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Abstract. A key model in the Large Language Model (LLM) field is the Bidi-
rectional Encoder Representations from Transformers (BERT), known for its
effectiveness and versatility. The current state-of-the-art variant of BERT is
ModernBERT, and despite excelling in efficiency and performance, it is limited
to English. This paper addresses this notable gap by introducing ModBERTBr,
a novel pre-trained model based on the ModernBERT architecture, which is
explicitly tailored for Brazilian Portuguese and incorporates cutting-edge re-
search and technologies. Through both intrinsic and extrinsic evaluations, Mod-
BERTBr was assessed against multiple baseline models, showing consistent im-
provements and competitive performance compared to its predecessors.

1. Introduction
Advancements in Artificial Intelligence (AI) have accelerated rapidly, leading to signif-
icant investments from both industry and academia. Several factors contribute to this
surge, one of the most significant being the widespread adoption of LLMs, such as Chat-
GPT, DeepSeek, Claude, and LLaMA, by regular users worldwide. These remarkable
generative models are constructed on decoder-only architecture and are characterized by
their exceptional capabilities to tackle a broad spectrum of tasks [Gao et al. 2025].

Equally important are the encoder-only models, which tend to be less resource-
intensive, faster, and more portable. An eminent example is BERT [Devlin et al. 2018],
the foundational architecture for numerous multimodal AI systems and platforms. BERT
plays a critical role in addressing several functions integral to the widely used tools avail-
able. It is highly esteemed for its versatility and exceptional performance across various
tasks, including information retrieval, regression, classification, and entity recognition
[Koroteev 2021]. Despite being released in 2018, BERT’s perdurance and relevance are
particularly noteworthy given the substantial advancements in the current state-of-the-art.

ModernBERT [Warner et al. 2024] emerged as a strong alternative for BERT, re-
vealing substantial Pareto improvements over its predecessor while ensuring full back-
ward compatibility. ModernBERT incorporates several state-of-the-art techniques that
enhance the training model’s efficiency and expand the model’s architecture capabilities,
yielding an overall performance improvement. Although ModernBERT introduces sig-
nificant advances, it is trained exclusively in English, which limits its effectiveness in
other languages. This language hegemony is prevalent in the domain of LLMs due to the
scarcity of resources in different languages despite the substantial demand for them.

In particular, the context of Brazilian Portuguese reveals a notable de-
ficiency: while models like BERTimbau [Souza et al. 2020] and BERTugues



[Zago and Pedotti 2024] have made admirable contributions to the field, these few exist-
ing models have yet to incorporate the latest architectural advancements and innovations
from the industry and academia. Considering the limited resources for training a new
model and the scarcity of existing models in this language, one might ponder why not
use multilingual models. However, research indicates that multilingual models, which are
generalist by nature and trained across multiple languages, often perform worse than their
monolingual counterparts in language-specific contexts, as shown by [Souza et al. 2020].

This paper proposes a solution to the identified challenges and compiles the nec-
essary resources and tools for developing a key model. The outcome is ModBERTBr, a
modern BERT trained from scratch and optimized for Brazilian Portuguese. Its primary
architectural reference is ModernBERT, incorporating many innovative features proposed
therein, including the deep and narrow architecture with the transformer++ block and
a revised training strategy that used Flash Attention 2. Due to grammatical differences
in the Brazilian Portuguese linguistic scope, a custom tokenizer has been developed and
specifically trained for ModBERTBr to enhance its performance further.

2. Background and Related Works

The seminal paper Attention Is All You Need [Vaswani et al. 2017] significantly revolu-
tionized the landscape of AI by introducing the transformer architecture. The primary
contribution of this research lies in popularizing the attention mechanism, which effec-
tively computes and retains the influence of each token on its neighboring ones. The
primary advantage of the attention mechanism is its ability to facilitate parallelism for
model training and inference, a pivotal betterment over past sequential models. This math-
ematical framework revolutionized the field, providing a robust and effective method for
representing and understanding languages. The original paper introduced two categories
of components: encoder and decoder blocks, each more suitable for distinct tasks. These
blocks have since become the foundational components of most state-of-the-art LLMs.

