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Abstract The development of automated essay grading systems with minimal human intervention has been pursued
for decades. While these systems have advanced significantly in English, there is still a lack of in-depth analysis of
the use of modern Large Language Models for automatic essay scoring in Portuguese. This work addresses this gap
by evaluating different language model architectures (encoder-only, decoder-only, reasoning-based), fine-tuning
and prompt engineering strategies. Our study focuses on scoring argumentative essays written as practice exercises
for the Brazilian national entrance exam regarding five trait-specific criteria. Our results show that no architecture
is always dominant, and that encoder-only models offer a good balance between accuracy and computational cost.
We obtain state-of-the-art results for the dataset, obtaining trait-specific performance that ranges from .60 to .73

measured in Quadratic Weighted Kappa.
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1 Introduction

Automatic Essay Scoring (AES) systems promise to release
educators from the burden of grading written assignments,
scaling up the ability to provide timely, consistent and use-
ful feedback [Page, 1966]. Many large-scale high-stakes
standardized proficiency tests already incorporate automated
scoring in their evaluation [Attali and Burstein, 2006; Kle-
banov and Madnani, 2020]. Typically, an AES system re-
places a human annotator in a pool of assessments that are
used to reach an average score.

While AES encompasses a variety of related tasks, such
as providing inline corrections [Burstein et al., 2004] and as-
sessing the correctness of constructed responses [Chang and
Ginter, 2024], we are here concerned with its more frequent
form: assigning scores assessing the writing quality of es-
says. This type of assessment continues to be a prominent
feature of higher-level educational environments [Schneer,
2014; Mei, 2006].

Early approaches to AES predominantly employed tradi-
tional machine learning techniques, leveraging carefully de-
signed handcrafted features [Page, 1966; Attali and Burstein,
2006]. More recently, an “ImageNet moment” [Ruder, 2018]
in Natural Language Processing has driven the adoption of
modern deep learning techniques, significantly improving
AES performance [Alikaniotis et al.,2016; Dong et al., 2017,
Tay et al.,2018]. Current systems are now able to match hu-
man inter-annotator agreement rates even at the challenging
task of assigning trait-specific scores with unseen prompts
[Jin et al., 2018; Hussein et al., 2020; Ridley et al., 2020,
2021]. The recent use of Large Language Models [Radford
et al., 2018; Devlin et al., 2019; Raffel et al., 2020] aided

in mitigating the scarcity of annotated data and improved
generalization [Rodriguez et al., 2019; Silveira ef al., 2024,
2025]. In particular, their ability to perform zero-shot and in-
context learning [Schick and Schiitze, 2021] lifts the need for
task-specific or prompt-specific fine-tuning [Mansour et al.,
2024; Lee et al., 2024].

Following the trend of AES systems for English, early
works on AES for Portuguese adopted a feature-engineering
approach [Bazelato and Amorim, 2013]. Progressively, re-
searchers turned to shallow representations based on word
embeddings [Marinho et al., 2022] and more sophisticated
deep learning approaches using Recurrent Neural Networks
[Fonseca et al., 2018]. More recent work has investigated
the use of pre-trained Large Language Models based on the
Transformer Neural Network architecture [de Lima et al.,
2024; Ribeiro et al., 2024; Silveira et al., 2024, 2025]. To
the best of our knowledge, last-generation Large Language
Models with advanced reasoning abilities such as OpenAl
O1 [OpenAl et al., 2024a] and Deepseck R1 [DeepSeck-Al
et al., 2025] are yet to be evaluated for Portuguese AES.

In this work, we provide an extensive empirical analysis
on the use of state-of-the-art Large Language Models for
AES in Portuguese. We use the benchmark described by Sil-
veira et al. [2024], which consists of publicly available es-
says written by high-school students in a variety of prompts
as practice for standardized University entrance exams; each
essay was annotated by two expert human graders with re-
spect to five different traits, using a six-point ordinal scale.
We conduct an in-depth analysis across various dimensions
of language models, including differences in parameter size,
architectures (such as encoder-only [Devlin ef al., 2019] and
decoder-only types [Radford et al., 2018]), and task special-
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ization strategies such as full and parameter-efficient super-
vised fine-tuning [Hu et al., 2022] and zero-shot learning
[Brown et al., 2020]. We release all the models and the
scripts needed to reproduce our results.

Our results suggest that no single model class and learn-
ing strategy outperforms the others across different traits.
Encode-only models obtain a good balance of performance
and computational cost and zero-shot large language mod-
els seem to excel at some particularly difficult to evaluate
traits. The overall choice does depend on amount of compu-
tational resources, minimum level of accuracy and additional
concerns (such as the use of proprietary API-based models,
environmental impact, inference speed, etc).

The remainder of this paper is organized as follows: Sec-
tion 2 reviews related work. Section 3 presents the experi-
mental setup, including the dataset, selection of Large Lan-
guage Models and hyperparameters, and performance evalu-
ation methodology. We then present and discuss the results
in Section 4, along with a brief discussion on the environmen-
tal impact of our training. Finally, we conclude the paper in
Section 5.

2 Related Work

AES traces back to the seminal work of Page [1966], which
described the task and proposed a feature-engineering so-
lution using linear regression from handcrafted textual fea-
tures. That approach was later extended by the e-Rater sys-
tem [Attali and Burstein, 2006], one of the most prominent
real-world applications.

Eventually, the labor-intensive task of crafting these fea-
tures was superseded by automatic feature extraction in the
form of dense vector representations. Initial works used
these representations together with different deep learning ar-
chitectures [Taghipour and Ng, 2016] such as Convolutional
Neural Networks [Dong and Zhang, 2016] and Long Short-
Term Memory Recurrent Neural Networks [Alikaniotis et al.,
2016; Cummins and Rei, 2018]. Recently, Large Language
Models (LLMs) based on the Transformer architecture be-
came the standard tool for NLP after BERT became the state-
of-the-art in a myriad of different tasks [Devlin et al., 2019].

The AES task can actually be framed in different forms,
imposing different challenges. Single-prompt scoring con-
siders grading a collection of essays under a fixed essay
prompt, which implies uniform topic and grading criteria. In
such a variant, traits such as topic or genre adherence and
use of supporting texts can be inferred from statistical cues
in the corpus, even without access to topic and additional
material. This is arguably the most prevalent form found in
the literature, possibly due to its commercial importance in
standardized testing [Ke and Ng, 2019].

