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Abstract

This paper introduces the first publicly available dataset for Automatic Essay Scoring (AES) and feedback
generation in Basque, targeting the CEFR C1 proficiency level. The dataset comprises 3,200 essays from HABE,
each annotated by expert evaluators with criterion specific scores covering correctness, richness, coherence,
cohesion, and task alignment enriched with detailed feedback and error examples. We fine-tune open-source
models, including RoBERTa-EusCraw! and Latxa 8B/70B, for scoring. We focused on correctness criteria for
the explanation generation, adapting Latxa to correctly predict both, scores and explanations. Our experiments
show that encoder models remain highly reliable for AES, while supervised fine-tuning (SFT) of Latxa significantly
enhances performance, surpassing state-of-the-art (SoTA) closed-source systems such as GPT-5 and Claude
Sonnet 4.5 in scoring consistency and feedback quality. We also propose a novel evaluation methodology for
assessing feedback generation, combining automatic consistency metrics with expert-based validation of extracted
learner errors. Results demonstrate that the fine-tuned Latxa model produces criterion-aligned, pedagogically
meaningful feedback and identifies a wider range of error types than proprietary models. This resource and
benchmark establish a foundation for transparent, reproducible, and educationally grounded NLP research in
low-resource languages such as Basque. The dataset, models, and manual evaluation annotations are available at
https://huggingface.co/collections/EkhiAzur/habe-hitz-c1.

Keywords: Computer-Assisted Language Learning (CALL); Less-Resourced/Endangered Languages; Training,

Fine-tuning, Adaptation, Alignment, and Representation Learning

1. Introduction

The assessment of advanced second-language
writing remains a complex and resource-intensive
task, particularly at CEFR Level C1, where profi-
ciency is characterized by near-native use of lan-
guage, flexibility in style and register, and coher-
ence across extended discourse. While traditional
human-based evaluation offers rich pedagogical in-
sights, it is inherently time-consuming, costly, and
susceptible to inter-rater variability, thus limiting
its scalability in large-scale or continuous learning
contexts (Arriola et al., 2023). Automatic Essay
Scoring (AES) offers a promising alternative by
enabling consistent and scalable evaluation (Ke
and Ng, 2019). Recent advances in natural lan-
guage processing (NLP) and large language mod-
els (LLM) have substantially improved the reliability
of AES systems. However, scoring alone provides
limited pedagogical benefit if learners are not in-
formed of the specific linguistic aspects underlying
their performance. Most existing AES approaches
perform a holistic scoring, summarizing the quality
of an essay with a single score (Wang et al., 2023).

To mitigate this limitation, recent work has shifted
towards automated feedback generation, aim-
ing to complement the scoring with formative, in-
terpretable, and pedagogically actionable insights
that facilitate learner improvement. Generating
feedback on the essay level remains relatively un-

explored beyond the grammatical errors at the sen-
tence level (Nagata, 2019; Song et al., 2023).

Despite recent progress, most existing feedback
generation methods remain dependent on closed-
source proprietary models, which limit adaptability
to task-specific assessment criteria and require
extensive prompt engineering (Stahl et al., 2024).
The opacity of these systems hinders transparency,
interpretability, and reproducibility. These limita-
tions highlight the need for open frameworks that
can produce accurate and pedagogically grounded
feedback that aligns with established language pro-
ficiency scales and educational objectives.

To overcome this limitation, we investigate strate-
gies for fine-tuning Latxa (Etxaniz et al., 2024;
Sainz et al., 2025), the Basque open-source gener-
ative LLM, for both AES and automated feedback
generation in Basque. To this end, we have com-
piled a dataset of 3,200 Basque essays annotated
with CEFR Level C1 scores, along with manually
curated comments and explanations for incorrectly
written sentences '. The dataset provides detailed
evaluations for each scoring criterion, including cor-
rectness, richness, coherence, cohesion, and task
alignment, together with comments in natural lan-
guage, and an aggregate overall essay score. This
rich annotation enables the development of models

'Dataset and models are available in HugginFace:
https://huggingface.co/collections/EkhiAzur/
habe-hitz-c1
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Gaia: Txertoa jartzea. Student Essay

Bilbon, 2019ko, maiatzaren 4n

Guraso agurgarriak:

Pepita Flores naiz, Andra Mari ikastetxeko irakasle bat.
Gutun honen bitartez, haien haurrei txertarik ez jartzea
erabaki duten gurasoekin jartzen naiz ...

