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Abstract
This paper describes our system for SpeechMATICS, a shared task on irony detection in Spanish at IberLEF
2026. The competition comprises two tasks: Task 1, which addresses irony detection from text only, and Task 2,
which introduces a multimodal setting combining text and audio. For both tasks, we adopt transformer-based
models, which have become the dominant approach for text and speech classification. For Task 1, we fine-tune
and compare three Spanish-oriented text models: BETO, BERTIN, and MrBERT-es, selecting BETO as the best
performing model. For Task 2, we evaluate three audio transformer models: Wav2Vec2, HuBERT, and WavLM.
Then, we explore three multimodal fusion strategies: a weighted ensemble, a Support Vector Machine (SVM)
and a Multilayer Perceptron (MLP). The best performing configuration is a BETO+WavLM fusion using an SVM
trained on text logits and audio embeddings, achieving a macro-averaged F1 score of 0.708 on the official test
set. Our system achieved first place in Task 2 and second place in Task 1 on the official leaderboard. The results
suggest that combining text and audio is beneficial for irony detection in Spanish, with all fusion strategies
outperforming the text-only baseline.
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1. Introduction

Irony is a form of figurative language in which the intended meaning of an utterance differs from its
literal interpretation. Detecting irony automatically is a well-known challenge in Natural Language
Processing (NLP), as it requires understanding pragmatic and contextual cues that go beyond the
surface meaning of words [1]. This makes irony particularly problematic for downstream tasks such as
sentiment analysis and opinion mining where misclassifying an ironic statement can lead to incorrect
conclusions about the expressed opinion.

In this paper, we describe our participation for SpeechMATICS [2], a shared task organized within
IberLEF [3], focused on irony detection in Spanish. The competition defines two tasks. Task 1 focuses
on text-only irony classification, where systems must determine whether a given written transcription
is ironic or non-ironic. Task 2 introduces a multimodal setting, where both the text transcription and
its corresponding audio recording are available. In this task, systems must classify the audio-text pair
as ironic or non-ironic. Our system ranked first in Task 2 (multimodal irony detection) and second in
Task 1 (text-only irony detection), achieving the best overall performance in the competition based on
the official evaluation criteria.

For Task 1, we fine-tune and compare three Spanish-based transformer models: BETO, BERTIN and
MrBERT, selecting the best performing one for submission. For Task 2, we additionally evaluate three
audio transformer models: Wav2Vec2, HuBERT, and WavLM and test three fusion strategies to combine
the results of both text and audio models: a weighted ensemble, a Support Vector Machine (SVM), and
a Multilayer Perceptron (MLP). All systems are evaluated using macro-averaged F1 score.

The rest of the paper is structured as follows. Section 2 reviews related work. Section 3 describes the
dataset. Section 4 details our methodology. Section 5 covers the experimental setup. Section 6 and 7
reports results. Section 8 discusses findings and limitations. Section 9 concludes the paper, and Section
10 outlines future work.
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2. Related Work

Early work on irony detection includes the SemEval-2018 Task 3 proposed by Van Hee et al. (2018) [4],
which focused on the classification of English tweets as ironic or non-ironic. Subsequent studies have
extended irony detection to other languages, including Spanish and Arabic [5, 6].

Most previous approaches have primarily relied on textual information, despite the fact that irony is
often conveyed through additional acoustic and prosodic cues in spoken language. In the multimodal
setting, Malik et al. (2023) [7] investigate irony detection in social media posts combining text and
images, and evaluate whether visual information provides complementary signals for the task. Their
findings suggest that text-only transformer models can perform competitively, raising questions about
the actual benefit of additional modalities in some multimodal settings.

In contrast, Barceló Milkova (2025) [8] explores irony detection in Spanish speech and text, proposing
a system that integrates textual and acoustic representations. The study introduces a dedicated corpus
and evaluates different strategies for fusing speech and text-based models, highlighting the potential of
acoustic cues for spoken irony detection in Spanish.

