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Abstract

SemEval-2026 Task 4 on Narrative Simi-
larity requires models to assess narrative
alignment between stories rather than relying
on surface lexical similarity. For Track A,
we introduce the Aspect-Based Narrative
Similarity Agents(ABNS-Agents), a two-stage
agent-based framework. It extracts three
core narrative aspects aligned with the task
definition under a schema constraint, and
then performs aspect-aligned similarity
adjudication using an LLM decision model.
For Track B, Narrative Supervised Con-
trastive Embeddings(NSConE) is based upon
supervised contrastive learning to model
narrative similarity. Our experiments show that
ABNS-Agents achieves 70.25% accuracy on
the test set, while NSConE reaches 68.5%
test accuracy, demonstrating competitive
performance across both reasoning-based
and representation-learning paradigms.
The findings highlight the effectiveness of
aspect-aligned structured modelling and
task-specific supervised contrastive learning
for capturing narrative similarity beyond
surface semantics. The code is available at
https://github.com/jianfeixu95/
NCL-SemEval2026-NarrSim.

1 Introduction

Narrative similarity assessment and representation
learning aim to capture structural alignment be-
tween stories rather than surface semantic related-
ness (Agirre et al., 2012). Such similarity requires
understanding high-level elements such as thematic
coherence, event progression, and outcome consis-
tency. SemEval-2026 Task 4 (Hatzel et al., 2026)
defines the challenge through three components:
abstract theme, course of action, and outcomes. In
this work, we explicitly adopt this tripartite struc-
ture as the basis for our aspect-level modelling. The
system should decide which candidate, SA or SB ,
is narratively closer to the anchor S(see Figure 1).

Figure 1: SemEval-2026 Task 4 Description

However, existing similarity methods primarily
rely on lexical overlap and sentence-level represen-
tations, making it difficult to capture the overall nar-
rative structure and relationships. Therefore, these
models may perform well on semantic similarity
benchmarks, but they may often fail to distinguish
between structurally dissimilar narratives. There is
a gap between superficial semantic matching and
true narrative understanding. This limitation moti-
vates structure-aware modelling strategies that can
explicitly capture various aspects of the narrative
and reduce reliance on lexical information.

To address this challenge, we propose two ap-
proaches aligned with the shared task tracks: (a)
Aspect-Based Narrative Similarity Agents (ABNS-
Agents), a structural agent-based framework that
converts free-form narratives into structured high-
level aspects for interpretable aspect-aware compar-
isons, and (b) Narrative Supervised Contrastive Em-
beddings (NSConE), an implicit embedding align-
ment. NSConE learns similarity-aware represen-
tations optimized for triple narrative ranking, pro-
viding scalable and robust narrative similarity esti-
mation. These two approaches combine structure-
aware modelling with representation learning, of-
fering a unified framework for narrative similarity
beyond surface semantic matching.

This study makes three main contributions. (a)
We propose ABNS-Agents, a structured aspect-
aligned LLM agent framework with schema-
constrained extraction and aspect-based scoring.
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(b) We introduce NSConE, a supervised contrastive
embedding approach optimized for triple-wise
ranking objective with auxiliary MLM training. (c)
Results show that our model mitigates reliance on
lexical shortcuts, achieving strong narrative-level
understanding beyond surface overlap.

2 Related Work

Narrative similarity aims to measure semantic and
structural alignment between stories. Early works
on narrative understanding relied on symbolic rep-
resentations (Banarescu et al., 2013; Ammanabrolu
et al., 2020), which explicitly modelled event
causality and character relations but struggled with
linguistic variability. With the emergence of neural
methods, representations became dominant (Peters
et al., 2018; Kiros et al., 2015), enabling models to
capture semantic similarity more robustly. Recent
approaches to narrative similarity rely on pretrained
language models (Reimers and Gurevych, 2019)
and Large Language Models(LLMs). LLMs have
shifted the paradigm toward prompt engineering
(Liu et al., 2023) and zero-shot reasoning (Brown
et al., 2020). However, without structural con-
straints, LLMs are prone to semantic drift, often
overemphasizing superficial topical cues and fail-
ing to reliably distinguish between topically related
and truly narratively similar content (Lawley et al.,
2019; Yao et al., 2023).

