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Abstract

Despite the widespread digitization of textbooks, many remain as static PDFs that lack engagement and adaptability
to suit individual learning needs. Yet, there is a high demand for dynamic content that reinforces the materials
covered by instructors, such as in-depth readings or question sets. To address these needs, our project enables
teachers to generate customized, coherent stories or textbook-style materials through a multi-agent story
generation system built on large language models (LLMs) and knowledge graphs (KGs). In this paper, we
discuss the limitations of current LLM-based story generation, introduce our knowledge-graph-enhanced multi-
agent framework for improving narrative coherence, present promising initial evaluation results, and outline
future directions for enhancing specificity and educational applicability.
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1. Introduction

In the United States, educators consistently report that large class sizes limit their ability to provide
personalized instruction, forcing many classrooms to rely heavily on standardized materials like tra-
ditional textbooks [1]. While the digitization of these textbooks has significantly improved access to
learning materials, the textbooks themselves remain static and densely packed with information that
hinders engagement and comprehension.

Generating non-copyrighted teaching content and questions can also be time-consuming. As a result,
there is growing interest in tools that streamline the creation of engaging, adaptive learning materials.
For instance, Ello, an Al-powered reading app, demonstrates how technology can support literacy
through interactive and personalized storytelling [2]. However, systems like Ello are typically limited
to younger audiences and short-form content.

As generative artificial intelligence models, particularly large language models (LLMs), rapidly
improve, they offer promising avenues to dynamically adapt and extend textbook content to better
serve diverse learner needs. However, off-the-shelf LLMs (such as OpenAI’s GPT-4 or Anthropic’s
Claude) suffer when generating long-form content, consistently facing issues with coherency, vagueness,
novelty, and surprisingness [3]. When generating longer-form content, LLMs often fail to establish and
retain relationships between characters, events, and concepts, resulting in fragmented or incoherent
narratives [4].

In this work, we present a structured generation pipeline with knowledge graphs that addresses these
shortcomings to produce engaging, structurally coherent, and educationally grounded supplementary
material. Knowledge graphs are structured data composed of triples integrating information into an
ontology and capable of deriving new knowledge through reasoning [5]. Our pipeline utilizes agents
and knowledge graphs to enable LLMs to be used as a tool for personalization of learning and which can
readily provide supplemental resources to traditional mediums. Our multi-agent system can support
platforms that empower educators to generate tailored content to support individualized instruction.
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In summary, our major contributions are:

« We propose a novel solution to generate long-form content with LLMs with improved coher-
ence and connectedness using an agent-based pipeline, successfully increasing the number of
relationships per entity in the story’s knowledge graph.

+ We demonstrate how an agent workflow can aid teachers and students with personalized long-
form content that can meet students’ needs regardless of their individual progress in education.

2. Related Works

Our work builds on existing work in LLM text generation for narratives, using graphs for generation,
knowledge graph extraction, and multi-agent frameworks for generation.

With the impressive capabilities of modern LLMs for text generation, researchers have conducted
investigations into LLMs’ ability to formulate human-level stories. For example, Tian introduces a
computational framework to analyze narratives through story arcs, turning points, etc., to evaluate
LLM story performance [6]. Commonsense reasoning is also applied to automated story generation,
through the introduction of a framework that provides an option to model the interaction between
multiple characters [7].

Our decision to use narrative KGs to provide information is influenced by previous work that used
graph structures to boost text generation. Damiano et al. describe an ontology comprised of entities
(e.g., character, event, location) as nodes and relationships between these nodes as edges to represent
narratives [8]. Blin and Kok et al. both focus on reconstructing a narrative based on knowledge graphs
constructed from existing events. These works utilize knowledge graph datasets such as FARO [9] and
WebNLG to train text generation models from knowledge graphs [10][11]. These results are promising,
but there has yet to be works that incorporate this idea for fictional story generation without pre-existing
knowledge graphs.

There has been much foundational work over the past three decades on both entity and knowledge
graph extraction from text. Entity extraction (named or unnamed), which is a preliminary step in
knowledge graph extraction, was initially done by applying supervised learning over large datasets
of entities [12][13]. The Relation extraction task involves taking pairs of discovered entities and
determining the probability of a relation based on textual context. Initially, this was done by techniques
like logistic regression or handcrafted rules [14], an approach that was eventually supplanted by neural
methods [15] and large language model prompting [16].

