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Abstract
This paper describes the submission of the VerbaNexAI team to the GRACE shared task at IberLEF 2026 for
argument mining in Spanish clinical trial abstracts. The proposed approach uses BETO, a Spanish pretrained
BERT model, as the backbone for two independently trained classifiers. For Subtask 1, argumentative components
are detected via sentence-level classification over segments generated by a Spanish sentence tokenizer. Each
segment is classified as Premise, Claim, MajorClaim, or None. For Subtask 2, relation prediction is addressed
as pairwise sequence classification between predicted argumentative components, with labels None, Support,
Attack, and Partial-Attack. Negative sampling is used during training so that the relation model can learn to reject
unrelated pairs. During inference, the first model identifies candidate argumentative components in the blind test
set, and the second model predicts relations over candidate pairs, mainly from Premise to Claim, MajorClaim, or
Premise. The final system is simple and fully based on transformer classifiers, without a structured decoding layer.
Although the results are modest, the architecture provides a clear baseline and highlights several challenges of
strict argument mining evaluation in specialized clinical text.
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1. Introduction

Argument mining aims to identify argumentative components in text and the relations established
between them. In the context of clinical trial abstracts, this task involves detecting statements such as
claims and premises and then determining whether one argumentative component supports or attacks
another. It is especially relevant in evidence-oriented medical writing, where argumentative structure
is compact and often embedded in technical language.

The GRACE shared task at IberLEF 2026 [1] focuses on this problem for Spanish clinical trial abstracts
and is built on two corpora: Spanish AbstRCT Dataset [2] and ClinArgES [4]. The task is challeng-
ing because it combines component detection, label assignment, and relation prediction under strict
evaluation. Even small errors in boundaries or links may substantially affect final scores.

This paper presents the common architecture used in our submitted runs. VerbaNexAI, the research
lab behind this submission, has recently participated in several SemEval tasks related to semantic
analysis and representation learning [14, 15, 16]. Because the submitted runs differ only in minor
preprocessing settings rather than in architecture, the system description given here applies to all
variants. Unlike a span-level or token-level sequence labeling approach, our system formulates Subtask
1 as sentence-level classification over candidate segments obtained from a sentence tokenizer. Subtask
2 is modeled as pairwise relation classification using the same pretrained Spanish encoder. The goal of
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Figure 1: Pipeline of the submitted system. The document is segmented into sentence-level candidates,
a BETO-based classifier predicts argumentative components, candidate pairs are generated from those
predictions, and a second BETO-based classifier predicts relations before producing the final JSON
output.

this paper is to provide a faithful and reproducible description of the submitted approach, including its
design choices and limitations.

2. Task and System Overview

The GRACE shared task requires systems to identify argumentative components in Spanish clinical
trial abstracts and to determine the relations established between them. In our submission, we address
these two requirements with a simple two-stage architecture built around the same pretrained Spanish
encoder, with an emphasis on clarity, reproducibility, and direct applicability to the official task setting.

The shared task is divided into two subtasks. In Subtask 1, the system must identify argumentative
components in each abstract and assign one of the labels Premise, Claim, or MajorClaim. In Subtask
2, the system must classify the relation between two argumentative components using the labels
Support, Attack, and Partial-Attack [1]. In practical settings, it is also necessary to model the
absence of a relation, so we include the label None internally for training the relation classifier.

The backbone of the whole system is dccuchile/bert-base-spanish-wwm-uncased, com-
monly known as BETO [5, 6]. This model was selected because it is a strong pretrained encoder
for Spanish and can be easily adapted to sentence classification tasks through the Hugging Face
Transformers library [7]. The architecture has two stages. First, a component classifier assigns a
label to each candidate text segment extracted from the document. Second, a relation classifier eval-
uates candidate pairs of predicted argumentative components. Both stages are implemented with
AutoModelForSequenceClassification. The implementation relies on a compact Python pipeline
based on transformers, datasets, accelerate, evaluate, nltk, and scikit-learn, installed
directly in the execution environment.

Figure 1 summarizes the independent flow of both subtasks. The overall design is intentionally
simple. Instead of building a joint structured argument mining system, we rely on two general-purpose
classifiers and a set of inference heuristics. It makes the system easy to train and reproduce, although it
may underperform in tasks where exact span boundaries and global argument structure are important.

3. Experimental Setup

This section explains how the official data was transformed into training material for the two subtasks
and how the resulting models were fine-tuned. We first describe the construction of the dataset used
for component classification, then the relation classification setup, and finally the main training choices
adopted in our experiments.

3.1. Component Classification Data

Because the submitted system does not perform token-level sequence labeling, the original span
annotations had to be reformulated as a segment classification problem. We therefore constructed a
sentence-level dataset that allows the model to distinguish argumentative from non-argumentative
segments and to assign the appropriate component label.

