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Abstract

Trait-specific automated scoring of essays writ-
ten for the standardized Brazilian National En-
trance Exam (ENEM) has received significant
attention in recent years. The task is both im-
portant in a classroom setting, to provide timely
and personalized learning feedback, and in the
official exam, to make the scoring process more
scalable and consistent. The state-of-the-art
systems approach the task as a purely statis-
tical predictive task, ignoring the knowledge
provided to human graders and test takers in
the form of rubrics and guidelines. Aiming to
produce more interpretable and informative for-
mative feedback in this work, we leverage the
official ENEM Grader’s handbook and develop
two neuro-symbolic approaches to trait-specific
essay scoring. The first approach uses a Large
Language Model (GPT4o) to write an evalua-
tive explanation of the essay score according to
the subcriteria described in the guidelines; the
explanation is then fed into a statistical model
to effectively predict the score; the good perfor-
mance of the scoring validates the quality of the
explanations. The second approach formalizes
the Guideline grading rubrics as logical rules
that derive the essay score as a function of sub-
criteria, mimicking the recommended human
grader’s scoring approach. In order to provide
weak supervision in training and to evaluate the
quality of the model, we build a dataset of 63
essays annotated with their subcriteria by two
expert human graders. Our empirical results
suggest that both approaches perform on par
with purely statistical methods while providing
more helpful and fine-grained feedback.

1 Introduction

Automated Essay Evaluation (AEE) seeks to ease
the burden on teachers and scale up personalized
feedback for students (Page, 1966; Shermis and
Burstein, 2013). Most existing AEE systems are
developed for and evaluated purely by their abil-
ity to produce essay scores that are aligned with

human-assigned scores.
In Brazil, the Exame Nacional do Ensino Médio

(ENEM) is a standardized exam used by the major-
ity of higher education institutions as part of the
admission process. The exam is divided into two
parts: the first evaluates subject-matter knowledge
through a multiple-choice questionnaire, and the
second evaluates critical thinking and writing skills
by means of an argumentative essay. Thus, mastery
of essay writing is crucial for students who desire
to enter higher education. Consequently, being able
to simulate its evaluation is of major importance
in High School. Being a high-stakes standardized
exam implies that the ENEM essay exam has well-
defined grading criteria and important societal and
economic importance.

It is not surprising that the majority of the litera-
ture on AEE for Brazilian Portuguese consists of
training machine learning models on essays sub-
mitted for mock ENEM exams hosted on online
web portals (Amorim and Veloso, 2017; Marinho
et al., 2022a; Silveira et al., 2024). Those works
cast essay scoring as a simple prediction task. More
recently, Barbosa et al. (2025) have investigated the
use of instruction-guided LLM-based approaches
that utilize additional materials such as official
exam rubrics. Still, their end task consisted in
providing a trait-specific score for each essay.

In this work, we leverage the released official
ENEM Grader Guidelines1 to provide more fine-
grained feedback in the form of explanations and
rubric-based scoring. More precisely, the rubrics
are stated in the form of high-level logical rules
over sub-score criteria for each trait. We develop
two neuro-symbolic approaches to score the essays
that make use of the official rubrics.

The first approach builds upon the work by Bar-

1Available at: https://www.gov.
br/inep/pt-br/areas-de-atuacao/
avaliacao-e-exames-educacionais/enem/
outros-documentos.
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bosa et al. (2025) and instructs a generative LLM
model to justify (explain) a given essay score ac-
cording to the subcriteria. Those explanations are
then used to train a BERTimbau-base model in a
supervised fashion to assign a trait-specific score
based on the explanation instead of the essay text.
We show that the resulting model performs compa-
rably to models learned directly from essay texts,
providing evidence that LLM’s explanations are
indeed accurate.

The second approach formalizes the official
rubrics as logical inferences of a knowledge base
whose propositions’ truth-values are inferred by
statistical models. The models are trained through
gradient-based learning using the Semantic Loss
(Xu et al., 2018), which evaluates the quality of
probabilistic classifications under logical consis-
tency constraints. In principle, that loss allows us
to train the entire models end-to-end without any
annotation of the subcriteria. To escape poor local
optima and initialization issues, we develop a small
dataset of subcriteria-labeled essays. The dataset
contains 63 essays, submitted to mock ENEM ex-
ams, which were evaluated by two professional
annotators with respect to a total of 71 subcriteria.

