
Proceedings of the The 20th International Workshop on Semantic Evaluation (2026), pages 3508–3519
July 3-4, 2026 ©2026 Association for Computational Linguistics

UTD-HLTRI at SemEval 2026 Task 4: Reasoning like an Expert for
Inferring Narrative Similarity

Rakshitha Rao Ailneni, Maitry Bhavsar, and Sanda M. Harabagiu
Human Language Technology Research Institute

The University of Texas at Dallas
{rxa220074, maitry.bhavsar, sanda}@utdallas.edu

Abstract

Narrative similarity is a challenging problem
that requires reasoning over three aspects of
narratives, including (1) the abstract theme;
(2) the course of action and (3) the outcomes
of narratives. We present UTD.HLTRI-
SIM.NARRATIVES, our method developed for
SemEval 2026 Task 4 (Narrative Story Simi-
larity), which combines contrastive reasoning
prompting with careful selection of few-shot
examples to guide a Large Language Model
(LLM) toward decisions of narrative compar-
ative similarity. A curriculum learning frame-
work orders examples of narrative triplets pre-
sented to the LLM by using a score that quan-
tifies the impact of common narratives aspects
with information discerned from several dis-
tractors of narrative similarity between pairs of
narratives 1.

1 Introduction

The computational modeling of narrative similarity
can be valuable for tasks such as Question Answer-
ing, and information retrieval, enabling tools capa-
ble to analyze collections of real or fictional nar-
ratives, as pointed out in (Chaturvedi et al., 2018).
For example, given a news story, a digital archives
analyst might identify similar stories from the past.
Additionally, similarities between movie scripts
can also be detected by this technology, informing
creative writing on new scenarios. Several methods
for measuring the similarity between texts are avail-
able, and they have been also applied to narrative
similarity. For example, Story-Emb (Hatzel and
Biemann, 2024a) generates narrative embeddings
from story summaries extracted from Wikipedia,
to be used in measuring similarity. In contrast,
(Chaturvedi et al., 2018) represents narratives in
terms of plot events, and resemblances between
characters and their social relationships to create a

1Code:https://anonymous.4open.science/r/
HLTRISimNarrativesSemEvalTask42026/

story kernel that measures similarity between pairs
of stories. In addition (Nguyen et al., 2014) re-
ported on the various dimensions considered by
experts and non-experts when judging narrative
similarity.

Figure 1: Example of narratives considered for compar-
ative similarity judgment in SemEval 2026 Task 4.

Task 4 of SemEval 2026 (Hatzel et al., 2026b,a)
aims to evaluate comparative narrative similarity,
not simple similarity between pairs of narratives,
as done before in the literature. In Task 4 of Se-
mEval 2026 comparative narrative similarity is cast
as a binary selection problem, in which given a
triplet of narratives: [Anchor Narrative, Narrative
A, Narrative B] systems have to decide which of
the pair of narratives (Narrative A, Narrative B) is
most similar to the Anchor Narrative. Figure 1 il-
lustrates an example of a narrative triplet, in which
Narrative A is judged more similar to the Anchor
narrative than Narrative B. To justify the compara-
tive similarity decision, the organizers of the task
have instructed their annotators to consider three
narrative aspects, defined as:

• A1: Abstract Theme of a narrative: The
defining constellation of problems, central
ideas, and core motifs (excluding concrete
setting).

• A2: Course of Action of a narrative: The se-
quence of events, actions, conflicts, turning
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points, and the order in which they occur.
• A3: Outcomes of the narrative: The results

of the plot at the end of the text (e.g., conflict
resolution, characters’ fates, moral lessons).

Furthermore, the annotators were not provided any
guidance on how to weight the narrative aspects
when comparing Narrative A to the Anchor Nar-
rative, or respectively Narrative B to the Anchor
Narrative. A reading of the Anchor Narrative and
Narrative A illustrated in Figure 1 shows that they
share the abstract theme: i.e. "building a successful
life through partnership and sustained joint effort",
whereas their course of action is different. But most
importantly, the Anchor and Narrative A have the
same outcome: a successful life. In contrast, the
abstract theme of Narrative B: "relations between
neighbors" is different than the abstract theme of
the Anchor. In addition, their outcomes are also
different. But, in their respective course of action,
both the Anchor Narrative and Narrative B use the
same characters: Alice and Bob, that is distracting
the narrative comparative similarity assessment.

While the Task 4 of SemEval-2026 had two
tracks: Track A: comparative Narrative Simi-
larity and Track B: Narrative Representation
Learning, we chose to participate only in Track A,
since our interest was led by curiosity on the capa-
bilities of current Large Language Models (LLMs)
to reason with the content of narratives, rather than
on their capabilities to participate in the distillation
of narrative representations. Our participation in
Track A was inspired by the annotation guidelines,
aiming to mimic the judgments of experts for com-
parative similarity of narrative, which explains the
title of our paper.

