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Abstract

Description Logic reasoners enable automated reasoning over ontologies expressed using the Web Ontology
Language (OWL). They can be used to infer logical consequences from a set of asserted facts or axioms within an
ontology. However, many well known reasoners are currently non-maintained, or are not actively developed.
This can lead to unpatched bugs, missing features, or non-adherence to possible new standards that might arise
in the future. In this paper, we analyse and show how we can employ coding agents for the development and
maintenance of OWL DL reasoners. To this end, we propose OxidOWL, an OWL DL reasoner developed and
maintained through coding agents. We validate our approach through thorough testing and compare the proposed
approach with existing well-known reasoners.
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1. Introduction

OWL DL reasoners, given their ability to infer logical consequences from a set of asserted facts or
axioms [1], enable the inference of knowledge of an application domain in a structured way [2].
Pellet [3], Hermit [4, 5], FaCT++ [6], and Konclude [7] with their support with different DLs like
𝒜ℒ𝒞 [8], 𝒮ℋ𝒪ℐ𝒩 [9], and 𝒮ℛ𝒪ℐ𝒬 [10], are widely used for their efficiency and robustness in
handling complex ontologies.

However, many DL reasoners are currently unmaintained or abandoned [11]. Lack of maintenance can
result in compatibility issues with newer versions of OWL, challenges in addressing bugs [12, 13, 14]
and optimisations [15], and can affect software in general [16]. In this regard, the increase in the
development of coding agents and AI-assisted programming tools can help mitigate some of these
challenges by automating parts of the development and maintenance process.

In this paper, we present OxidOWL, an OWL DL reasoner developed and maintained through coding
agents that aims to address these challenges. We evaluate our reasoner with thorough testing against
well-known frameworks, highlighting both its effectiveness and efficiency in handling various reasoning
tasks, as well as its shortcomings.

To this aim, we consider the following research questions:

RQ1: How can coding agents be effectively utilised to develop and maintain OWL DL reasoners and
check that these reasoners are correct? (design and implementation aspects)

RQ2: How does the performance of the AI-assisted reasoner compare to traditional reasoners in terms
of reasoning tasks? (benchmarking and evaluation)

RQ3: What are the limitations and challenges of using coding agents for OWL DL reasoner development
and maintenance? (development feasibility)

The main contributions of this paper are threefold. First, we present an OWL DL reasoner developed
and maintained using coding agents, demonstrating the potential of AI-assisted programming in this

DL 2026: 39th International Workshop on Description Logics, July 17–19, 2026, Lisbon, Portugal
$ riccasi@ifi.uio.no (R. Sieve)
� https://sievericcardo.github.io/ (R. Sieve)
� 0009-0000-8683-1902 (R. Sieve)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).

CEUR
Workshop
Proceedings

ceur-ws.org
ISSN 1613-0073

published 2026-07-25

mailto:riccasi@ifi.uio.no
https://sievericcardo.github.io/
https://orcid.org/0009-0000-8683-1902
https://creativecommons.org/licenses/by/4.0/deed.en


domain. Second, we provide a comprehensive evaluation of our reasoner, highlighting its strengths,
weaknesses, and areas for improvement. Third, we discuss the usage of coding agents for the devel-
opment of OWL DL reasoners, providing insights into the challenges and opportunities presented by
introducing coding agents in the software development pipeline.

The rest of the paper is organised as follows: Section 2 provides the necessary background on DL,
reasoners, and coding agents. Section 3 highlights the methodology used for the development and
maintenance with coding agents. Section 4 describes the design and implementation of our reasoner.
Section 5 presents the validation process and the results obtained. Finally, Section 6 discusses the
lessons learnt during the process, and Section 7 concludes the paper with future work directions.

2. Background and Related Work

DL is a decidable, expressive subset of First-Order Logic (FOL) [17] that provides formal knowledge
representation languages. Its expressiveness has been already studied and analysed [18, 19], and it has
been shown that DL can be used to represent the numerical constraints. Concepts in DL are represented
in terms of axiom types, which can be categorised into TBox and ABox axioms [2].

OWL DL Reasoners. OWL DL reasoners support tasks such as consistency checking, classification,
and instantiation [20]. Over time, several OWL DL reasoners have been developed, including Pellet [3],
HermiT [4], FaCT++ [6], and Konclude [7], which have been studied for their efficiency and robustness
in handling various reasoning tasks [21, 22]. Additionally, approaches such as justification-based
techniques [23, 24] and delta-reasoning [25] have been widely used to enhance the performance of
reasoning tasks. OWL reasoners have also been integrated with other systems, such as rule engines [26],
and to support more complex reasoning scenarios and domain-specific languages [27, 28]. While several
profiles have been developed to reduce the complexity of OWL DL reasoners [29, 30, 31, 32], many
reasoners are currently not actively developed or abandoned, leading to unpatched bugs, or a lack of
emerging features like RDF-star1 and RDF 1.22.

Coding Agents. To facilitate the development and maintenance of software systems, coding agents
and AI-assisted programming tools can be employed to automate parts of the development process.
Coding agents, such as GitHub Copilot [33, 34] and Claude [35, 36], leverage large language models
(LLMs) to generate code snippets, suggest improvements, and assist with debugging. These tools can
help developers by providing code suggestions based on natural language descriptions, reducing the time
and effort required for coding tasks. LLMs and coding agents have proven effective for testing [37, 38, 39],
repair [40, 41], and development [42, 43]. Because they are context-aware and have access to the whole
software codebase, software agents can analyse existing code and provide relevant suggestions, which
makes them capable of handling more complex programming tasks for code generation. This has
opened up new possibilities for automating various aspects of software development. Tools such as
RALPH3 and KISS AI4 can be used to manage the development process, track changes, and ensure that
the codebase remains consistent and up-to-date. By leveraging coding agents, developers can focus on
higher-level design and logic while automating routine coding tasks, leading to faster development
cycles and improved software quality. Coding agents can also assist in maintain scientific software,
which is often complex and requires ongoing maintenance to ensure its reliability and relevance [44].

