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Abstract

Long story generation remains a challenge for existing large lan-
guage models (LLMs), primarily due to two main factors: (1) dis-
course coherence, which requires plot consistency, logical coher-
ence, and completeness in the long-form generation, and (2) nar-
rative complexity, which requires an interwoven and engaging
narrative. In this paper, we present STORYWRITER, a modular and
open-source multi-agent framework for controllable and scalable
long story generation. We conduct both human and automated eval-
uation, and STORYWRITER significantly outperforms existing story
generation baselines in both story quality and length. Furthermore,
we use STORYWRITER to generate a dataset, which contains about
6,000 high-quality long stories, with an average length of 8,000
words. We train the model Llama3.1-8B and GLM4-9B using super-
vised fine-tuning on LONGSTORY and develop STORYWRITERL; opa
and STORYWRITERGLM, which demonstrates advanced performance
in long story generation. All code, models, and data are made pub-
licly available! to encourage further development.
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« Computing methodologies — Natural language generation;
Natural language processing.
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1 Introduction

Story generation aims to automatically produce coherent, orga-
nized, and engaging narratives [25]. Typically, story generation
involves using a premise, often a brief beginning or theme, as input
to create a complete narrative [1]. Since the emergence of large
language models (LLMs; 20), the quality of generated stories using
LLMs has steadily improved [28]. However, generating long stories,
particularly those exceeding 1,000 words, remains a significant
challenge for LLMs [16].

The main challenges of long story generation are from two as-
pects: (1) discourse coherence, which requires plot consistency,
logical coherence, and completeness in long-form generation. Ex-
isting LLMs still face challenges in generating fluent long texts [14].
In long story generation, LLMs need to retain long-distance key
information, such as events, characters, and their relationships, to
ensure plot consistency across the narrative. (2) narrative complex-
ity, which requires interwoven, engaging, and diverse story content.
While human-written stories typically exhibit these characteris-
tics, LLM-generated narratives are often homogeneous, lacking in
diversity and plot development [21, 22].

To address the above challenges, we propose STORYWRITER,
a multi-agent framework for long story generation, which con-
sists of three main modules: (1) outline agent, which generates
event-based outlines. Generating outlines is a typical procedure
in story generation, previous studies adopt LLMs to directly gen-
erate outlines [22, 26, 29], which may be insufficiently specific
and diverse. Inspired by conventional event knowledge [24], we
adopt an agent to generate a detailed event graph, where each node
represents an event, and edges represent relationships between
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Figure 1: An overview of the three-stage story generation framework. The process consists of (from left to right): (1) event-based
outline generation by the Outline Agent, (2) chapter construction using Non-Linear-Narration (NLN) by the Planning Agent, and
(3) final story synthesis via RelO (Re-write Input and Output) by the Writing Agent. Each stage employs a distinct methodology
to progressively refine the narrative from high-level structure to detailed, coherent story text.

events, such as causal relationships [23]. Each event is associated
with several characters [24]. We then adopt an agent to validate
the consistency of each event and produce the final outline. (2)
planning agent, which generates detailed sub-events and globally
plans which events should appear in each chapter to maintain an
interwoven and engaging story. Specifically, we first use LLMs to
generate sub-events for each event to provide richer event informa-
tion. Human writing is non-linear, with events and characters often
linked in diverse ways across different chapters [2, 17]. We also
employ an LLM to globally plan which events and characters should
appear in each chapter, ensuring consistency and enabling the reap-
pearance of key elements across chapters. (3) writing agent, which
generates and refines specific story content based on the historical
context. Long story generation involves long-range dependencies
and directly feeding the entire history to the LLM may result in
missing key information [13], we adopt an agent named Coordi-
nator to dynamically compress the previous writing history based
on the current event. The goal of compression is to retain only
relevant events and create a compact and effective writing history
for generating a more coherent story. We then input this history
with an event requiring expansion to the final writer to generate a
sub-story, and then refine it using the Coordinator.