BERT and RoBERTa (Devlin et al., 2019;
Zhuang et al., 2021) effectively model contextual
dependencies within fixed-length inputs and serve
as standard backbones for sentence-level represen-
tation learning. However, for long-form narratives,
representations are often computed from a limited
token window, weakening the modelling of global
narrative structure. Although long-context variants
(Zaheer et al., 2020; Beltagy et al., 2020) mitigate
the quadratic memory bottleneck of standard self-
attention, extending the context window alone does
not necessarily ensure improved narrative-level rep-
resentations. Contrastive learning underpins mod-
ern sentence embeddings, but self-supervised ob-
jectives mainly capture surface similarity and strug-
gle with narratives, where meaning depends on
causal and temporal structure (Gao et al., 2021). To
better model narrative coherence, supervised con-
trastive learning leverages explicit alignment labels
and hard negatives (Khosla et al., 2020), encourag-
ing embeddings to encode structural relationships
rather than lexical overlap.

Figure 2: Architecture of our system. Track A performs
aspect-based decision-making through an agent-style
pipeline, while Track B learns similarity-aware narrative
embeddings via supervised contrastive training with an
auxiliary masked language modeling objective.

3 Methodology

This study introduces a hybrid system that in-
tegrates an LLM-based agent framework with a
narrative embedding model. For Track A, we
propose the Aspect-Based Narrative Similarity
Agents(ABNS-Agents), a two-stage framework
that performs structured narrative aspects extrac-
tion and aspect-aligned similarity scoring. For
Track B, we introduce the Narrative Supervised
Contrastive Embeddings(NSConE), which learns
discriminative narrative representations via super-
vised contrastive learning based on SimCSE (Gao
et al., 2021). Figure 2 illustrates the architecture of
the system.

3.1 Aspect-Based Narrative Similarity
Agents(Track A)

Task Definition Given an anchor narrative S and
two candidate narratives SA or SB , the goal is to
identify which candidate narrative is more struc-
turally and semantically aligned with the anchor.
The key idea is that narrative similarity cannot be
reliably judged from surface-level semantics alone.
Instead, narratives should be compared through
structured high-level aspects. Our approach fol-
lows a two-stage pipeline:(a) aspect extraction and
(b) aspect-aligned similarity decision-making.

Aspect Extraction Agent We define an index
set I = {anc, A,B}, where Sanc = S. Following
the official task formulation (Hatzel et al., 2026),
which characterizes narrative similarity through
three components—Abstract Theme, the central
topic of the narrative, Course of Action, the main
events or plot developments, and Outcomes, the
final resolution or consequence, we extract these

1452



core narrative aspects for any i ∈ I. For any i ∈ I ,
we first extract core narrative aspects:(1) Abstract
Theme is summarized as a single sentence describ-
ing the high-level meaning of the narrative; (2)
Course of Action is represented as a list of exactly
three short event descriptions; (3) Outcomes is sum-
marized as a single sentence. This process maps
every story into a shared aspect-aligned representa-
tion: A(Si) = {atheme, aaction, aoutcomes}

The structured prompting strategy maps narra-
tive comparison into an aspect-aligned space, re-
ducing sensitivity to lexical variation and enabling
more robust structure-aware similarity reasoning.

Aspect-Aligned Decision Making Agent After
extracting aspects from the anchor narrative S and
candidate stories SA and SB , we use GPT-4o as an
aspect-based decision-making model to compare
extracted aspects and determine the closer candi-
date, leveraging its stronger narrative-structural rea-
soning to improve decision reliability. Formally,
the final decision is obtained by the following:

ŷ = arg max
c∈{A,B}

s
(
A(Sanc), A(Sc)

)
(1)

where s(·, ·) denotes the LLM-based similarity
function in the aspect-aligned space. The full
prompt templates used for these agents are pro-
vided in Appendix E.1 and E.2.

3.2 Narrative Supervised Contrastive
Embeddings(Track B)

Task Definition Track B is a learning problem
of narrative representation. Let x ∈ X denote a
narrative sample, where X denotes the narrative
space. The objective is to learn an encoder fθ :
X → Rd, which maps a narrative x to a dense
representation h = fθ(x). Narrative similarity is
measured using cosine similarity:

s(xi, xj) ≜ cos(hi,hj) =
h⊤
i hj

∥hi∥ ∥hj∥
(2)

The submitted embeddings are evaluated by
the organizers using a triple-wise similarity rat-
ing. For an annotated triple (xi, x

+
i , x

−
i ), where

x+i is judged more similar to the anchor xi than
x−i , the encoder model is preferred if s(xi, x+i ) >
s(xi, x

−
i ).

Narrative Representation with SimCSE We
adopt supervised SimCSE (Gao et al., 2021), a

contrastive learning framework for structured nar-
rative embeddings. Specifically, we instantiate fθ
with the RoBERTa-large1 Transformer encoder.

The model final-layer [CLS] representation is
taken as the fixed-dimensional embedding. We
apply ℓ2 normalization so that cosine similarity re-
flects angular similarity between embeddings. Our
model leverages dropout-induced positive pairs and
contrastive optimization to encourage semantically
similar texts to be close in the embedding space.

