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Abstract: This paper presents the results from the 2024 ODESIA Challenge, a pub-
lic competition aimed at benchmarking natural language processing (NLP) systems
in Spanish across ten discriminative tasks using a standardized methodology based
on private, held-out test sets. Results show the winning system (Qwen2.5-14B)
prevailed due to structural advantages in extractive Question Answering, whereas
encoders outperformed LLMs in other tasks such as sequence labeling and soft classi-
fication. We conclude that, while generative models may dominate reasoning-heavy
tasks involving long contexts, encoder architectures obtain on-par or even better per-
formance in many other discriminative scenarios, challenging the assumption that
massive scale universally supersedes specialized architectural design.

Keywords: Benchmarking, discriminative tasks, encoders vs. decoders, Spanish
NLP.

Resumen: Presentamos los resultados del ODESIA Challenge 2024, una com-
peticion abierta basada en conjuntos de prueba privados orientada a evaluar sistemas
de procesamiento del lenguaje natural (PLN) en espafiol en diez tareas discrimina-
tivas. El sistema ganador, un LLM (Qwen2.5-14B), destacé por su rendimiento
en extractive Question Answering, mientras que los encoders superaron a los LLM
en tareas como sequence labeling y soft classification. Concluimos que, aunque los
grandes modelos generativos pueden dominar tareas de razonamiento con contextos
largos, los encoders logran un rendimiento comparable o superior en muchos esce-
narios discriminativos, poniendo en tela de juicio la creencia de que el tamano de
un modelo es un factor mas decisivo que el emplear una arquitectura especializada
en este tipo de tareas.

Palabras clave: Benchmarking, tareas discriminativas, encoders vs. decoders,
PLN en espanol.

1 Introduction guage Processing (NLP) systems for Span-

ish framed within the ODESIA (Observation

We present the outcomes and a technical Space for Artificial Intelligence in Spanish)

account of the 202/ ODESIA Challenge,
a benchmarked evaluation of Natural Lan-
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project! (2022-2025). The project’s main
goal is to measure the development gap in
Artificial Intelligence between English and
Spanish across four key areas: state of the art
of language technologies; market solutions;
level of technology adoption; and user ex-
perience. To measure the gap in the state
of the art, benchmarks have been created
with private (not publicly shared), held-out
test partitions in Spanish and English. In
this context, the challenge presented in this
paper was conceived as a large-scale evalu-
ation campaign aimed at assessing the per-
formance, robustness, and adaptability of
NLP systems for Spanish across ten discrim-
inative tasks. The challenge was launched
to serve two primary purposes: First, it
sought to measure the current capabilities
of modern NLP systems—particularly large
language models (LLMs)—when required to
solve multiple heterogeneous discriminative
tasks using a single, unified methodological
approach. Second, it aimed to stimulate re-
search on Spanish NLP by providing a con-
trolled evaluation environment with private
test sets, preventing training data contami-
nation and allowing for reliable comparisons
across models.?

By covering a variety of linguistic
phenomena, domains, and annotation
paradigms—including tasks based on rater
disagreement (i.e. tasks where the objective
is to predict the full label distribution of
human annotators rather than a single
point estimate) (Uma et al., 2021b)—the
challenge provided a comprehensive bench-
mark for evaluating system generalization
and cross-task consistency.  This article
documents the challenge setup and pro-
vides a detailed description of the systems
for which complete technical reports were
submitted—specifically, the solutions from
the teams IXA_taldea and GPLSI These
two teams, along with the organizers’
baseline, constitute the systems for which
full methodological transparency is avail-
able, enabling an accurate and meaningful
comparison. The best-performing system,
submitted by IXA_taldea and based on the
Quwen2.5-14B-Instruct model, achieved a
macro average of 0.6306, outperforming all
other participating systems on the private

"https://odesia.uned.es/
’https://leaderboard.odesia.uned.es/
leaderboard/challenge
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test data.

While the results confirm that large lan-
guage models excel in reading comprehension
and semantic reasoning, they also demon-
strate that traditional encoder architectures
often outperform billion-parameter models in
other discriminative tasks. Consequently, we
argue that massive scale is not a silver bullet,
and that specialized discriminative designs
remain essential for solving many resource-
efficient, high-precision tasks.

2 Challenge Infrastructure: the
ODESIA Leaderboard

The challenge relied on the infrastructure
provided by the ODESIA Leaderboard, a
web-based evaluation platform designed to
benchmark language models by comparing
their outputs against a gold standard. The
leaderboard differs from traditional multilin-
gual benchmarks by strictly adhering to de-
sign principles that allow for a fair and di-
rect comparison between Spanish and En-
glish capabilities (Benito-Santos, Ghajari,
and Fresno, 2025; Sanchez Salido et al.,
2025).

