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Abstract
In this study, we constructed a narrative comprehension benchmark using the works of Shinichi Hoshi to examine the
extent to which Large Language Models (LLMs) can understand twist endings, or punchlines, in short-short stories.
Specifically, story endings were categorized into six types—such as Revelation, Apocalypse, and Sarcasm—and a
classification task was designed in which LLMs were prompted with the story text and asked to select the appropriate
ending category. We collected human annotations from eight native Japanese speakers to establish a reference
benchmark. Experimental comparisons were conducted across multiple LLMs (GPT-4, Claude, Gemini, and Grok),
assessing their performance both at the metric level and at the discourse level against human judgments. The results
revealed that although certain models approached human performance in specific categories, overall accuracy
remained notably lower than the human baseline. Through quantitative and qualitative analyses, this study highlights
the challenges LLMs face in capturing narrative subtleties such as irony, implication, and emotional reversal. The
proposed benchmark provides a novel framework for evaluating narrative understanding and the deeper semantic
reasoning capabilities of LLMs.
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1. Introduction

Narrative understanding is an extremely challeng-
ing task in natural language understanding with a
long running history in AI. It requires more than the
recognition of individual words or sentences — it
involves author’s cognitive processes, providing in-
sights into their knowledge, intentions, beliefs, and
desires (Castricato et al., 2021). Recently, large lan-
guage models (LLMs) have demonstrated human-
level performance in text generation and reading
comprehension by studying vast textual datasets.
However, it remains insufficiently validated whether
LLMs can perform human-level understanding in
complex narrative comprehension tasks.

Recent studies have attempted to evaluate nar-
rative understanding in LLMs through a variety
of experimental paradigms. Mostafazadeh et al.
(2016) proposed the Story Cloze Test, in which a
model is required to select the correct ending for a
four-sentence story, thereby assessing its grasp of
causal and commonsense coherence. Piper and
Bagga (2024) approached narrative comprehen-
sion from a literary-theoretical perspective, evalu-
ating models based on their ability to detect the
presence of 18 distinct narrative features within
texts. In a different line of work, Tian et al. (2024)
examined models’ understanding of plot dynamics
by asking them to classify the story arcs into one
of seven predefined narrative curve categories.

Compared to previous studies that primarily eval-
uated short narrative structures or causal coher-
ence, this study focuses on LLMs’ capability to

capture the deep semantic, emotional, and ironic
dimensions of stories. To investigate this capa-
bility, we constructed a benchmark based on the
short-short stories of Shinichi Hoshi and design a
narrative ending classification task grounded in a
taxonomy of twist mechanisms. Using this frame-
work, we address the following research questions:

RQ1: Do LLMs perform uniformly across differ-
ent types of narrative ending mechanisms, or do
certain categories reveal systematic weaknesses?

RQ2: To what extent do annotation ambiguity
and label agreement influence evaluation outcomes
in narrative understanding tasks?

RQ3: How sensitive is LLM narrative compre-
hension performance to prompting strategies and
the requirement for explicit reasoning?

By answering these questions, this study aims
to provide a structured evaluation of LLMs’ narra-
tive understanding capabilities, providing insights
into the limits of current models in handling implicit,
context-dependent, and discourse-level meaning.
We frame this task not merely as story classifica-
tion, but as an operationalization of narrative reinter-
pretation — a discourse-level phenomenon largely
absent from existing LLM evaluation benchmarks.

2. Related Work

2.1. Punchlines in Shinichi Hoshi’s
Works

A punchline refers to the climactic concluding re-
mark that delivers an unexpected twist or reversal,
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Ending type Ending types’ definition Story example

Apocalypse

A pattern where the
punchline comes from
serious harm befalling
characters or society.

“Castle of Desire”: A man dreams of a sealed
private room where all the luxury goods he

desires magically appear. As the room fills up, it
becomes overcrowded, with no doors or windows

that open. Unable to escape the space he
created, he fears sleep—and when he finally

dozes off, he screams, seemingly crushed by his
own unchecked desires.