BERT [Devlin et al. 2018] employs a series of encoder blocks to enhance contex-
tual understanding by capturing bidirectional context, in contrast to decoder-only models
that rely solely on left context. To accomplish this, the model introduces two pre-training
tasks: Masked Language Modeling (MLM) and Next-Sentence Prediction (NSP). In each
layer, multi-attention heads and feed-forward networks compute the relation among to-
kens for refined language understanding, enabling the retention of learned information
within the model’s parameters. Each token is represented as a 768-dimensional embed-
ding vector, and the model processes input sentences with a maximum context size of 512
tokens, utilizing positional embeddings to account for token position. This architecture
accommodates various output heads, providing versatility for multiple tasks, including
classification, regression, and question-answering. The original paper introduced BERT
with various sub-models, including base, large, and multilingual variants (mBERT).

However, as the pioneer of BERT-type architectures, its design and training
methodologies were suboptimal, leaving substantial potential for future enhancements. A
Robustly Optimized BERT Pretraining Approach (RoBERTa) [Liu et al. 2019] presented
an extensive analysis of the original BERT model. A noteworthy recommendation in-
volved removing the NSP task regarded as an overhead that does not improve results
[Izsak et al. 2021]. Another observation was the use of dynamic masking, which involves



masking different tokens as the training epochs progress, a feature inaccurately over-
looked by the original paper.

Subsequently, some research concentrated on the encoder landscape for the Por-
tuguese language. BERTimbau [Souza et al. 2020] emerged as the pioneering model ex-
plicitly designed for this language based on BERT. This study demonstrated that mono-
lingual models outperform multilingual ones, such as mBERT, in language-specific tasks,
achieving state-of-the-art results in Semantic Textual Similarity (STS) and Recognizing
Textual Entailment (RTE) for the ASSIN2 dataset. Later, another BERT model tai-
lored for Portuguese, BERTugues [Zago and Pedotti 2024], emerged. This one builds
on BERTimbau by retraining the reference model with targeted optimizations, resulting
in performance improvements across specific tasks. Key enhancements include optimiz-
ing the tokenizer and refining the cleaning filter criteria for training data. However, both
models adopted the original BERT architecture, which is becoming increasingly outdated,
particularly given the numerous advancements in the field over recent years.

Following groundbreaking innovations, ModernBERT [Warner et al. 2024] syn-
thesizes numerous contributions within the realm of LLMs and consolidates significant
advancements into a unified framework. This development introduced substantial Pareto
improvements, enhancing computational speed and overall performance. In the architec-
tural field, ModernBERT utilizes a reformulated version of the original transformer block,
referred to as transformer++, introduced by Mamba [Gu and Dao 2024]. This adoption
implies that the original positional embedding is replaced by rotary positional embed-
dings (ROPE), as presented by ROFOMER [Su et al. 2024], which improves the capture
of relative distance between tokens while maintaining absolute position information. Fur-
thermore, it also incorporates a normalization function between layers that stabilizes train-
ing [Xiong et al. 2020]. At an equivalent parameter count, models characterized by deep
and narrow architectures exhibit distinct learning patterns compared to those with shallow
and wide configurations [Nguyen et al. 2020]. Recent studies suggest that deeper and nar-
rower language models consistently demonstrate enhanced performance on downstream
tasks compared to their shallower and wider counterparts [Tay et al. 2021]. Therefore,
compared to the original BERT model, ModernBERT was designed to incorporate 22
layers instead of 12 while maintaining the embedding size of 768. To balance the num-
ber of parameters, ModernBERT reduced the intermediate size of the linear layers from
3072 to 1152 and eliminated the bias term, considered an inefficient use of parameters
[Xuan et al. 2020].

As for the training methodology, ModernBERT also introduced several enhance-
ments. Improvements include utilizing Flash Attention 2 [Dao 2023], a framework op-
timized for computing the attention mechanism; adopting the Warmup-Stable-Decay
(WSD) learning rate scheduler, a more robust approach for long pre-training sessions
[Hägele et al. 2024]; and employing an alternating attention mechanism, in which global
attention is applied to all 512 tokens every three layers. In comparison, local attention at-
tends to the nearest 128 tokens for other layers, improving efficiency while proficiently ad-
dressing both short-range and long-range contextual dependencies [Warner et al. 2024].

For pre-training, it focused exclusively on the MLM task with a dynamic masking
rate of 30%, as the original 15% rate was deemed suboptimal [Wettig et al. 2023]. In this
manner, ModernBERT achieves state-of-the-art results across multiple tasks in the En-



glish linguistic domain while maintaining a moderate number of parameters, comparable
with the past reference models. Finally, another noteworthy advantage of ModernBERT is
that it is the most memory-efficient model overall when compared to recent rival models,
resulting in faster training and inference times while diminishing hardware consumption
and optimizing cost efficiency [Warner et al. 2024].