We conduct extensive experiments to validate the effectiveness
of STORYWRITER. We adopt GPT-40-mini [18] as the backbone to
implement STORYWRITER. We conduct evaluation on the widely
used MoPS dataset [15]. We also investigate several strong baselines,
including DOC [30], Agents’ Room [12], and GPT-40-mini [18]. We
adopt both human evaluation and GPT-40-based automated evalua-
tion across 6 commonly used dimensions[6], including relevance,
coherence, empathy, surprise, creativity, and complexity. STORY-
WRITER significantly outperforms other models, demonstrating its

effectiveness. Finally, we adopt STORYWRITER to generate a train-
ing dataset, LONGSTORY, which contains about 6, 000 stories with
an average length of 8,000 words. We fine-tune the Llama3.1-8B
Instruct model [7] using supervised fine-tuning on LONGSTORY
to develop STORYWRITER 5a. We evaluate the trained model
using LongWriter-Ruler and LongBench-Write [4], and find that
STORYWRITERL  on4 Significantly outperforms Llama3.1-8B Instruct
on story exceeding 2, 000 words, and even surpasses GPT-4o0 [19].
This demonstrates the effectiveness of LONGSTORY.

2 STORYWRITER

STORYWRITER is a modular, multi-agent framework designed to
facilitate long-form story generation, shown in Figure 1. Inspired
by human writing workflows, we decompose the generation pro-
cess into three coordinated stages, each handled by specialized
agents: the Outline Agent, the Planning Agent, and the Writing
Agent. Each module is implemented as a callable LLM interface
with task-specific prompting and memory compression logic. The
design prioritizes scalability, controllability, and reusability across
different LLM backbones.

Outline Agent. The Outline Agent is responsible for construct-
ing an event-centric skeleton of the story. Given a user-provided
premise, it generates a sequence of structured event tuples, each
annotated with temporal, causal, and character attributes. A con-
sistency checker module filters logically incoherent or redundant
events. This structured outline provides a semantically rich input
for downstream planning.

Planning Agent. The Planning Agent expands high-level events
into sub-events and assigns them to story chapters using a non-
linear narration(NLN) strategy. Inspired by narratological theories
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(e.g., analepsis and prolepsis), the planner allows out-of-order but
causally consistent event allocation, increasing narrative engage-
ment [10, 11]. This agent operates globally across the event graph
and chapter layout to maintain inter-event coherence and thematic
recurrence.

Writing Agent. The Writing Agent generates detailed story text
based on the planned sub-events. To mitigate the limitations of long-
context attention in LLMs, it uses a RelO (Rewrite Input and Output)
mechanism. A coordination module compresses story history by
extracting relevant contextual spans before generation. After draft-
ing, the output is optionally rewritten to ensure consistency with
the original outline and style uniformity.

All agents are orchestrated via the AutoGen [27] framework.
Agents are stateless and modular, supporting asynchronous execu-
tion, replacement, or fine-tuning. The architecture enables STORY-
WRITER to scale across model sizes and use cases, while maintaining
controllable and interpretable outputs.

3 Experiments

3.1 Experimental Setup

Evaluation Datasets. We use the dataset MoPS [15]. They provide
the MoPS code suite, along with 7.6k generated premises and 1,000
extended stories. Compared to premises generated by conventional
methods and those collected from literary forums like WRITING-
PROMPTS [8], the stories generated by MoPS exhibit higher quality
and greater information density.

Evaluation Setup. We adopt the evaluation framework proposed
by HANNA [5], a benchmark for story assessment, with minor
adaptations to certain dimension definitions. This framework spec-
ifies six orthogonal criteria—Relevance, Coherence, Empathy, Sur-
prise, Creativity, and Complexity—each grounded in social science
literature. To comprehensively assess the generated stories, we em-
ploy both human and automated evaluation. For human evaluation,
anonymized outputs are distributed to graduate students in an Eng-
lish program (all with TOEFL scores of 108 or above), who rate
the stories on a five-point Likert scale across the six dimensions.
For automated evaluation, we utilize GPT-40 [19], which assigns
integer scores from 1 to 5 for each dimension. This dual evaluation
protocol ensures a robust and multifaceted assessment of narrative
quality.

Baselines. We compare stories generated by two methods DOC [30]
and Agents’ Room [12]:

(1) DOC. A method designed to enhance text quality by gener-
ating more comprehensive outlines. (2) Agents’ Room. Agents’
Room is a multi-agent framework for story generation. This ap-
proach introduces an orchestrator responsible for determining
when to invoke the writer agent and the planner agent, thereby
ensuring coordinated execution among agents. (3) GPT-40 mini.
We directly input the premise into GPT-40-mini to generate the
story.

