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Abstract
This paper describes Team CV’s systems for
SemEval-2026 Task 4: Narrative Story Sim-
ilarity and Narrative Representation Learn-
ing (Hatzel et al., 2026). For Track A (com-
parative judgment), we explore five prompt-
ing strategies—zero-shot, chain-of-thought,
structured feature extraction, pairwise scor-
ing, and few-shot—and QLoRA fine-tuning
of smaller models. For Track B (narrative
embeddings), we benchmark twelve dedicated
text embedding models of varying dimen-
sionality (384–4096) spanning open-source
(E5-Large-v2, BGE, GTE, Qwen3 Embed-
ding) and closed-source (OpenAI, Gemini,
Mistral) families, and fine-tune Qwen3 Em-
bedding 4B on task-specific triples. Few-
shot prompting with Qwen-2.5 7B (64.00%)
outperforms all fine-tuned variants (best
57.50%) on Track A; scaling to LLaMA-
3.3-70B yields 75.00%. On Track B, Ope-
nAI text-embedding-3-large (3072-
d) achieves the best dev accuracy (67.00%),
while fine-tuning Qwen3 Embedding 4B
(2560-d) on synthetic triples slightly de-
creases accuracy. Our final submission—
LLaMA-3.3-70B (3-shot) for Track A and
text-embedding-3-large for Track B—
achieves 70.75% and 64.50%, exceeding the
GPT-4o-mini and STORY-EMB baselines respec-
tively.

1 Introduction

Narrative similarity requires understanding deeper
structural elements—themes, event sequences, and
outcomes—while disregarding surface details like
character names and settings (Hatzel et al., 2026).
SemEval-2026 Task 4 operationalises this across
two tracks. Track A frames it as a binary choice:
given an anchor story and two candidates, pre-
dict which candidate is more narratively similar.
Track B requires systems to produce per-story em-
beddings such that narratively similar stories are
closer in cosine distance.

We address both tracks: for Track A we sys-
tematically compare five prompting strategies
and QLoRA fine-tuning (Dettmers et al., 2023)
of smaller open-source models; for Track B
we benchmark twelve dedicated text embedding
models across a wide range of dimensionali-
ties (384 to 4096) and fine-tune one (Qwen3
Embedding 4B, 2560-d) on task-specific triplets.
Our key findings are: (1) few-shot prompting
outperforms both elaborate reasoning strategies
and supervised fine-tuning on Track A; (2) high-
capacity, high-dimensional embedding models like
text-embedding-3-large (3072-d) and E5-
Large-v2 (Wang et al., 2022) (1024-d) transfer well
to narrative similarity on Track B; and (3) model
scale and embedding dimensionality are important
factors, though not strictly monotonic. All fine-
tuned models and embeddings on the devset are
accessible via our HuggingFace collection.1

2 Background

2.1 Task Description

The task defines narrative similarity through three
components: Abstract Theme (ideas, motives, mes-
sages), Course of Action (central events and turn-
ing points), and Outcomes (resolutions and conse-
quences) (Hatzel et al., 2026; Hatzel and Biemann,
2024a). Stories are Wikipedia plot summaries (4–
8 sentences) drawn from the Tell-Me-Again Cor-
pus (Hatzel and Biemann, 2024a). Triples were
sampled via STORY-EMB (Hatzel and Biemann,
2024a) with rejection sampling retaining only cases
where two LLMs disagree, yielding genuinely dif-
ficult instances. The estimated human upper bound
is 89% (Hatzel et al., 2026). Track B uses the same
annotations: for each triple, the system is correct if
the embedding of the closer candidate has higher
cosine similarity to the anchor than the farther can-

1https://hf.co/collections/Chandan683/
narrative-similarity-task
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didate.

2.2 Dataset

The organisers provide a synthetic split of 1,900
LLM-generated triples as training data, a 200-triple
dev set, and a 400-triple test set. Track A and
Track B share the same underlying stories and an-
notations for all non-test splits.

2.3 Related Work

Computational narrative similarity was explored
by Fisseni and Löwe (2012) for folk tales and
by Chaturvedi et al. (2018) for movie remakes.
Chen et al. (2022) extended similarity to mul-
tilingual news (SemEval-2022 Task 8). Hatzel
and Biemann (2024a) proposed STORY-EMB, a
narrative-focused embedding model trained on
story retellings (Hatzel and Biemann, 2024b),
which serves as the Track B baseline. General-
purpose text embedding models—E5 (Wang et al.,
2022), BGE (BAAI Research Team, 2024),
GTE (Li et al., 2023), Sentence-BERT (Reimers
and Gurevych, 2019)—have shown strong per-
formance on semantic similarity benchmarks but
have not been systematically evaluated on narra-
tive similarity. On the prompting side, in-context
learning (Brown et al., 2020) and chain-of-thought
prompting (Wei et al., 2022) motivate our Track A
approach.