3. ModBERTBr
The novel ModBERTBr model was developed after a detailed analysis of the litera-
ture. This model, based mainly on ModernBERT, has been refined throughout the entire
pipeline, redesigning major components, including the model architecture, training strat-
egy, and tokenizer. In addition to innovations suggested by ModernBERT, it integrates
enhancements introduced by other works while remaining completely retro-compatible
with older BERT models. Moreover, ModBERTBr extends the advancements made by
BERTimbau and BERTugues within the Brazilian Portuguese context, utilizing the same
data collection and further enhancing the dataset filtering stage. Consequently, an inno-
vative model has been successfully developed, inheriting the significant advantages of the
referenced models. ModBERTBr exhibits remarkable performance in various tasks, in-
cluding STS, RTE, and Named Entity Recognition (NER), with faster training time and
more efficient hardware usage.

3.1. Dataset

The data employed in this study focuses on Brazilian Portuguese and was obtained
from Wikipedia 1, which retains valuable information across various topics and com-
prises 1.11 million pages within the Portuguese subset. Given the scale of Mod-
BERTBr, the BrWAC dataset 2 was additionally incorporated. It consists of multiple
pages from the Internet and contains 3.53 million documents. The Wikipedia dataset
was already clean, whereas the BrWAC dataset required a thorough pre-processing pro-
cedure that included rectifying Mojibake issues and removing HTML tags as conducted
by [Souza et al. 2020, Zago and Pedotti 2024].

After concatenating the datasets, the texts were split into individual paragraphs.
This segmentation process also involved filtering out sentences with a single word and
empty documents, ultimately yielding 157 million usable documents. As suggested by
[Rae et al. 2021], other criteria were then incorporated in the data pre-processing stage.
First, restrictions on document length were imposed, requiring it to be within a specified
word count range. This criterion ensures that texts do not exceed a size that could lead to
truncation while also preventing excessively short texts, which would result in inefficient
model usage. Second, the condition of having a minimum number of stop words assures
that the documents have semantic and syntactic coherence. Finally, filtering texts based
on the mean word length ensures that words are not incorrectly spaced (e.g., s p l i t) with
low average values or improperly combined (e.g., wordsconcatenated) when the average
values are overly high.

The last step was to divide the documents into three groups for the training pro-
cess: Datasets 1, 2, and 3. Dataset 1 was constructed using a broader range of word counts

1https://huggingface.co/datasets/wikimedia/wikipedia
2https://huggingface.co/datasets/UFRGS/brwac



and more lenient criteria for the other metrics. Meanwhile, Dataset 2 was created from
shorter documents that adhered to more stringent criteria regarding stop words and aver-
age character count. Dataset 3 is the combination of the previously mentioned datasets.
Finally, all datasets were partitioned into training and testing subsets to mitigate bias in
the intrinsic evaluation process, applying a 90% / 10% split ratio with random shuffling.
Table 1 shows the details regarding the complete filtering criteria and final dataset splits.

Table 1. Filtering criteria and datasets sizes.

Filtering criteria & datasets Dataset 1 Dataset 2 Dataset 3
Word count [20, 512] [10, 19] [10, 512]

Minimum stopword count 1 2 mixed
Mean word length [2, 15] [3, 10] mixed
Train split (90%) 56.7M 42.2M 98.9M
Test split (10%) 6.3M 4.7M 11.0M

Total dataset size 63.0M 46.8M 109.9M

3.2. Model Architecture

According to [Ali et al. 2024], the unigram algorithm generally outperforms other models
when applied to Romance languages, such as Portuguese. This effectiveness stems from
the unigram model’s ability to capture the lexical structure inherent in these languages
effectively. With this tokenizer, root words and their derivations tend to share the same to-
kens, simplifying ModBERTBr’s process of grammar mapping for Brazilian Portuguese.
The Unigram algorithm, introduced by [Kudo 2018], assumes that each subword occurs
independently. Hence, the probability of a subword sequence is expressed as the product
of the individual probabilities of each subword’s occurrence. Accordingly, ModBERTBr
utilizes a custom fast tokenizer based on the unigram algorithm, which is trained on the
training split of Dataset 1 to acquire the Brazilian Portuguese vocabulary. The vocabulary
size for this tokenizer was set to 32 768 tokens, and the same set of special tokens and
context size of 512 from the original BERT was kept to ensure retro compatibility.