N

Task: Has fulfilled the task very well. (B) A

Feedback

Coherence: The text is clear and easy to read. The organization, development

and progression of ideas are good. (B) “~Criterion feedback

Cohesion: The sentence structure is correct, but sometimes a lack of text
organizers is noticeable, and some commas are not placed correctly. (C)
"gaixotasun, kutsatzeko" (incorrect comma)

—————— Error-examples
"dut, zuen" (incorrect comma)

Richness: Has used level-appropriate resources and has had no problem
specifying what they wanted to say well. (B) == Criterion score

Correctness: Has shown good grammatical knowledge, and has made only a
few minor errors. (B)

"haien haurrei” (reinforced genitive)

"gaur egungo biztanleria mugikortasuna” (missing connection)

Grade: 21.5% " Overall score

Figure 1: Excerpt from the Basque C1 dataset.
Each essay includes multiple annotations, where
each criterion (task alignment, coherence, lexical
richness, and correctness) is aligned with natural-
language feedback (criterion feedback), a score
from A to D (criterion score), and learner error
(error-example). Finally, an overall score of the
essay is provided.

capable of producing both reliable scores and inter-
pretable, criterion-specific feedback. Figure 1 illus-
trates an excerpt from the dataset, showing an es-
say as input, its corresponding criterion-wise feed-
back in natural language, associated scores, and
the erroneous sentences produced by the learner.
We argue that explicitly identifying learner errors
alongside specific feedback offers substantial ped-
agogical value, fostering deeper awareness and
more targeted language development. Although
every criterion was fully annotated, in this paper we
focused on correctness in feedback generation as
first step, leaving the other criteria for future work.

Evaluation of feedback generation is non-trivial
as it requires being assessed against well-defined
rubrics. To address this, we designed a methodol-
ogy for evaluating the explanations generated by
the models. In our experiments, the quality of the
feedback generation (i.e., the criterion feedback
shown in Figure 1) was assessed automatically,
while the models’ ability to identify learner errors
(i.e., error examples in the figure) was evaluated by
expert annotators. As a result of our experiments
on AES and automated feedback generation, we
find that:

1) Encoder-based classifiers remain competi-
tive for AES. Our results show that a RoBERTa-
EusCrawl-based (Artetxe et al., 2022) classifier
outperforms the Latxa-8B model by a substantial
margin across all evaluation criteria. To adapt
Latxa to the task, we employed a 3-shot in-context
learning setup. Despite the flexibility of large gen-
erative models, fine-tuned encoder architectures
demonstrate great reliability and consistency in
Automatic Essay Scoring.

2) Supervised fine-tuning (SFT) on Latxa im-
proves correctness scoring. We compare the
performance of a supervised fine-tuned Latxa
model with RoBERTa and state-of-the-art (SoTA)
systems, including GPT-5 and Sonnet 4.5. The
SFT Latxa model achieves superior results in cor-
rectness scoring, demonstrating that training on
the Basque C1 dataset effectively enhances model
performance and domain adaptation.

3) Feedback and error-example generation en-
hance correctness scoring. We explore differ-
ent strategies for generating scores, feedback, and
error examples, and find that conditioning feedback
and error generation on the predicted scores leads
to improved performance in correctness scoring.

4) SFT Latxa demonstrates strong alignment
between feedback and scores. The SFT Latxa
model exhibits higher alignment (consistency)
when providing correctness feedback compared
to other models. In contrast, GPT-5 and Sonnet
4.5 show poor alignment between their feedback
and the corresponding correctness scores, high-
lighting the advantage of SFT for reliable, criterion-
consistent feedback.

5) Training on the dataset improves coverage
of error-example types. GPT-5 achieves simi-
lar overall scores on error identification. However,
it primarily identifies spelling and lexical errors.
In contrast, the SFT Latxa model detects errors
across a broader range of categories. We con-
clude that the Basque C1 dataset enhances the
model’'s capability to extract diverse and pedagogi-
cally relevant error examples.

2. Related work

Automatic Essay Scoring Automatic Essay
Scoring (AES) is the task that aims to automati-
cally assess a score in an essay. The score range
is predefined for each dataset. Although several
works have been done in AES, it is still a challeng-
ing task with limited availability of datasets. Most
studies focus on English language and little work
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Figure 2: Basic statistics of the Basque C1 dataset.

has been done for other languages, mainly due to
the lack of datasets for non-English languages.

Automated Student Assessment Prize (ASAP)
(Hamner et al., 2012) and TOEFL11 (Blanchard
et al., 2013) are standard evaluation datasets in
AES. They contain L2 English essays. ASAP con-
tains eight essay sets written by students aged
12-16 years old, each set has its own score scale,
and the essays were manually evaluated by two
raters. TOEFL11 was created by collecting 12,000
english writings using 8 different prompts and were
manually evaluated on a three-point scale.