Auxiliary MLM Objective Following prior
work, we introduce a masked language mod-
elling(MLM) objective (Devlin et al., 2019) as an
auxiliary training signal, applied in our proposed
NSConE model during supervised contrastive fine-
tuning. The final loss is defined as

L = LCON + λLMLM (3)

where λ is a weighting hyperparameter. This objec-
tive helps stabilize fine-tuning and mitigates catas-
trophic forgetting of token-level knowledge.

Specifically, given an input narrative x =
(x1, . . . , xn), we randomly select a subset of to-
ken positions M ⊂ {1, . . . , n} and replace them
with a [MASK] token, x̃, following the standard
BERT masking strategy. The MLM loss is:

LMLM = − 1

|M |
∑

i∈M
logPθ(xi | x̃) (4)

where Pθ(· | x̃) denotes the token distribution.

Triple-wise Contrastive Fine-tuning Super-
vised SimCSE2 is pretrained on sentence pairs,
which does not explicitly enforce relative similar-
ity ordering among long-form narratives. How-
ever, Track B focuses on narrative-level similar-
ity. To bridge this gap, we fine-tune the Sim-
CSE using the triple-wise supervision (xi, x

+
i , x

−
i ).

Within each mini-batch, we optimize the encoder
using an InfoNCE-style contrastive objective. Let
hi = fθ(xi) denote the normalized embedding
of narrative xi, and define cosine similarity as
sij = cos(hi,hj). The contrastive loss (Gao et al.,
2021) for instance i is:

LCON = − log
exp(si,i+/τ)∑

j exp(si,j+/τ) +
∑

j exp(si,j−/τ)
(5)

1https://huggingface.co/FacebookAI/roberta-large
2https://huggingface.co/princeton-nlp/sup-simcse-

roberta-large
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Figure 3: Our Dataset Split and Label Distribution. Our
train and validation splits are constructed from the offi-
cial development split.

where τ is a temperature hyperparameter. This
objective encourages higher similarity between an-
chors and their positive stories than negatives, align-
ing directly with the triple-wise ranking criterion
of Track B.

This task-specific adaptation refines the embed-
ding space to better capture long-form narrative
semantics and relative similarity ordering, align-
ing directly with the triple-wise evaluation. We
retain the SimCSE architecture and loss, applying
domain-adaptive supervised contrastive learning to
specialize representations for narrative similarity.

4 Experiments

4.1 Datasets and Evaluation Metrics
The official dataset3 is used. However, due to non-
negligible lexical overlap in the provided synthetic
training data—where models can achieve over 98%
accuracy(see Table 8) by exploiting word-level
overlap rather than semantic understanding(see
Section 4.1 and Appendix B)—we discard the syn-
thetic training data and instead conduct training
and validation solely on the official development
data and the data split is summarized in Figure 3.

This study retains the official metric, Accuracy.
We additionally report results on Semantic Tex-
tual Similarity benchmarks(STS12–STS16, STS-B,
SICK-R (Reimers and Gurevych, 2019)) to eval-
uate whether the learned embeddings preserve se-
mantic similarity, which is a prerequisite for higher-
level narrative understanding.

Lexical Overlap We conduct a quality analysis
and identify a lexical overlap bias in the official
synthetic training split: the lexical overlap between
the anchor and the closer candidate is substantially

3https://narrative-similarity-task.github.io/data/

higher than the less similar one. This imbalance
allows models to exploit surface-level cues, lead-
ing to artificially inflated performance and shortcut
learning that compromises evaluation validity. To
quantify this effect, we compute multiple overlap-
based metrics(see Appendix B). The synthetic train-
ing split consistently exhibits significantly higher
overlap scores across all metrics(see Table 7).

4.2 Aspect-Based Narrative Similarity Agent
For Track A, we implement a two-stage LLM-
based agent pipeline via OpenAI API(temperature
= 0, max_tokens = 500, top_p = 1.0). An ex-
traction agent first identifies three aspects(abstract
theme, course of action, and outcomes), fol-
lowed by a decision agent that produces the fi-
nal judgment. We experiment with different LLM
configurations(GPT-4o-mini, GPT-4o, and GPT-
5.2). Two decision strategies are explored: direct
judgment and weighted aggregation across aspects,
where the weights(Wtheme = 0.35, Waction = 0.45,
Woutcomes = 0.20) are determined via grid search.

4.3 Narrative Supervised Contrastive
Embeddings

For Track B, we first evaluate embedding models
from different families and training paradigms on
our dataset to compare performance. The model
achieving the best results across the evaluation met-
rics is selected as the backbone model. Then, we
perform supervised contrastive fine-tuning on our
training data to obtain the final model.