The original training and development files contain full documents and gold argumentative spans
with start and end offsets. However, instead of training a sequence labeling model, we converted the
task into a segment classification problem.



For each document, each gold-annotated component was directly converted into a positive training
example, along with its original text and label. Then, the raw document text was segmented into
candidate sentence spans using the Spanish Punkt sentence tokenizer from NLTK [10]. Candidate spans
shorter than 10 characters were discarded. Sentence spans that did not overlap with any annotated
argumentative component were added as negative examples with label None.

This procedure produced a sentence-level dataset with four labels: None, Claim, MajorClaim, and
Premise. The official training and development splits were merged to maximize the number of training
examples. Afterward, a new internal split was created by randomly sampling 90% of the resulting
data for training and keeping the remaining 10% for validation, using random_state=42 in the main
configuration.

3.2. Relation Classification Data

For the second subtask, relation prediction is formulated as a pairwise classification problem over
argumentative components. This requires transforming the gold relational structure of each document
into labeled pairs and generating negative instances so that the model can also learn to reject unrelated
component combinations.

The second stage of the system focuses on relation classification. The training data for this stage is
built from the gold argumentative components and their annotated relations.

For each annotated relation in a document, a positive training instance is created using the text of the
source component and the text of the target component. The label assigned is the corresponding relation
type. In addition to these positive instances, negative instances are generated by pairing components
that are not connected in the gold annotations. These pairs are labeled None.

To reduce class imbalance, the number of negative examples is limited to at most twice the number
of gold relations in the same document. It prevents the relation dataset from being overwhelmed by
unrelated pairs while still exposing the model to the rejection case. As in Subtask 1, the training and
development data are merged before creating a new random 90/10 split. The resulting pairwise dataset
uses four labels: None, Support, Attack, and Partial-Attack.

3.3. Training Configuration

Once both datasets were prepared, we fine-tuned one classifier for component identification and another
for relation prediction. Although the two models address different subtasks, they follow the same
general training strategy and differ mainly in the structure of their input instances.

The component classifier is a standard sequence classification model fine-tuned on the segment
dataset. Each example consists of a single candidate segment, and the model predicts one of the four
labels in the component inventory. Tokenization is performed with the pretrained BETO tokenizer,
using truncation and a maximum input length of 128 tokens. The classifier is trained for 4 epochs with
a learning rate of 2e-5 and a batch size of 16. Model selection is based on epoch-wise evaluation with
checkpoint saving at every epoch and load_best_model_at_end=True. According to the training
logs, the validation loss decreased from 0.4092 after the first epoch to 0.6202 after the fourth, suggesting
that the best checkpoint was reached early and that later epochs likely overfit the internal validation
split. The model is implemented with AutoModelForSequenceClassification, and training is
handled with the Hugging Face Trainer API [7, 8, 9].

The relation model is also implemented as a sequence classification model over pairs of texts. Each
input consists of two argumentative components, jointly encoded by BETO. It effectively acts as a
BERT-style cross-encoder, in which the two texts are passed together through the same transformer and
classified from their joint representation [11]. The tokenizer receives text1 and text2 jointly, with
truncation and a maximum sequence length of 128 tokens. The classifier is trained for 4 epochs with a
learning rate of 2e-5 and a batch size of 16, again using epoch-wise evaluation, checkpoint saving, and
best-checkpoint reloading. The training logs show that the validation loss decreased to 0.3332 at the



second epoch and then increased to 0.5216 by the fourth epoch, suggesting overfitting after the best
checkpoint.

3.4. Run Identification

In the original submission, all runs were listed under the same generic name, BETO-based Sequence
Classifier, which made it difficult to distinguish them. each run was assigned a unique descriptive name
and explicitly clarify the differences among them.

Run 1 is the final system used in this paper. It corresponds to the architecture described in this paper,
where Subtask 1 is modeled as a sentence-level classification problem. After segmenting each document
into Spanish sentences, the model assigns each segment one of the labels None, Claim, MajorClaim,
or Premise. Subtask 2 is then addressed with a second classifier that predicts argumentative relations
between the extracted components.
Run 2 follows the same overall pipeline as Run 1, but replaces the BERT-based encoder with a

RoBERTa-based model [17] for training. In other words, the difference between Runs 1 and 2 is not
the task formulation or the overall architecture, but only the underlying pretrained transformer used
during fine-tuning.
Runs 3 and 4 explore a different formulation of Subtask 1. Instead of sentence-level classification,

these runs model the task as token-level BIO sequence labeling, using tags such as B-Claim, I-Claim,
B-MajorClaim, I-MajorClaim, B-Premise, and I-Premise. Argumentative spans are then recon-
structed from token-level predictions, and relation prediction in Subtask 2 is performed afterward with
a second classifier.