Various strategies have been proposed to pre-
dict essay scores. Early approaches relied on lin-
guistic features (Yannakoudakis et al., 2011), later
replaced by neural systems (Dong et al., 2017).
During the recent years, transformers based mod-
els currently achieve SoTA performance, obtaining
high accuracy (Yang et al., 2020).

Recently, research has been conducted investi-
gating the effectiveness of generative LLMs in AES.
Mizumoto and Eguchi (2023) prompted GPT-3 to
predict an overall score and scores for each pre-
defined linguistic feature using TOEFL11 dataset,
showing promising results. Lee et al. (2024) im-
proved this technique by adding multi-turn prompts
to extract scores for different linguistic features and
lately adding them to get the final score. Although
these studies achieve promising results, they rely
on closed-source models and complex prompting
strategies to obtain good results.

Despite the recent success of generative LLMs,
encoder based models remain very capable for
AES, achieving comparable or even superior re-
sults to very large LLMs (Xiao et al., 2025; Li and
Ng, 2024).

Automatic Review Generation Recently, due
to the strong performance of LLMs in NLP tasks,
researchers have focused on using these mod-
els to generate reviews of different texts. Zhou
et al. (2024) explored the capability of GPT-3.5 and
GPT-4 to assign scores and generate reviews of

research papers. However, the results showed that
further research is needed in order to enhance
these models’ performance.

Recent studies have focused on training LLMs
to follow predefined guidelines to evaluate writings.
Kim et al. (2023) automatically created a dataset
containing guidelines, writings and scores to fine-
tune a model capable of generating reviews and
predicting scores according to the guidelines. They
achieved a high correlation with GPT-4 and human
evaluators.

In the educational context, Stahl et al. (2024)
explored different prompting strategies not only to
assign scores but also to generate helpful reviews
using Mistral (Jiang et al., 2023) and Llama2 (Tou-
vron et al., 2023) models. They experiment with
role-based prompts and different output orders for
scores and review to improve performance. They
found that addressing AES and review generation
jointly is beneficial. Despite obtaining promising
results they rely on zero- or few-shot prompting
without performing any fine-tuning.

Nkoyo et al. concluded that hybrid approaches,
where the LLMs generated detailed feedback and
predicted preliminary scores while humans handle
more complex judgments are more effective rather
than attempting to fully replace human evaluators.

Although some research has been done on re-
view generation, there is no a standard evaluation
framework and each study adopts its own evalua-
tion methodology.

Basque Approaches in Education NLP in ed-
ucation suffers from a lack of annotated data (Li
and Ng, 2024). This phenomenon is even worse
in the case of Basque where, to the best of our
knowledge, there is no a publicly available AES or
review generation dataset.

Despite this data scarcity, some research has
been done related to text correctness and CEFR
(Common European Framework of Reference for
Languages) level classification.

Inspired by BLIMP (Warstadt et al., 2020), Urbizu
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et al. (2024) created a similar dataset for Basque
to evaluate the grammatical error detection capabil-
ities of the models. They demonstrated that when
presented with correct-incorrect sentence pairs,
models are generally able to identify the erroneous
sentence.

Arriola et al. (2023) used a private dataset to
build a system for classifying writings according
to CEFR levels, using linguistic features and Sup-
port Vector Machines (SVMs) (Cortes and Vapnik,
1995).

To the best of our knowledge, ours is the first
publicly available Basque dataset for AES and feed-
back generation with error explanations, providing
a crucial foundation for future research in educa-
tional applications.

3. The Basque C1 Dataset

The Basque C1 dataset comprises essays written
for HABE'’s (Basque Government Department for
Language Certification) C1 examinations. For each
essay, HABE provides scores for the criteria used
in the official evaluation. The evaluation criteria are
as follows:

Correctness: Correctness is the accurate use of
morphosyntax, vocabulary, spelling, and punc-
tuation in writing, without systematic errors.

Richness: Richness is the ability to write with a
rich use of linguistic resources (vocabulary,
structures, and ideas) demonstrating strong
language knowledge.

Coherence: Coherence is the clear and well-
structured organization of a text, where main
ideas and details are properly distinguished.

Cohesion: Cohesion is the effective use of sen-
tence, paragraph, and text-level links (dis-
course markers, cohesive devices, and punc-
tuation).

Task Alignment: Task Alignment is the ability to
choose and use the appropriate register, vo-
cabulary, and expressions according to the
topic, context, audience, and purpose.

The HEOC document (HABE, 2021), the adult
Basque learner curriculum?, provides additional
details and explanations about these criteria.