Our system, UTD.HLTRI-
SIM.NARRATIVES, is considering, in addition to
the narrative aspects, a set of narrative similarity
distractors, which contribute the the quantification
of the difficulty of assessing the comparative
similarity for a narrative triplet. Narrative triplets
are selected for generating demonstrations used
in the Chain-of-Thought (CoT) (Wei et al., 2022)
prompting of an LLM. The narrative triplets
are presented to the LLM using an order than
goes from the least difficult narrative triplet to
more difficult ones. In this few-shot learning
scenario the LLM prompting in the UTD.HLTRI-
SIM.NARRATIVESsystem, it requires contrastive
reasoning.

2 The NSNRL Dataset

The Narrative Story Similarity and Narrative Repre-
sentation Learning (NSNRL) dataset is the official
benchmark for SemEval 2026 Task 4 (Hatzel et al.,
2026b). Sourced from English Wikipedia film sum-
maries from the Tell-Me-Again corpus (Hatzel and
Biemann, 2024b), this dataset comprises 1,039 nar-
rative triplets, from which a Development Set of
200 narrative triplets was created, as well as a Test
Set of 400 narrative triplets. Texts from the nar-
rative triplets were strictly filtered to contain 4-8
sentences, thus providing a high density of narra-
tive progression. However, we have noticed that
the number of words in the narratives varies sub-
stantially, as illustrated in Table 1. This indicates
than many narratives are longer, in terms of the
number of words they use, than those illustrated in
Figure 1.

Development Set Test Set
Shortest Narrative 36 words 35 words
Longest Narrative 304 words 355 words
Average # words
per narrative 123.3 words 121.4 words

Table 1: Number of words in narratives.

An important attribute of the NSNRL dataset is
that it is highly adversarial. Candidate narratives
were generated using LLM prompting to create
hard negatives namely, narratives exhibiting high
surface-level semantic similarity to the anchor nar-
rative, but drastically diverging in their narrative
aspects.

3 The Method

The architecture of the UTD.HLTRI-
SIM.NARRATIVES system is illustrated in
Figure 2. We start by selecting a few examples
which were provided by the organizers of the
Task 4 of SemEval-2026 as instructions for their
annotators. Since these examples are meant to be
used in a few-shot learning scenario for prompting
an LLM, we also considered using curriculum
learning, such that examples are presented in order
of their difficulty, enabling the LLM to first learn
from simpler examples before being presented
with more difficult examples. This observation
proved helpful in our past experiments (Weinzierl
and Harabagiu, 2024) with CoT prompting of
LLMs.

The structured prompting that we have used, de-
tailed in Appendix A, defines the narratives aspects,
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Figure 2: The Architecture of the UTD.HLTRI-SIM.NARRATIVES system.

and instructs the LLM to use contrastive reasoning
when deciding the comparative similarity between
(1) the Narrative A and the Anchor Narrative; and
(2) the Narrative B and the Anchor Narrative of
each narrative triplet. The structured prompt also
requires the LLM to generate a rationale for its
decision.

3.1 Selection of Examples of Narrative
Triplets

The annotators for this task were instructed to con-
sider the three possible narrative aspects when per-
forming their comparative similarity judgments for
the narrative triplets. They were also told that while
distinguishing the three aspects of narratives can be
challenging, it is important to consider each aspect
independently. They were provided with five guide-
line examples and ten additional training examples.
After carefully examining these examples, we have
selected nine of them. Our selection followed prin-
ciples of complexity and diversity. For example,
when considering complexity, we selected exam-
ples in which (a) all three narrative aspects were
matched between the most similar narrative and
the anchor narrative; (b) only two narrative aspects
were matched between the most similar narrative
and the anchor narrative; and (c) only one narrative
aspect was matched between the most similar narra-
tive and the anchor narrative. In terms of diversity,
we selected examples in which different narrative
aspects were matched between the most similar
narrative and the anchor narrative. The examples
that we have selected are listed in Appendix B.

3.2 Curriculum Learning
The examples of narrative triplets that were se-
lected were aimed to be presented in a few-shot
learning scenario to the LLM. However, we also
realized that the LLM will learn better if the exam-
ples would be presented in a curriculum (Bengio
et al., 2009) which is: (1) ranking of examples in
terms of difficulty; and (2) transitioning from easy
to difficult examples during training. For compara-

tive narrative similarity, example difficulty varies
across narrative triplets due to (i) the number of nar-
rative aspects matched against the narrative anchor
and (ii) the number of narrative similarity distrac-
tors that are present in narratives that are compared.
We have defined five different narrative similarity
distractors:

• D1: Narrative Beginning: The anchor narra-
tive and the least similar narrative share the
same beginning.