3 System Overview

3.1 Track A: Prompting Strategies

We test five strategies using Qwen-2.5 7B as a con-
trolled baseline:
S1 – Zero-Shot. The system prompt defines the
three components of narrative similarity; the model
outputs A or B.
S2 – Chain-of-Thought (CoT). Following Wei
et al. (2022), the model analyses each story’s theme,
events, and outcomes before answering.
S3 – Structured Feature Extraction. A
two-stage pipeline: three LLM calls extract
THEME/EVENTS/OUTCOME per story; a fourth
compares the features.
S4 – Pairwise Scoring. Each anchor–candidate
pair is scored 1–10 independently; the higher-
scored candidate wins.
S5 – Few-Shot (3-shot). Three labelled examples
from the sample split are embedded in the system
prompt for label balance and narrative diversity.

3.2 Track A: QLoRA Fine-Tuning

We fine-tune six models with QLoRA (Dettmers
et al., 2023) (4-bit NF4, rank 16, alpha 32, dropout
0.05) on 1,897 synthetic triples for 3 epochs. Mod-
els: Gemma-3 1B/4B/12B, Qwen-3 4B, Qwen-2.5
7B (zero-shot and few-shot prompt formats).

3.3 Track B: Embedding Models

We evaluate twelve dedicated text embedding mod-
els as black-box encoders for Track B. Each model
maps a story to a d-dimensional vector; we predict
the candidate with higher cosine similarity to the
anchor. The models span a wide range of embed-
ding dimensionalities, from 384 to 4096:
Closed-source: OpenAI
text-embedding-3-large (3072-d) and
text-embedding-3-small (1536-d), Gem-
ini Embedding 001 (3072-d), Mistral Embed 2312
(1024-d).
Open-source: E5-Large-v2 (Wang et al.,
2022) (1024-d), BGE-Large-EN-v1.5 (BAAI
Research Team, 2024) and BGE-M3 (1024-
d), GTE-Large (Li et al., 2023) (1024-d),
Qwen3 Embedding 4B (2560-d) and 8B
(4096-d), and a small Sentence-BERT baseline
all-MiniLM-L6-v2 (Reimers and Gurevych,
2019) (384-d).
Fine-tuned: Qwen3 Embedding 4B (2560-d) fine-
tuned on the synthetic triples using a cosine-
similarity objective.

4 Experimental Setup

Track A. All prompting uses temperature 0.0
and deterministic decoding. Max output tokens: 16
(zero-shot/few-shot), 2048 (CoT), 512/1024 (struc-
tured), 512 (pairwise). For Qwen-3 models (think-
ing mode), we set 4096 tokens and strip <think>
blocks. Fine-tuning uses batch size 16 (4 × 4 gradi-
ent accumulation), max length 2048, learning rate
1e−4 (Qwen) / 2e−4 (Gemma), cosine schedule.
Unparseable responses default to A.

Track B. Each story is embedded independently
using the model’s default pooling strategy. All
embeddings are L2-normalised before cosine com-
putation. Given a triple (a, c1, c2) with gold label
y, we predict the candidate with higher cosine sim-
ilarity to the anchor as the closer story.

Evaluation. Both tracks use accuracy (propor-
tion of triples correctly classified) on the 200-triple
dev set and 400-triple official test set.
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Category System Acc

Prompting (Qwen-2.5 7B)
S1: Zero-Shot 51.00
S2: CoT 61.50
S3: Structured 55.00
S4: Pairwise 62.00
S5: Few-Shot 64.00

QLoRA Fine-Tuned
Gemma-3 1B 43.50
Gemma-3 4B 52.00
Gemma-3 12B 51.00
Qwen-3 4B 42.00
Qwen-2.5 7B (ZS) 55.00
Qwen-2.5 7B (FS) 57.50

Table 1: Track A dev accuracy (%, 200 triples).

Model Acc

Qwen-2.5 7B 64.00
Qwen-2.5 72B 73.50
Qwen-3 32B 69.50
Qwen-3 80B MoE 60.00
Qwen-3 235B MoE 66.50
LLaMA-3.1 70B 71.50
LLaMA-3.3 70B 75.00
Gemini 2.0 Flash 68.50
GPT-4o-mini 71.50
GPT-5.1 73.50

Table 2: Few-shot (3-shot) prompting across ten LLMs
on Track A dev (%).

5 Results

5.1 Track A: Strategy Comparison

Table 1 shows that few-shot prompting is the best
strategy (64.00%), outperforming CoT by 2.50%
and all fine-tuned models by ≥6.50%. Zero-shot is
near chance (51.00%), confirming that instructions
alone are insufficient. Fine-tuned models underper-
form mainly due to the distributional mismatch be-
tween synthetic training data and human-annotated
dev triples.

5.2 Track A: Model Scaling

Model scale and architecture both matter: LLaMA-
3.3-70B achieves the best dev accuracy (75.00%),
and is therefore chosen as our final Track A system.