In this paper, we want to fill the gap between coding agents and DL reasoner development and
maintenance by presenting OxidOWL, a DL reasoner developed and maintained through coding agents
for reasoning tasks over OWL ontologies. This work aims to highlight the potential of coding agents

1https://w3c.github.io/rdf-star/cg-spec/editors_draft.html
2https://www.w3.org/TR/rdf12-concepts/
3https://github.com/snarktank/ralph
4https://github.com/ksenxx/kiss_ai/
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Figure 1: Execution flow of the development process for a feature or implementation. The prompt can be

structured as: Add support for insert and delete queries in sparql. It can further be structured as Implement the
cache for the reasoner using LRU eviction policy while ensuring that it supports incremental reasoning to improve
the performance of the reasoner. Overall, for more complex tasks, a more detailed prompt would lead to better

outcomes.

in the development of complex software systems, and to provide insights into how these tools can be
effectively used in the context of ontology engineering and web semantics.

3. Methodology

In this section, we detail the development and maintenance process of software with coding agents. For
both development and maintenance processes, we used GitHub Copilot Pro, leveraging Claude Sonnet as
agent. The development started with Claude Sonnet 3.7. During the overall process, the agent improved,
and Claude Sonnet 4 and Claude Sonnet 4.5 were later used. For the implementation, we used Rust
as programming language due to its performance, safety features, and strong support for concurrent
programming, which is beneficial for building a robust reasoner. For the current development, we
only iterated through a single agent, requiring manual intervention to check the output and provide
feedback. Furthermore, the developers performed thorough testing, and the output was used to provide
feedback to the agent.

3.1. Software Development with Coding Agents

The development process, shown in Fig. 1, follows an iterative process in which different features are
first developed by the agent, and then checked to ensure that no bugs were introduced. If bugs are
found, the agent deals with them by inspecting the command line output. After this check passes, tests
are created and run. They follow the same pattern to ensure that both the feature and the tests correctly
solve the request.

Through several iterations, we used coding agents to generate the codebase, implement algorithms,
and perform testing and debugging. This approach allowed for rapid prototyping and iterative refine-
ment of the reasoner’s components. However, coding agents might not fully understand the request,
leading to errors in the logic of the program. For example, if the prompt was not precise enough, the
resulting implemented code could result in unexpected behaviours. Overall, the development process
involved the following steps:

• Requirement Analysis to define the functionalities and features required for the reasoner. This
process involved specifying the supported DL constructs, reasoning tasks, and performance goals.

• Code Generation to generate code and modules based on the defined requirements.
• Testing and Debugging done by employing coding agents to create test cases, identify bugs,

and suggest fixes.



• Optimisation to refine the code for performance improvements and implement additional
features as needed.

• Documentation to facilitate future maintenance and development.

This iterative approach enabled us to build a functional and efficient DL reasoner while leveraging
the capabilities of coding agents to enhance the development workflow. Furthermore, since coding
agents organise the development process in a structured way, it allows for better tracking of progress
and easier identification of areas that require further attention or improvement. In this sense, coding
agents proved to be effective in building a complex software system like OxidOWL.

3.2. Software Maintenance with Coding Agents

We used coding agents not only for the initial development of OxidOWL but also for its ongoing
maintenance. Coding agents assist in identifying bugs and suggesting code improvements, as well as in
implementing new features. This collaborative approach can help ensure that the reasoner remains
up-to-date with the latest advancements in DL reasoning and continues to meet user needs effectively.
Figure 2 shows the process that the coding agent follows during the maintenance request. For the
maintenance process, we followed an iterative approach similar to that in the development phase:

• Issue Identification, where we can either use coding agents to help identify bugs, performance
bottlenecks, and areas for improvement in the codebase, or users can report issues directly in
the chat. Here, GitHub Copilot with Claude Sonnet proved to be effective tools. Through shell
integration, they can analyse execution and build output to identify and correct issues.

• Code Review by employing coding agents to review the existing code to suggest optimisations
and ensure adherence to coding standards.

• Feature Implementation by providing requirements for features to extend the existing codebase,
and using coding agents to generate the necessary code.

• Testing and Validation to ensure that changes do not introduce new issues and that the reasoner
continues to function correctly.

• Documentation Updates to reflect any changes made to the codebase, ensuring that users and
developers have access to accurate information.

Overall, the use of coding agents in both the development and maintenance of OxidOWL enhanced the
development and maintenance of the reasoner, allowing for rapid iteration and continuous improvement.
The total time spanned approximately six months. This proved to be a viable approach for building
complex software systems like OWL DL reasoners, demonstrating the potential of coding agents in
software engineering tasks. To ensure the correctness of the reasoner output, testing solutions were
employed. More information is provided in Sect. 5.

3.3. Automating the Planning Phase

To refine the development process and to generate a structured plan, the plan feature integrated
within GitHub Copilot with Claude Sonnet helps in creating a more structured prompt. The planning
process involved the following steps: (1) definition of requirements and objectives; (2) generation of a
comprehensive development plan outlining the key milestones, tasks, and timelines; (3) in each iteration,
further questions, generally three, are posed to the user on how to better refine the prompt and take
decisions for the desired outcome; (4) based on the feedback, the agents revise the plan to ensure that it
aligns with the project goals; (5) finally, the finalised development plan is generated, and used to guide
the implementation process.