3.2 Experimental Results

Main Results. All the experimental results are presented in Ta-
ble 1. We observe the following: (1) In general, our story generation

CIKM 25, November 10-14, 2025, Seoul, Republic of Korea

framework STORYWRITER significantly outperforms the baselines in
both human and automated evaluations, demonstrating its effective-
ness. (2) STORYWRITER significantly surpasses previous baselines in
terms of length while maintaining high generation quality, indicat-
ing its effectiveness in generating longer stories. (3) Across different
specific evaluation dimensions, our method outperforms DOC and
GPT-40-mini in relevance and coherence, slightly falling behind
Agents’ Room. This may be due to that STORYWRITER generates
longer stories, and coherence inevitably decreases with increased
length [4]. However, in terms of content diversity and creativity,
our model significantly outperforms all baselines, validating the ef-
fectiveness of our approach and demonstrating that it can generate
higher-quality, creative content, which is the ultimate goal of story
generation.

4 Constructing LONGSTORY

In this section, we use STORYWRITER to generate a high-quality
long story dataset LONGSTORY. We train the model Llama3.1-8B and
GLM4-9B using supervised fine-tuning on LONGSTORY and develop

advanced storytelling LLM STORYWRITER] ;sna anid STORYWRITERGLM.-

Our dataset shows significant improvement in doing sft on multiple
downstream models.

LonGSTtory Construction. We construct a high-quality dataset
with 5,500 long-form stories, LONGSTORY, using STORYWRITER.
Specifically, we first collect 6,000 story premises from the training
set of MoPS [15] and use STORYWRITER to generate a long story for
each premise. We then perform careful data cleaning to remove sto-
ries that are too short, do not meet format requirements, or exhibit
low quality. Specifically, we merge multiple chapters of stories to
mitigate the risk of overfitting to specific text structures during SFT
training. As a result, we curate a final dataset comprising 5, 500 long
stories, LONGSTORY, with an average length of about 8, 000 words.

Experimental Setup. We adopt the same evaluation dataset MoPS
in § 3.1. Due to the high cost of the manual evaluation, we only
employ automated evaluation, which is also widely used in previous
work [4, 9]. In addition to evaluating the content quality from 6
dimensions mentioned in § 3.1, we also report the length score
used by the LongBench-Write evaluation method [4]. This method
controls the length of text generated by LLMs by setting different
output length constraints, which not only assesses the model’s
ability to generate long texts but also evaluates its adherence to
word count constraints. The length score computes the degree of
alignment between the actual response length and the required
length in the instruction, which can be computed as follows:

100 max (0,1 - LL=DY) igr >,

. (1)
100 - max (O, 1- M) ifl’ <.

Sy =

I denotes the actual response length and I denotes the required
length. Specifically, we adopt the same settings as LongBench-Write:
for each instruction in the MoPS test set, we add an output length
constraint from {500, 1, 000, 2, 000, 4, 000, 10, 000}, and then generate
response for each length constraint and compute the final scores.
We bucket the results based on lengths and report the average
of the following metrics within each bucket: Sg» which evaluates
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Table 1: Experimental results of human and automatic scoring (on a scale from 1 to 5). RE, CH, EM, SU, CR, and CX represent
relevance, coherence, empathy, surprise, creativity, and complexity, respectively. Bold indicates the best result according to
human evaluation, and underline indicates the best result according to automatic evaluation.

Model Average RE CH EM SU CR CX Average Length
poc Mol 55 41 43 40 55 ss 35 2P
Agents Room VT 35 55 4s 40 a7 ap a1
OFFomini QU 55 40 41 41 5s a7 34 0P
STORYWRITER ;I;lz:_a;;]jlv al Z z :i 2 g 2 2 8,081

Table 2: Experimental results (%) of STORYWRITER 1 sma, STORYWRITERGLM and the baselines. S, represents the average score
of the 6 dimensions, as described in § 3.1. S is the length score, calculated using Equation 1. S is computed as (Sg + 20 X 5))/2,

following the approach used by Bai et al. [4]. The highest scores are shown in bold.

