms exclusively on monolin-
gual corpora, it is possible to generate vocabularies
where the majority of domain-specific and common
words are represented as single tokens. This opti-
mization reduces the tokens-per-word ratio, thereby
increasing the information density of the input em-
beddings and directly improving inference speed
and memory efficiency without altering the under-
lying model architecture.

3 Related Works

The development of pre-trained language models
has substantially advanced natural language under-
standing across a wide range of tasks. For Brazilian
Portuguese, early approaches primarily relied on
multilingual models such as mBERT, which bene-
fit from cross-lingual transfer but often underper-
form monolingual counterparts due to vocabulary
fragmentation and limited exposure to language-
specific phenomena due to the fact that Portuguese
is a low-resource language (Kalyan et al., 2021).
These limitations motivated the creation of mono-
lingual encoder models tailored to Portuguese.

BERTimbau (Souza et al., 2020) represents one
of the first widely adopted monolingual BERT-
based models for Brazilian Portuguese. It follows
the original BERT architecture and is pre-trained
using the MLM objective on large Portuguese cor-
pora. Both base and large variants have been re-
leased and extensively used as reference models
in downstream tasks such as textual entailment,
semantic similarity, and named entity recognition.
The success of BERTimbau demonstrates the im-
portance of monolingual pre-training and language-
specific tokenization for Portuguese natural lan-
guage understanding.

935



More recently, Albertina (Rodrigues et al., 2023)
has been introduced as a large-scale Portuguese en-
coder, significantly increasing the parameter count
to approximately 900 million. Pre-trained using
DeBERTa (He et al., 2021) as the base model, Al-
bertina continues to rely on the MLM objective
and follows a transformer-based encoder design,
with performance gains largely attributed to model
scaling. While this approach yields strong results,
it also entails substantial computational and mem-
ory costs, raising questions about efficiency and
accessibility for practical applications.

Despite recent advances in encoder architectures
for Brazilian Portuguese, limitations remain in how
these models are adapted and evaluated in mono-
lingual settings. In particular, although RTD has
been shown to provide denser supervision and im-
proved sample efficiency in prior work, its adoption
in Portuguese encoders has been limited. Most Por-
tuguese encoder models continue to rely on MLM
as their primary pre-training objective. Although
modern architectures have been adopted these mod-
els are trained using MLM rather than RTD.

In addition, prior work frequently reuses tok-
enizers and base-model configurations originally
developed for multilingual or high-resource lan-
guage settings. Such tokenization strategies may
not optimally capture Portuguese-specific morpho-
logical and lexical properties. Moreover, many
studies adopt continued pre-training or fine-tuning
from existing checkpoints rather than training both
the tokenizer and the encoder entirely from scratch.
This reliance on inherited tokenization and param-
eter initialization complicates the analysis of how
architectural design, pre-training objectives, and
tokenizer choices interact in fully monolingual Por-
tuguese encoder models.

To address these limitations, we adopt a fully
monolingual pre-training strategy for Brazilian Por-
tuguese, training both encoder models and their tok-
enizers from scratch on large-scale Portuguese data.
Modern encoder architectures are instantiated from
random initialization, preserving their architectural
design while avoiding reliance on multilingual or
English-centric checkpoints. For DeBERTa, we
further investigate RTD as the primary pre-training
objective, in contrast to the commonly used MLM.
By jointly training the tokenizer and encoder and
avoiding continued pre-training from existing mod-
els, this approach enables a clearer analysis of how
architectural choices, pre-training objectives, and
language-specific properties interact in monolin-

gual Portuguese encoders.

4 Methodology

4.1 Pre-training Data

All models in this study were trained from scratch
using the Jabuticaba corpus, a large-scale collection
of Brazilian Portuguese text designed specifically
for language model pre-training (Amadeus et al.,
2024). The corpus aggregates data from multiple
domains, including web crawls, news articles, legal
documents, and academic texts, providing broad
linguistic and stylistic coverage.

To ensure controlled comparisons across archi-
tectures and training objectives, the same pre-
training corpus was used for all models, includ-
ing DeBERTa and ModernBERT variants, as well
as for tokenizer training. No additional domain-
specific filtering or task-oriented data selection was
applied. This design choice isolates the effects
of architectural decisions, pre-training objectives,
and tokenization strategies from variations in data
distribution.

