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Abstract. Alternatives to Large Language Models have been proposed to de-
velop smaller models that require substantially less training data. In this pa-
per, we propose a monolingual (Portuguese) Hybrid Transformer model trained
with only 260M words, whose size is comparable to that of small Encoder-
based models. After pre-training, we fine-tune our model and compare it against
11 existing models on the AES-ENEM dataset — an Automatic Essay Scoring
benchmark in which models are required to evaluate five distinct textual dimen-
sions. Our experiments demonstrate that our model is always competitive with
the (bigger) best available model, despite its smaller scale.

1. Introduction
Since the introduction of BERT [Devlin et al. 2019], Large Language Models (LLMs)
based on the Transformer architecture [Vaswani et al. 2017] have been at the center
of Natural Language Processing for most, if not all, languages. This applies to Por-
tuguese, which has at least one (monolingual) model from each of the Transformer fami-
lies: Encoder [Souza et al. 2020, Rodrigues et al. 2023, Zago and Pedotti 2024], Decoder
[Pires et al. 2023, Corrêa et al. 2025a], and Encoder-Decoder [Carmo et al. 2020].

Such models for Portuguese are influenced by (at least) two different sources.
The first source involves architectural innovations, which mostly come from English
models, such as the changes from BERT to RoBERTa [Liu et al. 2019] and DeBERTa
[He et al. 2020]. The second source is the release of Portuguese corpora, such as the
GigaVerbo [Corrêa et al. 2025b] and Corpus Carolina [Finger et al. 2025]. In general,
developers of models for Portuguese tend to follow the neural scaling law, where bigger
models — requiring more parameters, data and training time — are assumed to be better.

Although recent advances have largely favored increasingly larger models, smaller
language models remain an attractive alternative for specialized tasks or when computa-
tional costs are constrained, and they have been argued to represent an important di-
rection for the future of AI systems [Belcak et al. 2025]. Reducing computational costs
— memory usage, inference time, and training time — is not a new problem and pre-
dates the LLM era [Menghani 2023]. Therefore, a vast literature has been devoted
to efficient pre-training and fine-tuning using different techniques, such as knowledge
distillation [Hinton et al. 2015], low rank adaptation [Hu et al. 2021], and quantization
[Lee et al. 2024]. These and related techniques have been successful in creating small
BERT models like nanoBERT [Maity et al. 2024] and Tiny BERT [Jiao et al. 2020].
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Other approaches showed that BERT-like models require less pre-training data.
For example, recent work showed that 100 million words can yield state-of-the-art per-
formance on some NLP benchmarks, although presenting some limitations in more
complex tasks [Micheli et al. 2020, Zhang et al. 2021, Samuel et al. 2023]. Moreover,
in-context learning was demonstrated in smaller decoders and in encoder-only mod-
els [Samuel 2024, Schick and Schütze 2021]. Finally, there is ongoing research in uni-
fying encoder and decoder models in a single architecture to exploit the advantages of
each other [Charpentier and Samuel 2024, Yu et al. 2024].

In this work, we propose novel Hybrid Transformer-based models extending pre-
vious works [Charpentier and Samuel 2024, Yu et al. 2024, Carpi and Finger 2026]. Our
model is approximately the size of a traditional Encoder-only model (150M parameters)
but is trained on only 260 million words and has a wider context window than similar
Encoders (1024 vs. 512). In order to train this model, a masked-causal hybrid training is
employed: the training regime alternates between batches of Masked Language Model-
ing (Encoder pre-training, through a bidirectional attention mask) and Causal Language
Modeling (Decoder pre-training, through a causal attention mask). This creates a model
that is capable of behaving like both an Encoder and a Decoder.

To assess the effectiveness of the proposed pre-trained model, we fine-tune and
evaluate it on the AES-ENEM dataset [Silveira et al. 2024]. This Automatic Essay Scor-
ing (AES) dataset comprises argumentative essays written for a mock Brazilian national
university entrance exam, the ENEM. We selected this dataset for two main reasons. First,
the task requires the model to adapt to five different aspects of written language, posing a
significant and comprehensive challenge. Second, 15 different LLMs were benchmarked
in this dataset [Barbosa et al. 2025], allowing for direct comparison against many models
with only one experiment. When comparing our best performance against the bench-
marked results, we see that: I) in one textual dimension (argumentative quality) it outper-
formed the others — but it was still statistically similar to the previous best; II) in another
dimension (persuasiveness) it had an inferior performance, but the confidence interval still
overlaps with the best models; III) in the remaining three dimensions, our model exhib-
ited a performance similar to the best model, losing by only a small margin — remaining
inside the confidence interval.

