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Abstract

Narrative similarity detection has broad appli-
cations in plagiarism detection, content recom-
mendation, and comparative narrative analy-
sis. We present a training-free, prompting-only
framework for SemEval-2026 Task 4 (Track A),
which requires identifying which of two can-
didate stories is narratively more similar to a
given anchor story. Without any fine-tuning or
additional annotations, we systematically evalu-
ate three prompt templates across five structural
prompting strategies, including zero-shot and
few-shot inference, narrative summarization,
keyword extraction, aspect splitting, and pair-
wise comparison. Structured prompt templates
and decomposed pairwise comparisons con-
sistently outperform baseline configurations,
achieving a peak accuracy of 72.50% on the
test set and 67.75% on the final leaderboard
(23th out of 44 teams).

1 Introduction

Narratives across a variety of thematic areas fre-
quently exhibit analogous narrative patterns. The
identification of these patterns is beneficial in a
variety of contexts, including theoretical domains.
For instance, they facilitate cross-cultural and cross-
temporal narrative comparisons. In addition, there
is considerable potential for practical applications
in such areas as the detection of plagiarism and
content recommendation systems (Pial and Skiena,
2023; Osman et al., 2012). The scientific investi-
gation of these patterns has been an ongoing task
for researchers across a variety of research fields.
It ranges from defining structural invariants that
facilitate comparison, such as plot structure, char-
acter roles, and thematic progression (Lévi-Strauss,
1955; Barthes and Duisit, 1975; Todorov, 1981),
to formal models developed in narratology (Propp,
1968; Genette, 1980). Previous approaches to nar-
rative understanding are diverse. A summary of
tasks, such as narrative summarization and ques-
tion answering, is extensively outlined in the work

by Zhu et al. (2023). Solutions are also diverse.
One approach is symbolic narrative understand-
ing, which maps stories onto schemas (Schank and
Abelson, 1977; Lehnert, 1981). This method en-
ables deep reasoning and causal explanations, but
lacks coverage outside known domains. To address
this limitation, research shifted toward statistical
event-based narrative modeling (Chambers and Ju-
rafsky, 2008; Pichotta and Mooney, 2016). These
models learn recurring event patterns from corpora
such as news. Rather than predicting events, dis-
course and narrative structure modeling focuses
on coherence in stories and employs models to
predict the most coherent continuations (Barzilay
and Lapata, 2005; Elson and McKeown, 2010).
Large Language Models (LLMs) implicitly unify
the three aforementioned paradigms, knowledge-
driven AI, data-driven statistical learning, and lin-
guistic discourse modeling, and recent advances in
their reasoning and contextual abstraction capabili-
ties have given rise to novel approaches for narra-
tive understanding. Zhu et al. (2023) survey a broad
range of narrative understanding tasks and outline
how LLMs can be leveraged to address them. In
an applied setting, Chun (2024) employed GPT-
3.5-turbo (Brown et al., 2020) to extract narrative
elements and assess semantic similarity between
film stories, finding that model-generated similarity
rankings closely align with human judgments.

SemEval-2026 Task 4 Track A also addresses
this challenge (Hatzel et al., 2026). The shared task
focuses on identifying similarities among sets of
three stories. As illustrated in Figure 1, an anchor
story and two candidate stories (Text A and Text
B) are provided. The objective is to identify which
candidate story is narratively more similar to the
anchor story. To support system development, the
organizers provide test, training, and sample data.
For annotation, narrative similarity was assessed
based on three core components: abstract theme,
course of action, and story outcome.
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Anna loses her purse. She is terrified
because there are important documents in it.
She retraces her steps but cannot find it. Dan
finds it and helpfully returns it to her.

Brian lost his backpack.
He did not care too
much, as only a water
bottle was in it. After an
hour of search, he finally
found it.

Text A Text B

Alex loses his
engagement ring while
swimming. He freaks
out, and after hours of
diving for it, he still
cannot find it.

Figure 1: SemEval-2026 Task 4 (Track A): Given
an anchor story and two candidate stories (Text A and
Text B), the objective is to identify which candidate is
narratively more similar to the anchor, based on abstract
theme, course of action, and story outcome.

