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Abstract
This study constructed a narrative comprehension

benchmark using works by Shinichi Hoshi to verify the
extent to which large language models (LLMs) can under-
stand the endings (Ochi) of short short stories. Specifi-
cally, we classified story endings into categories such as
revelation, apocalypse, and sarcasm, then designed a clas-
sification task where LLMs input the story text and select
the appropriate ending category. Experiments compared
multiple LLMs (GPT-4, Claude, Gemini, etc.), evaluating
performance using a metric of agreement rate with hu-
man annotations. This study presents a new evaluation
framework for examining the narrative comprehension ca-
pabilities of LLMs.

1 Introduction
Narrative understanding is an extremely challenging task

in natural language understanding with a long running his-
tory in AI. It requires more than the recognition of individ-
ual words or sentences― it involves author’s cognitive
processes, providing insights into their knowledge, inten-
tions, beliefs, and desires [1]. Recently, large language
models (LLMs) have demonstrated human-level perfor-
mance in text generation and reading comprehension by
studying vast textual datasets. However, it remains insuffi-
ciently validated whether LLMs can perform human-level
understanding on complex narrative comprehension tasks.

Recent studies have attempted to evaluate narrative un-
derstanding in LLMs through a variety of experimen-
tal paradigms. Mostafazadeh et al. [5] proposed the
Story Cloze Test, in which a model is required to se-
lect the correct ending for a four-sentence story, thereby
assessing its grasp of causal and commonsense coher-
ence. Piper [7] approached narrative comprehension from
a literary-theoretical perspective, evaluating models based
on their ability to detect the presence of 18 distinct nar-

rative features within texts. In a different line of work,
Tian et al. [11]examined models’ understanding of plot
dynamics by asking them to classify story arcs into one of
seven predefined narrative curve categories.

Compared to previous studies that primarily evaluated
short narrative structures or causal coherence, this study
focuses on LLMs’ capability to capture the deep seman-
tic, emotional, and ironic dimensions of stories. To this
end, we propose an innovative evaluation task: measuring
narrative understanding capability by classifying the types
of twist endings in short shorts. We collected a dataset of
125 short shorts by Shinichi Hoshi. Each story’s ending
corresponds to one of six predefined types. By comparing
the classification results of LLMs against human evalua-
tors, we aim to assess the models’ capability of narrative
understanding.

2 Related Works

2.1 Ochi in Shinichi Hoshi’s works

“Ochi” refers to an unexpected or ironic ending in a
story. The works of Shinichi Hoshi are characterized by
their brevity and frequent inclusion of such unexpected
endings, namely Ochi. Prior research has already exam-
ined Ochi in Hoshi’s short stories. Toyosawa [8] analyzed
Ochi in Hoshi’s works and classified their narrative struc-
tures into several distinct patterns. In a subsequent study,
Toyosawa [9] utilized Ochi analysis to automatically gen-
erate storylines resembling those of Hoshi. Furthermore,
in Iwasaki’s study [4], a subset of Ochi categories was
defined.

Building upon that framework, the present study adds
one additional category, resulting in six categories in total,
which serve as the classification labels for this task. All
Ochi definitions are presented in Figure 1.
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Table 1 Definition of Ending Types
Ending types Ending types’ definition

Revelation A pattern where the punchline comes from the discovery of new facts.
Apocalypse A pattern where the punchline comes from serious harm befalling characters or society.
Misunderstanding A pattern where the punchline comes from a misunderstanding among the characters.
Sarcasm A pattern where the punchline comes from an ironic turn of events.
Reset A pattern where the punchline comes from the effects of previous developments being eliminated or diminished.
Implication A pattern where the story ends by hinting at future developments. The story ends midway, but the reader can anticipate subsequent events.

2.2 LLM in Narrative understanding

Although LLMs are capable of generating grammati-
cally coherent text, their ability to accurately capture an
author’s intended meaning―such as the underlying nar-
rative structure or conceptual outline envisioned by the
author―remains uncertain [12]. To address this issue, nu-
merous benchmark tasks have been designed to evaluate
LLMs’ narrative understanding capabilities. According
to Zhu’s [12] literature review, narrative understanding
tasks can generally be categorized into three main types:
reading comprehension, narrative summarization, and nar-
rative question answering.

The present study focuses on the reading comprehension
type, similar to the Story Cloze Test [6], in that both tasks
target the understanding of story endings. However, un-
like the Story Cloze Test, which requires a model to select
the correct ending for a story, our task requires the model
to identify the appropriate category of the ending. Fur-
thermore, whereas the Story Cloze Test features coherent
and straightforward storylines, the short shorts analyzed in
this study often contain unexpected twists and reversals,
making the task considerably more challenging.

Table 2 Statistics of Ending Types
Ending type Number of stories
Revelation 38
Apocalypse 15
Misunderstanding 9
Sarcasm 34
Reset 9
Implication 20
Total 125

3 Data Collection and Annotation
As the target of the analysis, we selected 125 short shorts

from the collected work of Shinichi Hoshi [3]. The selec-
tion followed two criteria: (1) the length of each story does

Figure 1 Framework of Narrative Understanding of Short
Shorts by LLMs

not exceed the model’s input token window, and (2) the
story contains a clearly identifiable Ochi. Each story was
manually annotated with its corresponding Ochi category.
The distribution of Ochi categories is shown in Table 2 .

