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Abstract

This paper describes our system submitted to PoliticHeadlinES-IberLEF 2026, a shared task on ranking candidate
headlines for Spanish political news articles. Given a news article and ten candidate headlines, our system
estimates the relevance of each article-headline pair and outputs a complete ranking of the candidates. We
developed a text-only approach based on MrBERT-es, a bilingual Spanish-English encoder derived from the
ModernBERT family. The final submission combines four fine-tuned variants through weighted soft voting: a
binary top-1 classifier, a long-context regression/ranking model, a pairwise hard-negative model, and a listwise
model trained over full candidate sets. All models encode each article with one candidate headline, truncating
only the article body in order to preserve the headline text. The final ensemble weights were selected on
the development split by grid search using the official PA-nDCG metric, assigning most of the weight to the
long-context MrBERT model while retaining complementary signals from hard-negative and listwise training.
Although PoliticHeadlinES includes a multimodal setting, our submitted system relies exclusively on textual
information and reuses the same ranking for both official output columns.
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1. Introduction

Political news headlines play a central role in shaping how readers interpret public events. In online
media, headlines must summarize complex political situations in a short form, often referring to actors,
institutions, temporal context, and competing narratives. Automatically selecting the best headline for a
political article is therefore not merely a surface-level semantic similarity problem: plausible candidate
headlines may mention the same politicians or institutions while describing a different event, stance, or
temporal frame.

PoliticHeadlinES-IberLEF 2026 addresses this challenge as a ranking task for Spanish political
news [1] [2]. Each instance contains one article and ten candidate headlines. Systems are required to
return a complete ranking of the candidates, with special importance assigned to placing the correct
headline in the first position. The task includes a text-only track and a multimodal track in which
images can be exploited to disambiguate similar political events [3]. In this work we focus on a robust
text-only system and submit the same prediction for both official output fields.

Our approach is based on the intuition that different training objectives capture different aspects
of the task, a common motivation behind ensemble learning [4]. A pointwise regression model can
exploit graded supervision from the full gold ranking, a binary classifier can focus directly on the
top-1 decision emphasized by the metric, a pairwise model can learn to separate the correct headline
from highly competitive distractors, and a listwise model can optimize scores for the whole set of ten
candidates jointly. Rather than selecting a single objective, we fine-tuned several MrBERT-es variants
and combined their probability distributions through a weighted ensemble [5].
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The main contributions of this system paper are:

+ along-context transformer-based architecture for ranking Spanish political headlines;
+ a comparison of pointwise, binary, pairwise, and listwise training formulations over the same
base encoder;

« a hard-negative training strategy in which a teacher model selects the most competitive incorrect
headline for each article;

+ alightweight weighted soft-voting ensemble optimized directly with the official PA-nDCG metric.

2. Task Description

The PoliticHeadlinES shared task evaluates systems for headline ranking in Spanish political news.
Each example is composed of an article body, ten candidate headlines denoted as ¢1, . .., t19, and a gold
ranking indicating the preferred ordering of those headlines. The expected submission contains an
identifier and two ranking columns, task_1 and task_2. In our scripts, both columns are filled with
the same ranking because the submitted system does not use image features.

The official evaluation metric is PA-nDCG, a position-aware variant of nDCG [6] that strongly
rewards identifying the correct top headline. Let p be the predicted ranking and g the gold ranking.
If the first predicted headline does not match the first gold headline, the score is zero. Otherwise, the
score assigns a fixed reward « and uses nDCG over the remaining candidates:

PA-nDCG(p, ) = 0, P1# 91, (1)
a+ (1 —a) -nDCG(p\4,,9\g,)> P1 = g1-

Following the implementation used in the baseline, we set & = 0.9 and evaluate rankings over the ten
candidates. This metric makes the task highly sensitive to the top-1 decision while still preserving a
smaller contribution from the relative order of the remaining headlines.

3. System Overview

Figure 1 summarizes the submitted architecture. For every article, each model scores the ten article—-
headline pairs independently or as a grouped list, depending on its training objective. At inference time,
all model outputs are converted into a probability distribution over the ten candidate headlines using
softmax. The final distribution is a weighted linear combination of the individual distributions:

M
P(ti|a) =Y wmPu(ti | a), (2)
m=1

where a is the article, t; is one candidate headline, P, is the distribution produced by model m, and
Wy, is the validation-selected ensemble weight. Candidates are sorted in descending order of P(¢; | a)
to obtain the final ranking.

All four models use BSC-LT/MrBERT-es as the base encoder. MrBERT-es is a bilingual Spanish-
English encoder pretrained with long-context capacity, making it suitable for pairing full politi-
cal articles with concise headline candidates. Our implementation uses the HuggingFace Trans-
formers ecosystem [7], following the standard BERT-style sequence-pair formulation [8]. For tok-
enization, we pass the article as the first sequence and the headline as the second sequence, using
truncation="only_first". This choice preserves the full candidate headline whenever the maxi-
mum sequence length is reached.