The cost and difficulty in obtaining large amounts of
graded essays lead researchers to propose cross-prompt scor-
ing [Jin et al., 2018; Hussein et al., 2020; Ridley et al.,
2020]. In such a variant, one instead receives a collec-
tion of essays from one or more source prompts/domains
and needs to score essays on one or more different target-
prompts/domains. One can also have access to a small sub-
set of graded target-domain essays. This allows training and
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test instances to differ in topic, genre (e.g. narrative vs. argu-
mentative) and even grading criteria. In this setting, evalu-
ating prompt-specific traits such as topic adherence and use
of evidence requires more sophisticated techniques such as
transfer learning to be effective [Ridley et al., 2021]. As a
consequence, performances in single-prompt scoring are typ-
ically higher than in cross-prompt scoring [Dong and Zhang,
2016; Li and Ng, 2024; Yang et al., 2024].

There is also a distinction about the dimension of scores.
Holistic scoring consists in assigning a single grade to each
essay summarizing several different aspects of relevance.
This form is mostly motivated by the larger availability of la-
beled data and improved system performance. Yet, feedback
on multiple trait-specific dimensions is more informative and
helpful to students, as well as a way to provide justification.
Thus, in trait-specific scoring, also called analytic scoring, es-
says are graded along multiple dimensions that evaluate dif-
ferent competences or writing constructs, such as coherence
[Higgins et al., 2004], organization [Persing et al., 2010] and
thesis clarity [Persing and Ng, 2013].

Finally, there are different marking scales for scoring. One
approach is to cast the problem as a regression task, that is,
to score essays using a real-valued scale. One can interpret
such a score as a form of average score of a hypothesized
population of graders [Page, 1966]. Another approach is to
mimic a human grader and provide scores on a finite ordinal
scale. Here, a scoring model can be interpreted as simulat-
ing a particular grader or a type of median grader [Attali and
Burstein, 2006; Klebanov and Madnani, 2020].

In this work, we consider the problem of cross-prompt,
trait-specific scoring, where no access to the target prompt
is provided. We assume the scoring model outputs scores on
a finite ordinal scale on five different traits. This is the most
prevalent task pursued for AES in Portuguese [Bazelato and
Amorim, 2013; Amorim and Veloso, 2017; Marinho et al.,
2021; Mello et al., 2024; Silveira et al., 2024, 2025]. Com-
pared to previous work, we here provide a more extensive
analysis, including a much wider variety of models and con-
figurations, and a more valid evaluation methodology that
relies on the average performance with respect to two hu-
man annotators used separately as ground truth. This makes
our results more comparable to other benchmarks, such as
the Automatic Student Assessment Prize,! which involves
student-written essays in English.

3 Experimental Setup

In this section, we describe the dataset and the models, along
with their different usage configurations, used in our experi-
ments. These models are grouped according to their nature:
feature-based, encoder, and decoder-based language models.
We also present our evaluation methodology, including the
performance metrics and their use in the dataset at hand. To
facilitate the interpretation of the results, we discuss some
simple heuristics that exploit the labels of the test set to
provide an upper bound on the optimum performance of a
grader.

"Hosted by Kaggle at https: //www.kaggle.com/c/asap-aes/
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Model Name Version Architecture Context #Params #Train Pretrain. Corpus
Ry - Feature — 1 1 —
Linear Regression = Feature = 73 73 =
Random Forest = Feature = = = =
mBERT bert-base-multilingual-cased Encoder 512 178M 178M Multilingual
BERTimbau Base bert-base-portuguese-cased Encoder 512 109M 109M Portuguese
BERTimbau Large bert-large-portuguese-cased Encoder 512 334M 334M Portuguese
BERTugués bertugues-base-portuguese-cased Encoder 512 110M 110M Portuguese
Albertina albertina-1b5-portuguese-ptbr-encoder Encoder 512 1.5B 1.5B Portuguese
Tucano tucano-2b4 Decoder 4k 2.4B 10-21M Portuguese
Llama3 llama-3.1-8B-instruct Decoder 128k 8B 21-42M Multilingual
Phi3 phi3.5-mini-instruct Decoder 4k 2B 13-25M Multilingual
Phi4 phi-4 Decoder 16k 14.7B 28-56M Multilingual
DeepseekR1 deepseek-reasoner Decoder 64k 671B 0 Multilingual
GPT4o0 gpt-40-2024-11-20 Decoder 120k ? 0 Multilingual
Sabia3 sabia-3 Decoder 32k ? 0 Portuguese

Table 1. Characteristics of automatic scoring models used in the experiments. #Params refers to the total number of parameters and #Train
refers to the number of fine-tuned trained parameters for the AES task. Version refers to HuggingFace naming scheme.

3.1 Dataset

We use the dataset described in our previous work [Silveira
et al., 2024], which contains 385 argumentative essays on 38
different topics (prompts), downloaded from publicly avail-
able websites. The websites present a selection of essays
submitted by students who wish to practice for the essay writ-
ing part of the Brazilian National High-School Exam (Exame
Nacional do Ensino Médio, ENEM, in Portuguese), a high-
stakes large-scale standardized exam used as part of the en-
trance admission process in many universities in Brazil. In
addition to the essay text, the dataset also contains the prompt
given to students (containing the main topic and instructions)
as well as some additional material such as supporting texts
on which to base the argumentation. The prompt and addi-
tional material are made to simulate the ENEM essay test.

Following the official ENEM 2019 Grader’s Handbook,
each essay was annotated by two independent experienced
human graders on five different traits: fluency (C1), style
(C2), argumentation and relevance to prompt (C3), cohesion
(C4), and persuasiveness (C5). Each trait received, from
each grader, a score in the scale 0, 40, 80, 120, 160, 200
— where higher is better. The website also provides anno-
tations in the form of trait-specific scoring; however, there
is no guarantee regarding the quality of these annotations or
any explanation about how they were produced. Addition-
ally, their agreement with either expert annotator was signif-
icantly lower than the agreement observed between the two
expert annotators. For those reasons, and unlike previous
work that has used that same corpus [Silveira et al., 2025],
we do not use the annotations available on the website. That
is, we assume that each essay is associated only with two
(sets of) grades, each given by one of the two expert annota-
tors.

In order to produce a fair evaluation of prompt-agnostic
scoring, the dataset was shuffled and then split into train-
ing (500 instances), validation (132 instances) and test (138
instances) subsets such that essays related to a particular
topic/prompt appeared exclusively in one of the data subsets.

3.2 Automatic Scoring Models

We evaluate a large variety of automatic scoring models with
different inputs, architectures, learning strategies, and pre-
training corpus. Table 1 summarizes the evaluated scoring
models, which we detail next.

Feature-Based Models To serve as baselines, we evalu-
ate the performance of two effective feature-based regression
methods for AES: Linear Regression and Random Forest (as
implemented in the Scikit-Learn Python package). To agree
with our evaluation, the output of each regressor is rounded
to the nearest point in the marking scale. We use 72 features
computed by NILC-Metrix software [Leal ef al., 2024], that
include descriptors of style (e.g., verbs ratio, negation ratio,
etc.), shape (number of words, sentences, paragraphs, etc.),
and syntactic complexity indexes (Yngve and Frezier), to
name a few. We also compare against a simple R rule-based
classifier that predicts the most frequent class label (or grade
in our case). To account for the variance in the model selec-
tion of Random Forest Regressions, we train each regressor
100 times and report its average performance.