The planning process can significantly enhance the development process by providing a clear roadmap
and ensuring that all aspects of the project are considered from the outset. Furthermore, since the
document produced is already structured as a markdown file, it can be directly integrated into the
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Figure 2: Execution flow of the maintenance process for a feature or implementation. The prompt can be

structured as: Executing the command oxidowl –input ... generates the following error output ..... The prompt

can be further refined with Identify the cause and fix the error, but generally providing the error message is

enough to proceed to the fixing phase. For improvements, prompts can be structured as Make a deep analysis
for the project. Analyse when unwrap() expect() or clone() have been used. Check if they can be replaced
for better efficiency and safety. Make a thorough analysis of the project to identify possible elements that might be
modified to improve the overall efficiency and safety of the project.

project, facilitating easy access and reference. This approach not only streamlines the planning phase
but also ensures a prompt that is best suited for coding agents to follow.

During the development of OxidOWL, we used the planning phase only for later maintenance as,
at the time of development, the feature was not yet present and planning was done by prompting the
agent to plan the roadmap through files.

4. OxidOWL

In this section, we describe the design and implementation of OxidOWL5. We outline the architecture,
key components, and usage of the reasoner for different tasks. The resulting software of approximately
106,976 lines of code (excluding tests) is completely done by the coding agents, where the code is fully
generated by the coding agents and the portion of code written by the developer is negligible (i.e. less
than 1%). To develop the reasoner, we used the material as input described in Sect. B.

4.1. Architecture Overview

OxidOWL is a tableau-based reasoner for the Description Logic 𝒮ℛ𝒪ℐ𝒬𝒱 built to work with OWL 2
ontologies following the hyper-tableau algorithm [45] employed in HermiT [46], while incorporating
optimisations from other reasoners like Konclude [7]. The high-level architecture of OxidOWL, depicted
in Fig. 3, consists of the following key components:

• Public API Layer: This layer provides interfaces for users to interact with the reasoner, including
ontology loading, query processing, and reasoning task execution.

• Reasoner Core: The core component responsible for managing reasoning tasks, coordinating
between different services, and handling communication with the API layer.

• Saturation Engine: This module performs pre-processing of ontologies to apply deterministic
rules and optimisations before invoking the tableau algorithms.

• Tableau Algorithm: This module implements the hyper-tableau algorithm and other reasoning
strategies, providing the necessary logic for inference.

5The code for the reasoner can be found on GitHub at https://github.com/sievericcardo/oxidowl

https://github.com/sievericcardo/oxidowl
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Figure 3: High-Level Architecture of the OxidOWL Reasoner. The diagram illustrates the main components and

their interactions within the reasoner. Each layer is encapsulated in a dashed box and each sub-components are

highlighted in different shades for clarity and clear separation.

• Core Components: These components include strategies for blocking, completion, expansion,
and dependency tracking, which are essential for the tableau reasoning process.

• Data Management: This module handles ontology storage, caching, and DL clause generation,
ensuring efficient data access and manipulation during reasoning.

Finally, we integrated in the reasoner a dedicated triplestore that manages data and facilitates query
processing, which can be enabled or disabled based on user requirements. This allows SPARQL queries
to interact with ontologies, enabling users to perform complex queries and retrieve inferred knowledge
efficiently.

The overall development and maintenance of OxidOWL, shown in Tbl. 1, highlights the overall
quality of the generated codebase. Specifically, elements like the Tableau Algorithm, were not fully
developed at first by the agent, leaving many functions or features as TODO. This was caused by both
a limited context space (smaller than 150K token), while the agent had to keep track of the whole
application that had to be developed. In this regard, a planning phase, or a more granular approach
can help mitigating it, as the different steps gets treated as single tasks, allowing for an optimisation of
context compression.

4.2. Using the Reasoner

OxidOWL is designed to be usable both as a standalone application through a Command Line Interface
(CLI) and as a library integrated into other software systems. Users can interact with the reasoner
through its Public API Layer, which provides functions to load ontologies, execute reasoning tasks, and
retrieve results. The standalone application allows users to perform reasoning tasks directly from the
command line, supporting different tasks such as consistency checking, classification, following the
tasks available in HermiT.



Table 1

Analysis of the quality of the generated code of Claude Sonnet within GitHub Copilot during the implementation

of the different main components of OxidOWL. The table defines the capability of the agent on implementing

with a scale that goes from 1 to 5, where 1 means that the agent was not able to implement the component

properly and required a several refinements from the developer through several requests, 3 means that the

agent was able to implement the component albeit with some errors and missing features, and 5 means that the

agent was able to implement the component correctly. The last column describes the interactions done by the

developer to ensure a correct implementation.

Component Agent Capability Human Interaction

Public API Layer 5 No further interaction from the Human was required for the

Public API Layer.

Reasoner Core 3 While the first code was easily computed, several errors were

given for not fully adhering to Rust patterns.

Saturation Engine 5 While the Saturation Engine was brought up at a later time

during the optimisation phase of the reasoner, Claude Sonnet

was able to correctly implement it.

Tableau Algorithm 2 The first version of the algorithm was lacking. Most functions

were kept as TODOs, many errors in Rust were present, and

some aspects of the reasoning algorithms were not fully imple-

mented. Major interactions were required to make the imple-

mentation complete.

Core Components 4 While the agent did not cover all element and all cases, the

generated code was working correctly.

Data Management 5 The Data Management Layer was well implemented by the

agent. Some components have been modified over time to im-

prove the performance, but almost no supervision was required.