Implication

A pattern where the story
ends by hinting at future
developments. The story

ends midway, but the
reader can anticipate
subsequent events.

“Hey, Come Out!”: Villagers discover a seemingly
bottomless hole and begin using it to dump

waste, secrets, and anything unwanted, believing
it makes society cleaner and more prosperous.
In the end, a worker hears a voice from the sky
and a stone falls down—revealing that nothing

thrown away truly disappeared, but has returned
from above.

Misunderstanding

A pattern where the
punchline comes from a

misunderstanding among
the characters.

“That Planet”: Two aging aliens head toward a
legendary planet, believing that crashing into its
sea will grant them rebirth. In the final twist, the
planet is revealed to be Earth, where a human

sees the UFOs and misunderstands their
arrival—unaware they are simply aliens following

a myth about reincarnation.

Revelation
A pattern where the

punchline comes from the
discovery of new facts.

“I Am a Hitwoman, You Know”: A young woman
offers to eliminate a businessman’s rival by

making the death look natural. After the rival dies
of heart disease, she reveals her true method: as

a nurse, she exploits confidential diagnoses,
telling those who stand to benefit and letting
stress hasten the inevitable—killing simply by

exposing the truth.

Reset

A pattern where the
punchline comes from the

effects of previous
developments being

eliminated or diminished.

“The Rationalist”: A strict rationalist scientist
releases a genie who proves the supernatural by
creating gold before his eyes. Unable to accept a
reality that defies logic, he uses his final wish to
erase the event from his memory—preserving his
rational worldview through deliberate ignorance.

Sarcasm
A pattern where the

punchline comes from an
ironic turn of events.

“A Modern Heroic Tale”: A businessman is
targeted by a hitman hired by a suicide victim’s

widow seeking revenge. Forced home to be killed
before his wife, he instead finds her with another
man—who knocks out the assassin while fleeing.
In a dark twist, the husband kneels in gratitude,
thanking his wife’s infidelity for saving his life.

Table 1: Definition of Ending Types

often redefining the meaning of the preceding nar-
rative. Shinichi Hoshi, the most famous short-short
writer in Japan and the author of 1000 short-short
stories, is known for his works characterized by
various plot structures that include a variety of un-
expected punchlines. The short-short story has
many genres, but, as an example of microfiction, is
composed of less than 10000 Japanese characters.
Most short-short stories have a concise text style

and clear punchlines (Murai, 2014). In this paper,
the term "punchline" refers specifically to the twist
ending of a story.

Prior research has already examined the punch-
line in Hoshi’s short-short stories. Toyosawa and
Murai (2019) analyzed the punchline in Hoshi’s
work and classified their narrative structures into
several distinct patterns. In a subsequent study,
Toyosawa and Murai (2021) utilized punchline anal-
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ysis to automatically generate storylines that re-
semble those of Hoshi. Furthermore, Iwasaki et al.
(2022) defined a subset of punchline categories,
some of which are adopted in our experiment.

Building upon that framework, the present study
adds one additional category, resulting in six cat-
egories in total, which serve as the classification
labels for this task. All ending definitions are pre-
sented in Table 1.

2.2. LLMs in Narrative understanding
Although Large Language Models (LLMs) are capa-
ble of generating grammatically coherent text, their
ability to accurately capture an author’s intended
meaning, including the underlying narrative struc-
ture or conceptual outline envisioned by the author,
remains uncertain (Zhu et al., 2023). To address
this issue, numerous benchmark tasks have been
designed to evaluate the narrative understanding
capabilities of LLMs. According to Zhu’s literature
review, narrative understanding tasks can generally
be categorized into three main types: reading com-
prehension, narrative summarization, and narrative
question answering.

The present study focuses on reading com-
prehension tasks, similar to the Story Cloze
Test (Mostafazadeh et al., 2017), in that both target
understanding of story endings. However, unlike
the Story Cloze Test, which requires a model to se-
lect the correct ending, our task requires the model
to identify the appropriate category of the ending.
Furthermore, whereas the Story Cloze Test fea-
tures coherent and straightforward storylines, the
short-shorts analyzed in this study often contain
unexpected twists and reversals, making the task
considerably more challenging.