Encoder-Only Language Models Modern Large Lan-
guage Models based on the Transformer Architectures are
generally distinguished with respect to their pre-training
strategy and inference use. Encoder-only models are pre-
trained using masked language modeling, where the model
learns to predict masked tokens from the input sequence [De-
vlin et al., 2019]. This strategy produces context-rich rep-
resentations of input text that can be used for downstream
tasks such as AES. We use the standard practice of super-
vised fine-tuning pre-trained encoder-only models on each
trait-specific scoring task by adding an additional softmax
classification layer with six outputs, then re-training the en-
tire model (hence generating task-specific embeddings).

We test with several variants of BERT [Devlin et al., 2019]:
the multilingual BERT (mBERT, for short) [Devlin ef al.,
2019], which was pre-trained on a large corpus of texts in
several languages including Portuguese; BERTimbau, which
was pre-trained on a corpus containing only texts in Por-
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tuguese [Souza et al., 2020]; BERTugués [Mazza Zago and
Agnoletti dos Santos Pedotti, 2024], which has some im-
provements over BERTimbau tokenizer and corpus filtering
for training; and Albertina [Santos ef al., 2024], a larger vari-
ant also pre-trained in Portuguese corpora. Due to their re-
duced context-window size (512 tokens), encoder-only mod-
els are fed with only the text of the essay; essays longer than
the context window are truncated.

The encoder-only models were trained on RTX A6000
GPU with a batch size of 16 for training, 1 step of gradi-
ent accumulation, and no gradient checkpointing [Chen et al.,
2016]. We used a weight decay rate of 0.01, warm-up of 0.1,
and learning rate of 5 - 1075,

Small Language Models Models based on a decoder-only
Transformer architecture are pre-trained using causal lan-
guage modeling, where the model is trained to predict the
next token based on a partial sentence [Radford et al., 2018].
While such models were initially envisioned for generating
language, the use of instruction tuning and other engineering
feats has enabled them to generalize to unseen tasks, includ-
ing high-level cognitive tasks [Brown et al., 2020; OpenAl,
2022; Ouyang et al., 2022]. Remarkably, current decoder-
only models have much wider input context windows (4k—
128k), which allow us to provide richer text input containing
additional instructions and additional material. Small Lan-
guage Models are decoder-only Language Models distilled
from larger Language Models to achieve comparable perfor-
mance with a reduced number of parameters [Gu et al., 2023;
Fu et al., 2023; Javaheripi, 2023]. Despite their name, Small
Language Models such as Llama [Touvron et al., 2023] and
Phi [Abdin et al., 2024b,a] still require significant computa-
tional resources to be trained. Low Rank Adaptation (LoRA)
is a parameter-efficient learning technique for training a Lan-
guage Model by composing its parameters with a low-rank
(smaller) parameter matrix [Hu et al., 2022]. LoRA thus
allows effectively learning Small Language Models under
more affordable hardware.

The scoring guidelines for some traits such as style (C2)
and argumentation (C3) specifically refer to additional mate-
rial available to test takers such as supporting texts and the es-
say prompt. Other traits such as fluency (C1), cohesion (C4)
and persuasiveness (C5) can in principle be scored with no
such information, relying only on the essay text. We make
use of the wider context available and evaluate fine-tuned
small language models in two variants: providing only the
student essay text (essay-only) as input and providing essay
text, essay prompt and supporting texts (full-context). While
in principle providing additional content should improve per-
formance, it also makes learning less effective given the rel-
atively small dataset size of fine tuning.

We use LoRA to fine-tune Tucano [Corréa et al., 2024],
Llama3 and the Phi models for each trait-specific scoring
task by adding an additional softmax classification layer with
six class outputs. We follow common practices for the choice
of hyperparameters of LORA training, such as adopting an ap-
proximating rank r € {8,16} and setting the scaling factor
r by a = 2r [Hu et al., 2022; Raschka, 2023]; the dropout
rate was selected by experimentation in [0.05, 0.1]. All linear
layers are treated as LoRA targets.
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The fine-tuning of decoder-only models was performed us-
ing a H200 GPU, with a batch size of 8 for training and 4 for
evaluation, with 2 gradient accumulation steps and gradient
checkpointing [Chen et al., 2016]. We used a weight decay
rate of 0.01, warm-up of 0.1, and learning rate of 5 - 1072,
Moreover, FlashAttentionV2 [Dao, 2023] was used to reduce
memory footprint.

Zero-Shot Learning Large Language Models can perform
zero-shot learning, which is the ability to specialize in un-
seen tasks without the need of re-training — the name is a
bit misleading as no parameter learning is involved [Brown
et al., 2020]. This allows us to use them for scoring without
costly supervised fine-tuning. Task specialization is imple-
mented by specific prompting strategies, that is, by carefully
designing the input sequence. We use the API interfaces of
three different models: Sabia3 [Abonizio et al.,2025], which
is trained exclusively in Portuguese, GPT4o0 [OpenAl et al.,
2024b] and DeepSeekR1 [DeepSeek-Al et al., 2025], both
of which were trained on multilingual corpora.

To generate adequate prompts to the zero shot learning
models, we resort to official grading guidelines made avail-
able for the ENEM essay test.”> In addition to the official
Grader’s Handbook containing detailed instruction on how
to grade each trait, the official exam also provides test takers
with a significantly shorter and less technical Student’s Hand-
book that explains the meaning of each trait and summarizes
the respective grading procedure. While the Student’s Hand-
book contains about 50 pages in total, the Grader’s Handbook
contains more than 50 pages per trait.

Accordingly, we evaluate three prompting strategies for
trait-specific scoring based on different grading guidelines.
The Student Guideline and Grader Guideline use the expla-
nation of the trait and the respective grading procedure avail-
able in the Student’s and the Grader’s Handbook, respec-
tively. The Mixed Guideline uses the description of the trait
from the Student’s Handbook and the respective grading pro-
cedure from the Grader’s Handbook. The rationale for this
is to combine the succinctness of the Student’s Handbook
when describing a trait with the precision of the Grader’s
Handbook about the marking criteria. The Grader Guide-
line also differs in that we include an instruction to analyze
the sub-criteria that make up the trait grading scoring rule be-
fore providing the trait-specific overall score. For instance,
for Trait C2, after describing the trait and its scoring rule this
prompt also asks the model to analyze whether the essay has
three well-developed parts, whether it contains an original
repertoire, whether it is relevant to the topic, etc. Table 2
shows the respective size of each prompting strategy in num-
ber of tokens as generated by GPT4 tokenizer, for each trait.
The Grader Guideline is from 13% to 80% larger than the
Student Guideline. Notably, even the smallest prompt size
exceeds the context window of the encoder-only models we
evaluate.

