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Abstract

Large Language Models (LLMs) have demonstrated remarkable capabilities in language understanding and
generation, yet persistent challenges in reliability, explainability, and factual grounding limit their adoption in
safety-critical and knowledge-intensive domains. This paper presents an examination of how ontologies are
being used across three research areas to address the shortcomings of LLMs.
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1. Introduction

Artificial intelligence, especially LLMs, has shown impressive analytical and pattern-matching capabili-
ties, but reliability, explainability, and trustworthiness remain common deficiencies. These weaknesses
become more apparent when domain knowledge is needed to provide accurate, reliable answers.
Whether the challenge is the confabulation and unstable reasoning exhibited by LLMs operating with-
out external grounding [1], the difficulty of assigning tasks to heterogeneous human and machine
agents in Industry 5.0 workspaces [2, 3], or the broader need for Al and machine-learning systems to
reason over coherent, validated factual representations [4, 5, 6], the underlying issues remain the same.
Data-driven models, regardless of domain, require a structured symbolic layer that constrains what can
be said, what can be done, and how entities relate. That layer is the ontology.
In this work, we present an examination of how ontologies strengthen distinct research areas:

1. Hybrid LLM-KG systems for verifiable reasoning.
2. Ontology-driven multi-agent frameworks for human-machine collaboration in Industry 5.0.

3. Neuro-symbolic Al applications that leverage these structured knowledge representations for
domain-specific tasks.

Across all three areas, the introduction of ontologies yields concrete and complementary benefits.
The rest of the paper is structured as follows. Section 2 explores the explainable and verifiable
reasoning using ontologies. Section 3 introduces various applications of ontologies in Industry 5.0
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settings. Finally, Section 4 discusses the benefits of having structured knowledge integrated into
neuro-symbolic systems.

2. LLMs’ Synergy with Knowledge-Grounded, Explainable Tasks

LLMs gained strong attention for their language understanding and generation skills, yet they still
produced confabulations or unstable responses when they worked without external knowledge integra-
tions. They further struggle with schema, structural, or symbolic constraints and reasoning, especially
when needed to work with explicitly typed rules or relationships typically found in Knowledge Graphs
(KGs). Prior work showed that these failures reduced factual grounding, weakened explainability,
and limited trust for real-world usecases [1], further making it clear that data-driven models needed
stronger support from structured knowledge and clearer reasoning control. Many of these pitfalls
generally arose from gaps in how current systems integrated external knowledge. Most pipelines relied
on brute-force or unstructured retrieval, which ignored any structural schema constraints. While few
systems produced symbolic retrieval plans [7], the lack of validation towards inconsistent structures in
parsing pipelines [8] reduced trust in machine-generated graphs. These limitations showed how hybrid
LLM systems needed structured representation, schema-aware retrieval, transparent reasoning control,
and reliable validation for stable adoption.

In this work, we present a hybrid framework as a position towards more grounded and reliable
KG-LLM aware system design, by outlining how (a) controlled knowledge representation (machine
and human-readable), (b) structured retrieval, (c) reasoning control through both symbolic and neural
constraints, and (d) graph-based validation through reconstruction address the shared problem space
across research areas. We summarize how controlled language, ontology structure, and constraints
affected ambiguity removal, factual grounding, reasoning behavior, and trust in answer generation by
organizing those ideas into a unified view. This work contributes to the central theme: LLMs need
richer collaboration with ontologies to support explainable and verifiable reasoning, offering a clear set
of directions for building explainable, KG-grounded LLM systems.