Our experiments show that either approach is
capable of scoring the essays with a quality simi-
lar to that of the state-of-the-art predictive models,
while providing more helpful feedback — either a
text-based explanation in terms of subcriteria, or
predictions for the subcriteria values.

To summarize, our contributions are: we present
two novel neuro-symbolic approaches for AEE
that provide sub-score feedback, which is arguably
more helpful for student learning; we make avail-
able a dataset of essays annotated with their subcri-
teria by expert human graders.2

The rest of the work is organized as follows: re-
lated work (Section 2), description of the subcrite-
ria annotated essay dataset (Section 3), the develop-
ment of our neurosymbolic approaches (Section 4),
presentation and discussion of empirical analyzes
(Section 5), additional investigation on the second
approach (Section 6), and conclusion (Section 7).

2 Related Work

There are many AEE datasets for Portuguese, each
with different peculiarities and applications. For
European Portuguese, Ribeiro et al. (2024a) cre-

2Available at: https://huggingface.co/collections/
igorcs/enem-subcriteria-dataset

ated a dataset to identify text readability — that
is, how proficient the reader must be to understand
the essay — according to the Common European
Framework of Reference for Languages. In Brazil-
ian Portuguese, there are generally three different
groups that can be used for essay scoring: narrative
essays, diplomate essays, and ENEM essays.

The narrative dataset (Mello et al., 2024; Oliveira
et al., 2025) is composed of essays written by mid-
dle school students in Brazil. The essays were
written for two different prompts and evaluated by
two professionals according to four distinct traits —
only the average of the graders is presented in the
data. Differing from the previous dataset, Diploma-
trix (Cavalcanti et al., 2025) is composed of essays
written for the diplomatic entrance exam, a gradu-
ate level exam. They were scored by professionals
in a holistic fashion — that is, not divided by traits.

Finally, datasets of (mock) ENEM essays started
with the work of Amorim and Veloso (2017). The
authors scraped essays along with their trait-based
scores from websites that simulate the exam. No-
tably, the scores at that time were not on the same
scale as the original exam. Afterward, the Essay-
br dataset (Marinho et al., 2021, 2022a) followed
the same strategy and scraped two websites that
simulate the exam. The essays were grouped to-
gether, and in cases where the scores were not on
the proper scale, they were adjusted according to a
heuristic. Next, AES-ENEM (Silveira et al., 2024)
scraped the same websites as Essay-br but showed
that the websites had different score distributions
and thus divided them into Source A and Source
B. Source A was then scored by two independent
professionals, and it was shown that they had bet-
ter agreement between themselves than with the
scores available on the website. In this work, we
hired experts to annotate essays from Source B not
only with the scores but also according to each
subcriteria evaluated in each trait.

Along with the datasets, several models have
already been employed for scoring. These mod-
els can be divided into interpretable feature-based
models, black-box Transformer-based models, and
hybrid models.

The first group has been widely explored in the
context of Brazilian Portuguese. Bazelato and
Amorim (2013) developed a model based on the
probability of a word occurring in a given score.
Amorim and Veloso (2017) used common, more
complex features employed in English systems.
Marinho et al. (2022b) defined a different group
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of features that are expected to be useful for each
ENEM trait. In the narrative essay competition
(Mello et al., 2024), one of the baselines was a
model based on the TF-IDF representation of the
essays. Finally, Silveira et al. (2025a) leveraged the
NILC-Metrix (Leal et al., 2024) to calculate sev-
eral features in different levels of discourse. The
key strength of these models is that it is possible to
explain which elements influence the scoring: the
presence of certain words, the value of a feature
being too low, to name a few possible explanations.

Transformer-based models, on the other hand,
usually have better performance than previous
models. However, their improvement comes at
the cost of losing explainability. For the narra-
tive shared task (Mello et al., 2024), models com-
peted to achieve the best performance in each trait.
Each trait was evaluated according to two metrics.
The winner in at least one metric was always a
Transformer-based model: a baseline BERTimbau
model (Souza et al., 2020), a model that predicted
all the traits together (de Sousa et al., 2024), and
one that decided which (Transformer-based) model
to use depending on the trait (Ribeiro et al., 2024b).
For the ENEM, Barbosa et al. (2025) compared
feature-based models against Transformer-based
models, and the latter had better performance.