Recent research has also explored LLMs’ capa-
bility to capture deep semantic phenomena such
as humor and sarcasm. For example, Romanowski
et al. (2025) proposed a humor detection metric to
evaluate LLMs’ capability to identify punchlines in
stand-up comedy transcripts, revealing that state-
of-the-art models demonstrated considerable pro-
ficiency in understanding humor, even surpassing
human performance on certain metrics.Zhang et al.
(2025) proposed SarcasmBench, a benchmark de-
signed to evaluate the capability of LLMs to detect
sarcasm, revealing that LLMs still require improve-
ment in detecting sarcasm in human narratives.
However, these findings primarily focus on sen-
tence or dialog level phenomena and do not ad-
dress narrative mechanisms that depend on global
context integration and late-stage reinterpretation.
In particular, no prior work has systematically exam-
ined whether LLMs can comprehend twist endings
in short fiction, where the meaning of the entire
story may shift at the conclusion. By extending
evaluation from humor and sarcasm to discourse-

level narrative reversal, the present study fills this
gap and investigates LLMs’ capability to interpret
twist-based story endings in microfiction.

Ending type Number of stories
Apocalypse 15
Implication 20
Misunderstanding 9
Revelation 38
Reset 9
Sarcasm 34
Total 125

Table 2: Statistics for Ending Types

3. Methodology

3.1. Task Formulation
We formulate narrative punchline understanding
as a multi-class classification task. Given the full
text of a short-short story, the model is required
to identify the category that best characterizes the
story’s ending.

Following prior literary analyses of Shinichi
Hoshi’s works, and with one additional category
(Implication) introduced in this study, story endings
are grouped into six categories as shown in Ta-
ble 1. These categories aim to capture different
mechanisms through which narrative expectations
are reinterpreted at the end of a story. In particu-
lar, the Implication category is designed to probe
models’ reasoning capability, as correctly identify-
ing this type requires the reader to infer information
that is not explicitly stated in the text but implied by
the narrative context.

For each story s, a model receives the full narra-
tive text and outputs a predicted label ŷ ∈ {1, . . . , 6}.
Model predictions are evaluated against human an-
notations y.

3.2. Dataset Construction
As the target of the analysis, we selected 125 sto-
ries from the collected works of Shinichi Hoshi
(1998). The selection followed two criteria: (1) the
length of each story does not exceed the model’s
input token window, and (2) the story contains a
clearly identifiable punchline. The narratives we
studied have an average of 3209.5 Japanese char-
acters. The narratives are longer and more com-
plex than those used in previous studies of the
same type, such as Tian et al. (2024), which have
an average length of 705.6 words.

We collected human annotations for each story.
In the data annotation process, we recruited eight
native Japanese-speaking students, all of whom



2027

hold bachelor degrees in Japanese. Since the par-
ticipants were not experts in literature, we adopted
the majority voting (Snow et al., 2008) approach:
each story was annotated independently by three
annotators, and the label agreed upon by the ma-
jority was taken as the final annotation result. In
cases where all three annotators provided differ-
ent labels, a fourth annotator was introduced to
adjudicate the final decision. To evaluate inter-
annotator agreement (IAA) among the three annota-
tors for this categorical labeling task, we employed
Fleiss’ Kappa (Fleiss, 1971), which accounts for
chance agreement and is appropriate for nomi-
nal data annotated by multiple raters. The inter-
annotator agreements (IAA) are measured at 0.53
using Fleiss’ Kappa, which indicates moderate
agreement and acceptable annotation reliability. In
the end, each story was manually annotated with
its corresponding ending category.

Due to copyright restrictions, the original story
texts cannot be publicly released. However, we will
release the human annotation results (punchline
category labels), annotation guidelines, prompting
templates, and evaluation scripts. Researchers
with legal access to the original texts can recon-
struct the benchmark and reproduce our evalua-
tion. This approach follows common practice in
NLP research involving copyrighted materials.