We seek to collect human annotations for each story.
In the data annotation process, we recruited eight native
Japanese-speaking students, all of whom hold bachelor de-
grees in Japanese. Since the participants were not experts
in literature, we adopted the majority voting [10] approach:
each story was annotated independently by three annota-
tors, and the label agreed upon by the majority was taken
as the final annotation result. In cases where all three an-
notators provided different 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 [2], which accounts for chance agreement and is
appropriate for nominal data annotated by multiple raters.
The inter-annotator agreements (IAA) are measured at 0.53
using Fleiss’Kappa, which indicates moderate agreement
and speaks to the quality of our annotation process. In the
end, each story was manually annotated with its corre-
sponding ending category.

4 Experiment

4.1 Framework

The overall framework of the experiment is illustrated
in Figure 1. The Ochi category definitions listed in Ta-
ble 1, together with the original text of each story, are
incorporated into the following prompt structure to query
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Figure 2 An Example of Judging Ending Types of Short Shorts by LLMs

the model. The model is instructed to output both the pre-
dicted ending category and a brief rationale based on the
story’s narrative development. An example of the prompt
is shown below:

You are a literary critic with expertise in Japanese lit-
erature. Please read the short-short story presented
below and determine which Ochi (ending) category it
belongs to. The definitions of the Ochi categories are
as follows: [Definitions of Ochi categories] Next, the
main text of the story will be presented. After reading
it carefully, please respond in the following format:
Ochi Category: (Select one from the categories
above)
Reason: (Explain in detail why you determined that
the story belongs to this category) Story Text: [Story
text]

We collected classifications from multiple language
models, including GPT-4o, Gemini 2.5 Mini1）, Claude
Sonnet42）, and Grok 3. In addition, we also collected
results from GPT-5 and Grok-4, the latest generations of

1） https://gemini.google.com/

2） https://claude.ai/

the GPT3）and Grok4）model families. We compared all of
them with the human-annotated baseline. Figure 2 presents
an example of the experiment.

Table 3 Overall Performance Metrics
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
GPT-5 0.56 0.54
Grok4 0.50 0.45

4.2 Evaluation

This section provides a metric-level analysis of the ex-
perimental 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 metrics to measure

3） https://chatgpt.com/

4） https://grok.com/
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Table 4 Performance Metrics by Categories (F1 Score)
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
GPT-5 0.67 0.33 0.43 0.57 0.40 0.56
Grok4 0.63 0.00 0.14 0.44 0.18 0.68

how well the models’ predictions align with human an-
notations. Overall, the models’ 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. Among
the new-generation models, the latest GPT-5 model exhib-
ited a significant improvement in accuracy, whereas Grok4
showed a decline. Nevertheless, there remains a consider-
able gap compared to the human baseline of 0.75. The
results also indicate 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 baseline in certain categories. For
instance, Grok 4’s F1-score of 0.68 in the Implication
category approached the human score of 0.67. Although
individual metrics cannot fully represent the models’over-
all narrative understanding capability, these results high-
light the models’ relative strengths across different cate-
gories and suggest that, in certain aspects, their narrative
comprehension begins to approximate that of humans.

The confusion matrices for the classification results are
shown in Figure 3. From the confusion matrix, we can ob-
serve certain prediction biases among the models. GPT-4o
and Gemini 2.5 tend to misclassify Revelation and Implica-
tion as Sarcasm, whereas Claude 4 often confuses Sarcasm
with Revelation. In contrast, Grok 3―the best-performing
model―shows no clear misclassification tendency.

5 Conclusion
This study explored the narrative understanding capabil-

ities of Large Language Models (LLMs) when interpreting
short-short stories that feature twist endings. To this end,
we designed a narrative understanding task in which mod-

els were asked to identify the type of Ochi (ending) based
on the given story text, and we constructed a manually an-
notated dataset to support this evaluation. We investigated
the performance of widely used closed-source models on
this task and further examined whether newer generations
of selected models demonstrate improvements. Through
an analysis of the confusion matrices, we identified dis-
tinct tendencies exhibited by different models. The results
revealed that LLMs exhibit a certain degree of compre-
hension in handling narratives with unexpected or ironic
conclusions.

This study has several limitations. The dataset, based
solely on Shinichi Hoshi’s short-short stories, is limited in
size and narrative diversity, potentially constraining gener-
alizability. Human annotations, particularly of irony and
implication, are inherently subjective, which may affect
human–model agreement. Moreover, LLMs may provide
different responses to the same prompt, limiting the reli-
ability of the results. Furthermore, standard quantitative
metrics such as accuracy and F1-·scores cannot fully cap-
ture deep semantic understanding. Finally, the cultural and
linguistic specificity of Hoshi’s works raises questions
about the models’ performance on narratives from other
contexts.

In future work, we plan to conduct a qualitative analysis
of specific cases in which models make frequent errors,
with the aim of exploring common issues faced by LLMs
in narrative understanding tasks.
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A Confusion Matrices

Figure 3 Confusion Matrices of Judging Ending Types of Short Shorts
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