In this regard, and to ensure data inde-
pendence, the English and Spanish partitions
of datasets hosted on the leaderboard were
not generated through translation or align-
ment. Instead, they were constructed inde-
pendently in each language following iden-
tical guidelines and maintaining comparable
data volumes. To ensure a fair comparison
between languages, the difficulty of each lan-
guage portion was calibrated by incorporat-
ing language-agnostic baselines and specific
linguistic gap metrics. Crucially, to prevent
data leakage and avoid data contamination
(Sainz et al., 2024), the CORE part of the
benchmark consists of newly created datasets
with private test partitions.

The evaluation logic is handled by a
specialized open-source library (PyEVaLL)
3 capable of managing complex evaluation
contexts, such as the Learning with Dis-
agreement (LeWiDi) paradigm (Uma et al.,
2021b). It also supports a diverse array of
metrics to mitigate the limitations associated
with relying on single performance indicators
(Ruder, 2021). The benchmark structure cat-
egorizes tasks into two distinct groups:

e Core Tasks: Comprising five datasets

Shttps://github.com/UNEDLENAR/PyEvALL
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that derive into ten specific tasks of dif-
ferent nature. These tasks utilize private
test sets to guarantee zero contamina-
tion.

¢ Extended Tasks: Comprising 4 widely
used public datasets (such as MLDoc
(Schwenk and Li, 2018) or MultiCONER
(Malmasi et al., 2022)) for which model
contamination cannot be ruled out.

The ODESIA Challenge required each
participating team to develop a single sys-
tem capable of tackling all ten tasks of
ODESIA-CORE # under a unified frame-
work. This constraint was a defining
characteristic: systems could make task-
specific adjustments—such as prompt word-
ing, hyperparameters, preprocessing choices,
or fine-tuning procedures—but the under-
lying model architecture or methodological
paradigm had to remain consistent across
all tasks. The ODESIA CORE tasks for
Spanish include the following tasks (see sum-
mary in Table 1):

e The DIPROMATS 2023 (Moral et al.,
2023) tasks, performed on a dataset of
tweets issued by diplomats from four
world powers (the European Union, Rus-
sia, China and the United States), anno-
tated according to the propaganda tech-
niques used to convey a particular image
of their countries and competitors. Task
1 on propaganda identification involves a
binary classification, while Tasks 2 and 3
on coarse- and fine-grained propaganda
classification involve multilabel classifi-
cation.

e The EXIST 2022 (Rodriguez-Sénchez
et al., 2022) tasks address sexism detec-
tion and categorization on a dataset of
tweets annotated according to whether
they contain sexist messages or not, and
what type of sexism they express.

e The EXIST 2023 (Plaza et al., 2023)
tasks are similar to the EXIST 2022
tasks, but they are performed on a
different dataset annotated within the
Learning with Disagreement (LeWiDi)
paradigm (Uma et al., 2021a) and con-
tains also annotations for the identifica-
tion of the source of the sexist content.

4To ensure a fair, contamination-free comparison
across systems, the Extended Tasks were excluded
from the challenge.
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Apart from sexism detection and sexism
categorization, the source detection task
was added.

e The DIANN 2023 (Fabregat,
Martinez-Romo, and Araujo, 2018)
task on disability detection is a se-
quence labeling task performed on
a dataset of biomedical abstracts
annotated with disabilities.

e SQAC 2024 is an extractive text com-
prehension task for question-answering
systems, performed on a dataset of pop-
ular science articles from the research in-
stitution CSIC annotated with questions
and answer spans following the guide-
lines of the SQAC dataset.

More information about the datasets and
tasks can be found in their corresponding
publications. The tasks in ODESIA-CORE
are intentionally varied in nature including
sequence labeling, binary classification, mul-
ticlass and hierarchical classification, multi-
label classification, and LeWiDi tasks. This
diversity ensured that systems had to demon-
strate versatility across different linguistic
and modeling challenges. The requirement
for a unified methodology inevitably favored
models capable of flexible prompting, robust
generalization, and adaptation to heteroge-
neous label structures.

Participants had access only to the pub-
lic training and development sets provided
within each of the ten tasks included in the
challenge. The evaluation process was fully
automated through the ODESIA Leader-
board platform, which validated predictions,
computed metrics, and maintained public
rankings.