Our dataset consists of 3,200 handwritten es-
says, which were automatically digitized by HABE
using an OCR system with a mean Character Error
Rate (CER) of 3.01%. Manual review was per-
formed to ensure text readability. Each essay was

2https://www.habe.euskadi.eus/contenidos/
informacion/curriculuma/eu_9716/adjuntos/
HEOC-2021-DIGITALA. pdf

annotated by HABE’s professional evaluators ac-
cording to five evaluation criteria, with each cri-
terion scored on a scale from A to E, where A
represents the highest performance. The final es-
say score was calculated as a weighted sum of
these criterion-specific scores. This initial version
of the dataset is suitable for AES tasks; however,
it does not include explanations or suggestions for
improving the essays.

Feedback and error-example annotation We
expanded our original dataset by adding manu-
ally annotated explanations of the errors made by
the examinee, providing not only a score but also
detailed feedback about the performance of the stu-
dent. These explanations include a general feed-
back and extractions of incorrectly written excerpts
(typically sentences) from the essays and their er-
ror categorization for each criterion (we will refer to
them as error-examples). Note that the evaluator
reports only some of the most relevant or signif-
icant errors made by the examinee, rather than
every error. The evaluator decided the number of
error examples to report, with no restrictions on the
minimum or maximum number. Figure 1 shows an
example of annotated feedback, error-examples,
and scores for each criterion. The lower the score,
the more error-examples are annotated (Figure 2b
shows the number of annotated error-examples per
correctness score). Note that the high variability in
the number of examples extracted for the A-score
is due to the small number of A-scored essays in
the dataset.

We excluded the Task Alignment criterion, as
it requires the essay prompt (which was not avail-
able in our dataset) to evaluate it properly and our
analysis does not aim to evaluate discourse-level
structures (e.g., letters, opinion essays).

Given the essay and the scores for each criterion,
the feedback and error-examples were manually
written by professional C1 evaluators from Hitzez
Euskaltegia 3 and Urrats Euskaltegia #. Generic
annotation guidelines were defined to ensure con-
sistency with the structure shown in Figure 1, but
we gave them some flexibility to have more vari-
ability in the annotations.

General overview The final version of the
dataset contains 3,200 essays with scores and
feedback for each criterion. The essays have an
average length of 334.29 words. Figure 2a shows
the score distributions for the criteria, which are
generally centered on label C, except for Correct-
ness, which is centered on label D.

Table 1 shows the average length of the feed-
back in words along with the number of annotated

3https://hitzez.eus/
“https://www.urrats.eus/

738


https://www.habe.euskadi.eus/contenidos/informacion/curriculuma/eu_9716/adjuntos/HEOC-2021-DIGITALA.pdf
https://www.habe.euskadi.eus/contenidos/informacion/curriculuma/eu_9716/adjuntos/HEOC-2021-DIGITALA.pdf
https://www.habe.euskadi.eus/contenidos/informacion/curriculuma/eu_9716/adjuntos/HEOC-2021-DIGITALA.pdf
https://hitzez.eus/
https://www.urrats.eus/

Criterion | Feedback length # Example
Correctness 15.63 4+ 8.82 7.78 £ 6.19
Richness 23.31 £ 19.20 0.62 +£1.39
Coherence 26.64 4+ 20.92 0.13 £0.49
Cohesion 21.32 £ 15.47 2.94 + 3.41

Table 1: Feedback length and number of error
examples per criteria.

error examples per criterion. Among all the cri-
teria, correctness shows the highest number of
annotated error examples. This is expected as it is
the most objective criterion. Richness and Coher-
ence are the most abstract criteria; therefore, it is
more difficult to identify specific errors in the text,
resulting in fewer extracted examples. The num-
ber of examples in Correctness is correlated with
the writing score (See Figure 2b). Writings with
higher scores tend to contain fewer errors, thus the
present fewer error examples.

The dataset was divided into training, validation,
and test sets that contained 2600, 300, and 300
instances, respectively.

4. Experimental setting

We conducted two types of experiments. The first
focuses on AES, aiming to predict the score for
each criterion, while the second jointly generates
the explanations and the corresponding scores.

AES setting We fine-tuned RoBERTa-EusCrawl
large (Artetxe et al., 2022) and evaluated Latxa
8B Instruct (Sainz et al., 2025) using EleutherAl’s
Im-evaluation-harness (Gao et al., 2024) for each
evaluation criterion. The models were fine-tuned
with a learning rate of 5e — 5 using a cosine sched-
uler, weight decay of 5e — 3, and a batch size of 32
during 10 epochs. No hyperparameter optimiza-
tion was performed. To evaluate Latxa we used a
3-shot evaluation.

