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Abstract

This paper describes the participation of the LACELL team in the PoliticHeadlinES shared task at IberLEF 2026,
which focuses on headline ranking for Spanish political news. The primary challenge of this task lies in the
presence of hard distractors that share overlapping entities, topics, and temporal frames with the target headline.
To address this, we propose a late fusion architecture that integrates three independent but complementary
signals: semantic similarity via multilingual E5 base sentence embeddings, fine-grained linguistic and stylistic
features extracted via UMUTextStats, and visual-textual alignment using CLIP. In a strictly zero-shot setting, our
unsupervised system achieved an official score of 0.66 on the CodaBench leaderboard. These results demonstrate
that combining deep semantic embeddings with interpretable linguistic and visual signals offers a robust baseline
that successfully complements global semantic similarity in political framing tasks.
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1. Introduction

In the current digital era, political communication is predominantly consumed through digital platforms
such as X (formerly Twitter), Facebook, and so on. Nevertheless, this content often take the form of
sensationalist headlines that may incur clickbait and misinformation spreading, serving as the primary
window users have into social media. This practice is the perfect gateway for attention and framing.
Drawing on the foundational work of Entman [1], framing entails how information influences human
consciousness, depending on how it is conveyed. In political journalism, selecting a specific headline
serves an editorial purpose, highlighting particular aspects of reality to shape public opinion or manage
public scrutiny (establishing urgency or neutrality, for instance). Evaluating stylistic and editorial
fidelity of these headlines remains a critical challenge for Natural Language Processing (NLP) applied
to political discourse [2].

This paper details the system developed by our team for the PoliticHeadlinES shared task at IberLEF
2026[3]. The task requires ranking ten candidate headlines for a given news article to place the ground
truth at the top. To increase difficulty, the dataset introduces ‘hard distractors’ that share overlapping
entities or topics, and temporal frames with the original headline. Under van Dijk’s [4] theory of
news as discourse, headlines function as macro-structures that require a deeper understanding of
communicative intent beyond simple keyword matching. Dominant NLP methodologies frequently
fall short of capturing complex and subtle linguistic cues, exposing a cross-disciplinary gap in purely
automated tools [5]. Indeed, capturing fine-grained morphosyntactic and pragmatic nuances remains
a significant challenge for Large Language Models (LLMs) [6, 7], while the crucial visual elements of
editorial framing are often overlooked in text-only analyses [8].

To address this gap, we propose a late fusion architecture that integrates three independent but
complementary signals:
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+ Semantic Similarity: Captures the propositional content using the multilingual E5 base model for
weakly-supervised contrastive pre-training [9]. This model is specifically designed for retrieval-
style tasks, where asymmetric inputs are compared (long document vs. short query, for instance,
a headline). This leverages the bi-encoder foundations of Sentence-BERT [10], while ensuring
interpretable signals in framing contexts.

« Linguistic Features: Analyses the morphosyntactic, pragmatic, and stylometric features of the
headlines. We incorporate a large set of linguistic features covering: morphosyntax, lexical
categories, discourse markers, psycholinguistic features (e.g., emotion, cognition), and stylometry
(such as length, readability, or punctuation). We extract these variables by using UMUTextStats
[11], an enhanced Spanish version of LIWC [12]. By incorporating this signal, our system captures
fine-grained linguistic biases and the subtle framing differences that global embeddings often
overlook.

« Visual Similarity: Models the alignhment between the news image and the headline text using
CLIP [13]. Crucially, as multimodal framing extends beyond text, visual elements are crucial to
how a headline is portrayed and, therefore, transmitted to public opinion.

Then, by leveraging the Transformers library [14], our system prioritises interpretable signals to
analyse the influence of each dimension on the final ranking without the need for extensive supervised
fine-tuning.

2. Dataset

According to the organisers, the PoliticHeadlinES 2026 dataset is designed to evaluate the ability of
systems to distinguish an original headline from a set of carefully selected distractors. These distractors
share overlapping entities, topics, and temporal frames with the target text to increase difficulty,
framing the task closer to information retrieval and semantic matching than standard text classification.
Furthermore, each news article is assigned a unique MD5 hash to ensure consistent identification across
all data splits and files.