3.3. Framework
The overall framework of the experiment is illus-
trated in Figure 1. We evaluate LLM performance
under a zero-shot prompting setting. Each prompt
P is composed of four components: A task instruc-
tion describing the six punchline categories; Brief
definitions of each category; The full story text s;
A requirement to select the most appropriate cate-
gory. An example of the prompt is shown below:

You are a literary critic with expertise
in Japanese literature. Please read the
short-short story presented below and de-
termine which punchline (ending) cate-
gory it belongs to. The definitions of the
punchline categories are as follows: [Def-
initions of punchline categories] Next, the
main text of the story will be presented. Af-
ter reading it carefully, please respond in
the following format: Punchline Category:
(Select one from the categories above)
Reason: (Explain in detail why you deter-
mined that the story belongs to this cate-
gory) Story Text: [Story text]

We collected classifications from multiple lan-
guage models, including GPT-4o1, Gemini 2.5

1https://chatgpt.com/

Mini2, Claude Sonnet43, and Grok 34, and com-
pared them to the human-annotated baseline. Fig-
ure 6 presents an example of the experiment.

4. Evaluation

4.1. Metric-Level Analysis
This section provides a metric-level analysis of the
experimental results, focusing on overall accuracy,
category-wise performance, and model-specific
tendencies observed in the confusion matrices.

The overall performance metrics are shown in
Table 3. We use accuracy and F1-score as the met-
rics to measure how well the models’ predictions
align with human annotations. Overall, the mod-
els’ prediction accuracies did not reach the human
baseline. The lowest-performing model, GPT-4o,
achieved an accuracy of only 0.46, while the best-
performing model, Grok 3, reached 0.57. Neverthe-
less, there remains a considerable gap compared
to the human baseline of 0.75. The results also in-
dicate noticeable performance differences among
the models on this task.

Next, we calculated the classification metrics for
each ending category, as shown in Table 4. In
this stage, some models achieved results that were
comparable to or even exceeded the human base-
line in certain categories. For instance, Grok 3’s
F1-score of 0.55 in the Implication category ap-
proached the human score of 0.67. Although in-
dividual metrics cannot fully represent the models’
overall narrative understanding capability, these re-
sults highlight the models’ relative strengths across
different categories and suggest that, in certain
aspects, their narrative comprehension begins to
approximate that of humans.

The confusion matrix for the classification re-
sults is shown in Figure 2. From the confusion
matrix, we can observe certain prediction biases
among the models. GPT-4o and Gemini 2.5 tend
to misclassify Revelation and Implication as Sar-
casm, whereas Claude 4 often confuses Sarcasm
with Revelation. In contrast, Grok 3—the best-
performing model—shows no clear misclassifica-
tion tendency.

The confusion matrices reveal systematic error
patterns shared across models rather than random
misclassification. The most prominent confusion
occurs between Revelation and Sarcasm, suggest-
ing that models struggle to distinguish plot-level
reversals from pragmatic irony, both of which in-
volve late-stage reinterpretation of narrative expec-
tations. In particular, the Implication category also

2https://gemini.google.com/
3https://claude.ai/
4https://grok.com/

https://chatgpt.com/
https://gemini.google.com/
https://claude.ai/
https://grok.com/
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Figure 1: Framework of Narrative Understanding of Short Shorts by LLMs

exhibits relatively low accuracy across models. Un-
like other categories, implication-based endings
do not explicitly state the narrative resolution, re-
quiring readers to integrate dispersed hints and
infer unstated outcomes. This process resembles
reader-response interpretation rather than surface-
level semantic processing. The observed errors
suggest that LLMs tend to over-commit to explicit
narrative mechanisms, often misclassifying implicit
endings as revelation or sarcasm, rather than mod-
eling narrative indeterminacy.