Backbone Model Selection To identify a suit-
able backbone encoder, we designed baseline ex-
periments from two complementary perspectives:
model family diversity(see Appendix D.1) and
training paradigm diversity(see Appendix D.2).
This strategy allows us to disentangle architectural
effects from training methodology effects when
modelling narrative-level similarity.

Training Setting Our final model is built on Sup-
SimCSE-RoBERTa-large. We further fine-tune it
for narrative similarity using triple narratives for-
matted as contrastive instances. The best check-
point is selected based on validation accuracy. Due
to substantial lexical overlap in the synthetic train-
ing data and the inability to effectively mitigate it,
we instead train and validate on the relatively small
official development set. To reduce overfitting, we
monitor validation performance and apply early
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Extract Aspects Decision Dataset Accuracy
GPT-4o-mini GPT-4o-mini dev 63.50
GPT-4o GPT-4o dev 65.00
GPT-4o-mini GPT-4o w* dev 66.00
GPT-5.2 GPT-5.2 dev 67.00
GPT-4o-mini GPT-4o dev 68.50
GPT-4o-mini GPT-4o test 70.25

Table 1: Performance(%) comparison of different LLM
configurations for ABNS-Agents. w* denotes the
weighted decision strategy.

stopping, selecting the final model from the best-
performing checkpoint. Detailed hyperparameter
settings and optimization results are provided in
Appendix D.3.

5 Results and Discussions

5.1 Aspect-Based Narrative Similarity Agent
LLM-based configurations consistently outperform
embedding-based methods when stronger models
are used for decision-making. Larger LLM variants
achieve the best performance, while smaller models
exhibit a noticeable decline, highlighting the im-
portance of model capacity. The weighted decision
variant does not improve results compared to direct
decision-making, indicating limited benefit from
explicit weighting under the current setup. Over-
all, structured LLM-based reasoning substantially
enhances narrative–anchor similarity judgment rel-
ative to embedding-based approaches. Detailed
results are reported in Table 1.

5.2 Narrative Supervised Contrastive
Embeddings

To identify a robust backbone encoder for Track
B, we conduct a structured comparison from two
complementary perspectives: model family and
training paradigm.

Multilingual BERT and RoBERTa consistently
demonstrate strong and stable performance across
evaluation settings(Tables 10 and 11), with com-
petitive STS-AVG scores indicating robust general
semantic representation ability. In contrast, archi-
tectures such as Longformer and Seq2Seq mod-
els show less consistent gains, suggesting that ex-
tended context modelling or architectural varia-
tion alone does not ensure improved narrative sim-
ilarity performance. Across training paradigms,
supervised fine-tuning clearly outperforms both
pretrained-only and unsupervised variants in narra-
tive–anchor accuracy, highlighting the importance
of explicit semantic alignment signals. Among

Paradigm Model Acc(Valid) Acc(Dev) Acc(Test) STS-AVG

Pretrain

BERT-base 62.5 54.5 – 18.63
BERT-large 50.0 53.5 – 18.37
ModernBERT-base 50.0 56.5 – 21.38
ModernBERT-large 60.0 56.5 – 19.54
DeBERTa-v3-base 62.5 51.5 – 26.48
DeBERTa-v3-large 62.5 52.5 – 12.71
Longformer-base 42.5 46.5 – 48.56
Longformer-large 52.5 60.0 – –
RoBERTa-base 50.0 51.0 – 56.57
RoBERTa-large 62.5 61.0 – 26.86

Unsup-finetune
Unsup-SimCSE-BERT 57.5 59.5 – 76.25
Unsup-SimCSE-RoBERTa-base 45.0 59.5 – 76.57
Unsup-SimCSE-RoBERTa-large 55.0 59.0 – 78.90

Sup-finetune

StoryEmb 65.0 – – –
MiniLM-L6 52.5 55.0 – 73.33
LaBSE 67.5 58.5 – 69.44
FlanT5-base 52.5 54.0 – 16.62
Sentence-T5-base 55.0 62.0 – 19.98
Sentence-T5-large 60.0 63.0 – 29.26
Sup-SimCSE-BERT 50.0 60.5 – 81.57
Sup-SimCSE-RoBERTa-base 55.0 59.5 – 82.52
Sup-SimCSE-RoBERTa-large 67.5 62.5 – 83.76
NSConE(Ours) 72.5 88.0* 68.5 82.29