The library allows developers to integrate OxidOWL into their applications, allowing users to
leverage the reasoning capabilities of OxidOWL in various contexts, from web applications to data
analysis tools. Through the configuration file, the user can define the type of reasoning algorithm,
blocking strategy, and expansion strategy. It further allows to use incremental reasoning, define the
maximum expansion depth, and caching options. Moreover, the user can enable or disable the triplestore
integration based on their needs and define the port number for SPARQL query access.

Currently, OxidOWL supports OWL 2 ontologies serialised in RDF/XML, Turtle, and OWL Func-
tional Syntax formats. Future plans include expanding support to additional serialisation formats and
enhancing the reasoner’s capabilities to handle larger and more complex ontologies efficiently.

5. Validation

In this section, we describe how we answered the research questions, and the corresponding results
obtained. Finally, we consider the current limitations that can arise in the process.

5.1. Experiment Setup

For the development and maintenance of the reasoner we used the add-on of GitHub Copilot for Visual
Studio Code, allowing us to have the complete set of agents to employ directly in the development
environment. For performance evaluation, we setup OxidOWL to be used as a standalone CLI applica-
tion, generating the binary with cargo build --release to ensure that an optimised binary was
generated. We evaluated the system on a Linux Server with 8 cores and 16 GB or RAM.



Table 2

Results of the language-based testing (a) and mutation-based testing (b) conducted on OxidOWL to verify its

capacity to parse ontologies and correctly handles mutated ontologies. For mutation-based testing, we employed

HermiT and Konclude as oracles.

Format Tests run Pass Rate

Functional Syntax 22 27%
OWL/XML 18 39%

Turtle 24 35%
RDF/XML 20 35%

CrossSyntax 10 50%

(a) Results of the first language-based testing campaign on Oxid-
OWL. The second campaign had a rate between 75 and 100%.
We then achieved 100% in every category in the third campaign.

Metric Value

Parse errors 801

Annotation errors ∼500

SWRL errors ∼220

IRI errors ∼60

Equiv-disj bugs ∼1600

(b) Findings of the mutation-based testing
campaigns on OxidOWL over more
than 50,000 tests.

5.2. Results

To answer RQ1, we tested the reasoner to verify both the quality of the produced result and to highlight
possible errors or areas of improvement to further refine and maintain the reasoner. To this end, we
tested OxidOWL in a two-fold manner: (1) we tested the reasoner with a set of ontologies to ensure
the correctness of the reasoner with respect to OWL grammar; and (2) we evaluated the reasoner to
correctly handle reasoning tasks with unexpected inputs.

We applied language-based testing [12] to generate a set of ontologies that would capture both valid
and invalid constructs of the OWL 2 DL grammar. We generated a set of ontologies that would cover the
whole grammar, and used them as input for OxidOWL. The reasoner was initially not able to handle all
the constructs. Through several iterations and three campaigns, we were able to achieve full coverage
of the OWL generated grammar, demonstrating the effectiveness of coding agents in developing and
maintaining the reasoner.

To evaluate OxidOWL against different types of input, we further applied mutation-based testing,
a testing technique that creates new tests cases by changing part of existing ones, generating muta-
tions [13]. We applied this technique to generate a set of ontologies by applying mutations. These
mutations included adding, removing, or modifying axioms in ontologies. We then used these mutated
ontologies as input for OxidOWL to evaluate its robustness and ability to handle unexpected inputs.

Within the first campaign, many mutation patterns were initially not handled correctly by OxidOWL.
Following the testing results, we improved the reasoner to fix the issues through several iterations. We
proceeded with seven testing campaigns until we were able to handle all mutation patterns, further
demonstrating the effectiveness of coding agents in maintaining the reasoner. The overall result of both
language-based testing and mutation-based testing are shown in Tbl. 2, where we detail the type of
errors identified during the tests. Within both testing campaigns, we were able to identify several errors
in the reasoner, including parsing errors, annotation errors, SWRL errors, and IRI errors. Some of these
errors were due to the fact that we implemented custom parsers for some of the OWL syntaxes, which
were not fully available within the libraries used. However, this proved helpful in showing how we
could integrate them with coding agents, and how they can be effectively used to identify and address
these issues.

While both language-based and mutation-based testing were helpful in identifying bugs in the
grammar and in the language, they might not be covering OWL as a whole. As such, we plan to
integrate these tests alongside the OWL conformance recommendation.6

To answer RQ2, we evaluated the performance of OxidOWL (version 0.10.0) against the OWL
Reasoner Evaluation (ORE) 2014 [47] and the OWL Reasoner Evaluation (ORE) 2015 [48] benchmark
suites. The benchmark suites consist of a set of ontologies and reasoning tasks, including classification,
consistency checking, and instance retrieval (identified as Realisation). We conducted two testing cam-

6https://www.w3.org/TR/owl2-conformance/.

https://www.w3.org/TR/owl2-conformance/


ORE 2014 ORE 2015
0255075100125150175

Ex
ec

ut
io

n
Ti

m
e

(s
ec

on
ds

)
ORE 2014: n=66745, 𝜇=7.83s, median=0.06s
ORE 2015: n=1298, 𝜇=17.58s, median=1.00s

Execution Time Comparison: ORE 2014 vs ORE 2015

(a) Execution time distribution of the OxidOWL
reasoner on the ORE 2014 and 2015 competi-
tion dataset. The dashed line represents the
mean execution time.

Classification Consistency Realisation
0

20
40
60
80

100

Co
rr

ec
tn

es
sR

at
e

(%
)

96.6%
(32284/33419)

96.9%
(31459/32468)

51.9%
(3002/5787)

95.3%
(602/632)

95.0%
(554/583)

55.7%
(142/255)

Correctness Rate by Test Type (Excl. Timeouts): ORE 2014 vs ORE 2015
ORE 2014
ORE 2015

(b) Correctness rate of the OxidOWL reasoner on the ORE
2014 and 2015 competition dataset. To check if the tests
were correct, we excluded the ones that resulted in timeout.

