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Abstract

This paper describes our approach to address
the SemEval-2025 Task 10 subtask 3 for the En-
glish language, which is focused on narrative
extraction given news articles with a dominant
narrative. We design an external knowledge in-
jection approach to fine-tune a Flan-T5 model
so the generated narrative explanations are for
the provided dominant narrative in each text.
We also incorporate pragmatic information in
the form of communicative intentions, using
them as external knowledge to assist the model.
This ensures that the generated texts align more
closely with the intended explanations and ef-
fectively convey the expected meaning. The
results show that our approach ranks 3rd in the
task leaderboard (0.7428 in Macro-F1) with
concise and effective news explanations. The
analyses highlight the importance of adding
pragmatic information when training systems
to generate adequate narrative extractions.

1 Introduction

Understanding natural language goes beyond rec-
ognizing objects and their relations within a sen-
tence or a news article. The way information is
presented—or omitted—is shaped by the author’s
communicative intentions and implicit biases. To
fully grasp the narrative conveyed by a text, one
must move beyond a surface-level reading and in-
corporate assumptions about the author’s intent, as
well as general knowledge about the topic.

With the rise of modern misinformation, auto-
mated approaches have become crucial in combat-
ing information warfare. However, these systems
come with their own biases, making explainability
a key factor in building trust. SemEval-2025 Task
10 addresses this challenge by combining the iden-
tification and explanation of narratives in text. Our
work focuses on Subtask 3, which involves gen-
erating narrative extractions given a news article.
Large Language Models (LLMs) have been shown

to encode general knowledge (Ju et al., 2024; Wang
et al., 2023), and analytical capabilities (Chang
et al., 2023) to identify implicit narratives of a text.
Additionally, they hold promise for explainability,
as they can be prompted to generate explanations
(Roy et al., 2023; Yang et al., 2023). However, their
explanations still fall short of human-level quality
(Di Bonaventura et al., 2024).

Our approach enhances LLM-generated expla-
nations as a form of controllable abstractive sum-
marization (He et al., 2020) using knowledge injec-
tion and standard fine-tuning to align the model’s
outputs with the required task format. A key contri-
bution of our work is leveraging a curated dataset
with labeled communicative intentions to assist the
model’s analytical capabilities based on Speech
Act Theory (Austin, 1962). We hypothesize that in-
jecting this knowledge about intentions can control
the model’s focus and improve explanation quality.
Our approach ranked 3rd in the competition.

2 Background

2.1 Task Description

SemEval-2025 Task 10, “Multilingual Character-
ization and Extraction of Narratives from Online
News” (Piskorski et al., 2025), addresses the iden-
tification and analysis of manipulative and harmful
disinformation in news articles. The task comprises
three subtasks, applied to news articles available
in five languages: Bulgarian, English, Hindi, Por-
tuguese, and Russian.

Our submission pertains to the English-language
configuration of Subtask 3, which focuses on gener-
ating a free-text explanation of given news articles
based on the predominant narrative they convey.
The provided data for generating the explanation
consists of two inputs: the dominant narrative em-
bodying the text intention, which is composed of
two labels (dominant narrative and dominant sub-
narrative) extracted from a narrative taxonomy, and
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the news articles, containing the ground for the
narrative tools making up the given intention.

The dataset for Subtask 3 in English is composed
of three sets: (1) Training set and (2) Validation
set, containing 203 and 30 articles respectively,
each accompanied by its corresponding narrative,
subnarrative, and expected output annotations; and
(3) Test set, consisting of 68 articles, annotated only
with their narrative and subnarrative (Stefanovitch
et al., 2025).

2.2 Narrative Extraction Task

Task 10 Subtask 3 at SemEval 2025 focuses on
generating narrative extractions from a given news
article embedded within a text. Narrative extrac-
tion refers to the use of computational techniques
to identify, link, and visualize narrative elements
from textual sources (Santana et al., 2023). This
process involves several key steps: Information Re-
trieval, which aids in locating relevant information;
Text Summarization, which condenses and inte-
grates information pertinent to the narrative; Natu-
ral Language Processing, which identifies, extracts,
and connects narrative components; and Natural
Language Generation, which transforms structured
data into coherent textual explanations.

As a text-to-text generation task, narrative ex-
traction is closely related to summarization, but
with a distinctive analytical focus on the author’s
intent and persuasive strategies—aligning it with
the concept of controllable text summarization (He
et al., 2020; Urlana et al., 2024). A wide range of
techniques have been employed in summarization
tasks, including statistical machine learning, unsu-
pervised methods, supervised deep learning, and
fine-tuning of pretrained language models (Zhang
et al., 2024; Urlana et al., 2024).