• D2: Common Setting: The anchor narrative
and the least similar narrative share the same
spatial and temporal grounding.

• D3: Common entities, similar events: The an-
chor narrative and the least similar narrative
share narrative characters or similar events.

• D4 Common Emotions: The anchor narrative
and the least similar narrative share the same
emotional framing.

• D5: Common aspects of background: The an-
chor narrative and the least similar narrative
share commons aspects of their respective nar-
rative backgrounds.

The definition of these narrative similarity dis-
tractors informs the quantification of their impact
on the comparative similarity decision through a
function D(NX , NA) which computes the number
of narrative similarity distractors observed between
a narrative NA (which could be either the Narra-
tive A or the Narrative B or a narrative triplet, and
NA, the Anchor Narrative or the triplet. Evidently,
D(NX , NA) ∈ {0, . . . , 5}. For each of the nine
selected examples, we have manually quantified
the values of D(NX , NA) for the Narrative A and
the Narrative B of the example.

Since the narrative aspects of each example had
to also be considered, we have defined a func-
tion A(NX , NA) which computes the number of
common narrative aspects observed between a nar-
rative NX (which could be either the Narrative
A or the Narrative B of an example), and NA,
the Anchor Narrative or the example. Evidently,
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A(NX , NA) ∈ {0, . . . , 3.} For each of the nine se-
lected examples, we have manually quantified the
values of A(NX , NA) for the Narrative A and the
Narrative B of the example.

For each narrative triplet example T =
(NA, NXA, NXB), where NA represents the An-
chor Narrative, NXA represents Narrative A, and
NXB represents Narrative B, we also had ac-
cess to X , which indicates which narrative was
most similar to NA, where X could be either XA
or XB. We also are aware of Y , which indicates
which narrative was least similar to NA, where Y
could be either XA or XB. This enables us to de-
fine the difficulty score of each example narrative
triplet T = (NA, NXA, NXB) as:

D_Score(T ) = α
(
3−A(NX , NA)

)

+ β A(NY , NA)

+ γ D(NY , NA)

+ δ D(NX , NA)

2Intuitions: When defining the DScore, we used
several intuitions of the difficulty of performing
comparative similarity decisions. First, we be-
lieve that when fewer common narrative aspects
exist between the NA, the Anchor Narrative and
NX , the narrative deemed to be most similar to
NA, it is more difficult to make the comparative
similarity decision, therefore we used the term
(3 − A(NX , NA), which increases by the num-
ber of common narrative aspects between NA and
NY that are observed. Second, if the least similar
narrative NY also shares some narrative aspects
with NA, it should also contribute to the value of
DScore, hence the usage of the term A(NY , NA).
Third, we also account for the number of narra-
tive distractors observed between NY and NA, and
NX and NA respectively. The coefficients α, β, γ,
and δ were selected empirically using the develop-
ment set. We evaluated several combinations and
the values α = 2, β = 2, γ = 1.5, and δ = 1.5
yielded the best validation accuracy and were there-
fore used in our final setup.
The difficulty score D_Score produced an order-
ing of the selected examples, which were presented
as few shot examples to the LLM.

3.3 Structured Prompting of the LLM
The prompting of the LLM is first used in the few
shot learning scenario, where demonstrations ac-
counting for the selection of the most similar narra-
tive to an Anchor Narrative are presented, guiding

the contrastive reasoning of the LLM. Examples of
such demonstrations are provided in Appendix C.
After the LLM is presented with the nine exam-
ples and their demonstrations, the LLM is then
prompted with examples from the Test Set, being
required to produce rationales for its decisions.
The rationales inform the error analysis of the deci-
sions make by the LLM.

4 Experimental Results

To prepare for our submission in the Task 4 of
Semeval-2026, we have considered three baselines,
which served in the comparative evaluations of the
UTD.HLTRI-SIM.NARRATIVES system on the
Development Data and Test Data set. The metric
of evaluation was Accuracy, which measures the
number of times the most similar narrative to the
Anchor Narrative was predicted out of all the test
narrative triplets.

4.1 The Baselines

Narrative embeddings: Our baseline encodes
all the narratives from a triplet as embeddings, us-
ing all-MiniLM-L6-v2 (Sentence-Transformers,
2026; Reimers and Gurevych, 2019). The predic-
tion of the most similar narrative is informed by the
largest cosine similarity between the embedding
of the Anchor Narrative and the embeddings of
Narrative A and Narrative B respectively.

Zero-shot prompting of LLM For a simple zero-
shot baseline, we follow the organisers’ reference
implementation2. Given a narrative triplet, we
prompt the LLM to decide the comparative similar-
ity between Narrative A and the Anchor Narrative
or Narrative B and the Anchor Narrative. We do
not provide any examples to the LLM.