5.3 Track B: Embedding Model Comparison

Table 3 presents the Track B results. The top three
models—text-embedding-3-large (3072-
d, 67.00%), E5-Large-v2 (1024-d, 66.50%), and
Gemini Embedding 001 (3072-d, 66.00%)—form a
strong tier, all exceeding the STORY-EMB baseline
(63.25%). Open-source models such as Qwen3
Embedding 4B (2560-d, 64.50%) and BGE-Large-

Model Dim Acc

text-emb-3-large 3072 67.00
E5-Large-v2 1024 66.50
Gemini Emb 001 3072 66.00
Qwen3 Emb 4B 2560 64.50
Mistral Emb 2312 1024 64.00
Qwen3 Emb 4B (FT) 2560 63.50
BGE-Large-v1.5 1024 63.50
GTE-Large 1024 61.00
Qwen3 Emb 8B 4096 60.00
BGE-M3 1024 59.00
text-emb-3-small 1536 58.50
all-MiniLM-L6-v2 384 43.50

Table 3: Track B dev accuracy (%, 200 triples) across
twelve embedding models, with embedding dimension-
ality.

Track A Track B

GPT-4o-mini baseline 67.00 —
STORY-EMB baseline — 63.25

Team CV 70.75 64.50

Table 4: Official test accuracy (%).

v1.5 (1024-d, 63.50%) are competitive but trail the
best closed-source models by 2–4%.

Embedding dimensionality does not strictly
predict performance. E5-Large-v2 achieves
66.50% with only 1024 dimensions, out-
performing Qwen3 Embedding 8B (4096-d,
60.00%) and text-embedding-3-small
(1536-d, 58.50%). Conversely, the two
highest-dimensional models in the top tier—
text-embedding-3-large and Gemini
Embedding 001—both use 3072 dimensions. This
suggests that while higher dimensionality provides
more representational capacity, the quality of pre-
training and the contrastive objective used during
training matter more than raw dimensionality for
capturing narrative similarity.

Fine-tuning Qwen3 Embedding 4B on the
synthetic triples decreases accuracy by 1.0%
(64.50%→63.50%), mirroring the Track A finding
that synthetic data introduces distributional mis-
match with human annotations. The small SBERT
baseline all-MiniLM-L6-v2 (384-d, 43.50%)
performs well below random, confirming that both
sufficient dimensionality and strong pre-training
are necessary for this task.

5.4 Official Test Results

Table 4 shows our final results. Track A (70.75%)
exceeds the GPT-4o-mini baseline by 3.75%.
Track B (64.50%) exceeds the STORY-EMB base-

2983



line by 1.25%, demonstrating that general-purpose
embedding models can match or surpass a purpose-
built narrative encoder.

5.5 Error Analysis

We analysed the 50 Track A errors by LLaMA-3.3-
70B on the dev set (31 false negatives, 19 false
positives). Three systematic failure modes emerge:
(1) surface keyword matching overrides structure—
e.g., medical keyword overlap (agnosia vs. amne-
sia) masks a shared exploitation-of-vulnerability
narrative; (2) shared genre masks divergent out-
comes—e.g., two opera-setting stories chosen de-
spite opposite endings; (3) genre mismatch blocks
thematic recognition—e.g., a zombie comedy’s
musicians-triumphing-over-adversity arc rejected
in favour of an unrelated domestic romance. These
failures reveal systematic over-reliance on surface-
level topical overlap at the expense of abstract nar-
rative structure.

6 Conclusion

We presented Team CV’s system for SemEval-2026
Task 4, addressing both Track A and Track B. Few-
shot in-context learning with large LLMs is the
most effective paradigm for comparative narrative
judgment (Track A), while high-capacity text em-
bedding models provide strong narrative represen-
tations without task-specific training (Track B).
Model scale is the dominant factor on Track A,
while on Track B we find that pre-training quality
and embedding dimensionality jointly determine
performance—though dimensionality alone is not
sufficient, as demonstrated by E5-Large-v2 (1024-
d) outperforming models with 2–4× more dimen-
sions. All systems remain well below the 89%
human ceiling, with persistent weaknesses in ab-
stracting past surface features.

7 Limitations and Future Work

Our approach has several limitations. For Track A,
the few-shot examples are drawn from a small
sample split and performance may be sensitive
to example selection. QLoRA fine-tuning exper-
iments are limited by the synthetic training data
and single-GPU compute. For Track B, we evalu-
ate only off-the-shelf embedding models and one
fine-tuned variant; we do not explore task-specific
contrastive learning objectives (e.g., SimCSE-
style; Gao et al., 2021) on human-annotated data
or narrative-structural features. The best systems

require access to large proprietary models (LLaMA-
3.3-70B, text-embedding-3-large), limit-
ing deployment in resource-constrained settings.

Future directions include: (1) ensemble meth-
ods combining multiple embedding models and/or
LLM predictions; (2) fine-tuning embedding mod-
els on human-annotated narrative similarity data
rather than synthetic triples; (3) incorporating
narrative-theory features (e.g., Proppian func-
tions, event schemas) into prompts or embedding
pipelines; and (4) hybrid systems that combine
LLM-based reasoning with dedicated narrative em-
bedding models such as STORY-EMB (Hatzel and
Biemann, 2024a).

8 Ethics Statement

The data consists of publicly available Wikipedia
plot summaries. All APIs were used in accordance
with their terms of service. We acknowledge that
embedding and LLM-based systems may reflect
biases in their training data.
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