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Abstract

The increasing influence of political news in shaping public opinion highlights the importance of accurately
identifying reliable and representative headlines. In this work, we present the participation of the PUCE-UTP
team in the PoliticHeadlinES 2026 shared task, which focuses on ranking candidate headlines for Spanish political
news articles under both textual and multimodal settings.

For Task 1 (text-based ranking), we propose a hybrid model that combines lexical representations based on
Term Frequency-Inverse Document Frequency (TF-IDF) with semantic embeddings derived from Sentence-BERT
(SBERT). This approach leverages both surface-level term matching and deep contextual similarity.

For Task 2 (multimodal ranking), we extend the model by incorporating visual information using the CLIP
(Contrastive Language-Image Pretraining) model. A weighted fusion strategy is employed to combine textual
and visual similarity scores, where the textual component dominates due to its higher discriminative power.

Experimental results demonstrate that the TF-IDF model achieves the highest Top-1 accuracy, while the
hybrid TF-IDF + SBERT model improves overall ranking quality measured by PA-nDCG. In the multimodal
setting, the inclusion of visual features provides marginal improvements, confirming that textual information
remains the primary source of discriminative signal in political news.

These findings highlight the effectiveness of hybrid approaches that integrate lexical, semantic, and multimodal
representations for headline ranking tasks.
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1. Introduction

The rapid dissemination of political news through digital media has significantly increased the impor-
tance of accurately summarizing and representing information in the form of headlines. Headlines play
a critical role in shaping public perception, influencing readers’ attention, and framing the interpretation
of news content. However, selecting the most appropriate headline among multiple plausible candidates
remains a challenging task, particularly in the presence of subtle semantic differences and stylistic
variations.

The PoliticHeadlinES 2026 shared task addresses this problem by formulating headline selection as a
ranking task, where systems must identify the most suitable headline among a set of ten candidates
for a given news article [14]. This task is particularly challenging because all candidate headlines are
designed to be plausible, requiring models to capture not only lexical similarity but also deeper semantic
coherence and contextual relevance.
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Traditional approaches based on lexical matching, such as TF-IDF, have proven to be strong baselines
due to their ability to capture explicit term overlap between the article and candidate headlines [1].
However, these methods often fail to account for semantic relationships beyond surface-level text
similarity. In contrast, recent advances in Natural Language Processing, particularly those based on
Transformer architectures [4], enable the modeling of contextual and semantic information through
dense vector representations.

In addition to textual information, the multimodal nature of modern news articles introduces further
complexity. Images associated with news content can provide complementary contextual cues, but
their contribution to headline selection is often ambiguous. While multimodal models such as CLIP
have demonstrated strong performance in aligning visual and textual representations [3], effectively
integrating this information into ranking tasks remains an open research challenge.

In this work, we propose a hybrid approach that combines lexical, semantic, and multimodal repre-
sentations to address both tasks of the shared challenge. For Task 1, we integrate TF-IDF with SBERT
embeddings to capture both lexical similarity and semantic relevance. For Task 2, we extend this
approach by incorporating visual information through CLIP, using a weighted fusion strategy to balance
textual and visual signals.

The main contributions of this work can be summarized as follows:

« We propose a hybrid ranking framework that combines TF-IDF and SBERT for text-based headline
ranking.

« We extend the framework to a multimodal setting by integrating CLIP-based image—text similarity.

« We perform an empirical analysis of the contribution of textual and visual features, demonstrating
that textual information remains the dominant signal in political news.

« We provide a competitive baseline for the PoliticHeadlinES 2026 shared task, highlighting the
strengths and limitations of hybrid approaches.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3
describes the methodology used for both tasks. Section 4 presents the experimental setup and evaluation
metrics. Section 5 discusses the obtained results, and Section 6 concludes the paper with future research
directions.

2. Related Work

Headline ranking is closely related to information retrieval, semantic textual similarity, and neural
reranking. Traditional lexical models, such as TF-IDF, remain effective baselines because they capture
explicit term overlap between a document and a candidate text [1]. However, recent advances in
Transformer-based models have enabled richer contextual representations for semantic matching and
ranking tasks [4, 2].

