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Abstract
This paper presents the WordWiz team’s sub-
missions for Task 10 of SemEval 2025: Multi-
lingual Characterization and Extraction of Nar-
ratives from Online News. The Narrative Ex-
traction subtask focuses on generating concise
explanations that support dominant narratives
identified in multilingual news articles. We
employ two complementary approaches: su-
pervised fine-tuning and direct preference op-
timization of large language models. To en-
hance training data quality, we develop a pre-
processing pipeline. Additionally, we imple-
ment a multi-temperature inference strategy,
which generates three candidate explanations
using varying temperature parameters and se-
lects the most relevant one through semantic
similarity scoring. Our final system1 secured
first place in Portuguese and second place in
English, Russian, Bulgarian, and Hindi, consis-
tently outperforming baseline systems across
all languages.

1 Introduction
The democratization of information on the inter-
net has posed significant challenges in discern-
ing and interpreting manipulative content. News
ecosystems, particularly during crises, often serve
as contested spaces where disinformation and pro-
paganda narratives vie for public credibility and at-
tention. Consequently, the automated identification
and characterization of narratives in multilingual
news sources constitute a vital endeavor for content
moderators, fact-checkers, and media literacy ini-
tiatives. The SemEval 2025 Task on Multilingual
Characterization and Extraction of Narratives from
Online News addresses this issue through three
subtasks spanning five languages English, Bulgar-
ian, Hindi, Portuguese, and Russian Piskorski et al.
(2025) Stefanovitch et al. (2025).

Our research centers on Subtask 3: Narrative Ex-
traction, which entails producing a concise explana-

1https://github.com/roohix/WordWiz

tion (maximum 80 words) that substantiates a given
dominant narrative using textual evidence from a
news article. This text-to-text generation task ne-
cessitates both the precise detection of pertinent
evidence and a coherent summary that aligns with
the narrative classification. Our methodology lever-
ages recent advancements in large language models,
employing two complementary approaches. First,
we utilized Supervised Fine-Tuning (SFT) Lee
(2024) on pre-trained models, including Phi-3.5,
Llama-3, and Llama-3.1-8B. Second, we applied
Direct Preference Optimization (DPO) Rafailov
et al. (2023) to enhance model outputs by incor-
porating human preference data. To optimize per-
formance across diverse linguistic contexts, we de-
veloped a robust preprocessing pipeline that elim-
inates duplicate sentences, standardizes text, and
augments training examples with narrative-specific
details. During inference, our system generates
multiple candidate explanations by varying temper-
ature parameters and selects the most apt one via
semantic similarity scoring.

Experimental findings reveal that, although
larger models frequently exhibit robust perfor-
mance, the meticulously fine-tuned Phi-3.5 model
consistently yielded superior results across most
languages. We delineate critical factors for effec-
tive narrative extraction, including the identifica-
tion of relevant evidential sentences, the preser-
vation of cross-lingual consistency in explanation
structure, and the equilibrium between textual fi-
delity and succinct summarization. Our system
markedly outperforms baseline models across all
evaluated languages.

2 Background
SemEval 2025 Task 10 posed a complex informa-
tion extraction challenge across five languages: En-
glish, Bulgarian, Hindi, Portuguese, and Russian.
The dataset comprised news articles primarily cov-
ering two domains climate change (CC) and the
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Ukraine-Russia war (UA) with each article anno-
tated for its dominant narrative and, when appli-
cable, sub-narrative classifications. The training
set contained a substantial number of multilingual
examples, while the development set was compar-
atively smaller. Both adhered to the same data
structure: article text, narrative label, sub-narrative
label, and gold-standard explanations. The task
presented significant challenges in identifying evi-
dence supporting the assigned narratives, particu-
larly given the substantial variation in article length.
The gold-standard explanations highlighted key tex-
tual evidence aligning with the assigned narrative
without explicitly referencing its classification. Our
dataset analysis indicated that effective explana-
tions required capturing the rhetorical strategies,
entities, and argumentation patterns characteristic
of each narrative type while maintaining linguistic
and structural appropriateness for each language.

The task organizers provided a baseline system
utilizing zero-shot prompting with the Microsoft
Phi-3-small-8k-instruct model. This approach re-
lied exclusively on the model’s pre-trained capabil-
ities to interpret prompts and generate explanations,
without any fine-tuning.

Research on information and event extraction
from news articles remains in its early stages.
Sentence-level methods, frequently falling under
the umbrella of Timeline Summarization (TLS),
typically generate linear sequences representing
a single story’s progression. Recent variations
on TLS aim to capture more complexity, such
as comparative timelines highlighting contrasting
events between datasets Duan et al. (2020) or Multi-
Timeline Summarization (MTLS) which extracts
distinct parallel storylines from a corpus Yu et al.
(2021). Alternative paradigms like Summarize
Dates First reverse the typical TLS pipeline by sum-
marizing individual dates before selecting relevant
ones Quatra et al. (2021). Document and cluster-
level methods often employ more complex graph
structures to represent interactions between multi-
ple storylines and events, moving beyond simple
linearity to capture convergences and divergences.