As a by-product of our different combinations of training regimes, we can create
a spectrum that goes from Decoders to Encoders. Thus, we are capable of evaluating the
influence of the training regime on different traits, which has never been assessed before.
Additionally, we contribute to AES with a new baseline performance: the performance of
a Transformer model without pre-training.

To summarize, our main contributions are:

• presenting a family of Hybrid models trained with limited data;1

• showing that our best models are statistically comparable to the SOTA;
• filling the gap in AES regarding the importance of the pre-training regime;
• presenting a Transformer baseline performance for the AES-ENEM benchmark.

The remainder of the document is divided as follows: related work, presentation
of our hybrid models, methodology, results, and conclusion.

1Available at: https://github.com/mmcarpi/flexqwen

https://github.com/mmcarpi/flexqwen


Table 1. Encoder-based and Decoder (Small LLMs) benchmarked in
[Barbosa et al. 2025] together with their context and model size.

Model Name Architecture Context #Params
BERTimbau Base Encoder 512 109M
BERTuguês Encoder 512 110M
mBERT Encoder 512 178M
BERTimbau Large Encoder 512 334M
Albertina Encoder 512 1.5B
Phi3 Decoder 4k 2B
Tucano Decoder 4k 2.4B
Llama3 Decoder 128k 8B
Phi4 Decoder 16k 14.7B

2. Related Work

In this section, we discuss the two topics related to our research. We started by situating
our model in the LLM landscape. Then, we review models for AES in Portuguese.

Traditionally, Transformer-based models can be categorized according to their
architecture — Encoder, Decoder, or Encoder-Decoder — and pre-training regime —
Masked Language Modeling or Causal Language Modeling. Pure-Encoder models
have an Encoder architecture and are pre-trained using Masked Language Modeling.
Such models usually excel at language understanding and are used for tasks such as
text classification. One advantage of this group is that they are relatively small, the
most popular ones used for Portuguese — BERTimbau [Souza et al. 2020], BERTuguês
[Zago and Pedotti 2024], and Albertina [Rodrigues et al. 2023] — range from 109M to
1.5B parameters. Their disadvantage is their limited context window of 512 tokens.

Pure-Decoder models are those that use Decoder architecture and are pre-trained
using Causal Language Modeling. This class can be further divided. The first divi-
sion is API Decoders, as they are usually accessed through APIs due to their huge size
and are often proprietary, making them unable to be fine-tuned on everyday desktops.
Examples of these models are Sabiá3 [Pires et al. 2023], GPTo1 [OpenAI et al. 2024],
and DeepSeek-R1 [DeepSeek-AI et al. 2025]. The second group is often called Small
Large Language Models because they are smaller than the previous group, but still or-
ders of magnitude bigger than Encoder models. Examples of these models are some vari-
ants of Llama3 [Touvron et al. 2023], Qwen3 [Yang et al. 2025], Phi [Abdin et al. 2024a,
Abdin et al. 2024b], and Tucano [Corrêa et al. 2025a]. These models can be fine-tuned,
but they usually require high-end equipment that is not commonly available.

Finally, Encoder-Decoder models have the architecture of the same name and are
pre-trained using both of the pre-training regimes. Although they are available in Por-
tuguese through the PTT5 models [Carmo et al. 2020, Piau et al. 2024], they are not as
widely adopted as the previous groups.

Our Hybrid model differs from all the previous ones as it uses a single architecture
and is trained with both pre-training regimes, thus being able to behave like an encoder-
or decoder-only model. Additionally, it has a smaller size, as an Encoder, it is trained on
a small portion of data and has an increased context of 1024 tokens that can be further



extended thanks to the employment of positional encoding through RoPE [Su et al. 2024].