Figure 4: Benchmark of OxidOWL with the ORE 2014 and ORE 2015 dataset. (a) captures the execution time of

OxidOWL within the different dataset, and (b) highlights, for each category, the percentage of correct tests. We

limit the execution time to 180 seconds, resulting in a failure if the reasoner took more than that time.

paigns of tests with two sets of timeouts to ensure that all tests would end in a timely manner and to
verify the entire coverage of tests from OxidOWL, namely 180 seconds and two hours.

The results of the first campaign are shown in Fig. 4. The results showed good execution time for
the task OxidOWL was able to solve, albeit with a high number of timeouts (overall, the completion
rate for ORE 2014 was 83.4%, and 51.0% for ORE 20157). Overall, while the results indicate that
OxidOWL performs well, they also highlight areas for improvement in terms of handling a wider range
of reasoning tasks and improving scalability, especially for realisation tasks.

The main set of errors that we encountered during the execution include:

• Errors in parsing some prefix starting with “ˆˆ” (e.g. ˆˆxsd) that resulted in failure to parse the
input ontology;

• Unmatched parentheses when line breaking, resulting in improper parsing of the ontology;
• Errors with relative IRI that lead to an unrecognised element; and
• Stack overflow during the realisation task due to missing depth checking and lack of efficient

implementation.

The results of the second campaign with two hours for the timeout are shown in Fig. 5. With a longer
timeout, OxidOWL was effective in completing a greater number of tasks, leading to a completion rate
of 91.0% for ORE 2014 (albeit on a subset of the whole dataset) and 62.7% for ORE 2015. However, the
results also indicate that OxidOWL still struggles to complete some tasks in a reasonable time frame,
especially for ORE 2015. This suggests that while OxidOWL has viable performance, there are still
areas for improvement in terms of handling more complex reasoning tasks and improving scalability,
especially for realisation tasks. The results show that OxidOWL is a promising reasoner, but further
work is needed to enhance its performance and scalability for a wider range of reasoning tasks.

The results for the second campaign might appear counter-intuitive due to the lower number of
correct results compared to the 180 seconds campaign within the realisation tasks. This is mainly due
to the fact that some of the aforementioned errors occurred within the longer timeout, causing a lower
number of correct tests. Nevertheless, the errors identified during both campaigns are still valuable, as
we can use the data to patch them, improve areas that were highlighted during the testing part, and
ensure a more thorough implementation using the two datasets as a test platform.

7While the experiments were conducted under different conditions, the completion rate for ORE 2015 was 78% for HermiT
and 96% for Konclude
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Figure 5: Benchmark of OxidOWL with the ORE 2014 and ORE 2015 dataset. (a) captures the execution time of

OxidOWL within the different dataset, and (b) highlights, for each category, the percentage of correct tests. We

limit the execution time to 2 hours, resulting in a failure if the reasoner took more than that time.

To answer RQ3, we analysed the development process of OxidOWL using coding agents. We
inspected the code generated by the coding agents, both in terms of correctness and efficiency. For
the former, we used unit tests, for the latter, by verifying the code against Rust best practices. We also
evaluated the time taken to develop and maintain the reasoner using coding agents. We chose to build
a reasoner without having thorough knowledge of how DL reasoners are normally implemented. This
allowed us to fully harness coding agents without imposing our knowledge or way of working during
the development and maintenance process. Time-wise, the overall development spanned a 6 months
period, none of which was full time for the development of the reasoner.

On the correctness of the code generated by coding agents, while coding agents were able to generate
code that was syntactically correct, there were instances where the generated code did not fully adhere
to the intended logic or design patterns. This required human intervention to instruct the coding agents
accordingly to enforce certain design principles or to correct logical errors.

Furthermore, we observed that coding agents sometimes produced code that could result in potential
errors. Specifically to Rust, we noticed that the generated code was using instances of unwrap() that
could lead to runtime panic if not handled properly8.This required a thorough review of the generated
code to ensure robustness and safety, which are critical aspects in Rust programming.

Finally, while coding agents were able to generate code quickly, they usually write fewer and larger
files, leading to a more monolithic codebase, which could be hard to maintain in the long term. This
required additional effort to refactor the codebase to improve maintainability.

5.3. Threats to Validity

While our evaluation demonstrates the potential of coding agents in developing and maintaining a DL
reasoner, there are several aspects to be considered:

Internal Threats. The development process using coding agents may require a certain level of
expertise and familiarity with the tools. This could limit the development for people who do not have
experience with coding agents or the specific programming language used. Furthermore, the evaluation
process was able to identify several errors in the reasoner. This was possible thanks to the extensive
material available to do so. However, when developing a reasoner or scientific software with less

8https://web.archive.org/web/20260119221027/https://blog.cloudflare.com/18-november-2025-outage/
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documentation and resources available, it might be harder to identify and address such issues, which
could impact the overall quality of the output software developed with coding agents.

External Threats. The effectiveness of coding agents may vary depending on the specific tools and
models used. Different coding agents may have different capabilities and limitations, which could
impact the development process and the quality of the generated code. Furthermore, the ontologies
used in the evaluation may not fully represent the diversity of real-world ontologies, which could limit
how well OxidOWL performs in practical applications.

6. Discussion

In this section, we highlight the lessons learnt from developing and maintaining an OWL reasoner with
coding agents.