Prior to training, the corpus underwent stan-
dard preprocessing steps commonly adopted in
large-scale language modeling pipelines, includ-
ing document-level deduplication, normalization
of Unicode characters, and removal of corrupted or
extremely short samples. These steps aim to reduce
redundancy and noise while preserving the natural
distribution of Brazilian Portuguese text.

4.2 Model Architectures

This work investigates two encoder architectures
that reflect recent advances in Transformer design
while remaining suitable for large-scale monolin-
gual training: DeBERTa and ModernBERT. Rather
than proposing a new architecture, our goal is to
systematically adapt and evaluate these modern
designs in the context of Brazilian Portuguese.

DeBERTa. Builds upon the original BERT en-
coder by introducing disentangled attention mecha-
nisms that separately model content and positional
information (He et al., 2023). Instead of summing
token and positional embeddings into a single rep-
resentation, DeBERTa represents each token us-
ing distinct vectors for content and relative posi-
tion. Attention scores are computed through disen-
tangled matrices that explicitly capture content-to-
content and content-to-position interactions. This
formulation has been shown to improve the mod-
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eling of syntactic and semantic relationships com-
pared to standard absolute positional embeddings.

In this study, we follow the architectural design
introduced in DeBERTaV3, adopting standard base
and large configurations as defined in prior work
(He et al., 2023). These configurations allow us to
analyze the impact of model scale while keeping
architectural choices consistent with established
best practices.

ModernBERT. Recently proposed encoder ar-
chitecture designed to overcome the fixed-context
and efficiency limitations of early Transformer
models (Warner et al., 2024). It incorporates RoPE
embeddings and optimized attention implementa-
tions such as Flash Attention, enabling native sup-
port for long input sequences with improved mem-
ory efficiency (Dao et al., 2022; Su et al., 2024b).

Unlike traditional BERT-style encoders, Mod-
ernBERT alternates local and global attention pat-
terns and eliminates unnecessary padding opera-
tions, allowing the model to scale to document-
level inputs while preserving strong performance
on sentence-level tasks. These design choices make
ModernBERT particularly suitable for scenarios
where long-range dependencies are essential, such
as document understanding and retrieval-oriented
applications.

Model Scale. For both architectures, we train
smaller (Base or XSmall) and large variants to as-
sess the effect of model capacity under comparable
training conditions, based on original DeBERTa
and ModerBERT implementations.

4.3 Pre-training Objectives

To analyze the impact of pre-training objectives
on Portuguese encoder models, we consider two
widely adopted paradigms: MLM and RTD. These
objectives differ fundamentally in how learning sig-
nals are distributed across input tokens, with direct
implications for sample efficiency and convergence
behavior.

Masked Language Modeling (MLM). Origi-
nally introduced with BERT (Devlin et al., 2018),
trains the model to reconstruct a subset of randomly
masked tokens based on their surrounding context.
In standard configurations, approximately 15% of
input tokens are selected for masking, and loss is
computed only on these positions. While effective,
this formulation is inherently sample-inefficient, as
the majority of tokens in each sequence do not con-

tribute directly to the optimization signal during
training.

In this work, MLM is used as the pre-training ob-
jective for ModernBERT models, following the ref-
erence training procedure described in prior work
(Warner et al., 2024). This choice reflects the
canonical usage of ModernBERT and enables a
faithful evaluation of its architectural advantages
in long-context settings.

Replaced Token Detection (RTD). Discrimina-
tive pre-training objective introduced by ELEC-
TRA (Clark et al., 2020) and later adopted by De-
BERTaV3 (He et al., 2023). Instead of masking
tokens, a generator model replaces a subset of in-
put tokens with plausible alternatives. The main
encoder, acting as a discriminator, is trained to pre-
dict whether each token in the sequence is original
or replaced.

Unlike MLLM, RTD computes loss at every token
position, yielding a denser supervision signal per
training example. This property has been shown to
improve sample efficiency and accelerate conver-
gence, particularly in scenarios where training data
or computational resources are constrained.