The advent of instruction-tuned large language
models has significantly enhanced the flexibil-
ity of controllable summarization, enabling fine-
grained control over style, length, and output for-
mat through prompt engineering, few-shot learning,
and fine-tuning strategies (Liang et al., 2024).

In this context, our approach introduces a novel
combination of intent modeling—to guide the
generation of narrative extractions—and example-
based fine-tuning—to align the system with the
specific requirements of the task, including the de-
sired style and format of the output.

2.3 Communicative Intentions

Regardless of its genre, register, or topic, every text
inherently carries a communicative intention. Be-
yond its significance in linguistic research (Austin,
1962; Searle, 1969; Sperber and Wilson, 1986;
Bach, 2012), this pragmatic element has also at-
tracted attention in the Natural Language Process-
ing (NLP) community. Advances in NLP now en-
able the automatic analysis of discourse-related
phenomena, making it possible to extract pragmatic
information that was previously unfeasible to study
due to the complex inferential processes involved
in detecting intentions (Mahowald et al., 2024).

Within the existing approaches to the study of
intentions, the Speech Act Theory (SAT) (Austin,
1962; Searle, 1969) has been recently applied to
many well-established NLP tasks such as question
answering (Mirzaei et al., 2023) or text summariza-
tion (Mu et al., 2023). Similarly, narrative texts
have benefited from the analysis of speech acts
(i.e., the actions performed by speakers through
their utterances (Yule, 2022)), which helps to better
understand the intentions behind narrating events
(Kampf, 2021; Borchmann, 2024; Obasi, 2024).

Building on these previous works, we explore
the use of intentions for the narrative extraction
task to assess whether they help generative models
produce more adequate explanations.

3 System Overview

We propose a three-step approach for addressing
the narrative extraction task'. Our methodology
begins by retrieving the narrative intention of the
input article, as each article in the dataset exhibits
a distinct underlying intention. Identifying these
intentions is crucial for shaping the generated ex-
planations. Next, we employ a prompt engineering
strategy to construct an input prompt by combin-
ing the extracted intention with the corresponding
dataset entry. Finally, we inject the knowledge
by fine-tuning instruction-tuned models to gener-
ate the corresponding explanations. The overall
approach is illustrated in Figure 1 and will be de-
scribed in detail in the following sections.

3.1 Intention Extraction

In this stage, we assumed that the “dominant nar-
rative” assigned to each news article shows great

'All code is publicly available on https://github.com/
imm106/teamgplsi-task10.
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Figure 1: GPLSICORTEX approach to address Se-
mEval 2025 Task 10 Subtask 3.

similarity to what can be considered the text’s pri-
mary communicative intention. Examples of such
intentions include questioning a political party,
criticizing a legal measure or praising a political
candidate. Therefore, we believed that identifying
the intentions conveyed in the narratives would ben-
efit the model’s training, enabling the generation of
explanations that align with the essential content
of the original texts.

To do so, we adapted the work of Maestre et al.
(2025), who created a communicative intention an-
notation scheme for the Spanish language based on
two textual dimensions: the intention of the individ-
ual segments that shape a message and the global
intention of the whole message. More concretely,
we selected the 13 global intention categories they
established within the annotation scheme and trans-
lated them into English, as they showed clear sim-
ilarities with the intentions observed in the texts
provided for the task. The 13 intention categories

. “personal opinion”, “sugges-

are: “informative”,

tion”, “command”, “request”, “question”, “threat”,
“promise”, “praise”, “criticism”, “emotional”, “de-
sire”, and ““sarcasm / joke”.

After establishing the set of intentions to be
identified in the narrative texts, we translated the
prompt Maestre et al. (2025) used to classify inten-
tions into English so we could classify the global
intentions expressed in the narratives. The specific
prompt used for this classification task is provided
in Appendix A. Based on their findings, we selected
GPT-40-mini, as it was identified as the most effec-
tive LLM for automatic intention classification in
Spanish. Upon completing the annotation process,

we obtained intention tags for each text to enhance

the Natural Language Generation (NLG) system.
The statistical results of the intention classification
are presented in Appendix B.

3.2 Combining the Extracted Intentions with
the Dataset

To integrate the extracted knowledge—represented
as communicative intentions—into a single input
for the model alongside the corresponding dataset
entry, we employed a prompt engineering strat-
egy. This approach combines role prompting (Gao,
2023) with the inclusion of control tokens (Li et al.,
2022) to effectively inject relevant features. Specif-
ically, we guide the model by explicitly instructing
it to act as a text explainer, with the objective of
providing explanations of the given articles.