The guidelines for some traits such as style (C2) and argu-
mentation (C3) specifically refer to additional material avail-
able to test takers such as supporting texts and the essay

2Downloaded from https://wuw.gov.br/inep/pt-br/
areas-de-atuacao/avaliacao-e-exames-educacionais/enem/
outros-documentos
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Guideline C1 C2 C3 C4 Cs

Student 1,269 2,193 1,559 1,555 1,641
Mixed 1,323 2,193 1,501 1,696 1,619
Grader 1,757 2,663 1,768 2,886 3,032

Table 2. Trait-specific instruction size for the different guidelines
(in number of tokens generated by GPT4o0 tokenizer).

Role: system .

You are an essay grader specialized in ENEM essays. You must -
assign a grade according to the following trait criteria:

Student Mixed Grader
Guideline Guideline Guideline
Give your answer in JSON format.

Role: user

Considering the supporting text:
[SUPPORTING TEXT]

And the following prompt:
[ESSAY PROMPT]

, I What is the grade of the following essay: [ESSAY]

B =

Figure 1. Prompt outline used for zero shot learning models.

prompt. To account for the effect of including or not rele-
vant/irrelevant information, for each type of guideline and
for each trait, we create two different prompting strategies
by either including such extra information (fu/l-context) or
not including it (essay-only). Figure 1 outlines the prompting
strategies used. To get a sense of the differences, we observe
that the average essay size (in number of tokens produced
by GPT4 tokenizer) is 338 compared to the average size of
1167 tokens of the full context (essay text, essay prompt and
supporting texts).

We follow a Chain-of-Thought strategy [Wei et al., 2023]
by also asking the zero short learning models to justify their
responses before presenting the final score. Since LLMs ex-
hibit non-deterministic behavior, we repeat each inference
10 times and report the most frequent score (breaking ties
arbitrarily).

3.3 Evaluation

AES models are typically evaluated using either inter-rater
agreement metrics such as the Quadratic Weighted Kappa
[Williamson et al., 2012; Ramnarain-Seetohul et al., 2022;
Doewes et al., 2023] or classification accuracy metrics for
imbalanced data such as macro and weighted F1 score [Mello
etal., 2024].

The Quadratic Weighted Kappa (QWK) metric extends
Cohen’s inter-rater agreement statistic to ordinal rating scales
[de la Torre et al., 2018]. The metric compares the agreement
between two raters relative to agreement by chance, while pe-
nalizing disagreement by squared loss:

N N
i1 20 wi O
N N )
Doim1 D=1 WigEij
where N is the number of rating categories (six, in our case),

O;; is the observed agreement matrix, indicating the number
of times category ¢ was predicted while category j was the

k=1
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actual category, I;; is the expected agreement matrix, repre-
senting the agreement expected by pure chance (which takes
into account the relative frequency of each category), w;; is
the weight assigned to a disagreement between categories 4
and j and given by

QWK computes a value in [—1, 1], with -1 indicating perfect
disagreement, 0 indicating agreement by chance, and 1 in-
dicating perfect agreement (hence the higher the value of a
scorer, the better).

The FI score computes the geometric weight of precision
and recall of a binary classification prediction:

Fl— 2 x Precision x Recall

Precision + Recall’

where

TP

Recall = ———.
and eca TP - FN

L P
Precision = TP + FP
The metric can be extended to multi-class classification by
considering each class 7 as a binary prediction task with
its corresponding F1; measure, then averaging out. The
weighted F1 score weights each F1; score by the relative
class label frequency. Instead, the macro F1I score uses a
simple average:

N

N
Flwcightcd = E NilFli, Flacro = E —F1;,
i=1 Zj:1 n; = N

where n; is the number of true instances for class i. Both
weighted F1 and macro F1 given values in [0, 1], with 1 de-
noting perfect classification accuracy and 0 denoting com-
plete misclassification.

The class label distribution of our dataset follows a bell
curve shape, with the vast majority of instances being rated
close to the middle of the range and the lower and higher
classes being rare. Accordingly, weighted F1 emphasizes
model performance on the middle range classes, with tail dis-
tribution classes having little to no effect on the score. On the
other hand, the macro F1 tends to proportionally emphasize
performance on the less frequent classes, and lead to much
higher dataset variance.

In general, QWK, macro F1 and weighted F1 metrics pro-
vide different and complementary views and insights about
a scoring model’s performance.

Ground-Truth Ambiguity Since each essay in the dataset
is annotated with two grades, for any metric we actually have
two performance indicators. We thus compute an average
metric for each trait and metric by taking the mean of each
metric with respect to each grader. Because each scoring
model provides a single score, for any metric its maximum
performance falls below the maximum value (e.g., for any es-
say with two disagreeing annotated grades, a predicted score
necessarily makes at least one mistake). In order to provide a
comparative indicator of (unrealistic) optimum performance
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for each metric, we simulate predictions based on the ground-
truth scores (hence, information that is unavailable to mod-
els).

We call GradeA (resp., GradeB) the mean metric for a
scorer that always agrees with Grader A (resp., Grader B).
This is clearly suboptimal but useful to compare if a scorer is
perhaps aligning more closely with one Grader’s labels than
the other one’s. The LessFrequentGrade selects for each es-
say and trait the less frequent label among the scores assigned
by Grader A and B. This tends to increase QWK and macro
F1, which emphasize agreement on less frequent labels. The
MostFrequentGrade instead selects the most frequent among
the labels given by Grader A and B, per instance. Finally,
MeanGrade rounds the mean of the scores of Grader A and
B, to make it a valid class label. The mean is rounded either
up or down such that the less frequent grade is produced.

To illustrate the different behaviors of each upper bound
metric described above, suppose we have a trait-specific
scoring task with the following count distribution of rates
in the evaluation set (from lowest to highest score):
[10, 20, 30,15,10, 7]. If an instance was assigned the third
lowest score by Grader A (which occurs 30 times in the set)
and was assigned the highest score by Grader B (which oc-
curs 7 times) then GradeB and LessFrequentGrade will out-
put the same as Grader B, GradeA and MostFrequentGrade
will output the same as Grader A, and MeanGrade computes
the mean of scores of Grader A and Grader B and rounds
to the less frequent, which in this case is the second highest
score of the range.

4 Results and Discussion

We now present and discuss the empirical results of our anal-
ysis. We first evaluate models inside their class, in order to
obtain insight into the impact of different architectures, pre-
training corpus and prompt engineering. We then perform a
cross-comparison among different model classes.

4.1 The Impact of Encoder-Only Base Model

We start by analyzing the performance of encoder-only lan-
guage models for different base modes (i.e., the pre-trained
model used). Table 3 shows the relevant metrics (macro F1,
weighted F1 and QWK) of trait-specific scorers obtained by
fine-tuning different pre-trained encoder-only models. The
models are sorted in decreasing size (in number of parame-
ters).