Feedback Generation setting For the experi-
ments, we focused only on Correctness due to the
high computational cost of running all experiments.
We focus on Correctness, as it is the most objective
and contains more error examples compared to the
rest of the criteria. We plan to explore additional
criteria in the future.

For model training, we conducted full fine-tuning
using SFT, computing the loss exclusively on the
model outputs. The training employed a learning
rate of 5 x 10~% with a cosine learning rate sched-
uler, a weight decay of 0.1, and a batch size of 64
over 10 epochs. DeepSpeed ZeRO (Rajbhandari

et al., 2020) optimization was applied, using Stage
2 for the 8B models and Stage 3 for the 70B model.

We explored the effect of different orderings of
score (S), feedback (F), and error-examples (E) as
the predicted output by fine-tuning separate Latxa
8B Instruct models. We discarded configurations
that did not include the score in the output, as we
used the scores to automatically select the best
configuration®. Best configuration was selected for
training the Latxa 70B Instruct model (Sainz et al.,
2025).

As baselines, we evaluated Latxa 70B Instruct
without fine-tuning, GPT-58, and Claude Sonnet
4.57 using their best-performing configurations for
comparison with our top model. Due to the ex-
tensive context length required by the prompt, the
evaluation was limited to a 1-shot setting.

5. Evaluation methodology

Our models generate up to three types of outputs:
score, feedback, and error-examples. We evalu-
ated the score and feedback output using auto-
matic metrics, while the error-examples were as-
sessed by human annotators.

5.1. AES Evaluation Metrics

We have used Quadratic Weighted Kappa (QWK)
(Cohen, 1968) as the main metric for scoring pre-
diction as it is the standard metric used in AES (Li
and Ng, 2024). We have also calculated Weighted-
F1 as it is especially interesting as our dataset
is unbalanced in the extreme labels (see Table
2a). We also calculated the Pearson correlation to
measure the correlation between our systems and
professional C1 evaluators.

5.2. Feedback Generation Evaluation

Automated Feedback Evaluation The evalua-
tion was conducted by mapping the generated
feedback to predicted scores using the RoBERTa
EusCrawl Large model. We assume that if the
predicted scores show a strong correlation with
human ratings, the generated feedback can be re-
garded as high-quality. We computed the QWK
between the predicted and actual scores, defin-
ing this metric as consistency. The model was
fine-tuned using the same hyperparameters de-
scribed in Section 4. It achieved a QWK of 0.776
and a Weighted-F1 score of 89.0, demonstrating a
strong ability to accurately map textual feedback to
corresponding scores.

SWe evaluated seven different orderings in total: S,
SF, FS, SFE, SEF, EFS, and ESF.

6gpt-5-2025-08-07

’claude-sonnet-4-5-20250929
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Manual Evaluation We propose a framework to
assess models’ ability to identify and categorize
representative examples of errors made by exami-
nees. Specifically, the model must reproduce each
error example accurately, without introducing any
modifications. To enable a more detailed analysis
of model performance, we classify errors into seven
distinct categories: spelling, incorrect declensions,
auxiliary verb errors, morphological errors, syn-
tactic errors, inappropriate vocabulary usage, and
punctuation errors.

A total of eight native Basque speakers with
backgrounds in linguistics and philology partici-
pated as evaluators, some of whom currently serve
or have previously served as professional eval-
uators at HABE. The evaluators were asked to
answers the following for each example (See full
guidelines in A:

Q1: Does the sentence exist in the text? oris it a
hallucination?

Q2: Is the extracted sentence wrongly written?

Q3: Classify the error type given by the model into
our categories.

Q4: Does the model detect the error correctly?

Based on these questions, we designed 3 met-
rics to evaluate the systems’ capabilities in extract-
ing and categorized erroneous sentences:

Fidelity Rate (FR) measures the percentage of
extracted sentences that exist in the writing.
Higher is better.

Extraction Accuracy (EA) measures the per-
centage of extracted sentences that contain
errors made by learners. Higher is better.

Categorization Accuracy (CA) measures the ac-
curacy of error categorization. This metric is
computed using Micro-F1. Higher is better.

Due to the high cost of human evaluation, we lim-
ited the manual evaluation to our best performing
Latxa 70B model and the 3 baseline models.