2.1. Background and Related Work

Data representations, especially with natural languages, caused various issues with knowledge resolution
and factual breakdown. As a result, controlled natural languages (CNLs) were thoroughly motivated
to restrict the syntax and semantics of natural language and obtain unambiguous, interpretable texts
while preserving accessibility by deterministically translating into discourse structures or further
into first-order logic, OWL, or rule languages [9]. This work demonstrated that carefully designed
linguistic constraints can resolve semantic ambiguity and enable automated reasoning over the resulting
knowledge bases, often critical for mechanisms such as retrieval augmented generation (RAG) systems.
Emerging as a primary strategy for mitigating hallucination through external knowledge integration,
recent surveys distinguished naive text-only approaches from more modular architectures that explicitly
separate indexing, retrieval, and augmentation stages. Within this space, GraphRAG methods leverage
graphs (especially KGs) as structured backends, exploiting their ontology to retrieve subgraphs aligned
with the requirements over flat chunks [10] and improve reasoning and traceability compared to naive
embedding search [11]. However, most existing pipelines focus on retrieval quality and coverage and
pay comparatively little attention to knowledge conceptualization and representation (e.g., reification
or schema density) or how minimal, schema-aligned subgraphs should be selected to feed into LLMs.
A large body of work studying multi-hop question answering over KG [12] highlighted the need to
combine distributed textual evidence and relational structure while producing explanations [13]. While
advanced strategies with LLMs (e.g., chain-of-thought (CoT), in-context learning, graph-of-thought
(GoT), etc.) have been shown to elicit stepwise reasoning behavior and improved performance, they
were also sensitive to schema exposure, selection, and complexity [14]. These collectively suggested that
(i) LLM reasoning quality depends strongly on KG schema and constraint presentation and (ii) prompt
design parameters act as powerful but under-optimized levers for controlled symbolic behavior. Beyond



using KGs as cognitive retrieval systems, a complementary line of research uses them as targets or
constraints in generation. Such pipelines normalize responses into abstract representations or ontology
structures for robustness, logical consistency, discrete factual boundaries, and ontology design pattern
alignment [15]. However, most approaches explore them beyond using them as static targets, with
limited exploration of graph reconstruction and alignment as a systematic validation step.

2.2. Hybrid Framework and its Components

To bridge the above gaps, we posit a hybrid framework (depicted in Fig. 1), as follows.

Controlled Language for Representing Knowledge (CLaRK) addresses the fundamental problem
of semantic ambiguity in knowledge-intensive systems, introduced through implicit, context-dependent,
and unrestricted natural language. We adopt the principles of CNLs, specifically Attempto Controlled
English (ACE) [9], for syntactically valid and deterministic grounding in first-order logic by formally
specifying explicit construction rules for both human-understandable and machine-interpretable ex-
pressions. In our work, we utilize LLMs, ACE-compliant prompt instructions, and Attempto Parsing
Engine validated feedback loops to break down complex statements, reveal any hidden assumptions,
and faithfully preserve the intended domain meaning [16]. These validated representations directly
offer better retrieval by aligning content with precise logical structures rather than ambiguous surface
text, enabling more reliable knowledge alignment and integration across hybrid reasoning pipelines.
Retrieval for Knowledge Alignment in LLMs (ReKALL) bridges the gap between the unstructured
LLM responses and the structured, symbolic requirements of formal ontologies. Specifically, it treats
representation-aware, high-precision subgraph retrieval as a first-class design problem rather than a
purely engineering detail. Adopting from prior work [11], the workflow embeds domain ontologies,
creating a searchable vector space index to identify the key node and perform multi-hop subgraph
traversal for relevant schema slices, similar to GoT. This extracted subgraph is responsible for schema-
aware querying, ensuring retrieval is logically grounded, and enabling feasibility of higher-order
tasks.

Neurosymbolic (NeSy) Reasoning. While CLaRK
and ReKALL showed next steps for the knowledge
representation and retrieval in itself, a further ex-
ploration of reasoning capabilities enabled by LLMs’
neural processing and KGs’ symbolic structuring
remained. We designed two components to fill this
gap by studying how symbolic scaffolds, schema-
only views, few-shot traces, and hyperparameters
affect reasoning behavior.

Recent work has shown that the structure and
representation of knowledge (either as ontolo-
gies [17] or knowledge bases [1]) significantly in-
fluence model performance. Symbology-based
Reasoning Effects and Analysis (SyRA), mod- Figure 1: Position LLM-KG hybrid framework
eled this focus even more with factorial experiments portraying (a) CLaRK, (b) ReKALL,
and ablation analyses around ontology design as- () & and (d) GRAIL.
pects such as structure, size, expressivity, coverage,
or conceptualization and modeling choices [7]. In contrast, Neural Reasoning Effects and Adaptation
(NeRA) shifts the focus from how knowledge is modeled to how the model is instructed. While SyRA
has prompting and tuning knobs (temperature, few-shot, context-tuning, etc) constant with variations
in ontology as an experimental variable, NeRA assumed a stable ontology and explored the effects of
LLM tuning parameters. Specifically, we study LLMs’ path-based reasoning ability through SPARQL
query generation and path assessment [18]. The central hypothesis of SyRA and NeRA was that the
way an ontology is designed and a model is prompted has a strong influence on reasoning over struc-
tured knowledge [19]. By treating both variations as first-class experimental factors, they complement




findings and provide a complete view of the interaction between symbolic knowledge structures and
neural models with implications for NeSy systems [7].