Lastly, hybrid models attempt to combine the
explainability of one type of model with the high
performance of another. Liu et al. (2019) employed
a two-stage approach to scoring: a BERT model
learns to predict the essay score, and this score is
used along with other features as input to a tra-
ditional, interpretable method. This strategy was
also used by Silveira et al. (2025b) applied to nar-
rative essays dataset. Barbosa et al. (2025) used
the ENEM Graders Guideline as input for conver-
sational models, such as ChatGPT, Maritaca and
DeepSeek, requesting the models to relate the essay
to the characteristics described in the guideline and
then, based on these relationships, score the essay.
Through this, there is a weak relationship between
the score and the reasons for that output. We vali-
date their approach by comparing the performance
of a system that uses the essay as input against one
that uses the identified relationships. Moreover,
our approach based on logical restrictions has a
strong relationship between the assigned grade and
its rationale.

Little has been studied regarding automated feed-
back for essays in Portuguese. As far as we know,
no work has been done on applications other than

AES-ENEM SUB

C1 .57 .41
C2 .54 .30
C3 .59 .29
C4 .45 .18
C5 .64 .60

# essays 380 63

Table 1: QWK comparison between graders in AES-
ENEM and in our subcriteria dataset (at trait level).

the ENEM. Anchiêta et al. (2025) investigated
querying conversational models to generate feed-
back that suggests what to change in the essay in
order to improve the score in each trait. Our feed-
back differs from theirs, as ours is an explanation
for the grade rather than a suggestion on how to
write better.

3 Subcriteria AES Dataset

One prominent characteristic of the writing part of
the ENEM is that it has two sets of guidelines: one
set consists of a document for the student, stating
what is expected in the essay, broadly presenting
each of the five traits and the meaning of each score
in each trait. This document is about fifty pages
long. The second set of guidelines available is the
Graders Guideline. Here, each trait is explained in
a different document — the smallest is 42 pages
long, and the largest is 78 pages long. In these
documents, each trait is decomposed into many
disjoint characteristics — or subcriteria — and each
score is defined in terms of which subcriteria must
be satisfied to be assigned that grade.

In most cases, the subcriteria can be organized
into dimensions. For instance, for trait C1, there
are 9 subcriteria: (non-existing syntax, deficitary
syntax, many mistakes, regular syntax, some mis-
takes, good syntax, few mistakes, excellent syntax,
and maximum 2 mistakes). These subcriteria can
be organized into two dimensions: syntax (5 subcri-
teria) and mistakes (4 subcriteria), where one and
only one of the subcriteria must be true within each
dimension. The final score for C1 is a logical con-
sequence of which subcriteria are true. The same
principles can be applied to all the other traits. Im-
portantly, given a set of true subcriteria, only one
score is deduced; however, one score can be as-
signed due to different assignments of subcriteria.
As an example, consider the case for this same trait,
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Figure 1: Per-trait score distributions for both graders.

where, for the sake of simplicity, each subcriterion
in each dimension corresponds to one score, and
the final score is the minimum score of each di-
mension. Then, it is easy to see that the same final
score can be reached by different assignments of
subcriteria, but given an assignment, only one final
score is possible.

We extracted the subcriteria from all traits and
hired two professionals who are experienced with
official ENEM grading. We asked them to iden-
tify which subcriteria are true according to each
dimension. In the process, they could see which
score would be assigned by that classification. In
total, they had to classify each essay according to
the following dimensions (between brackets, the
number of subcriteria within that dimension):

C1: syntax (5) and mistakes (4);

C2: theme (3), typology (5), conclusion (2), reper-
toire (4), pertinence (2), and usage (2);

C3: direction (2), project (4), development (4), and
contradiction (2);

C4: cohesiveness (6), repetitions (5), inadequacies
(5), and monoblock (2);

C5: human rights (2), adherence (4), elements (6),
and conditional (2);

Compared to the traditional scoring task, this
fine-grained annotation is even more laborious and
time-consuming. As a consequence, only a few
essays were annotated by each grader — the same
essay was graded independently by both. We ran-
domly selected 9 essays from 7 different prompts

from Source B of AES-ENEM, which are also po-
tentially present in Essay-br, summing up to 63 es-
says. By doing this, we can safely use this dataset
without data leakage when evaluating models in
Source A.