Plot-centered prompting. This baseline consid-
ers the importance of discerning the plots of each
narrative in order to perform comparative similarity
over a narrative triplet. It consists of a sequence of
three prompts, detailed in Appendix E

4.2 The results of the
UTD.HLTRI-SIM.NARRATIVES system

Prompting different LLMs: We evaluate the
UTD.HLTRI-SIM.NARRATIVES system when
prompting two LLMs: GPT-4o (OpenAI, 2024b,a)
and gemini-2.5-flash-lite (Google, 2025;

2https://github.com/narrative-similarity-task/
semeval-2026-task-4-baselines
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Table 2: Accuracy results on Development Data and
Test Data.

Method Dev Test

MiniLM Embedding Similarity 0.55 0.59
Zero-shot Prompting 0.69 0.68
Plot-Centered Baseline 0.68 0.67
UTD.HLTRI-SIM.NARRATIVES (Gemini) 0.71 0.68
UTD.HLTRI-SIM.NARRATIVES (GPT) 0.77 0.74

Google Cloud, 2025) on both the development and
test sets.

Table 2 lists the results on the Development and
the Test Data when prompting each LLM. The Ta-
ble also shows the results of the baselines. Prompt-
ing GPT-4o generated the best overall results, both
on the Development and on the Test Data. Inter-
estingly the results when prompting both of LLMs
decreased by 3% Accuracy from the Development
Data to the Test Data, indicating that the Test Data
was probably more difficult than the Development
Data. However, it was underwhelming to notice
that at most 6% Accuracy gain was obtained when
(a) performing few-shot learning; and (b) using con-
trastive reasoning. This indicates that LLMs have
developed capabilities are are strong enough for
comparative similarity reasoning, such that a few
examples and their demonstrations have limited im-
pact on their selection capability. However, there
is still a lot of room to improve on LLM reasoning,
as in more than 25% is the cases, their reasoning
was not correct, which allowed us to perform an
error analysis of the test results.

We were also interested to understand the impact
on the UTD.HLTRI-SIM.NARRATIVES system
of (a) the examples and their demonstrations of
narrative comparative similarity; (b) the contrastive
reasoning; and (c) the curriculum learning of the
examples. For this reason we have conducted abla-
tion studies.

Ablation studies. We conducted three abla-
tion studies on the Development Data set to quan-
tify the contribution of key components of the
UTD.HLTRI-SIM.NARRATIVES system. First,
we removed the in-context demonstrations of
the selected examples. Second, we remove the
contrastive reasoning instructions from the LLM
prompts. Third, we presented the selected ex-
amples, but instead of the order produced by the
DScore used in the curriculum, we presented the
LLM with the same examples and their demon-
strations in a random order. Table 3 reports the

Table 3: Ablation accuracy results on the Development
Data.

Setting Acc.

UTD.HLTRI-SIM.NARRATIVES

w/o demonstrations 0.71
w/o contrastive reasoning 0.74
random order of demonstrations 0.75
UTD.HLTRI-SIM.NARRATIVES 0.77

accuracy results. Overall, the ablation results indi-
cate that the largest gains in accuracy are granted
by the usage of contrastive reasoning, followed by
the usage of demonstration of selected examples,
ranked by their difficulty.

4.3 Error Analysis

Our inspection of the erroneous decisions of the
UTD.HLTRI-SIM.NARRATIVES system and of
the rationales that it generated indicates several
major types of errors:
Error Type 1: The UTD.HLTRI-
SIM.NARRATIVES system infers that two
narratives have the same narrative aspects when in
fact that do not do so. Appendix D illustrates the
analysis of this type of errors.
Error Type 2: The UTD.HLTRI-
SIM.NARRATIVES system does not recognize
common narrative aspects correctly. missing the
inference of common narrative aspects shared
by the Anchor Narrative and the most similar
narrative.
Error Type 3: The UTD.HLTRI-
SIM.NARRATIVES system is confused by
narrative distractors that make difficult the
inference of common narrative aspects, especially
when only one common narrative aspect is shared
with the Anchor Narrative.

5 Discussion

The results of the ablation studies that we have con-
ducted indicate that the contrastive reasoning of the
LLM had the greatest impact on performance of the
UTD.HLTRI-SIM.NARRATIVES system, but it
is obvious that the LLM needed further assistance
by being guided to a more nuanced understand-
ing of the narrative distractors. Unfortunately, the
prompts that we have used did not include any in-
formation about those distractors. In addition, we
believe that we should also also defined a set of
comparative narrative similarity enforcers which
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should have been used in the prompting of the LLM
system as well.

In addition, although we have conceptualized
several narrative similarity distractors, we have
not implemented automatic methods of discerning
them, preferring to use ad-hoc human evaluations
of these distractors only for curriculum generation.
Future work should consider automatic means of
evaluating both distractors and enforcers of compar-
ative narrative similarity, which should be included
in the LLM prompting.