Motivated by the well-documented advantages
of LLM-based approaches in terms of inference
speed, cost efficiency, and scalability (Cunha
et al., 2025; Sajjadi Mohammadabadi et al., 2025;
Karanikolas et al., 2025), we adopt a prompting-
only strategy that requires neither fine-tuning nor
additional data annotation. Pretrained LLMs have
shown strong performance under zero-shot and
few-shot conditions (Su et al.), enabling rapid de-
ployment across diverse domains at minimal cost
(Sushil et al., 2024; Nazi et al., 2025).

We systematically evaluate three prompting
strategies on Gemma 3 (27B) (Team et al., 2025)
for binary narrative similarity classification. The
first strategy directly adopts the task description
from the shared task guidelines as a baseline. The
second employs structured prompt templates with
explicitly separated components, such as task con-
text and instructions, to reduce ambiguity and im-
prove interpretability (Wang et al., 2024; Mao et al.,
2025). The third minimizes instructional complex-
ity by distilling the prompt to its essential informa-
tion, thereby reducing cognitive load on the model
and sharpening task focus (Upadhayay et al., 2024;
Nayab et al., 2024).

Each strategy is evaluated in both zero-shot and
few-shot settings to assess the effect of in-context
examples. Beyond these base configurations, we
introduce two task-specific extensions targeting
known prompting challenges: narrative conden-
sation to address context length constraints, and
decomposed prompting, which evaluates each of
the three similarity components: abstract theme,
course of action, and story outcome, in isolation.

Together, these configurations constitute a com-
prehensive, training-free framework for narrative
similarity detection.

Our experiments demonstrate that structured
prompt templates and pairwise story comparisons
yield the strongest performance, with the best con-
figuration achieving 72.50% accuracy on the test
set and 67.75% on the leaderboard, placing 20th out
of 42 teams on the SemEval-2026 Task 4 leader-
board, competitive results obtained without any
model fine-tuning or task-specific annotation.

To facilitate reproducibility and further research,
we provide code and results in our GitHub reposi-
tory 1.

2 System Overview

2.1 Prompting Templates

Prompt structure and semantics can notably affect
model performance (Mao et al., 2025). We evaluate
three templates:

Baseline Closely mirrors the wording, structure,
and length of the official task description provided
by the organizers, offering a comprehensive task
representation as a reference point.

Structured Template Decomposes the task into
explicitly labeled components, context, task, and
constraints, following established prompt design
principles (He et al., 2024; White et al., 2023) to
improve output reliability and consistency.

Cognitive Load Reduction Strips boilerplate
and verbose prose in favor of concise definitions
and bullet points, improving the signal-to-noise ra-
tio and reducing computational overhead (Zhang
et al., 2025).

2.2 Prompting Approach

In addition to the prompting templates, we evalu-
ated a range of structural prompting approaches.

Zero-Shot / Few-Shot The zero-shot condition
applies the template directly to the story triple.
For few-shot inference, balanced, randomly sam-
pled human-annotated examples from the sample
dataset are included in the prompt, with equal rep-
resentation of Text A-closer and Text B-closer in-
stances.

1https://github.com/Schmoerls/schmerle-semEv
al-task4-narrative-similarity
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Anchor Text A Text B

Dataset N Avg Min Max Avg Min Max Avg Min Max

Sample Data 39 138.23 63 278 138.13 49 293 133.64 49 234
Summarization Sample Data 39 108.08 73 142 105.21 75 141 105.92 80 142
Filtering Sample Data 39 42.13 23 69 38.64 27 58 40.67 24 64
Test Data 400 137.51 46 290 138.81 39 339 138.71 39 587
Summarization Test Data 400 113.53 67 180 112.34 70 159 113.67 76 174
Filtering Test Data 400 41.71 25 73 42.05 22 83 41.84 24 83

Table 1: Token length statistics across datasets. We report average, minimum, and maximum token counts for
Anchor, Text A, and Text B fields (computed using NLTK tokenization2).

Summarization To prevent long narratives from
diluting model focus, all stories, including few-
shot examples, were condensed into aspect-based
summaries prior to classification. Summaries are
generated by the same LLM as used for the clas-
sification itself, using a dedicated summarization
prompt. Few-shot selection follows the procedure
described above.

Keyword Extraction As a more aggressive cog-
nitive load reduction strategy, narratives are dis-
tilled to essential keywords that preserve narrative
context while eliminating all superfluous text. All
story triples and few-shot examples are processed
accordingly.