To structure the input, we concatenate key fea-
tures —article, narrative, subnarrative, and inten-
tion— using control tokens to clearly delineate
each component (e.g., #Article article, #Theme
corresponding narrative, #Intent corresponding in-
tention). A sample prompt is given in Appendix
C.

3.3 Knowledge Injection

To incorporate the extracted knowledge, we fine-
tuned various instruction-based models using our
constructed prompts. Specifically, we evaluated
different sizes of LLaMA (Dubey et al., 2024) and
Flan-T5 (Chung et al., 2024) models, both of which
have demonstrated strong performance in NLG
tasks. LLaMA is an LLM that excels in various
NLG applications, including text summarization
(Bogireddy and Dasari, 2024), a task closely re-
lated to our narrative extraction objective. In our
experiments, we utilized LLaMA-3.2 and evaluated
two model sizes: 1B and 3B parameters. Flan-T5 is
an instruction-tuned model designed for multi-task
generalization, allowing it to tackle tasks beyond
its original training (Zeyad and Biradar, 2024). For
our experiments, we tested Flan-T5 Large (780M
parameters) and Flan-T5 Base (250M parameters).

To fine-tune these models effectively, we
adopted two distinct strategies:

* Flan-T5 Models: We performed a full fine-
tuning to make the model learn the desired
output format.

 LLaMA Models:We utilized the Low-Rank
Adaptation (LoRA) technique (Hu et al., 2021),
which introduces trainable low-rank matri-
ces into specific layers instead of updating
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all model parameters. This method signif-
icantly reduces memory and computational
costs, making it feasible to fine-tune large-
scale models like LLaMA efficiently.

4 Experimental Setup

In this section, we outline the experimental setup
utilized in our experiments.

4.1 Dataset Split

To monitor potential overfitting during fine-tuning,
we split the training set into two subsets: 90% for
training and 10% for development. This resulted
in 172 articles with their respective annotations for
training and 31 articles for development.

The validation and test splits provided by the task
remained unchanged, consisting of 30 articles for
validation and 68 for testing. This strategy ensured
a reliable assessment of our models’ generalization
performance while preventing overfitting.

4.2 Fine-tuning & Hyperparameters

To implement the different fine-tuning strategies,
we used various Python libraries. Specifically, for
full fine-tuning of the Flan-T5 models, we utilized
the Transformers library (Wolf et al., 2020). For
the LLaMA models, we employed the PEFT library
(Mangrulkar et al., 2022) to apply the LoRA tech-
nique and the TRL library (von Werra et al., 2020)
to manage the training process. The parameters
used for the LoRA configuration are presented in
Table 1.

Parameters Values

Rank 8,16, 24 and 32
Target modules [“q_proj”, “k_proj”, “v_proj”, “o_proj”]
Alpha 8, 64 and 128
Dropout 0.00, 0.01 and 0.05
Bias none
Task type CAUSAL_LM

Table 1: LORA configuration parameters setup.

Furthermore, we conducted hyperparameter tun-
ing to determine the optimal fine-tuning configura-
tion. Table 2 presents the search configuration used
in this process.

Parameters Values

Train epochs 2,3,0or4d
Learning rate le —4,2e — 4,3e — 4,orde — 5
Weight decay 0,0.1,0r0.2

Optimizer adamw_torch_fused

Table 2: Hyperparameter tuning.

All the experiments were conducted on a single
NVIDIA A100 GPU.

4.3 Evaluation Metrics

To assess our system’s performance, we uti-
lized BERTScore (Zhang et al., 2020), the same
metric employed in the shared task evaluation.
BERTScore measures the similarity between refer-
ence and candidate texts using contextual embed-
dings from a pre-trained BERT model.

Additionally, we conducted a shallow manual
analysis of the generated outputs to further evaluate
the quality of our models’ predictions.

5 Results

In this Section, we report the obtained results
through our experimentation, and our official re-
sults in the SemEval 2025 Task 10 Subtask 3.

5.1 Development

During the training phase, we conducted a series
of experiments using instructed models and vari-
ous hyperparameter configurations. The results for
each model, obtained using the optimal hyperpa-
rameter settings, are presented in Table 3.

System Precision Recall Macro-F1
Llama-3.2-1B 0.70988 0.70928 0.70937
Llama-3.2-3B 0.72093 0.72369 0.72200
Flan-T5 Base 0.78016 0.71562 0.74613

Flan-T5 Large 0.76931 0.73429 0.75115

Table 3: BERTScore results on the development set for
the Subtask 3 in English.