The first thing we note is that the three metrics are highly
correlated, yet provide somewhat different rankings of the
trait-specific scorers. For example, for trait C1, weighted F1
ranks models (from best to worst) as Albertina > BERTimbau
Large > mBERT > BERTugués > BERTimbau Base, whereas
QWK ranks models as Albertina = BERTimbau Large >
BERTugués > BERTimbau Base > mBERT. As another ex-
ample, notice that BERTimbau Base has the highest QWK
value for trait C2 while the highest macro F1 is obtained by
BERTimbau Large.

Second, no single model consistently outperforms the oth-
ers across traits. In fact, each model obtained the best perfor-
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mance for some combination of trait and metric. Thus, there
is no single model that can be discarded or recommended,
and different variants of those models seem to adapt better
to different traits. Overall, BERTimbau Base shows a good
compromise of performance across the different traits.

The size of models (in number of parameters) correlates
strongly with model performance for traits C1 and C4 (es-
pecially regarding weighed F1), but much less so for traits
C2, C3 and C5. By inspecting the best performance across
traits, we observe a significant reduction for traits C2 and C3
compared to other traits, especially in regards to QWK. This
can be explained by the fact that according to the grading
guidelines such traits are evaluated in comparison to the addi-
tional material (essay prompt and supporting texts) to which
the models do not have access. Other traits do not have such
a dependency on unavailable information. Curiously, while
BERTimbau Base achieves a relatively high value of QWK
for C5, its values for the macro and weighted F1 metrics
(which are still the highest for this trait) are inferior to the
respective values it obtains for C2 (where the same model is
one of the top performers). This gap suggests that trait C2
(Style) can be harder than trait C5 (Persuasiveness): for C5
the models usually predict a neighboring score (high QWK)
even when they miss the exact class (lower Fls), whereas
for C2 the errors are often farther away, depressing all three
metrics.

To investigate if differences in performance metrics are
statistically significant we obtained 95% confidence inter-
vals by bootstrapping. We deem a result statistically signifi-
cant to another if the lower end of the confidence interval of
the latter higher then the upper end of the latter. Note that this
does not account for multiple testing and hence is likely to
produce more false positives than expected. Doing so shows
that no method is statistically significantly superior for any
trait and metric. However, some methods do perform statis-
tically significantly worse than the best performing method,
for a fixed trait and metric. We indicate that worse perfor-
mance in italic in Table 3. Thus for traits C1, C3 and C4 we
see that differences in performance are not statistically sig-
nificant. For trait C2, some methods do perform worse but
only according to some metrics. The most striking differ-
ence is observed regarding trait C5, where the two variants
of BERTimbau perform statistically significantly better than
all other methods. Indeed, other methods perform rather poor
in this trait. While the difference between the base and large
variants is pronounced, it is still not enough to determine sta-
tistical significance.

4.2 'What about Small Language Models

We now turn our attention to pre-trained Small Language
Models, fine tuned with the LoORA parameter-efficient learn-
ing. Due to the larger context size window, it was possible
to experiment with both essay only and full context configu-
rations.

Table 4 presents the performance of small language mod-
els evaluated under the essay only configuration. The models
are ordered by ascending parameter count, ranging from the
2.4B Tucano to the 14.7B Phi4. All models were fine-tuned
using LoRA for efficiency and comparability.
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C1: Fluency C2: Style C3: Argument | C4: Cohesion | CS: Persuasion
Model M W QM W QM W Q| M W QM W Q
Albertina S5 0071 68 | 12 18 24 1 23 32 26|36 59 S540.15 17 .04
BERTimbau Large | .52 .69 .68 | 33 43 32| .19 26 .24 | 48 .61 .60 | .29 37 .46
mBERT 40 59 52 18 27 22125 32 35|35 55 50 (.08 .09 .00
BERTugués 44 56 .62 | .14 .19 33 |25 36 29| 35 51 54|23 28 .36
BERTimbau Base | 42 .52 .60 | 26 .37 36| .23 28 35| .38 55 .55|.29 .37 .63
Best S5 71 68 | 33 43 32| .25 36 .29 | 48 .61 .60 | .29 .37 .63

Table 3. Test-set performance of encoder-only models. M: macro F1, W: weighted F1, Q: Quadratic Weighted Kappa. The last row repeats
the best performance for each trait and metric. Italicized values indicate statistically significantly worse performance relative to the best
performing method according to a 95% bootstrapping confidence interval.

C1: Fluency C2: Style C3: Argument | C4: Cohesion | C5: Persuasion
Modl M W Q| M W Q M W Q M W QM W Q
Tucano | .52 .64 66 | .15 24 22| .25 35 36| .34 57 49| .25 30 .58
Phi3 33 40 45| 21 26 28| .24 28 22 (.29 50 27 |.19 24 25
Llama3 | 49 .67 .65 | .26 36 36| .25 37 37|24 53 39| .26 .28 .29
Phi4 S50 61 67 | .19 25 21 .24 31 3330 .58 .48 | .44 49 59
Best 52 64 .66 | 26 36 36 | .25 37 37| .34 57T 49 | 44 49 59

Table 4. Test-set performance of small language models on essay-only prompts. M: macro F1, W: weighted F1, Q: Quadratic Weighted

Kappa.

The first observation is that parameter count alone is not
a reliable predictor of performance. Despite being the small-
est model in the group, Tucano achieves the best or tied-best
scores in three of the five traits, outperforming Phi-3 across
all metrics and remaining competitive with much larger mod-
els such as Llama3 and Phi4. This suggests that monolin-
gual pretraining, when aligned with the target evaluation lan-
guage, can partially offset the limitations imposed by scale—
especially in low-context settings like this one.

Across traits, no model dominates consistently. Llama3
emerges as the top performer for Style (C2) and Argumen-
tation (C3), while Phi4 achieves the highest scores for Per-
suasion (C5). Interestingly, Tucano outperforms all others
on Fluency (C1) and Cohesion (C4), traits that depend more
on linguistic form than on content references. These results
echo a pattern observed in the before: rather than a single
best model, we observe trait-dependent specialization.

Scores on C2 are particularly low across all models, with
macro F1 hovering around 0.15-0.26. This mirrors ear-
lier findings that traits requiring access to external materi-
als (such as the essay prompt) are inherently harder to judge
when the input is limited to the essay itself. In contrast, traits
such as C1 and C4, which focus more on grammar, flow, and
internal consistency, benefit less from additional context and
show stronger performance in this scenario.

Overall, the results reinforce the idea that scale is helpful
but not decisive.