Aspect Splitting Each story triple is evaluated
across the three similarity components (abstract
theme, course of action, and outcome) in separate
prompts. The three resulting classifications are
aggregated via majority voting.

Pairwise Comparison Rather than presenting all
three stories simultaneously, this approach decom-
poses the task into two separate prompts: anchor
vs. Text A and anchor vs. Text B. To avoid ties, the
binary output is replaced by a continuous similar-
ity score (1–10), with the higher-scoring candidate
classified as the closer narrative. When the two
predictions achieved the same score, the prediction
was rated as Text B being closer to the anchor text.

2.3 Output Validation

To ensure reliable and processable model outputs,
we employed guided JSON generation across all
prompting approaches. Rather than parsing uncon-
strained free-form text, we constrained the model’s
decoding process to produce responses conforming
to a predefined JSON schema.

Split Field Count True (%) Length: Mean ± SD
(Med.)

Test
Anchor

400 52.0
706± 312 (668)

Text A 714± 385 (694)
Text B 714± 676 (687)

Sample
Anchor

39 38.5
712± 289 (681)

Text A 711± 315 (707)
Text B 690± 253 (656)

Dev
Anchor

200 50.5
739± 348 (697)

Text A 714± 385 (703)
Text B 711± 344 (695)

Synthetic
Anchor

1,897 49.6
953± 320 (963)

Text A 1, 031± 330 (1, 030)
Text B 1, 033± 363 (1, 033)

Table 2: Dataset statistics. True (%) indicates the ratio
of instances where Text A is the closer narrative. Length
metrics denote characters.

3 Experimental Setup

We evaluate all combinations of the three prompt
templates and five prompting approaches described
above, running each configuration with three in-
dependent random seeds. For the zero-shot, few-
shot, summarization, and keyword extraction ap-
proaches, we use 0, 6, 12, and 18 examples, with
each condition repeated across the three seeds.
Since the sample data labels were assigned based
on a joint comparison of all three stories across all
similarity aspects, the Aspect Splitting and Pair-
wise Comparison approaches were evaluated in the
zero-shot setting only. Few-shot examples were
drawn uniformly at random from the sample split
under two constraints: (i) class balance was en-
forced, ensuring equal representation of Text-A-
closer and Text-B-closer instances, and (ii) as the
number of shots increased, additional examples
were appended to smaller sets from the same seed,
guaranteeing strict inclusion across shot counts.
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Identical Paper Prompt Copy Structured Template Cognitive Load Reduction

# Few-Shot Examples # Few-Shot Examples # Few-Shot Examples

Task 0 6 12 18 0 6 12 18 0 6 12 18

Prompting 62.00 66.58 65.92 62.33 67.75 65.67 64.08 62.67 60.75 64.17 63.58 63.25
Summarize 60.50 60.50 62.50 60.42 61.75 62.33 63.42 60.58 60.25 62.75 61.58 60.08
Filtering 55.50 57.75 57.83 52.08 58.50 56.67 55.58 55.92 57.00 56.75 56.33 55.92
One to One 66.50 - - - 72.50 - - - 68.50 - - -
Aspect Splitting 61.25 - - - 65.75 - - - 60.75 - - -

Aggregate 61.15 61.61 62.08 58.28 65.15 61.56 61.03 59.72 61.45 61.22 60.50 59.75

Table 3: Performance comparison across three prompting strategies (Identical Paper Prompt Copy, Structured
Template, Cognitive Load Reduction) and four few-shot configurations. The last row reports aggregate results across
all tasks. Bold values indicate the best performance per task and shot count.

3.1 Datasets

As shown in Table 2, four subsets were released
for this shared task. For all non-synthetic splits,
labels were obtained via human annotation. We
report performance on the test set. The sample
split (39 instances) was used to construct few-shot
examples, and the dev split (200 instances) served
for pre-submission evaluation to identify the best-
performing approach. We did not employ the LLM-
generated synthetic stories and labels.

3.2 Evaluation Metrics

Following the official task guidelines, we report ac-
curacy as the primary evaluation metric. Accuracy
is defined as the proportion of correctly classified
instances over the total number of evaluated in-
stances:

Accuracy =
1

N

N∑

i=1

⊮
(
ŷi = yi

)
, (1)

where N denotes the number of test instances, ŷi
the predicted label, yi the ground-truth label, and
⊮(·) the indicator function.