Systems were required to share a com-
mon architectural base. Examples of ac-
ceptable systems included, for example 1) a
single encoder model fine-tuned separately
per task; 2) A single generative LLM used
via prompting, optionally with task-specific
prompt templates; 3) An ensemble of fixed
models used consistently across tasks; 4)
A retrieval-augmented generative architec-
ture with task-dependent corpora. Con-
versely, unacceptable systems included using
unrelated LLMs per task, employing mixed
paradigms (e.g., rule-based + neural + sta-
tistical) without a shared foundation, or sub-
mitting fully independent models for each
task.
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Dataset Domain Task Abstract Task Metric
DIANN 2023 Biomedical 1 Disability detection Sequence labeling F1
1 Propaganda identification Binary classification Macro-F1
DIPROMATS 2023 Politi Multicl Itilabel
ones 2 Propaganda cat. coarse h ,IC ass. muttriabe Macro-F1
classification
Multicl Itilabel
3 Propaganda cat. fine h t.lc ass. multilabe Macro-F1
classification
EXIST 2022 Social 1 Sex?sm detectlc?n . Blnal."y clas&ﬁca.xtlon. Macro-F1
2 Sexism categorization Multiclass classification Macro-F1
1 Sexism detection Binary soft classification Soft-ICM
EXIST 2023 Social i i iclass
ocia 9 Source intention H1erarch1.cal H.lultlclass SoftJOM
soft classification
3 Sexism categorization Hlerz.u"chlcal multlclz.iss . Soft-ICM
multilabel soft classification
SQAC 2024 Scientific 1 Extractive QA Span extraction F1

Table 1: Summary of datasets and tasks in the ODESIA challenge benchmark.

3 FEwvaluation Framework

The evaluation protocol of the ODESIA
leaderboard was designed to promote fair-
ness, prevent overfitting, and ensure method-
ological transparency.

Metrics. Different tasks required different
evaluation metrics:

e Macro-F1 was used for standard mul-
tilabel and multiclass settings (DIPRO-
MATS 2023 and EXIST 2022)

e Normalized Soft-ICM (Amigo and Del-
gado, 2022) was used for tasks requiring
the prediction of the full human label
distribution (i.e., EXIST 2023).

e F'1 was used for DIANN 2023 (sequence
labeling) and SQAC 2024 (extractive

QA).

Final score. The official ranking metric
was the macro-average of each system’s
scores across the ten tasks.

4 Baselines

To provide a robust comparative framework
for the ODESIA Challenge, the UNED team
developed a set of strong baselines cover-
ing two distinct modeling paradigms: tra-
ditional encoder-only transformers and mod-
ern decoder-only LLMs. The objective was
to benchmark the tasks using a unified dis-
criminative methodology, treating both ar-
chitectures as feature extractors with classi-
fication heads rather than relying on genera-
tive prompting.
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The baseline generation pipeline® was de-
signed to standardize the fine-tuning pro-
cess while respecting the computational and
architectural differences between the model
families.

Encoder Baselines. For the encoder-
based baselines, a range of Spanish-
centric and multilingual models were
evaluated, including RoBERTa-base-BNE,
RoBERTa-large-BNE (Gutiérrez-Fandino et
al., 2022), and XLM-RoBERTa (Conneau et al.,
2020). These models underwent standard
full fine-tuning, where all parameters were
updated during training. The classification
or token labeling heads were initialized on
top of the final hidden states. A grid search
was conducted to optimize performance, fo-
cusing on lower learning rates characteristic
of these architectures ({le=® 3e~5 5e~°})
and batch sizes of {16, 32}.

Decoder Baselines. To assess the
discriminative capabilities of Generative
Al, baselines were also computed using
state-of-the-art decoder models such as
Llama-3.1-8B, Mistral-7B-v0.3, and
Qwen2.5-7B. Unlike the encoders, these
massive models required a Parameter-
Efficient Fine-Tuning (PEFT) strategy.
The system utilized Low-Rank Adaptation
(LoRA) (Hu et al., 2021), injecting adapters
(r = 16, = 8) into the attention mecha-
nisms while keeping the backbone frozen.

®Code is available at https://github.com/
aleOxb/odesia_benchmark.
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Crucially, the causal language modeling head
was replaced by a linear layer, forcing the
model to perform direct classification rather
than text generation.

4.1 Unified Task Adaptation

Despite the architectural differences, both
model types shared a common adaptation
strategy for the specific challenges of the
ODESTA benchmark:

Standard Classification. For standard
text classification tasks, such as binary or
multiclass categorization (e.g., EXIST 2022,
DIPROMATS 2023), the systems used a se-
quence classification head. The models were
trained to minimize cross-entropy loss be-
tween the predicted logits and the target
class. For multilabel scenarios, the problem
was framed as multiple binary classifications,
using a sigmoid activation function and bi-
nary cross-entropy loss to predict the pres-
ence or absence of each label independently.

Learning with Disagreement (LeWiDi).
For tasks involving soft labels where inter-
annotator disagreement is a key feature (e.g.,
EXIST 2023), the approach was modified to
handle probability distributions directly. In-
stead of converting soft labels into a sin-
gle hard ground truth, a custom training
loop was implemented to minimize the Bi-
nary Cross Entropy with Logits loss between
the model’s output logits and the soft label
distribution provided in the dataset. This al-
lows the models to learn and predict the un-
certainty associated with each instance, pre-
serving the richness of the original annota-
tions.