AES of ENEM-like essays has a tradition of employing all the stages of Natural
Language Processing technologies. In the early days, approaches were based on word oc-
currence [Bazelato and Amorim 2013] and features that were proxies for textual quality
[Amorim and Veloso 2017]. In the neural network era, feature extraction was delegated
through fine-tuning, first to fixed dense representations and LSTMs [Fonseca et al. 2018,
Marinho et al. 2022], then to Encoder models [Silveira et al. 2024], and later to Small
LLMs [Silveira et al. 2025a]. Finally, modern conversational agents with reason-
ing were employed through zero-shot prompting [Barbosa et al. 2025]. Noteworthy,
due to their smaller size, Encoder Transformers are widely employed for Portuguese
AES, either directly [Ribeiro et al. 2024, de Sousa et al. 2024, Rossman et al. 2026]
or indirectly through majority voting [de Lima et al. 2024], Two-Stage Learning
[Silveira et al. 2025b], combined representations [Matos and Feltrim 2026], or neuro-
symbolic methods [Silveira and Mauá 2026].

Several models, ranging from feature-based to modern reasoning-based API De-
coders, have been benchmarked [Barbosa et al. 2025] on the same ENEM-like AES
dataset [Silveira et al. 2024]. This allows any new model to be directly compared to them.
The models that are comparable to ours and that were benchmarked in the aforementioned
work are summarized in Table 1. According to the authors of the benchmarking, there was
no model that was consistently better than the others, highlighting that each model may
excel in a different dimension of language. Alternatively, the impact of different represen-
tations used by AES systems was investigated in [Chalegre et al. 2026]. The authors of
the previous study concluded that although contextual representations given by Encoders
have advantages in mechanical traits, TF-IDF-based representations could be competitive
in thematic traits, which are usually dominated by Decoders in the benchmark.

The present work intersects with AES literature in two different points. The first
is by evaluating a novel family of Hybrid Transformer models, which have the same
number of parameters as Encoder models but a larger context, in the same benchmark.
The second is by evaluating the same LLM with different pre-training regimes, which is
still not covered in the literature.

3. Hybrid Model

For the model configuration, a model is instantiated from scratch based on the architec-
tural specifications of Qwen 3 [Yang et al. 2025], rather than from a pre-trained check-
point. To increase neural network expressivity, we additionally incorporate layer dropout
and layer weighting [Charpentier and Samuel 2023]. To support our hybrid pre-training
objective, the model contains a total of 152,981,916 trainable parameters, featuring a
vocabulary size of 64,000, a hidden dimension of 768, an intermediate feed-forward di-
mension of 3,072, 12 transformer blocks, 12 attention heads with a head dimension of
64, and 4 key-value groups. Although we could have used the original Qwen 3 tokenizer,
or another existing multilingual or Portuguese-specific tokenizer, we trained a custom
byte-pair encoding tokenizer [Sennrich et al. 2016] with a vocabulary size of 64,000 on
a reserved split of our corpus (described below) to ensure tighter alignment between the
vocabulary and our pre-training data. Before chunking, text is normalized using Unicode
Normalization Form C so that accented characters (e.g., ã, é) map to unified code points.



Table 2. Model performance on test set by hybrid strategy and objective function:
Causal Language Modeling (CLM) and Masked Language Modeling (MLM).
Models were evaluated in sequences of 1024 tokens. The corruption for
MLM was the same as the one used for training (30%).

Objective Model Perplexity Loss

CLM

causal 15.34 2.73
constant 17.94 2.88
linear 20.42 3.01
cosine 20.55 3.02
shift 21.52 3.06

MLM

masked 17.23 2.84
constant 17.90 2.88
linear 17.29 2.85
cosine 17.22 2.84
shift 17.04 2.83

This study exclusively utilizes the Corpus Carolina v2.0 [Finger et al. 2025], a
curated Brazilian Portuguese web dataset, for language model pre-training. We imple-
mented a two-stage filtering pipeline following established data-curation practices for
pre-training large language models [Rae et al. 2021]. First, we applied typology-aware
length thresholds — excluding the top and bottom 5% of texts — and removed low-
entropy documents based on unique word ratios, punctuation density, and extreme word
lengths, thus removing texts that are too short, or that contains an excessive number of
URLs or markup text. Second, to eliminate near-duplicate documents that can lead to
memorization and degraded generalization [Lee et al. 2022, Leveling et al. 2024], we ap-
plied MinHash-based Jaccard similarity. This pipeline reduced collectively the corpus
from approximately 2.07 million to 1.78 million documents. From this refined dataset, a
final sample of 1.5 million documents, roughly 320 million words, was extracted and par-
titioned into 260 million words for model training, 50 million for tokenizer development,
and 5 million each for validation and testing.

