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Abstract

This paper presents Vicomtech’s participation in the PROFE 2025 shared task. Our team took part in all three
proposed tasks, achieving the best results across the board by leveraging various Large Language Models (LLMs).
The main strategies explored include experimenting with LLMs of different sizes, ensemble methods, and sequence-
to-sequence approaches. The results demonstrate that while larger LLMs perform exceptionally well across all
tasks, smaller models offer competitive performance with significantly lower computational cost, making them a
more lightweight and affordable alternative.
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1. Introduction

Understanding the deep meaning and logic behind natural language remains one of the core challenges
in NLP. While numerous benchmarks aim to evaluate reading comprehension, they are often limited in
language coverage—focusing predominantly on English—and exhibit high overlap between training
and test data, which can overestimate a system’s reasoning abilities.

The PROFE 2025 shared task [1], organized as part of the IberLEF 2025 evaluation campaign [2],
addresses these limitations by introducing a multilingual evaluation framework based on real Spanish
proficiency exams developed by the Instituto Cervantes. Unlike conventional datasets, this benchmark
provides no dedicated training material, requiring systems to generalize through zero-shot or few-shot
In-Context Learning (ICL) and generative modelling.

The task comprises three distinct subtasks — multiple-choice, text matching, and gap filling — each
inspired by actual exam formats and designed to evaluate different aspects of language understanding.
To support model development, we created a custom internal dataset that mirrors these formats, enabling
rigorous pre-evaluation and informed design of prompts. Given the absence of organizer-provided
training data and the scarcity of similar open-source resources, we addressed this challenge by using
machine translation to construct a training set for fine-tuning a Large Language Model (LLM).

This paper presents Vicomtech’s participation in all three subtasks of the PROFE 2025 shared task.
Our submission explores a diverse range of strategies centred around large language models, combining
models of different sizes, ensemble techniques, and sequence-to-sequence formulations tailored to each
task. Rather than relying solely on the most powerful models, we systematically evaluate the trade-offs
between model size, efficiency, and performance. Our findings show that while larger LLMs achieve
the best results, smaller and more efficient models can still perform competitively, both significantly
outperforming traditional sequence-to-sequence and Semantic Textual Similarity (STS) baselines.

The remainder of this paper is structured as follows: Section 2 surveys related work. Section 3
describes the task and dataset construction. Section 4 details our methodology. Section 5 reports
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experimental results. Finally, Sections 6 and 7 provide a discussion of key findings and outline future
directions.

2. Related Work

Reading comprehension tests involve reading a short text passage and answering a series of questions
about that text. Automatic evaluation of these tests remains a challenging task. The vast majority of
studies are conducted to evaluate English exams. For English, there are diverse Multiple-Choice QA
datasets, such as RACE [3], and QuAlIL [4].

For Spanish, the following question-answering datasets are available: SQuAD-es [5], a span-based
dataset with explicitly stated answers, and Entrance Exams (EE) [6], a multiple-choice dataset requiring
reasoning but limited by its small size. UNED-ACCESS 2024 [7] is a bilingual dataset which contains
1,003 questions from various subjects in the UNED Access Course for Over-25s, originally formulated in
Spanish and professionally translated into English. ReCoRES dataset [8] extracted from actual university
entrance examinations provided by Peruvian institutions that train students for entrance examinations,
comprises 439 texts and 1,822 questions with 2-7 candidate answers each.

The methods in the recent studies are mostly based on the transformer architectures [9]. For instance,
mT5-based models have been employed in a pipeline encompassing candidate answer extraction, answer-
aware question generation, and distractor generation [10]. [11] have investigated the extent to which
multilingual models can be trained in one language and applied to another for MCQ tasks. Findings
indicate that both monolingual and multilingual models can be zero-shot transferred to different datasets
and languages, maintaining performance levels. This approach is beneficial for languages with limited
annotated data

The gap-filling task datasets are the following: the Cambridge Exams Publishing Open Cloze (CEPOC)
[12], SCDE: Sentence Cloze Dataset with High Quality Distractors From Examinations [13]. The research
on gap-filling tasks is mostly represented by a generation of gaps and distractors, and transformer-based
methods such as encoder-decoder models [14, 15, 16, 17].

3. Task Description and Datasets

The shared task focuses on the automatic resolution of official Spanish language exams designed by the
Instituto Cervantes, targeting learners’ levels from A1 to C2. The goal is to develop systems based on
language models capable of accurately solving different types of exam exercises.

The task is divided into three subtasks, each corresponding to a specific exercise type commonly
found in these exams:

« Subtask 1, Multiple-Choice: Select the correct answer among some options based on a given text.
+ Subtask 2, Matching: Match textual fragments from two lists.

« Subtask 3, Gap Filling: Complete gaps from a text by correctly filling them with the missing
fragments.

These subtasks aim to evaluate the capabilities of NLP models in understanding and processing
language across a wide range of proficiency levels.

