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Abstract

This paper presents the participation of the
L3IRIT team in SemEval Task 4.The team is a
joint research group working on narrative ex-
traction from historical text, led by the IRIT
laboratory (University of Toulouse) and the L3i
laboratory (University of La Rochelle). Our
participation is grounded in the construction
of a novel bilingual resource extracted from
Wikipedia by automatically aligning film plots.
Leveraging this dataset, we train embedding
models using contrastive learning objectives to
capture higher-level narrative structures more
effectively. The resulting resource goes be-
yond surface-level lexical overlap, providing su-
pervision for narrative similarity without man-
ual annotation. In addition, we introduce a
named-entity masking strategy designed to pro-
mote narrative abstraction and reduce super-
ficial entity-based matching. Overall, our ap-
proach aims to support representation learning
that captures structural and event-level similari-
ties across stories in different languages more
effectively. Our system ranked in 24 of the
44 scoreboards for Task A and 20 of the 27
scoreboards for Task B, achieving accuracies
of 65.75% and 61.00%, respectively.

1 Introduction

Recent advances in representation learning, partic-
ularly embedding models based on pretrained lan-
guage models such as Devlin et al. (2019) and Liu
et al. (2019) have substantially improved seman-
tic similarity estimation. Sentence transformers
and their variants (Reimers and Gurevych, 2019;
Thakur et al., 2021) generate dense representations
that capture contextual meaning beyond simple lex-
ical overlap and have become standard tools for
semantic textual similarity and paraphrase detec-
tion (Artetxe and Schwenk, 2019). However, most
existing benchmarks and training resources oper-
ate at the sentence level and focus on semantically
related texts. They rarely address higher-level nar-

rative alignment, where similarity depends not only
on semantic proximity but also on shared event
sequences, character roles, and structural corre-
spondences (Cer et al., 2017; Agirre et al., 2012;
Conneau et al., 2017; Hill et al., 2016; Bjerva and
Östling, 2017). As a result, current models often re-
main sensitive to superficial variations such as char-
acter names, locations, or stylistic reformulations,
while failing to capture deeper narrative equiva-
lence (McCoy et al., 2019; Chambers and Jurafsky,
2008; Goyal et al., 2010; Elson, 2012). Based on
vanilla sentence transformers, two texts describ-
ing the same storyline may therefore be judged
dissimilar if they differ in surface realization. In
this work, we address the challenging task (Hatzel
et al., 2026) of learning to represent narrative simi-
larity in English stories, enabling models to recog-
nize shared narratives despite variations in surface
forms.

We address this limitation by introducing a novel
bilingual resource designed specifically for learn-
ing narrative-level representations. The dataset is
constructed from aligned film plot summaries au-
tomatically extracted from English Wikipedia and
English translations from Portuguese Wikipedia.
Film plots constitute a structurally coherent narra-
tive domain in which recurring story patterns and
event structures naturally emerge, making them
suitable for studying narrative similarity at scale.

We collect plot summaries in both languages
and exploit cross-lingual alignment to construct
paired narratives that describe the same underlying
story. Although these plots refer to identical films,
they differ in level of detail, narrative emphasis,
discourse organization, and lexical realization. We
treat such aligned summaries as positive examples
of narrative similarity, assuming that translations
preserve core event structures while introducing
controlled surface variation. This strategy enables
large-scale supervision without manual annotation.

Building on this resource, we train embedding
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models using contrastive objectives tailored to nar-
rative alignment. To further encourage abstraction
beyond surface identifiers, we introduce a named-
entity masking strategy that reduces reliance on
character names and location markers during train-
ing. This approach promotes representations that
emphasize event structure and narrative progres-
sion rather than lexical cues. Through this contri-
bution, we aim to advance representation learning
for narrative texts and provide a resource that facil-
itates research on cross-lingual narrative similarity
and narrative representation learning. Our work is
similar to Hatzel and Biemann (2024) who align
film summaries across multiple languages lever-
aging cross-lingual correspondences between de-
scriptions of the same underlying stories. However,
unlike this prior work, which primarily focuses on
retrieval of summaries based on shared story iden-
tity and often relies heavily on named entities as
retrieval signals, our objective is to learn represen-
tations that explicitly abstract away from lexical
overlap and entity memorization, rather than opti-
mizing for an information retrieval purpose.