Furthermore, we investigate a family of hybrid Transformer models capable of
functioning as either encoder-only or decoder-only architectures purely through atten-
tion mask modifications. Building on prior research in hybrid causal-masked pre-training
[Charpentier and Samuel 2024, Yu et al. 2024, Carpi and Finger 2026], we evaluate four
objective-mixing strategies that dictate the probability of applying a Causal Language
Modeling (CLM) versus a Masked Language Modeling (MLM) objective during train-
ing: Shift (a sequential transition from CLM to MLM), Constant (a fixed CLM probabil-
ity throughout training), Linear (a linear reduction of the CLM probability over time), and
Cosine (a cosine decay applied to the CLM probability schedule). These strategies were
influenced by past works. The Shift strategy originates from [Yu et al. 2024] which stud-
ies taking a causal model and further training it on the masked next-token prediction to
achieve an encoder model. The Linear strategy is adapted from [Carpi and Finger 2026]
which proposes alternating batches of MLM and CLM optimization. The Constant strat-
egy is an adaptation from [Charpentier and Samuel 2024], where instead of optimizing
both CLM and MLM objectives in every batch, we choose with some probability p if a
particular batch should be used to optimize the CLM or the MLM objective. To the best



Table 3. Variation space for fine-tuning. The models masked, causal and non-
pre-trained correspond to our baselines. Note that we do not fine-tune the
causal model with a bidirectional mask nor the masked model with a causal
mask.

Parameter Values
Model masked, shift, constant, linear, causal, cosine, non-pretrained
Input essay, full
Pooling last token, average
Pre-training bidirectional, causal

of our knowledge, while the cosine decay is widely used as a learning rate scheduler, its
application to balancing CLM and MLM objective-mixing ratios has not yet appeared in
the literature.

We pre-trained six models — a CLM baseline, an MLM baseline, and the four
aforementioned hybrid variants — for four epochs with a batch size of 524,288 tokens.
Optimization relied on Muon [Keller Jordan et al. 2024] (learning rate 0.02) for 2D matri-
ces and AdamW [Loshchilov and Hutter 2018] (learning rate 3×10−3) for the embedding
layer, applying a 0.95 momentum, 0.02 weight decay, zero dropout, and a cosine-decay
scheduler with a 5% warmup. Training featured a progressive sequence length warmup
(128, 512, and 1024 tokens across the first three epochs), while validation strictly evalu-
ated 1024-token sequences. For masked and hybrid architectures, inputs were corrupted
at a 30% rate using span masking (lengths 3 to 10) [Joshi et al. 2020]. Hybrid objective
ratios were governed by either maintaining a fixed 0.55 CLM probability (constant strat-
egy) or dynamically decaying the CLM probability from 0.9 to 0.2 over the first 55% of
the training steps (cosine, linear, and shift strategies).

The pre-training results in Table 2 show that our hybrid models performed worse
than the decoder-only baseline (causal) in the CLM objective, while in the MLM objective
the shift strategy beat the encoder-only (masked). Additionally, the constant strategy
resulted in a model that performs roughly the same in both CLM and MLM, and not
so distant from the baselines. The other hybrid models present a higher loss in the CLM
objective in comparison with their loss in MLM, which is expected since they were trained
for longer in the MLM objective.

4. Methodology
To fine-tune and assess the models, we employ the same split used in the bench-
marking of the other models [Barbosa et al. 2025] — a filtered version of AES-ENEM
[Silveira et al. 2024]. In this filtered version, 385 mock essays were evaluated by two ex-
perienced graders according to the five traits of the exam: C1) proper usage of Portuguese,
C2) thematic coherence, C3) argumentation quality, C4) cohesion, C5) persuasiveness of
conclusion. Each trait is evaluated on a scale from 0 to 200, in steps of 40. Noteworthy,
each essay appears twice, as it was graded by two graders.