Neural retrieval and reranking methods have shown strong performance by modeling deeper inter-
actions between queries and candidate documents. Dense Passage Retrieval (DPR) introduced dense
representations for retrieval in open-domain question answering, demonstrating the usefulness of
learned semantic representations for ranking candidates [6]. Similarly, late-interaction models such
as ColBERT provide an efficient mechanism for combining contextual embeddings with fine-grained
token-level matching [7]. These approaches motivate the use of hybrid ranking strategies that combine
sparse lexical signals with dense semantic representations.

In the specific context of news headline analysis, several studies have explored neural architectures
for classifying and ranking short texts. Khuntia et al. proposed the use of word embeddings and LSTM-
based models for Indian news headline classification, showing the relevance of sequential neural models
for headline understanding [9]. Li and Cao introduced a dual-channel architecture based on ERNIE
for news headline classification, combining contextual representations with BiLSTM and attention
mechanisms to capture both global and local textual features [8]. More recently, instruction-tuned
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Figure 1: Overview of the proposed methodology for headline ranking. The framework integrates
lexical (TF-IDF), semantic (SBERT), and visual (CLIP) representations. Task 1 focuses on text-based
ranking, while Task 2 extends the model to a multimodal setting using weighted score fusion.

language models have also been explored for specialized text classification tasks, suggesting that model
adaptation and fusion strategies can improve robustness across domains [12].

Headline interpretation is also affected by rhetorical and pragmatic phenomena such as sarcasm,
ambiguity, and editorial framing. Ahmad and Arts studied sarcasm identification in Hindi political
news headlines using machine learning and deep learning approaches, highlighting the difficulty of
distinguishing literal from non-literal meanings in political discourse [11]. These challenges are relevant
to headline ranking because candidate headlines may be lexically or semantically similar while differing
in intent, framing, or factual correspondence.

The multimodal nature of news has further motivated the integration of textual and visual signals.
Multimodal resources such as Spanish MEACorpus 2023 demonstrate the relevance of combining
speech, text, and visual or contextual information for Spanish-language analysis tasks [10]. In this
direction, CLIP provides a general framework for aligning images and texts in a shared embedding
space, enabling the computation of image—headline similarity [3]. Nevertheless, effectively integrating
visual information into political headline ranking remains challenging, since news images often provide
general context rather than fine-grained evidence for selecting the correct headline.

The PoliticHeadlinES 2026 shared task, organized within IberLEF 2026, provides a benchmark for
evaluating these challenges in Spanish political news [14, 15]. Our work follows this line by combining
lexical, semantic, and multimodal signals in a lightweight hybrid framework for both text-based and
multimodal headline ranking.

3. Methodology

In this section, we describe the proposed approach for both tasks of the PoliticHeadlinES 2026 shared
challenge. Our method is based on a hybrid framework that integrates lexical, semantic, and multimodal
representations to rank candidate headlines. Figure 1 illustrates the overall architecture of the proposed
framework, including both the text-based and multimodal ranking strategies.



3.1. Problem Formulation

Given a news article A and a set of ten candidate headlines { H1, Ha, ..., Hio}, the objective is to
produce a ranking 7 over the candidates such that the correct headline is placed as high as possible.
This task is formulated as a ranking problem rather than a classification problem, where each candidate
headline is assigned a relevance score with respect to the article.

3.2. Task 1: Text-Based Headline Ranking

For the text-based setting, we propose a hybrid approach that combines lexical similarity with semantic
representations.

3.2.1. TF-IDF Representation

We first represent the article A and each candidate headline H; using Term Frequency-Inverse Document
Frequency (TF-IDF) [1]. This representation captures the importance of terms within the corpus and
allows us to compute similarity based on word overlap.

The lexical similarity score is computed using cosine similarity:
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where v 4 and vy, denote the TF-IDF vectors of the article and the -th headline, respectively.

3.2.2. Semantic Representation with SBERT

To capture deeper semantic relationships, we use Sentence-BERT (SBERT), a Transformer-based model
that generates dense sentence embeddings [2]. Each article and headline is encoded into a vector
representation:

e = SBERT(A), ey, = SBERT(H,) )
The semantic similarity is then computed using cosine similarity:
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(3)

3.2.3. Hybrid Score Fusion
The final relevance score for each candidate headline is obtained by combining the lexical and semantic
scores through a weighted linear combination:

S(A, H;) = wypigr - Striagr(A, Hi) + Wepert - Sspert (A, Hy) (4)

where w; ;4 and wgper¢ are weighting parameters. In our experiments, the hybrid configuration
used wy figr = 0.75 and wipers = 0.25.