Model Accuracy Weighted F1-score
Human 0.75 0.75
GPT-4o 0.46 0.45
Gemini2.5 flash 0.46 0.43
Claude Sonnet4 0.50 0.43
Grok3 0.57 0.54

Table 3: Overall Performance Metrics

4.2. Ablation Study
To better understand the robustness of our eval-
uation framework, we conduct a series of abla-
tion studies examining how different experimen-
tal choices influence the evaluation of narrative
understanding. Although the main results pro-
vide an overall comparison across models, they
do not reveal how sensitive the outcomes are to
specific design decisions. Therefore, we systemati-
cally vary three key factors—prompt setting, model
generation, and dataset Inter-Annotator Agree-
ment(IAA)—while keeping other conditions fixed.
This allows us to isolate the contribution of each fac-
tor and analyze whether the observed performance
trends remain stable in different settings.

Prompt Setting For prompt setting, we consid-
ered that requiring the model to output the ratio-
nale for its classification might influence the results.
Therefore, we conducted an ablation experiment
using an alternative prompt that requests only the
classification label without any explanation. The
results are shown in Table 5. The metrics indicate

that the prompt modification affected the models
differently. For GPT-4o and Claude Sonnet 4, per-
formance differences were minimal. For Gemini 2.5
Flash, removing the instruction to output reasoning
actually led to an improvement in accuracy on this
task. In contrast, Grok3 showed a noticeable drop
in accuracy after this instruction was removed. The
ablation results suggest that the evaluation of nar-
rative understanding is sensitive to prompt design
in a model-dependent manner. While some models
(e.g., GPT-4o, Claude) exhibit stable performance
regardless of whether reasoning is required, others
show significant fluctuations. This indicates that
chain-of-thought prompting does not function as a
universally beneficial technique, but rather interacts
with model-specific reasoning mechanisms. The
findings further imply that the performance differ-
ences in our benchmark partially reflect reasoning
stability, providing evidence that the task captures
intrinsic aspects of narrative understanding rather
than being solely driven by prompt artifacts.

Model Generation Considering that some of the
evaluated models are no longer the latest versions
in their respective series, we additionally tested
newer generations of GPT and Grok models on
the same task, in order to examine whether perfor-
mance on this task improves with model iteration.
The results are shown in Table 6. The performance
gains observed in newer model generations sug-
gest that narrative understanding is a capability
that improves with model iteration. The substantial
improvement shown by the GPT series indicates
that the task captures higher-level reasoning abili-
ties that benefit from advances in model scale and
training. This trend supports the validity of our eval-
uation framework, as it reflects genuine progress
in model capability rather than artifacts of specific
prompt settings.

Dataset Inter-Annotator Agreement In this ex-
periment, the inter-annotator agreement (IAA) did
not reach a sufficiently high level. To reduce the po-
tential bias caused by inconsistencies in human an-
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Model Revelation Apocalypse Misunderstanding Sarcasm Reset Implication
Human 0.81 0.56 0.67 0.76 0.67 0.67
GPT-4o 0.48 0.36 0.43 0.51 0.31 0.42
Gemini2.5 mini 0.52 0.30 0.00 0.57 0.25 0.40
Claude Sonnet4 0.65 0.24 0.00 0.50 0.18 0.36
Grok3 0.67 0.40 0.33 0.57 0.33 0.55

Table 4: Performance Metrics by Categories (F1 Score)

Figure 2: Confusion Matrices of Judging Ending Types of Short Shorts

Model Accuracy Weighted F1-score
GPT-4o 0.42 0.42
Gemini2.5 flash 0.52 0.49
Claude Sonnet4 0.49 0.42
Grok3 0.47 0.42

Table 5: Prompt Without Reason Performance Met-
rics

notation, we further selected a subset of 56 stories
for which the annotators showed complete agree-

Model Accuracy Weighted F1-score
GPT-4o 0.42 0.42
Grok3 0.47 0.42
GPT-5 0.56 0.54
Grok4 0.50 0.45

Table 6: New Generation Models Performance Met-
rics

ment (IAA = 1.0) and recomputed the model ac-
curacy on this subset. The distribution of ending
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Ending type Number of stories
Apocalypse 6
Implication 9
Misunderstanding 1
Revelation 20
Reset 4
Sarcasm 16
Total 56

Table 7: Statistics for Ending Types (IAA = 1.0)