The models are evaluated according to the Quadratic Weighted Kappa (QWK)
metric, which is widely used for AES [Doewes et al. 2023]. This metric ranges from 1
(perfect agreement) to -1 (perfect disagreement), where 0 indicates random agreement.
The expected random agreement is calculated based on the marginal distributions of the



Table 4. Comparison of model performance using Bidirectional mode for essay-
only input. In bold, the highest scoring model inside each trait and each
pooling strategy

Mode: Bidirectional
model C1 C2 C3 C4 C5 avg. C1 C2 C3 C4 C5 avg.

Pool. Strategy: average last token
constant .64 .22 .33 .47 .40 .41 .44 .13 .16 .36 .47 .31

cosine .54 .28 .28 .40 .39 .37 .59 .16 .26 .56 .31 .37
linear .49 .02 .22 .44 .04 .24 .51 .23 .28 .39 .37 .35

masked .46 -.05 .36 .36 .35 .29 .44 .15 .31 .40 .28 .31
shift .52 -.09 .35 .37 .41 .31 .50 .13 .25 .45 .44 .35

non-pretrained .16 .16 .16 .48 .03 .19 .22 .16 .25 .36 .11 .22

labels assigned by the annotators being evaluated, and disagreement is penalized quadrat-
ically based on the distance between the ordinal labels. The reported performance of the
model is the average of QWK with each grader. Finally, we followed the same approach
from the benchmark and calculated the 95% confidence interval (N = 1000) of each
model, so that we could assert whether the differences in performance are significant.

Our models were fine-tuned using the AdamW optimizer (learning rate of 5×10−5,
weight decay of 0.05 excluding biases and RMSNorm, and dropout of 0.05) alongside a
cosine-decay scheduler with a 10% warmup, training for up to 20 epochs with a batch
size of 32 and a four-epoch early stopping patience based on validation QWK scores. Our
experimental framework evaluates a non-pretrained baseline against several architectural
and input variations: pooling strategy (last token versus average representation), training
mode (causal versus bidirectional masking), and input strategy (essay-only versus a full
context exceeding the 1024-token pre-training limit to assess length generalization). We
add a non-pretrained model to assess the impact of pre-training for the different traits.
Table 3 summarizes our variation space.

5. Results
As our models have a large variation space, we structure our analysis first by input strat-
egy. Then, we segment training mode and pooling strategies across all five traits. Finally,
we establish the highest-performing configurations and compare our findings with the
previous literature.

Starting with essay-only input, we present in Table 4 the results of training with
a bidirectional mask. As with previous research, there is no model that consistently out-
performs all the others. The only case where dominance occurs is in the average pooling,
between the constant and linear models. When comparing the model with the highest
average performance against the non-pretrained baseline, we see that pre-training was
advantageous. However, its importance changes according to the model — importantly,
coherence (C4) in the average pooling was better assessed without pre-training. When
comparing the pooling strategies, we can see that averaging the representations caused
the models to have a higher variance — their average performances ranges from .24 to
.41, while using the last token ranges from .31 to .37.

In Table 5, we present the results when the training regime was causal. Here, there



Table 5. Comparison of model performance using Causal mode for essay-only
input. In bold, the highest scoring model inside each trait and each pooling
strategy

Mode: Causal
model C1 C2 C3 C4 C5 avg. C1 C2 C3 C4 C5 avg.

Pool. Strategy: average last token
causal .47 .01 .26 .35 -.01 .21 .57 .19 .32 .37 .35 .36

constant .41 .00 .27 .47 .08 .24 .55 .21 .22 .41 .44 .36
cosine .42 .00 .24 .43 .02 .22 .46 .30 .29 .47 .40 .38
linear .37 .02 .20 .33 .08 .20 .47 .23 .42 .38 .38 .37
shift .47 -.25 .13 .38 .28 .20 .46 .18 .12 .48 .49 .34

non-pretrained .41 .12 .24 .20 -.02 .19 .11 .13 .15 .45 .17 .20

Table 6. Lower and upper bound of the best hybrid model by trait

trait lower upper QWK model classifier head mode
C1 .54 .74 .64 constant reduce mean Bidirectional
C2 .13 .48 .30 cosine last token Causal
C3 .24 .56 .42 linear last token Causal
C4 .42 .69 .56 cosine last token Bidirectional
C5 .31 .63 .49 shift last token Causal

are no cases of dominance. We see that the models with average pooling did not benefit
from pre-training. The last token pooling, on the other hand, did benefit from it. Here,
both pooling strategies yielded models that are very similar on average: they present only
.04 points of amplitude in both cases.