Token Classification and Question An-
swering. Sequence labeling tasks, such as
named entity recognition (DIANN 2023),
were addressed using a token classification
head that assigned a label to each token
in the input sequence. The pipeline in-
cluded a mechanism to align the model’s sub-
word tokenization with the original word-
level labels, ensuring accurate span predic-
tion. Similarly, for extractive question an-
swering (SQAC 2024), the systems predicted
the start and end logits of the answer span
within the context, effectively treating it as a
specialized token classification problem.

4.2 Grid Search

For each model, the best configuration
was determined through a systematic grid
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search. It is important to note that the hy-
perparameter space for these decoder-only
models differed significantly from that of
standard encoder baselines. Due to the
use of LoRA and the distinct optimiza-
tion dynamics of large decoders, higher
learning rates were found to be effective.
The grid search explored learning rates in
the range of {le™* 3e~* 1e73}, consider-
ably higher than the typical {1e™°,... 575}
range used for fully fine-tuned encoders.
Other tuned parameters included batch sizes
of {8,16,32} and weight decay values of
{0.0,0.01}. Results for all the tested mod-
els can be consulted upon Table 5 of the
Appendix. Baselines were selected from the
best-performing decoder (Qwen2.5-7B, Base-
line 1) and encoder (XLM-RoBERTa-large,
Baseline 2) models.

5 Challenge Results

The challenge was officially launched dur-
ing a dedicated session at SEPLN 2024,
held in Valladolid on 26 September 2024,
and concluded on 2 February 2025. In to-
tal, 26 teams registered for participation,
of which 6 successfully completed a full
submission, that is, they submitted results
for all 10 tasks in ODESIA CORE. These
teams were: IXA (Ixa Group from the
University of Basque Country EHU), BSC
(Language Technologies Laboratory at the
Barcelona Supercomputing Centre, Spain),
GPLSI (Language Processing and Informa-
tion Systems Group at the University of Al-
icante, Spain), UMUTeam (Universidad de
Murcia, Spain), IIC (Instituto de Ingenieria
del Conocimiento, Spain), and UDA-LIDI
(Universidad del Azuay, Ecuador).

Most submissions employed large decoder-
only generative LLMs, although the chal-
lenge rules allowed encoder-based, hybrid,
or retrieval-augmented approaches as long as
consistency was maintained. Table 2 shows
the macro-average results per task (only the
best submission of each team is shown).

The overall ranking was led by Team
IXA using Qwen2.5-14B-Instruct, achiev-
ing a macro-average of 63.06. They were
closely followed by the BSC team (62.37)
using a powerful custom encoder-based ap-
proach (zlm_roberta_cpt), demonstrating that
discriminative models remain highly compet-
itive against generative Al in this benchmark.
The GPLSI team secured the fourth spot
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Model Team Avg.
Qwen2.5-14B-Instruct XA 63.06
xlm_roberta_cpt BSC 62.37
Hermes-3-Llama-3.1-8B IXA 61.63
Llama_3.1-8B-Instruct GPLSI 60.12
Qwen2.5-7B Baseline 1 58.58
xlm-roberta-large Baseline 2 58.73
XLM-RoBERTa-large-v3  UMUTeam 54.62
Gemma-2B-IT IXA 54.56
RigoBERTa 11C 52.64
DeepSeek_Llamad.1 UDA-LIDI  51.63

Table 2: ODESIA Challenge 2024 average re-
sults.

(60.12), outperforming the official Qwen2.5-
7B baseline.

Breaking down the performance by task
(see Table 3) reveals interesting special-
izations. In the EXIST datasets, Team
GPLSI's Llama_3.1-8B excelled in sexism
categorization and identification, achieving
the highest scores in EXIST 2022 Task 2
(62.03) and EXIST 2023 Task 1 (70.29).
However, for tasks involving the LeWiDi
paradigm (EXIST 2023 Tasks 2 and 3), the
encoder-based BSC model proved superior,
achieving the highest Soft-ICM scores.

Table 3 also highlights a clear dichotomy
between task types. In the Biomedical
Named Entity Recognition task (DIANN
2023), encoder models dominated: the spe-
cialized RigoBERTa model (Serrano et al.,
2022) from Team IIC achieved a remarkable
top score of 81.23, followed by the BSC en-
coder (77.90), with generative models trail-
ing behind. Conversely, in the Question An-
swering task (SQAC 2024), the generative
Qwen2.5-14B (IXA) outperformed all other
systems by a wide margin (72.65 vs. 62.70 for
the next best), a key factor that ultimately
secured IXA’s overall victory.

6 Participant Approaches

While six teams successfully completed the
full ODESIA-CORE benchmark, this sec-
tion focuses on the systems for which de-
tailed technical reports were made available
for analysis: IXA_taldea and GPLSI.

The selection of these two approaches

offers a scientifically valuable contrast,
as they represent distinct architectural
paradigms within the LLM landscape.