Table 2: Performance(%) comparison across training
paradigms on Track B. Acc(Valid) is performed on
our 20% validation split sampled from the official dev
set. Acc(Dev) and Acc(Test) refer to results on the
official development and unlabelled test splits, respec-
tively. Since the test data is unlabelled, results for other
models are unavailable. STS-AVG denotes the aver-
age Spearman correlation across STS12–STS16, STS-
B, and SICK-R. * denotes that the model is fine-tuned
on 80% of the official development split, and thus the
reported score is not directly comparable to other re-
sults. Pretrain: no fine-tuning; Sup-finetune: supervised
fine-tuning with labels; Unsup-finetune: self-supervised
contrastive fine-tuning.

the strongest candidates, LaBSE and Sup-SimCSE-
RoBERTa-large achieve top-tier results. However,
LaBSE is more sensitive to data scale, whereas Sup-
SimCSE-RoBERTa-large remains stable across
dev-based settings. Given that Track B training
relies on dev splits due to overlap issues in the
official synthetic training set, robustness is criti-
cal. Therefore, we adopt a Sup-SimCSE-RoBERTa-
large model as our final baseline backbone.

Based on the results in Table 2, our model
NSConE achieves the strongest overall perfor-
mance across evaluation settings. Built upon Sup-
SimCSE-RoBERTa-large and further fine-tuned
on 80% of the official development split, our ap-
proach improves Accuracy(Validation) from 67.5%
to 72.5%. In addition, it achieves 68.5% on the
official test benchmark. These results indicate that
domain-adaptive supervised contrastive training ef-
fectively specializes the representation space for
narrative similarity, yielding consistent gains over
the strong Sup-SimCSE-RoBERTa-large baseline.

6 Conclusion

We propose two narrative similarity modelling
methods in this paper. For Track A, we intro-
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duce ABNS-Agents, a structure-aware LLM agent
framework that transforms free-form narratives
into interpretable high-level aspects and performs
aspect-aligned similarity inference. For Track B,
we propose NSConE, a contrastive narrative repre-
sentation learning method. It combines embedding
optimization with a triple ranking criterion through
task-specific fine-tuning of SimCSE. Experimental
results demonstrate that structure-aware reasoning
and ranking-consistent representation learning pro-
vide complementary strengths for narrative similar-
ity assessment. ABNS-Agent achieves 70.25% ac-
curacy on the official test set, which improves inter-
pretability and narrative-level reasoning. NSConE
enables scalable and robust similarity estimation
in the embedding space, with 68.5% test accuracy.
All of these findings highlight the importance of
modelling narrative structure beyond superficial
semantic overlap.
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Type Split Num Close to A Close to B

Official
Sample 39 24 15
Dev 200 99 101
Train 1900(LLM-generated) 957 943

Ours Train 160 85 75
Validation 40 16 24

Table 3: Dataset statistics. The ours split is derived
by partitioning the official dev split into training(160
instances) and validation(40 instances) sets.

Field Split Mean Median Std P10 P90 Min Max

anchor_text sample 120.79 113.00 42.00 75.60 166.00 53.00 259.00
anchor_text dev 124.59 116.00 43.11 76.00 184.10 48.00 288.00
anchor_text train 147.56 149.00 31.86 107.00 185.00 0.00 249.00
text_a sample 121.03 118.00 57.41 55.60 199.00 43.00 261.00
text_a dev 120.86 119.50 49.29 59.00 184.80 36.00 304.00
text_a train 157.82 158.00 32.80 118.00 199.10 0.00 254.00
text_b sample 116.92 103.00 46.88 59.80 187.40 46.00 203.00
text_b dev 121.44 116.00 48.45 59.00 193.20 36.00 283.00
text_b train 158.14 158.00 32.67 120.00 197.10 0.00 254.00

Table 4: Word-level statistics for anchor_text, text_a,
and text_b across dataset splits.

A Dataset Description

The SemEval-2026 Task 4 dataset consists of four
splits: sample(39 instances), development(200 in-
stances), training(1,900 instances, including 1,898
LLM-generated narratives), and test(400 instances).
Label distributions are well-balanced across splits,
with nearly equal numbers of instances closer
to text_a and text_b, minimizing potential class
bias(see Table 3). Narratives are moderately long
and consistent in structure: anchor texts and candi-
date narratives typically contain 5–7 sentences(see
Table 5) and 120–160 words on average(see Table
4), with slightly longer narratives in the training
split. Token-level analysis using the RoBERTa-
large tokenizer4 shows that most narratives fall well
below common transformer input limits, indicating
that truncation is rarely required(see Table 6).

