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Abstract

This paper presents our approach for SemEval
2026 Task 4. Our method leverages a large lan-
guage model fine-tuned via Low-Rank Adapta-
tion, incorporates data cleaning, and employs
a multi-prompt strategy, all trained on the of-
ficial synthetic dataset. Evaluated on Track A,
our system achieved an official score of 0.70,
representing a reasonable performance under
the given task constraints. In addition, we ex-
plore an alternative contrastive learning frame-
work originally designed for Track B, where
narrative-structure embeddings are learned and
subsequently applied to Track A via similarity
comparisons. Our analysis suggests that direct
supervised adaptation may be more suitable for
narrative reasoning tasks.1

1 Introduction

Recent advances in large language models (LLMs)
have led to substantial improvements across a wide
range of natural language processing tasks. How-
ever, despite their strong surface-level performance,
LLMs often struggle with reasoning over extended
narratives, where correct predictions require mod-
eling relationships across multiple sentences rather
than relying on local lexical cues. The task orga-
nizers highlight the importance of narrative-level
semantic understanding and motivate further re-
search in this direction.(Hatzel et al., 2026; Hatzel
and Biemann, 2024)

Narrative structure analysis plays an important
role in enhancing the reasoning capabilities of
LLMs, as it encourages models to focus on inter-
sentential relations such as temporal progression,
causality, and discourse coherence. Models trained
predominantly through supervised pretraining tend
to exploit surface patterns—such as named entities
or lexical co-occurrences—which can limit their
ability to capture the underlying logical structure

1https://github.com/2B-dada/semeval2026-t4

of narratives. (Subbiah et al., 2024) found that
LLMs make faithfulness mistakes in over 50% of
summaries and struggle with specificity and in-
terpretation of difficult subtext. Experiments in
(Wang and Kreminski, 2025) show that GPT-4 tier
LLMs can generate causally sound stories at small
scales, but planning with character intentionality
and dramatic conflict remains challenging, requir-
ing LLMs trained with reinforcement learning for
complex reasoning. Investigating how LLMs repre-
sent and utilize narrative structure is important for
improving abstraction and reasoning in complex
language understanding scenarios.

Specifically, the task is organized into two tracks,
each addressing a complementary aspect of narra-
tive reasoning.

1.1 Track A: Narrative Similarity
Classification

Track A formulates narrative similarity assessment
as a binary classification problem. For each in-
stance, in narrative space S, the system is provided
with a narrative context sc ∈ S along with two can-
didate texts sa, sb ∈ S. By representing each in-
put instance as an ordered triplet (sc, sa, sb) drawn
from the product space S3, the objective is to de-
termine whether sa exhibits a higher degree of se-
mantic similarity to the context sc than sb. That is,
the system aims to learn a decision mapping:

fa : S3 → {A,B}

1.2 Track B: Narrative Representation
Learning

Track B focuses on learning dense vector repre-
sentations for narratives. Systems are required to
encode textual narratives S from narrative space
into continuous embedding spaces Rd such that se-
mantically related narratives are positioned closer
to each other. The quality of these representations
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Figure 1: Overview of the proposed framework for nar-
rative similarity classification.

is evaluated based on their ability to preserve nar-
rative structure, semantic coherence, and relational
similarity. Similarly, the system learns:

fb : S → Rd

Our system is based on Qwen3-4B-Instruct-
2507(QwenTeam, 2025) fine-tuned with LoRA(Hu
et al., 2021). The best submitted model is trained
on the official synthetic dataset until no further loss
decrease or performance improvement. The dataset
is cleaned to eliminate empty or invalid instances.
In the training stage, we use the official synthetic
dataset and the dev set for validation. We utilize
multiple prompts so that the model will not be af-
fected by poorly synthesized prompts or unwanted
overfitting.

Our contributions are summarized as follows:

• We present a LoRA-based fine-tuning frame-
work for narrative-level semantic similarity,
combining data cleaning and a multi-prompt
strategy to mitigate overfitting.

• We conduct experiments on the official dataset
and report performance for task 4 obtained
without using external data, achieving an offi-
cial score of 0.70.

• We further explore a contrastive learning ap-
proach. Our analysis of comparisons provides
empirical observations into the relative effec-
tiveness of supervised adaptation for narrative
reasoning.

2 System Overview

Our system is implemented using the Llama-
Factory(Zheng et al., 2024) framework and follows
a supervised fine-tuning (SFT) pipeline with Low-
Rank Adaptation (LoRA). The overall design em-
phasizes simplicity and reproducibility, focusing
on effective adaptation of a pretrained instruction-
following language model to narrative similarity
classification.