Finally, we believe that further modeling of the
three aspects of the narratives should improve the
performance on this task.

6 Conclusion

Our participation in the Task 4 of SemEval-2026
through the UTD.HLTRI-SIM.NARRATIVES sys-
tem enabled us to conclude that a simple system
that uses few-shot learning in which examples are
carefully selected and ordered by their level of dif-
ficulty for comparative similarity decisions has less
impact on results than contrastive reasoning. More-
over, prompting an LLM to perform judgments
similar those of the annotators helps in improve the
results. As expected, LLM reasoning outperforms
embedding-based methods for narrative compara-
tive similarity detection. Relying on elements of
narrative analysis, such as plot structure, does not
help with the task of narrative comparative sim-
ilarity detection. This may be explained by the
fact that in the Task 4 of SemEval-2026 the nar-
ratives were in fact very short, produced as sum-
maries, where plot structure was minimal. The
complexities of the task of comparative similarity
for narrative triplets require further research, as
currently, LLMs generate many errors. Our results
show that LLMs can closely approximate expert
judgments on narrative similarity when guided by
structured contrastive reasoning and curriculum-
ordered in-context demonstrations. By directing
the model to ignore surface cues and focus on
abstract theme, course of action, and outcomes,
our system achieved promising performance re-
sults. In addition, leveraging the organizers’ an-
notation guidelines and carefully ordering demon-
strations provides a clear benefit. Finally, our find-
ings are consistent with the broader observation
that LLMs capture narrative structure more reliably
than embedding-based similarity methods.

Limitations

Dependence on Proprietary LLMs and Repro-
ducibility Our approach relies heavily on com-
mercial, closed-source Large Language Models
(e.g., GPT-4o) accessed via paid APIs. This in-
troduces inherent financial costs that scale lin-
early with the dataset size, potentially limiting the
method’s deployment in resource-constrained envi-
ronments. Furthermore, because proprietary mod-
els are subject to continuous, unannounced updates
by their providers, the long-term reproducibility of
our exact experimental results remains a structural
limitation.

Similarity distractors Although the narrative
triplet examples were presented to the LLM based
on a ranking informed by a difficulty score, which
involved, in addition to the narrative aspects, the
narrative similarity distractors, the LLM prompt
did not give any instructions for these distractors
to be used when performing contrastive reason-
ing. The error analysis shows that these distractors
played in important role in many of the observed
errors. This makes us conclude that the structured
prompt has some limitations, as it should have used
definitions and instructions about take in account
the similarity distractors as well.

Absence of Task-Specific Fine-Tuning Our cur-
rent methodology operates entirely at inference
time via few-shot algorithms. We did not explore
supervised fine-tuning (SFT) or parameter-efficient
fine-tuning (e.g., LoRA) on open-weight LLMs.
Fine-tuning a dedicated model using the dataset’s
annotated contrastive demonstrations and explicit
distractor labels could potentially yield a more ro-
bust, cost-effective, and fully reproducible alterna-
tive to relying on generalized commercial models.

References
Yoshua Bengio, Jérôme Louradour, Ronan Collobert,

and Jason Weston. 2009. Curriculum learning. In
Proceedings of the 26th annual international confer-
ence on machine learning, pages 41–48.

Snigdha Chaturvedi, Shashank Srivastava, and Dan
Roth. 2018. Where have I heard this story before?
identifying narrative similarity in movie remakes. In
Proceedings of the 2018 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 2 (Short Papers), pages 673–678, New Or-
leans, Louisiana. Association for Computational Lin-
guistics.

6
3513

https://doi.org/10.18653/v1/N18-2106
https://doi.org/10.18653/v1/N18-2106


Google. 2025. Gemini 2.5 flash-lite (gemini
api documentation). https://ai.google.
dev/gemini-api/docs/models/gemini-2.
5-flash-lite. Accessed: 2026-02-28.

Google Cloud. 2025. Gemini 2.5 flash-lite (vertex
ai model documentation). https://docs.cloud.
google.com/vertex-ai/generative-ai/docs/
models/gemini/2-5-flash-lite. Accessed:
2026-02-28.

Hans Ole Hatzel, Ekaterina Artemova, Haimo Stiemer,
Evelyn Gius, and Chris Biemann. 2026a. SemEval-
2025 task 4: Narrative similarity and narrative rep-
resentation learning. In Proceedings of the 20th
International Workshop on Semantic Evaluation
(SemEval-2026), San Diego, CA, USA.

Hans Ole Hatzel, Ekaterina Artemova, Haimo Stiemer,
Evelyn Gius, and Chris Biemann. 2026b. Semeval
2026 task 4: Narrative story similarity and narra-
tive representation learning. In Proceedings of the
20th International Workshop on Semantic Evaluation
(SemEval-2026).