B Lexical Overlap

We analyze lexical overlap between anchor nar-
ratives and candidate narratives using multiple
metrics(see Table 7), including unigram Jaccard
overlap, asymmetric anchor–candidate coverage ra-
tios, n-gram overlap(2-gram and 3-gram), ROUGE-
1/ROUGE-2, and POS-filtered overlap. All statis-
tics are computed separately for positive and nega-
tive pairs across dataset splits.

A clear contrast emerges between the training
split and the evaluation-oriented splits(sample and
development). In the sample and development sets,
positive and negative narratives exhibit nearly iden-
tical overlap distributions across all metrics, with

4https://huggingface.co/FacebookAI/roberta-large

Field Split Mean Median Std P10 P90 Min Max

anchor_text sample 5.46 5.00 1.74 3.80 8.00 3.00 10.00
anchor_text dev 5.70 5.00 1.59 4.00 8.00 3.00 12.00
anchor_text train 6.75 7.00 1.30 5.00 8.00 0.00 15.00
text_a sample 5.67 6.00 1.68 3.00 8.00 3.00 8.00
text_a dev 5.72 6.00 1.65 3.00 8.00 3.00 11.00
text_a train 6.81 7.00 1.26 5.00 8.00 0.00 15.00
text_b sample 5.56 6.00 1.61 3.80 8.00 3.00 8.00
text_b dev 5.66 6.00 1.73 3.00 8.00 3.00 11.00
text_b train 6.85 7.00 1.29 5.00 8.00 0.00 14.00

Table 5: Sentence-level statistics for anchor_text, text_a,
and text_b across dataset splits.

Field Split Mean Median Std P10 P90 Min Max

anchor_text sample 155.69 153.00 54.99 89.00 219.80 67.00 313.00
anchor_text dev 159.85 149.00 57.65 98.80 235.50 57.00 384.00
anchor_text train 177.48 179.00 36.95 131.00 221.10 0.00 334.00
text_a sample 153.59 148.00 73.19 68.40 265.00 50.00 330.00
text_a dev 153.74 149.00 63.38 81.90 238.00 39.00 389.00
text_a train 193.48 195.00 38.59 147.00 241.00 0.00 293.00
text_b sample 150.82 130.00 63.00 80.40 240.80 50.00 272.00
text_b dev 154.31 150.50 63.68 70.00 249.10 39.00 338.00
text_b train 194.29 195.00 39.39 147.00 241.10 0.00 370.00

Table 6: RoBERTa token statistics for anchor_text,
text_a, and text_b across dataset splits.

mean and median differences close to zero. This in-
dicates that surface-level lexical similarity provides
little discriminative signal for evaluation.

By contrast, the training split shows consistent
and substantial differences between positive and
negative pairs. Positive narratives demonstrate
higher unigram overlap, greater anchor and candi-
date coverage, and increased n-gram and ROUGE
overlap, reflecting stronger alignment in local event
expressions and lexical choices. Similar trends
are observed for POS-filtered overlap, suggesting
closer alignment in content-bearing entities and
actions.

Percentile statistics(p10 and p90) further support
these findings: while the overlap distributions di-
verge noticeably for positive and negative pairs in
the training data, such differences largely disap-
pear in the evaluation splits. Overall, the dataset
provides informative lexical signals during train-
ing while effectively minimizing lexical shortcuts
during evaluation, encouraging models to rely on
deeper narrative-level understanding.

The accuracy of unfine-tuned baseline embed-
ding models across different dataset splits for Track
B is summarized in Table 8. Notably, all mod-
els achieve exceptionally high performance on the
synthetic training split, exceeding 98% accuracy,
while performance drops substantially on the sam-
ple and dev splits. This discrepancy suggests that
models can exploit lexical overlap patterns in the
synthetic training data without genuine semantic
modelling. In contrast, the more moderate results
on the human-curated splits better reflect the true
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Metric Train Sample Diff Dev Diff

Anchor–Closer Candidate Anchor–Another Candidate Diff

Jaccard Overlap Mean 31.89 15.03 16.86 0.35 0.23
Std 17.92 6.73 11.19 0.37 0.00

Anchor Ratio Mean 47.12 27.15 19.97 0.66 0.29
Std 17.65 9.93 7.72 0.96 0.31

Candidate Ratio Mean 45.03 24.37 20.66 1.02 1.17
Std 17.71 8.98 8.73 0.15 0.19

2-gram Overlap Mean 17.83 4.91 12.92 0.10 0.00
Std 18.04 5.26 12.78 0.10 0.06

3-gram Overlap Mean 10.80 1.86 8.94 0.02 0.00
Std 16.59 3.66 12.93 0.02 0.01

ROUGE-1 Mean 54.29 35.49 18.79 0.19 0.08
Std 14.76 8.85 5.92 0.95 0.19

ROUGE-2 Mean 27.30 8.96 18.34 0.18 0.04
Std 20.88 8.40 12.49 0.95 0.08

POS-filtered Mean 25.32 10.11 15.21 0.85 0.15
Std 18.74 6.68 12.06 0.46 0.17

Table 7: Lexical overlap statistics across dataset splits.
The synthetic training split shows substantially larger
Anchor–Closer Candidate vs. Anchor–Less Similar
Candidate differences compared to the sample and dev
splits.