Our dataset allows for comparing agreement at
the dimension and trait levels. In Table 1, we
compare the trait level agreement in our dataset
with AES-ENEM. The agreement was calculated
using the standard Quadratic Weighted Kappa
(QWK), which is widely used for scoring agree-
ment (Doewes et al., 2023).

Although the agreement is always lower in our
dataset, it might be due to several reasons: (i) the
number of instances, as AES-ENEM is about six
times larger; (ii) as the granularity of a task in-
creases, the agreement tends to decrease (Ji et al.,
2025); (iii) the graders might not actually use these
subcriteria when grading an essay, thus yielding
lower performance; (iv) the essays from Source B
tend to have less grade diversity, hindering QWK.

In Figure 1, we present the grade distribution
for each grader. We can see that for grades 0 and
40, their distributions are similar. For C1, they are
very similar, while for C2, there is a significant
difference between them. Overall, Grader A seems
to be more lenient, assigning higher grades, while
Grader B has grades that are more distributed over
the grading scale. From this figure, we infer that,
except for C2, the low QWK is not due to differ-
ent distributions, but rather that having only one
essay difference in each score impacts significantly,
as one essay is very significant in a dataset of 63
essays. This impacts the expected and observed
agreement used to calculate QWK, so we conclude
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Grade Sub
Train Test D U Z Train Test

C1 .51 .29 2 0 0 .45 .38
C2 .27 .31 6 1 3 .24 .28
C3 .27 .29 4 2 0 .28 .58
C4 .16 .21 4 1 0 .08 .12
C5 .57 .64 4 1 2 .73 .63

#essays 36 27 – – – 36 27

Table 2: On the left, QWK comparison between graders
in the trait level. On the right, D denotes the number of
dimensions, U the number of undefined dimensions, Z
the number of dimensions with random agreement, and
then and average between all the remaining dimensions
in each split.

that the metric would be higher with more data.
Finally, we split our dataset according to a dif-

ferent pattern than AES-ENEM and Essay-br. The
latter randomly split the data into training, valida-
tion, and test sets. The former divided the three sets
according to prompts, such that essays written for
the same prompt are in the same set. In this work,
we follow the same strategy of having no overlap
between prompts in different sets. Our approach
differs in that, instead of having one of the three
sets, we have only two — train and test — and that
there is a set for each trait instead of a global set. In
other words, an essay might be in the training set
for one trait but in the test set for another trait. We
chose this approach because we have few essays,
and by doing this, we can try to keep the agreement
balanced between the two sets. The agreement be-
tween graders in each set is presented in the left
part of Table 2.

One additional piece of information we calculate
is the average agreement at the subcriteria level,
which is presented in the right part of Table 2. Here,
we face two problems due to the lack of diversity in
our data: if all instances have the same label, then
QWK is undefined — the number of dimensions
with undefined QWK is presented in the U column.
Sometimes, the correlation was zero due to the
high prevalence of a class and one instance of a
different class assigned by one of the graders —
the number of such dimensions is presented in the
Z column. The D column presents the total number
of dimensions. Finally, the QWK agreement shown
in the Train and Test columns is the average of the
dimensions that are not in U and Z.

From the previous table, we highlight three

points. First, four traits had at least one dimension
where all instances were judged by both graders as
having the same label, thus making it impossible to
be learned. Second, in C2 and C5, the graders had
zero agreement in half of the dimensions. Finally,
only C1, the simplest of them, did not have any
of the previous problems, and the average of the
subcriteria agreements can be higher or lower than
the agreement at the trait level.

4 Methodology

In this work, we are interested in leveraging the
subcriteria that define the grading guidelines for
the ENEM. By leveraging them, we can provide
both the score and the explanation for the score.
Thus, we pose the research question: how well do
these models perform compared to the state-of-the-
art scoring models?

To answer this question, we first devise two mod-
els. The first builds upon the work of Barbosa et al.
(2025). We use a decoder model to relate the essay
(and prompt, when necessary) to the subcriteria
and then use its output — in natural language —
as input to an encoder model that learns to predict
the score. We use BERTimbau-base (Souza et al.,
2020) as the encoder model, as it has been shown
to be a good compromise between size and perfor-
mance, and GPT4o as the decoder, for it has shown
good performance overall compared to Sabiá 3 and
DeepSeek R1.