2.1 Base Model and Training Framework

We adopt Qwen3-4B-Instruct as the base model.
Training and fine-tuning are conducted using
Llama-Factory, which provides a unified interface
for parameter-efficient fine-tuning and large-scale
language model training. Remote code execution
is enabled to ensure compatibility with the model
architecture.

2.2 Input Formatting and Prompt Design

Training instances are formatted in an Alpaca-style
instruction-following format, consisting of an in-
struction, an input, and an output. The instruction
explicitly asks the model to determine which candi-
date narrative (A or B) is more similar to the given
main story based on narrative structure, and the
output is restricted to a single label (A or B).

The input includes the full narrative context fol-
lowed by two candidate stories. This design encour-
ages the model to compare narrative-level seman-
tics rather than relying on local lexical cues. To
reduce overfitting and potentially improve stability,
inspired by (Lester et al., 2021; Lu et al., 2022;
Wang et al., 2021), we employ multiple prompt
variants that preserve the same underlying task se-
mantics while introducing surface-level diversity.

2.3 Exploratory Similarity-Based Baseline

In addition to our primary supervised fine-tuning
approach, we implement a similarity-based method
as an auxiliary baseline to better understand the
effectiveness of different modeling strategies. The
objective of this approach is to learn dense narrative
embeddings that capture structural and semantic
similarities between narratives.

We initialize the model with the same pretrained
backbone as the Track A system and apply LoRA
for parameter-efficient feature extraction. LoRA
modules are attached to the projection layers of the
attention mechanism, enabling efficient adaptation
while keeping the majority of model parameters
frozen.

Narrative representations are obtained by encod-
ing each input text and computing a mean pooling
over the last hidden states. The model is trained us-
ing a triplet loss objective(Schroff et al., 2015),
where an anchor narrative is encouraged to be
closer to a positive example than to a negative one
in the embedding space. Cosine similarity is used
as the distance metric, and a fixed margin is applied
during training.
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During training, the model processes triplets con-
sisting of anchor, positive, and negative narratives
constructed from the official dataset. After train-
ing, the learned narrative embeddings are applied
to Track A by comparing similarity scores between
candidate narratives. However, empirical results
show that this contrastive learning approach does
not outperform direct supervised fine-tuning with
LoRA, and it is therefore not adopted in the final
submission.

3 Experimental Setup and Results

3.1 Experimental Environment

All experiments were conducted on the AutoDL
platform. The system for Track A uses the Llama-
Factory training framework, while the exploratory
experiments use our own implementation. Both
systems were implemented in PyTorch 2.7.0 with
Python 3.12 running on Ubuntu 22.04. GPU ac-
celeration was provided by a single virtual GPU
with 32GB of memory. The compute node was
equipped with 80GB of system memory. CUDA
version 12.8 was used throughout the experiments.

3.2 Dataset and Tracks

We participate in Track A of the shared task, which
focuses on narrative similarity classification. Only
the official dataset provided by the task organizers
was used for training, validation, and evaluation.
The synthesized data is used for training, and the
dev data is used for validation. All data are pre-
processed and converted into the instruction-based
format described in section 2.2. The maximum
sequence length is set to 8192 tokens to accom-
modate long narrative inputs. Data loading and
preprocessing are parallelized to improve training
efficiency.

Due to a format mismatch, the Track B submis-
sion was not officially evaluated. However, our of-
fline experiments still provide useful insights into
representation learning for narrative similarity.

3.3 Training Configuration

For Track A, we adopt a supervised fine-tuning
strategy based on a pretrained large language model
with Low-Rank Adaptation (LoRA). LoRA is ap-
plied to all eligible layers, with a rank of 16 and
a scaling factor of 32. This configuration allows
efficient adaptation while maintaining training sta-
bility.

Input instances are formatted as structured text
pairs, including the original narrative, candidate
narratives, and a binary similarity label. To miti-
gate overfitting, we use multiple prompt templates
with identical task semantics but different surface
forms, which are randomly sampled during train-
ing. Data cleaning is applied to remove malformed
or duplicated samples from the official dataset.

The training process uses a cosine learning rate
schedule with a warm-up ratio of 0.1. Models are
trained for five epochs with a learning rate of 1×
10−4. Due to memory constraints, the per-device
batch size is set to 1, and gradient accumulation is
employed to achieve an effective batch size of 8.

The model is optimized using AdamW with a
fixed learning rate. All experiments are trained on a
single GPU. Unless otherwise specified, default hy-
perparameters provided by the training framework
are used.