Overall [0, 1k) [1k, 2K) [2k, 4k)  [4k, 10k)  [10k, 20K)

S Si Sq S; Sq Si Sq Si Sq Si Sq Si Sq

Llama3.1-8B-Instruct 46.6 345 29 89.0 4.0 837 3.9 0.0 3.5 0.0 2.2 0.0 1.0
GLM4-9B 473 36.6 2.9 937 42 89.6 4.0 0.0 3.3 0.0 2.0 0.0 1.0
LongWriter-GLM4-9B 763 83.0 3.5 869 3.1 931 32 916 4.0 869 3.6 567 34
LongWriter-Llama3.1-8B 779 83.6 3.6 969 39 9.1 35 932 41 819 35 513 3.2
Deepseek-Llama-8B 70 73.6 33 923 31 919 32 882 3.6 832 34 123 33
Deepseek-Llama-70B 743 79.0 3.5 932 33 945 34 872 40 81.0 3.5 441 3.2
GPT-40 67.4 52.8 4.1 923 4.7 917 45 620 43 153 3.7 2.7 3.3
STORYWRITERL Ama 73.4 753 35 908 39 941 38 773 35 77.0 34 27.7 34
STORYWRITERGLM 83.7 885 39 995 44 993 41 98.0 4.0 88.7 35 573 3.6

content quality (the average of the 6 scores from § 3.1), S;, which
evaluates the length score, and S, which equals (Sq+20%5;)/2. We
also report the average overall score across all lengths.

SFT Training. We leverage the Llama 3.1-8B model and GLM-4-
9B model as the base model for SFT training. We use the training
code proposed by LongAlign [3], as it is specifically designed for
long-context training with pre-existing long-context adaptations.
We use the premise of each instance in LONGSTORY as the input
and the story as the output for supervised fine-tuning to obtain
STORYWRITERL ; sma and STORYWRITERGLM, For both of which we
set the batch size to 1, learning rate to 2 x 107>, training 4 epochs.

Experimental Results. The results of STORYWRITER] ana and
STORYWRITERGL M trained on LONGSTORY, along with other base-
lines, are shown in Table 2. We can observe that: (1) For the quality
of generated stories (Sq), STORYWRITERGLM significantly outper-
forms the backbone model, especially in generating stories over
4,000 words. This indicates that STORYWRITERGLy can maintain
high quality while generating longer content. (2) For length scor-
ing of the generated stories (S;), our models also perform much
better than Llama3.1-8B-Instruct and GPT-4o. This indicates that
our models better adhere to length constraints in story genera-
tion. Although the training process does not involve explicit ability
enhancement for following length constraints. This suggests that

training with longer responses could enhance the model’s ability to
follow length constraints. In conclusion, STORYWRITER]; oy and
STORYWRITERGLM perform better in generating longer stories and
adhering to length constraints, demonstrating the effectiveness
of our data construction method STORYWRITER and LONGSTORY.
As our approach can be extended to the broader field of creative
content generation, we encourage the community to utilize it for
producing more high-quality data.

5 Conclusion

This paper presents STORYWRITER, a multi-agent approach that
generates outlines and long-enough stories automatically. Using
STORYWRITER, we generate a large number of diverse and high-
quality stories. Human and automatic evaluations demonstrate that
STORYWRITER outperforms multiple baselines. Similarly, we create
a high-quality dataset LONGSTORY using STORYWRITER. We also
perform supervised fine-tuning based on LoNGSTORY and provide
STORYWRITER[ ; spa and STORYWRITERGL M. We believe that STORY-
WRITER will be helpful for the long story generation task of LLM,
and future Auto Story Generation(ASG) tasks can be explored based
on these data and STORYWRITERL  sna. We hope to explore LLM’s
generation of long serial novels further, which requires more pow-
erful long-story generation and understanding capabilities from
LLMs.
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GenAlI Usage Disclosure

As mentioned in § 4, we adopted GPT-40 mini to generate the
dataset LONGSTORY. We also adopted GPT-40 for automated evalu-
ation as presented in § 3.1. We also used ChatGPT to refine some
sentences.
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