6. AES Results

Overall AES results A comparison of the fine-
tuned RoBERTa-EusCrawl models against the 3-
shot Latxa 8B baseline across all evaluation criteria
shows that Latxa achieves consistently lower per-
formance (see Table 2). Latxa 8B obtains near
zero QWK values, indicating no capability to as-
sess scores using 3-shot evaluation. The highest
QWK value is obtained in Correctness, showing
that this particular criterion is relatively easier than
the other criteria. Furthermore, the discrepancy

Criterion | Model | QWK W-F1 Pearson
Task alian. | R-EusC | 17.85 65.78 19.08
9| LatxasB | 3.35 40.25 4.49
Correctness | F-EUSC | 43.82 6251 44.94
Latxa8B | 5.16 27.16 9.00

Richness R-Eusc | 18.31 50.05 21.97
Latxa 8B | 2.19 27.91 3.76

Conerence | R-EUSC 9.27 54.46 10.81
Latxa 8B | 6.11 47.72 7.94

Conesion R-Eusc | 19.71 65.94 21.69
Latxa 8B | 4.72 51.46 6.46

Table 2: Performance of RoBERTa EusCrawl (R-
Eusc in the table) and Latxa 8B in AES for each
criterion. W-F1 stands for weighted F1 score.

Model \ QWK W-F1 Pearson
Latxa-it 70B 21.37 51.27 27.23
Claude Sonnet 4.5 | 18.93 45.02 22.60
GPT5 17.59 48.00 19.94
SFT Latxa 70B* ‘ 57.23 69.97 57.82

Table 3: Performance of basque SOTA generative
models in assessing Correctness scores. We used
SFE output ordering and 1-shot prompting. *SFT
Latxa 70B was prompted using zero-shot. W-F1
stands for Weighted F1 score.

between high Weigthed-F1 scores compared to
lower QWK values across the other criteria is prob-
ably due to the imbalanced scores presented in
the dataset (see Figure 2a).

Basque SoTA in Correctness Table 3 presents
the evaluation of Basque SoTA models under a 1-
shot prompting setup, and compares with our SFT
Latxa 70B, which was evaluated in a zero-shot set-
ting. Our fine-tuned model achieves the highest
performance, with a QWK of 57.23, surpassing the
best encoder-based models by 13 points (43.82,
Table 2). Among the non—fine-tuned systems, the
1-shot Latxa 70B marginally outperforms private
models by 3—4 QWK points. These results indicate
that applying SFT on our dataset substantially en-
hances the model’s assessment capabilities, yield-
ing a 35-point improvement over the base Latxa
70B. Moreover, the significantly stronger perfor-
mance of SoTA models compared to the 3-shot
Latxa 8B confirms that larger generative models
exhibit superior ability in score assessment tasks.

While the score assessment results of non fine-
tuned generative models are lower than the fine-
tuned encoder models, the use of generative mod-
els offers the advantage to generate feedback and
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Size | Output | QWK W-F1 Pearson
S 36.60 58.35 37.50
SF 30.64 55.46 31.43
FS 2414 53.54 24.31
8B ESF 28.42 54.72 29.63
EFS 16.70 51.68 17.17
SFE 39.52 62.39 41.67
SEF 38.07 59.92 39.07
70B | SFE | 57.23 69.97  57.82

Table 4: Performance of SFT Latxa 8B and SFT
Latxa 70B in Correctness score assessing. W-F1
stands for Weighted F1 score.

give explanations of identified errors. These expla-
nations benefit the user of these systems, serving
as a strong incentive to adapt these classification
tasks to generative LLMs.

Analysis of Output Configuration Table 4
shows the influence of the output ordering in AES
(details in Section 4). The results indicates that
output configuration significantly affects model per-
formance, with the SFE ordering being the best
configuration.

The configuration that prioritizes initial score as-
sessment is consistently optimal, whereas perfor-
mance is notably lower when the score prediction
occurs after the generation of feedback or error
examples®. We hypothesize that predicting first
score (S) enable the model to adequate the fol-
lowing generation of feedback and error examples.
These findings indicate that the fine-tuned 8B mod-
els are capable of surpassing the performance of
larger models, both private and open-source, if
the 8B models are fine-tuned specifically for this
task. Consistent with our previous observations on
70B model, SFT substantially enhances model per-
formance, increases from 5.16 (Table 2) to 36.60
(Table 4) for the Latxa 8B model in QWK using
identical output configuration (S).

Scaling the optimal SFE configuration to the
Latxa 70B model yields a substantial 17.7-point
gain in QWK, enabling it to surpass encoder mod-
els in Correctness prediction while also gener-
ating error explanations and categorizations. In
contrast, fine-tuned Latxa 8B models for Correct-
ness assessment perform worse than fine-tuned
RoBERTa-EusCrawl encoders. This trend, where
fine-tuned generative models underperform com-
pared to encoder models, was also noted by Xiao
et al. (2025), who observed similar results with
their fine-tuned GPT-3.5 and Llama-3 models.