This dataset entails two experimental settings corresponding to:

« Text-only subtask: Participants are provided only with the full news article text and candidate
headlines.

+ Multimodal subtask: Added to the textual content, an image associated with it is also provided to
aid in semantic disambiguation.

The organizers partitioned the dataset into training, development, and testing splits. To guarantee
consistent system training and evaluation, all partitions maintain the same data structure and schema.
As an illustration, Table 1 outlines the format of the candidate headlines and the target ranking, where
the ground truth (GT) headline must be positioned at the top.

3. System Overview

The core design rationale of our system is rooted in explicit compositional elements rather than model
training. Instead of deploying a complex, non-interpretable supervised classifier, our architecture relies
on a strategic combination of three complementary and independent signals via late fusion: semantic
similarity, linguistic features, and visual similarity. This approach ensures that candidate selection
remains strictly grounded on three verifiable pillars: macro-semantic contextualisation, explicit linguistic
framing, and contextual grounding from images. Formally, each signal computes an independent score
for every candidate headline, which is subsequently normalised and aggregated into a final ranking
metric. Finally, to ensure reproducibility, the complete pipeline and implementation details have been
released in a public repository’.

'https://github.com/desireemcarrion/politicalheadline-2026-lacell



Table 1
[llustrative example of PoliticHeadlinES2026 dataset.

Rank ID Candidate headline

1 GT  EI PP contraataca en el Senado y ve un avance de la amnistia en el Congreso:
“Hoy es un dia negro”

2 D1 Los negociadores reescriben la amnistia para salvar a Puigdemont

3 D2 LaJusticia europea avala reclamar una amnistia si la ley que lo perdono¢ se
deroga

4 D3 Loépez Miras llama a la protesta «pacifica» contra la amnistia de Sanchez

5 D4 “Todos al Congreso. Ya”: asi se organizaron las dos protestas ultras de Ferraz
contra la amnistia

6 D5 Las diferencias entre PSOE y Junts sobre el alcance de la amnistia alejan de
esta semana la investidura...

7 D6 PPy Vox tumban en el Parlamento murciano la comisién de investigacion
sobre el incendio de las discotecas

8 D7 Los socios del Gobierno presionan para acelerar la tramitacion de la amnistia

9 D8 “Vendia una bici de 7.600€ online y cuando quedé para cerrar el trato me la
robaron”...

10 D9 Cruce de acusaciones entre partidos por el uso del Senado en la agenda
legislativa

3.1. Semantic Similarity (Sentence Embeddings)

The main signal of our system is based on the multilingual E5 base model® [9], engineered specifically
for retrieval-style tasks involving asymmetric inputs.

First, for each instance, we generate an embedding for the article body (E_body) and for each candidate
headline (E_title_i). Then, the semantic score is computed using cosine similarity:

SCOT€semantic(i) = COS(Ebody’ Etitle_i)

3.2. Linguistic Features (LF / UMUTextStats)

We employ UMUTextStats to capture the stylistic and framing choices of political discourse within each
candidate headline. This tool extracts an extensive array of linguistic features designed to detect subtle
editorial manipulation, including shifts in verbal mood (such as using the subjunctive to project doubt
into a statement) [15], the strategic use of passive voice to avoid political responsibility [16], and the
deliberate use of pragmatic markers that can drastically alter text framing [17].

Concretely, the extracted features set encompasses: (i) morphosyntax and lexical categories such
as verb forms, gender, number, entities, and social processes; (ii) discourse and pragmatic markers
that indicate stance and communicative intent; and (iii) psycholinguistics and stylometry to address
emotional valence, cognition, length, and readability metrics.

