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Abstract

This report describes the participation of HammerTeam in the SpeechMATICS challenge at IberLEF 2026, which
focuses on identifying irony in colloquial Spanish spoken dialogues. To address this task, two distinct systems
integrating pre-trained transformer embeddings were developed. In the first configuration, mean-pooled textual
representations from XLM-RoBERTa-base and temporal statistical features from Wav2Vec2-Large-XLSR-53 were
extracted and combined through early feature-level concatenation followed by a Multi-Layer Perceptron (MLP)
classifier. In the second configuration, a late fusion pipeline using L2-normalized features and a weighted
probability-based ensemble of calibrated Logistic Regression models was assessed. The evaluation shows that
while both approaches capture relevant ironic cues, the early fusion MLP framework achieved a higher macro
Fy-score of 0.66827, securing 3rd place on the official challenge leaderboard.
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1. Introduction

Irony detection is a highly challenging problem in natural language processing and speech signal
processing, as the true communicative intent of an utterance frequently contradicts its literal meaning.
While lexical markers and textual context provide initial indicators of irony, speakers often rely heavily
on prosodic variations, intonation, and acoustic nuances to signal ironic intent. This makes spoken
language a particularly complex domain for automated detection, requiring systems that can effectively
process both lexical and acoustic modalities.

The SpeechMATICS[1] shared task at IberLEF 2026 [2] addresses this challenge using the MESironic
dataset [3], the first multimodal corpus specifically dedicated to irony detection in Peninsular Spanish.
Drawn from podcasts, livestreams, and stand-up comedy, the dataset represents natural, non-formal
spoken Spanish. The challenge is formulated as a binary classification task (ironic vs. non-ironic) split
into two complementary tracks:

+ Subtask 1: Text-only Irony Classification, which prohibits acoustic information and serves to
analyze the boundaries of text-based irony detection.

+ Subtask 2: Multimodal Irony Classification, which permits the combined usage of audio and
text, encouraging systems that leverage prosodic features to improve detection performance.

This work explores two straightforward fusion methodologies to combine textual and acoustic
modalities. Rather than fine-tuning massive networks end-to-end, a resource-efficient paradigm based
on extracting rich, frozen representations from pre-trained foundation models was adopted. For text, a
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multilingual masked language model was used, and for audio, a robust self-supervised speech processor
was leveraged. An early fusion approach optimized via cross-validated grid search over a Multi-Layer
Perceptron was then compared against a late fusion framework using weighted posterior probabilities
of linear classifiers. The primary early fusion submission yielded a macro F-score of 0.66827 on the
official test set, placing HammerTeam in 3rd place.

The remainder of this report is organized as follows: Section 2 describes the dataset and the feature
extraction pipeline; Section 3 outlines the architecture of the early and late fusion systems; Section 4
analyzes the experimental results; and Section 5 concludes with brief remarks on future directions.

2. Methodology and Feature Extraction

To build a computationally efficient yet robust classification pipeline, end-to-end fine-tuning of large
pre-trained models was avoided. Instead, deep, high-dimensional representations were extracted from
frozen state-of-the-art transformer checkpoints, and lightweight downstream classifiers were trained.
This section describes the feature extraction strategies for both the textual and acoustic modalities.

2.1. Textual Feature Extraction (XLM-RoBERTa)

For the textual transcriptions, the pre-trained x1m-roberta-base model [4] was leveraged, as it
provides strong multilingual representations particularly suited for Spanish colloquial vocabulary.
Rather than relying on the default class token ([CLS]), a masked mean-pooling strategy was im-
plemented over the sequence length to capture the semantic information distributed across the entire
sentence. Given the output hidden states Hy € RB*EXDT (where B is the batch size, L is the padded
sequence length restricted to a maximum of 128 tokens, and D = 768 is the hidden dimension) and
the binary attention mask M € {0, 1}%*L, the pooled text representation hy € R is computed as:
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where ¢ = 107 is a small constant to prevent division by zero. This pooling mechanism ensures
that padding tokens do not skew the semantic representation of shorter transcriptions.