Our participation in the task demonstrates that
fine-tuning models on a dataset of film plot sum-
maries improves baseline models’ performance in
narrative detection and that an entity-masking strat-
egy yields additional gains. Our system achieved
65.75% in Track A (Narrative Story Similarity) and
61% in Track B (Narrative Representation Learn-
ing) on the test set, ranking 24th out of 44 and 20th

out of 27 participating teams, respectively (Hatzel
et al., 2026). All experiments were conducted us-
ing open-source sentence transformers, without the
use of commercial large language models (LLMs).
Our code and trained models are publicly available
at https://github.com/ahHamdi/narrative-s
imilarity-for-SemEval-2026-task-4.

The remainder of the paper is organized as fol-
lows: Section 2 presents the task and the data. We
then describe the construction of the multilingual
narrative resource and the experimental setup in
Section 3. Section 4 reports results on narrative
similarity ranking, followed by conclusions and
future research directions in Section 5.

2 Background

The shared task Narrative Story Similarity and Nar-
rative Representation Learning (Hatzel et al., 2026)
focuses on identifying narratively similar stories
by modelling similarity beyond surface-level lex-

ical overlap. Narrative similarity is defined along
three core and complementary dimensions: the ab-
stract theme, the course of action, and the story’s
outcomes. The abstract theme refers to the under-
lying ideas, motives, or conceptual backbone that
structure a narrative, such as revenge, redemption,
or personal transformation. The course of action
captures the sequence of central events, including
conflicts, turning points, and causal developments
that shape the story’s progression. Outcomes corre-
spond to the final states or consequences resulting
from these events. Together, these three compo-
nents define narrative similarity as a structural and
conceptual relation rather than a purely lexical or
topical one.

Track A operationalizes this notion of similarity
as a relative ranking task. Each instance consists of
a triple composed of an anchor story and two can-
didate stories. The system must determine which
of the two candidates is narratively closer to the an-
chor. This formulation evaluates the model’s ability
to discriminate between competing narrative align-
ments, even when lexical cues may be misleading.
Two stories may share surface entities or settings
while diverging in narrative arc, whereas another
pair may differ lexically yet exhibit strong struc-
tural correspondence in their thematic development,
event sequence, and resolution. The task, therefore,
emphasizes comparative narrative judgment rather
than absolute similarity scoring.

Track B instead focuses on narrative representa-
tion learning. Participants are required to produce a
vector representation for each individual story such
that the cosine similarity between the embeddings
reflects the underlying narrative similarity. The
evaluation is performed by comparing similarity
relations derived from the embedding space against
the triple-wise similarity judgments provided by
the organizers. In this setting, the quality of a sys-
tem is measured by how well its representation
space encodes abstract thematic alignment, event
structure, and outcome correspondence. Unlike
Track A, which evaluates discrete ranking deci-
sions, Track B assesses the coherence and general-
ization capacity of learned narrative embeddings.

We participated in both tracks to comprehen-
sively evaluate our approach. The dataset provided
by the organizers consists of English story sum-
maries. The final evaluation is conducted on a
test set comprising 400 triplet instances (an anchor
with two candidates) for Track A and 849 indi-
vidual stories for Track B. In this work, we rely
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exclusively on the development dataset for exper-
imentation and validation, using it to identify the
best-performing model for submission to the test
set. For Track A, the development set comprises
200 labelled triplet instances, which are also avail-
able as individual story items, thereby enabling
evaluation in the Track B setting. We use the devel-
opment dataset solely as an evaluation benchmark
and do not perform supervised training on it. In-
stead, our models are trained on an external bilin-
gual resource, and the official development data
serves to assess the transferability of the learned
narrative representations. This setup allows us to
evaluate whether large-scale cross-lingual narra-
tive pairing provides embeddings that align with
curated human judgments of narrative similarity.