Hans Ole Hatzel and Chris Biemann. 2024a. Story
embeddings — narrative-focused representations of
fictional stories. In Proceedings of the 2024 Con-
ference on Empirical Methods in Natural Language
Processing, pages 5931–5943, Miami, Florida, USA.
Association for Computational Linguistics.

Hans Ole Hatzel and Chris Biemann. 2024b. Tell me
again! a large-scale dataset of multiple summaries
for the same story. In Proceedings of the 2024 Joint
International Conference on Computational Linguis-
tics, Language Resources and Evaluation (LREC-
COLING 2024).

Dong Nguyen, Dolf Trieschnigg, and Mariët Theune.
2014. Using crowdsourcing to investigate perception
of narrative similarity. Proceedings of the 23rd ACM
International Conference on Conference on Informa-
tion and Knowledge Management.

OpenAI. 2024a. Gpt-4o model (openai api documen-
tation). https://developers.openai.com/api/
docs/models/gpt-4o. Accessed: 2026-02-28.

OpenAI. 2024b. Hello gpt-4o. https://openai.com/
index/hello-gpt-4o/. Accessed: 2026-02-28.

Nils Reimers and Iryna Gurevych. 2019. Sentence-
BERT: Sentence embeddings using Siamese BERT-
networks. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
3982–3992, Hong Kong, China. Association for Com-
putational Linguistics.

Sentence-Transformers. 2026. sentence-
transformers/all-minilm-l6-v2. https:
//huggingface.co/sentence-transformers/
all-MiniLM-L6-v2. Hugging Face model card,
accessed 2026-03-02.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Brian Ichter, Fei Xia, Ed H. Chi, Quoc V. Le,
and Denny Zhou. 2022. Chain-of-thought prompting
elicits reasoning in large language models. NIPS ’22,
Red Hook, NY, USA. Curran Associates Inc.

Maxwell Weinzierl and Sanda Harabagiu. 2024. Discov-
ering and articulating frames of communication from
social media using chain-of-thought reasoning. In
Proceedings of the 18th Conference of the European
Chapter of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 1617–1631,
St. Julian’s, Malta. Association for Computational
Linguistics.

7
3514

https://ai.google.dev/gemini-api/docs/models/gemini-2.5-flash-lite
https://ai.google.dev/gemini-api/docs/models/gemini-2.5-flash-lite
https://ai.google.dev/gemini-api/docs/models/gemini-2.5-flash-lite
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-flash-lite
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-flash-lite
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-flash-lite
https://doi.org/10.18653/v1/2024.emnlp-main.339
https://doi.org/10.18653/v1/2024.emnlp-main.339
https://doi.org/10.18653/v1/2024.emnlp-main.339
https://api.semanticscholar.org/CorpusID:7375636
https://api.semanticscholar.org/CorpusID:7375636
https://developers.openai.com/api/docs/models/gpt-4o
https://developers.openai.com/api/docs/models/gpt-4o
https://openai.com/index/hello-gpt-4o/
https://openai.com/index/hello-gpt-4o/
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://doi.org/10.18653/v1/2024.eacl-long.97
https://doi.org/10.18653/v1/2024.eacl-long.97
https://doi.org/10.18653/v1/2024.eacl-long.97


A Structured Prompting of the LLM

The system prompt used in UTD.HLTRI-
SIM.NARRATIVES is a structured prompt designed
to guide the LLM in determining which of two nar-
ratives (A or B) is more similar to a given Anchor
narrative. The prompt first defines narrative aspects
that should guide the comparison. It then instructs
the model to apply contrastive reasoning by evaluat-
ing each aspect for the narrative triplet. Finally, the
model is asked to select the narrative that is most
similar to the Anchor and provide a final answer
accompanied by a brief rationale that justifies its
decision.

You are an expert annotator specializing in
narrative similarity.

Your goal is to determine which of two
candidate stories (Narrative A or
Narrative B) is most similar to an
Anchor story based on three core aspects:

1. Abstract Theme: The defining
constellation of problems, central
ideas, and core motifs (excluding
concrete setting).

2. Course of Action: The sequence of
events, actions, conflicts, turning
points, and the order in which they
occur.

3. Outcomes: 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.

For each aspect, apply contrastive
reasoning by evaluating the pairs
(Anchor, Narrative A) and (Anchor,
Narrative B).

Follow this reasoning process:
Aspect-wise comparision: For each aspect

(Theme, Course of Action, Outcomes),
compare how closely Narrative A aligns
with the Anchor and how closely
Narrative B aligns with the Anchor.
Focus on structural and conceptual
similarity rather than surface details
like names or locations.

Contrast the candidates: Explicitly
contrast the similarity of Narrative A
and Narrative B relative to the Anchor
for each aspect. Identify which
narrative better matches the Anchor on
that dimension and why.