4.4 Tokenizer Training

Tokenization directly affects the computational
efficiency and effective context utilization of
Transformer-based encoders, as the number of gen-
erated tokens determines memory usage, attention
cost, and semantic density within a fixed context
window (Brenndoerfer, 2025).

To mitigate the inefficiencies of multilingual or
weakly adapted vocabularies, we train custom tok-
enizers specifically for Brazilian Portuguese. All
tokenizers are trained from scratch on the Jabuti-
caba corpus, using a 10% random subset of the
data employed for model pre-training, ensuring
alignment between the tokenizer vocabulary and
the linguistic statistics of the training distribution.

By optimizing subword segmentation for Por-
tuguese morphology and lexical frequency, these
tokenizers reduce token fragmentation and yield
shorter token sequences on average compared to
multilingual alternatives.

Improved token efficiency has two direct ben-
efits. First, it increases the effective information
density of input representations, allowing more se-
mantic content to be encoded within the same max-
imum sequence length. Second, it reduces training
and inference costs by lowering the number of at-
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tention operations required to process equivalent
textual inputs.

This efficiency gain is particularly important for
long-context architectures such as ModernBERT:
even when models support extended context win-
dows, suboptimal tokenization can substantially
limit the usable semantic context. By combin-
ing Portuguese-specific tokenizers with modern
encoder architectures, we maximize the practical
benefits of extended context lengths rather than
relying solely on architectural capacity.

4.5 Training Procedure

We pre-train all encoders from scratch on the Jabu-
ticaba corpus using a unified pipeline on 8 x A100
GPUs. DeBERTa models are trained with RTD,
while ModernBERT models are trained with MLM
and the canonical efficiency features (bf16, un-
padding, and sequence packing) from the reference
implementation).

DeBERTa (JabuticaBERT) — RTD, 512 tokens.
Both DeBERTa variants use fp16 and AdamW with
warmup-linear schedule, Ir 1 x 10~* and wd 0.01.
We train (i) XSmall for ~250k steps with global
batch size 1500, and (ii) Large for ~700k steps
with global batch size 304. We apply standard sta-
bilization (e.g., gradient clipping) and use gradient
accumulation only when needed to match effective
batch sizes.

ModernBERT (modernJabuticaBERT) —
MLM, 1024 tokens (base training). We train
ModernBERT with bf16 and StableAdamW under
a Warmup-Stable-Decay schedule, enabling
sequence packing. Base is trained for ~80k steps
(Ir 8 x 1074, wd 1 x 10~°). Large is trained for
~84k steps (Ir 5 x 10~4, wd 1 x 1079), initialized
from the Base checkpoint using a Megatron-style
/ tiled initialization, keeping the same data and
training setup. Long-context continuation is
described in Sec. 4.6.

4.6 Context Length Expansion Strategy

Training with very long sequences from the start is
expensive and can be unstable. Following Modern-
BERT (Warner et al., 2024), we adopt a sequence-
length curriculum applied only to ModernBERT:
we first train with a shorter maximum length (1024
tokens), then continue training at longer contexts
up to 8,192 tokens.

RoPE adaptation for long context. Modern-
BERT uses local—global attention (local window
128; every third layer global). For context exten-
sion, we modify RoPE only for global attention lay-
ers: we increase the global RoPE 6 from 10,000 to
160,000 while keeping the local RoPE 6 at 10,000,
as in the reference procedure (Warner et al., 2024).
This preserves short-range inductive bias in local
layers while enabling stable extrapolation in global
layers.

Continued training schedule. We perform con-
tinued training in two stages: Stage 1 (~5Kk steps)
continues with random sampling from the origi-
nal corpus mixture to adapt optimization to longer
sequences; Stage 2 (~2k steps) upsamples long-
context sources (e.g., books) to reinforce long-
range dependencies.

DeBERTa models follow their standard refer-
ence configuration with fixed context length (512)
and do not use a length curriculum.

4.7 Evaluation Protocol

All models (see table 1) are evaluated on a diverse
suite of Brazilian Portuguese downstream bench-
marks covering semantic similarity, textual entail-
ment, named entity recognition, and toxicity detec-
tion, on 1 A100 GPU.