3 System Overview

This section presents the overall architecture of our
system and the methodological approach adopted
for the shared task. We build a narrative dataset and
train embedding models using contrastive learning
objectives, combined with entity masking strategies
to promote structural abstraction.

3.1 Data Sourcing

We constructed our bilingual dataset from film plot
summaries extracted from Wikipedia. Films con-
stitute a large-scale and structurally coherent narra-
tive domain in which recurring story patterns and
well-documented plot structures naturally emerge.
This makes them particularly suitable for studying
narrative similarity at scale.

The list of candidate films was derived from cu-
rated index pages grouped under Wikipedia1. For
each selected film, we retrieved the corresponding
Wikipedia article content using the Hugging Face
Wikimedia Wikipedia dataset2, which provides
structured Wikipedia dumps suitable for large-scale
querying and processing. From these articles, we
extracted plot descriptions in English (EN) and
Portuguese (PT). Narrative-focused sections corre-
spond to content labeled plot or synopsis, depend-
ing on language conventions.

The plots were aligned across languages us-
ing Wikipedia interlanguage links and title match-
ing. This alignment process pairs English and Por-
tuguese summaries that describe the same film and

1https://en.wikipedia.org/wiki/Lists_of_films
2https://huggingface.co/datasets/wikimedia/wi

kipedia

therefore the same underlying narrative. Although
these paired plots refer to identical stories, they
naturally differ in several respects: they may vary
in levels of detail, narrative emphasis, discourse or-
ganization, and lexical realization. Some are direct
translations, while others are independently writ-
ten summaries of the same source material. These
differences are not treated as noise but as mean-
ingful surface variation that models must learn to
abstract away from in order to capture deeper nar-
rative equivalence.

To further increase comparability and enable
controlled narrative pairing within a shared rep-
resentational space, we automatically translated
Portuguese plot summaries into English using the
Google Translation API3. We then constructed
aligned narrative pairs by treating each original
English plot and its translated Portuguese counter-
part as narratively equivalent texts. This design
yields pairs that share a common narrative back-
bone while exhibiting controlled lexical and syntac-
tic variation arising from cross-lingual differences
and the translation process itself.

This resource enables us to consider narrative
similarity as a learning objective. By treating
aligned pairs as positive examples, we train em-
bedding models using contrastive objectives that
pull representations of narratively equivalent texts
closer together while pushing apart representations
of different stories. This approach provides super-
vision for narrative-level abstraction: models learn
to recognise that two texts describe the same story
even when they differ in surface form, expression
style, or language of origin. The resulting represen-
tations are thus encouraged to capture underlying
event sequences, character roles, and structural nar-
rative patterns rather than relying on superficial
lexical overlap.

The resulting dataset consists of more than
7, 000 aligned English-Portuguese narrative pairs,
with English plots averaging over 500 tokens per
summary, reflecting the richness and structural
depth of the narratives. Our source code and the
generated resource are available via this link4.

3.2 Entity Masking for Narrative Abstraction
Narrative texts, such as movie plots, are typically
rich in named entities, including character names,
locations, and organizations. While such entities

3https://cloud.google.com/translate
4https://github.com/ahHamdi/narrative-similar

ity-for-SemEval-2026-task-4
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are integral to storytelling, they may introduce lexi-
cal shortcuts that allow models to infer similarity
based on shared identifiers rather than deeper nar-
rative structure. For instance, two plot variants of
the same film may exhibit high lexical overlap pri-
marily due to repeated character names, even when
describing different stages of the narrative.

To mitigate this effect and encourage abstrac-
tion, we introduce a named entity masking strategy.
Entities corresponding to persons, locations, or-
ganizations, and geopolitical entities are detected
using the off-the-shelf named entity recognition
system spaCy5. Each detected entity is replaced
with its corresponding entity type label (e.g., PER-
SON, GPE, DATE). This transformation suppresses
entity identity while preserving syntactic structure
and event relations.