For this work, the GraphRAG approach [17] served as a prompt engineering starting point for
extracting knowledge graphs. We also took inspiration from KG-Agent, a multi-agent-based model for
extracting knowledge graphs from text [18].

Narrative generation has also raised a need for narrative evaluation metrics. Referenced metrics like
BLEU, a metric that ranges from 0 to 1 and utilizes geometric averages of overlapped word sequences
between two texts [19], are common in text generation evaluation but are inapplicable to our purpose. On
the other hand, UNION [20] proposes an unreferenced metric to evaluate open-ended story generation,
which we will use to evaluate our model.

While past research has explored the use of agents and knowledge graphs in narrative generation,
as of mid-2025 there exists no research on measuring the effectiveness of multi-agent systems that
iteratively build knowledge graphs and use them as context for story generation.

3. Methods

3.1. Knowledge Graph Retrieval

Previous knowledge graph retrieval methods involve LLM prompting [21] and transformer-based
narrative graph extraction models. In this project, we exclusively rely on LLM prompting as the sole
method to retrieve knowledge graphs from narrative stories, as the primary focus of this project is on



story generation rather than information retrieval. Using LLMs allows for flexible, generalizable graph
construction without requiring domain-specific fine-tuning.

3.2. Higher Quality Stories Produce More Complex Knowledge Graphs

Given previous approaches that use knowledge graphs extracted from written facts to facilitate narrative
generation, we hypothesize that fictional narratives can also be represented with knowledge graphs.
These narrative knowledge graphs can, in turn, facilitate further original fictional story generation.
We start by showing that richer and more coherent stories tend to hold a more complex underlying
knowledge graph. A knowledge graph metric analysis is conducted on Al-generated stories with
GPT-40-mini, children’s stories from Highly Rated Children Books And Stories dataset [22], and Edgar
Allan Poe’s corpus of short stories [23]. The results, displayed in Table 1, The results, displayed in Table
1, demonstrate this assertion, with Edgar Allan Poe’s short stories having roughly 10-15 percent more
relationships per entity on average than LLM-generated stories and children’s stories

Table 1
Knowledge graph metrics (entity counts, relationship counts, relationships per entity) analysis of LLM-
generated stories, children’s stories, and adult short stories

Group Entities Relationships Relationships/Entity
LLM-Generated Stories 17.46 17.37 .99
Children’s Stories 9.31 9.85 1.09
E.A. Poe’s Short Stories 17.42 18.63 1.15

3.3. Multi-agent Generation Pipeline

Unlike previous unimodal approaches, which include training a knowledge graph retrieval model, we
chose to build a multi-agent system to take advantage of intermediate KG data structures which can be
used to generate textbook resources like mind maps, assessment questions, timelines, etc., as well as
enrich the generated narrative [24]. Our multi-agent system implementation uses AutoGen, a framework
for creating Al applications that can work alongside humans or even completely autonomously, and does
so through the use of multi-agent collaboration and conversation organization. The framework holds
two fundamental agent classes which both inherit from the ConversableAgent class: AssistantAgent,
primarily focused on the operation of the LLM agents, and UserProxyAgent, which is utilized for the
direction function calling and for any human interaction.

4. GRAPHER 1. PLANNER
Generates and saves Graph_N.txt Assigns (delegates task) to
Sends back to Planner Agent Writer
3. PLANNER 2. WRITER

Generates and saves Chapter_N.txt

Assigns to Grapher
Sends back to Planner Agent

Figure 1: Agentic Structured Generating Workflow

An AutoGen group chat was developed to handle the story generation. The workflow created through



this framework generates the narrative one chapter at a time. The group chat involves three LLM
Conversable Agents: a planner, a writer, and a grapher. The agents are initialized with system prompts
regulating their tasks and outlining the specific story to generate, archetype to follow, and any additional
constraints to ensure a coherent and conclusive narrative. The planner organizes the group chat and
assigns work to the other agents. The writer is responsible for writing the story one chapter at a time.
The grapher is assigned to update the narrative knowledge graph after the writer completes each chapter.
This way, each chapter is generated in accordance with the knowledge graph and previously generated
chapters. The coordination of different agents and function calling is managed by the UserProxyAgent.