3. Dataset analysis

The competition dataset, MESironic [9], consists of 5,100 Spanish audio-text pairs with a near-balanced
class distribution of approximately 50.7% ironic and 49.3% non-ironic samples.

The transcriptions are relatively short, with a mean of approximately 12 words per sample and
a maximum of 109 words. After tokenization, the mean number of tokens is 16 and the median is
13. Although the longest sample contains 161 tokens, 90% of the samples contain fewer than 30
tokens, indicating that the dataset consists predominantly of short utterances. Based on this analysis, a
maximum sequence length of 48 tokens was selected, which is sufficient to cover the vast majority of
samples without significant truncation. A slight difference in mean length is observed between classes,
with non-ironic samples being slightly longer (13 vs. 10 words on average).

The total duration of the audio dataset is approximately 296 minutes. Individual recordings are
generally short, with a median duration of 2.70 seconds and a mean of 3.52 seconds. The 90th and 95th
percentiles are 6.79 and 8.72 seconds respectively, indicating that the majority of recordings are brief
utterances, consistent with the short nature of the transcriptions. A slight difference in duration is
observed between classes, with non-ironic samples being marginally longer on average (3.79s vs. 3.20s),
mirroring the pattern observed in the text analysis.

No relevant noise, errors, or inconsistencies were detected in the text, as the dataset had been
previously reviewed manually by the dataset authors.

3.1. On the Use of Data Augmentation

In small datasets such as this one, data augmentation is a commonly used technique to increase the
amount of training data and improve model generalization [10]. However, given the highly context-
dependent nature of irony and the fact that meaning often relies on the precise wording and tone, its
application was considered problematic. Common text augmentation approaches such as synonym
replacement or back-translation risk altering the meaning of ironic statements, potentially introducing
noise or even flipping the label of an augmented sample. Additionally, standard audio augmentation
techniques may alter the prosodic and tonal cues that are essential to the expression of spoken irony.
For these reasons, data augmentation was discarded in favor of working directly with the original
dataset.



4. Methodology

4.1. Evaluation and fine-tuning of models

For both tasks, an initial set of three candidate models was selected for text and audio respectively. Each
model was fine-tuned and evaluated locally using a 80/20 train/validation split, with macro-averaged F1
as the evaluation metric. Due to hardware and time constraints, all models were fine-tuned using the
same hyperparameter configuration, varying only the learning rate between 1e-5 and 2e-5. The best
performing model in each case was selected for the subsequent fusion experiments.

Hyperparameter Text Models Audio Models
Learning rate 1e-5, 2e-5 1e-5, 2e-5
Epochs 5 3
Batch size 32 8
Warmup ratio 0.1 0.1
Weight decay 0.01 0.01
Max grad. norm - 1.0

Table 1
Hyperparameter configuration used for fine-tuning text and audio models.

4.1.1. Text models

For Task 1, we evaluate three BERT-based transformer models trained on Spanish text: BETO [11],
BERTIN [12] and MrBERT-es [13], which we briefly describe below.

1. BETO: BERT-based language model trained exclusively on Spanish text, including the Spanish
Wikipedia and all Spanish-language sources from the OPUS Project [14]. With 110M parameters,
it is one of the earliest and most widely adopted transformer models for Spanish NLP. BETO is
available in both cased and uncased versions; given the nature of irony, where capitalisation may
carry pragmatic significance, we opted for the cased version.

2. BERTIN: RoBERTa-based language model trained from scratch on Spanish text, specifically on
a sampled subset of the Spanish portion of the mC4 dataset. A key contribution of BERTIN is
the introduction of perplexity sampling, a technique that enables efficient pre-training using
approximately half the number of steps and one fifth of the data compared to standard approaches,
while achieving comparable performance to existing Spanish language models.