Graph Reconstruction and Alignment for Integrity and Validation (GRAIL) further extended this
line of work by explicitly framing graph-based reconstruction, alignment, and scoring as mechanisms
for detecting hallucination and assessing integrity along a reference KG. In contrast to surface-level
verification methods that rely on token overlap or embedding similarity, and adopting from recent
works [8, 20], an emphasis here was placed on structural and relational fidelity, enabling more fine-
grained validation. This approach is particularly effective for complex reasoning tasks, multi-hop factual
queries, and explanations in which correctness depends on the coherence of relationships rather than
isolated facts and constitutes a promising direction for improving trust, interpretability, and factual
integrity in LLM-generated responses.

2.3. Opportunities and Limitations

The proposed framework offers several opportunities. By cross-integrating with each other, it provides a
unified lens for LLM interaction with symbolic structures and enables systematic interaction studies that
prior work has only examined in isolation. For example, ACE-style constraint propagation into retrieval
precision, representational choice influencing downstream GraphRAG and reasoning performance, or
even SYRA/NeRA reasoning with graph reconstructed validation draws evidence for more robustness,
integrity, and trustworthiness, an opportunity largely unaddressed in existing hybrid systems.

Despite these benefits, it also faces limitations. CNL imposes authoring overhead and may require
very delicate domain adoption. High precision retrievals and schema-based prompting heavily depend
on KG’s quality and structural information availability, which varies in representation across domains.
Furthermore, LLM inference remains sensitive to architectural versions and tuning parameters, compli-
cating reproducibility and general adaptability. Finally, graph reconstruction provides a validation path,
but evaluating entire semantics, especially at scale, remains non-trivial.

Overall, these next steps, opportunities, and limitations illustrate both the need and the potential for
systematic hybrid approaches to LLM-KG integration. Our framework serves as a foundation for such
work and provides a structured basis for future empirical evaluation.

3. Hybrid Artificial Intelligence Agents

3.1. Introduction

Industry 5.0 is the natural next step for the integration of the technological achievements made with
Industry 4.0 into shared workspaces with humans [2]. The core of Industry 5.0 is human-centered,
highlighting how these new technologies can work with humans, bringing humans back into the loop
to increase performance, safety, and fairness in the workplace while also minimizing the cost and time
of production. Considering the human-centric nature of Industry 5.0, there are interesting intersections
within domains like explainable artificial intelligence (XAI), human factors principles, cognitive sciences,
and collaborative robotics (co-bots). Specifically, we aim to investigate how we can organize agents for
effective and efficient collaboration while also taking into consideration how agents can interact with
each other seamlessly. One approach is the multi-objective task allocation, which involves the ability
to assign tasks to other agents (human or machine) with consideration of the agents capabilities to
perform the assigned task [3]. To effectively allocate tasks to different agents, it is important to have a
hierarchical chain of command that consists of Al capabilities and human-in-the-loop approaches, an
accessible knowledge base of agent capabilities, and the ability for agents to interact and communicate
with one another. In this paper, we combine the research efforts of 4 ongoing projects to create a
framework that can effectively allocate multi-objective tasks to agents, facilitate seamless collaborative
interactions between agents, and create accessible knowledge of agent capabilities, all of which, when
combined, will reflect the initiatives of Industry 5.0.