Prompt quality. The quality of the prompt used to instruct the coding agents had a significant impact
not only on the quality of the generated code but also on the speed of development. We identified, for
well-formed input, that the amount of detail in the requirements, as well as the context provided to the
coding agents, would improve the quality of the generated code. In this regard, well-formed prompts
that included a clear description of the functionality to implement, the expected input and output, and
any constraints or design patterns to follow. This emphasises the importance of prompt engineering in
leveraging coding agents effectively.
Insight: To use coding agents to develop and maintain a DL reasoner, the prompt provided to the
coding agents should be well-formed, with clear and detailed requirements regarding the different OWL
constructs to support, the reasoning tasks to implement, and the expected performance goals.

Context. The quality of the input prompt has been found crucial to achieve good results from coding
agents. Providing additional material, such as code snippets, documentation, or examples, proved to
further enhance the quality of the generated code. During the development of OxidOWL, we provided
additional documentation related to OWL, RDF, RDFS, SWRL, and DLs to the coding agents (for a
complete list, see Sect. B). This allowed the coding agent to refer to the official specifications when
generating the code, ensuring compliance with standards and best practices. Furthermore, we also
identified relevant crates9 to use during implementation with the corresponding documentation, which
the coding agents could leverage to implement specific functionalities more effectively. We provided the
crate firsthand, since coding agents might not have the full extent of the currently developed libraries
for the chosen programming language.
Insight: Context is crucial for coding agents to generate high-quality code. Providing additional material
as shown in Sect. B can significantly enhance the quality of the generated code by allowing coding
agents to refer to relevant documentation and examples.

Further refinement. Coding agents were able to generate code quickly. However, the generated
initial code often required further refinement and optimisation to meet the desired quality standards.
Among these, review of the code for correctness, efficiency, and adherence to best practices. Coding
agents might not always follow the intended design patterns or architectural principles, which requires
human intervention to guide them in aligning the code with the overall design goals and best practices.
Insight: While coding agents can generate code quickly, the generated code often requires further
refinement and optimisation to meet the desired quality standards. This includes reviewing the code
for correctness, efficiency, and adherence to best practices, as well as iteratively refining the code to
improve its structure and modularity. To address this, at least partially, it is possible to provide coding
agents with specific design patterns and architectural principles to follow, which can help guide the
code generation process and reduce the need for extensive refinement.
9A crate is a package of Rust code that can be imported as a library.



Human-in-the-loop. Despite advancements in coding agents, human oversight and intervention
remained crucial throughout the development process. Human developers played a key role in guiding
the coding agents, reviewing the generated code, and ensuring that it met the desired quality standards.
However, by means of sub-agents, coding agents can be used to automate the testing process, and to
provide feedback to the main agent by making them more autonomous. This can further reduce the
need for human intervention and allow for a more efficient development process. In this regard, we
plan to explore the use of multi-agent systems in future work.
Insight: Human oversight and intervention remain crucial when using coding agents for software
development. Human developers can guide the coding agents, review the generated code, and ensure
that all components are appropriately integrated and meet the desired quality standards.

Applicability to specialised tasks. Coding agents demonstrated the ability to handle specialised
tasks, such as developing a DL reasoner, which requires domain-specific knowledge and expertise.
However, the effectiveness of coding agents in specialised domains depended on the availability of
relevant data and knowledge. In this regard, developing and maintaining a specialised reasoner with
agents like GitHub Copilot and Claude Sonnet could be feasible, provided that the coding agents have
access to sufficient domain-specific information and context.
Insight: Coding agents can be effective in developing and maintaining scientific software. Their
effectiveness depends on the availability of relevant data and domain knowledge. In the context of
developing a DL reasoner, this reflects to the availability of documentation, code snippets, and examples
related to OWL, RDF, RDFS, SWRL, and DLs, as well as relevant libraries and tools.

7. Conclusion

In this paper, we presented OxidOWL, an OWL DL reasoner developed and maintained using coding
agents. We discussed the design and implementation of the reasoner, highlighting the role of coding
agents in the development process. Our evaluation demonstrated that OxidOWL performs comparably
to traditional DL reasoners in terms of reasoning tasks, showcasing the potential of coding agents for
both development and maintenance in this domain.

We further showed how coding agents can help developers in the development and maintenance of
complex software systems where the domain knowledge is crucial and the software is often complex
and requires ongoing maintenance to ensure its reliability and relevance. We also identified current
limitations and challenges associated with using coding agents for development.

Moreover, this paper only covered the development and maintenance of an OWL DL reasoner, and the
test of its features. In future, we plan on integrating OxidOWL with existing semantic web frameworks
and tools, to facilitate its adoption in real-world applications, and to explore the potential of coding
agents in enhancing interoperability and usability in broader areas.

Furthermore, while OxidOWL was able to perform reasoning tasks in a timely manner for the
completed tasks, we plan to investigate its scalability in handling larger and more complex ontologies,
as well as its performance in real-time reasoning scenarios. This will help us understand the limitations
and potential optimisations for coding agents in the context of reasoning systems. We also plan on
testing OxidOWL with a wider range of reasoners, to further evaluate its performance and identify
areas for improvement.

Finally, we aim to explore the applicability of coding agents in developing reasoners for other logic-
based formalisms, such as rule-based systems or temporal logics, to further assess their versatility and
effectiveness in various domains of knowledge representation and reasoning.

Declaration on Generative AI

GitHub Copilot and Claude Sonnet were used for development and maintenance of OxidOWL and for
code completion and rapid prototyping. No Generative AI was used to write the content of the paper.
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Figure 6: Completion Rule flowchart for the OxidOWL reasoner

A. More Details on OxidOWL

During the development of OxidOWL, we explored various design choices and implementation strate-
gies to improve performance and usability. This appendix discusses the technical aspects of OxidOWL,
including its architecture, algorithms, and data structures.