3.3 Environment

All experiments were conducted on a workstation
equipped with an NVIDIA RTX PRO 6000 (Black-
well generation) featuring 96 GB of VRAM. Model
inference was performed using Ollama (v0.17.0).

3.4 Model Selection

We employed Gemma 3 (27B) (Team et al., 2025)
for our evaluation. This choice is motivated by the
model’s high performance-to-resource ratio; specif-
ically, its architecture allows for local execution on

consumer-grade hardware with 24 GB of VRAM.
This ensures that our approach remains computa-
tionally accessible.

4 Results

The results on the development set are presented
in Appendix A. The most effective approach was
the structured template combined with the standard
prompting strategy in the zero-shot setting. At
submission time, we submitted results from the
first of the three seeds, achieving an accuracy of
67.75%.

Prompting Templates A thorough examination
of the three prompting templates showed that the
structured template is the strongest variant. Com-
bining this template with zero-shot prompting
yielded optimal outcomes for almost all prompting
approaches. We observed the largest relative gains
under zero-shot conditions. This pattern may be
due to the increased importance of the base prompt
formulation when no supplementary examples are
provided.

Pairwise Comparison with the Best Perfor-
mance The Pairwise Comparison approach
yielded the highest accuracy on the test dataset.
This finding suggests that evaluating both candi-
dates jointly within a single prompt can introduce
interference, whereas decomposed comparisons im-
prove decision clarity. A salient observation is that
the tie rate between the two pairwise similarity
scores was approximately 30%.

Effect of Few-Shot Examples Few-shot exam-
ples yielded only marginal accuracy gains overall,
while effects varied substantially across prompting
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Rank Team Acc. (%)

1 COGNAC 78.00
2 FactUEP 75.75
3 AI-Monitors 75.00
4 TeleAI 74.75
5 YNU-HPCC 74.25
6 UTD-HLTRI 74.00
7 JCT 73.75
8 CuriosAI 73.50
9 Yam 73.00

10 CascadeMind 72.75
11 Team CV 70.75
12 hermeneutic_hools 70.50
13 NCL&HKU-NarrSim 70.25
13 NarSiL 70.25
15 DUTIR 69.75
16 CophiWue 69.50
17 CITD@UIT 69.25
17 ttda704 69.25
19 Narrative Nexus 68.50
20 harapalb 68.25
20 Comhis 68.25
22 SoloSemantics 68.00
23 schmerle 67.75
24 L3IRIT 65.75
25 NLP-FSDM 65.50
26 Team UBSE 65.25
27 MarSan 65.00
27 MoodMetric 65.00
29 PEU Lab 64.50
30 Narrative Team 64.25
31 ChulaNLP 63.50
32 blue 62.50
33 Team HausaNLP 61.50
34 TFB 61.25
35 Spinfo Cologne 60.25
36 LIAAD INESCTEC 59.75
37 Cryptix 59.50
38 CICL26 59.00
39 Duluth 58.50
40 IIITH Boys 57.75
41 Lacuna Inc. 57.25
42 Mendel292 56.50
43 PLlama 55.50
44 VerbaNexAI 53.50

Table 4: Track A leaderboard. Our team, schmerle, is
highlighted.

approaches. For the default prompting approach, a
small number of demonstrations (approximately six
few-shot examples) proved most effective, while
larger shot counts led to a gradual decline in accu-
racy, a pattern consistent with context overloading.
The summarization approach tolerated a higher op-
timal shot count (approximately 12), plausibly be-
cause prior compression reduced effective context
length and left sufficient capacity for additional
examples. In contrast, the keyword filtering ap-
proach showed a monotonic decrease in accuracy
with increasing shot count, suggesting that the high
level of abstraction introduced during keyword ex-
traction degraded the informativeness of in-context
demonstrations.

Leaderboard As shown in Table 4, our system
ranks 23th among 44 participating teams. Given
that our submitted zero-shot structured template
approach requires no task-specific annotation and
no model fine-tuning, this placement is noteworthy.
The 11% absolute accuracy gap to the top-ranked
system indicates room for improvement.