Model Accuracy Weighted F1-score
GPT-4o 0.54 0.54
Gemini2.5 flash 0.55 0.56
Claude Sonnet4 0.59 0.56
Grok3 0.68 0.66

Table 8: Performance on the IAA = 1.0 Subset

types for the 56 stories is shown in Table 7. The ac-
curacy results computed on this subset are shown
in Table 8. The data show that all models exhibited
a clear improvement in accuracy. The consistent
performance improvement across all models on the
IAA = 1.0 subset suggests that part of the original
errors are due to ambiguity in the annotation rather
than model deficiencies. By restricting the evalua-
tion to high-agreement samples, we reduce label
noise and obtain a clearer estimate of the model
capability. Importantly, relative performance differ-
ences remain largely consistent, indicating that the
task retains discriminative power while highlighting
the inherently ambiguous nature of certain narrative
interpretations.

4.3. Human vs. LLM: A Discourse-Level
Comparison

We reexamined 18 stories for which none of the
models produced correct predictions. By analyzing
the models’ explanations for their classifications,
we aim to conduct a discourse-level analysis to
identify the underlying causes of these errors and
to explore the gap between the models’ interpretive
processes and human narrative understanding.

LLMs tend to focus on the literal surface of
the text, whereas humans are able to grasp the
author’s intended meaning. “Meddlesome” is
a story manually annotated as Sarcasm, but all
models classified it as Revelation. Human readers
can integrate their prior experience and knowledge,
along with associations to the real world and cues
provided by the author, to grasp the intended irony.
In contrast, LLMs rely solely on the story’s events
and narrative structure, and their depth of under-
standing does not reach the level of human readers.
The example is shown in Figure 3.

LLMs lack awareness of certain narrative
techniques used in microfiction. In sugges-

tive stories, authors convey character relationships,
background information, or thematic ideas through
implication rather than direct statement, adding
depth and nuance to the work. LLMs tend to in-
terpret implied events as literal information, over-
looking the significance of suggestion as a narrative
device. An example is shown in Figure 4. “Inherited
Mission” is a story manually annotated as Implica-
tion, and models classified it as Reset.

LLMs tend to overinterpret and focus exces-
sively on the overall moral of the story. As the
example shown in Figure 5, human annotators fo-
cused on the story’s punchline and consistently
classified it as Apocalypse. In contrast, LLMs paid
too much attention to the story’s overarching irony,
overlooking the most impactful reversal at the con-
clusion. Similar tendencies toward overclassifica-
tion into the Sarcasm category were also observed
in other cases.

At the discourse level, clear differences emerge
between human readers and LLMs in their under-
standing of short-short stories. Human readers are
capable of interpreting implicit meanings, grasping
the author’s ironic intent, and recognizing narrative
techniques such as suggestion and punchline end-
ings. Their interpretations often draw on cultural
knowledge, imagination, and sensitivity to tone and
context.

In contrast, LLMs tend to rely on surface-level
narrative structures and explicit information. They
often misinterpret suggestive or metaphorical ex-
pressions as literal facts, overlook the narrative
role of implication, and focus excessively on the
overall message rather than the rhetorical impact
of the ending. Consequently, while human read-
ers perceive irony, implication, and other narrative
techniques as integral to the story’s effect, LLMs
frequently misclassify them by prioritizing structural
or semantic regularities over deeper narrative func-
tions.

5. Conclusion

This study examines the narrative understanding
of large language models (LLMs) through Shinichi
Hoshi’s short-short stories—a unique literary cor-
pus characterized by twist endings. By constructing
a high-quality human-annotated dataset based on
these works, the study explores LLMs’ capability
to comprehend non-literal and context-dependent
narrative structures.

Quantitative analysis based on data metrics in-
dicates that while large language models (LLMs)
do not match human performance on tasks requir-
ing deep semantic understanding, they neverthe-
less demonstrate a certain level of competence.
Our findings address the research questions as
follows. For RQ1, model performance varied sub-
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Figure 3: This is the synopsis of a Shinichi Hoshi’s short-short entitled “Meddlesome”, along with the LLMs’
classification reasoning and the human annotators’ classification reasoning. The colored sections indicate
the explanations provided by the LLMs and humans for their classification choices. LLMs captured only
the structural features, whereas human readers understood the underlying irony.