Recent advancements have incorporated diverse
techniques and representations. For sentence-level
extraction, methods like WILSON utilize PageR-
ank and BERT embeddings within a divide-and-
conquer framework for date selection and summa-
rization Liao et al. (2021), while specialized ap-
proaches like TexSL construct spatio-temporal sto-
rylines for disaster events using neural embeddings

and integer linear programming Yuan et al. (2019).
At the document level, optimization techniques
continue to be refined, building upon earlier ’Con-
nect the Dots’ concepts to maximize coherence and
other criteria, sometimes incorporating entity infor-
mation and temporal decay factors Barranco et al.
(2019). Cluster-level approaches represent events
as groups of documents, using techniques like Tem-
poral Event Maps (TEMs) based on LDA and mu-
tual information metrics Cai et al. (2019), Event
Phase Oriented News Summarization (EPONS) us-
ing structural clustering and random walks Wang
et al. (2018), or the iterative construction of Story
Forests using classifiers and tree-based operations
Liu et al. (2020).

3 Methodology
Our approach to narrative extraction integrates two
complementary methodologies. These methodolo-
gies leverage the strengths of large language mod-
els (LLMs) while addressing their limitations in
generating concise, evidence-based explanations.

3.1 Supervised Fine-Tuning
For our SFT approach, we fine-tuned multiple
LLMs on the training dataset using the Unsloth
framework (Daniel Han and team, 2023), which
facilitates efficient fine-tuning. The models were
trained to generate explanations aligned with the
provided dataset and corresponding narrative la-
bels. To ensure clarity and consistency, we struc-
tured our prompts to emphasize task requirements,
incorporating explicit instructions on output for-
mat and content constraints. The prompt tem-
plate comprised sections for instructions, input
documents, narrative information, task specifica-
tions, and response areas. This structured format
guided the model toward producing focused expla-
nations that directly addressed the assigned narra-
tive within the specified character limits. Addition-
ally, adding language-specific tokens enabled the
model to adapt its responses to the target language,
a critical feature for multilingual applications.

3.2 Direct Preference Optimization
We employed DPO, a technique that fine-tunes
models using preference data. DPO allows the
model to learn from human preferences between
output pairs, aligning its generations more closely
with human judgments of quality and relevance.
Unlike traditional reinforcement learning methods,
DPO optimizes the model without explicit reward
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modeling, instead training it to produce outputs
preferred by human evaluators. This approach is
particularly valuable for our task, where explana-
tion quality is inherently subjective and difficult
to quantify using standard metrics. By leveraging
preference data derived from human annotations,
we guided the model toward generating explana-
tions that were factually accurate and stylistically
aligned with human expectations for narrative jus-
tification. Specifically, the model was trained us-
ing annotated explanations as preferred responses,
while its zero-shot outputs served as rejected ex-
planations, facilitating more effective preference-
based learning.

3.3 Inference Strategy
We implemented a multi-candidate generation strat-
egy during inference to address variability in lan-
guage model outputs. For each article-narrative
pair, we generated three candidate explanations us-
ing temperature values of 0.5, 0.7, and 0.9, explor-
ing a spectrum from conservative to more diverse
outputs.

To select the optimal explanation, our selection
algorithm focused on two key components:

1. Keyword Matching: We extracted all unique
words from the narrative text (after lower-
casing) to create a set of narrative-specific
keywords. These keywords represented the
core concepts that should appear in a rele-
vant explanation. For example, for climate-
related narratives, keywords might include
temperature, measurement, uncertainty,
or scientific. Our algorithm measured the
overlap between these narrative keywords and
the words in each candidate explanation, giv-
ing preference to explanations incorporating
more narrative-specific terminology.

2. Length Scoring: We implemented a normal-
ized length scoring mechanism that awarded
maximum points (1.0) to explanations contain-
ing approximately 80 words (the task’s upper
limit), with diminishing returns for shorter ex-
planations, ensuring that explanations were
substantial enough to convey necessary infor-
mation without being overly verbose or trun-
cated.

These scores were combined using a weighted
formula: (keyword_overlap × 2) + length_score,
with keyword overlap weighted more heavily to

prioritize content relevance over length. This pri-
oritization ensured that even slightly shorter ex-
planations with strong narrative alignment would
be selected over longer explanations with weaker
relevance.