ModBERTBr’s significant architectural modifications include implementing
transformer++ blocks, a deep and narrow configuration of 22 layers with a hidden size
of 1152, normalization layers, an alternating attention mechanism, and the removal of
the bias term. Table 2 presents the comprehensive list of parameters for ModBERTBr
architecture.

3.3. Training Strategy

In addition to the development of more advanced models, there has been a concurrent
evolution of sophisticated libraries designed for training these models over the years. In
this context, ModBERTBr utilizes Flash Attention 2 [Dao 2023]. This framework sig-
nificantly enhances training efficiency on hardware by leveraging the asymmetric GPU
memory hierarchy, thereby breaking down the computationally intensive process of com-
puting attention into simpler and faster sub-processes.

The complete pre-training process was systematically divided into two distinct
phases: the first phase (i) focused on achieving a general understanding of the language
with Dataset 1, and the second phase (ii) involved a more refined approach that utilized



Table 2. Parameters of ModBERTBr architecture.

ModBERTBr
Parameters 136 120 832

Activation function GELU
Embedding size 768
Intermediate size 1 152
Attention heads 12

Number of hidden layers 22
Local attention size 128

Context size 512
Vocabulary size 32 768

the expanded Dataset 3 alongside more advanced training augmentations. Some hyperpa-
rameters shared by both phases include using AdamW optimizer with Betas (0.9, 0.999)
and 1× 10−6 Epsilon, the batch size of 32, and the f16 mixed precision.

For (i), it utilized a linear decay schedule, reducing the learning rate (LR) from
5 × 10−5 to 0 with a constant slope. As for (ii), it included weight decay to regular-
ize model parameters, and the base LR was lowered to 1 × 10−5, considering that the
model had already established a robust foundation in language comprehension during
the first phase [Shen et al. 2024]. Furthermore, the WSD LR scheduler was introduced
for (ii), consisting of three distinct stages: Warmup, which is particularly advantageous
for minimizing instabilities while loading previously trained model parameters; Stable,
which promotes steady and continuous training with a high LR for most of the procedure;
and Decay, which facilitates further fine-tuning and enhances the model’s convergence at
the end of training [Hägele et al. 2024]. The total pre-training procedure lasted over 200
hours on an AMD-powered cluster with four MI250 accelerators (eight GPUs). Table 3
presents the complete list of hyperparameters for each phase.

Table 3. Hyperparameters for the pre-training of ModBERTBr

Hyperparameter Phase (i) Phase (ii)
Dataset size 56.7M 98.9M

Weight decay 0 1e-4
Learning rate 5e-5 1e-5
LR scheduler Linear Decay WSD
Warmup steps 0 40k
Stable steps 0 240k
Decay steps 500k 120k

LR decay function Linear Cosine
Total steps 500k 400k

Epochs 2.2 1.0

4. Methodology

The evaluation of ModBERTBr was conducted in two ways: intrinsically and extrinsi-
cally. For the intrinsic assessment, the tokenizer was evaluated using the fertility metric,



which quantifies the efficiency of token generation and directly affects the model’s down-
stream performance [Ali et al. 2024]. Additionally, ModBERTBr underwent pre-training
on the MLM task, which has proven effective and sufficient for comprehending the un-
derlying linguistic structures [Devlin et al. 2018]. Thereafter, considering the test split
from Dataset 3, ModBERTBr was evaluated in the MLM task using the cross-entropy
loss metric, which represents the model’s confidence when predicting the masked tokens.

On the other hand, extrinsic evaluation involves fine-tuning the base model for
downstream tasks to assess its performance in diverse applications. The tasks consid-
ered were Semantic Textual Similarity (STS), Recognizing Textual Entailment (RTE),
and Named Entity Recognition (NER), which enables the assessment of performance at
token and sentence levels. First, STS is a regression problem characterized by two input
sentences and a corresponding numerical output. It aims to quantify the degree of similar-
ity between the two given sentences. Then, RTE is a binary classification task involving
two ordered sentences and a binary output. The objective is to determine whether one
sentence, the premise, entails or logically implies another sentence, the hypothesis. Fi-
nally, NER is a multi-label classification task with the objective of categorizing all tokens
in the input sentence into named entity labels.

The evaluation metrics utilized for STS were the Mean Squared Error (MSE) and
the Pearson correlation coefficient. As for the RTE task, the employed metrics included
accuracy and the F1 (Macro) score. Finally, metrics for NER comprised the F1 score,
Recall, and Precision for each class, as well as aggregate metrics for all entities. The
ASSIN2 3 corpus, constituted of sentence pairs in Brazilian Portuguese manually anno-
tated for entailment and semantic similarity, was used for STS and RTE tasks. For NER,
The LeNER-Br 4 dataset was utilized. It is designed in Portuguese and consists entirely
of manually annotated legal documents obtained from various Brazilian Courts.