Team IXA employed a Unified Text-
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to-Text Framework, treating all tasks
as generative instruction-following problems,
whereas Team GPLSI explored a Retrieval-
Augmented Generation (RAG) pipeline,
attempting to leverage external context from
training data. In the following subsections,
we dissect the engineering decisions, prompt-
ing strategies, and architectural constraints
adopted by these teams to provide qualitative
context to the quantitative results reported
above.

6.1 Team IXA: Unified
Text-to-Text Framework

The submission ¢ by the HiTZ Center - Ixa
(University of the Basque Country EHU)
leverages auto-regressive LLMs. In particu-
lar, they utilize pre-trained instruction-based
models trained to generate responses condi-
tioned on task descriptions or user prompts.
Consequently, they transform all tasks in the
ODESIA Challenge into a chat-style text-to-
text format. Their approach is compatible
with any auto-regressive text-generation lan-
guage model, and their code implementation
supports arbitrary models out-of-the-box.

6.1.1 Text-to-Text Conversion

All tasks are converted into a chat-style
text-to-text format. The team developed a
prompt that clearly defines the task and in-
structs the annotation of a single unlabeled
input. For each task, they compiled detailed
annotation guidelines describing the task and
its labels. These guidelines, ranging from
170 to 300 words, are summarized from task
descriptions originally provided in the corre-
sponding papers or task websites.

Subsequently, a set of few-shot examples
is randomly sampled from the training split.
During both training and inference, new few-
shot examples are dynamically generated for
each input. This dynamic selection ensures
coverage of at least one few-shot example per
label in each task. Specifically, they use 3
few-shot examples for SQAC 2024, 8 for DI-
ANN 2023, and 20 for all other tasks. The
unlabeled input to be annotated by the model
is appended at the end of the prompt.

The tasks’ labels are represented using a
structured JSON schema. The JSON format
provides flexibility, allowing accommodation
of diverse label types, and aligns well with the

8Code  available at
hitz-zentroa/0Odesia-Struct

https://github.com/
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EXIST 2022 EXIST 2023 DIPROMATS 2023 DIANN 2023 SQAC 2024
Model Team E22-1 E22-2 E23-1 E23-2 E23-3 DP-1 DP-2 DP-3 DI-1 SQ-1
Qwen2.5-14B-Instruct IXA 80.27 60.65 67.74 45.52 41.11 83.60 55.30 49.31 74.42 72.65
xlm_roberta_cpt BSC_models 78.16 60.04 66.93 46.54 43.80 81.66 57.56 48.37 77.90 62.70
Hermes-3-Llama-3.1-8B  IXA 80.65 59.07 66.88 45.85 38.63 82.03 55.15 48.45 71.71 67.91
Llama_3.1-8B-Instruct GPLSI 79.89 62.03 70.29 45.15 39.30 82.74 53.79 43.83 58.64 65.54
Qwen2.5-7B Baseline 1 74.90 57.65 66.17 43.57 39.29 82.82 55.72 45.28 64.55 54.99
Xlm roberta large Baseline 2 76.63 55.93 65.64 44.14 39.95 81.86 53.43 45.27 78.55 45.89
XLM-RoBERTa-large-v3 UMUTeam  74.52 55.40 54.41 43.84 36.09 82.24 b54.25 45.81 59.67 40.00
Gemma-2B-IT IXA 75.48 52.62 62.57 40.12 29.20 81.09 52.83 43.03 61.29 47.38
RigoBERTa 11C 74.90 59.57 57.30 25.28 40.15 81.33 55.94 46.70 81.23 4.04
DeepSeek_Llama3.1 UDA-LIDI 75.86 50.77 61.54 39.45 30.60 75.34 4525 36.87 47.52 53.12

Table 3: ODESIA Challenge 2024 results across the set of 10 CORE tasks: EXIST 2022 (E22),
EXIST 2023 (E23), DIPROMATS 2023 (DP), DIANN 2023 (DI), and SQAC 2024 (SQ).

familiarity of current large language models.
For text classification tasks, the output is a
list of labels. In the EXIST 2023 task, the
model outputs a score per label; thus, they
use a dictionary where keys represent label
names, and values are floats indicating the
scores. The model predicts these scores fully
autoregressively as text tokens, without addi-
tional handling. For sequence labeling tasks,
the output consists of labeled spans grouped
by each label category. Finally, for question-
answering tasks, the output is represented as
a string containing the answer to the ques-
tion. To encode inputs, they employ each
model’s default chat template. The prompt
is encoded as user input, whereas the corre-
sponding output is encoded as system out-
put. During inference, the model receives
only the input prompt along with the token
indicating the start of the system response
and subsequently generates the predicted la-
bels.