A.1. Completion Rule

Figure 6 illustrates the completion rule applied in OxidOWL during the execution of the Tableau
algorithm. The figure provides a visual representation of how the completion rule operates within the
system, highlighting the key components and their interactions. Specifically, the algorithm checks
for applicable rules and applies them to extend the tableau, ensuring that all necessary conditions are
met for successful reasoning. It further checks whether some blocking strategies need to be applied,
and marks such nodes as blocked. It further checks for clashes in the tableau, which would indicate
contradictions in the logical statements being processed.



A.2. Implementation Details

As mentioned in Sect. 3.1, OxidOWL is implemented in Rust, leveraging its strong type system and
performance capabilities. The core components of the source code of OxidOWL are structured across
the following folders:

• Core Reasoning Engine implements the reasoning algorithms.
• Ontology Management handles the manipulation of ontologies.
• Input Parsers supports various ontology formats, including OWL and RDF.
• Query Engine handles queries over the ontology.
• SWRL Support enables reasoning with SWRL rules.
• OWL 2 Profile Support provides reasoning for OWL 2 profiles such as ℰℒ, 𝒬ℒ, and ℛℒ.
• Server allows for access to the reasoning engine for query execution.
• Distributed Reasoning supports distributed computation for large ontologies.
• DL Clause Generation converts ontological axioms into DL clauses for reasoning.
• Import Resolution manages ontology imports and dependencies.
• OWL/RDF Semantics implements the formal semantics of OWL and RDF.
• OWL 2 DL Validation validates ontologies against OWL 2 DL constraints.

The modular design of OxidOWL allows for easy extension and integration. The code can be
found on GitHub at https://github.com/sievericcardo/oxidowl. The various stages of development and
maintenance are highlighted through the various pull requests in which the various features and bug
fixing were tackled over time.

A.3. Reasoner Flow

The reasoning flow in OxidOWL is illustrated in Fig. 7. The process begins with the loading of an
ontology through the Public API Layer, which then passes the ontology to the Reasoner Core. The
core component orchestrates the reasoning tasks by invoking the appropriate tableau algorithms, data
management, and strategies.

The tableau algorithms process the ontology, applying the necessary reasoning strategies to derive
logical consequences. The core components manage the various aspects of the reasoning process,
ensuring that blocking, completion, expansion, and dependency tracking are handled effectively. It
further employs caching systems to optimise performance during reasoning tasks. We used Least
Recently Used (LRU) eviction policy to manage memory usage effectively.

To further enhance the reasoning process, we employed a set of deterministic rules (e.g. conjunction,
subclass, equivalence„ etc.) within the saturation engine. These conditions are pre-computed to optimise
the application of expansion rules during reasoning, reducing unnecessary computations and improving
overall efficiency. The saturation engine applies the rules to the ontology before invoking the tableau
algorithms. By doing so, it reduces the number of inferences that need to be handled by the tableau,
which is typically more computationally intensive. By appropriately marking concepts based on their
saturation status, the reasoner can make informed decisions about when to escalate to full tableau
reasoning. It can further support incremental reasoning by re-saturating only affected concepts when
the ontology changes, avoiding full recomputation.

B. Input used for the development of OxidOWL

To ensure that the agent could have complete overview of the standards, features, and available sources
that were relevant for the development process, the following links were provided to the agent

• OWL - https://www.w3.org/TR/owl-features/
• OWL 2 - https://www.w3.org/TR/owl2-primer/

https://github.com/sievericcardo/oxidowl
https://www.w3.org/TR/owl-features/
https://www.w3.org/TR/owl2-primer/
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Figure 7: Reasoning flow for OxidOWL. The diagram illustrates the interactions between the main components

during a reasoning task, highlighting the cache hit and miss scenarios employed for improved performance.

The loop within the Executor represents the iterative application of tableau rules until completion. They are

employed to apply the different tableau rules, detection of clases in the reasoning process, update the blocking

strategy, and check for completion.

• OWL 2 overview - https://www.w3.org/TR/owl2-overview/
• OWL 2 mapping to RDF - https://www.w3.org/TR/2012/REC-owl2-mapping-to-rdf-20121211/
• OWL 2 XML serialisation - https://www.w3.org/TR/2012/REC-owl2-xml-serialization-20121211/
• OWL 2 functional - https://www.w3.org/TR/2012/REC-owl2-syntax-20121211/
• OWL 2 Manchester - https://www.w3.org/TR/2012/NOTE-owl2-manchester-syntax-20121211/
• OWL 2 RDF - https://www.w3.org/TR/2012/REC-owl2-mapping-to-rdf-20121211/
• OWL 2 Turtle - https://www.w3.org/TeamSubmission/turtle/
• RDF semantics - https://www.w3.org/TR/rdf11-concepts/
• RDF - https://www.w3.org/RDF/
• RDFS - https://www.w3.org/TR/rdf-schema/
• SWRL - https://www.w3.org/submissions/SWRL/
• HermiT - https://github.com/owlcs/hermit-reasoner
• Konclude - https://github.com/konclude/Konclude

Adding them to the context allows coding agents to have a more thorough understanding of the
information required to complete the task as requested. We uploaded on Zenodo [49] the different plans
generated for the implementation of new features and maintenance of OxidOWL, as well as some of
the documents that were asked to the agent to produce to document the development, testing, and
improvement process. However, since we started with a different methodologically approach, we lost
some of the data regarding the initial development prompts.