Article body + ten candidate headlines

K
MrBERT top-1 binary model ~ MrBERT long-context model
MrBERT hard-negative pairwise model ~ MrBERT listwise model

1

Softmax over ten candidates for each model

1
Weighted soft voting and descending sort

Figure 1: Overview of the text-only ensemble used for PoliticHeadlinES-IberLEF 2026.

4. Model Variants

4.1. Long-Context Pointwise Ranking

Our first ranking model expands every article into ten training pairs, one per candidate headline. The
gold ranking is transformed into a graded relevance score. For a candidate appearing at position r in
the gold ranking, the target score is proportional to 2'°~". This produces high separation between the
true top headline and lower-ranked candidates while still keeping supervision for the complete ranking.

The model is trained as a single-output sequence regression/classification head over article-headline
pairs. We use a maximum sequence length of 2048 tokens, a learning rate of 2 x 107", weight decay of
0.01, mixed precision, three epochs, and early stopping based on validation loss [9]. During evaluation,
the ten scalar scores for an article are sorted to produce the predicted ranking.

4.2. Binary Top-1 Classifier

Because PA-nDCG returns zero when the first headline is incorrect, we also train a model that focuses
exclusively on identifying the best headline. For each article, the headline placed first in the gold ranking
is labeled as positive and the remaining nine candidates are labeled as negative. This creates a strong
class imbalance, so the binary model uses a weighted binary cross-entropy loss with a positive weight
of 12.

The binary classifier is fine-tuned for three epochs with maximum length 2048, batch size 4, learning
rate 2 x 107>, mixed precision, warmup ratio 0.05, and early stopping. Although this model ignores
the lower positions during training, its logits can still be normalized across the ten candidates and used
as a distribution for ensemble inference.

4.3. Pairwise Hard-Negative Model

The hard-negative model is designed to improve discrimination between the true headline and highly
plausible distractors [10]. First, a previously trained long-context MrBERT model is used as a teacher.
For each article, the teacher scores all ten candidate headlines. The highest-scoring incorrect headline
is selected as the hard negative, while the top gold headline is used as the positive example.

The student model is then trained with margin ranking loss:

L =max(0,y — s +57), (3)

where sT is the score assigned to the positive headline, s~ is the score assigned to the selected hard
negative, and v = 0.5. Training uses maximum length 2048, batch size 4, gradient accumulation of
4 steps, learning rate 2 x 107?, three epochs, mixed precision, and early stopping based on pairwise
validation accuracy.



Table 1
Model variants included in the final ensemble.

Model Objective  Max. length  Main loss Weight
Top-1 binary Pointwise 2048 Weighted BCE 0.01
Long-context ~ Pointwise 2048 Regression/eval loss  0.83
Hard negative Pairwise 2048 Margin ranking 0.05
Listwise Listwise 1024 KL divergence 0.11

4.4. Listwise Ranking Model

The listwise model treats the ten candidate headlines for each article as a single training instance,
following the general motivation of listwise learning-to-rank methods [11]. Each candidate is encoded
as an article-headline pair and the ten scalar outputs are reshaped into a score vector. The gold ranking
is converted into a probability distribution using exponentially decreasing gains and normalization. The
model minimizes the KL divergence between the gold distribution and the log-softmax of the predicted
scores:

Liist = KL (q(t: | @) [| log P(t; | a)) . (4)

This variant uses maximum length 1024 to reduce memory requirements when processing all ten
candidates together. The script is prepared for distributed data parallel training over four GPUs, with
batch size 1, gradient accumulation of 16 steps, learning rate 2 x 10~°, weight decay 0.01, four epochs,
and validation every 100 optimization steps.

5. Experimental Setup

5.1. Data Processing

The public training data are split into training and validation partitions using a fixed random seed of
42. All scripts preserve the original ten-candidate structure of the task. Depending on the objective,
the data are expanded into independent pairs, positive-negative pairs, or grouped candidate lists. No
external training data are used.

For all pointwise and pairwise models, the tokenizer receives the article body and one headline as a
sequence pair. Padding is fixed to the selected maximum length. The article body is the only sequence
allowed to be truncated, since truncating candidate headlines would remove the most compact signal
for the ranking decision.

5.2. Training Configuration

Table 1 summarizes the main configuration of the four models used in the ensemble. All models are
initialized from MrBERT-es and trained with the HuggingFace Transformers and PyTorch libraries [12].

5.3. Ensemble Selection

After training the individual models, we precompute their candidate-level probability distributions on
the validation split. We then perform grid search over convex combinations of the four models. For each
weight tuple (w1, wa, w3, wy) such that w; > 0 and ), w; = 1, the blended distribution is evaluated
with PA-nDCG. The best validation configuration assigns weights 0.01, 0.83, 0.05, and 0.11 to the binary,
long-context, hard-negative, and listwise models respectively.