The underlying hypothesis is that many stories
share comparable thematic arcs, event progressions,
and outcomes while differing primarily in protago-
nists or settings. Entity masking, therefore, acts as
an explicit inductive bias toward narrative abstrac-
tion, encouraging embedding models to capture
structural and event-level correspondences rather
than memorizing entity names.

3.3 Contrastive Training Objective

To learn narrative-aware representations from the
generated resource, we adopt a contrastive learning
framework. Given an aligned pair of plot sum-
maries describing the same underlying story, we
treat the two texts as a positive pair, while other
plots within the batch serve as implicit negatives.
This formulation encourages the model to maxi-
mize similarity between narratively equivalent vari-
ants while separating unrelated stories in the em-
bedding space.

Let fθ denote the embedding function parame-
terized by θ, mapping a plot summary x to a dense
vector representation h = fθ(x) ∈ Rd. Repre-
sentations are ℓ2-normalized, and the similarity be-
tween two plots xi and xj is computed using cosine
similarity:

sim(xi, xj) =
hi · hj

∥hi∥∥hj∥
.

For each positive pair (xi, x
+
i ), the model is

trained using an InfoNCE-style objective:

5https://spacy.io/

Li = − log
exp(sim(xi, x

+
i )/τ)∑N

j=1 exp(sim(xi, xj)/τ)
,

where τ is a temperature hyperparameter and N
is the batch size. All other batch examples act as
negative candidates. The loss is averaged across all
positive pairs. This objective aligns naturally with
the narrative similarity task. By bringing together
cross-lingual plot variants that share the same ab-
stract theme, event progression, and outcome, the
model is encouraged to encode higher-level nar-
rative structure rather than surface lexical overlap.
Combined with the entity masking strategy, con-
trastive training promotes abstraction from specific
character names and locations while preserving
event-level coherence.

The resulting embedding space is therefore struc-
tured such that cosine similarity reflects narrative
proximity. This property directly supports both
Track A, where relative similarity comparisons are
required, and Track B, where the geometric consis-
tency of narrative representations is evaluated.

4 Experiments and Results

We evaluate the effectiveness of our bilingual nar-
rative dataset for learning cross-lingual narrative
similarity by fine-tuning three lightweight sen-
tence transformer models: all-MiniLM-L6-v2,
all-MiniLM-L12-v2, and all-mpnet-base-v2.
These models were selected for their balance be-
tween computational efficiency and strong perfor-
mance on semantic similarity tasks.

We conduct fine-tuning using contrastive learn-
ing on our aligned English-Portuguese narrative
pairs. We compare two training configurations:

• Base fine-tuning: Models are fine-tuned on
the original aligned plot summaries, treating
each English-Portuguese pair as a positive
example of narrative equivalence. We use a
batch size of 8 pairs and train for 3 epochs. We
employ the AdamW optimizer with a learning
rate of 3 × 10−5. The maximum sequence
length is set to 128 tokens to focus on the core
narrative content.

• Entity-masked fine-tuning: Models are fine-
tuned on the same data but with named entities
(character names, locations, dates) masked
during training. This strategy encourages ab-
straction away from surface identifiers and
promotes focus on narrative structure.
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The fine-tuned models are used for both Track
A and Track B. All models are evaluated on the de-
velopment set, and performance is reported using
the standard metric, accuracy. Table 1 presents the
evaluation results for all model configurations. For
each model, we report performance after standard
fine-tuning and after entity masking. For evaluation
purposes, results are reported primarily on Track A,
under the assumption that the best-performing sys-
tem on Track A is also the best-performing system
for Track B.

Table 1: Accuracy (acc.), kurtosis (kurt.), and skewness
(skew.) results for Track A on the narrative similarity
development set.

Model Train Acc. Kurt. Skew.