To ensure comparability across architectures and
pre-training objectives, we adopt a unified fine-
tuning protocol: identical data splits, optimization
settings, and early-stopping criteria are used for
every task. We report standard metrics following
prior work: Pearson correlation for semantic simi-
larity, F1 for textual entailment and classification,
and entity-level F1 for NER. Hyperparameters are
tuned over five variables: learning rate sampled
categorically from {10=7,1076,2-1076,5. 107,
107°,2-1075,5-107%,2-107%,5- 10~*}; weight
decay sampled uniformly from [0, 0.1]; mixed pre-
cision with fp16 € {True, False}; random seed
from {42,43, 44,45}; and warmup steps sampled
as an integer in [0, 0.1 x T, where T is the
total number of training steps (approximated as
epochs x| Dyyqin|). For each dataset, we optimize
the prescribed validation metric in its defined direc-
tion (maximize/minimize) and apply early stopping
with patience 4 using epoch-level evaluations.
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Model Params (M) Vocab (k)
DeBERTinha 40 50
BERTimbau Base 108 30
BERTimbau Large 334 30
JabuticaBERT XSmall 70 128
JabuticaBERT Large 434 128
Albertina 100M 138 50
Albertina 900M 884 128
modernJabuticaBERT Base 149 50
modernJabuticaBERT Large 395 50

Table 1: Model sizes and tokenizer vocabulary used in
our comparison. For modernJabuticaBERT there is two
context-length variants (1k and 8k) for both Base and
Large.

5 Results

5.1 Tokenizer efficiency

This section evaluates the efficiency of the pro-
posed tokenizers trained from scratch for Brazil-
ian Portuguese. Tokenizer efficiency is analyzed
through the average number of tokens per word,
which serves as an indicator of vocabulary ade-
quacy and subword fragmentation. Comparisons
are conducted against the tokenizers of the base-
line models and the BERT tokenizer, to assess how
well each tokenizer captures Portuguese lexical and
morphological patterns.

The analysis is performed on datasets drawn
from tweets, Wikipedia articles, and literary texts
by Machado de Assis and Monteiro Lobato, using
identical preprocessing pipelines to ensure compa-
rability across tokenizers. By evaluating diverse
domains and writing styles, this setup enables a
detailed examination of tokenizer behavior under
varying linguistic conditions.

Table 2 reports the average number of tokens
per word across different text domains. As ex-
pected, the tokenizer inherited from the English
model exhibits the highest fragmentation across
all domains, reflecting its limited suitability for
Portuguese text. BERTimbau shows strong per-
formance on the Wikipedia domain; however, this
result should be interpreted with caution, as the
BERTimbau tokenizer was trained primarily on
Wikipedia data (Souza et al., 2020). Consequently,
comparisons on the formal Wikipedia subset may
favor BERTimbau and do not fully reflect its gener-
alization to other domains.

Across the remaining domains, JabuticaBERT
Large consistently achieves the lowest token-per-
word ratios, indicating the most efficient tokeniza-
tion overall. When excluding the Wikipedia do-

main, modernJabuticaBERT Base emerges as the
second most efficient tokenizer, outperforming
both BERTimbau and Albertina 900M on social
media and literary texts. These results suggest that
training tokenizers from scratch on large and di-
verse Portuguese corpora leads to improved mor-
phological coverage and reduced fragmentation,
particularly in non-formal and domain-diverse set-
tings.

5.2 Benchmark Performance

We report downstream performance on standard
Brazilian Portuguese benchmarks covering textual
entailment, semantic textual similarity with the
ASSIN 2 dataset (Real et al., 2020), named en-
tity recognition with the LeNER dataset (Luz de
Araujo et al., 2018), and toxicity detection with the
ToldBR dataset (Leite et al., 2020). Models are
evaluated under identical hyper-parameters search
for fine-tuning to isolate the effects of architecture,
tokenizer, and pre-training objective. Performance
is measured using task-appropriate metrics, includ-
ing Fl-score and accuracy for classification and
sequence labeling tasks and Pearson correlation for
semantic similarity. Results are presented in Table
3, comparing our models with the baselines.