The dominance of the long-context model suggests that preserving a large portion of the article
is important for this task. However, the non-zero weights assigned to the hard-negative and listwise
variants indicate that alternative objectives provide complementary ranking signals. The binary top-1
model receives a very small weight in the final ensemble, which suggests that focusing only on the top
headline was less robust than modeling graded relevance across the candidate set.



Table 2
Results of the submitted system.

System Development PA-nDCG  Top1 Accuracy  Official PA-nDCG

Top-1 binary MrBERT 0.863 - -
Long-context MrBERT ~ 0.911 - -

Hard-negative MrBERT - 0.917 -
Listwise MrBERT 0.874 - -
Weighted ensemble 0.935 - 0.903

Table 3
Official PoliticHeadlinES-IberLEF 2026 leaderboard (selected entries). PA-nDCG on the test phase; metric_1_3
column. Our submission is highlighted in bold.

Rank Team PA-nDCG
1 Theron 0.954
2 padelice 0.928
3 VerbaNex Al Lab 0.922
4 acho_gpt (ours) 0.903

20 joseagd (baseline) 0.517
21 mimic 0.348

6. Results and Discussion

Table 2 reports the development and official PA-nDCG scores for each model variant and the final
ensemble. Development PA-nDCG is reported for all models except the hard-negative variant, which is
evaluated using Top-1 Accuracy since its pairwise training objective optimizes a binary decision rather
than a complete ranking. Among individual models, the long-context MrBERT achieves the strongest
development PA-nDCG at 0.911. The weighted ensemble improves over all individual models on the
development split, reaching 0.935, and obtains an official PA-nDCG of 0.903 on the test set.

Table 3 contextualises this result within the official competition leaderboard. Our system, submitted
under the team name acho_gpt, ranked 4th out of 21 participating teams with a PA-nDCG of 0.903.
The difference between our text-only approach and the Top 3 teams could suggest the possibility that
incorporating multimodal signals—as discussed in Section 7—could close this gap. The gap between our
system and the task baseline is substantial: the official baseline (joseagd, rank 20) scores 0.517, meaning
our ensemble nearly doubles the baseline PA-nDCG.

The design of the final ensemble reflects the structure of the metric. Since PA-nDCG gives most of its
reward to the first position, models must distinguish the correct headline from very similar distractors.
At the same time, the remaining positions still affect the score when the first candidate is correct. This
makes the task suitable for combining pointwise, pairwise, and listwise formulations.

The long-context model receives the largest ensemble weight. This is consistent with the nature of
political news, where the information that distinguishes two plausible headlines may appear far from
the beginning of the article. Names of political actors, parties, institutions, and dates can overlap across
candidates, so the model benefits from broader article context.

The hard-negative model addresses a different failure mode. In many cases, the most difficult incorrect
headline is not a random distractor but a semantically close headline referring to a related political
event. By selecting the highest-scoring incorrect candidate according to a teacher model, the pairwise
objective trains the student to focus on fine-grained distinctions between nearly plausible headlines.

The listwise model contributes by seeing the complete set of candidates jointly during training.
Although inference still relies on scalar scores per candidate, the loss encourages a distribution over all
ten titles rather than independent binary or regression decisions. This can help stabilize lower-ranked



positions, which are not the dominant factor in PA-nDCG but remain relevant after the top-1 condition
is satisfied.

Our main limitation is that the submitted system is text-only. PoliticHeadlinES includes a multimodal
setting in which the associated news image may help disambiguate actors, events, locations, or temporal
context. Because the final submission reuses the same ranking for both output columns, any potential
gain from visual evidence is left unexplored. Future work should evaluate vision-language encoders or
late fusion strategies that combine image and text signals without weakening the strong long-context
textual baseline.

7. Conclusion

We presented the AchoGPT system for PoliticHeadlinES-IberLEF 2026. Our approach frames Spanish
political headline selection as a ranking problem over ten candidate headlines and combines four
MrBERT-es variants trained with complementary objectives. The final system uses weighted soft voting
over candidate-level probability distributions, with ensemble weights selected on the development split
using PA-nDCG.

The implementation highlights three practical lessons. First, preserving long textual context is
important for political headline ranking. Second, hard negatives are useful because many distractors
are semantically close to the correct headline. Third, optimizing only for the top headline is insufficient
on its own, even when the official metric heavily rewards top-1 accuracy. In future work, we plan to
incorporate multimodal evidence, calibrate model probabilities before ensembling, and analyze errors
by political entity overlap, temporal proximity, and event similarity.

Declaration on Generative Al

During the preparation of this work, the authors used OpenAl ChatGPT/Codex in order to: code
inspection, drafting assistance, grammar and spelling check, and paraphrase and reword. After using
this tool/service, the authors reviewed and edited the content as needed and take full responsibility for
the publication’s content.
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