3.3. Task 2: Multimodal Headline Ranking

For the multimodal setting, the hybrid TF-IDF + CLIP model achieved a Top-1 Accuracy of 0.5796 and a
PA-nDCG score of 0.934169. Although the multimodal configurations obtained lower Top-1 Accuracy
than the best text-based model, their PA-nDCG values indicate that the correct headline was often
placed relatively high in the ranked list.



3.3.1. Image-Text Similarity with CLIP

CLIP (Contrastive Language-Image Pretraining) maps images and text into a shared embedding space
[3]. Given an image I associated with the article and a candidate headline H;, we compute:

Seiip(I, H;) = CLIP(I, H;) (5)

This score reflects the compatibility between the visual content and the candidate headline.

3.3.2. Score Normalization

Since TF-IDF and CLIP produce scores on different scales, we apply Min-Max normalization to ensure
comparability:

&~ S(x) —min(S)
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This normalization is applied independently to the textual and visual scores for each instance.
3.3.3. Multimodal Fusion
The final multimodal score is computed as a weighted combination of textual and visual signals:
Sfinal(A> I, Hz) = Wtext * Ste:pt(Aa Hz) + Wimage ° gclip(ly Hz) (7)

where Stext corresponds to the normalized TF-IDF score, and Sdip corresponds to the normalized
CLIP score.

The weights were optimized empirically, resulting in wye,s = 0.95 and w;ipage = 0.05, indicating
that textual information is the dominant factor in headline ranking.

3.3.4. Fallback Strategy

In cases where the associated image is missing or cannot be processed, the model falls back to a text-only
ranking using the TF-IDF component. This ensures robustness and avoids performance degradation
due to incomplete multimodal data.

4. Experimental Setup

This section describes the dataset, evaluation metrics, implementation details, and experimental config-
uration used to assess the proposed models.

4.1. Dataset

We conducted our experiments using the dataset provided by the organizers of the PoliticHeadlinES
2026 shared task [14, 13]. The dataset consists of Spanish political news articles, each associated with
ten candidate headlines, where exactly one corresponds to the correct headline.

Each instance includes the following fields: an article body, an image identifier, and ten candidate
headlines. In the multimodal setting, each article is also associated with an image, which provides
additional contextual information.

The dataset is designed to be challenging, as all candidate headlines are plausible and stylistically
similar, requiring models to capture fine-grained semantic differences to correctly rank them.



4.2, Evaluation Metrics

Since the task is formulated as a ranking problem, we employed evaluation metrics specifically designed
to assess ranking quality:

» Top-1 Accuracy: measures the proportion of instances in which the correct headline is ranked
in the first position.

« PA-nDCG (Position-Aware Normalized Discounted Cumulative Gain): evaluates the overall
ranking quality by considering the position of the correct headline within the ranked list and
penalizing lower placements.

Top-1 Accuracy is particularly relevant for this task, as the evaluation emphasizes the correct
identification of the best headline.

4.3. Implementation Details

The proposed models were implemented in Python using widely adopted libraries for machine learning
and natural language processing.

TF-IDF representations were computed using scikit-learn [1], while semantic embeddings were
generated using a pre-trained SBERT model (paraphrase-multilingual-MiniLM-L12-v2) [2]. For the
multimodal component, we employed the CLIP model (openai/clip-vit-base-patch32) using the Hugging
Face Transformers library [3].

All experiments were conducted in a Google Colab environment with GPU support when available.
Data preprocessing and manipulation were performed using pandas and NumPy, and image processing
was handled using Pillow.

4.3.1. Text Preprocessing and Input Length Management

Prior to feature extraction, all article bodies and candidate headlines were normalized using a lightweight
preprocessing pipeline. Specifically, texts were converted to lowercase, URLs were removed, and
consecutive whitespace characters were collapsed into a single space. No stemming, lemmatization,
stop-word removal, or accent normalization was applied.