3. MrBERT-es: Bilingual Spanish-English encoder derived from MrBERT, a family of ModernBERT-
based models pre-trained on 35 languages. MrBERT-es is obtained from the multilingual base
model through vocabulary adaptation, reducing the model size to 150M parameters while special-
izing it for Spanish and English. At the time of this work, it represents one of the most recently
released Spanish language models.

4.1.2. Audio models

For Task 2, we evaluate three transformer-based audio models pre-trained on English speech using self-
supervised learning: Wav2Vec2 [15], HuBERT [16], and WavLM [17]. Although multilingual variants
exist for each of these models, the English base versions were selected for three reasons: hardware
constraints, the small size of the dataset, and to ensure a fair comparison across models.

1. Wav2Vec2: Learns speech representations directly from raw audio through a combination of a
convolutional neural network and a Transformer, and is fine-tuned on labeled data for downstream
tasks.

2. HuBERT: Addresses the challenge of learning from continuous audio by using an offline clus-
tering step to generate aligned target labels for a BERT-like masked prediction loss. A key



characteristic of the approach is that the prediction loss is applied over masked regions only,
forcing the model to learn both acoustic and language representations.

3. WavLM: Extends this paradigm by jointly learning masked speech prediction and speech denois-
ing during pre-training, allowing it to capture both speech content and non-speech information
such as speaker identity and paralinguistics. It also employs gated relative position bias in its
Transformer structure to better capture the ordering of input speech.

4.2. Fusion of text and audio models

To combine the text and audio models for Task 2, three fusion strategies were explored: a weighted
ensemble, a Support Vector Machine (SVM), and a Multilayer Perceptron (MLP). Each strategy was
applied to the best performing text and audio models, as determined by the local evaluation described
in Section 6. The following subsections describe each approach in detail.

4.2.1. Weighted ensemble

The weighted ensemble combines the class probabilities produced by the text and audio models through
a weighted sum, defined as:

𝑝combined = 𝑤text ⋅ 𝑝text + (1 − 𝑤text) ⋅ 𝑝audio (1)

where 𝑝text and 𝑝audio are the softmax probability vectors output by the text and audio models
respectively, and 𝑤text ∈ [0, 1] is the weight assigned to the text model. The final prediction is the class
with the highest combined probability.

To study the relative contribution of each modality, three fixed weights were evaluated: 0.25, 0.5
and 0.75. A weight of 0.25 favours the audio model, 0.75 favours the text model, and 0.5 gives equal
contribution to both. Additionally, an attempt was made to estimate the optimal weight through local
evaluation on the validation split.

4.2.2. SVM

The SVM fusion approach uses the output of the text and audio models as input features to train
a Support Vector Machine classifier. Several input feature combinations were explored: text logits
concatenated with audio embeddings, text logits concatenated with audio logits, and text embeddings
concatenated with audio embeddings. In all cases, features are normalized using standard scaling prior
to training, and an RBF kernel is used.

Optimal hyperparameters were selected through a grid search with 5-fold cross-validation on the
training split, optimizing for macro-averaged F1. The search covered the following parameter ranges:
𝐶 ∈ {1, 10, 100, 1000} and 𝛾 ∈ {scale, auto, 0.01, 0.001}. The best performing configuration was then
evaluated on the held-out validation split to obtain an unbiased estimate of performance. The input
and hyperparameter combination that yielded the best results is reported in Section 7.2.

4.2.3. MLP

The MLP fusion approach trains a multilayer perceptron on the concatenated outputs of the text and
audio models. Several input feature combinations were explored: text CLS token embeddings concate-
nated with audio embeddings, text logits concatenated with audio logits, and text logits concatenated
with audio embeddings. In all cases, features are normalized using standard scaling prior to training.