The output of the decoder can be seen as the
explanation that the model would provide for its
scoring. As the model is not deterministic, it was
queried several times, which raises the question
of how many explanations to use. We tried three
strategies: Single Explanation, where we use only
the first explanation given by the model; Multi-
ple Explanations, where the model receives all the
explanations, one at a time, and the final answer
is decided through majority voting; Concatenated
Explanations, where all the explanations are con-
catenated and passed as input to the model — not
requiring the majority voting stage to decide the
final answer.

The second model — which we will call NeSy
— uses the subcriteria in its architecture. Instead
of using only one BERT model, we use one for
each dimension (which we call subnetworks) and
treat the problem as probabilistic learning over
boolean formulae. Many tools can be used for
this, such as DeeProbLog (Manhaeve et al., 2018,
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model C1 C2 C3 C4 C5

BERTimbau-base (Barbosa et al., 2025) .60 .36 .35 .55 .63
BERTimbau-large (Barbosa et al., 2025) .68 .32 .24 .60 .46

GPT4o-Grader-full-context (Barbosa et al., 2025) .53 .47 .57 .50 .32
GPT4o-Grader-essay-only (Barbosa et al., 2025) .29 .18 .11 .45 .52

Single Explanation .59 .29 .50 .36 .44
Multiple Explanations .56 .33 .54 .40 .46

Concatenated Explanations .64 .39 .51 .44 .47

Dist. Learning NeSy using Single Explanation .66 .26 .46 .47 .47
Dist. Learning NeSy using Multiple Explanations .60 .31 .49 .37 .42

Dist. Learning NeSy using Concatenating Explanations .58 .32 .50 .23 .38

Dist. Learning NeSy using essay .62 .24 .29 .56 .52

Pretrained (grader A) + Dist. Learning NeSy using essay .68 .35 .29 .49 .61
Pretrained (grader B) + Dist. Learning NeSy using essay .66 .41 .35 .51 .52

Table 3: Comparison of performances (QWK) of different models. In bold, the best performance in each competence.

2021), NeurASP (Yang et al., 2020), DPASP (Geh
et al., 2023, 2024), and Scallop (Huang et al., 2021;
Li et al., 2023). We employ the latter, as it allows
for easy use of the GPU.3 Here, we can use any
input in natural language — we experiment with
two different inputs: the explanation given by the
Decoder model, as explained previously, and the
essays. In these two cases, the model is learning in
a distant learning fashion.

This second model allows us to use our subcrite-
ria dataset to pretrain and test the subnetworks. In
this case, we train the models for each dimension
in the subcriteria dataset. As we have two graders,
we can pretrain the subnetworks to simulate either
of them. Then, we use AES-ENEM to further train
in a distant supervision fashion. When performing
finetuning in AES-ENEM, we kept the same learn-
ing rate (10−5), minibatch size (1), and patience
(20) for all traits. This decision was made to sim-
plify the experiments, as it worked for all of them.
The finetuning process stops when the QWK on
the validation set is below the historical best for
20 consecutive epochs. Then, the best performing
model is selected.

In order to fit the BERT models onto the GPU,
we have to make some simplifications to the prob-
lem, as our equipment can only support up to four
BERTs. These simplifications were made based on
whether we had data to test that dimension. The
final configuration was: C1 remained as it was;

3The codes are available at: https://github.com/
SilveiraIgor/NeuroSymbolic.

C2 had theme removed, and pertinence and usage
became one dimension with 3 subcriteria; C3 had
direction and contradiction removed; C4 remained
the same; C5 kept only elements.

5 Results

Our first experiment is training the BERT models
using the explanation output from GPT4o. The re-
sults are compared against two baseline models —
BERTimbau-base and GPT4o-Grader-full-context
— whose performance was reported by Barbosa
et al. (2025). We tested the three possible usages
of the explanation: Single, Multiple and Concate-
nated. The results are shown in Table 3. In the first
section, we report the baseline performances, and
in the second section, we present the performance
of this experiment.

First, comparing the different usages of the ex-
planations, the results tend to be close: the largest
difference is in C2, where the amplitude is 0.1
QWK. Then, in four out of five cases, the best
performance came from concatenating all the ex-
planations — in the case where it lost, it was only
by a small margin. This is reasonable, as it has
access to more information than using a single one,
and it can learn to combine the differing explana-
tions, which is not done by Multiple Explanations.