hr = (1)

2.2. Acoustic Feature Extraction (Wav2Vec2-XLSR)

To extract prosodic and acoustic cues from the raw spoken audio, the multilingual
wav2vec2-large-xlsr-53 model [5] was utilized. All audio signals are standardized to a
sampling rate of 16,000 Hz. Waveform loading, resampling, and standardization are handled using the
Librosa [6] and TorchAudio [7] processing toolkits. The model processes the audio waveforms to yield
frame-level hidden representations H4 € RP*T*P4 where T is the temporal sequence length and
D4 =1024.

Because irony is highly dependent on transient speech dynamics such as intonation shifts, elongation
of vowels, or changes in speaking rate, a simple temporal mean is often insufficient. To capture both
the average acoustic state and its temporal variability, two pooling statistics are computed across the
time dimension: the temporal mean (i 4) and the temporal standard deviation (o 4):
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These vectors are subsequently concatenated to form a composite 2048-dimensional acoustic repre-
sentation h4 € R2048;

ha=[palloa] (4)

2.2.1. Temporal Truncation Strategy (System 2)

In spoken dialogue, podcasts, and stand-up comedy, the markers of irony or the “punchline” frequently
cluster towards the end of an utterance. To investigate whether focusing on the concluding portion of
the audio improves classification performance, an end-truncation strategy was implemented for the
second system configuration.

For any audio file exceeding a maximum duration of ¢,,,x = 15 seconds, only the final ¢, % 16,000 =
240,000 samples are retained. Utterances shorter than this limit are kept in their entirety. Features are
then extracted from this truncated waveform using the same temporal pooling configuration described
above.

2.3. Embedding Preprocessing and Scaling

To prepare the extracted embeddings for downstream linear and non-linear classifiers, two distinct
normalization methodologies are compared:

1. Standardization (System 1): Standard normal scaling (zero mean, unit variance) is applied
independently to the text embeddings and the acoustic embeddings using parameters fitted solely
on the training split:

Lscaled = T Htrain (5)
Otrain

2. L2 Normalization (System 2): To preserve directional relationships and mitigate scale discrep-
ancies between different features, L2 normalization is applied to project the embeddings onto a
unit hypersphere:
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Tnorm =

This normalization is often highly compatible with cosine-similarity based relationships inherent
in pre-trained transformer embeddings.

3. Classification and Fusion Architectures

Two distinct architectural configurations were designed to address the challenges of Subtasks 1 and
2. The first system utilizes feature-level concatenation (Early Fusion) paired with a non-linear neural
network, while the second system relies on decision-level probability blending (Late Fusion) of lin-
ear models. All linear models, scaling pipelines, and neural structures evaluated in this study were
implemented using the Scikit-learn framework [8].

3.1. Subtask 1: Text-Only Classifiers

For the text-only classification subtask, linear models designed to handle high-dimensional embedding
spaces robustly and efficiently were employed.

1. Linear Support Vector Classifier (System 1): In the first configuration, a Linear Support Vector
Classifier (LinearSVC) is trained on the standardized text features. To address potential class
imbalances, balanced class weighting is applied, which penalizes mistakes on the minority class
proportionally to its under-representation. The objective is optimized using a grid search over



the regularization parameter C' € {0.001,0.01,0.1, 1,10}. Through 5-fold cross-validation, the
optimal parameter was determined to be C' = 0.001.

2. Logistic Regression (System 2): In the second configuration, a Logistic Regression classifier
trained on L2-normalized text features is utilized. This model offers the advantage of producing
calibrated class posterior probabilities, which are essential for the late fusion pipeline. The inverse
regularization strength C' € {0.1,1, 10,100} is optimized using 5-fold cross-validation, selecting
C = 100 as the best-performing parameter.