Therefore, the submitted runs are not simply different random initializations of the same model. Run
1 and Run 2 share the same general architecture, differing only in the pretrained encoder, whereas Runs
3 and 4 differ methodologically by adopting a BIO-based token-level formulation for argumentative
component extraction.

For clarity, the runs are identified in the final version as shown in Table 1.

Run Name Main Characteristic
Run 1 BETO Sentence-Level Final system used in this paper; sentence-level com-

ponent classification followed by relation predic-
tion.

Run 2 RoBERTa Sentence-
Level

Same pipeline as Run 1, but replacing the BERT-
based encoder with a RoBERTa-based model.

Run 3 BETO BIO Token-
Level A

Token-level BIO tagging for argumentative compo-
nent extraction, followed by relation prediction.

Run 4 BETO BIO Token-
Level B

Alternative BIO-based token-level variant for ar-
gumentative component extraction, followed by
relation prediction.

Table 1
Identification and summary of the submitted runs.

4. Inference Pipeline and Reproducibility

After training, the two classifiers are applied sequentially to the blind test set. At this stage, the output
of component prediction becomes the input to relation prediction, so the inference procedure closely
matches the way the final submission file is constructed.

At inference time, each blind-test document is segmented again with the same sentence tokenizer.
Every candidate span is fed to the component classifier. If the predicted label is different from None, the
segment is kept as an argumentative component, and its sentence boundaries are used as the predicted
start and end offsets. Entity identifiers are then assigned sequentially within each document.



For relation prediction, the code iterates over all ordered pairs of predicted components, skipping
only self-pairs. However, before classification, it applies a lightweight filtering rule for efficiency: only
pairs where the source component is a Premise and the target component is a Claim, MajorClaim,
or Premise are actually passed to the relation classifier. If the predicted label is different from None,
the relation is added to the output with a unique relation identifier and the corresponding source and
target ids.

The predictions are inserted into the original document structure under the predictions field.
If the input document does not contain an annotations field, an empty one is added with empty
component and relation lists. Finally, the whole prediction file is stored as my_submission.json and
compressed into a ZIP file for submission. An exact JSON example is provided in Appendix A.

The system is implemented in Python using PyTorch, Hugging Face Transformers, Datasets, and
NLTK [8, 7, 9, 10]. GPU acceleration is used when available. Memory cleanup is performed explicitly
between subtasks by deleting the first model and clearing the CUDA cache before training the relation
classifier.

5. Results and Evaluation

The official results reflect both the strengths and the limitations of the submitted approach. In what
follows, we report the global scores obtained in the shared task, present the internal validation metrics
to contextualize the generalization gap, and then examine the class-wise behavior of the system under
both evaluation settings in order to better understand where performance is lost.

5.1. Internal Validation Metrics

Before analyzing the official blind test set results, it is instructive to consider the model’s performance
on the internal 10% validation split derived from merging the training and development sets. On
this internal split, the system achieved a macro-F1 score of approximately 0.72 for the component
classification task and 0.45 for the relation classification task when relations were evaluated on gold
component pairs. The large gap between these internal metrics and the final official scores highlights a
substantial generalization gap. This discrepancy is largely expected given the mismatch between our
sentence-level segmentation and the strict boundary requirements of the official evaluation.

5.2. Official Results

The representative system discussed in detail in this paper corresponds to VerbaNexAI-BETO-rs42.
The sentence-level formulation of component detection led to limited performance under strict span
evaluation, and relation prediction was heavily affected by error propagation from the first stage.
Table 2 reports the official scores for this representative run under both the strict and relaxed evaluation
settings.

Table 2
Official results for the representative submitted run (VerbaNexAI-BETO-rs42). Scores are reported as macro-F1
for Subtasks 1 and 2 under strict and relaxed evaluation.

System name Subtask 1 strict Subtask 1 relaxed Subtask 2 strict / relaxed

VerbaNexAI-BETO-rs42 0.3130 0.4308 0.0702 / 0.0761

Tables 3 and 4 provide the official class-wise breakdown. For Subtask 1, the best behavior is obtained
on Premise, while MajorClaim is not recovered under either evaluation setting. For Subtask 2, the
model predicts some valid Support relations, but it fails to recover Attack and Partial-Attack,
which severely lowers macro F1.

The official results show a clear gap between strict and relaxed evaluation, especially in Subtask 1,
where relaxed matching increases macro F1 from 0.3130 to 0.4308. This behavior is consistent with



Table 3
Official class-wise results for Subtask 1 (argumentative component detection) for
VerbaNexAI-BETO-rs42.