Preprocessing for this signal entails the application of a log transformation:

X’ =log(1+ X)
Followed by a z-score standardisation. The similarity is computed as:

score(i) = cos(LFyody, LFitle i)

3.3. Visual Similarity (CLIP)

To capture the visual context, the presence of entities or scenes, and the alignment between the image
and the headline, we employ CLIP?. This model is able to map images and text into a shared embedding

*https://huggingface.co/intfloat/multilingual-e5-base
*https://huggingface.co/openai/clip-vit-base-patch32
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space.
For this matter, we represent the image as: embedding V_image; and the headline i as: embedding
V_title_i. Indeed, to compute the similarity and its score, we calculate it as follows:

Scoreclip(i) = COS(Vimagw Vtitleii)

3.4. Score Normalisation and Fusion

To ensure comparability between signals with different scales, each score matrix is normalised per

instance using z-scoring:
score — mean

std
Then, the final scoring is obtained by a weighted linear combination of these normalised scores:

SCOT€norm =

. Textual Subtask:
scoretaskl(i) =a- Scoresemantic(i) + ,B : scorelf(i)

Typical weights are: @ = 0.98 and f = 0.02.
+ Multimodal Subtask:

scoregka(i) = @ - scoresemantic() + f§ - scoreye(i) + y - scorecip (i)
In here, typical weights being: o = 0.92, f = 0.03, and y = 0.05.

The asymmetric distribution of weights is motivated by the distinct scales and structural roles of each
signal. The semantic component (scoregemantic) S€rves as a macro-contextual filter to capture global
thematic alignment. However, because hard distractors frequently share overlapping topics or entities,
this semantic baseline tends to reach saturation. Thus, the explicit linguistic features (scorejs) and the
visual information (scorej;p), despite their smaller weight, function as critical auxiliary signals. To
better illustrate the system architecture, see Figure 1.

Given the unsupervised and zero-shot nature of our system, standard ablation metrics would mis-
represent the true utility of these auxiliary dimensions. Features derived from UMUTextStats or CLIP
perform poorly if isolated, as they lack the macro-contextual filtering of semantic embeddings. Rather
than driving global performance independently, their contribution is designed to be structural. Indeed,
they operate as fine-grained tie-breakers for the final ranking decision, capturing subtle editorial framing
that global embeddings overlook when reaching saturation.

4. Experimental Results

The performance of our late fusion system was evaluated on the official test set of the PoliticHeadlinES
shared task. Evaluation metrics for this focus on ranking accuracy, specifically assessing the system’s
ability to place the original headline at the top position amidst highly competitive candidates.

Our unsupervised system achieved an official score of 0.66 on the CodaBench leaderboard. This
result underscores the potential of our interpretable approach in a challenging zero-shot setting.

Given the complexity of the task at hand, relying solely on lexical overlap or traditional keyword
matching typically results in near-random performance. In contrast, we explore how integrating
deep semantic representations with explicit linguistic metrics and visual alignments can complement
global textual matching. Rather than claiming a definitive solution, our findings suggest that this
multi-disciplinary approach offers a nuanced baseline that can help mitigate the limitations of raw
semantic alignment in competitive discursive contexts.
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Figure 1: Approximation and experimental results of our system architecture.

4.1. Relation with Participating Systems

Table 2 contextualises our performance within the broader scope of the PoliticHeadlinES 2026 shared task.
Our team secured the 14th position out of 20 participating systems in both subtasks, achieving scores
of 65.98 and 65.86 for subtasks 1 and 2, respectively. These results contrast with the top-performing
architectures on the leaderboard, such as Theron, LKE-BUAP, and VerbaNex AI Lab, which establish a
highly competitive ceiling for this task (with scores reaching 95.43, 92.75, and 92.22, respectively).

When contextualising these figures, it is worth noting that top-ranking architectures typically rely
on supervised fine-tuning and large language models adapted to the task’s training partitions. Crucially,
our unsupervised proposal significantly outperforms the official baselines (51.65 and 51.34 for both
tasks, respectively).

Therefore, achieving a solid performance in a strictly zero-shot and unsupervised setting highlights the
relevance of combining pre-trained text representations with explicit linguistic features. By prioritising
explainability and computational efficiency, our architecture offers valuable insights into how certain
pragmatic and stylometric attributes can act as critical decision criteria (nuances that are frequently
lost within purely generative models).

5. Error Analysis and Limitations

An analysis of these results highlights the intrinsic challenges of the task. Based on empirical observa-
tions and Figure 1, sentence embeddings alone provide a strong baseline performance. Nonetheless,
explicit linguistic features and visual information act as auxiliary signals since they perform poorly
when isolated.