As observed, Flan-T5 outperforms LLaMA-3.2
for this task. While LLaMA maintains a stable bal-
ance between precision and recall, its overall scores
remain lower than those achieved by the Flan-T5
models. Among the Flan-T5 configurations, the
base model attains higher precision; however, its
recall is lower compared to the larger configuration.
Consequently, the larger Flan-T5 model achieves
the highest overall performance. A manual analysis
of the generated explanations reveals that LLaMA
tends to produce explanations split into two or three
sentences, delving into longer outputs. In contrast,
Flan-T5 generates a single, concise sentence that
effectively summarizes the entire article.

Therefore, we selected the Flan-T5 Large model
as the basis for our approach in the competition.
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5.2 Official Test Leaderboard

We finally submitted the Flan-T5 Large model en-
hanced with the extracted intentions and fine-tuned
to address this task. Table 4 shows the official test
leaderboard for subtask 3 in English.

System Precision Recall Macro-F1
1 KyuHyunChoi 0.76686 0.73517 0.75040
2 WordWiz 0.75464 0.73705 0.74551
3 GPLSICORTEX 0.75375 0.73274 0.74280
4 TechSSN 0.73886 0.74568 0.74203
5 NarrativeNexus 0.71991 0.74267 0.73085
14 Baseline 0.65144 0.68344 0.66690

Table 4: Official Results of SemEval Task 10 Subtask 3
with the BERTScore metric.

Our approach secured third place out of 14 par-
ticipants in the competition, demonstrating strong
performance. Specifically, we achieved a Macro-
F1 of BERTScore of 0.74280, only 0.0076 lower
than the top-performing method, highlighting the
competitiveness of our model. Our results suggest
that consistent with our validation set findings, the
BERTScore metric reflects high precision, indicat-
ing that our model generates highly accurate pre-
dictions, although the recall rate is slightly lower.

6 Analysis of the Efficacy of Injecting the
Intentions

In this section, we aim to demonstrate that incor-
porating communicative intentions extracted from
the text enhances the model’s performance.

To wvalidate this, we fine-tuned the best-
performing model, FLAN-TS in its larger configu-
ration, without integrating the extracted intentions.
We then compared its performance against the re-
sults obtained when intentions were included. Ta-
bles 5 and 6 present the classification performance
on the validation and test sets, respectively, using
the BERTScore metric.

Intent Learning Rate Precision Recall Macro-F1
Yes le — 4 0.76931 0.73429 0.75115
No le — 4 0.76055 0.71082 0.73460
Yes 4e — 5 0.77681 0.72630 0.75050
No 4e — 5 0.78080 0.71188 0.74445

Table 5: Analysis of the intentions on the validation set
with BERTScore metric.

Results show that the classification performance
for the models enhanced with intentions is consis-
tently higher than for the models without intent
across both the validation and test sets. The in-
tentions help to achieve higher precision, recall,

Intent Learning Rate Precision Recall Macro-F1
Yes le — 4 0.75375 0.73274 0.74280
No le — 4 0.73905 0.71740 0.72780
Yes 4e — 5 0.76754 0.73464 0.75040
No 4e — 5 0.76033 0.72086 0.73961

Table 6: Analysis of the intentions on the test set with
BERTScore metric.

and Macro-F1 scores, indicating that those models
are more confident and accurate in generating the
explanations of the articles.

7 Post-Competition

After the conclusion of the competition, we entered
a phase where we could systematically evaluate our
approaches using the test set.

During this process, we found it particularly in-
sightful to explore the impact of different hyperpa-
rameter configurations on our best-performing ap-
proach. Specifically, during the competition, we ob-
served that certain hyperparameter settings yielded
higher precision on the BERTScore metric in the
validation set, besides at the cost of reduced recall
compared to the configuration used in our final sub-
mission, which was more balanced. This effect
was particularly pronounced when adjusting the
learning rate.

Table 7 presents the results obtained with the
fine-tuned FLAN-TS5 model, enhanced with the
communicative intentions, across different learning
rate configurations.

Learning Rate Precision Recall Macro-F1
le — 4 (Official) 0.76931 0.73429 0.75115
4e — 5 0.77681 0.72630 0.75050
3e—4 0.75579 0.72457 0.73960

2e — 4 0.75533 0.71551 0.73463

Table 7: Results of the hyperparameter analysis on the
validation set on the post-competition period.

As observed, the model trained with a learning
rate of 1e—4 achieves the best overall performance.
However, a learning rate of 4e — 5 leads to higher
precision while sacrificing recall, resulting in a
BERTScore similar to that of the best-performing
configuration. This suggested us that maybe the
model configuration with 4e — 5 as the learning
rate could perform well on the test set. We also
generated the explanations for the test set with all
the learning rates configurations. Table 8 shows the
results on the test sets for our approaches.