For the TF-IDF component, unigram and bigram features were extracted using the default tokenization
strategy provided by scikit-learn. The vocabulary size was limited to 50,000 terms.

To reduce noise and maintain computational efficiency, article bodies were truncated to the first
1,200 characters before feature extraction. This strategy was applied consistently across all experiments
and was motivated by the observation that journalistic articles typically concentrate the most relevant
information in the introductory paragraphs.

For the semantic component, the truncated article text and each candidate headline were encoded
using the pre-trained SBERT model paraphrase-multilingual-MiniLM-L12-v2. No chunking or sliding-
window strategy was employed.

For the multimodal setting, image—text similarity was computed using the CLIP model openai/clip-
vit-base-patch32. Images were processed using the default CLIP preprocessing pipeline, while headline
texts were automatically truncated according to the model’s maximum input length constraints.

The same preprocessing and truncation strategy was applied to both the training and evaluation
datasets to ensure consistency and reproducibility.

4.4. Experimental Configuration

For Task 1, the TF-IDF vectorizer was configured using unigram and bigram features, with a maximum
vocabulary size of 50,000 terms. The hybrid model combined TF-IDF and SBERT scores using a weighted
linear combination, with weights set to w; ;qr = 0.75 and wgper+ = 0.25, based on empirical evaluation.



For Task 2, the multimodal model combined textual and visual similarity scores. The textual compo-
nent was derived from TF-IDF, while the visual component was obtained using CLIP. Before fusion,
both scores were normalized using Min-Max scaling.

The final multimodal score was computed using a weighted combination, with parameters wyc,+ =
0.95 and wimage = 0.05, determined through a grid search optimization process.

In cases where images were missing or could not be processed, the model defaulted to a text-only
ranking strategy to ensure robustness.

4.5. Reproducibility

To ensure reproducibility, all models were trained exclusively on the training dataset provided by the
organizers, and no external data was used. The same preprocessing pipeline and parameter configuration
were applied consistently across all experiments.

4.6. Submitted Runs

For Task 1, three ranking approaches were evaluated during system development: a lexical baseline
based on TF-IDF, a semantic model based on SBERT embeddings, and a hybrid TF-IDF + SBERT model.
The official submission corresponded to the hybrid configuration using weights of 0.75 for TF-IDF and
0.25 for SBERT. This configuration was selected because it achieved the highest overall ranking quality
measured by PA-nDCG while maintaining competitive Top-1 Accuracy.

For Task 2, several multimodal fusion strategies were explored by combining TF-IDF textual similarity
with CLIP image—-text similarity. Different text-image weight combinations were evaluated on the
development set. The official submission corresponded to the configuration with a textual weight of 0.95
and an image weight of 0.05, which achieved the best performance among the evaluated multimodal
variants.

Tables 1 and 2 summarize both the official submissions and the main alternative configurations
considered during system development.

5. Results and Discussion

In this section, we present and analyze the results obtained for both tasks of the PoliticHeadlinES 2026
shared challenge. The evaluation was performed using Top-1 Accuracy and PA-nDCG, which measure
the ability of the model to correctly identify the best headline and the overall quality of the ranking,
respectively.

5.1. Task 1: Text-Based Headline Ranking

Table 1

Results for Task 1 (Text-Based Headline Ranking)
Run Model Weights  Official Top-1 PA-nDCG
Run-1  TF-IDF - No 0.87 0.977377
Run-2  SBERT - No 0.66 0.970164
Run-3 TF-IDF + SBERT 0.75/0.25 Yes 0.86 0.978221

The results show that the TF-IDF model achieves the highest Top-1 Accuracy (0.87), indicating its
strong capability to correctly identify the most relevant headline. This highlights the effectiveness of
lexical matching in scenarios where the correct headline shares explicit terms with the article.

The hybrid model combining TF-IDF and SBERT slightly improves the overall ranking quality,
achieving the highest PA-nDCG score (0.978221). This suggests that semantic representations contribute
to a better global ordering of candidate headlines, even though they may introduce minor ambiguities
when selecting the top-ranked candidate.



In contrast, the SBERT-only model exhibits significantly lower performance, demonstrating that
semantic similarity alone is insufficient for this task, particularly when precise lexical alignment is
required.