Final Selection: Decide which candidate
narrative overall is most similar to the
Anchor. Base this decision on the
aspects that most strongly align between
the narratives.

Identify contributing aspects: Record the
aspects that most influenced the final
judgment.

Final explanation: Summarize the
contrastive reasoning and clearly state
why the selected narrative is more
similar to the Anchor.

B Examples of Narrative Triplets selected
for the Few-Shot Learning Scenario

Figure 3 shows examples of narrative triplets se-
lected as demonstrations. These examples were
chosen to ensure both complexity and diversity.
Among the selected triplets, three have only one
narrative aspect matched between the most similar
narrative and the anchor narrative, three have two
narrative aspects matched, and three have all three
narrative aspects matched between the most similar
narrative and the anchor narrative.

C Examples of Demonstrations presented
to the
UTD.HLTRI-SIM.NARRATIVES
system

Figure 4 illustrates how the contrastive reasoning
process works through concrete demonstrations.
Each example presents an Anchor Narrative along-
side Narrative A and Narrative B. The annotator
then evaluates similarity by systematically compar-
ing the pairs (Anchor, A) and (Anchor, B) across
the three defined narrative aspects: abstract theme,
course of action, and outcomes.
In Example 1, both Narrative A and Narrative B
share the same abstract theme as the Anchor, but
Narrative A more closely matches the course of ac-
tions and final outcome, leading to its selection. In
Example 2, the stories differ in theme and outcome,
yet Narrative A is still selected because it mirrors
the Anchor’s course of action.

D Error Analysis

Figure 5 illustrates a case where the LLM produces
an incorrect prediction. The model selects Nar-
rative B as the story most similar to the Anchor,
whereas the ground truth indicates that Narrative A
is the closer match. The model justifies its choice
by claiming that Narrative B aligns with the Anchor
in terms of abstract theme, course of action, and
outcomes. A closer comparison across these as-
pects, however, shows that the stronger alignment
is actually between the Anchor and Narrative A.
The model interprets Narrative B’s focus on duty
and protection as thematically similar to the An-
chor’s conflict. The Anchor centers on martial arts
tradition, the legacy of a master, and the pupils’
responsibility to confront corruption in order to
uphold that legacy. Narrative A closely reflects
this theme: the story revolves around martial arts
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training, mentorship, and the protagonist’s strug-
gle to prove herself in a competitive fighting con-
text. The emphasis on martial arts mastery and
personal growth mirrors the Anchor’s focus on dis-
ciples carrying forward a martial tradition. Nar-
rative B, in contrast, focuses on redemption and
protection. Balsa’s mission is to save lives and pro-
tect a prince while confronting a political threat.
Although this includes elements of duty, it does not
revolve around martial arts tradition or preserving
a master’s legacy. Thus, the abstract theme aligns
more strongly between the Anchor and Narrative
A than between the Anchor and Narrative B.
The model treats Narrative B’s journey as similar
to the Anchor’s progression. In the Anchor, the
master dies, the pupils separate, grow through their
experiences, and eventually reunite to confront cor-
ruption and uphold their master’s legacy. Narrative
A follows a related progression centered on mar-
tial arts development: Jane is discovered after a
confrontation, recruited by a mentor, trained rigor-
ously, and ultimately faces rivals in a martial arts
competition. This sequence preserves the training
and confrontation structure that characterizes the
Anchor. Narrative B, in contrast, follows a different
pattern in which a wandering warrior saves a prince,
becomes his bodyguard, and undertakes a journey
to protect him while uncovering a political threat.
This escort-and-protection narrative diverges from
the Anchor’s structure of discipleship, growth, and
confrontation. As a result, the course of action
aligns more closely between the Anchor and Nar-
rative A.
Finally, the model treats the presence of a political
threat in Narrative B as evidence of a similar end-
ing. In the Anchor, the pupils reunite to confront
corrupt authority and defend their master’s legacy,
emphasizing martial tradition and collective resis-
tance. Narrative A concludes with Jane confronting
her rivals after extensive martial arts training, re-
flecting personal mastery and conflict resolution
within a martial context. Narrative B instead re-
solves around protecting the prince and address-
ing a political or mythical threat to the kingdom.
This outcome centers on safeguarding a royal figure
rather than defending a martial tradition. Therefore,
the outcome aligns more closely between the An-
chor and Narrative A.
Overall, the incorrect prediction occurs because
the model overemphasizes Narrative B’s elements
of duty and political danger while overlooking
stronger structural and thematic similarities be-

tween the Anchor and Narrative A. Across abstract
theme, course of action, and outcomes, Narrative
A more closely matches the Anchor.

E Plot-Informed Baseline

This baseline decomposes the assessment of nar-
rative comparative similarity into three sequential
sub-tasks. For the first two sub-tasks the LLM is
prompted to generate a transformation of the narra-
tive, while the third sub-task prompt the LLM do
decide on the narrative comparative similarity.