3.2. TASK-MATS: Task Adaptation with Shared Knowledge for Multi-Agent Teaming
Systems

Industries such as manufacturing, which rely heavily on robotic systems, have expressed a desire
for more complex autonomous systems capable of human-robot collaboration and reasoning [21, 22].
To fulfill this desire, the Knowledge and Semantic Technologies (KASTLE) Laboratory' is working
toward the development of a framework that enables an Al Overseer (AIO) to orchestrate multi-agent
teams (MATS) comprising autonomous robots, digital systems, and other agents to complete tasks in
unfamiliar settings without the need for additional training based on previous experiences or data
from a continuously updated knowledge base. This framework has been labeled Task Adaptation with
Shared Knowledge for Multi-Agent Teaming Systems (TASK-MATS).” To enable this orchestration, the
proposed framework would make use of symbolic systems, such as an ontology, to reason about the
world in which the orchestrator and agents operate. As new knowledge is garnered through practical
observation, inferences and inductions can be made [23]. From this, the AIO will be able to reason about
the agents available to it, their capabilities, and how to effectively utilize them to achieve long-term
goals and immediate objectives. In addition, the AIO will begin to learn the full capabilities of each MAS,
enabling a process for approaching assigned tasks at different levels. Although the current work focuses
specifically on the domain of manufacturing [24], the architecture and design of the TASK-MATS
framework would facilitate cross-domain cooperation or specialization for a single knowledge realm,
depending on user needs.

3.3. KGWRAPS: A Knowledge Graph-powered Research Assistant for Polymer
Science

The accelerated development of autonomous systems possesses the potential to greatly advance various
scientific fields. In polymer science, however, their integration remains limited, with repetitive manual
experimentation and data curation prevailing [25]. By introducing human biases and error, these aspects
diminish the replicability of existing polymers, while their time-consuming nature impedes the rate of
discovery of new polymers, ultimately stagnating the field.

Thus, we introduce a Knowledge Graph-poWered Research Assistant for Polymer Science (KG-
WRAPS),? a neurosymbolic artificial intelligence (NeSy Al) agent outfitted with large language models
(LLMs) and knowledge graphs (KGs) to support domain experts in the construction and execution of poly-
mer experiments. By combining conversational capabilities [26] with complex domain knowledge [27],
this research assistant will expedite work in polymer science.

In the trend toward Industry 5.0, the involvement of domain experts in automated experimental
development becomes paramount, not only to verify the accuracy of an autonomous agent’s experimental
processes but also to ensure their safety, especially as the limitations posed by Al guardrails manifest
more evidently [28]. Thus, the integration of a robot powered by KGWRAPS, along with a human
expert, into the TASK-MATS framework holds significant promise in leveraging both the accuracy,
precision, and speed of modern technology and the experience and human awareness of domain experts
to advance the field both quickly and safely.

3.4. A Knowledge Graph for the Detection of Malware Behavior in Executables

The process of software reverse engineering involves decompiling and disassembling a program to get
the original source code and is a useful method for detecting malware in software. Leveraging reverse
engineering software like Ghidra or IDA pro allows a person to look through the decompilation and
disassembly of a file to identify the functions and variables within the software, providing an overall
summary of functionalities [29]. While there already exist tools to analyze files in this way, it is often a
tedious and time-consuming process. The process is further complicated by some programs containing

'https://kastle-lab.github.io
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data obfuscation, concealing data to hide their purpose. Therefore, in this project, we introduce a KG*
based on the symbol table in Ghidra to help simplify the process of detecting malicious code.

The KG’s integration into TASK-MATS will assist human agents in the field of malware analysis and
reverse software engineering, furthering Industry 5.0. This project can be leveraged by finding patterns
at the disassembly level, as well as other data connections that can be found through defined strings
and other parts of the Ghidra analysis. Specific patterns of interest include the frequency of certain
kinds of instructions, like jump or halt instructions, cases of instructions being used incorrectly, and
calls to manipulate file systems or other data [30]. Other things to look for include seeing what imports
the file uses, how much of the data is obfuscated, and if it connects to the network in any way. These
patterns can be used to detect malicious behavior in executable files to facilitate identifying malware.
Utilizing collaboration between humans and machines in this way will help increase workplace safety
and device security going into Industry 5.0.