To evaluate our proposed approaches, we constructed a benchmark dataset by collecting multiple
exercises for each subtask from publicly available online sources. These sources include official exams
published by Instituto Cervantes [18], as well as freely accessible educational websites that provide
similar Spanish language learning resources.

It is important to emphasize that the collected data was used strictly for evaluation purposes. Our
goal was to obtain a reliable estimate of the performance of our models under realistic testing conditions.
To ensure the evaluation was representative, we curated exercises for three subtasks and across a broad
range of Spanish proficiency levels, from beginner (A1) to proficient (C2).



3.1. Multiple-choice

This subtask involves answering multiple-choice questions based on a reading passage in Spanish. The
texts cover general-domain content, ranging from activity schedules at lower proficiency levels to
narratives and articles at more advanced levels.

The number of questions per passage and the number of answer options per question may vary
depending on the exam level. The overall goal is to evaluate different language models on this task,
which requires a dataset with matching characteristics.

We initially used the Cambridge Multiple-Choice Questions Reading Dataset [19] for evaluation.
This corpus contains a total of 120 reading comprehension texts in English, covering a wide range of
proficiency levels. However, given that the model’s performance can vary significantly across languages,
we collected a new dataset consisting of 40 reading comprehension texts in Spanish, spanning various
proficiency levels, as detailed in Table 1.

Table 1
Distribution of exercises by proficiency level in our evaluation dataset.

Spanish Multiple-Choice Questions Reading Dataset
Proficiency level A1 A2 B1 B2 C1 C2 | Total
Number of exercises | 6 10 13 6 4 1 40

These instances were semi-automatically gathered from preparatory exercises sourced from Instituto
Cervantes website!, Lingua website?, Lingolia website®, Inmsol website* and ProfeDeELE website’.
Each text has multiple-choice questions. Table 2 provides statistics on the number of questions per text
and the number of possible answers per question.

Table 2
Descriptive statistics of our multiple-choice evaluation dataset, including the number of texts, questions per text,
and answer options per question.

Statistics Total Max. Min. Mean
Texts 40 - - -
Questions 221 10 per text 5 per text 5.53 per text
Possible answers | 786 4 per question 2 per question  3.56 per question

3.2. Matching

The matching subtask is a challenge that involves identifying precise correspondences between two lists
of text fragments. Each source item must be accurately paired with its target counterpart. While three
illustrative examples are initially provided, the development of NLP based solutions requires access to a
larger well structured dataset. We collected an evaluation dataset gathered from various online sources
and aligned with the specifications required by the challenge. This dataset includes exercises spanning
different proficiency levels, as shown in Table 3.

Table 3
Distribution of matching exercises by proficiency level in our evaluation dataset.

Spanish Matching Dataset
Proficiency level A1 A2 B1 B2 C1 C2 | Total
Number of exercises | 7 4 8 5 4 2 30

'https://examenes.cervantes.es/
*https://lingua.com/es/espanol/lectura/
*https://espanol.lingolia.com/es/comprension-lectora
*https://www.inmsol.com/
*https://www.profedeele.es/examenes/
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The collected matching exercises consist of two parallel lists of text fragments and a general instruction
that outlines the task. The number of items in the source and target sets may vary, and some exercises
include distractor texts in the source set that do not correspond to any item in the target set. On average,
6 textual fragments in the source set and 7 items in the target set.

The dataset compiled includes several sources, including the Cervantes Virtual Center®, Obejetivo
DELE (Diploma de Espafiol como Lengua Extranjera)’, the Language Institute of the University of
Seville®, and the Tia Tula Blog’. Part of the data was compiled from official exams used for international
certification of Spanish proficiency within the DELE system. The other part contains exercises using an
exam model tailored to the matching task. Two common examples of matching exercises are presented
on our repository'’.

3.3. Filling the gaps

The “filling the gaps” task involves a text where certain fragments have been removed, with candidates
for these gaps presented in a disorderly fashion. Typically, the number of candidate fragments exceeds
the number of gaps to be filled'’.

This type of exercise demands a high level of language comprehension and, as such, is typically
included only in exams at the B1 proficiency level or higher. Students are generally required to engage
in iterative reasoning over the available options before selecting the final answer.

To compare different systems designed for this task, a dataset of 20 instances was compiled, repre-
senting varied proficiency levels as detailed in Table 4. In the collected dataset, each exercise contains 7
to 8 gaps to be filled, and the number of fragments from which to choose is fixed at 6. Therefore, there
are typically 1 to 2 additional fragments included as distractors.

Table 4
Evaluation dataset distribution for “filling the gaps” task.

Spanish Filling the Gaps Dataset
Proficiency level B1 B2 C1 C2 C1/C2 | Total
Number of exercises | 7 3 5 3 2 20

These instances were manually gathered from previous examinations and preparatory exercises
sourced from the Instituto Cervantes website'?, Tia Tula Spanish School website’ and DELE Ahora
Spanish learning website!®. These sources were chosen due to their official alignment with the DELE
exam format and their wide use in preparation contexts.