E.1 Sub-task 1: Simplify the narrative

You are a narrative normalizer for a
narrative-similarity task.

Task:
Rewrite each input story into a simple,

neutral, third-person narrative using a
shared style.

Preserve the story’s plot-critical meaning,
but reduce superficial distractors by:

- Replacing proper names with stable generic
roles (e.g., Person1, Person2, Friend,
Thief).

- Generalizing specific time/place details to
generic terms unless causally necessary.

- Removing sentiment-heavy phrasing; keep
plot-relevant facts only.

- Removing background lore/subplots that do
not affect the main plot arc.

Hard rules:
- Do NOT invent events. Do NOT remove

plot-critical events.
- Keep the rewrite short (about 3-8

sentences).
- Keep chronological order of events.
- Output valid JSON ONLY with keys:

anchor_text, text_a, text_b (each a
string).

E.2 Sub-task 2: Identify plot chronologies

You are a story segmenter for a
narrative-similarity task.

Input:
A JSON object with keys: "anchor_text",

"text_a", "text_b". Each value is a
normalized story string.

Task:
For EACH story, split the story into 4-8

chronological plot beats (segments) for
the MAIN plot arc.

Each beat must be in story-world
chronological order.

Beat labels (choose exactly one per beat; use
role in the overall arc):

- PREMISE: starting situation / context
needed for the arc
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- GOAL: what the main character wants/needs
(explicit or strongly implied)

- ACTION: a deliberate step taken
toward/within the arc

- CONFLICT: an obstacle, pressure, or problem
that forces a response

- TURNING_POINT: a key pivot that changes
direction or raises stakes

- OUTCOME: the final result/resolution at the
end of the story (EXACTLY ONE per story)

For each beat, output an object with fields:
- label: one of {PREMISE, GOAL, ACTION,

CONFLICT, TURNING_POINT, OUTCOME}
- text: 1-2 simple sentences describing this

beat (faithful to the input story)
- function: a 3-7 word plot-function phrase

describing this beat’s role
- gist: a compact 5-12 word event summary

derived from the beat text
- story_effect: a short phrase describing why

this beat matters for progression

Hard rules:
- Do NOT invent facts beyond the normalized

story text.
- Preserve chronological order.
- Ensure EXACTLY ONE OUTCOME beat per story.
- Output valid JSON ONLY with keys:

anchor_text, text_a, text_b.
Each value is a list of beat objects as

specified above. No extra text.

E.3 Sub-task 3: Decide comparative similarity

You are an expert annotator specializing in
narrative similarity.

Goal:
Determine which of two candidate stories

(Story A or Story B) is most similar to
an Anchor story

based on three core aspects:

1) Abstract Theme: The defining constellation
of problems, central ideas, and core
motifs

(excluding concrete setting).
2) Course of Action: The sequence of events,

actions, conflicts, turning points, and
the order

in which they occur.
3) Outcomes: The results of the plot at the

end of the text (e.g., conflict
resolution, characters’

fates, moral lessons). Outcomes do NOT
include intermediate statuses that later
change.

Ignore:
- Writing style
- Concrete setting/time period (unless it is

required by the events)
- Character and location names
- Text length
- Level of detail in which events are

described

Input:

Stage 2 JSON. Each story is a list of
chronological beats with labels, gist,
function, story_effect.

Instructions:
- Use ONLY the Stage 2 content; do not add

new story facts.
- Compare Anchor vs Story A and Anchor vs

Story B for EACH aspect independently:
- For Abstract Theme: infer a concise theme

statement for each story from the beats
(exclude setting),
then decide which candidate matches the
anchor’s theme more closely.

- For Course of Action: compare the event
sequence and key pivots/obstacles,
including their order.

- For Outcomes: compare the OUTCOME beats
(final result).

- Then select the overall closer story.

Output JSON ONLY (no extra text) with this
schema:

{
"result": {
"contra_reason": {

"theme": "<contrastive theme
reasoning>",
"course": "<contrastive

course-of-action reasoning>",
"outcomes": "<contrastive outcome

reasoning>"
},
"selected_story": "A" or "B",
"contributing_aspects":
["A_theme","C_action","Outcomes"],
"final_explanation": "1-3 concise
sentences summarizing why the selected
story is closer."

}
}

Contributing aspects:
Include an aspect in contributing_aspects

only if it meaningfully supports the
selection.

If an aspect is roughly a tie, omit it.
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Figure 3: Examples of Narrative Triplets selected for few-shot learning in UTD.HLTRI-SIM.NARRATIVES
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Figure 4: Example of demonstrations used in the UTD.HLTRI-SIM.NARRATIVES system.

Figure 5: Example of an incorrect LLM prediction in narrative similarity. CR represents Contrastive Reasoning.
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