Then, comparing Concatenated against the
BERTimbau-base, we see that for the first three
traits, our approach had better results, and for the
last two, using the essay achieved better outcomes.
If we take into consideration the confidence in-
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terval reported by the authors4, our results are ei-
ther inside the interval or sufficiently close that a
bootstrap would yield overlapping intervals. This
suggests that explaining the score according to the
guidelines results in a text that is as informative as
the original essays. This is of particular importance
for C2 and C3, where models should be able to
relate the essay to additional material that does not
fit into the context of traditional Encoder models.

It is also possible to compare the confidence in-
tervals of GPT4o-full-context and we would reach
the same conclusion. This raises the question: is
this process of using the explanations as good as
using only GPT4o? To answer this question, we
check that only in trait five BERTimbau-base and
GPT4o do not have overlapping intervals: the lower
bound of BERTimbau is 0.51, while the upper
bound of GPT4o is 0.43, our approach of concate-
nating the explanations is in the middle of the two.
This suggests that this approach is doing something
different from the two models independently.

Following, in the third section of Table 3, we
investigate whether we can combine NeSy with the
explanations — in this case, we do not pretrain
the subnetworks. Here we see a slightly different
pattern from the second section: when using NeSy
as architecture, relying only on the first justifica-
tion is the best approach in three out of five cases.
Thus, we are using this method as representative of
the third section. Comparing NeSy using First Ex-
planation with Concatenated Justification, we see
that the logical program has inferior performance
in two traits (C2 and C3). If we take into account
that the NeSy represents many BERT models to-
gether, we also need to consider the influence of
having more parameters in the model. One way
to do this is to compare the reported performances
of BERTimbau-base and BERTimbau-large. We
see that it increased in C1 and C4, and decreased
in the others. Comparing the second and third
sections row-wise, we see that all strategies lost
performance in C2 and C3, but from the three that
should increase, one always decreases — overall, it
follows the pattern. From this analysis, we validate
that the approach based on NeSy is competitive
with the traditional one-network approach. Further-
more, we highlight that NeSy seems to be influ-
enced by the number of parameters in a manner
similar to increasing the model size.

4Available at: https://huggingface.co/datasets/
kamel-usp/jbcs2025_experiments_report

Next, we turn to NeSy using the essays. The
result is presented in the fourth section of Table 3.
Comparing it with the baseline BERTimbau-base
and BERTimbau-large, we can see that the NeSy
approach is also competitive when using the essays.
This shows that this approach was not dependent
on the structured output of GPT4o.

In the last section of the same table, each net-
work is first pretrained in our dataset to identify
each dimension — according to each one of the
graders. Then, they are finetuned in a distant su-
pervision fashion — using the AES-ENEM dataset.
In these cases, the performance remained the same
or increased in four traits (C1, C2, C3 and C5),
when compared against the case without pretrain-
ing. This presents evidence that the subnetworks
may be doing what they are supposed to do, as the
pretraining provided a better initialization of the
weights. As with the first approach, the increases
and decreases in performance are not enough to
make the methods statistically different.

6 Investigating NeSy’s Learning

In this section, we investigate some aspects that
were not covered previously: could we achieve bet-
ter results if we had invested in more training time?
Are the subnetworks of NeSy with pretraining and
distant learning learning what they are supposed
to?

In order to answer these questions, we devised
two additional experiments: the first involves com-
paring the average agreement of the subnetworks
with the annotators, and the second consists of run-
ning it for a longer time — in other words, in-
creasing the patience from 20 to 100. For these
experiments, we are using C1, as it is the compe-
tence that does not require any adaptation for its
usage. The performances evaluated in QWK are
presented in Figure 2.

We notice two interesting points from the pre-
vious image. First, although there is a spike in
performance on the validation set, the respective
performance on the test set does not reflect the
same spike — moreover, there are many similar
performances on the test set that come from rela-
tively smaller performances on the validation set.
Nonetheless, after 20 epochs, the performances on
the test set rest between .65 and .70. The second
point is related to this performance range: the net-
work still did not overfit — the training loss was
at .009 in the last epoch —, so additional training
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Figure 2: QWK performances in validation and test for
C1.