As this exercise format is specific to these exams, the number of collected instances is limited. As a
result, fine-tuning an LLM with such a limited number of instances is challenging; however, the dataset
has proven useful for selecting the most suitable ICL strategy (presented in Section 4.3).

4. Proposed Approach

In this section, the proposed approaches are presented. Table 5 lists the LLMs used for each task,
including both open-source and commercial models of various sizes. Table 6 presents the embedding
models, and Table 7 shows the STS models.

Shttps://cve.cervantes.es/

"https://objetivodele.com/

®https://institutodeidiomas.us.es/
*https://blog.tiatula.com/2010/03/modelos-de-examen-dele.html
"https://github.com/Vicomtech/profe2025/tree/master/subtask?2
"https://github.com/Vicomtech/profe2025/tree/master/subtask3
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Bhttps://deleahora.com/
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Table 5
Used LLMs throughout subtasks. “~” indicates unknown data.

Model Open Source Size Release Date Subtask
Claude 3.7 Sonnet [20] X - Feb, 2025 1,2,3
Gemini 2.0 Flash Thinking [21] - Dec, 2024 3
Gemini 2.0 Flash Thinking [22] X - Jan, 2025 2
Gemini 2.5 Flash [23] - Apr, 2025 3
Gemini 2.5 Pro [24] - May, 2025 3
04-mini [25] X - Apr, 2025 3
GPT-40 [26] - May, 2024 2
QwQ [27] v/ 32B Mar, 2025 1
72B 1
Qwen 2.5 [28] v 14B Dec, 2024 1,2
7B 1
Qwen3 [29] v 302;338 Apr, 2025 ;
DeepSeek R1 [30] 685B 1,3
DeepSeek R1 Distill Qwen [30] v 14B Jan, 2025 1,3
DeepSeek R1 Distill Llama [30] 70B 2
Llama 3.3 [31] v 70B Dec, 2024 1,2,3
12B 1,2
Gemma 3 [32] v 4B Mar, 2025 1
27B 3
Mistral Large 2 [33] 123B Nov, 2024 1,3
Mistral NeMo [34] v 12B Jul, 2024 1
Ministral [35] 8B Oct, 2024 1,2
Phi 4 [36] v 1;88 Dec, 2024 1’?’3
Table 6
Used embbeding models throughout subtasks.

Model Open Source Dimension Subtask
paraphrase-multilingual-MiniLM-L12-v2 [37] v 384 3
paraphrase-multilingual-mpnet-base-v2 [37] v 768 2
text-embedding-ada-002 [38] X 1536 2
bge-m3 [39] v 1024 2
text-embedding-3-small [40] X 1536 2

Table 7
Used encoder models throughout subtasks.

Model Open Source Dimension Subtask
deberta-base-long-nli [41] v 1024 1
deberta-v3-base-tasksource-nli [41] v 768 1
A2T_RoBERTa_SMFA_ACE [42] v 1024 1
longformer-base-4096-bne-es-nli [43] v 768 1

4.1. Multiple-choice

For multiple-choice task, we explored several approaches ranging from zero-shot In-Context Learning
(ICL) with both commercial and open-source LLMs to more traditional language models for STS.
Additionally, we conducted fine-tuning experiments with LLMs and implemented ensemble methods
using LLMs and encoder models.



4.1.1. Zero-shot ICL using LLMs

For the zero-shot experiments with LLMs, we selected models demonstrating the highest performance
according to the current state-of-the-art. Table 5 presents a list of the models evaluated.

We also explored the use of few-shot prompting; however, this approach did not yield significant
improvements. This is likely due to the constraint that the model must return only a single letter
corresponding to the correct answer, as we issued one prompt per question rather than prompting the
model to answer all questions in a given exercise at once.

Furthermore, considering that smaller models (ranging from 8B to 14B) did not perform significantly
worse than larger ones, and that their errors occurred on different questions, we implemented an
ensemble of LLMs using Gemma 3 (12B), Phi 4 (14B), Qwen 2.5 (14B), and Ministral (8B), aiming to
outperform larger models such as DeepSeek R1 (685B). Two ensemble strategies were employed:

1. Majority voting: selecting the most frequent answer among the models. In case of a tie, priority
was given to the model with the best zero-shot performance.

2. Random Forest classifier: training a Random Forest on the predictions of the four models using
the training set. The classifier learns to weight each model’s output and selects the most likely
correct answer based on learned patterns.

4.1.2. Finetuning LLM

After evaluating the LLMs in the zero-shot setting, we selected the model with the best size-performance
trade-off for fine-tuning. We also conducted an exhaustive search for multiple-choice QA datasets in
Spanish with contextual information and identified only two:

1. Belebele [44]: A human-annotated multiple-choice reading comprehension dataset spanning
122 language variants. In this case, we used the Spanish subset, which contains 900 questions.
Each question has four multiple-choice answers and is linked to a short passage.

2. RetrievalQA [45]: An automatically generated dataset that contains 196 document-question
pairs, where each document is a short text about the history, culture, or other information of a
country or region.