To provide a clearer understanding of how our system components interact, we analysed the final
ranking behaviour across the 4,912 news articles included in the official test partition. The results show
a visible interaction between the textual and multimodal dimensions: the final order of the candidate
headlines changes in 2,377 cases (48.4% of the dataset) when auxiliary information is incorporated.
Crucially, our experimental logs reveal that explicit linguistic metrics act as the primary drivers of



Table 2
Official results for PoliticHeadlinES 2026.

Task 1 Task 2
Team Score Rank Score Rank
Theron 95.43629 1 95.43629 1
LKE-BUAP 92.75108 2 92.75108 2
VerbaNex Al Lab 92.22656 3 92.62804 3
acho_gpt 90.26359 4 90.26359 4
GACOP 89.67746 5 89.67718 5
HEART-UJA-UA 89.45794 6 89.12555 6
franrodrigo 88.41059 7 88.41059 7
12C-UHU 82.59159 8 82.59159 8
LYS-UDC 82.41000 9 80.82452 10
francordel 80.74166 10  81.28402 9
ITO 79.85917 11 79.61529 11
UTP 73.94271 12 77.04902 12
UC-UCO-Plenitas 70.49079 13 71.10051 13
LACELL 65.98162 14 65.86319 14
enrique_Ir 65.56252 15 65.56252 15
UIE 64.47657 16 64.47657 16
12C-UHU-Perseus 62.31144 17 62.31144 17
PUCE-UTP 58.06160 18 55.45929 18
baseline 51.65320 19 51.34444 19
MIMIC 34.79614 20 34.79614 20

this structural re-ranking. While the semantic embeddings establish the general thematic boundaries,
this baseline frequently faces ambiguity when dealing with competitive distractors that share identical
political topics and entities (such as the overlapping references to "amnistia” shown in Table 1).

In these specific scenarios, features extracted by UMUTextStats appear to exert a stronger, more
decisive influence on the decision boundaries than the visual signal, effectively functioning as tentative
tie-breakers. Even with a small numerical weight in the final global fusion, the inclusion of these explicit
linguistic metrics, which evaluate stylistic and pragmatic shifts, may successfully guide the architecture
to mitigate semantic saturation and help prioritise the narrative structure of the original headline.

Consequently, a primary limitation stems from the independence of signals, which restricts deeper
interaction between modalities. It is precisely in these intervals of semantic proximity where our
interpretable, unsupervised architecture offers its main advantage. While the E5 encoder is blind to
stylistic staging, the auxiliary linguistic signal from UMUTextStats captures variations in morphosyntax
and discursive markers. This allows the model to evaluate the explicit rhetorical framing of the text,
acting as a micro-stylistic tie-breaker that penalises generic distractors. Ultimately, this aids the final
ranking without relying on computationally expensive black-box architectures. Furthermore, the visual
signal heavily depends on image quality and relevance, and can be ambiguous if news images are
generic, falling out when disambiguating highly similar headlines.

Another limitation entails the choice of linguistic markers. UMUTextStats is a solid and robust
extractor that provides a strong baseline for linguistic study, but its results may be hindered when
analysing hard distractors since the illocutionary force of the message is not fully captured [18].
Especially when these distractors share the same entities but differ in the pragmatic intent (i.e., whether
a headline uses irony or rhetorical framing [19]). Lastly, the absolute performance of our current baseline
may have been constrained by the absence of supervised learning or tuning on the development data
splits.



6. Conclusions and Future Work

In this paper, we have described the participation of the LACELL team in the PoliticHeadlinES 2026
shared task. Rather than relying on a black-box architecture, our late fusion framework prioritises
interpretability, offering a nuanced baseline that captures the multi-layered nature of editorial framing.
Additionally, while global embeddings provide a robust foundation for general thematic matching, our
findings suggest how explicit linguistic features can serve as subtle and essential regularisers, serving
as a complementary view of raw textual alignment and communicative intent.

Building upon these insights, future work will explore cross-encoder architectures for re-ranking
by incorporating explicit named entities and dynamic weighting strategies to improve the multimodal
alignment of our system. Further, we intend to deepen our linguistic analysis by integrating pragmatic
content, specifically focusing on Speech Act Theory [20], as it better captures the author’s implicit
stance [21]. In this way, the model will actively penalise distractors that alter the original communicative
intention of the headline.
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