Table 5 reports the scores obtained when each model has
access to both the essay prompt and the supporting texts. The
14-billion-parameter Phi4 dominates, achieving the highest
score in every trait-metric combination. The performance
gap is particularly large for Style (C2) and Persuasion (C5),
where Phi4 surpasses the runner-up by 0.27 and 0.20 macro-
F1 points, respectively.

These gains highlight the benefits of scale within the same
decoder-only architecture: Phi4 is a direct up-sizing of Phi3
(from 3.8B to 14B parameters) with roughly an order-of-

magnitude increase in training tokens, yet no major structural
changes. In contrast, the smaller Phi3 collapses on C2 (QWK
—0.03), a pattern consistent with the lost-in-the-middle effect
— where long-context models struggle to retrieve informa-
tion located far from the input boundaries [Liu et al., 2024].
The much larger Phi4 appears far less susceptible to this lim-
itation.

Tucano models remain competitive on grammar-related
traits such as Cohesion (C4), but they consistently underper-
form compared to both Phi4 and Llama3s.

Table 6 presents the differences between the full-context
and essay-only setups for each trait-metric-model triple. Pos-
itive values indicate that including the full prompt and sup-
porting materials yields improvements, while negative val-
ues signal performance degradation.

Among the evaluated models, Phi4 stands out as the model
that benefits most from additional context, particularly for
traits C2 (Style) and C3 (Argument). For example, it gains as
much as +0.39 in QWK on C2 and +0.24 on C3, with consis-
tent boosts in macro and weighted F1 as well. These improve-
ments highlight how larger models with broader context win-
dows can leverage discourse-level features such as stylistic
variation and argumentative development, which are likely
distributed across the supporting texts and essay prompt.

However, the inclusion of context is not universally benefi-
cial. Fluency (C1) consistently deteriorates across all models
and metrics — macro F1, weighted F1, and QWK all reg-
ister negative or neutral deltas. This suggests that exposing
the model to longer or noisier input sequences may harm it.

Cohesion (C4) shows more mixed behavior. While
Llama3 achieves moderate improvements in both macro F1
and QWK, Phi3 and Tucano display modest losses, particu-
larly in weighted F1. This variability may reflect architec-
tural differences in how well models capture long-range de-
pendencies and discourse structure.

Persuasion (CS5), on the other hand, suffers across the
board. All models record losses, with Tucano showing a par-
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C1: Fluency C2: Style C3: Argument | C4: Cohesion | CS: Persuasion
Model M W Q M W Q M W Q M W Q M W Q
Tucano | 43 .56 .57 | .19 .27 24 24 31 24 .37 51 52| .19 24 24
Phi3 19 29 28 .14 22 —-03|.28 35 44 .11 20 .08 | .18 .19 .19
Llama3 | .41 .57 .60 | .20 .25 33 25 28 32| .39 55 5421 20 .18
Phi4 48 .63 .67 | 42 .52 .60 37 38 57| .37 58 55 (.29 32 52
Best 48 .63 .67 | 42 52 .60 37 38 57|37 58 55).29 32 52
Table 5. Test-set performance of small language models on full context prompts. M: macro F1, W: weighted F1, Q: Quadratic Weighted
Kappa.
C1: Fluency C2: Style C3: Argument C4: Cohesion C5: Persuasion
Model | AM AW AQ [ AM AW AQ | AM AW AQ | AM AW AQ | AM AW AQ
Tucano | —.09 —.08 —.09 | .04 .03 02 | -0 —-04 -—-12| 03 —-06 .03 | —-.06 —-.06 -—.34
Phi3 -14 -11 —-17 | —-.07 —-.04 -—-31| .04 .07 22 | —-18 -30 -—-.19| —-.01 -—-.05 -—.06
Llama3 | —.08 —-.10 -.05|—-.06 —-.11 —-03| .00 —.09 —-.05| .15 .02 A5 | —-.05 —.08 —.11
Phi4 —.02 .02 .00 23 27 .39 13 .07 24 .07 .00 07 | =15 —-17 —-.07

Table 6. Difference between full context and essay only prompts of Small Language Models: Positive values indicate a gain from supplying

the full conversational context.

ticularly steep decline in QWK (—0.34) and Phi4 facing a
substantial drop in both macro and weighted F1. These de-
clines are also indicative of the lost-in-the-middle effect.

Overall, these results reveal a nuanced trade-off: supply-
ing additional context enhances performance on traits depen-
dent on global stylistic and argumentative features, but it can
inadvertently impair fluency and high-level persuasive rea-
soning.

4.3 The Impact of Prompt Engineering

We analyze the three grading—guideline configurations (Stu-
dent, Grader and Mixed) within each zero learning model.
Our goal here is not to crown an overall winner but to un-
derstand how the choice of guideline interacts with model
architecture and the presence or absence of additional con-
text (which might be required or irrelevant, depending on
the trait). Table 7 shows results when only the essay text is
provided in the input and Table 8 shows results when essay
prompt and supporting texts are also provided.

For each model, the longer and more detailed Grader
guideline leads to reduced performance for language-centric
traits such as C1 and C2, while performing better for the other
traits, both when providing only the essay or the full con-
text. This is an indication that the models might be suffering
from a lost-in-the-middle effect. We see that for the larger
contexts that contain also the additional material, the overall
differences among guidelines reduce.

We also see that for C2 and C3, performances increase sig-
nificantly when providing the full context in comparison to
only the essay, as expected, as those traits explicitly evalu-
ate elements from the additional material. Notably, there is a
small gain in performance also for C4 and C5. On the other
hand, overall performance for C1 is reduced when additional
and irrelevant content is given in the input, likely due to the
increased context.

In the essay only setting the Student guideline often out-
performs alternatives for discourse-level traits (C3—C5), pre-
sumably because it is more oriented to what the student
should do.

When the rubric refers to additional material (notably traits
C2 and C3), the Mixed guideline produces the highest QWK
value, especially for DeepseekR1 and Sabia3. This suggests
that seeking a balance between level of detail and length
might pay off.

Overall, the results suggest that optimal prompting is trait-
and model-specific. Yet, providing the most appropriate
level of detail (i.e., full context for C2 and C3 and only the
essay for the others) leads to a good balance of accuracy and
cost. It is also interesting to note that Sabia, the only model
trained exclusively on Portuguese, outperforms the others
only for trait C1, which analyzes the presence of misspelling,
grammatr, etc., which are very specific to language. Mono-
lingual training seems less important for other less language
specific traits.

To better analyze the impact of including additional ma-
terial, we show in Table 9 the relative differences between
providing only the essay or the full context for each model
and guideline.

As expected, including the additional material consistently
benefits trait C2 across all models, especially under the
Mixed and Student guidelines, where the gains are always
statistically significant (indicated in bold). Although not al-
ways statistically significant, trait C3 also shows meaning-
ful improvements in every scenario, matching expectations.
With the exception of GPT4o, traits C4 and CS5 exhibit neg-
ligible gains or slight declines (with a slight advantage in fa-
vor of the full context scenario), which is reasonable given
the nature of those traits. Finally, for C1, DeepseekR1, ex-
periences substantial drops in QWK and weighted F1, possi-
bly because of the lost-in-the-middle effect that GPT40 and
Sabia3 appear to mitigate.