Despite the limited data, we performed an initial fine-tuning using LoRA!“. Due to the scarcity of
datasets with these specific characteristics, we translated a portion of the ReAding Comprehension
dataset from Examinations (RACE) [3] dataset. This dataset is a machine reading comprehension dataset
consisting of 27,933 passages and 97,867 questions from English exams. It is divided into middle and
high school level questions. We selected the 2,500 questions with the longest contexts from the high
school subset, since model performance showed more errors on C1-C2 level exams.

We performed machine translation using two different models:

1. Itzuli: A Neural Machine Translation (NMT) system accessible via API upon request'®. The
NMT approach has demonstrated its robustness for Basque-Spanish translation [46], but the Itzuli
system supports English-Spanish translation as well.

2. Gemma3 (27B) [32]: A family of lightweight, state-of-the-art open LLM from Google, built from
the same research and technology used to create the Gemini models.

We used Itzuli for the reading passages and Gemma3 for the questions and answer choices. This
decision was based on the observation that specialized translation models such as Itzuli are more
accurate for full-sentence translation from English to Spanish, but often introduce gender, number and

“https://github.com/Vicomtech/profe2025/tree/master/subtask1#fine-tuning-hyperparameters
Bhttps://itzuli.vicomtech.org/api/
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verb conjugation errors when translating incomplete sentences. In many cases, the question consists of
an incomplete sentence, with the missing part provided among the answer choices. It is important to
emphasize the necessity for the answers to be grammatically compatible with the question, as otherwise
the model may disregard the correct option if it lacks linguistic coherence. An illustrative example is
shown in Table 8.

Table 8
Translation difference of incomplete sentences using a NMT model vs a LLM

Original | Question: According to the article, in the future, 3-D printing technology will probably...
A) change the way people make products

B) be applied as widely in our daily lives as computers

C) forbid many countries to make purchases of weapons

D) take the place of normal printers and save lots of energy

NMT Question:  Segun el articulo, en el futuro, la tecnologia de impresion 3D probablemente...
A) cambiar la forma en que la gente hace productos

B) se aplique tan ampliamente en nuestra vida diaria como las computadoras

C) prohibir a muchos paises la compra de armas

D) tomar el lugar de las impresoras normales y ahorrar mucha energia

LLM Question:  Segun el articulo, en el futuro, la tecnologia de impresion 3D probablemente...
A) cambiara la forma en que las personas fabrican productos

B) seaplicara tan ampliamente en nuestra vida diaria como las computadoras
C) prohibira a muchos paises comprar armas

D) reemplazara a las impresoras normales y ahorrard mucha energia

4.1.3. Semantic Similarity

This method expects that pretrained STS models are used to measure the semantic closeness between
pairs of text and answer options. These models generate embeddings for both the input text and each
candidate option. The semantic similarity between each pair is then computed using cosine similarity.
In order to make the result more robust, we calculate the ensemble score with four models, using
majority voting and giving the x2 coefficient to the best model. We use the following models:

« deberta-base-long-nli [41] context length of 1280 trained for many tasks, including linguistics-
oriented natural language inference (NLI) and zero-shot entailment-based classification tasks.

deberta-v3-base-tasksource-nli [41] fine-tuned with multi-task learning on 600+ tasks of the
tasksource collection. Performed as the best model in the separate evaluation.

« A2T_RoBERTa_SMFA_ACE [42] fine-tuned on multiliungal NLI datasets.

« longformer-base-4096-bne-es-nli [43] fine-tuned on NLI-ES dataset'®.

4.2. Matching

To address the matching subtask, an experimental strategy was designed that compares different
language models based on zero-shot ICL and embedding representations models. The objective is to
evaluate both approaches in terms of how they conceptualize and perform the matching task. LLMs
offer dynamic, contextual reasoning, but with a higher computational cost, while embedding-based
models allow for faster, similarity-based matching, but with more limited flexibility.

"https://huggingface.co/datasets/somosnlp-hackathon-2022/nli-es
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4.2.1. Zero-shot ICL using LLMs

This approach relies on direct reasoning with LLM models, without the need for specific fine-tuning.
The system interprets the instructions for each exercise and generates the answer in a single step,
applying zero-shot ICL. We implemented the models presented in Table 5. In addition an ensemble
version of gemma-3-12b-it + Qwen2.5-14B-Instruct-1M + phi-4 14B was implemented.

4.2.2. Embedding-Based Approaches

This line of experimentation relies on generating semantic vector representations of textual fragments
using embedding models. The main objective is to measure the semantic similarity between source and
target text, through cosine similarity, in order to identify the most likely matches. Both single-model
and ensemble configurations were explored to enhance matching accuracy. Notably, ensemble strategies
combined multiple embedding models to obtain more robust similarity estimates, often through weighted
voting mechanisms. The implemented models are presented in Table 6, and an ensemble model was
implemented (text-embedding-ada-002 + BAAI/bge-m3 + Open Al text-embedding-3-small).