Among the evaluated systems, JabuticaBERT
Large consistently achieves strong results across
tasks, closely matching the performance of Al-
bertina 900M while using approximately half the
number of parameters. In particular, JabuticaBERT
Large attains competitive scores on ASSIN2 RTE,
STS and ToldBR, and achieves the highest F1 score
on LeNER among the JabuticaBERT variants, indi-
cating that high accuracy can be achieved without
relying on extreme model scaling.

A distinguishing aspect of JabuticaBERT is the
use of RTD during pre-training, which contrasts
with the exclusive use of MLM in several base-
lines. The results suggest that RTD-based pre-
training yields strong and consistent performance
across tasks when applied in a fully monolingual
setting. In contrast, the modernJabuticaBERT mod-
els, trained using MLM, exhibit more moderate
but stable performance. Also, the extended-context
configurations of these models were not fully ex-
ploited during evaluation, which may reveal advan-
tages in practical information retrieval and search
scenarios. Nevertheless, their consistent results
indicate reliable learning behavior, and their ar-
chitectural flexibility allows future exploration of
alternative objectives such as RTD.
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Model Formal Social Machado Monteiro Overall
(Wiki) (Tweets) de Assis Lobato

BERT (EN) 2.148 2.025 1.942 2.245 2.158

BERTimbau 1.585 1.847 1.653 1.920 1.774

modernJabuticaBERT 1.812 1.724 1.636 1.881 1.814

JabuticaBERT 1.341 1.465 1.425 1.603 1.495

Albertina 900M 1.862 1.913 1.944 2.211 2.060

Table 2: Tokenizer efficiency measured as the average number of tokens per word across different text domains

(lower is better).

Model ASSIN2 RTE ASSIN2STS LeNER ToldBR
(F1) (Pearson) (F1) (Acc)
DeBERTinha 0.899 0.828 0.901 0.759
BERTimbau Base 0.898 0.842 0.879 0.762
BERTimbau Large 0.905 0.852 0.906 0.768
JabuticaBERT XSmall 0.897 0.841 0.892 0.761
JabuticaBERT Large 0.920 0.861 0.915 0.757
Albertina 900M 0.921 0.865 0914 0.757
Albertina 100M 0.873 0.826 0.913 0.765
modernJabuticaBERT Base 1024 0.902 0.847 0.856 0.739
modernJabuticaBERT Base 8192 0.898 0.854 0.890 0.726
modernJabuticaBERT Large 1024 0.910 0.852 0.889 0.751
modernJabuticaBERT Large 8192 0.915 0.853 0.884 0.736

Table 3: Performance of Portuguese encoder models across ASSIN2, LeNER, and ToldBR benchmarks.

6 Conclusion

We addressed the scarcity of robust Brazilian
Portuguese encoders by training DeBERTa-RTD
and ModernBERT-MLM models from scratch on
the Jabuticaba corpus, together with Portuguese-
specific tokenizers.  Empirically, DeBERTa-
Large achieves strong performance on ASSIN2
and LeNER while remaining substantially more
parameter-efficient than large-scale alternatives
such as Albertina 900M. In parallel, ModernBERT
variants extend monolingual encoders to an 8,192-
token context window through efficient attention
and rotary positional embeddings, providing a
practical foundation for long-document process-
ing. Since objective and architecture are coupled in
our current design points, isolating RTD vs. MLM
effects via cross-over ablations, as well as evaluat-
ing long-context capabilities on long-context down-
stream tasks, are promising directions for future
work.

Limitations

Our study has four main limitations. (i) We eval-
uate two practical, bundled design points (De-
BERTa+RTD and ModernBERT+MLM), so ob-
jective and architecture are not fully disentangled;
cross-over ablations (e.g., ModernBERT+RTD, De-
BERTa+MLM) are left for future work. (ii) Al-

though we pre-train ModernBERT variants up to
8,192 tokens, most Portuguese benchmarks remain
short-context, and we do not yet provide a ded-
icated long-context downstream evaluation. (iii)
We do not report long-context efficiency measure-
ments (e.g., tokens/s and peak memory) for 1k vs.
8k settings. (iv) While Jabuticaba provides high-
quality pre-training data, we did not perform a for-
mal decontamination analysis against downstream
test sets, which may introduce unknown overlap
risk.
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