Embedding Model Train Sample Dev

all-MiniLM-L6-v25 98.89 58.97 55.00
Unsup-SimCSE-RoBERTa-base6 99.74 58.97 59.50
Sup-SimCSE-RoBERTa-base7 99.95 69.23 59.50

Table 8: Accuracy(%) of unfine-tuned baseline embed-
ding models across different official dataset splits for
Track B. The results show that all models achieve sub-
stantially higher accuracy on the synthetic training data
than on the other splits.

difficulty of narrative similarity judgment.

C Evaluation Metrics

To comprehensively evaluate model performance
on narrative–anchor similarity modelling, we adopt
two complementary evaluation settings: a task-
specific classification metric and a standardized
semantic textual similarity benchmark evaluation.

Narrative–Anchor Similarity Accuracy The
primary evaluation metric for Track B is Accu-
racy, which measures the proportion of correctly
predicted similarity labels between a narrative text
and its corresponding anchor story. For each nar-
rative–anchor pair, the model produces a binary
similarity decision, and accuracy is computed as
the ratio of correct predictions to the total num-
ber of instances. This metric directly reflects the
model’s ability to perform discrete similarity judg-
ment in alignment with the task formulation. Ac-
curacy is reported under both the 20% dev split
setting(held-out evaluation) and the full dev setting
for comparative backbone analysis.

Standard STS Evaluation via SentEval In addi-
tion to task-specific accuracy, we evaluate all base-
line encoders using the SentEval toolkit8 to assess

8https://github.com/facebookresearch/SentEval

their general semantic textual similarity capabil-
ity. Sentence embeddings are extracted from each
model and evaluated on the official STS benchmark
datasets provided in the SentEval repository, report-
ing the averaged STS score(STS-AVG). This aux-
iliary evaluation provides a standardized measure
of semantic representation quality and allows us to
examine the relationship between general STS per-
formance and narrative-level similarity modelling.

D Experiment Details

To identify a robust backbone encoder for Track B,
we conduct a structured comparison across three
complementary perspectives: model family, train-
ing paradigm, and overall ranking(see Table 9).

D.1 Model family diversity
We selected representative models from multiple
architectural families to ensure broad coverage of
encoder design choices and contextual modelling
capabilities. The evaluated model families include:

• Multilingual BERT family(e.g., LaBSE)

• BERT family

• RoBERTa family

• DeBERTa family

• MiniLM family

• Longformer family

• Seq2Seq architectures(e.g., T5-based models)

• Domain-Specific pretrained models

These families differ in pretraining objectives,
architectural innovations(e.g., disentangled atten-
tion in DeBERTa), parameter scale, and con-
text modelling mechanisms(e.g., sparse attention
in Longformer). Including long-context mod-
els(Longformer) is particularly relevant for nar-
rative similarity, as narrative texts often exceed
standard sentence length. Seq2Seq-based encoders
were included to assess whether text-to-text pre-
training objectives provide advantages in modelling
higher-level semantic alignment.

By covering both standard sentence encoders
and long-document architectures, we aim to evalu-
ate how different structural inductive biases affect
narrative-to-anchor similarity modelling.
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Type Paradigm Model
Multilingual BERT Sup-finetune LaBSE
RoBERTa Sup-finetune Sup-SimCSE-RoBERTa-large
Domain-Specific Sup-finetune StoryEmb
BERT Pretrain BERT-base-uncased
DeBERTa Pretrain DeBERTa-v3-base
DeBERTa Pretrain DeBERTa-v3-large
RoBERTa Pretrain RoBERTa-large
BERT Pretrain ModernBERT-large
Seq2Seq Sup-finetune Sentence-T5-large
BERT Unsup-finetune Unsup-SimCSE-Bert-base-uncased
Seq2Seq Sup-finetune Sentence-T5-base
RoBERTa Sup-finetune Sup-SimCSE-RoBERTa-base
RoBERTa Unsup-finetune Unsup-SimCSE-RoBERTa-large
MiniLM Sup-finetune all-MiniLM-L6-v2
Seq2Seq Sup-finetune FlanT5-base
Longformer Pretrain longformer-large-4096
BERT Pretrain BERT-large-uncased
BERT Pretrain ModernBERT-base
RoBERTa Pretrain RoBERTa-base
BERT Sup-finetune Sup-SimCSE-Bert-base-uncased
RoBERTa Unsup-finetune Unsup-SimCSE-RoBERTa-base
Longformer Pretrain longformer-base-4096

Table 9: Model types, training paradigms, and evaluated
models.