As the architectural reference model, ModernBERT is included as a baseline
model, allowing for a comparison of its limited English specialty with the effects of eval-
uating in another language. Moreover, as the evaluation focuses on tasks related to Por-
tuguese, the comparative analysis also utilized BERTimbau, BERTugues, and mBERT.
For the aforementioned downstream tasks, each baseline model and ModBERTBr under-
went a fine-tuning process, which further trained the models on their respective datasets
and tasks. During the training stage, distinguishing environments and hyperparameter set-
tings were employed for the BERT models (mBERT, BERTimbau, and BERTugues) and
the ModernBERT models (ModernBERT and ModBERTBr) to optimize results for each
task. However, some similarities were shared, such as using the AdamW optimizer with
Betas (0.9, 0.999), Epsilon 1×10−6, and avoiding f16 mixed precision. An important note
is that the base versions were selected for all models for a fairer comparison regarding the
size of them. Table 4 outlines other hyperparameters used in fine-tuning.

The complete project, including code, data, and training configurations, is avail-
able in a Git repository 5. For convenience, ModBERTBr and its weights were also made
publicly available at the Hugging Face Hub 6.

3https://huggingface.co/datasets/nilc-nlp/assin2
4https://huggingface.co/datasets/peluz/lener_br
5https://github.com/wallacelw/ModBERTBr
6https://huggingface.co/wallacelw/ModBERTBr



Table 4. Hyperparameters used for fine-tuning the models

Bert Models ModernBERT ModelsHyperparameters STS RTE NER STS RTE NER
Batch size 16 16 16 4 4 4

Learning rate 4e-5 2e-5 4e-5 2e-5 1e-5 2e-5
Weight decay 1e-2 1e-2 1e-2 1e-4 1e-4 1e-4
LR scheduler WSD Linear WSD WSD Linear WSD
Warmup steps 300 0 300 500 0 300
Stable steps 600 0 900 1 000 0 900
Decay steps 2100 3 000 1 800 3 500 10 000 1 800

LR decay function Cosine Linear Cosine Cosine Linear Cosine
Total steps 3 000 3 000 3 000 5 000 10 000 3 000

Epochs 15 15 13 25 50 13

5. Experiments and Results
5.1. Intrinsic Evaluation
Fertility measures the number of tokens a tokenizer generates for a given sequence of
words, and studies have shown that lower fertility correlates with downstream model per-
formance success [Goldman et al. 2024]. The value obtained by ModBERTBr is 1.5357,
signifying an excellent compression rate while effectively generating significant tokens to
represent Brazilian words and grammatical structures.

For the pre-training evaluation, logs were systematically saved and analyzed
throughout the training process for both phases, as shown in Figures 1–6. The LR curves
reflect the schedulers’ impact, illustrating their influence on the gradient normalization
and loss curves. Upon analyzing the gradient curve, the values indicate that it did not
increase exponentially, suggesting that the updates remained stable and facilitated contin-
ued learning by the model. Additionally, the absence of gradient vanishing implies that
the weights continued to be updated, preventing excessively slow or halted learning pro-
cesses. Consequently, it is observable that the loss curves continued to decrease steadily.
Finally, the results demonstrate that the model did not reach saturation and maintains the
potential for further enhancement while already producing impressive outcomes.

For the MLM task, the final values of cross-entropy loss of ModBERTBr in the
training and testing stages are 1.4632 and 1.4971, respectively. These results suggest
that, on average, the model has approximately 25% and 22% confidence when predict-
ing tokens. This outcome is commendable considering the extensive number of tokens
involved and shows that the model is effectively learning the language and developing an
understanding of it.

5.2. Extrinsic Evaluation
The results generated by each model for each task are presented in Table 5. Except for
BERTimbau values in STS and RTE, which are documented in [Souza et al. 2020], all
results were obtained from the fine-tuning experiments conducted by this paper.

For the STS task, ModBERTBr achieves the lowest value for the MSE metric, in-
dicating the best numerical accuracy in terms of the magnitude of the predictions. How-
ever, this model is less effective in capturing the underlying trends when compared to
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Table 5. Evaluation of models for STS, RTE and NER tasks. (Best values in bold).