6.1.2 Training

Team IXA adopts a multitask training ap-
proach, where a single model is trained
jointly across all tasks. Preliminary experi-
ments showed that training dedicated expert
models for each task resulted in inferior per-
formance. To balance the data distribution
and prevent tasks with larger datasets from
dominating the training process, they limit
each task to a maximum of 10,000 training
examples per epoch. Only the Spanish ver-
sions of the datasets were used for training.
The standard Next Token Prediction (NTP)
loss is used for model training. To ensure
that the loss contribution from the guide-
lines’ tokens does not overshadow the actual
output tokens, the loss is calculated exclu-
sively on the output tokens. They perform
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full fine-tuning on all model parameters. Al-
though they experimented with Low-Rank
Adaptation (LoRA) (Hu et al., 2021), which
reduces VRAM usage and computational re-
sources, the results from LoRA were slightly
lower compared to full fine-tuning. Deep-
Speed ZeRO3 (Rajbhandari et al., 2020) is
utilized to distribute the model parameters,
gradients, and optimizer state across eight
Nvidia A100 80GB GPUs. They employ the
AdamW optimizer (Loshchilov and Hutter,
2019) with a batch size of 64, a learning rate
of 5% 1075, and a cosine scheduler with a 10%
warm-up ratio. Training is conducted for a
total of 3 epochs.

6.1.3 Constrained Decoding

During inference, the model must generate
valid JSON outputs containing predictions
for each task. To ensure the generated out-
puts adhere strictly to valid JSON formats
and to avoid hallucinations or incomplete
annotations, constrained decoding is em-
ployed. Each task output format is defined
using a Pydantic JSON schema. Throughout
the autoregressive token generation process,
next-token predictions are constrained exclu-
sively to tokens that comply with the defined
JSON schema, setting the probability of non-
conforming tokens to zero. To implement
this, they utilize the Constrained Decoding
functionality provided by the Outlines library
(Willard and Louf, 2023). This approach has
been successfully applied by IXA team mem-
bers to other sequence labeling tasks such as
QA and Argument Component Detection in
the medical domain (Sviridova et al., 2024;
Garcia-Ferrero et al., 2024).

6.1.4 Models

They experimented with four distinct mod-
els, ranging in size from 2B to 14B pa-
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rameters: Gemma (Team, 2024), a 2B-
parameter model; Hermes-3-Llama-3.1, an
8B-parameter model (Teknium, Quesnelle,
and Guang, 2024) fine-tuned from LLama-
3.1 (Grattafiori and others, 2024); and the
14B-parameter version of Qwen2.5 (Qwen et
al., 2025).

6.1.5 Performance Analysis

Their approach, utilizing the Qwen2.5 14-
billion parameter model, achieves the high-
est overall performance. They surpass the
encoder-only model XLM-RoBERTa, sub-
mitted by the BSC_models team, demon-
strating that the text-to-text method com-
bined with state-of-the-art LLMs can outper-
form traditional encoder-only models. How-
ever, it is noteworthy that the performance of
XLM-RoBERTa remains highly competitive
while requiring significantly fewer computa-
tional resources.

The Hermes-3-Llama-3.1 model, with 8
billion parameters, performs on average 1.43
points lower than the 14-billion parameter
Qwen2.5 model. On the other hand, the
smaller Gemma 2-billion parameter model
yields significantly lower results, indicat-
ing that smaller text-to-text models strug-
gle with structured tasks such as those in the
ODESIA CORE benchmark.

This approach achieves superior results in
the question answering task by a wide mar-
gin. This success is attributed to the intrin-
sic proficiency of LLMs in question-answering
tasks and their substantial context length.
Interestingly, in the EXIST 2023 task, the
method of autoregressively predicting proba-
bility scores as textual values yields compet-
itive results compared to encoder-only mod-
els, which directly extract probabilities from
classification layers.

The DIANN 2023 task is the one where
this approach performs the least effectively
compared to other team submissions. This
lower performance is attributed to the small
size of the training dataset for this specific
task, which likely becomes diluted among the
larger volumes of data from other tasks dur-
ing multitask training.

6.2 Team GPLSI:
Retrieval-Augmented
Generation

The team from the University of Alicante
(GPLSI) took a Retrieval-Augmented Gen-
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eration (RAG) approach’. They proposed
a system designed to improve task-based re-
sponse generation by utilizing an instruction
model enriched with contextual information
retrieval and dynamic prompt construction.
Their approach integrates augmented task-
specific prompts, a knowledge retrieval mech-
anism, a modular prompt assembly process,
and a response parsing module.

6.2.1 Approach Overview

The system refines a pre-trained model into
an instructed model through a sequential
pipeline:

1. Task Augmentation and Prompt
Generation: Predefined tasks undergo
augmentation to improve generalizabil-
ity. Each task is used to generate specific
prompts for instruction tuning.

2. Knowledge Retrieval and Contex-
tualization: For new task examples,
an Information Retrieval module fetches
relevant contextual documents from a
structured knowledge base to enhance
the task context.

3. Prompt Assembly Module: Re-
trieved context is integrated into the
prompt. The module supports vari-
ous strategies (zero-shot, k-shot, chain-
of-thought) to adapt to different input
structures.