Figure 4: This is the synopsis of a Shinichi Hoshi’s short-short entitled “Inherited Mission”, along with the
LLMs’ classification reasoning and the human annotators’ classification reasoning. The colored sections
indicate the explanations provided by the LLMs and humans for their classification choices. The LLMs
misclassified the story by treating the implied events as explicit narrative facts, failing to recognize the
role of implication in the ending.

Figure 5: This is the synopsis of a Shinichi Hoshi’s short-short entitled “Karma”, along with the LLMs’
classification reasoning and the human annotators’ classification reasoning. The colored sections indicate
the explanations provided by the LLMs and humans for their classification choices. The LLMs focused
excessively on the story’s ironic tone, overlooking the function of the punchline-style ending.

stantially across ending types, indicating that LLMs
do not struggle uniformly with narrative understand-
ing. Categories involving implicit reversal, irony,
or thematic reinterpretation posed greater difficulty,

suggesting that models rely more on surface nar-
rative cues than on global discourse restructuring.
For RQ2, evaluation results were sensitive to an-
notation agreement: when analysis was restricted
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Figure 6: An Example of Judging Ending Types of Short Shorts by LLMs

to the IAA=1.0 subset, all models showed notice-
able performance gains, indicating that part of the
performance ceiling in narrative tasks may stem
from intrinsic interpretive ambiguity. For RQ3, abla-
tion experiments showed that prompting strategies
and output formats influenced models differently,
with reasoning-oriented prompts benefiting some
models while degrading performance for others,
highlighting the interaction-sensitive nature of nar-
rative evaluation.

Qualitative comparisons highlight fundamental
differences between human and model interpre-
tation. Human readers are able to infer authorial
intent, irony, and thematic resonance by connect-

ing textual hints with real-world experiences. LLMs,
in contrast, often rely on surface-level narrative
cues—focusing on explicit events or overall moral
messages—while failing to capture deeper rhetor-
ical, structural, and emotional dimensions of the
stories.

This study contributes a narrative-focused eval-
uation framework and empirical analysis of LLM
limitations in discourse-level narrative interpreta-
tion. We hope that the experimental results and
perspectives proposed in this study can provide
insight into more reliable evaluation frameworks
and a deeper understanding of how LLMs process
narrative meaning.
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6. Limitations

This study has several limitations. The dataset,
based solely on Shinichi Hoshi’s short-short sto-
ries, is limited in size and narrative diversity, poten-
tially constraining generalizability. Human annota-
tions, particularly of irony and implication, are inher-
ently subjective, which may affect human–model
agreement. Moreover, the predefined ending cate-
gories may not always be strictly mutually exclusive.
As suggested by the confusion patterns observed
in the experiments, certain categories—such as
Revelation and Sarcasm—can overlap within a sin-
gle narrative, reflecting the layered nature of liter-
ary twist endings. The current single-label classifi-
cation setting therefore may insufficiently capture
such structural ambiguity. Future work could ex-
plore multi-label or probabilistic formulations that
allow multiple narrative mechanisms to be repre-
sented simultaneously. In addition, LLMs may pro-
vide different responses to the same prompt, limit-
ing the reliability of the results. Furthermore, stan-
dard quantitative metrics such as accuracy and F1-
scores cannot fully capture deep semantic under-
standing. Finally, the cultural and linguistic speci-
ficity of Hoshi’s works raises questions about the
models’ performance on narratives from other con-
texts.

7. Ethics Statement

This study uses excerpts from the literary works of
Shinichi Hoshi, which are under copyright protec-
tion. The texts were used solely for academic re-
search and analysis in accordance with fair use prin-
ciples and Japan’s copyright law. No copyrighted
materials are publicly distributed or reproduced in
this paper. The authors fully respect the rights of the
copyright holders. We also appreciate the voluntary
contributions of human annotators who assisted in
the evaluation process. All annotators participated
with informed consent.
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