4.3. Filling the gaps

Different systems were designed to adress the "filling the gaps" task which included ICL in Section
4.3.1, modern advanced strategies like Retrieval Augmented Generation (RAG) in Section 4.3.2 and
Agentic RAG in Section 4.3.3 as well as classical strategies such as ensemble models in Section 4.3.4 and
semantic search strategies in Section 4.3.5. For all of these systems the evaluation dataset presented in
Table 4 was used in order to compare results. The results are detailed in Figure 5.

4.3.1. Zero-shot ICL using LLMs

The classical ICL approach was initially employed to address the exercises. In this strategy, the task is
described to the model through the system prompt, while the user prompt!” contains the text along
with the fragment options. The selected state-of-the-art model generates a response in the correct JSON
format without requiring any prior examples of the task, following a zero-shot strategy.

4.3.2. Zero-shot ICL and RAG

To investigate the effectiveness of modern approaches such as RAG, web search capabilities were
integrated into the system using the Google Search API'®. The query to the search engine is created
from the first line of the text, previous to the first line break which usually corresponds to the title of
the text. The API returns a list of links ranked by relevance to the query from which the system extracts
the first four thousand characters of content. This retrieved information is then used to construct the
user prompt'? providing the model with contextually relevant content that may enhance the accuracy
of its response.

4.3.3. Zero-shot ICL and Agentic RAG

A more advanced RAG approach was designed to get more relevant context from the Search APIL In
this methodology, an Agentic RAG pipeline was designed to let the LLMs decide whether the contexts
retrieved are relevant to complete the exercise or not.

In detail, once the Search API returns a list of links, an LLM is responsible for deciding if the links
provided are relevant?’. The retrieved information is included in the context if relevant and ruled
out if not. This process is repeated in a loop until the context is formed of 3 information sources or

Yhttps://github.com/Vicomtech/profe2025/tree/master/subtask3#zero-shot-icl-using-llms
Bhttps://developers.google.com/custom-search
Yhttps://github.com/Vicomtech/profe2025/tree/master/subtask3/#zero-shot-icl-and-rag
“https://github.com/Vicomtech/profe2025/tree/master/subtask3/#zero-shot-icl-and-agentic-rag
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until another LLM decides that the current context is already enough to get an accurate response, as
illustrated in Figure 1.

Figure 1: Zero-shot ICL with Agentic RAG pipeline. “_* icons are LLMs.
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4.3.4. Ensemble models

The results concluded that proprietary models were slightly better than open-source small ones. Aiming
to enhance results with open-source models, an ensemble model strategy was implemented, formed
of Qwen3 (32B), Phi-4 (14B) and DeepSeek R1 Distill Qwen (14B). These models were selected due to
their open-source availability, compatibility with our hardware constraints and for their reasoning
capabilities for some of them. The task was completed by the three models using the zero-shot ICL
strategy presented in Section 4.3.1 and performing a majority voting from the responses available for
each gap.

4.3.5. Semantic matching

A more classic approach was also designed without the use of any modern LLM. We used embedding
models to compare the text around the gaps with each of the available fragments using the embedding
model paraphrase-multilingual-MiniLM-L12-v2. The gaps were then assigned the most semantically
similar fragments. In addition, a more advanced algorithm was designed in order not to assign the same
fragment more than once to different gaps.

5. Experimentation and Results

This section describes the experiments conducted for each subtask and the corresponding results.

5.1. Results based on our dataset

Here we present the results obtained using our collected dataset, as described in Section 3. These
preliminary results guided our decision-making process regarding the selection of experiments, choice
of models, and the five final runs submitted to the shared task.

5.1.1. Multiple-choice

This section presents the results obtained at each stage of the experimentation, using the collected test
set described in Table 1. Figure 2 shows the performance of all LLMs in the zero-shot setting.

Although the largest models achieved the highest scores, the accuracy gain relative to model size
is minimal. Models in the 12B-14B range scored only 2-3 points below much larger models such as
DeepSeek R1, which has 685B parameters. In general, all models achieved remarkably high performance,
with accuracy scores above 85%, except for the smaller models with 3-4 billion parameters, which
manage to exceed 80% despite their reduced size.



Figure 2: LLMs and ensembles performance on the multiple-choice task.
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Additionally, we observed a clear performance difference based on the release date of the LLMs.
The most recently released models, within the past few months, show a considerable improvement in
accuracy compared to earlier versions of similar size.

To construct the ensemble, we selected the best-performing medium-sized and small models. As
described in Section 4.1.1, two strategies were used to determine the final answer: majority voting and a
Random Forest classifier. As shown in Figure 2, both approaches achieved strong performance, with the
majority voting ensemble standing out—it outperformed all individual models included in the ensemble.

To select the model for fine-tuning, we analyzed the trade-off between model size and accuracy.
In Figure 3, we filtered models with 14B parameters or fewer, identifying three models with strong
performance relative to their size: Qwen 2.5 (14B), Gemma 3 (12B), and Mistral (8B).