The fine-tuned approach with a learning rate of
4e — 5 outperforms our official competition sub-
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Learning Rate Precision Recall Macro-F1
le — 4 (Official) 0.75375 0.73274 0.74280
4e — 5 0.76754 0.73464 0.75040
3e—4 0.74715 0.73234 0.73935

2e — 4 0.75064 0.73317 0.74143

Table 8: Results of the hyperparameter analysis on the
test set on the post-competition period.

mission, achieving a macro-F1 score of 0.75040 on
the BERTScore metric. Notably, this configuration
surpasses our official results not only in precision
but also in recall. This configuration would have
secured us Ist place in the competition, matching
the score of the top-performing team.

8 Conclusions

In this paper, we present our approach for the
SemEval-2025 Task 10 Subtask 3 in English, fo-
cused on the generation of explanations of articles
containing disinformation. Our method provides
narrative intention knowledge to the model within
a fine-tuning and hyperparameter-tuning process.

Our submission involves the fine-tuned Flan-T5
Large model, with which we ranked 3rd in the com-
petition, achieving a BERTScore F1 of 0.74280,
only 0.0076 lower than the top-performing method.

The results show the importance of intention
analysis in exposing misinformation initiatives.
The selected 13 global intention categories ex-
tracted from the scheme of Maestre et al. (2025)
have been proved to be beneficial for the task, as
shown in Section 6.

In addition, this work has provided an analysis to
determine the best-performing model configuration
for the task. Flan-T5 models have demonstrated
satisfactory results.

To effectively detect articles that disseminate
disinformation, identifying the author’s intent is
crucial. However, our approach can be further en-
hanced by integrating additional perspectives. For
instance, incorporating a propaganda strategy tax-
onomy could help identify specific linguistic tools
employed by the author to propagate a particular
narrative. Furthermore, advanced techniques such
as Few-Shot Prompting with LLaMA 3.1, senti-
ment analysis of dominant narratives, and the Chain
of Thought reasoning framework could be utilized
to improve the accuracy and depth of the analysis.
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A Prompt to Extract the Communicative
Intentions

In this section, we provide a sample prompt used to
query GPT-4o for extracting the communicative in-
tention of a text, following the approach of Maestre
et al. (2025).

From now on you’re going to classify the global
communicative intention of the text shown below.
The text intention must be one of the following
13 categories: “informative”, “personal opin-

» o« » o« o«

ion”, “praise”, “criticism”, “desire”, “request”,
“question”, “command”, “suggestion”, “sarcasm/
joke”, “promise”, “threat” or “emotional”. I want

your answer to be: The global intention of the text
is: Text:

B Analysis of Extracted Intentions

We analyzed the distribution of extracted intentions
across each dataset and found notable patterns. Fig-
ures 2, 3, and 4 illustrate these distributions. No-
tably, criticism emerged as the most prevalent in-
tention across all sets. This finding aligns with the
dominant narrative of the articles, which exhibited
a strong inclination toward critical perspectives.
Consequently, this correlation serves as validation
of the accuracy of our methodology. Additionally,
the second and third most frequent intentions were
informative and personal opinion. This pattern can
be attributed to the nature of the texts, which are
news articles incorporating propaganda techniques.
As such, these articles are expected to convey in-
formation, often accompanied by subjective points
of view.

Communicative Intention Distribution in Training Set

o criticism

* informative
request
sarcasm / joke

© personal opinion

© emotional

o threat
promise

o question

Figure 2: Analysis of the distribution of intentions in
the training articles.

One factor that may have influenced our results
is the greater diversity of intentions present in the
training dataset compared to the validation and test
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Communicative Intention Distribution in Validation Set Criticism

o criticism

 personal opinion

o informative HHH Explanation:
o praise

© emotional

Figure 3: Analysis of the distribution of intentions in
the validation articles.

Communicative Intention Distribution in Test Set

® criticism

» informative
sarcasm / joke.

o threat

» personal opinion

Figure 4: Analysis of the distribution of intentions in
the test articles.

sets. However, despite this variation, there was only
one instance in which an intention—praise—was
detected in the validation set but was absent in the
training split.

C Prompt to Combine the
Communicative Intention with the
Dataset

In this section, we present a sample prompt de-
signed to integrate the extracted intention of the
articles with the dataset.

From now you will act as a text explainer.
Your task is to generate an explanation
for the following article.

### Article:
This is a sample text. The news article
use to be longer than this one.

### Theme:
Ukraine is the aggressor

### Intent:
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