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Abstract
This paper describes the system submitted by the SINAI team to Track 1 of the GRACE shared task at IberLEF 2026.
The task addresses Argument Mining over Spanish abstracts of Randomised Controlled Trials (RCTs), encompass-
ing two hierarchical subtasks: argumentative component detection (Subtask 1) and directed relation classification
between components (Subtask 2). Our approach builds on the GlobalPointer span-extraction framework, enhanced
with a novel Global Span Semantic Dependency-Aware Filtering (GSSDAF) interaction module that refines the span
logit matrix through local convolutional and global axial-attention branches. Rotary Position Embeddings (RoPE)
provide position-aware representations in the biaffine scoring space. For relation classification, we employ a
span-pair classifier that combines mean-pooled span representations with entity-type and logarithmic-distance
embeddings, trained with 𝛼-balanced Focal Loss. Both heads share a single BERT-based encoder (BETO). A 5-fold
cross-validated ensemble with character-level majority voting consolidates predictions at inference time. Our
system achieved an Overall score of 26.42 on the official Track 1 leaderboard (Subtask 1 Strict F1: 36.87, Subtask 2
Strict F1: 15.97).
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1. Introduction

Argument Mining (AM) is the automatic identification and classification of argumentative structures
within text [1]. When applied to the biomedical domain, AM can assist clinicians and systematic
reviewers in navigating the vast landscape of clinical evidence by surfacing the key claims, premises,
and evidential relations embedded in research publications [2].

Randomised Controlled Trials (RCTs) represent the gold standard of clinical research methodology.
Their structured nature, comparing an intervention group against a control group under randomised
allocation, produces abstracts with particularly transparent argumentative patterns, making them an
ideal testbed for AM systems [2].

The GRACE shared task at IberLEF 2026 [3], organised within the IberLEF 2026 evaluation forum [4],
addresses AM over Spanish RCT abstracts based on the Spanish AbstRCT Dataset [5] and ClinArgES
dataset [6]. Track 1 is organised into two hierarchical subtasks:

(i) Subtask 1 — Component Detection: Identify and classify the boundaries of argumentative
components (Premise, Claim, MajorClaim) at the character level within the abstract.

(ii) Subtask 2 — Relation Detection: Classify directed relations (Support, Attack, Partial-Attack)
between pairs of previously detected components.

Traditional sequence-labelling approaches (e.g., BIO tagging with CRFs) struggle to capture the
nested and overlapping nature of argumentative spans, and they require a separate mechanism for
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boundary detection [7]; in contrast, span-extraction methods that score all candidate (𝑠𝑡𝑎𝑟𝑡, 𝑒𝑛𝑑) pairs
in a biaffine matrix offer a more natural formulation for this problem. In this paper, we present the
SINAI system1, which addresses this challenge through several key contributions: a joint architecture
with a shared BERT encoder and dual task-specific heads that enables parameter-efficient multi-task
learning; a GlobalPointer + GSSDAF entity head that models inter-span dependencies through local
(convolutional) and global (axial-attention) branches with adaptive gating applied directly on the span
logit matrix; a span-pair relation classifier that leverages mean-pooled span representations enriched
with entity-type and logarithmic-distance embeddings, trained using 𝛼-balanced Focal Loss to address
severe class imbalance; an Optuna-based hyperparameter optimisation pipeline; and a 5-fold ensemble
with character-level majority voting that consolidates entity and relation predictions. Ultimately, our
system achieved highly competitive results, ranking 1st on the official Track 1 leaderboard.

The remainder of this paper is organised as follows: first, we describe the task in the following section.
Section 3 details our system architecture. Section 4 describes the experimental setup. Section 5 presents
and discusses the results. Section 6 concludes the paper.

2. Task Description

The GRACE shared task at IberLEF 2026 targets Argument Mining over abstracts of Randomised
Controlled Trials written in Spanish. Track 1, which utilises the ClinArgES dataset [6], consists of two
hierarchical subtasks that are evaluated independently.