After analyzing the relationship between model size and performance, we observed the following: on
one hand, despite its smaller size, the Mistral model performs only 2-3 points below Gemma and Qwen.
On the other hand, although Qwen achieves the best results, it outperforms Gemma by just one point,
despite being 2B parameters larger. Considering the fine-tuning cost and potential for improvement,
we consider Gemma 3 to be a more viable option.

As described in Section 4.1.2, two fine-tuning stages were conducted: an initial stage using a small
dataset (v1), followed by a second stage incorporating translated data (v2). Table 9 reports the results
obtained from the fine-tuning experiments.

Table 9

Accuracy of different Gemma 3 12B model variants on a multiple-choice task
Model Training Data Accuracy
Gemma 3 12B (pre-trained) - 93.98
Gemma 3 12B (finetuned, v1) | Belebele + Retrieval QA 88.89
Gemma 3 12B (finetuned, v2) | Belebele + Retrieval QA + RACE (es) 88.43

As shown in Table 9, in neither case did fine-tuning improve upon the performance of the base model.



Figure 3: Relation betweeen zero-shot performance and LLMs size.
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This may be attributed to the already strong zero-shot capabilities of the model, which achieved a very
high score, as well as the possibility that the training data is not sufficiently representative of the test set,
either due to translation errors. This is particularly critical given that the task aims to assess language
proficiency in Spanish, and any deviation or inaccuracy in the linguistic input may propagate errors
and hinder model performance.

It is also possible that the difficulty level of the training examples could be lower than that of the
evaluation set. In fact, the only improvements were observed in the performance of the lower-level
exams (Al and A2).

Regarding the STS models, Table 10 shows the zero-shot results obtained with each of them. As can
be seen, DeBERTa v3 clearly outperforms the other models. Nevertheless, its performance is far below
that of the LLMs, as even the worst-performing LLM (Phi-4 3B) achieves better metrics than the best
STS model.

Table 10

STS model and ensemble performance on the multiple-choice task.
STS Model Accuracy
DeBERTa Base Long NLI 71.95
DeBERTa v3 Long NLI 81.00
A2T RoBERTa SMFA ACE 41.35
Longformer Base 46.94
Ensemble (4 models) 81.00

As with the LLMs, an ensemble using all the STS models was also implemented to surpass their
individual performance. As shown in Table 10, the ensemble yields the same results as DeBERTa v3.
This suggests that DeBERTa v3 already captures most of the relevant semantic information encoded by
the other models.

Considering all the results obtained, we decided to submit different types of solutions to the shared
task. First, we observed that LLMs achieve remarkably high zero-shot performance on this task.
Therefore, we selected the best-performing model (DeepSeek R1) along with a medium-sized LLM that
also performed well (Qwen2.5 14B). This combination aimed to balance performance and computational
efficiency across different use cases.

Regarding fine-tuning, since the base model outperformed the fine-tuned versions, we submitted



Gemma3 in its original (non-fine-tuned) form. On the other hand, due to the strong results obtained
with LLM ensembling via majority voting, we also submitted this approach. Finally, we chose to include
a more traditional solution based on an ensemble of STS models.

5.1.2. Matching

The evaluation metric used was accuracy, measured at each CEFR level and globally. Figure 4 shows
results corresponding to LLMs and embedding models in matching task. Among the evaluated models,
DeepSeek R1 achieved the highest global accuracy (98.23%), closely followed by Gemini 2.0 Flash
(98.11%) and Claude 3.7 Sonnet (94.25%). These results suggest that advanced LLMs are highly capable
of performing the matching task in a zero-shot setting, even in the absence of domain-specific fine-
tuning. On the other hand, the evaluation of mid-sized models Gemma 3, Phi 4, and Qwen 2.5, reveals
a consistent yet slightly lower performance range compared to state-of-the-art large-scale models.
Despite their smaller parameter count and reduced inference cost, these models demonstrate a solid
capacity for text matching across multiple CEFR levels.

Figure 4: Results for the matching task over our dataset.
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While medium-sized models offer a reasonable balance between computational cost and performance,
the best results in this task are clearly achieved with larger, higher-capacity LLMs. For high-impact or
high-level educational applications, such as automated exam grading, state-of-the-art LLMs such as
DeepSeek R1 and Gemini 2.0 Flash are the most reliable options. However, for applications with limited
computational resources, Qwen 2.5 and the ensemble strategy represent viable alternatives, especially
if refined with task-specific tuning or hybrid matching logic.

In contrast, embedding-based approaches offer an alternative paradigm, relying on semantic similarity
metrics rather than direct reasoning. The most effective model was Ada (text-embedding-ada-002),
which achieved an overall accuracy of 68.14%, excelling at basic levels but failing at advanced levels.
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Models such as text-embedding-3-small and baai-m3 yielded comparable results (with global accuracy
scores of 63.27%, and 58.41%, respectively), but exhibited limitations when faced with complex semantic
relationships or distracting fragments. Overall, although efficient, embedding models lack the semantic
depth necessary for accurate reading comprehension in contexts of greater linguistic complexity.