MiniLM-L6
None - Vanilla model 0.550 1.125 0.292
Standard Finetuning 0.610 0.082 -0.031
+ Entity Masking 0.620 -0.216 -0.022

MiniLM-L12
None - Vanilla model 0.565 0.294 0.103
Standard Finetuning 0.600 -0.050 -0.070
+ Entity Masking 0.610 -0.161 0.012

mpnet-base
None - Vanilla model 0.625 -0.027 -0.015
Standard Finetuning 0.660 -0.159 0.014
+ Entity Masking 0.680 -0.192 -0.103

Table 1 shows consistent improvements across
all models through fine-tuning on our bilingual nar-
rative dataset, with gains from 3.5 to 6.0 percent-
age points over baselines. This confirms that our
resource provides effective supervision for learn-
ing narrative-level representations. mpnet-base
achieves the best performance, reaching 0.68 ac-
curacy with entity masking, outperforming the
MiniLM variants (0.62 and 0.61). This suggests
that its larger capacity is better suited for captur-
ing structural narrative correspondences. Entity
masking yields small but consistent gains (1.0–2.0
points) across all models, supporting our hypoth-
esis that reducing reliance on surface identifiers
improves structural representations.These improve-
ments generalize to the test set, where our system,
based on the finetuned mpnet with entity masking,
ranks in 24 out of 44 scoreboards for track A and
20 out of 27 for track B, achieving accuracies of
65.75% and 61.00%, respectively.

From the development set, we constructed
triplets (a, p, n) by selecting the anchor text a and
assigning the text annotated as more similar to the
anchor to the positive example p, while the remain-
ing text is used as the negative example n.

To evaluate the impact of fine-tuning and entity
masking, we compute the similarity margin

∆ = sim(a, p)− sim(a, n),

for each triplet, where a denotes the anchor, p the
positive sample, and n the negative sample. A
positive margin indicates correct ranking, whereas
negative values correspond to triplet violations.

Figure 1 presents the distribution of ∆ for three
encoder families (MiniLM-L6, MiniLM-L12, and
MPNet), comparing baseline models, fine-tuned
models and variants with entity masking.

Across all three model families, fine-tuning con-
sistently shifts the margin distribution to the right,
indicating improved discrimination between posi-
tive and negative samples. The reduction of mass
below ∆ = 0 reflects a decrease in triplet viola-
tions and directly explains the observed gain. More-
over, the entity-masked variant further amplifies
this effect with a distribution more concentrated in
the positive region and larger mean margins. This
suggests that masking entities during fine-tuning
reduces reliance on surface-level lexical overlap
and promotes semantic understanding, leading to
stronger anchor–positive alignment. Importantly,
this pattern holds consistently across MiniLM-L6,
MiniLM-L12, and MPNet, demonstrating that the
benefit of entity masking is architecture-agnostic
rather than model-specific. These observations
are supported by the kurtosis and skewness val-
ues in Table 1. Kurtosis decreases across fine-
tuning strategies, indicating fewer extreme devi-
ations and more stable predictions. Skewness also
moves closer to zero, suggesting a more symmet-
ric distribution. Overall, these results indicate that
fine-tuning, especially with entity masking, leads
to higher accuracy and prediction stability.

5 Conclusion

For the participation of our team L3IRIT in
SemEval-2026 Task 4, we proposed an English-
Portuguese dataset constructed from aligned
film plot summaries to support learning cross-
lingual narrative similarity. We fine-tuned three
lightweight sentence transformer models using con-
trastive objectives and evaluated a named-entity
masking strategy to encourage abstraction beyond
surface identifiers. Our results show consistent im-
provements across all models, with mpnet-base
achieving the best performance. The entity mask-
ing strategy yielded small but consistent gains, con-
firming that reducing reliance on character names
and locations promotes deeper narrative structure.
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Figure 1: Distribution of similarity margins ∆ = sim(a, p)− sim(a, n) across three model families. Fine-tuning
shifts the margin distribution toward positive values, while entity masking further increases the separation between
positive and negative samples.
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