To clearly illustrate the dataset’s annotation schema and the hierarchical requirements of both
subtasks, consider the complete, integrated argumentation pipeline presented in Figure 1. In this
representation, the text segments form a linear chain where the empirical Premise directly justifies the
local Claim, which in turn establishes the final MajorClaim.

Figure 1: Hierarchical Argumentation Graph Example. The left pane illustrates character-level span boundaries

(Subtask 1) while the right pane details the resolved semantic dependency tree (Subtask 2).

2.1. Subtask 1: Argumentative Component Detection

Given an RCT abstract as raw text, systems must detect and classify all argumentative components at
the character level. Following the annotation scheme of Mayer et al. [2], three types of components are
considered:

1Code available at https://github.com/lmolino03/GRACE

https://github.com/lmolino03/GRACE


• Premise: Evidence, data, or observations that support or contest a claim (e.g., statistical results,
descriptions of study outcomes).

• Claim: Interpretive statements or conclusions drawn from the evidence.

• MajorClaim: The overarching conclusion or thesis of the study, typically appearing in the
conclusion section of the abstract.

Components generally correspond to complete sentences, although subordinate or coordinate clauses
may be annotated as independent units depending on their argumentative role.

2.2. Subtask 2: Argumentative Relation Detection

Given the predicted argumentative components from Subtask 1, systems must classify directed relations
between all pairs of components. Three relation types are considered:

• Support: The source component provides evidence in favour of the target.

• Attack: The source component contradicts or undermines the target.

• Partial-Attack: The source component partially contradicts the target while acknowledging
some validity.

2.3. Evaluation Metrics

The official evaluation metric for both subtasks is the macro-averaged Strict F1 score. Under the strict
matching criterion, a predicted component (Subtask 1) or relation (Subtask 2) is considered correct only
if its character boundaries exactly match the gold standard annotations. Additionally, for Subtask 1, a
complementary relaxed metric based on token-level Intersection over Union (IoU≥ 0.8) is also reported.

Finally, the Overall score for Track 1 is computed as the harmonic mean of the Subtask 1 and Subtask 2
official scores:

Overall =
2× 𝐹1ST1 × 𝐹1ST2

𝐹1ST1 + 𝐹1ST2
(1)

3. System Description

Our system follows a two-stage pipeline architecture with a shared encoder. Figure 2 provides an
overview. First, a pre-trained BERT-based language model encodes the input text. Then, two task-
specific heads—one for entity extraction and one for relation classification—operate on the shared
hidden states.

We use BETO [8] (dccuchile/bert-base-spanish-wwm-cased) as the shared encoder, a BERT-
base model pre-trained on a large Spanish corpus with whole-word masking. The model produces
contextualised representations H ∈ R𝐵×𝐿×𝑑, where 𝑑 = 768.

To handle abstracts exceeding the 512-token limit, we employ a sliding window strategy with a
configurable stride (default: 128 tokens). The tokeniser produces overlapping chunks, and entities
spanning multiple chunks are aligned through offset mapping. Gradient checkpointing is enabled on
the encoder to reduce VRAM consumption during training.

3.1. Subtask 1: GlobalPointer with GSSDAF

3.1.1. GlobalPointer Head

For entity extraction, we adopt the GlobalPointer framework [7], which formulates span detection
as a biaffine scoring problem. Given the encoder output H, a linear projection maps each token
representation into query q𝑖 and key k𝑖 vectors for each entity type 𝑐:

[q
(𝑐)
𝑖 ;k

(𝑐)
𝑖 ] = W(𝑐)h𝑖 + b(𝑐) (2)
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Figure 2: Full architecture of the SINAI system. A shared BETO encoder feeds two task-specific heads: (left) the

GlobalPointer + GSSDAF head extracts argumentative components via biaffine span scoring refined with local

(LSDE) and global (GSDA) span-dependency branches; (right) the Span-Pair Relation Classifier concatenates

mean-pooled span representations with type and distance embeddings through a 3-layer MLP trained with

𝛼-Focal Loss. Dashed arrows indicate that detected entities feed the relation head and that a residual connection

preserves span-logit calibration. A 5-fold majority-voting ensemble consolidates predictions at inference.

where W(𝑐) ∈ R2𝑑ℎ×𝑑 and 𝑑ℎ is the head dimension (64 in our configuration).