By setting up this pipeline in the AutoGen environment, the knowledge graph retrieval model and
the narrative generation model share the same context window. When writing the story, the writer
agent has access to both the previous chapters and the narrative graph, differing from prior approaches
with generation models solely accessing knowledge graph data. This allowed for each following chapter
to incorporate the most up-to-date information.

3.4. Story Arcs Provide Generation Stability

In the process of prompt engineering for the agents, we discovered that applying story archetypes to
the system prompt can also enhance the completeness and coherence of the story generated. Following
Tian’s paper, we adopt discourse-aware generation, including the story arcs: Rags to Riches, Riches to
Rags, Man in a Hole, Double Man in a Hole, Icarus, Cinderella, Oedipus [6]. Furthermore, the inclusion
of story arcs in the generation process provides a clear endpoint for the generation process, allowing
the agentic framework to identify a distinct stopping point when writing out narratives. In the system
prompt instructing the planner, we asked the agent to choose one of the story arcs to replicate. With a
reference to traditional story arcs, the writer agent produces more stable results.

3.5. Downstream Tasks For Intelligent Textbooks

Due to the innate flexibility of the AutoGen framework, our story generation pipeline can be easily
modified to perform downstream tasks helpful to intelligent textbooks. For textbooks that aim to
boost children’s reading comprehension skills, our pipeline can effectively use KG triples to do single
and multi-hop questioning for the story it writes. With information from the knowledge graph, our
multi-agent framework can come up with questions on character relationships, plot development, etc.

4. Results

4.1. Human Evaluation

Based on a variety of reviews from college students, children’s book authors, and publishers, the stories
sound very complete and follow a clear story arc. While polished, they lack emotional depth and a
unique voice. Reviewers described the characters as generic and the plots as vague. Children’s authors
noted they were too predictable. This suggests that while LLMs can produce coherent narratives, they
struggle to create engaging, memorable stories without additional tuning or creative constraints. One
suggestion was to incorporate illustrations, particularly for stories aimed at children.

4.2. Quantitative Evaluation

Traditionally, researchers use translation metrics like BLEU or METEOR to evaluate LLM text-generation
performance. However, these referenced methods fall short when evaluating unreferenced story
generation, which lack n-gram overlap. These metrics also fail to capture aspects like narrative
repetition, global coherence and contextual relevance of information. Therefore, UNION, a model
trained to distinguish between human-written stories and negative examples, is chosen to be the
main quantitative evaluation metric. The UNION score measures LLM performance in unreferenced,
open-ended story generation, considering factors of coherence, logic, and repetitiveness. Their paper



provides two UNION models fine-tuned with two datasets: ROCStories (ROC) [25] and WritingPrompts
(WP) [26]. The two pre-trained models, generating UNION scores between 0 to 1, are used to evaluate
the performance of our story generation pipeline.

Knowledge Graph Visualization

Figure 2: Knowledge Graphs of Stories Generated without KG (left) and with KG (right)

In addition, a basic analysis was done on the number of entities and relationships present and the
number of relationships per entity in stories generated with the grapher agent and without the grapher
agent. For the stories without a grapher agent, the stories were fed into an LLM for KG extraction. As
seen in Figure 2, the knowledge graph of a story generated without the grapher agent had significantly
fewer relationships than a story generated with the grapher agent.

Even though the multi-agent pipeline is suitable for every LLM, our approach used GPT-40-mini to
generate the results. Table 2, below, displays the mean value of basic KG metrics and average UNION
scores, grouped by generation process. Story generation with knowledge graphs exceeds naive LLM
generation in knowledge graph metrics and UNION ROC score.

Table 2
Knowledge graph metrics and UNION Score Measurement of stories generated with/without knowledge

graphs

Group Entities Relationships Relationships/Entity UNION ROC UNION WP
With Knowledge Graphs  21.056 33.75 1.58 0.542 0.967
No Knowledge Graphs 17.46 17.37 .99 0.415 0.977

5. Conclusion and Future Work

Our results show the validity and reliability of using a multi-agent workflow for long-form text gener-
ation over traditional LLM prompting. By using a multi-agent workflow, the texts are more specific,
have more robust relationships, and maintain logic over the whole text, which are all issues that LLMs
face [3]. Through generating long-form, multi-chapter texts with this workflow, we found that the
number of entities and relationships present in knowledge graph representations of the story increased
significantly when compared to traditional LLM prompting, showing the increased narrative complex-
ity of a multi-agent workflow approach. In addition, the workflow is able to consistently maintain
relationships and entities across the whole text, leading to more cohesive stories with clearer logic.
LLM generations, especially long-form ones, have traditionally suffered from poor logic, but with this



agentic approach, we utilized knowledge graphs to capture the important components pertinent to
continuing the narrative.