5 Conclusion

We presented a training-free, prompting-only
framework for narrative similarity detection un-
der the SemEval-2026 Task 4 (Track A) setting.
By systematically evaluating three prompt tem-
plates across five structural prompting strategies
on Gemma 3 (27B), we demonstrated that carefully
engineered prompts alone can yield competitive
performance without task-specific fine-tuning or
manual annotation. Our best configuration, a struc-
tured prompt template combined with pairwise 1-
vs-1 story comparison, achieved 72.50% accuracy
on the test set. On the leaderboard, the submitted
zero-shot structured template approach achieved
67.75% accuracy. These results establish prompt
engineering as a viable and reproducible baseline
for narrative similarity tasks and highlight decom-
posed pairwise comparison as a particularly effec-
tive strategy for reducing attentional interference
in multi-story reasoning.

Future work should explore several promising di-
rections. First, integrating retrieval-augmented few-
shot selection, replacing random sampling with se-
mantically similar demonstrations, may yield more
informative in-context examples. Second, chain-
of-thought prompting and self-consistency decod-
ing could be explored. Third, investigating larger
LLMs and reasoning LLMs under the same prompt-
ing framework would clarify the extent to which
our findings generalize across model families.

6 Limitations

Several limitations of the present work merit ac-
knowledgment. First, while we evaluated a broad
set of prompting approaches, all experiments were
conducted with a single model, Gemma 3 (27B),
limiting the generalizability of our conclusions to
other model families and scales. Second, our few-
shot examples were drawn randomly from a small
sample split of only 39 instances, which constrains
both example diversity and the reliability of shot-
count comparisons. Finally, while our approach
requires no annotation, it incurs non-trivial infer-
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ence costs due to the multi-prompt structure of the
pairwise and aspect-splitting configurations, which
should be considered when deploying at scale.
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A Performance on the Development Set

Identical Paper Prompt Copy Structured Template Cognitive Load Reduction

# Few-Shot Examples # Few-Shot Examples # Few-Shot Examples

Task 0 6 12 18 0 6 12 18 0 6 12 18

prompting 58.50 65.67 63.17 65.17 71.00 69.33 66.00 66.50 63.00 67.50 63.33 64.33
summarize 57.00 58.17 58.67 59.50 61.50 60.17 59.67 60.67 61.00 61.00 59.17 59.50
filtering 55.00 61.67 58.50 61.33 57.50 59.00 57.17 58.83 55.00 59.00 58.00 57.67
onetoonelinear 64.50 - - - 67.00 - - - 59.50 - - -
aspectsplitting 54.50 - - - 67.50 - - - 59.00 - - -

Aggregate 57.90 61.84 60.11 62.00 64.90 62.83 60.95 62.00 59.50 62.50 60.17 60.50

Table 5: Development-set performance comparison across three prompting strategies (Identical Paper Prompt Copy,
Structured Template, Cognitive Load Reduction) and four few-shot configurations. The last row reports aggregate
results across all tasks. Bold values indicate the best performance per task and shot count.
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B Prompt Template: Identical Paper Copy

## Task Description

- You are tasked with identifying similar stories.
- You will be presented with three stories, an **anchor-story**, and two choices, **story-a** and **story-b**.
- You are to determine which of the candidate stories, **story-a** and **story-b**, is the most similar to the **anchor-story**.
- The similarity between **story-a** and **story-b** is irrelevant.
- You select the candidate story that is more similar to the **anchor-story**.
- Specifically, you will consider the stories’ narrative similarity.

## Narrative Similarity

The narrative similarity of stories can be broken down into three core aspects:

- (1) the abstract themes of the story,
- (2) the course of action
- (3) the story outcomes.
  At one extreme, this means that the story deals with the same themes and tells the same order of events with an identical outcome or 
conclusion, just using a different wording; at the other extreme, the story might be completely different and lack any basis for comparison.

### We define these three aspects as follows:

- Abstract Theme describes the defining constellation of problems, central ideas, and core motifs of a story. The definition does not cover 
the concrete setting of a story.
- Course of Action describes sequences of events, actions, conflicts, and turning points in a story and the order in which they happen.
- Outcomes describe the results of the plot at the end of the text, for example, the conflict resolution, the characters' fates, moral 
lessons, etc. It does not cover intermediate statuses that change later in the story.