4. Response Generation and Parsing:
The instructed model generates a re-
sponse based on the assembled prompt,
which is then parsed to ensure alignment
with task requirements.

6.2.2 RAG Architecture

The GPLSI team implemented a RAG sys-
tem (Lewis et al., 2020) where the training
sets for each task serve as the knowledge base.
This decision was based on findings that us-
ing the model’s own training data during re-
trieval enhances performance (Izacard et al.,
2022; Borgeaud et al., 2022).

Dataset and Chunking. Unlike conven-
tional RAG implementations that chunk doc-
uments, GPLSI treated each training in-
stance as a discrete document. This pre-
served the full context of the examples, which
were generally short enough to be tokenized
without fragmentation.

"Code is available at https://github.com/gplsi/
Odesia_Challenge
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Figure 1: Architecture used for GPLSI’s
RAG system.

Vector Database and Hybrid Search.
The team utilized Weaviate (B.V., 2022) for
its robust hybrid search capabilities. They
implemented a hybrid search strategy com-
bining:

e Dense Vector Search: Using cosine
similarity with a threshold of 0.6.

e BM25: A keyword-based search al-
gorithm (Robertson and Walker, 1994)
that scores documents based on Term
Frequency and Inverse Document Fre-
quency.

These methods were combined using the
rankedFusion algorithm (Weaviate, 2024),
defaulting to a parameter of 0.75 to favor vec-
tor similarity.

Vectorization and Reranking. Em-
beddings were generated wusing the
sentence-transformers/all-MinilM-L6-v2

model (Reimers and Gurevych, 2020).
To  refine retrieval  precision, the
top results were reranked wusing the

BAAI/bge-reranker-v2-m3 model (BAAI,
2025), chosen for its strong multilingual
capabilities.

6.2.3 Prompt Assembly

The prompt assembly module con-
structs structured prompts consisting of
prompt_start (instructions), prompt_guide
(few-shot examples), and prompt_end (re-
sponse format). A system prompt is also
included to define the model’s persona (e.g.,
“You are an expert linguist...”).

Specific modifications were made for cer-
tain tasks:

e DIANN 2023: Several output formats
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were tested, ranging from direct BIO
tagging (V1) to span extraction (V3)
and context-enriched extraction (V4),
where RAG was used to identify diseases
and provide them as context.

¢ EXIST 2023: Functions were imple-
mented to compute and normalize label
distributions for the LeWiDi paradigm,
ensuring the output matched the proba-
bilistic format required by the metric.

6.2.4 Experimental Setup and
Results

The GPLSI team conducted experiments us-
ing Llama 3.2 (3B) and Llama 3.1 (8B)
models, fine-tuned using Fully Sharded Data
Parallel (FSDP) on NVIDIA A100 GPUs.
They explored ten experimental configura-
tions varying the model size, k-shot value (0,
5, 10), and NER output format (Table 4).

Few- NER
Exp Model shot Format
FExpy Llama_3.2-3B-Inst 0 1%}
Ezps  Llama_3.1-8B-Inst 0 )%
FExpg  Llama_3.1-8B-Inst 0 Vy
FExpig Llama_3.1-8B-Inst 10 Vy

Table 4: Selected Experimental Configura-
tions (GPLSI).

Their results revealed that, while the
system was designed to leverage retrieval,
the inclusion of the RAG module often
had a negative effect compared to the pure
instruction-tuned baseline. The team con-
cluded that for adapting a model to these spe-
cific tasks, starting from a strong instruction-
tuned model (0-shot) was more effective than
injecting retrieved examples, as the added
context often introduced noise or computa-
tional bottlenecks without corresponding ac-
curacy gains.

Consequently, their best performing con-
figuration (Exp 6 and 8) relied on the zero-
shot setting without the RAG component.
This setup achieved competitive results, par-
ticularly in binary classification tasks like
Sexism Detection and Propaganda Identifica-
tion, and secured the top spot in the Sexism
Categorization task.

7 Discussion

The ODESIA Challenge results highlight the
transition from discriminative to generative
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paradigms in Spanish NLP. Analyzing the
leaderboard reveals distinct methodological
patterns where different architectures excel
in specific domains.

Generative Advantage in QA. The
ODESIA Challenge results highlight the
transition from discriminative to generative
paradigms in Spanish NLP. A critical anal-
ysis reveals that Team IXA’s overall vic-
tory was heavily driven by the SQAC 2024
(Extractive QA) task. In this specific do-
main, the generative Qwen2.5-14B approach
achieved a score of 72.65, outperforming the
best encoder system (62.70) by nearly 10
points. While encoder-based models treat
QA as a rigid span-extraction problem (pre-
dicting start/end tokens), generative mod-
els approach it as natural reading compre-
hension. This structural advantage compen-
sated for tighter margins in other tasks, ef-
fectively acting as the deciding factor in the
final macro-average ranking.