When analyzing based on the best performance in each trait, we see an interesting
result: the average pooling appears as the best strategy in only one case (C1). The bidi-
rectional mode was the best in two traits, C1 and C4, both previously identified as traits
better evaluated by Encoders [Barbosa et al. 2025] — which are bidirectional. Lastly, the
pure models (causal model with causal mode and masked model with bidirectional mode)
are never the best performing. The best ones are, respectively: constant, cosine, linear,
cosine, and shift — all of them are hybrid models. In Table 6, we present the best scoring
configurations for each trait, together with their lower and upper bounds of performance
according to the bootstrap method.

Next, we investigate the usage of the full context to grade the essays. This step is
relevant because C2 and C3 require relating the essay to the prompt and the supporting
text given in the context. Ideally, adding the context should not hurt the performance in
the other three traits, but it has been noted that this is not the case [Barbosa et al. 2025].
We present the best performances in the first division of Table 7, where we refer to our
models as FlexQwen.

In general, we see that the performance either remained the same (C5) or de-
creased when adding the full context. One explanation for this observation is that the
model did not receive input sequences with length longer than 1024 during training. Thus
we conducted an experiment whre the model was pre-trained for one more epoch with



Table 7. Performance of best performing models: ours and previously bench-
marked.

C1 C2 C3 C4 C5
Best FlexQwen (essay-only) .64 .30 .42 .56 .49
Best FlexQwen (full context) .50 .24 .26 .46 .49
Best Encoder [Barbosa et al. 2025] .68 .32 .29 .60 .63
Best Small LLM [Barbosa et al. 2025] .66 .36 .37 .49 .59

sentences of length 2048 and then fine-tuned for C2 and C3, but the results were not
significantly higher.

In the second division of Table 7, we present the best model performance in
each trait as presented in the benchmark. Importantly, these performances come from
the experiments where the models only had access to the essay text. The best Encoder
are: a draw between Albertina and BERTimbau-large for C1, BERTimbau-large for C2,
BERTuguês for C3, BERTimbau-large for C4, and BERTimbau-base for C5. While the
best Decoders are, respectively: Tucano, Llama3, Llama3, Tucano, Phi4.

Three cases emerge when we compare our best essay-only models against the
selected models from the benchmark. The first case occurs in C1 and C2: the SOTA
is not that far from our model’s performance (.06) and is within the confidence interval.
The second case occurs in C3 and C4, where our model is better than at least one of the
SOTA — when our model has better performance, the other model is within its confidence
interval. The last case comprises C5, where the SOTA is the upper bound of our model.
With this comparison, we see that our model, created with limited data, is comparable to
models with many more parameters and trained for longer time on more data.

As a final comparison, we extend the baseline performances presented in the
benchmark. There, the authors used a Linear Regressor and Random Forest over tex-
tual features calculated by NILC-Metrix [Leal et al. 2024]. With our work, it is possible
to select the best non-pretrained model and present it as the baseline performance of the
Transformer architecture. In addition, in the benchmark, the confidence interval of the
feature-based models was not presented.2 We calculate for our models and present the
comparison in Table 8.

It is interesting to note that in the mechanical traits (C1 and C4), the hybrid mod-
els had the same performance as the feature-based, that use syntax- and grammar-related
features. This further supports the hypothesis that Transformer-based models are approx-
imating these features when fine-tuned on this dataset [Silveira et al. 2025a]. For the two
main thematic traits (C2 and C3), our models performed worse than the feature-based
ones, suggesting that the models were not capable of identifying which features would be
important for these cases. Finally, for C5, our model is slightly better, probably because
in this trait, some formulations are important — which are better identified through the
words rather than proxies — but they also require some world knowledge, that is why it
was not able to achieve a good performance. Given that, for the mechanical traits, the
non-pretrained model achieves nearly .4 QWK and the pre-trained reach nearly .6, it is

2Their confidence intervals are presented at: https://huggingface.co/datasets/kamel-u
sp/jbcs2025_experiments_report

https://huggingface.co/datasets/kamel-usp/jbcs2025_experiments_report
https://huggingface.co/datasets/kamel-usp/jbcs2025_experiments_report


Table 8. Lower and upper bound of best non-pretrained hybrid model by trait and
best performance from Feature-based models in the benchmark.