5.1.3. Filling the gaps

For the approaches detailed in Section 4.3, we employed several of the LLMs listed in Table 5. The
corresponding results, evaluated using accuracy as the metric, are presented in Figure 5. Among the
evaluated methods, the traditional semantic similarity-based approach yielded significantly lower results
(30.05%). In contrast, all other approaches, which leveraged generative LLMs, achieved substantially
higher accuracy scores, clearly outperforming the baseline.

Figure 5: Results for the filling the gaps task for different ICL strategies.
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When comparing reasoning-enabled LLMs to those without explicit reasoning capabilities, the former
demonstrated greater suitability for this task. Analyzing their reasoning outputs it reveals that these
models consider multiple possible predictions and, throughout the reasoning process, less plausible
options are ruled out. This behaviour closely mirrors the way a human would approach the task through
an iterative process that ultimately converges on the most appropriate answer.

The use of a RAG approach also outperformed the results obtained using standalone LLMs. This sug-
gests that LLMs benefit from incorporating external information retrieved from the web, enabling them
to generate more accurate responses when provided with relevant context. However, the performance
of the agentic RAG approach was not consistently reliable, likely due to the presence of irrelevant or
unhelpful information in the retrieved context, which may have introduced noise and hindered task
resolution.

The ensemble model did not yield particularly noteworthy results, as its performance did not surpass
that of the best individual model (Qwen3-32B) included in the ensemble.

On the other hand, the different approaches and models did not exhibit significant variations in
performance across the various exam levels.

In conclusion, for the submission of five selected approaches, we included the best non-RAG method
(Gemini 2.5 Pro), the best-performing open-source model (DeepSeek R1), and the model that exhibited
the largest performance variations across tasks (Gemini 2.0 Flash Thinking).



5.2. Results on the task dataset

The evaluation follows the official shared task protocol, which uses accuracy (proportion of correct
answers) as the primary performance metric. Evaluation scores are reported from two complementary
perspectives:

+ Question-level accuracy (Acc.), where each question is evaluated independently, and the final
score is the proportion of correctly answered questions.

« Exam level, where each exam is composed of multiple exercises spanning different task types. An
exam is considered successfully passed if it achieves an accuracy score above 0.6. The overall
exam-level score corresponds to the proportion of passed exams across the dataset.

The test set used comprises multiple exams, each consisting of several exercises. These exercises
are categorized according to the corresponding subtask. Table 11 shows the number of exercises per
subtask and proficiency level.

Table 11
Official evaluation dataset distribution for each task.
IC-UNED-RC-ES dataset
Proficiency level A1 AlE A2 A2B1E B1 BI1E B2 C1 C2 | Total
Subtask 1 - Multiple-choice | 18 8 245 4 206 36 97 6 54| 674
Subtask 2 - Matching 18 5 52 4 8 0 5 3 20| 115
Subtask 3 - Filling the gaps | 0 0 0 0 8 0 5 3 2 18

Table 12 summarizes the performance of systems across the three subtasks as well as the overall
exam-level accuracy. Notably, systems incorporating LLMs achieve substantially higher accuracy
across all subtasks. For instance, DeepSeek R1, Gemini 2.0 Flash and Gemini 2.5 Pro achieves the best
performances in each task, respectively.

Table 12
Results over the task dataset. indicates unknown data. “Acc” indicates Accuracy (%). Bold values indicate
the best performance per subtask. “*” indicates Agentic RAG.

« %

Subtask 1 Subtask 2 Subtask 3

Multiple-Choice Matching Fill the gap Exam
System Acc | System Acc | System Acc | Level
baseline 64.00 | baseline 51.00 | baseline 43.00 | -
DeepSeek R1 95.54 | DeepSeek R1 89.93 | DeepSeek R1 88.89 | 97.83
Gemma312B  87.32 | Gemini 2.0 Flash 95.91 | Gemini 2.5 Pro 93.52 | 98.55
Qwen 2.5 14B 90.90 | Ada embbedings 57.35 | Gemini 2.0 Flash 89.81 | 94.20
LLM Ensemble  89.67 | LLM Ensemble 84.31 | Gemini 2.0 Flash + RAG 92.59 | 98.55
NLI Ensemble ~ 55.34 | Embbeding Ensemble  71.93 | Gemini 2.0 Flash + RAG*  89.81 | 55.07

At the exam level, the top-performing systems consistently surpass 98% accuracy. This demonstrates
that employing LLMs yields the most effective results for this task. Conversely, approaches based
on embeddings or text similarity techniques, while generally competitive, fall notably short of the
performance achieved by LLM-based models.

The pronounced performance gap between baseline and advanced systems highlights the substantial
advantage of utilizing pretrained language models and ensemble strategies. Nevertheless, the variability
in accuracy observed across the subtasks reflects the distinct challenges and complexities inherent to
each task type, indicating areas that merit deeper exploration in future work.



6. Discussion

We present the results and resources of the PROFE shared task on solving a variety of exercises extracted
from official Spanish language exams. For each subtask, only a single example per exercise type was
available, limiting the viability of personalized solutions such as fine-tuning or any training-based
approaches. Furthermore, the highly specific nature of the tasks made it difficult to identify appropriate
open-source resources without relying on synthetic data generation or machine translation.