Rotary position embeddings (RoPE). To inject position information into the biaffine space, we
apply Rotary Position Embeddings [9] to both query and key vectors. RoPE encodes absolute position
through rotation matrices applied in the complex plane, enabling the dot product between queries and



keys to naturally capture relative position:

RoPE(x,𝑚) =

⎛⎜⎜⎜⎜⎜⎝
𝑥1 cos(𝑚𝜃1)− 𝑥2 sin(𝑚𝜃1)
𝑥2 cos(𝑚𝜃1) + 𝑥1 sin(𝑚𝜃1)

...
𝑥𝑑ℎ−1 cos(𝑚𝜃𝑑ℎ/2)− 𝑥𝑑ℎ sin(𝑚𝜃𝑑ℎ/2)

𝑥𝑑ℎ cos(𝑚𝜃𝑑ℎ/2) + 𝑥𝑑ℎ−1 sin(𝑚𝜃𝑑ℎ/2)

⎞⎟⎟⎟⎟⎟⎠ (3)

where 𝜃𝑘 = 10000−2𝑘/𝑑ℎ .
The span logit matrix for entity type 𝑐 is then:

𝑠
(𝑐)
𝑖,𝑗 = RoPE(q(𝑐)

𝑖 , 𝑖)⊤RoPE(k(𝑐)
𝑗 , 𝑗) (4)

producing a tensor S ∈ R𝐵×𝐶×𝐿×𝐿 where 𝐶 = |{Premise,Claim,MajorClaim}| = 3.
An upper-triangular mask is applied to enforce 𝑖 ≤ 𝑗 (valid spans only), and positions outside the

attention mask are set to −104.

3.1.2. GSSDAF Span Interaction Network

Vanilla GlobalPointer assumes independence between predicted spans, which is a poor assumption for
argumentative structures where premises and claims exhibit strong co-occurrence patterns. To address
this, we apply a GSSDAF interaction module [10] on top of the base logit matrix S.

The GSSDAF module (depicted in Figure 2) processes the base logit matrix S through a sequence
of normalisation, parallel feature extraction, and fusion steps. First, in a pre-normalisation step, a
GroupNorm layer normalises S across the entity-type channel dimension to produce the normalised
logits Ŝ, preventing the subsequent refinement from disrupting the calibration of the > 0 decision
threshold.

Next, the normalised logits are processed through two parallel branches to model different types of
span relationships. The Local Span Dependency Enhancement (LSDE) branch captures dependencies
between adjacent spans (i.e., spans with similar start or end positions) by passing the normalised logits
through two stacked 3× 3 Conv2D layers with GELU activation:

Flocal = Conv2
(︀
GELU(Conv1(Ŝ))

)︀
(5)

Simultaneously, the Global Span Dependency-Aware (GSDA) branch models long-range span depen-
dencies. To avoid the prohibitive 𝑂(𝐿4) complexity of full 2D attention, this branch applies an axial-
attention mechanism [11] that reduces the complexity to 𝑂(𝐿3) by decomposing the operation into
column-wise and row-wise attention:

Fglobal = AxialAttncol(Ŝ) + AxialAttnrow(Ŝ) (6)

Here, row attention models spans that share the same start position, while column attention models
spans sharing the same end position.

To prevent noisy or invalid global interactions from affecting the representations, an adaptive sigmoid
gating mechanism is applied to the output of the GSDA branch:

G = 𝜎(Conv1×1(Fglobal))⊙ Fglobal (7)

The local features Flocal and the gated global features G are then concatenated along the channel
dimension and fused through a 1× 1 convolution:

Ffused = Conv1×1([Flocal;G]) (8)

Finally, a residual connection adds the fused features back to the original logit matrix to produce the
refined span logit matrix:

Ŝrefined = S+ Ffused (9)



3.1.3. Entity Loss Function

For training the entity head, we use the multilabel categorical cross-entropy loss proposed in the original
GlobalPointer work [7]. Unlike standard binary cross-entropy, this loss function treats each row of the
flattened span matrix as a multi-class problem where positive spans compete against all negative spans:

ℒent =
1

𝐶

𝐶∑︁
𝑐=1

𝑤𝑐 ·
[︂
log

(︂
1 +

∑︁
(𝑖,𝑗)∈𝒩 (𝑐)

𝑒𝑠
(𝑐)
𝑖,𝑗

)︂
+ log

(︂
1 +

∑︁
(𝑖,𝑗)∈𝒫(𝑐)

𝑒−𝑠
(𝑐)
𝑖,𝑗

)︂]︂
(10)

where𝒫(𝑐) and𝒩 (𝑐) denote the sets of positive and negative spans for entity type 𝑐, and 𝑤𝑐 are dynamic
class weights computed from entity frequency in the training dataset using inverse-frequency balancing:

𝑤𝑐 =
𝑁total

𝐶 ·𝑁𝑐

⧸︂
1

𝐶

𝐶∑︁
𝑐′=1

𝑁total

𝐶 ·𝑁𝑐′
(11)

3.2. Subtask 2: Span-Pair Relation Classifier

For relation classification, we employ a dedicated span-pair classifier that takes as input the shared
encoder’s hidden states and the detected entity positions.

3.2.1. Pair Representation and Classification

Given two entities (𝑒𝑖, 𝑒𝑗) with token-level positions [𝑠𝑖, 𝑒𝑖] and [𝑠𝑗 , 𝑒𝑗 ], the feature vector f for the
pair is constructed by concatenating three components: span representations, entity type embeddings,
and a distance embedding.

First, we compute the span representations using the mean-pooled hidden states for each entity,
normalised with LayerNorm:

r𝑖 = LN

(︃
1

𝑒𝑖 − 𝑠𝑖 + 1

𝑒𝑖∑︁
𝑘=𝑠𝑖

h𝑘

)︃
(12)

These representations are concatenated asymmetrically as [r𝑖; r𝑗 ] to preserve the directionality of the
relation (𝑒𝑖 → 𝑒𝑗). To avoid GPU memory issues with large numbers of pairs, span representations are
computed in chunks of 512.

Second, we incorporate entity type embeddings t𝑖, t𝑗 ∈ R32, which are learned embeddings
representing the types of both arguments (Premise: 0, Claim: 1, MajorClaim: 2).

Third, we include a learned distance embedding d ∈ R32 based on the logarithmically bucketised
absolute token distance between the start positions of the two entities:

bucket(|𝑠𝑖 − 𝑠𝑗 |), buckets = {0, 1, 2, 3, 4, [5, 7], [8, 15], [16, 31], . . .} (13)

with 16 distance buckets total.
The final pair representation f has dimensionality 2𝑑 + 2 × 32 + 32 = 2 × 768 + 96 = 1632.

This concatenated vector is passed through a three-layer Multi-Layer Perceptron (MLP) with GELU
activations and dropout (𝑝 = 0.3) to obtain the relation predictions:

𝑦 = W3 GELU
(︀
W2 GELU(W1f + b1) + b2

)︀
+ b3 (14)

with hidden dimensions [𝑑, 𝑑/2, 𝑅] where 𝑅 = |{NoRelation, Support,Attack, Partial-Attack}| = 4.



3.2.2. Relation Loss Function

Given the extreme class imbalance in relation labels (the vast majority of pairs have no relation), we
train the relation head with 𝛼-balanced Focal Loss [12]:

ℒrel = −
1

𝑁

𝑁∑︁
𝑛=1

𝛼𝑦𝑛(1− 𝑝𝑦𝑛)
𝛾 log(𝑝𝑦𝑛) (15)

where 𝛾 = 2.0 focuses learning on hard examples, and 𝛼𝑦𝑛 are per-class weights.

3.3. Joint Training

The total loss for joint training is a weighted combination:

ℒ = ℒent + 𝜆 · ℒrel (16)

where 𝜆 controls the relative importance of the relation loss (set to 1.0 in our experiments).