STS (ASSIN 2) RTE (ASSIN 2) NER (LeNER-Br)Model
MSE Pearson F1(Macro) Accuracy F1(Micro) Recall Precision

mBERT 0.597 0.801 84.45% 84.52% 88.50% 90.45% 86.63%
BERTimbau 0.580 0.836 89.2% 89.2% 90.48% 91.64% 89.35%
BERTugues 0.583 0.823 86.27% 86.40% 89.56% 90.59% 88.55%

ModernBERT 0.514 0.790 81.09% 81.17% 75.76% 78.03% 73.61%
ModBERTBr 0.509 0.812 85.28% 85.42% 90.08% 92.40% 87.88%

BERTimbau, which exhibits the highest value for the Pearson Correlation Coefficient.
Nevertheless, ModBERTBr does not significantly lag in correlation and has respectable
linearity between predictions and targets. An interesting observation is that ModernBERT
performs surprisingly well in the STS task despite not being trained in Portuguese data.
This result suggests that the advanced architecture alone has contributed substantially to
the successful fine-tuning process for STS, a regression task.

In contrast, an analysis of the RTE and NER tasks reveals that the model demon-
strating the lowest performance is also ModernBERT, while mBERT shows subpar per-
formance overall. This observation highlights the crucial role of pre-training in the ap-
propriate language for specific tasks, notably classification tasks such as RTE and NER.
For the RTE task, BERTimbau outperforms other models across both evaluation metrics,
with BERTugues securing second place and ModBERTBr in third. Lastly, ModBERTBr
performs best in the NER task when evaluated using the recall metric, indicating that it
is more effective at identifying the real named entities. Further, it remains competitive in
other metrics, placing close second for the F1 score (Micro) and third for precision.

6. Conclusion and Future Work

This research identifies BERT’s shortcomings when applied to Brazilian Portuguese.
ModBERTBr has been proposed to address these deficiencies, incorporating cutting-edge
training techniques alongside architectural enhancements. The development of Mod-
BERTBr was a meticulous process at every stage of the pipeline, including thorough
data cleaning, the assembly of an explicitly designed custom tokenizer, a modern training
paradigm, and fine-tuning multiple models for evaluation and comparison.

The results from both intrinsic and extrinsic evaluations demonstrate that the pro-
posed model performs competitively compared to other specialized Portuguese models,
such as BERTimbau and BERTugues, surpassing these models in specific metrics and
tasks. Additionally, when comparing it to ModernBERT, which incorporates the latest
advancements in BERT architecture, it becomes clear that pre-training a model within the
specific language domain of the tasks significantly enhances its performance. Further-
more, comparisons with mBERT confirm that specialized models outperform generalist
models in monolingual tasks.

The analysis of the plotted curves indicates that ModBERTBr has not yet reached
saturation, meaning that additional training iterations can still considerably enhance the
model’s performance and robustness. Furthermore, incorporating more recent and di-
verse data sources during the training stage is also highly advantageous for improving
the model’s knowledge. Finally, the literature has presented additional techniques, such



as Unpadding with Sequence Packing and expanding the context size further than 512.
These advancements warrant consideration for future research endeavors.
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Ebert, J., Doll, N., Buschhoff, J. S., Jain, C., Weber, A. A., Jurkschat, L., Abdelwahab,
H., John, C., Suarez, P. O., Ostendorff, M., Weinbach, S., Sifa, R., Kesselheim, S., and
Flores-Herr, N. (2024). Tokenizer choice for llm training: Negligible or crucial? arXiv
preprint arXiv:2310.08754.

Dao, T. (2023). Flashattention-2: Faster attention with better parallelism and work parti-
tioning. arXiv preprint arXiv:2307.08691.

Devlin, J., Chang, M., Lee, K., and Toutanova, K. (2018). BERT: pre-training of deep
bidirectional transformers for language understanding. CoRR, abs/1810.04805.

Gao, T., Jin, J., Ke, Z. T., and Moryoussef, G. (2025). A comparison of deepseek and
other llms. arXiv preprint arXiv:2502.03688.

Goldman, O., Caciularu, A., Eyal, M., Cao, K., Szpektor, I., and Tsarfaty, R. (2024).
Unpacking tokenization: Evaluating text compression and its correlation with model
performance. arXiv preprint arXiv:2403.06265.

Gu, A. and Dao, T. (2024). Mamba: Linear-time sequence modeling with selective state
spaces. arXiv preprint arXiv:2312.00752.
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