3.4 Results
Our primary submission for Track A is built upon
the supervised LoRA fine-tuning framework de-
tailed in the previous sections. On the official eval-
uation set, our system achieved an accuracy of 0.70,
representing an improvement over the base model
(Qwen3-4B-Instruct), which scored 0.57 in local
evaluations without task-specific adaptation. This
performance gap underscores the efficacy of our
multi-prompt strategy and parameter-efficient tun-
ing in capturing narrative-level semantic similarity.
However, the current results also suggest that re-
lying exclusively on synthetic data may constrain
the model’s robustness and generalization across
diverse real-world narrative patterns. To further nar-
row this gap, future research could explore adaptive
prompting or self-refinement strategies during in-
ference, enabling the model to dynamically adjust
its reasoning logic based on specific input char-
acteristics. Additionally, (Gunasekar et al., 2023;
Wang et al., 2022) shows that potentially improve-
ment about extending the training pipeline to incor-
porate large-scale or weakly supervised narrative
data remains a promising direction for enhancing
model performance while maintaining task fair-
ness. (Mostafazadeh et al., 2016; Reagan et al.,
2016; Valls-Vargas et al., 2014) also provides some
useful resources to further development.

Regarding the contrastive learning approach ex-
plored, while it facilitates the learning of dense
narrative embeddings, its zero-shot transfer perfor-
mance to Track A (0.56) was markedly inferior
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Model Accuracy
Random 0.51
Contrastive learning approach 0.56
w/o fine tune 0.57
w/o multi-prompt 0.67
Ours 0.70

Table 1: Accuracy comparison between a random base-
line, exploratory approach, ablations, and our LoRA
fine-tuned system on Track A.

to direct supervised adaptation. This disparity in-
dicates that a simple mean pooling strategy over
token representations may be insufficient for encod-
ing complex narrative structures, such as the course
of action or long-range discourse relations. To im-
prove the representation of the three core similarity
components—abstract theme, course of action, and
outcomes—future iterations should consider incor-
porating structure-aware pooling mechanisms or
discourse-level modeling. Furthermore, investigat-
ing hybrid approaches that combine embedding-
based similarity estimation with lightweight, task-
specific classifiers could better align representa-
tion learning with downstream decision objectives,
providing a more robust framework for narrative
reasoning tasks.

4 Conclusion

In this paper, we present a system description for
our submission to the shared task, focusing on the
design choices, implementation details, and em-
pirical observations across multiple tracks. Our
primary submission for Track A is based on a large
language model fine-tuned with LoRA, combined
with data cleaning and a multi-prompt inference
strategy. This approach relies solely on the offi-
cially provided dataset and achieves a performance
of 0.70 on the Track A evaluation, suggesting its
practical applicability under the current setting.

In addition to the main submission, we also in-
vestigate a similarity-based approach as an aux-
iliary method and use it to analyze the differ-
ences between embedding-based and classification-
based strategies. The similarity-based model was
trained to learn narrative-level representations us-
ing a triplet loss objective. The learned embeddings
were further applied to infer similarity judgments
for Track A by comparing narrative structure repre-
sentations. Although this two-stage approach did
not outperform the direct LoRA fine-tuning strat-

egy and could not be officially evaluated in Track B
due to submission format misalignment, it provides
valuable insights into the strengths and limitations
of representation-based methods for narrative simi-
larity tasks.

Overall, our system emphasizes practical and re-
producible design choices, discusses the trade-offs
between discriminative fine-tuning and embedding-
based modeling under realistic resource con-
straints.

5 Limitations

Despite the effectiveness of the proposed system,
several limitations remain. First, our Track A ap-
proach relies on prompt-based binary classifica-
tion, which, while robust in practice, is sensitive
to prompt design and may not fully capture fine-
grained narrative relations beyond the given la-
bel space. Although a multi-prompt strategy was
adopted to mitigate overfitting, prompt engineering
still introduces an additional degree of heuristic
design.

Second, the contrastive learning approach ex-
plored in Track B adopts a relatively simple em-
bedding construction strategy based on mean pool-
ing over token representations. Such a design is
likely insufficient to capture higher-level narrative
structures, discourse relations, or long-range de-
pendencies that are crucial for narrative similarity
reasoning. Moreover, the embedding-based infer-
ence used in the Track A transfer experiment lacks
an explicit decision boundary aligned with the task-
specific labels, which may partly explain its inferior
performance compared to direct fine-tuning.

Finally, all experiments were conducted using
only the official dataset and limited computational
resources. While this ensures fairness and repro-
ducibility, it may restrict the model’s ability to gen-
eralize to more diverse narrative patterns.
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