4. Experimental Setup

4.1. Dataset

The GRACE Track 1 dataset, derived from the ClinArgES dataset [6], consists of Spanish RCT abstracts
annotated with argumentative components and relations. The organisers provided a training set and a
development set. For our K-Fold experiments, we partitioned the official training dataset (350 documents)
into 5 folds, where each fold uses 80% of the training documents (280 documents) for training and
reserves 20% (70 documents) for validation. To leverage all available data during ensembling, the
validation split for each fold is combined with the separate official development dataset (50 documents),
resulting in 120 validation documents per fold. This ensembling phase was preceded by a separate
hyperparameter optimisation stage, where the training and development sets remained strictly separated
as a static split.

4.2. Preprocessing and Model Training

To prepare the input text for the shared encoder, the clinical trial abstracts are tokenised using the
pre-trained tokeniser of the base model. We set a maximum sequence length of 512 tokens, with a sliding
window stride of 128 tokens, padding to the maximum length, and retaining the offset mapping to
ensure proper character-to-token alignment. Using this offset mapping, entity annotations are mapped
from character offsets to token positions. The label tensor for each chunk is defined as a sparse matrix
Y ∈ {0, 1}𝐶×𝐿×𝐿, where 𝑌𝑐,𝑖,𝑗 = 1 if an entity of type 𝑐 spans from token 𝑖 to token 𝑗. To prevent
out-of-memory errors during training, these label indices are stored as sparse tuples (𝑐, 𝑖, 𝑗), and the
dense matrix is generated on-the-fly during data loading.

We optimised the model hyperparameters using Optuna [13] with a Tree-structured Parzen Estimator
(TPE) sampler. We ran 30 search trials over the hyperparameter space, defining the search ranges
shown in Table 1. Prior to K-fold partitioning, these trials were validated solely against the static official
development split (50 documents) with models trained on the official training split (350 documents),
yielding a best development macro F1 score of 0.6685. This process selected a learning rate of 8.94×10−5,
a batch size of 2, a gradient accumulation of 1 step, a hidden head dimension of 64, and training for 45
epochs.

Using these optimal hyperparameters, the final system was trained on an NVIDIA Ampere GPU
using Slurm scheduling within the PyTorch framework [14]. We employ the AdamW optimiser [15]
with a fused implementation for faster execution, alongside a learning rate schedule consisting of a
linear warmup for 1 epoch followed by linear decay. To stabilise training, we apply gradient clipping
with a maximum norm of 1.0. Mixed-precision training is enabled via FP16 scaling using PyTorch’s



Table 1
Hyperparameter search space for Optuna optimisation.

Hyperparameter Range/Values Best Value

Learning rate [4× 10−5, 10−4] (log) 8.94× 10−5

Batch size 2 (fixed) 2

Gradient accumulation {1, 2, 4} 1

Head dimension {32, 64} 64

Epochs [20, 50] 45

torch.amp.GradScaler. We employ early stopping with a patience of 10 epochs based on validation
loss, and implement a 5-fold cross-validation scheme using the pre-defined split configurations.

4.3. Ensemble Strategy

At inference time, we employ a majority voting ensemble over the 𝐾 = 5 fold models:

Algorithm 1 Majority Voting Ensemble for Entities and Relations

Require: Models {𝑀1, . . . ,𝑀𝐾}, test data 𝒟, entity threshold 𝜏ent, relation threshold 𝜏rel
1: for each document 𝑑 ∈ 𝒟 do
2: ◁ Phase 1: Entity Ensemble
3: span_votes← {}
4: for each model 𝑀𝑘 do
5: entities𝑘 ← predict_entities(𝑀𝑘, 𝑑)
6: for each (𝑡𝑦𝑝𝑒, 𝑠𝑡𝑎𝑟𝑡, 𝑒𝑛𝑑) ∈ entities𝑘 do
7: span_votes[(𝑡𝑦𝑝𝑒, 𝑠𝑡𝑎𝑟𝑡, 𝑒𝑛𝑑)] += 1
8: end for
9: end for