8We did not evaluate the FES and FSE configura-
tions as the configurations that initially predict feedback
generation obtained lower performance.
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Model | Output | Consistency
SF 94.07
FS 94.73
ESF 96.87
SFT Latxa 8B EFS 96.12
SFE 94.28
SEF 97.33
SFT Latxa 70B | SFE | 96.84
Latxa 70B SFE 86.20
GPT5 SFE 44.07
Sonnet 4.5 SFE 78.46

Table 5: Results of Consistency of Correctness
feedback.

7. Feedback Generation Results

The error explanations that generate our models
are composed by two elements: a short feedback
and error-examples.

7.1. Feedback Consistency Evaluation

We evaluate the short feedback using the Consis-
tency metric, as detailed in Section 5. All fine-tuned
Latxa models, both 8B or 70B, achieved exception-
ally high Consistency values, with the minimum
score being 94.1 (see Table 5). Although the SFE
configuration gets slightly lower Consistency re-
sults compared to other output sequences, the dif-
ference is marginal suggesting that SFE maintains
high consistency in both score and feedback gen-
eration. These results may suggest that improving
the score assessing capabilities of SFT models will
consequentially enhance the quality of these short
feedback.

In contrast, the results for SoTA models are sub-
stantially lower, with GPT5 obtaining the lowest
scores with 44.1. Non fine-tuned Latxa 70B ob-
tains higher Consistency value than other non-
fine-tuned closed-source models, achieving similar
scores of fine-tuned models with a margin of 8
points.

7.2. Manual Evaluation

Manual evaluation of error examples followed the
annotation methodology in Section 5.2. Inter-
annotator agreement was very high for the first
question (95.74%), and progressively lower for the
following ones (71.28%, 68.33%, and 68.09%), re-
flecting the increasing complexity of the annota-
tions.

The results of the manual evaluation are pre-
sented in Table 6. All the models achieve high
values on Fidelity Rate (FR), showing a strong



capability to extract sentences without hallucina-
tion, with GPT-5 obtaining the highest score of
100%. Regarding Extraction Accuracy (EA) and
Categorization Accuracy (CA), private models out-
performed both Latxa variants, with GPT-5 again
achieving the highest accuracy scores in both met-
rics.

Model | FR EA CA
SFT Latxa 70B | 98.08 66.19 71.63
Latxa 97.64 61.08 51.96
GPT5 100.0 81.88 82.47
Sonnet 4.5 98.79 72.54 78.61

Table 6: Results of models in manual evaluation.
Fidelity Rate (FR), Extraction Accuracy (EA) and
Categorization Accuracy (CA) are defined in Sec-
tion 5.2

Fine-tuning in our dataset significantly boosted
the performance of Latxa 70B across every manual
evaluation metric, decreasing the performance gap
between open-source and closed-source models.

Figure 3 shows the error categorization distribu-
tion (green) of each model and the accuracy per
category (blue), which is normalized by the total
number of annotated essays per model. The cat-
egory distribution of the fine-tuned Latxa 70B is
more balanced compared to other models, show-
ing competitive capabilities against GPT-5. GPT-5
model has a strong tendency to extract Spelling
and Vocabulary category related errors, probably
due to OCR errors present in the essays. OCR re-
lated Spelling and Vocabulary errors are easier to
detect and classify, making it easier to achieve
higher accuracy in these categories. However,
our dataset contains few error-examples related
to OCR errors as they are less pedagogically rele-
vant than other error categories.

We observe that non SFT Latxa 70B and Son-
net 4.5 extract significantly fewer sentences than
GPT-5 and fine-tuned Latxa. Although both closed-
source models differ in category extraction, they
show only a small gap between the distribution
(green) and accuracy (blue) bars, indicating that,
especially Sonnet 4.5, they take few risks in extrac-
tion. This cautious behavior may explain the lower
accuracy of SFT Latxa, which takes greater risks
to cover all categories. Overall, SFT Latxa shows
substantial improvement, achieving higher scores
across all manual evaluation metrics and covering
a wider range of categories compared to non SFT
Latxa, which extracts fewer sentences with lower
accuracy.

8. Conclusions

This paper introduced the first publicly available,
richly annotated dataset for Basque AES and feed-
back generation at the CEFR C1 level. Our ex-
periments demonstrate that while fine-tuned en-
coder models like RoBERTa-EusCrawl remain a
strong baseline for criterion-based AES, training
generative models using SFT on our new dataset
yields significant performance gains. Specifically,
the SFT Latxa 70B model surpassed both special-
ized encoder models and state-of-the-art propri-
etary models like GPT-5 and Claude Sonnet 4.5 in
score Correctness criterion.