These findings reinforce the broader claim that prompt en-
gineering is not merely a pre-processing convenience but a
critical aspect of development in automated essay scoring,
underscoring the importance of carefully aligning the prompt
with both the target trait and the capabilities of the underly-
ing language model. For example, guideline selection can
swing QWK by up to +0.27 (Sabia3, C1, full context) with-
out changing model weights or adding training data. The
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C1: Fluency C2: Style C3: Argument | C4: Cohesion | C5: Persuasion

Model Guideline M W Q M W Q M W Q M W Q| M W Q
Mixed A7 25 44105 05 .03 |.19 .19 39| .21 .25 48| 31 .34 55
DeepseekR1 Student | .11 .17 36 | .13 .26 -02 | .32 34 38| .27 39 .52| .37 43 55
Grader .07 12 21| .01 .01 -01|.27 34 .41 | .33 53 53|35 .39 .62

Mixed 21 45 49 .16 22 28 | 20 27 28| .29 39 51| .32 35 .54

GPT40  Student | .22 43 .51 (.16 .27 20 | .26 .30 .38 | .30 .40 .51 | .28 31 .55
Grader 09 25 29 (.13 .19 .18 | .11 .19 11 | .19 36 45| .21 22 52

Mixed 23 42 53| .11 12 06 | 28 33 34 | .24 43 55| .33 38 .59

Sabia3  Student | .35 .66 .69 | .11 .11 .0/ | 23 32 30| .31 .53 52 |.29 35 51
Grader 09 25 29 .13 19 A8 | .11 .19 11 | 19 36 45| .21 22 .52

Best 35 66 .69 | .16 22 28 | 27 34 38 |.31 53 52|37 43 55

Table 7. Trait-specific performance of zero-shot learning scorers for different prompting strategies providing only the essay. M: macro
F1, W: weighted F1, Q: Quadratic Weighted Kappa. The last row repeats the best performance for each trait and metric. Boldface values
indicate statistically significant superior performance relative to other variants of the same model class (e.g. according to QWK Sabia3 with
Student Guideline prompting is statistically significantly superior to Sabia3 with either Mixed or Grader Guideline prompting.)

C1: Fluency C2: Style C3: Argument | C4: Cohesion | CS: Persuasion

Model Guideline M W Q M W Q| M W Q M W Q M W Q
Mixed 05 06 20| .32 43 53|30 .30 .60 | .29 46 .55 | .35 38 .60

DeepseekR 1 Student .04 06 35| .26 37 42| 44 47 73|22 .37 49| 37 .40 58
Grader .04 08 20| .27 34 51 |.30 41 .52 |37 .60 56| .37 42 .61

Mixed 25 52 55| 31 44 56| .27 33 45|26 47 50| .24 26 .48

GPT40  Student 21 42 48| 34 43 52| .27 30 53|26 37 49| .17 .19 35
Grader 25 54 53| 32 43 47| 27 30 57 (.27 45 50| .14 15 32

Mixed 24 50 50| .33 43 50| .33 37 54 31 49 53| .28 32 .50

Sabia3 Student 35 .60 58 | 28 42 47| 21 24 45| 28 43 39| .27 28 54
Grader A0 .26 31| .16 .24 28 | .20 29 21 |.18 38 38 |.22 24 51

Best 35 60 58| 32 43 53| 44 47 73 | 37 .60 .56 | .35 .38 .60

Table 8. Trait-specific performance of zero-shot learning scorers for different prompting strategies providing the full context. M: macro
F1, W: weighted F1, Q: Quadratic Weighted Kappa. Boldface values indicate statistically significant superior performance relative to other
variants of the same model class (e.g. Sabia3 with Student Guideline prompting is statistically significantly superior to Sabia3 with either
Mixed or Grader Guideline prompting.)

Cl1 C2 C3 C4 C5

Model Guideline | AM AW AQWK | AM AW AQWK | AM AW AQWK | AM AW AQWK | AM AW AQWK
Mixed -0.12 -0.19 -0.24 +0.27 +0.38  +0.50 +0.11  +0.11 +0.21 +0.08 +0.21 +0.07 +0.04 +0.04  +0.05
DeepseekR1 Student -0.07  -0.11 -0.01 +0.13  +0.11 +0.44 +0.12  +0.13 +0.35 -0.05  -0.02 -0.03 +0.00 -0.03 +0.03
Grader -0.03  -0.04 -0.01 +0.26 +0.33  +0.52 +0.03  +0.07 +0.11 +0.04 +0.07 +0.03 +0.02  +0.03 -0.01
Mixed +0.04 +0.07  +0.06 +0.15 +0.22  +0.28 | +0.07 +0.06  +0.17 -0.03  +0.08 -0.01 -0.08  -0.09 -0.06
GPT40  Student -0.01  -0.01 -0.03 +0.18  +0.16  +0.32 +0.01  +0.00  +0.15 -0.04  -0.03 -0.02 -0.11  -0.12 -0.20
Grader +0.16 +0.29  +0.24 +0.19 +0.24  +0.29 +0.16 +0.11 +0.46 +0.08 +0.09  +0.05 -0.07  -0.07 -0.20
Mixed +0.01  +0.08 -0.03 +0.22  +0.31 +0.44 +0.05 +0.04  +0.20 +0.07 +0.06 -0.02 -0.05  -0.06 -0.09
Sabia3 Student | +0.00 -0.06 -0.11 +0.17  +0.31 +0.46 -0.02  -0.08 +0.15 -0.03  -0.10 -0.13 -0.02  -0.07 +0.03
Grader +0.01  +0.01 +0.02 +0.03  +0.05 +0.10 +0.09 +0.10  +0.10 -0.01  +0.02 -0.07 +0.01  +0.02 -0.01

Table 9. Relative change when moving from essay-only to full-context prompting. Boldface values indicate statistically significant supe-
rior performance when comparing the same Model-Guideline pair (e.g. DeepseekR1 C2 has a statistical significant difference for Mixed

Guideline)
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use of additional material can boost QWK by 0.50 points
(DeepseekR1, C2).

4.4 The Impact of Architecture and Learning
Strategy

Finally, we compare the differences across different classi-
fier architectures, learning strategies, and available informa-
tion. The goal here is to compare best-performing strategies,
having feature-based classifiers serve as baselines. The re-
sults appear in Table 10.