3.4 Preprocessing Strategies
Our preprocessing pipeline incorporated advanced
techniques to improve data quality and model per-
formance. We removed extraneous elements such
as emojis, URLs, hashtags, and email addresses
to reduce noise and standardized punctuation and
whitespace across all five languages. Case nor-
malization minimized variability, and narrative en-
hancement expanded abbreviated codes into full
expressions, enriching semantic context. Addition-
ally, content filtering eliminated the redundant sen-
tences commonly found in news articles, sharpen-
ing the model’s focus on relevant information. Col-
lectively, these preprocessing techniques produced
cleaner, more consistent training examples, enhanc-
ing the model’s ability to discern narrative patterns
and maintain cross-lingual consistency across dif-
ferent approaches and outputs.

4 Experimental Setup
Our experimental framework was designed to eval-
uate the effectiveness of our approach across multi-
ple languages and model architectures.

4.1 Dataset and Evaluation Metrics
Our system exclusively utilizes the official dataset
provided for the task, adhering to the default
training-development split. We use the develop-
ment set solely to assess various experimental con-
figurations during the development phase. The lan-
guage model is fine-tuned on the training and devel-
opment sets for the final submission. Performance
is evaluated using the F1 macro score, the standard
metric for this subtask, despite its tendency to favor
majority classes over minority ones.

4.2 Training Strategy
We selected the pre-trained language models em-
ployed in our system from those available on Hug-
ging Face. We utilized the PyTorch deep learning
framework (version 2.5). For the SFT approach, we
employed a batch size of 2 and a learning rate of 2e-
4, with five warm-up steps and training for 60 steps.
To optimize memory usage on consumer-grade
hardware, we applied 4-bit quantization, which
reduced memory requirements significantly while
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maintaining model performance. For DPO, we
further refined our SFT models using preference
data derived from the development set, aligning the
model outputs more closely with human judgments
of explanation quality and relevance.

4.3 Models
We experimented with several pre-trained models
from different architectural families and param-
eter scales. Our primary models included Phi-
3.5-mini, Meta-Llama-3.1-8B, and Mistral-7B. All
models were fine-tuned using Low-Rank Adapta-
tion (LoRA) with a rank of 16, targeting key pa-
rameter matrices (q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, down_proj) with a LoRA al-
pha of 16. This parameter-efficient fine-tuning ap-
proach enabled us to adapt large models to our
specific task while minimizing computational costs
and mitigating the risk of catastrophic forgetting.

5 Results
The experimental results demonstrate the effective-
ness of our approach across multiple languages and
model architectures, consistently outperforming
baseline systems.

5.1 Overall Performance
We evaluated multiple language models to identify
the most effective architecture for narrative extrac-
tion, with Phi-3.5 emerging as the top-performing
model. Table 1 provides a comparative analysis of
different models across five languages, reporting
F1 macro scores alongside baseline performance
on the validation set.

Based on our findings, we highlight the follow-
ing key observations:

• Model Size vs. Performance: The smaller
Phi-3.5 model consistently outperformed the
larger Llama-3.1-8B across most languages.
This suggests that model architecture and fine-
tuning strategies may play a more critical role
than parameter count in optimizing perfor-
mance for this task.

• Language-Specific Performance: Llama-
3.1-8B demonstrated superior performance
in Hindi, significantly surpassing Phi-3.5
(0.7375 vs. 0.6801). This discrepancy may
stem from differences in pre-training corpora,
indicating that certain models are inherently
better suited for specific languages.

• Baseline Comparison: Our top-performing
model, Phi-3.5, exceeded baseline perfor-
mance across all languages, with the most
notable gains observed in English (+8.05%)
and Russian (+6.98%).

• Mistral Performance: The Mistral-7B model
consistently underperformed relative to other
models and even the baseline, particularly in
Portuguese, where it achieved an F1 macro
score of only 0.4252.

5.2 Final Submission Results
Our final submission to the SemEval 2025 Narra-
tive Extraction task employed the Phi-3.5 model,
incorporating our enhanced preprocessing pipeline
and multi-temperature inference strategy. Table 2
presents the official evaluation results across all
five languages, ranked by F1 macro score.

Our system consistently outperformed the base-
line across all five languages, demonstrating strong
performance in Portuguese and English. The
lowest improvement was observed in Bulgarian
(+4.96%), which nonetheless represented a signifi-
cant advancement.

The model’s robust performance across typologi-
cally diverse languages highlights the effectiveness
of our approach. We attribute these improvements
to several key factors:

• Effective Preprocessing: Our preprocess-
ing pipeline which included duplicate sen-
tence removal, text normalization across lan-
guages, and targeted evidence filtering en-
sured cleaner, more relevant inputs for model
training and inference.