Furthermore, our analysis of generated explana-
tions revealed that SFT models have high consis-
tency between generated feedback and assessed
score. The fine-tuned Latxa model also proved su-
perior in identifying a more balanced and pedagog-
ically relevant range of error types, whereas closed
models disproportionately focused on surface-level
spelling and vocabulary errors, possibly due to
OCR artifacts in the essays. As future work, we
plan to expand our experimental analysis of feed-
back generation to all evaluation criteria beyond
Correctness. We also intend to further investigate
training techniques and evaluation methodologies
that incorporate the pedagogical significance and
recall of the error-examples, moving beyond simple
accuracy to measure true educational value.

Limitations

The current study primarily focused on evaluat-
ing the Correctness criterion; consequently, ex-
periments covering the remaining scoring criteria
remain unexplored. The "Task Alignment" criterion
was also excluded, as the original essay prompts
were unavailable. Furthermore, the use of OCR
to digitize the handwritten essays (3.01% CER)
influenced error-example evaluation, as models
sometimes identified OCR artifacts rather than au-
thentic learner errors. The feedback generation
was evaluated only in terms of its consistency
with the predicted score, without assessing the
quality of the feedback itself or comparing it to
manually written feedback. Finally, manual evalu-
ation do not analyze the pedagogical significance
of error-examples nor compute the recall of the
error-examples.

Ethical Consideration

Regarding the personal data processed during this
research, every essay and its metadata were previ-
ously anonymized by HABE during the data trans-
fer process. Additionally, HABE warns writers to
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Figure 3: Category percentage and accuracy of models

avoid including personal data in their essays, mean-
ing no personal data is present in the dataset or
was used during the research. HABE also holds
the rights to use these essays and the anonymized
metadata for research purposes, and every exami-
nee must agree to these conditions.
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1. Is the example present in the text? (Yes /
No)

» Note: Some models may correct the OCR
errors during the extraction. Ignore those
corrections.

2. Does the example contain an error? (Yes /

No / Skip)

» Answer Yes if the sentence is grammat-
ically incorrect or if a significantly better
grammatical structure exists for the C1
level.

» Answer No if the identified error is purely
stylistic or not related to correctness.

3. What is the identified error category? Iden-

tify the error category of the error-example:
Orthography, Declension, Verb, Morphology,
Syntax, Lexicon, or Punctuation.

» Note: If the model outputs a subcategory
(e.g., “ergative”), map it to the correct
main category (e.g., Morphology).
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4. Is the assigned category correct? (Yes /
No)
Evaluate whether the model’s predicted cate-
gory matches the actual error in the text.

A.2. Error Categories

Human annotators defined the error categories
based on recurrent mistakes in Basque C1 exams.
We distinguished declension from morphology due
to its fundamental role in Basque grammar.

Orthography: Spelling mistakes (e.g., lehioa —
leihoa).

Declension: Incorrect case suffixes or postposi-
tions (e.g., dentistara joan — dentistarenera
Joan).

Verb: Agreement errors, incorrect tense, or wrong
auxiliary choice (e.g., nik lagunari eman dut
— nik lagunari eman diot).

Morphology: Ergative case errors or number mis-
match (e.q., nik etorri naiz — ni etorri naiz).

Syntax: Word order issues, subordinate clause
construction errors, or incorrect calques from
Spanish.

Lexicon: Incorrect vocabulary choices (e.g., ur-
gentziak — larrialdiak).

Punctuation: Misplaced commas, semicolons, or
related punctuation errors that impact read-
ability or syntax.

B. Hyperparameters

Table 7 describes the hyperparameters used to
fine-tune the Latxa 8B and 70B models. We
adapted the TRL (von Werra et al., 2020) frame-
work to adapt the models using Flash-Attention-2
(Dao, 2024) and Liger-Kernel (Hsu et al., 2025) op-
timized kernels to accelerate the training. We used
DeepSpeed to optimally parallelize the training, us-
ing ZeRO2 to fine-tune Latxa 8B and ZeROS3 for
the 70B model.

We used vLLM v0.7 for generation with the de-
fault Latxa hyperparameters used by (Sainz et al.,
2025). For closed source models, we used a tem-
perature value of 0.0 for reproducibility.

Hyperparam Value
Batch size 64

Learning Rate 5e — 6
Weight Decay 0.1
Epochs 10

Learning Rate Decay | Cosine
Warmup ratio 0.1

Table 7: Hyperparameters for fine-tuning Latxa 8B
and 70B
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