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Abstract
Knowledge graphs have gained much attention as a means of controlling the behavior and outputs of Artificial
Intelligence agents. However, traditional approaches to building knowledge graphs require a considerable amount
of effort. These projects require knowledge graph developers trained in computer science and formal logic
and domain experts who can identify relevant concerns and provide feedback. To address this challenge, I
have developed a collaborative knowledge graph development agent. This agent allows users to provide a
target application area. The agent then steps through creating a knowledge graph following a knowledge graph
engineering method. At each step, the user can pose questions and provide feedback to shape the agent’s behavior.
The agent then produces a knowledge graph and associated documentation. This collaborative agent makes
knowledge graph development more accessible to people who lack extensive experience with knowledge graph
development. This allows domain experts to engage in an iterative development process and produce a final
knowledge graph that can be used to control AI agents with minimal training required.
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1. Introduction

The growing popularity and accessibility of large language models (LLMs) has prompted increased
interest in using LLMs to assist with the development and expansion of knowledge graphs. This stream
of research proposes that because LLMs are trained on large corpora that cover variety of topics, they
encode useful information in their parameter weights that may be used for aiding in the construction
and completion of knowledge graphs.

A number of papers have proposed LLM powered approaches to performing various knowledge engi-
neering tasks ranging from assisting users with using knowledge graphs to creating entire knowledge
graphs from scratch [1, 2, 3, 4, 5, 6, 7]. However, all of these approaches are focused on developing fully
automated methods. If these methods involve any human intervention, this intervention primarily
occurs in the context of evaluating the final output. This work assumes LLMs have the ability to
generate effective knowledge graphs in isolation. However, for most practical knowledge engineering
projects, this may not be a reasonable assumption (e.g., due to technical domain content in the target
domain). Moreover, human feedback during the development process can improve the final knowledge
graph and prevent errors and incorrect conceptualizations that may be introduced by LLMs [8].

In this work, I present a collaborative knowledge graph development agent that is currently under
development. This agent allows a human user to provide a target topic for a knowledge graph and
assists the user with the initial development process of creating a knowledge graph. This approach
has the added benefit of allowing domain experts who may have limited or no experience developing
knowledge graphs to develop and refine an initial prototype. This work follows previous work that has
proposed methods to assist domain experts with editing existing knowledge graphs [9].
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Figure 1: An overview of the agent. The dialogue column on the left represents interactions between the end
user, the discourse management LLM, and any (optional) expert LLMs that the user has decided to include.
Results from these interactions are added to a map structure. The right hand column contains different tasks in
the modular ontology modeling framework [10]. These tasks are performed through combining results from the
user dialogue with the agent and results generated from the different LLMs that perform tasks in the background.
These LLMs include the question asking and answering LLMs, knowledge base LLM, outline generation and
outline refinement LLMs, and the concept extraction LLM. These LLMs also contribute to and retrieve data from
the map structure. The materialize graph box in the lower right hand corner represents future work.

2. Methods

In this section, I briefly describe the methods used to develop the agent. An overview of the agent
framework is located in Figure 1.

2.1. Design Approach

The proposed knowledge graph development agent is designed to assist a user that has minimal
experience with knowledge graphs develop an initial knowledge graph that adequately represents
the target domain. To maximize the functionality of the knowledge graph that the agent produces, I
opted to use a formal knowledge engineering approach. This helps ensure that the knowledge graph
that the agent produces can be successfully used in downstream applications. Moreover, I expect that
knowledge graphs developed using this tool may need to be edited after creation either to correct
problems with the original graph or to add additional information or concepts to the graph. With these
requirements in mind, I opted to have this agent use a modular ontology method to develop knowledge
graphs [10]. Modular ontology modeling uses a pattern based method that focuses on modeling a set of
key constructs and their relations. This pattern based approach makes it easy to update an ontology
for a new related use case, integrate the existing ontology with other sources of data, or update the
ontology when new information becomes available.

Currently, the agent allows a human user to provide a target topic for a knowledge graph and assists
the user with refining their target use case, developing competency questions, preparing a use case
report, and identifying modules that represent key concepts in the target domain. Throughout, the user
can provide feedback to refine and guide the generated knowledge graph.

2.2. Agent Approach

The agent uses multiple interacting LLMs to perform different parts of the knowledge graph development
process. This approach follows other work that uses interacting LLMs to generate simulated dialogue



from multiple perspectives and develop interactive agents [11, 12, 13]. The agent uses seven different
LLMs to perform tasks in the process. LLMs can be initialized as different instances of the same LLM
or can be customized for specific tasks. Supported LLMs include: Open AI, Deep Seek, Azure, Groq,
Google, Anthropic, vLLM server, TGIClient, and Ollama. As part of the development process, the agent
retrieves relevant information either at run time via the web or via information retrieved from a local
vector database. Supported options include: you.com, Bing, Google, serper.dev, Brave, Sear XNG, Duck
Duck Go, Tavily, Azure AI, and Qdrant vector databases.

The seven tasks are discourse management, question asking, question answering, knowledge base,
outline generation, outline refinement, and concept extraction. The end user of the system primarily
interacts with the discourse management LLM. This LLM asks the user questions and provides feedback
on what the overall agent is doing to the user. This LLM also coordinates the behavior of the LLMs that
perform the other tasks. The question asking and question answering LLMs interact with the discourse
management LLM to conduct a simulated dialogue about the target domain for the knowledge graph
proposed by the user. These LLMs ask and answer clarifying questions and identify information that
needs to be retrieved to successfully develop the knowledge graph. The knowledge base LLM assists
with retrieving and organizing information identified from the simulated discussion. This LLM either
retrieves information from the internet or from a local vector database. The outline generation and
refinement LLMs develop and refine the use case report using feedback from the user, the interactions
between the other LLMs, and knowledge retrieved from the knowledge base LLM. The concept extraction
LLM extracts key concepts and develops modules using the outputs of the other LLMs and user feedback.
In the current iteration of the agent, the concept extraction piece relies on a combination of general
reasoning abilities of the LLM selected for the concept extraction task and feedback from the user about
the overall quality and specificity of the concepts. Individual LLMs interact with the outputs of the
other LLMs through the use of a map structure. This allows each LLM to generate responses and actions
that are consistent with what other LLMs that perform different tasks have generated.

3. Conclusion

This work presents a collaborative approach to LLM assisted knowledge graph development. This
approach allows human users to interact with an agent to develop and refine an initial prototype
knowledge graph. This does not require extensive expertise on the design and development of knowledge
graphs and automates a large amount of manual effort traditionally required to construct a knowledge
graph.

There are several opportunities for future research related to this project. First, is evaluating the
agent with real users and domain experts. Additionally, there are a number of opportunities for refining
the agent’s capabilities. Currently, many of the agents capabilities rest on a combination of inherent
abilities of LLMs combined with feedback from human users. Particularly for some tasks like concept
extraction, this may influence the overall quality of the results and will be addressed as part of the
user evaluation. Lastly, while the use of a formal knowledge engineering methodology does provide
structural consistency, it does not guarantee the logical consistency of the final graph. The current
iteration of the agent relies on feedback and input from the user to review and verify logical consistency
of the final knowledge graph. In future work, we plan to explore automated and semi-automated ways
of addressing this concern.
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