Due to hardware and time constraints, most hyperparameters were fixed: AdamW optimizer with
a learning rate of 1e-5, weight decay of 0.01, dropout of 0.4, batch size of 32, and 30 training epochs.
The hidden dimension was the only hyperparameter varied, with values of 128, 256, and 512 evaluated.
The model achieving the highest macro-averaged F1 on the validation split was selected as the best
performing configuration. The input combination that yielded the best results is reported in Section 7.3.



5. Experimental setup

All experiments were conducted on a single NVIDIA RTX 3050 GPU with 8GB of VRAM. A fixed
random seed of 73918452 was used across all experiments to ensure reproducibility. All transformer
models were loaded and fine-tuned using the HuggingFace Transformers library [18], with PyTorch
[19] as the underlying deep learning framework. Audio loading and resampling were handled using
librosa [20], and SVM training and hyperparameter search were performed using scikit-learn [21]. Data
manipulation was handled with NumPy [22] and pandas [23].

6. Local Model Evaluation

6.1. Text Model Evaluation

Table 2 shows the results of the local evaluation of the three text models under the fine-tuning con-
figuration described in Section 6. BETO achieves the highest macro-averaged F1 score across both
learning rates, with a learning rate of 1e-5 yielding the best result (F1 = 0.6822). BERTIN consistently
underperforms the other two models. MrBERT-es obtains competitive results but performs worse than
BETO, despite being the most recently released model Based on these results, BETO with a learning
rate of 1e-5 was selected for all subsequent experiments.

Model LR Precision Recall F1
BETO 1e-5 0.6826 0.6823 0.6822

2e-5 0.6710 0.6707 0.6705
BERTIN 1e-5 0.6178 0.6176 0.6174

2e-5 0.6515 0.6493 0.6478
MrBERT-es 1e-5 0.6529 0.6529 0.6529

2e-5 0.6533 0.6528 0.6526

Table 2
Text model comparison results on the local evaluation set.

6.2. Audio Model Evaluation

Table 3 shows the results of the local evaluation of the three audio models under the fine-tuning
configuration described in Section 6. All three models perform best with a learning rate of 2e-5.
HuBERT achieves the highest macro-averaged F1 score (F1 = 0.6588), followed closely by WavLM (F1 =
0.6526) and Wav2Vec2 (F1 = 0.6474). While the differences between all three models are small, HuBERT
and WavLM were selected for the fusion experiments and Wav2Vec2 was discarded. This decision was
motivated by Wav2Vec2 being the worst performing model across both learning rates, as well as time
and hardware constraints that limited the number of fusion configurations that could be explored.

Model LR Precision Recall F1
Wav2Vec2 1e-5 0.6249 0.6208 0.6162

2e-5 0.6582 0.6524 0.6474
HuBERT 1e-5 0.6546 0.6517 0.6488

2e-5 0.6592 0.6592 0.6588
WavLM 1e-5 0.6442 0.6416 0.6408

2e-5 0.6527 0.6526 0.6526

Table 3
Audio model comparison results on the local evaluation set.



7. Competition results

7.1. Weighted ensemble

For both audio models, the best results were obtained with equal weighting 𝑤BETO=0.5, suggesting that
text and audio contribute similarly to the final prediction. An optimal weight was estimated through
local evaluation, yielding 𝑤BETO=0.65 for BETO+HuBERT and 𝑤BETO=0.55 for BETO+WavLM. However,
both locally optimized weights performed worse on the official Codabench test set than the equal
weighting, and thus are not presented in the table.

Text Model Audio Model Weights Precision Recall F1
BETO HuBERT 𝑤𝐵𝐸𝑇𝑂 = 0.25 0.6508 0.6487 0.6468

𝑤𝐵𝐸𝑇𝑂 = 0.50 0.6854 0.6848 0.6842
𝑤𝐵𝐸𝑇𝑂 = 0.75 0.6690 0.6690 0.6688

BETO WavLM 𝑤𝐵𝐸𝑇𝑂 = 0.25 0.6757 0.6751 0.6751
𝑤𝐵𝐸𝑇𝑂 = 0.50 0.6966 0.6966 0.6966
𝑤𝐵𝐸𝑇𝑂 = 0.75 0.6810 0.6811 0.6810

Table 4
Weighted ensemble fusion results on Codabench (Task 2).