### Each aspect can take different forms in an actual pair of stories. Below, we list one example for each aspect:

#### The general setting of the story, if it strongly influences the events in the story or the events necessitate a specific setting 
(abstract themes)

- A: On the week-long journey from Europe to the Americas, the crew members get into a heated conflict about the best ration packages.
- B: The flight to Mars is long. After several weeks, the astronauts become better friends than ever before, having to share the limited 
resources.
- A and B share some similarities in that the polar opposite outcomes are both enabled by being cut off from the outside world.

#### The order of events in the story (course of action)

- A: After the ship capsizes and Alice barely makes it out alive, she starts living life to the fullest.
- B: Alice is living life to the fullest until, one day, her ship capsizes. She barely makes it out alive.
- A and B are similar in that both tell of a good life and a shipwreck (abstract theme), but they differ in the course of action, and the 
order is very different.

#### The outcomes of events (story outcomes)

- A: The man intentionally drops a cup; it breaks.
- B: He accidentally swipes the bottle off the table, and it shatters.
- A and B are similar in that the events are comparable and lead to similar outcomes.

### There is a range of factors that expressly do NOT contribute to the narrative similarity:

- The style of writing in a story
- The concrete setting of a story (also including the time period).
- The names of the characters and locations
- The length of a text
- The level of detail in which the events are told

## Differentiating Between Similarity Aspects

Distinguishing the three aspects can be challenging. In general, it is important to consider each aspect independently. Often, pairs of 
stories that are similar in terms of course of action will also share an abstract theme. However, it is possible that similar events emerge 
from completely different surrounding circumstances. Outcomes, on the other hand, are clearly distinct from the other two aspects: 
practically identical events in stories with comparable abstract themes can result in polar opposite outcomes.
When comparing abstract themes, it can help to explicitly formulate them.
Two stories share a general theme if there is a description that captures the defining circumstances of both stories.

## Output Format

Select **exactly one** answer:

- **{"text_a_is_closer": True}**
- **{"text_a_is_closer": False}**

> Do **not** provide explanations or additional text.

Figure 2: Identical Paper Copy Prompt. The prompt contains the task description, the definition of narrative
similarity in the task context. And the output format for the model’s structured output
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C Prompt Template: Structured Template

## CONTEXT

Three stories are provided: an **Anchor** and two candidates (**Text A**, **Text B**).

Your task is to select **which candidate is most similar to the Anchor story**.

> Only compare each candidate to the Anchor. Ignore similarity between candidates.

## TASK

1. **Abstract Theme** – Compare core ideas and motifs, ignoring setting, names, and style.
2. **Course of Action** – Compare sequence, order, and structure of events and conflicts.
3. **Outcome** – Compare the final result, conflict resolution, and lesson conveyed.

> Consider each aspect independently. If only some align, weigh **the most central similarities**.

## NON-RELEVANT FACTORS

- Writing style or tone
- Time, location, or world type
- Character or place names
- Text length or detail level

## OUTPUT

Select **one option**:

- **{"text_a_is_closer": True}**
- **{"text_a_is_closer": False}**

> No explanations or extra text.

Figure 3: Structured Template Prompt. In a structured manner, this prompt comprises the context of the task, the
task itself, any exceptions to the task, and the structured output format
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D Prompt Template: Cognitive Load Reduction

## TASK DESCRIPTION

You have **3 stories**:

- Anchor story
- Text A
- Text B

**Objective:** Identify **which candidate story is more similar to the Anchor**.

## JUDGMENT CRITERIA

Compare **only Anchor → candidate** for **narrative similarity**, focusing on:

- **Abstract Theme**: Core ideas, motifs, and problems (ignore style, names, or setting)
- **Course of Action**: Event order, conflicts, and turning points
- **Outcome**: Final resolution or moral lesson (ignore intermediate states)

> Weigh aspects intuitively if only some match. Focus on main storyline, not side plots.

## IGNORE

- Style or tone
- Names, time, or location
- Text length
- Level of detail

## OUTPUT

Choose **one**:

- **{"text_a_is_closer": True}**
- **{"text_a_is_closer": False}**

> Do **not** add explanations.

Figure 4: Cognitive Load Reduction Prompt. This prompt contains a concise description and evaluation criteria
for the narrative similarity task. It also delineates exceptions and the structured output format
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