The results from this shared task clearly illustrate the significant progress made by LLMs in recent
years. These models achieved remarkably high performance (often exceeding 85% accuracy) in zero-shot
settings, especially those with advanced reasoning capabilities. This ability to self-evaluate and refine
their outputs without requiring few-shot prompting makes them particularly appropriate for scenarios
with limited training data.

Regarding the evaluation data, some issues were identified in the dataset, such as duplicated instances
or incomplete text fragments. Interestingly, these irregularities were often only effectively handled by
LLM-based approaches, which were capable of inferring the intended structure or context through their
generative reasoning. Table 13 presents an example of the reasoning process exhibited by DeepSeek R1
when confronted with a multiple-choice question in which the correct answer was located within a
missing portion of the input text.

Table 13
Example of DeepSeek’s reasoning process. Irrelevant information has been omitted and is indicated by “[...]".

DeepSeek-R1 Reasoning (ATE_2017-11-24_E4)

Okay, let’s see. The question is asking "Hay una fiesta el ". So | need to find which day has a
party mentioned in the schedule. Looking at the text, each day is listed with activities. Let me check
each day one by one. Starting with LUNES (Monday). The activities are a bus departure, walking tour,
lunch, free time, concert, dinner. No mention of a fiesta here. MARTES (Tuesday): Breakfast, boat
ride, lunch, free time, football match, dinner. Again, no fiesta. MIERCOLES (Wednesday): Breakfast,
museum visit, lunch, free time, cinema, dinner. Still no party. JUEVES (Thursday): Breakfast at the
pool cafeteria, mountain excursion, lunch. Wait, the Lunch here has two entries? 14:00-15:00 Comida:
Pescado con ensalada y Postre. Then another Comida: Sopa, carne y Fruta. That might be a typo, but
after that, free time, then merienda (snack) at 17:00-19:00. Then at 19:30, Fiesta de despedida. Oh,
that’s the farewell party. So Jueves (Thursday) has the fiesta. But wait, the options given are A)
Lunes, B) Viernes, C) Sabado. Wait, Jueves is Thursday, which is not listed. The options are Monday,
Friday, Saturday. Hmm. Wait, the days listed in the text are Lunes, Martes, Miércoles, Jueves, Sabado.
Wait, where’s Viernes (Friday)? The schedule skips from Jueves (Thursday) to Sabado (Saturday).

[...]

Therefore, I’ll choose B) viernes. But I’'m not confident. Alternatively, maybe the answer is C) sibado.
But according to the text, it’s not. Therefore, | think the answer is just not present. But since we’re
supposed to fill it, I'll choose B) viernes.

Correct Answer: B) viernes

Despite the lack of this fragment, the model was able to reconstruct plausible content based on the
adjacent context and use this inferred information to select the correct option. A solution based solely on
semantic similarity would be unable to resolve such cases correctly, as the target word does not appear
anywhere in the text and must instead be intuited through higher-level reasoning. This highlights the
LLM’s capacity for contextual extrapolation and implicit reasoning, which proves especially valuable in
scenarios where input data is incomplete, noisy, or partially corrupted.

Moreover, given that this is a general-domain task where the only requirement is a strong command
and understanding of the Spanish language, LLMs—trained on vast multilingual corpora—demonstrate
a clear advantage over traditional approaches such as semantic similarity methods. Their deep under-
standing of linguistic nuances, combined with robust reasoning and contextual interpretation, positions
them as far superior in these types of exercises without the need for domain-specific tuning.



Additionally, analysis of the results revealed no consistent performance drop at higher proficiency
levels of the exam. Instead, the accuracy metrics varied regularly across models, regardless of difficulty.
This suggests that LLMs already have a high level of competence in Spanish, and that remaining errors
are more likely attributable to factors such as complexity, ambiguity or longer contextual dependencies
rather than lack of linguistic understanding.

These findings suggest that LLMs, even without task-specific adaptation, are capable of handling
complex linguistic tasks with surprising robustness.

7. Conclusions and Future work

The difficulty of the Spanish exams has been reflected in the different subtasks. Nevertheless, our
evaluation confirms that state-of-the-art LLMs are now capable of solving these tasks with accuracy
scores approaching the upper bound using ICL techniques. In contrast, traditional approaches lag
significantly behind and fail to achieve comparable performance. These tasks are designed to require
students to reason over the available options, a demand that is mirrored in the superior performance of
LLMs with reasoning capabilities.

On the other hand, current LLMs have demonstrated the ability to handle these complex tasks
in Spanish effectively. Notably, this capability is not limited to large proprietary models; smaller,
open-source LLMs can also attain comparable results on this type of task.

Although fine-tuning has traditionally been an effective strategy for adapting models to specific tasks,
in this case, it has proven ineffective. As such, future work may focus on enhancing ICL methods—such
as prompt engineering—and refining the application of modern techniques for LLM-based reasoning.
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