Model Family Accuracy(20% Dev) Accuracy(Dev) STS-AVG
BERT 55.00 56.83 39.29
DeBERTa 62.50 52.00 19.60
Domain-Specific 65.00 – –
Longformer 47.50 53.25 48.56
MiniLM 52.50 55.00 73.33
Multilingual BERT 67.50 58.50 69.44
RoBERTa 55.83 58.75 67.53
Seq2Seq 55.83 59.67 21.95

Table 10: Performance comparison across different
model families on Track B. Multilingual BERT and
RoBERTa demonstrate similar performance levels and
consistently outperform other model families.

D.2 Training Paradigm Diversity
Beyond architectural differences, we further com-
pare models under different training paradigms:

• Pretrain: Directly using pretrained encoders
without task-specific contrastive supervision.

• Supervised Fine-tuning(Sup-finetune): Mod-
els trained with supervised similarity or NLI-
style objectives.

• Unsupervised Fine-tuning(Unsup-finetune):
Models trained using self-supervised con-
trastive learning objectives(e.g., dropout-
based contrastive learning as in SimCSE).

This design enables us to investigate whether su-
pervised semantic alignment objectives transfer bet-
ter to narrative similarity compared to unsupervised
representation learning, and whether pretrained-
only encoders already provide competitive seman-
tic representations.

By orthogonally varying model family and train-
ing paradigm, the baseline experiments provide a
structured comparison space for selecting a robust
backbone encoder for subsequent optimization in
Track B.

Training Method Acc(20% Dev) Acc(Dev) STS-AVG
Pretrain 55.50 54.35 27.68
Sup-finetune 58.33 59.38 57.06
Unsup-finetune 52.50 59.33 77.24

Table 11: Performance comparison across different
training paradigms on Track B. The supervised fine-
tuning paradigm consistently outperforms alternative
training approaches.

D.3 Narrative Supervised Contrastive
Embeddings Model Training Setting

To better adapt the supervised SimCSE backbone
to narrative-level similarity modelling, we system-
atically tuned key hyperparameters, including the
learning rate, effective batch size(via gradient accu-
mulation), maximum sequence length, MLM loss
weight, and hard negative weight. These adjust-
ments were designed to balance contrastive align-
ment strength with contextual representation capac-
ity under limited training data.

Training runs for 10 epochs with a learning
rate of 5e-6, a per-device batch size of 2, and
gradient accumulation of 8(effective batch size
16), and a maximum sequence length of 128
with CLS pooling. We adopt supervised con-
trastive learning(temperature=0.05) with hard neg-
atives(weight=0.2) and an auxiliary MLM objec-
tive(weight=0.1).

E Prompts

E.1 Aspect Extraction Prompt
Figure 4 is the template for aspect extraction of
ABNS-Agents.

E.2 Aspect-Aligned Decision Prompt
Figure 5 is the template for decision-making of
ABNS-Agents.
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1. System Instruction

You are an expert annotator for
narrative similarity. Extract ONLY
the three aspects: 1) Abstract
Theme: high-level theme, ignore
names/time/place and writing style.
2) Course of Action: key events
and their order. 3) Outcomes:
final outcome/end state only.
Return STRICT JSON that matches
the provided schema.

2. User Query

Narrative: {story_text}
Output STRICT JSON with schema:
{"theme":"...", "action":["..."],
"outcome":"..."}
Rules: theme=1 sentence;
action=EXACTLY 3 short events;
outcome=1 sentence.

Figure 4: Aspect extraction prompt template used in
ABNS-Agents with GPT-4o-mini.

1. System Instruction

You are an expert annotator for
narrative similarity. You must
decide whether Story A or Story
B is narratively closer to the
Anchor. You MUST base your
decision ONLY on these aspects:
Abstract Theme, Course of Action,
Outcomes. Ignore names/time/place
and writing style. Return STRICT
JSON only.

2. User Query

Anchor Aspects: {anchor_aspects}
Story A Aspects: {storyA_aspects}
Story B Aspects: {storyB_aspects}

Output STRICT JSON with schema:
{"closer":"A|B", "aspects":
{"abstract_theme":true/false,
"course_of_action":true/false,
"outcomes":true/false},"why":"short"}

Figure 5: Decision-making prompt template(GPT-4o)
used in ABNS-Agents for Track A.

1461