Encoders remain the Standard for Se-
quence Labeling and Soft Classifica-
tion. Despite the dominance of LLMs,
encoder-only architectures demonstrated su-
perior performance in tasks requiring precise
span boundaries or probability calibration.

e NER: In the disability detection task
(DIANN 2023), the encoder-based
RigoBERTa achieved the highest score
(81.23), significantly beating the best
LLM (74.42). This confirms that token-
classification heads remain more precise
than generative prompts for fine-grained
entity extraction.

o Uncertainty: In EXIST 2023, which in-
volves soft labels (predicting annotator
disagreement), the BSC' XLM-R encoder
outperformed the largest LLMs in the
more complex tasks (T2 and T3). A
possible explanation is that encoders, ca-
pable of directly optimizing loss func-
tions against probability distributions,
appear better suited for modeling uncer-
tainty than LLMs, which are inherently
designed for next-token prediction.

LLMs Excel at Semantic Judgment. In
high-level binary classification tasks requir-
ing semantic reasoning—specifically Propa-
ganda Identification and Sexism Detec-
tion—instruction-tuned LLMs consistently
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edged out encoders. The massive world
knowledge embedded in models like Qwen
or Llama provides an advantage in detect-
ing complex, high-level linguistic phenomena
compared to encoders trained strictly on fine-
tuning data.

Instruction Tuning vs. RAG. The ex-
periments by Team GPLSI provided a valu-
able negative result regarding RAG for these
tasks. While they implemented a robust
RAG pipeline, they found that direct instruc-
tion tuning (0-shot) was more effective. RAG
adds complexity that appears beneficial pri-
marily when external knowledge is strictly re-
quired; for self-contained classification tasks,
retrieving similar examples often introduces
noise or computational bottlenecks without
corresponding accuracy gains.

Scale and Cross-Lingual Transfer. Per-
formance scaled predictably with size (14B >
8B > 7B > 2B). Moreover, the vic-
tory of Qwen2.5—a model with strong mul-
tilingual capabilities but primarily Chine-
se/English roots—suggests that cross-lingual
transfer in modern LLMs is exceptionally ro-
bust. This potentially diminishes the need
for Spanish-specific pre-training (Agerri and
Agirre, 2023), as general-purpose multilin-
gual LLMs show high adaptability to Spanish
cultural and linguistic nuances when properly
instruction-tuned.

8 Conclusion

The ODESIA Challenge 2024 successfully
benchmarked the state of Spanish NLP, re-
vealing a transition period where genera-
tive and discriminative paradigms coexist.
While massive generative models offer su-
perior in a wide range of tasks, special-
ized encoders remain efficient powerhouses
in many classification tasks at a much lower
economical and environmental cost. Future
research lines should prioritize the refine-
ment of these discriminative models for high-
precision (e.g., complex hierarchical soft clas-
sification) and resource-constrained scenar-
ios, positioning them as indispensable com-
plements to generative Al rather than obso-
lete predecessors.
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Encoders
xlm-roberta-base 73.95 4997 7894 45.04 26.68 78.19 62.36 42.45 31.95 36.91 52.64
xlm-roberta-large 76.63 55.93 81.86 53.43 45.27 78.55 65.64 44.14 39.95 45.89 58.73
bert-base-multil-cased 72.22 46.93 78.21 4231 25.62 75.92 61.36 39.17 33.26 32.25 50.73
distilbert-base-multil-cased 72.22 46.69 75.07 40.36 22.22 68.68 58.51 38.23 28.74 22.07 47.28
roberta-base-bne 73.56 55.54 81.49 49.06 29.44 71.69 65.31 41.73 36.88 40.61 54.53
roberta-large-bne 72.41 56.68 81.77 51.73 38.94 67.57 66.71 4237 3798 46.40 56.26
bertin-roberta-base-sp 72.80 49.41 7596 25.32 25.00 68.77 64.65 41.46 33.31 41.72 49.84
bert-base-sp-wwm-cased 71.46 53.70 79.16 48.74 29.31 74.78 63.26 41.82 37.38 41.18 54.08
distillbert-base-sp-uncased 72.03 51.18 77.08 41.98 17.82 65.31 61.28 41.60 33.24 24.84 48.64
ixambert-base-cased 67.43 48.75 76.66 37.96 05.43 75.80 61.17 38.90 34.12 35.70 48.19
Decoders
Qwen2.5-7TB 78.16 55.26 82.82 55.72 45.28 64.55 66.17 43.57 39.29 54.99 58.58
Llama-3.1-8B 76.63 56.82 81.69 53.85 44.19 63.19 67.40 46.40 40.30 54.12 58.46
Mistral-7B-v03 77.01 54.76 81.04 52.79 43.38 64.08 64.29 44.47 37.74 48.55 56.81
Table 5: Results on the Core Tasks. F1 metrics have been used for all tasks except for EXIST

2023, evaluated with ICM-soft normalized, and DIPROMATS (normalized ICM).
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