The first thing to notice is that, overall, feature-based
methods perform significantly worse than the best perform-
ing scorer based on language models. The performance of
encoder-only, fine-tuned small language models and zero-
shot learners for C1 are comparable, with slight advantage to
either encoder-only or zero-short learners depending on the
metric. The situation is somehow similar for C2, except for
the higher value of QWK of the best small language model
(although the different is not statistically significant). Con-
sidering trait C3, zero shot learners exhibit higher values for
all metrics, possibly due to the emergent reasoning abilities
of the larger language models. For C4 the situation is much
less clear, as even Random Forest classifiers obtain good re-
sults for the weighted F1 (but perform quite worse in regards
to QWK). Feature-based models are particularly poor at trait
C5, where again the situation is less clear among the different
language models.

All in all, one sees that zero shot learners obtain good
performance without the hassle of parameter learning tun-
ing (but with careful prompt-engineering), although at much
higher costs and concerns due to their proprietary nature.
Encode-only models do obtain best or near-best performance
for traits C1, C4 and CS5, with significantly less computa-
tional cost. Their main drawback seems to be the reduced
context window, which prevents important information to
be included in the input and seems to be particularly impor-
tant for traits C2 and C3. That can be mitigated by more
recent BERT-like models with larger context windows, such
as ModernBERT [Warner et al., 2024]. However, at the time
of this writing, no such models existed for Portuguese. Fine-
tuned small language models do appear as a compromise, be-
ing particularly good at trait C2.

The comparison with the oracle-like upper bound metrics
described in Section 3 allow us to assess these results in more
absolute terms. Remember that such values are obtained by
sampling from the two grades that annotate each essay, hence
provide a measure of best performing value for each metric.
We see that the difference between the best obtained results
and the upper bounds is relative small for most of traits and
metrics, suggesting that there is small room left to further
improvement in those cases. The difference is more pro-
nounced for traits C1, C2 and C5, suggesting also that future
work should focus on improving performance for such traits.
In short, Fluency (C1) and Cohesion (C4) are approaching
human inter-rater agreement level, while Style (C2), Argu-
mentation (C3), and Persuasiveness (C5) still have substan-
tial headroom.

The comparison with upper bounds also suggest that rela-
tive performances might in part be credited to the particular
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strategy considered by each model in selecting a label in face
of the ambiguity in training data.

In sum, modern large language models seem to excel at
AES, although the particular architecture, learning strategy
and input needs to be selected specifically for the type of
trait being evaluated.

4.5 CO2 Emission Related to Experiments

As a final aspect of our analysis, we evaluated the environ-
mental impact of our experimental setup. As mentioned in
3.2, we used an RTX A6000 GPU to train the encoder mod-
els and an H200 to train all decoder models. Machines were
rented through vast.ai,’> and we conducted a detailed analy-
sis of our experiments using the codecarbon library [Courty
et al., 2024].

In total, we used approximately 44 hours of computation
on RTX A6000 (TDP 300W) and H200 GPUs (TDP 700W)
to train all encoder- and decoder-based models, respectively.
This setup resulted in a total of 65 experiments.

The total estimated emissions amount to 3.42 kg CO,eq,
with 0% of this footprint directly offset. This corresponds to
roughly 32 kWh of energy consumption.

Surprisingly, fine-tuning even large models in our case had
a low environmental impact: the total CO, emissions are ap-
proximately equivalent to driving a gasoline car for 24 km.*

5 Conclusion

Automatic Essay Scoring in Portuguese is still in its early
days. So far, most of the research has revolved around cre-
ating datasets along with defining the baseline performances.
These baseline performances were usually defined through
feature-based methods or deep neural networks.

In this work, we conducted an in-depth evaluation of
twelve models that differ in architecture (encoder-only, small
language model, zero-shot), fine-tuning strategy (full fine-
tuning, LoRA), and pretraining data (Portuguese vs. multilin-
gual). These models were assessed on their ability to grade
essays written in preparation for the Brazilian national en-
trance exam, which are scored across five distinct traits.

Our results show that an encoder-only model trained in
Portuguese and fine-tuned achieved the best overall per-
formance on the first traits, with macro F1 of 0.55, out-
performing the second and third best models (0.52 and
0.35, respectively), weighted F1 of 0.71 (vs. 0.64 and 0.66),
and the second-highest Quadratic Weighted Kappa (QWK).
For the second trait, a decoder-only model fine-tuned with
LoRA and enhanced with essay prompt and supporting text
achieved the highest QWK score of 0.60. In the third trait, a
zero-shot model stood out with a QWK of 0.73, surpassing
the second-best model by a substantial margin of 0.16. For
the fourth trait, the BERTimbau Large encoder-only model
yielded the best QWK (0.60) along with a high weighted F1
score (0.61). Finally, for the fifth trait, the top-performing
model was again a encoder model pretrained in Portuguese,
achieving a QWK of 0.63.

*https://vast.ai
4Estimated via: https://wuw.openco2.net/en/co2-converter
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C1: Fluency C2: Style C3: Argument | C4: Cohesion | C5: Persuasion
Model M W Q| M W QM W Q| M W QM W Q
Ry 12 20 .00 .11 20 .00 | .09 .17 .00 | .14 39 .00 | .05 .05 .00
Linear Regressor | .41 .53 36 | .13 23 32| .17 27 26 | .30 .57 45| .15 .17 .03
Random Forest 32 56 41 .14 22 22121 29 35|35 .64 48| .11 .15 .12
Best Encoder 55 71 68 | 33 43 32125 36 29| 48 61 .60 | 29 37 .63
Best SLM 52 64 67| 42 52 60| .37 38 57| .37 58 55| .44 49 59
Best ZSL 35 66 .69 | 32 43 53| 44 47 73 | 37 .60 56| .37 43 .60
Best S5 71 69 | 42 52 60 | 44 47 73 | 48 .64 .60 | .44 49 .63
GradeA 72 84 80| 64 73 83| 66 71 B4 | .67 B84 72| .72 77 .85
GradeB 72 83 80| .64 75 B3| .66 .70 84 | .67 8 72 |.72 .75 .85
LessFrequent 75 84 83| .63 78 85| .66 69 B8 |.70 86 77 |.75 T7 .85
MeanGrade gL 82 85| .55 71 89| .62 .65 .88 | .66 .83 .81 .68 .68 .90
MostFrequent 64 81 75|56 71 79 .61 .69 81 | .55 83 64| .62 .75 .84

Table 10. Test-set performance of best LLM for each type, trait and metric against feature-based methods. M: macro F1, W: weighted
F1, Q: Quadratic Weighted Kappa. SLM: Small Language Models. ZSL: Zero-Shot Learners. Boldface indicate advantage is statistically

significant according to 95% Bootstrapping Confidence Intervals.

To conclude, we conducted a straightforward analysis to
estimate the environmental impact of fine-tuning these mod-
els. We found that the total emissions from all training exper-
iments (approximately 3.5 kg CO2eq) are roughly equivalent
to the carbon footprint of a single person driving 25 kilome-
ters by car.
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