7.2. SVM

Out of all tested input combinations, using the text model logits and audio model embeddings yielded the
best results for both BETO+HuBERT and BETO+WavLM, and is therefore the configuration reported in
Table 5. The optimal hyperparameters found through GridSearch are also included. In both cases, an RBF
kernel with C=1 was selected as the best configuration. BETO+WavLM outperforms BETO+HuBERT,
achieving an F1 score of 0.7016 compared to 0.6974, making it the best performing fusion configuration
observed across all three strategies.

Text Model Audio Model Hyperparameters Precision Recall F1
BETO WavLM C=1, 𝛾=scale, kernel=rbf 0.7026 0.7016 0.7016
BETO HuBERT C=1, 𝛾=0.001, kernel=rbf 0.6978 0.6974 0.6974

Table 5
SVM fusion results on Codabench (Task 2).

7.3. MLP

Out of all tested input combinations, concatenating the text and audio model embeddings yielded the
best results for both BETO+HuBERT and BETO+WavLM, and is therefore the configuration reported in
Table 6. Among the neuron sizes evaluated, 256 neurons achieved the best performance for both audio
model combinations. As with the previous fusion strategies, BETO+WavLM outperforms BETO+Hu-
BERT, achieving an F1 score of 0.6875 compared to 0.6854. However, the MLP underperforms both the
weighted ensemble and the SVM across all configurations, making it the weakest of the three fusion
strategies evaluated.

Text Model Audio Model Hyperparameters Precision Recall F1
BETO 1e-5 HuBERT 2e-5 256 neurons, wd=0.01, dropout=0.4, lr=1e-5 0.6881 0.6858 0.6854
BETO 1e-5 WavLM 2e-5 256 neurons, wd=0.01, dropout=0.4, lr=1e-5 0.6938 0.6888 0.6875

Table 6
MLP fusion results on Codabench (Task 2).



7.4. Final competition results

For task 1, BETO was used with the hyperparameter configuration described in section 6. For task 2,
an SVM combining BETO’s logits and WavLM’s embeddings was used, as it performed the best out of
all fusion strategies evaluated. Additionally, the SVM was retrained with 100% of the data, using the
hyperparameter configuration obtained in section 7.2.

Rank Participant Precision Recall F1
1 carlosdf 0.660 0.659 0.659
2 migueluc3m 0.658 0.658 0.658
3 UC-UCO-Plenitas 0.654 0.646 0.641
4 HammerTeam 0.623 0.623 0.622
- Baseline 0.602 0.602 0.600

Table 7
Task 1 official leaderboard results on Codabench.

Rank Participant Precision Recall F1
1 migueluc3m 0.710 0.709 0.708
2 carlosdf 0.697 0.697 0.697
3 UC-UCO-Plenitas 0.669 0.669 0.668
4 HammerTeam 0.662 0.649 0.641
- Baseline 0.610 0.609 0.609

Table 8
Task 2 official leaderboard results on Codabench.

Tables 7 and 8 show the official leaderboard results for Task 1 and Task 2 respectively. For Task 1,
our system ranked second with an F1 score of 0.658, close to the first place result of 0.659. For Task 2,
our system achieved first place with an F1 score of 0.708, outperforming the second place system by a
margin of 0.011. The larger margin observed in Task 2 suggests that the multimodal approach provided
a more decisive advantage over competing systems than the text-only approach.

8. Discussion and limitations

The weighted ensemble results suggest that text and audio contribute similarly to irony detection, as
equal weighting (𝑤BETO = 0.5) consistently outperformed configurations that favoured either modality.
This is an indication that both modalities carry complementary information for this task, and that
neither dominates the other.