Hybrid Best Feature-based
Trait Lower Upper QWK Lower Upper QWK

C1 .26 .53 .41 — — .41
C2 .00 .32 .16 — — .32
C3 .05 .44 .25 — — .35
C4 .35 .62 .48 — — .48
C5 -.01 .35 .17 — — .12

possible that better models can be created for these traits by using fewer Transformer
blocks or by pre-training for less time.

6. Conclusion

In this work, we presented contributions in two different areas. The first, and main, area
is the proposal of a family of Hybrid Transformer-based models trained with a relatively
small amount of data. Then, through Automatic Essay Scoring, we validated that this
model is competitive with much larger models, such as Albertina and Phi4, in evaluating
five different textual dimensions — ranging from proper usage of Portuguese to argu-
mentative quality. This suggests that it is possible to create better models for Portuguese
without relying on increasing their scale.

The second area to which we contribute is Automatic Essay Scoring. Previous
baseline performances were based on feature-based Linear Regressors and Random For-
est. Our non-pretrained model fills the role of a Transformers-based baseline model, as
it presents the performance of this architecture without pre-training. Previous research
has shown that mechanical traits (C1 and C4) were better graded by Encoders. In our
experiments, we showed that the bidirectional mode of training — typically used to pre-
train Encoders — yielded the best performing models for these traits. Also, in accordance
with previous research, thematic competencies were better evaluated by models trained
with causal mask. One other contribution of our work was presenting that the best scoring
model although following the trend of previous research, was not a pure masked model for
mechanical traits nor a pure causal model for the thematic ones. This suggests that com-
bining both pre-training regimes may lead to better models. Finally, the analysis of our
non-pretrained model may suggest that for mechanical traits, it may be advantageous to
design models with fewer Transformer blocks, making the model even more manageable.

Limitations

For our experiments, we employed the same dataset split and methods used in
[Barbosa et al. 2025] so that we could compare against the previously evaluated mod-
els. One downside of this approach is that the bootstrap method with a relatively small
dataset causes the confidence intervals to be large, which induces more false positives. In
other words, some models may seem like equivalents without actually being so.

The capacity of our Hybrid models was not exhausted. It is possible to further
improve its context window by presenting sentences of 2048 tokens or longer during



training. Finally, it is also possible to use it as a Decoder and prompt it to assess the
essays. We focused on evaluating it as a traditional Encoder, as it reduces the number of
experiments and makes the output simpler.
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be seen as research objects. If employed as systems, they should be used as assistive tools
for educators rather than autonomous grading authorities, ensuring human oversight in
high-stakes educational assessments.
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de redações do enem: Uma análise comparativa entre engenharia de caracterı́sticas e
transformers. In Souza, M., de Dios-Flores, I., Santos, D., Freitas, L., Souza, J. W.
d. C., and Ribeiro, E., editors, Proceedings of the 17th International Conference on
Computational Processing of Portuguese (PROPOR 2026) - Vol. 1, pages 738–748,
Salvador, Brazil. Association for Computational Linguistics.

Charpentier, L. G. G. and Samuel, D. (2023). Not all layers are equally as important:
Every Layer Counts BERT. In Warstadt, A., Mueller, A., Choshen, L., Wilcox, E.,
Zhuang, C., Ciro, J., Mosquera, R., Paranjabe, B., Williams, A., Linzen, T., and Cot-
terell, R., editors, Proceedings of the BabyLM Challenge at the 27th Conference on
Computational Natural Language Learning, pages 238–252, Singapore. Association
for Computational Linguistics.

Charpentier, L. G. G. and Samuel, D. (2024). GPT or BERT: Why not both? In Hu, M. Y.,
Mueller, A., Ross, C., Williams, A., Linzen, T., Zhuang, C., Choshen, L., Cotterell,
R., Warstadt, A., and Wilcox, E. G., editors, The 2nd BabyLM Challenge at the 28th
Conference on Computational Natural Language Learning, pages 262–283, Miami,
FL, USA. Association for Computational Linguistics.
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