Setting Type F1 Precision Recall TP FP FN

Strict Claim 0.4189 0.3896 0.4531 314 492 379
Strict MajorClaim 0.0000 0.0000 0.0000 0 0 254
Strict Premise 0.5201 0.5335 0.5074 789 690 766
Strict Macro Avg 0.3130 0.3077 0.3202 – – –

Relaxed Claim 0.5831 0.5422 0.6306 437 369 256
Relaxed MajorClaim 0.0000 0.0000 0.0000 0 0 254
Relaxed Premise 0.7093 0.7275 0.6920 1076 403 479
Relaxed Macro Avg 0.4308 0.4232 0.4409 – – –

Table 4
Official class-wise results for Subtask 2 (relation detection) for VerbaNexAI-BETO-rs42.

Setting Type F1 Precision Recall TP FP FN

Strict Support 0.2105 0.2059 0.2153 285 1099 1039
Strict Attack 0.0000 0.0000 0.0000 0 3 35
Strict Partial-Attack 0.0000 0.0000 0.0000 0 10 131
Strict Macro Avg 0.0702 0.0686 0.0718 – – –

Relaxed Support 0.2282 0.2233 0.2334 309 1075 1015
Relaxed Attack 0.0000 0.0000 0.0000 0 3 35
Relaxed Partial-Attack 0.0000 0.0000 0.0000 0 10 131
Relaxed Macro Avg 0.0761 0.0744 0.0778 – – –

the architecture, since predicted component boundaries correspond to sentence spans rather than
gold argumentative spans. In turn, relation classification operates on predicted components, so any
component detection error directly affects the candidate pool for Subtask 2. The lack of recovered
MajorClaim instances and the inability to detect Attack or Partial-Attack relations suggest that
the current formulation is especially fragile for minority classes. This weakness is likely exacerbated by
the simple negative-sampling scheme for Subtask 2 and by the constrained inference rule that evaluates
only premise-led candidate pairs.

6. Conclusion and Future Work

Taken together, the results show that the system is easy to implement and reproduce, but also that this
simplicity comes with clear limitations under strict argument mining evaluation. In this final section,
we conclude our findings regarding the trade-offs of the approach and outline several directions for
improving future versions of the system.

The main advantage of this system is its simplicity. Both subtasks are solved with standard transformer
classifiers, and the whole pipeline can be trained and reproduced with moderate computational resources.
It makes it an accessible baseline for Spanish argument mining in the clinical domain.

However, the limitations are substantial. The most important one is the mismatch between the
sentence segmentation strategy and the strict span-based evaluation of Subtask 1. Even when the model
identifies the correct argumentative content, it may still fail because the predicted boundaries do not
exactly match the gold ones. This limitation alone can strongly reduce the strict F1 score, which explains
the significant drop from our internal validation metrics. A second limitation is error propagation. Since
Subtask 2 depends entirely on the output of Subtask 1, components that are missed or poorly segmented
cannot participate in relation prediction. In addition, the candidate pairing heuristic is simple and may
omit valid relations or include noisy ones. Using a plain pairwise classifier without discourse-level



constraints also limits the model’s ability to capture more global argument structure. Similar trade-offs
between simplicity and structural fidelity have been observed in other applied NLP shared-task systems
developed by VerbaNexAI [14, 15, 16].

In conclusion, the system provides a transparent and reproducible baseline. Still, it also highlights a
central lesson of the task: in strict argument mining evaluation, boundary precision matters as much as
label prediction, and simple sentence-level approximations are often not enough.

Future work should keep lookig towards replace sentence-level component classification with token-
level sequence labeling, for example, using BIO tags. It would allow the model to learn more accurate
boundaries and would make it more compatible with strict evaluation. More structured evaluation of
sequence predictions should also be considered in future iterations [12, 13]. Additional improvements
include contextual windows or document-aware representations for relation classification, better
negative sampling and class balancing, and joint or graph-based architectures that reduce the disconnect
between subtasks.
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A. JSON Input/Output Example

To make the submission format fully explicit, this appendix provides a minimal example of the JSON
structure used by the system. The example shows how the original document fields are preserved and
how predicted entities and relations are inserted into the final output.

[
{

"id": "1",
"raw_text": "...",
"metadata": {},
"annotations": {

"entities": [],
"relations": []

},
"predictions": {

"entities": [
{
"id": "T1",
"text": "...",
"start": 0,
"end": 25,
"type": "Claim"

}
],
"relations": [

{
"id": "R1",
"arg1_id": "T2",
"arg2_id": "T1",
"relation_type": "Support"

}
]

}
}

]
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