10: ℰfinal ← {𝑠 | span_votes[𝑠] ≥ 𝜏ent}
11: ◁ Phase 2: Relation Ensemble
12: rel_votes← {}
13: for each pair (𝑒𝑖, 𝑒𝑗) ∈ ℰfinal × ℰfinal where 𝑖 ̸= 𝑗 do
14: for each model 𝑀𝑘 do
15: 𝑟 ← predict_relation(𝑀𝑘, 𝑒𝑖, 𝑒𝑗 , 𝑑)
16: if 𝑟 ̸= NoRelation then
17: rel_votes[(𝑒𝑖, 𝑒𝑗 , 𝑟)] += 1
18: end if
19: end for
20: end for
21: ℛfinal ← {(𝑒𝑖, 𝑒𝑗 , 𝑟) | rel_votes[(𝑒𝑖, 𝑒𝑗 , 𝑟)] ≥ 𝜏rel}
22: end for

We set the entity vote threshold 𝜏ent = 3 (majority of 5 folds) and the relation vote threshold 𝜏rel = 2.

5. Results

Table 2 presents our official results on the GRACE Track 1 test set. Our system BETO-GSSDAF-GP-KF5
(Ensemble) ranked 1st in the Track 1 leaderboard with an Overall score of 26.42. To analyse the impact of
ensembling, we also report two single-model runs of the same architecture (without K-Fold ensembling)
trained with different random seeds.

Our span-extraction approach is effective for detecting argumentative components in Subtask 1,
achieving 36.87 strict macro F1. This formulation avoids the cascading boundary errors that plague



Table 2
Official results on the GRACE Track 1 test set. All scores are macro-averaged Strict/Relaxed F1 (×100). The last

two configurations correspond to single-model runs without K-Fold ensembling, trained with different random

seeds.

System / Configuration Overall Subtask 1 F1 Subtask 2 F1

Strict Relaxed Strict Relaxed

BETO-GSSDAF-GP-KF5 26.42 36.87 52.09 15.97 24.42

BETO-GSSDAF-GP (Single, Seed 1) 23.04 30.53 44.06 15.56 23.06

BETO-GSSDAF-GP (Single, Seed 2) 22.63 29.21 43.55 16.05 24.28

sequence-labelling methods, as the model directly predicts (start, end) pairs for each entity type.
Furthermore, the GSSDAF module contributes to this performance by allowing the model to reason
about span co-occurrences. For instance, the presence of a Premise span in the results section of an
abstract often co-occurs with a Claim span in the discussion, and the local convolutional branch captures
these adjacency patterns in the span matrix.

Conversely, Subtask 2 proved considerably more challenging, yielding 15.97 strict macro F1. This is
consistent with the general difficulty of relation classification in AM, which compounds the errors from
entity detection (incorrect entity boundaries propagate to incorrect relation boundaries under strict
evaluation) and faces severe class imbalance: the vast majority of entity pairs have no argumentative
relation. Although the 𝛼-balanced Focal Loss helps mitigate this imbalance by down-weighting easy
negative examples, the limited number of positive relation examples in the training data remains a
bottleneck.

Our error analysis reveals several key challenges our system faces. First, boundary precision under
strict evaluation represents a significant source of false negatives, where minor boundary discrepancies
(such as trailing punctuation or leading whitespace) result in missed matches despite correct type
predictions. Second, detecting MajorClaims remains difficult due to their scarcity in the training set,
although incorporating position-based features could mitigate this. Third, relation sparsity introduces a
severe class imbalance, occasionally causing the classifier to predict relations between spatially distant
but argumentatively unrelated spans. Finally, pipeline error propagation is present, where missed or
incorrectly boundary-aligned spans in Subtask 1 inevitably propagate to relation errors in Subtask 2.

6. Conclusions

We presented the SINAI system for the GRACE 2026 Track 1 shared task on Argument Mining in Spanish
clinical trial abstracts. Our approach combines a GlobalPointer span extraction head enhanced with GSS-
DAF inter-span dependency modelling, a span-pair relation classifier with rich feature representations,
and a 5-fold cross-validated ensemble with majority voting.

The system achieved highly competitive results, ranking 1st on the Track 1 leaderboard with an
Overall score of 26.42, demonstrating the effectiveness of span-extraction methods for argumentative
component detection in the biomedical domain.
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