3.2. Subtask 2: Multimodal Fusion Schemes

To integrate the textual and acoustic modalities, two contrasting fusion paradigms are evaluated.

3.2.1. Early Fusion via Multi-Layer Perceptron (System 1)

The primary multimodal system uses an early fusion strategy, wherein normalized unimodal features
are concatenated prior to classification. This approach allows the classifier to learn complex cross-modal
interactions at the representation level.

Let x7 € R78 and 24 € R?%4® denote the standardized text and audio embeddings, respectively.

The joint multimodal representation xoin: € R2816 s constructed via concatenation:

ZLjoint = [SUT || QSA] (7)
To capture non-linear relationships between prosodic variations and literal transcriptions, Zjoint is

passed into a Multi-Layer Perceptron (MLP). The network is trained with early stopping based on
validation loss to prevent overfitting. A grid search is performed over key hyperparameters:

- Hidden layer architectures: {(256, ), (512,128)}
« L2 regularization penalty (alpha): {0.0001,0.001}
« Initial learning rate: {0.001,0.0001}

Using 3-fold cross-validation, the best architecture was found to be a single hidden layer of 256 units,
an alpha of 0.001, and an initial learning rate of 0.0001.

3.2.2. Late Fusion via Calibrated Probability Blending (System 2)

As an alternative to early concatenation, a late fusion paradigm is explored in the second system. This
strategy assumes that the textual and acoustic modalities can be modeled independently, reducing the
risk of overfitting to high-dimensional concatenated spaces.

The late fusion workflow is structured as follows:

1. An independent Logistic Regression classifier is trained on the L2-normalized audio features x 4,
searching over C' € {0.1, 1,10, 100}. The optimal parameter found was C' = 100.

2. The calibrated posterior probability vectors are extracted from both the text-only model (Pr € R?)
and the audio-only model (P4 € R?).

3. Decision-level fusion is performed by computing a weighted linear combination of these proba-
bilities:

Ponal = wr - Pr+wa - Py (8)
where wr and w4 represent the modal weights, subject to wp 4+ w4 = 1. The fusion weights
were selected empirically from internal validation experiments, with a higher weight assigned to
the textual classifier because it provided a more stable unimodal baseline. The final configuration
used wp = 0.65 and w4 = 0.35.

4. The final predicted class ¢ is determined via argmax:

Q = arg max Pﬁnal,c (9)
ce{0,1}



4. Experimental Evaluation and Discussion

This section presents the evaluation framework, reports the official results on the IberLEF 2026 Speech-
MATICS test set, and analyzes the performance of the proposed configurations.

4.1. Dataset and Evaluation Setup

The systems were evaluated on the MESironic dataset, which is split into a training set of 5,100 samples
and a test set of 903 samples. The dataset maintains a highly balanced label distribution (50.72% ironic
and 49.28% non-ironic).

The official evaluation metric is the macro-averaged F-score (F1-macro) for binary classification,
which weights both classes equally. Additionally, Macro Precision and Macro Recall are reported to
provide a comprehensive understanding of system behavior.

4.2. Experimental Results

The performance of our proposed systems is summarized in Table 1. System 1 represents our primary
submission (ID 657286) using standardized features, LinearSVC for Subtask 1, and the Early Fusion
MLP for Subtask 2. System 2 represents our alternative late-fusion submission (ID 657292) using L2-
normalized features, Logistic Regression for Subtask 1, and weighted probability blending for Subtask 2.
Note that the official challenge platform only reported the macro F}-score for secondary submissions;
consequently, the detailed Macro Precision and Macro Recall breakdowns for System 2 were not
available.

Table 1

Official evaluation results on the SpeechMATICS test set. Bold values indicate our best performance for each
subtask. Due to challenge platform constraints, Macro Precision and Recall metrics are omitted for the secondary
submission (System 2).