• Multi-Temperature Inference: By gener-
ating multiple candidate explanations with
varying temperature settings and selecting the
most relevant one based on narrative align-
ment, we achieved significant improvements
over single-temperature inference strategies.

• Model Selection: Despite having fewer pa-
rameters than some alternative architectures,
Phi-3.5 exhibited strong instruction-following
capabilities and demonstrated superior perfor-
mance when fine-tuned for narrative extrac-
tion.

These results validate our approach, illustrating
that carefully designed preprocessing and inference
strategies can yield significant performance gains,
even when leveraging smaller language models.
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Table 1: F1 macro scores for each model across different languages using the SFT approach. Bold values indicate
the highest performance per language. The baseline results presented in this table correspond to those provided by
the shared task organizers.

Language Baseline Microsoft PHI-3.5 Meta-Llama-3.1-8B Mistral-7B Improve (%)
Portuguese 0.6804 0.7487 0.6627 0.4252 10.04%
English 0.6671 0.7477 0.6924 0.5497 12.09%
Russian 0.6442 0.7141 0.6447 0.5095 10.84%
Hindi 0.6697 0.6801 0.7374 0.6731 10.11%
Bulgaria 0.6343 0.6853 0.6613 0.5010 8.04%

Table 2: Evaluation of the WordWiz system across five
languages using the F1 macro score.

Language F1 macro Rank Improve(%)
Portuguese 0.7486 1 +10.0%
English 0.7455 2 +11.8%
Russian 0.7040 2 +9.3%
Hindi 0.7336 2 +9.5%
Bulgarian 0.6839 2 +7.8%

Table 3: Comparison of Phi-3.5 SFT and DPO on the
English Dataset

Model Precision Recall F1 macro
Phi-3.5 SFT 0.7683 0.7287 0.7477
Phi-3.5 DPO 0.7756 0.6798 0.7243
Baseline 0.6554 0.6796 0.6672

5.3 Direct Preference Optimization

To further enhance our narrative extraction capabil-
ities, we implemented DPO as an additional fine-
tuning approach for the English language track.
Compared to standard SFT, DPO provides a more
sophisticated alignment technique by directly opti-
mizing model outputs based on human preferences
without requiring explicit reward modeling.

Our DPO implementation utilized the Phi-3.5
model, previously fine-tuned with SFT, as the ref-
erence model. To construct preference pairs, we
designated human-annotated explanations from the
training set as the chosen responses, while outputs
from the non-fine-tuned model served as the re-
jected explanations. This approach enabled the
model to distinguish high-quality narrative justifi-
cations from suboptimal ones.

As shown in Table 3, the DPO-tuned model ex-
hibited higher precision (+0.73%) compared to SFT
but at the expense of lower recall (-4.89%), result-
ing in a slightly lower F1 macro score. This ex-
periment suggests that DPO encourages selectivity,
prioritizing high-confidence explanations while po-
tentially omitting some valid ones.

5.4 Qualitative Analysis

A qualitative assessment of the DPO-generated out-
puts reveals a tendency toward more nuanced, con-
textually aligned justifications. For instance, given
article EN_CC_200040.txt, the DPO model pro-
duced:

“The article critiques the climate move-
ment, highlighting instances of vandal-
ism and disruption by protesters. It ques-
tions the effectiveness of their methods
and the public sentiment towards the cli-
mate change narrative.”

In contrast, the SFT output was:

“The text criticizes the climate move-
ment for being disruptive and for target-
ing cultural heritage sites.”

The DPO-generated response provides a more
comprehensive and contextually enriched explana-
tion, capturing both the criticism and its underlying
rationale.

6 Conclusion
This paper presents the WordWiz team’s solution
for extracting narrative explanations from multi-
lingual news articles. By combining advanced
preprocessing techniques with two complemen-
tary fine-tuning strategies (SFT and DPO) our sys-
tem demonstrates substantial improvements over
the baseline model across all five competition lan-
guages.

The success of our approach underscores the ef-
fectiveness of targeted text preprocessing, which
facilitates cleaner, more focused input for model
training. Our structured prompting strategy ef-
fectively guided model generation toward task-
relevant outputs. The multi-candidate generation
with temperature-based sampling enabled the ex-
ploration of diverse response possibilities, while
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the selection of candidates based on narrative rel-
evance ensured that final explanations were well-
aligned with the intended narrative characteriza-
tion. Furthermore, our results suggest that, for
specialized applications, model architecture and
pre-training approach can be more critical than
model size.

Future research could explore the extraction of
evidence from news text to support narrative ex-
traction. Incorporating more advanced evidence
extraction techniques could further enhance the
grounding of explanations in the source material.
Extending our system’s multilingual capabilities to
encompass low-resource languages and investigat-
ing cross-lingual transfer learning may also expand
the system’s applicability to a broader range of
global contexts.
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