5.2. Task 2: Multimodal Headline Ranking

Table 2 presents the results obtained for Task 2.

Table 2
Results for Task 2 (Multimodal Headline Ranking)

Run Text Model  Visual Model Text W. Image W. Official Top-1 PA-nDCG
MM-1  TF-IDF CLIP 0.90 0.10 No 0.5796 0.934169
MM-2  TF-IDF CLIP 0.95 0.05 Yes 0.5796  0.934169

For the multimodal setting, both evaluated configurations obtained a Top-1 Accuracy of 0.5796
and a PA-nDCG score of 0.934169. While these results did not surpass the performance achieved by
the text-based approaches, the relatively high PA-nDCG values suggest that the correct headline was
often placed among the highest-ranked candidates. The optimization process revealed that textual
information remained the dominant signal in multimodal headline ranking. The official configuration
assigned a weight of 0.95 to the textual component and 0.05 to the visual component, indicating that
visual information provided only limited complementary evidence for this task.

This finding suggests that, in the domain of political news, images provide complementary context
but do not contain sufficient discriminative information to significantly improve headline selection. In
many cases, multiple candidate headlines may be visually consistent with the associated image, limiting
the contribution of visual features.

5.3. Comparative Analysis

Across both tasks, the results indicate that lexical features remain the most reliable signal for headline
ranking. While semantic representations improved ranking quality in Task 1, the multimodal configura-
tions did not improve Top-1 Accuracy in Task 2, although they maintained relatively high PA-nDCG
values.

The hybrid approaches demonstrate that combining multiple representations can improve robust-
ness, particularly in terms of ranking quality (PA-nDCG). However, achieving improvements in Top-1
Accuracy remains challenging, as it requires precise discrimination among highly similar candidates.

5.4. Discussion

Overall, the proposed approach provides a competitive baseline for the shared task. The results confirm
that:

« Lexical similarity (TF-IDF) is the strongest signal for Top-1 prediction.
« Semantic embeddings (SBERT) improve the overall ranking quality.
« Multimodal information (CLIP) provides limited but consistent complementary benefits.

Despite these findings, the results also reveal limitations of the proposed approach. In particular, the
reliance on independent similarity scoring prevents the model from fully capturing complex interac-
tions between the article and candidate headlines. More advanced approaches, such as cross-encoder
architectures or neural ranking models [5, 7], could potentially improve performance by modeling
deeper contextual relationships.

These observations highlight important directions for future work, especially in the integration of
multimodal information and the development of more sophisticated ranking strategies.



6. Conclusion

In this work, we presented the participation of the PUCE-UTP team in the PoliticHeadlinES 2026 shared
task, addressing both text-based and multimodal headline ranking. We proposed a hybrid framework
that integrates lexical, semantic, and visual representations to rank candidate headlines associated with
political news articles.

For Task 1, the results demonstrated that TF-IDF remains a strong baseline, achieving the highest
Top-1 Accuracy due to its ability to capture explicit lexical overlap between the article and the correct
headline. The incorporation of SBERT embeddings improved the overall ranking quality, as reflected in
higher PA-nDCG scores, highlighting the contribution of semantic information in refining the ordering
of candidate headlines.

For Task 2, we extended the model by incorporating visual features through the CLIP model. The
results showed that multimodal fusion did not improve Top-1 Accuracy over the text-based configu-
rations, although it still achieved a high PA-nDCG score. This suggests that visual information may
provide complementary context but was not sufficiently discriminative for selecting the correct headline
in most cases. The official configuration confirmed that a high weight assigned to textual similarity
was necessary to obtain the best multimodal performance.

Overall, our findings indicate that hybrid approaches combining lexical and semantic representations
offer a robust solution for headline ranking tasks. However, the limited impact of visual features
suggests that more sophisticated multimodal integration strategies are required to fully exploit image
information in this domain.

Future work will focus on exploring advanced neural ranking architectures, such as cross-encoders
and transformer-based reranking models, as well as more effective methods for multimodal fusion.
Additionally, incorporating contextual knowledge and discourse-level features may further improve the
ability to discriminate among highly similar candidate headlines.

These results contribute to a better understanding of the role of lexical, semantic, and multimodal
representations in headline ranking, and provide a solid baseline for future research in this area.
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