Configuration Subtask Macro Precision Macro Recall Macro Fi-score
System 1 Subtask 1 (Text-only) 0.60984 0.60994 0.60906
(Early Fusion / MLP) Subtask 2 (Multimodal) 0.66855 0.66855 0.66827
System 2 Subtask 1 (Text-only) — — 0.60155
(Late Fusion / LogReg)  Subtask 2 (Multimodal) — — 0.62237

On the official challenge leaderboard, System 1 achieved a final score of 0.66827, securing 3rd place
overall.

4.3. Discussion

Several key insights can be drawn from the experimental results:

+ Impact of Multimodal Integration: For both configurations, the integration of acoustic features
significantly improved classification performance compared to the text-only baselines. For System
1, the addition of Wav2Vec2 representations yielded an absolute increase of approximately 5.92%
in F1-macro (rising from 0.60906 to 0.66827). This improvement confirms that lexical cues alone
are insufficient to resolve ambiguous irony, and that prosodic features captured by Wav2Vec2’s
temporal statistics (4 and 0 4) provide critical contextual grounding,.

« Early vs. Late Fusion: The feature-level concatenation paired with a non-linear MLP (System
1) substantially outperformed the decision-level probability blending (System 2), which scored
0.62237. A plausible explanation is that early fusion allows the hidden layers of the MLP to learn
cross-modal correlations (e.g., associating specific sarcastic lexical terms with low-energy or
monotonous acoustic frames). In contrast, the late fusion model treats the modalities as strictly
independent, which restricts its ability to capture these joint interactions.



+ Influence of the Truncation Strategy: System 2 incorporated a temporal truncation strategy
designed to focus exclusively on the final 15 seconds of each audio clip, assuming that irony
markers would cluster near the punchline. However, this strategy may have inadvertently
discarded early-onset acoustic markers, such as a shift in the speaker’s baseline pitch or mock-
politeness cues established early in the dialogue.

+ Feature Normalization: While L2 normalization is theoretically robust for cosine-similarity in
embedding spaces, the combination of standardization (StandardScaler) and a standard neural
network classifier in System 1 proved more effective at preserving the statistical variance needed
to distinguish subtle stylistic variations in speech.

5. Conclusion and Future Work

This work presented the participation of HammerTeam in the SpeechMATICS challenge at IberLEF 2026.
Two distinct approaches for classifying ironic spoken dialogue in colloquial Spanish were explored. The
experiments demonstrate that integrating deep acoustic features extracted from Wav2Vec2-Large-XLSR-
53 with textual embeddings from XLM-RoBERTa-base yields a substantial performance improvement
over text-only baselines. This confirms the critical role of prosodic cues in disambiguating ironic
statements. Furthermore, the results suggest that an early fusion scheme utilizing a non-linear Multi-
Layer Perceptron (MLP) is more effective at capturing cross-modal interactions than a rigid, probability-
based late fusion approach. The primary system achieved a macro F-score of 0.66827, placing 3rd on
the official leaderboard.

While these results are encouraging, the current pipeline has several limitations to be addressed in
future work:

« Cross-Modal Attention: Instead of simple feature-level concatenation, cross-attention mecha-
nisms (such as multimodal transformers) should be investigated to dynamically align and weigh
the textual and acoustic sequences.

+ End-to-End Fine-Tuning: The current approach relied entirely on frozen pre-trained embed-
dings to remain computationally efficient. Fine-tuning the outer transformer layers of both
XLM-RoBERTa and Wav2Vec2 on the MESironic dataset could help the models learn task-specific
features.

+ Spanish-Specific Acoustic Models: Exploring self-supervised models pre-trained primarily
on Spanish speech corpora (such as WavLM variants or Whisper encoder representations) may
provide more fine-grained acoustic and prosodic details tailored to the dialects present in the
dataset.

+ Robust Temporal Pooling: Instead of using global mean and standard deviation statistics across
the entire audio file, recurrent layers (e.g., GRUs) or temporal convolutional networks should be
explored to model the sequence of prosodic changes over time.
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