C. Additional Material Provided as Input to Coding Agents

As mentioned in Sect. 3.3, we can construct the prompt to feed to GitHub Copilot by means of planning.
Through successive interactions, the plan component generates a Markdown file containing the whole

https://www.w3.org/TR/owl2-overview/
https://www.w3.org/TR/2012/REC-owl2-mapping-to-rdf-20121211/
https://www.w3.org/TR/2012/REC-owl2-xml-serialization-20121211/
https://www.w3.org/TR/2012/REC-owl2-syntax-20121211/
https://www.w3.org/TR/2012/NOTE-owl2-manchester-syntax-20121211/
https://www.w3.org/TR/2012/REC-owl2-mapping-to-rdf-20121211/
https://www.w3.org/TeamSubmission/turtle/
https://www.w3.org/TR/rdf11-concepts/
https://www.w3.org/RDF/
https://www.w3.org/TR/rdf-schema/
https://www.w3.org/submissions/SWRL/
https://github.com/owlcs/hermit-reasoner
https://github.com/konclude/Konclude
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Figure 8: Comparison benchmark between HermiT, Konclude, and OxidOWL. (a) shows the result with the

ORE 2014 dataset (b) shows the result with the ORE 2015 dataset.

prompt. However, we further improve the code generation process by feeding instructions to GitHub
Copilot as a Markdown file. In the file, we specify programming aspects that we want to be enforced
when proposing a technical solution. Among these, we specify:

• Overview where we provide a high-level overview of the project and the key concepts.
• Core Responsibilities for the coding agents, detailing the aspect that must be followed (e.g. code

generation, code review, optimisation, testing, etc.).
• Communication Style to enforce certain patterns during the agents execution; we can request to

provide clear explanation for the different choices taken.
• Coding Standards where we can enforce certain aspects related to the programming language (e.g.

avoiding the usage of unchecked unwrap).
• General Rules that have to be observed at all time, either technical (avoid unsafe in Rust), or

general (e.g. “Never use deprecated library or unstable features without proper justification”)

It is also useful to provide an example for the task to be executed for the agents to follow. For example,
we can provide the following

1. Understand the Problem: Restate what’s being asked.
2. Propose a Solution: Outline approach and reasoning.
3. Implement the Code: Provide idiomatic Rust implementation.
4. Explain the Design: Describe trade-offs, safety guarantees, and performance characteristics.
5. Next Steps: Suggest how the user might test or extend the solution.

By feeding the instruction file, we can improve the overall development by providing certain condi-
tions and standards that we want to be enforced during the development process.

D. Comparison of OxidOWL with Other Reasoners

To further compare and contrast the performance of OxidOWL with HermiT and Konclude, we tested
all three reasoners against a subset of classification and consistency tasks of ORE 2014 dataset and over
all the ORE 2015 dataset. The tests were conducted using the HermiT binary10 and the installed version
of Konclude11. We used binaries for all three reasoners to ensure similar conditions and to compare the
three reasoners.
10http://www.hermit-reasoner.com/download.html
11https://github.com/konclude/Konclude

http://www.hermit-reasoner.com/download.html
https://github.com/konclude/Konclude


Table 3

Breakdown of the lines of code and number of modules for each main component of OxidOWL.

Component Lines of Code Number of Files

Core Engine 23227 43

Reasoner 1307 5

Saturation Engine 4321 7

Tableau Algorithm 5801 12

Hypergraph 1486 2

Query 18456 21

Parsers 11086 9

Ontology 5186 7

SWRL Support 13558 26

Following the tests conducted in Sect. 5, we applied a timeout of 180 seconds for these tests as well.
We then used the results to compare the execution time for the different reasoners within the different
datasets. As shown in Fig. 8, the overall performance of OxidOWL is comparable in terms of execution.
While Konclude was still the fastest of the three, the difference, in terms of median value, OxidOWL
showed to be a viable alternative.

E. Development and Maintenance Timeline of OxidOWL

In Tbl. 3, we provide a breakdown of the lines of code and number of modules for each main component
of OxidOWL, giving an overview of the size and complexity of the different components. The core
engine is the largest component in terms of lines of code, followed by the query engine and SWRL
support. The number of modules also varies between components, with the core engine having the
most modules, reflecting its central role in the reasoning process. This breakdown provides insight into
the structure and organisation of the OxidOWL codebase.

The development of OxidOWL started in mid 2025, with the initial implementation of the core
reasoning engine and basic support for OWL 2 DL. The first five versions were not initially fully
released via GitHub release, but rather developed iteratively with regular commits and pull requests
to the GitHub repository. The initial development phase focused on implementing the core reasoning
algorithms and ensuring compliance with OWL 2 DL standards, followed by several updates that added
support for additional features such as SWRL rules and OWL 2 profiles.

The first official release of OxidOWL was made available in November 2025, marking a significant
first step in the project, where most of the core features were implemented and tested, and unwrap
calls present were removed from the codebase.

The maintenance phase has been ongoing since the initial release, with regular updates to fix bugs,
improve performance, and add new features and evolving standards. The development timeline is
documented through the various pull requests and commits on the GitHub repository, providing a clear
history of the project’s evolution.

The overall development and maintenance process has spanned for a year, with continuous improve-
ments and updates to ensure that OxidOWL remains a robust and efficient reasoner for OWL 2 DL
ontologies. However, since the codebase has been generated by coding agents, the development process
has been more iterative and less linear than traditional software development, with multiple features
being developed in parallel and integrated over time.

The actual time spent developing and maintaining OxidOWL is difficult to estimate, as the coding
agents worked in the background with the review happening after they finished their task. However,
the overall timeline of the project, from initial development to the current state, is still estimated to be
less than three months of work. This time also considers the time taken for the initial design time and
planning phase.
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