Among the fusion strategies, the SVM achieved the best results, outperforming both the ensemble and
the MLP. For the SVM, the combination of text logits and audio embeddings consistently outperformed
other input combinations. One possible explanation is that the text logits, being a compact 2-dimensional
representation of the model’s final decision, provide a clean and direct classification signal, while the
richer 768-dimensional audio embeddings allow the SVM to exploit finer-grained acoustic information.
However, this remains a hypothesis and further analysis would be needed to confirm it.

The MLP consistently underperformed both the ensemble and the SVM across all configurations.
This could be attributed to the small size of the dataset, which may be insufficient for training a neural
network from scratch, as well as the lack of extensive hyperparameter tuning due to the previously
mentioned hardware and time constraints.

In all fusion experiments, BETO+WavLM outperformed BETO+HuBERT, suggesting that WavLM’s
joint training on masked speech prediction and denoising may provide more useful representations
for irony detection than HuBERT’s clustering-based approach. However, given the small dataset and
limited tuning, this conclusion should be treated with caution.

Additionally, several limitations of the present work should be acknowledged. First, all text and audio
models were fine-tuned using the same hyperparameter configuration, varying only the learning rate.



This lack of model-specific hyperparameter tuning means that the relative performance of the evaluated
models may not reflect their true potential: a different model could potentially have outperformed
BETO or WavLM under a more exhaustive search.

Second, the audio models used are base models pre-trained exclusively on English speech, which
may limit their ability to capture Spanish-specific prosodic and acoustic cues relevant to irony. Third,
the MLP architecture was not extensively tuned due to hardware and time constraints, and a more
systematic search could yield better results.

Finally, the small size of the dataset represents a general limitation for all approaches, as it restricts
the ability to train and evaluate models.

9. Conclusion

In this paper, we described our system for SpeechMATICS, a shared task on irony detection in Spanish at
IberLEF 2026. We evaluated transformer-based models for both text and audio modalities, and explored
three multimodal fusion strategies to combine them for Task 2.

For Task 1, BETO was selected as the best performing text model, achieving a macro-averaged F1
score of 0.6822 on the local evaluation set. For Task 2, an SVM fusion of BETO and WavLM, trained on
text logits and audio embeddings, achieved the best results across all fusion strategies, obtaining a F1
score of 0.708 on the official Codabench test set. Our system achieved first place in Task 2 and second
place in Task 1 on the official leaderboard.

The results suggest that combining text and audio is beneficial for irony detection in Spanish, as
all fusion strategies outperformed the individual text model baseline. The weighted ensemble results
further indicate that both modalities contribute similarly to the final prediction, with equal weighting
consistently yielding the best performance. These findings support the hypothesis that acoustic cues
carry meaningful information for irony detection that is not captured by text alone.

10. Future Work

Several directions remain open for future exploration. First, while data augmentation was discarded in
this work due to the context-dependent nature of irony, future work could investigate augmentation
techniques specifically designed to preserve pragmatic meaning in irony datasets.

Second, the hyperparameter search in this work was limited due to hardware and time constraints. A
more exhaustive tuning strategy, for example using a dedicated hyperparameter optimization library
such as Optuna [24], could potentially yield better results and provide a fairer comparison across models.

Third, the audio models used in this work are base models pre-trained exclusively on English speech.
Exploring larger multilingual audio models could improve performance by better capturing Spanish-
specific prosodic and acoustic patterns relevant to irony detection.

Finally, the interpretability of the models remains an open question. Applying explainability tech-
niques such as LIME [25] or SHAP [26] could provide insights into which textual and acoustic features
are most informative for irony detection in Spanish.

Declaration on Generative AI

Generative AI tools were used to assist in coding and improve the overall flow of the writing. The
integrity of this output has been manually verified. All scientific content, including methodology,
results, and conclusions, was produced and manually verified by the author.
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