Epoch validation test syntax mistake

0 – .58 .40 .39
25 .48 .68 .39 .47

125 .42 .68 .39 .46

Table 4: Model performance at different epochs. Except
for Epoch, all columns are reporting QWK. Syntax and
Mistake are the average w.r.t the two graders.

might lead to better results. With this, we can see
that we might not have reached the limit of this ap-
proach. Additionally, the fact that we used the same
hyper-parameters for all traits might suggest that
specialized training routines might significantly in-
crease performance.

Then, we test whether the subnetworks are learn-
ing what they are supposed to learn. In order to
do so, we first pretrain them on our dataset and
then test their performance on AES-ENEM and
their agreement with the annotators at the subcri-
teria level on our subcriteria dataset. After that,
we train them through distant learning using only
AES-ENEM. The results are presented in Table 4.

The first row of the table indicates the zero-shot
performance in the AES-ENEM dataset — in other
words, the subnets were only trained on the subcri-
teria dataset. Here we already have an interesting
result, as it shows that they were capable of prop-
erly transferring the knowledge to AES-ENEM
(.58 QWK) and that it reached the agreement of
the graders (.395 here against .38 in Table 2). In
the following rows, the subnets were trained in a
distant supervision fashion using the AES-ENEM
dataset. The second row presents the model se-
lected by validation, the last row shows the model
when the last epoch (patience 0) is reached. Natu-
rally, the test performance increased compared to

the first row. Nonetheless, the syntax performance
decreased slightly, while the mistake performance
increased. Summing up these facts, the quality of
the network’s scoring and its justification increased.
This shows the potential of this approach.

7 Conclusion

In this work, we presented two major contributions.
The first consists of two novel neuro-symbolic
approaches designed to leverage the subcriteria
present in the Graders Guideline of the Brazilian
National Entrance Exam (ENEM). The second is
a small dataset of essays annotated according to
these subcriteria.

Our first neuro-symbolic approach uses the large
context window of GPT4o in order to relate es-
says to the subcriteria. Then, we treat this output
as an explanation and use it as input instead of
the essays — this can be seen as compacting the
relevant information. We showed that this novel
strategy is competitive with the current state-of-the-
art. Although we used GPT4o for our experiment
to generate the explanation for the grade and then
used BERT to grade the essay, the same process
could be done using any Decoder for the first stage
and any fine-tunable model for the second. The
strong point of this first approach is validating the
explanation.

In order to test whether the subcriteria can be
properly used for grading, we constructed a dataset
in which essays were annotated independently by
two experienced graders according to the subcri-
teria. This task is much more laborious than the
original, as each essay has to be evaluated across 20
dimensions. As a consequence, we were only able
to annotate 63 essays. Then, we used our dataset
to pretrain the networks of the second approach
and showed that it could lead to better results. Our
dataset suffers from the same setback as all other
AES datasets: the data available is not representa-
tive enough to learn all patterns — especially for
low scoring essays. We propose further investiga-
tion on how to mitigate this by employing a strategy
similar to Rocha et al. (2023) combined with the
subcriteria. In this scenario, it is possible to ask
conversational models to alter an essay in order to
have a defined characteristic that will be used only
by one network.

Our second neuro-symbolic approach combines
the subcriteria through boolean formulae in order
to produce a score. We showed that this approach
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is also competitive with previous methods when
using the essay or the explanations. With this for-
mulation, it is possible to take one step further:
instead of just scoring, it is also possible to provide
a reason for the score. Finally, we demonstrated,
using trait C1, that the subcriteria can be learned
from our small dataset and subsequently used on
another dataset with a good level of performance.
Additionally, further (distant) training on the sec-
ond dataset increased performance in the second
dataset and also increased agreement with anno-
tators on the first dataset. This further highlights
the potential of this approach. In this work, we did
not explore the full potential of this approach, as it
allows for changing the subnetworks, using differ-
ent models for different dimensions, and varying
the learning rate for each network, to name a few.
Here, our intent was to demonstrate its feasibility
and advantages: competitive in performance, more
explainable, and it can be improved through distant
learning.

Limitations

As stated previously, the limitations of our work
can be divided into three parts. First, our dataset
is not representative enough to cover all grading
patterns. Second, we employed only GPT4o as the
decoder model — further research could employ
other proprietary or free models. Finally, our NeSy
model was not fully optimized, as our goal was not
to surpass the state-of-the-art but rather show that
it is competitive with it.
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