While our stories now are more logical and have more robust relationships between entities, they
still lack high specificity and voice, other problems that are common to LLMs [3][4]. Future steps
include adding more agents to the workflow, such as a verifier or critiquer, to push for more specific
generations and allow for user input during story generation to shape the tone and voice of the writer
agent. In addition, we plan to incorporate image generator agents to create images or diagrams that fit
the context of the story as it generates. Having images offers an enriched reading experience, especially
for younger audiences who are still developing their reading abilities and would benefit from visual
engagement. Moreover, a more thorough and systematic human evaluation is still a limitation of the
work so far. Further steps include conducting large-scale qualitative research by polling human reviews.

This work can create personalized educational experiences and materials for students, reducing the
burden on teachers and enriching interactions with classroom material. One potential application of
the multi-agent approach for intelligent textbooks includes generating new material based on written
textbook chapters with personalized questions. The current workflow generates knowledge graphs
that can be leveraged to enhance reading comprehension by creating questions based on the extracted
entities and relationships. As educational needs grow increasingly diverse, this represents a promising
step toward scalable, intelligent textbooks that support deeper comprehension and individualized
learning paths.
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A. Agent System and Story Generation Prompts

A.1. Writer Agent

Name: writer
Role: Generates full chapters of a story.
Prompt:

You are the STORY WRITER agent. On each turn:

1. Read the planner’s last message to find out which chapter number N you must write.

2. Compose exactly one full chapter of the detective story-no more, no less.

3. Do NOT emit any plain text, commentary, or Markdown.

4. Monitor the story's progression according to its archetype and DECIDE WHEN THE
STORY HAS REACHED ITS NATURAL CONCLUSION.

5. When the story ends, inform the planner this is the final chapter.

6. Output only one JSON object—a function call to save_file:

"name":"save_file","arguments": {
"story":"<full chapter text>",
"filepath":"chapter_ N.txt"

i3

A.2. Grapher Agent

Name: grapher

Role: Extracts and logs cumulative knowledge graph information from each story chapter.
Prompt:

You are the KNOWLEDGE-GRAPH AGENT.
IMPORTANT: ONLY use log_entities, NEVER use save_file.

1. Read the latest chapter (chapter_ N.txt).
2. Extract NEW entities and relationships.
3. Load graph_{N-1}.txt (if exists).
4. Add new nodes/edges and output a cumulative graph using:
{
"name": "log_entities",
"arguments": {
"graph_data": {
"nodes": [{"id":"...", "type":"..."}],
"edges": [{"from":"...", "to":"...", "label":"..."}]
s
"filepath": "graph N.txt"
}
}

A.3. Planning Agent

Name: PlanningAgent
Role: Coordinates the sequencing of tasks among writer and grapher agents.
Prompt:

You are a planning agent. You break down tasks and assign them.

1. Track current chapter number.



. Assign writer to generate chapter and save it.

. Wait for writer to finish.

. Assign grapher to update the knowledge graph for that chapter.
. Only start next chapter after both steps complete.

. Terminate ONLY when all chapters AND graphs are completed.
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A.4. Story Generation Task Prompt

The following task was issued to initiate the multi-agent workflow for generating a detective story:

I would like to create a {story_genre} story. Do not ask the user for input.
Do not continue writing unless a graph has been generated.

The story should follow one of the following story archetypes:

. Rags to Riches: Starts low and gradually rises, ending in a high state.

. Riches to Rags: Starts high and gradually falls, ending in a low state.

. Man in a Hole: Starts high, has a dilemma or crisis, and finally finds a way out.
. Double Man in a Hole: Two cycles of fall and rise.

Icarus: A rise followed by a sharp fall.

. Cinderella: A rise, followed by a fall, ending with a significant rise.

. Oedipus: A fall, followed by a rise, ending with a significant fall.

N Y O W N -

DO NOT terminate until the writer and grapher have finished all their tasks,
and the story feels conclusive and no further generation is required. THANK YOU.
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