3.5. OntoPret: An Ontology for the Interpretation of Human Behavior

A critical need for the future of hybrid machine teaming is the machines’ ability to interpret the complex
behaviors of their human counterparts. Bridging the gap between techno-centric robotic frameworks and
descriptive behavioral ontologies becomes an important step for the continued push towards Industry 5.0.
We introduce our project OntoPret: An Ontology for the Interpretation of Human Behavior [31]. OntoPret
> is grounded in the cognitive sciences and modular engineering methodology, providing a formal,
machine-processable framework that is aimed at classifying behaviors like task deviation and deceptive
actions. OntoPret was created using the Modular Ontology Modeling methodology (MOMo) [32],
making for seamless integration and re-usability of other ontology frameworks. Therefore, when
integrated into other, more techno-centric frameworks like TASK-MATS, OntoPret provides the human-
centric values of Industry 5.0. Currently, OntoPret highlights behaviors associated with deviation and
deception, but as a result of the methodology used to develop OntoPret, more behaviors can be added,
creating a larger knowledge repository for the machines to query regarding their human counterparts.

3.6. Conclusions

In this work, we have proposed the potential integration of ontology-driven projects across various
domains to establish a modular framework usable in Industry 5.0. With TASK-MATS more broadly
framing agent interactions through an AIO, specific Al agent projects (such as KGWRAPS) can be
included to support refined conversational models that guide the domain-specific aspects of these
interactions in collaborative settings. However, the potential for integration surpasses simply interactive
considerations. In the context of domains requiring digital agents, such as those in fields involving
malware behavior analysis, such a modular framework could be enhanced to facilitate these use
cases and assist humans in identifying malicious software. Furthermore, via integration with other
more humanistic, ontology-driven works such as OntoPret, the TASK-MATS framework could be
better enabled to accommodate environments where safe and effective human-robot collaborations
are essential. Thus, through a multidisciplinary analysis of the advancement of multi-agent teams, the
trend toward Industry 5.0 substantiates the promise of significant progress.

4. Introduction

Artificial intelligence (AI) and machine learning (ML) applications, depend on structured data for
reasoning, inference, and decision-making. Knowledge Graphs (KGs), which represent things and their
relationships in a graph-based manner, can assist in maintaining these properties [4].

Structured knowledge has become extremely important with the rapid emergence of Al models
that rely on enormous volumes of data to learn, reason, and make judgments. The reliability of the

*https://github.com/22lavonne/Malware-Behavior-Knowledge-Graph
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models is greatly affected by the representation, organization, and validity of facts as these models
become stronger over time. This means that, in addition to using organized information, it is crucial
to carefully consider what constitutes “good” or “effective” architecture while teaching and assessing
them. Well-designed data help reduce ambiguity, increase interpretability, and allow more meaningful
evaluation of model behavior, especially in tasks that depend on contextual knowledge rather than
simple pattern matching.

The significance of structured information in improving deep learning understanding has been
identified in recent years by Neuro-Symbolic Al a combination of neural networks and symbolic
reasoning [5, 6].

4.1. Background
4.1.1. Neural Models

Neural models are computer models used in machine learning that are inspired by how the human brain
is “wired” [33]. They are made up of many units called neurons that are connected to each other and
organized in layers. These neurons take input data, process it using weights and mathematical functions,
and pass the results forward to produce an output. Neural networks are especially good at learning
complex patterns in data, which is why they are commonly used for tasks like image recognition, speech
recognition, and prediction problems. They are a fundamental component of supervised, unsupervised,
and deep learning approaches in machine learning [34].

4.1.2. Symbolic Reasoning

The integrated aspect of symbolic reasoning suggests that reasoning is shaped not just by abstract
rules, but by how external symbols and structures are observed and interacted with [35]. Applied
to knowledge graphs, this implies that reasoning over entities and relationships is influenced by the
graph’s structure and organization, with the layout and connections of nodes supporting inference and
shortcuts. In this way, symbolic reasoning in knowledge graphs combines logical operations with the
structural and observable cues inherent in the graph.

4.1.3. Artificial Intelligence

Focuses on creating networks capable of interpreting, organizing, and reasoning over structured
knowledge to perform tasks that typically require human intelligence [36]. These tasks include learning
from data, inferring new relationships, answering complex queries, and integrating heterogeneous
information. Al encompasses approaches ranging from symbolic reasoning over ontologies to machine
learning techniques for embeddings and machine learning tasks, enabling adaptations and predictions
over complex data. Its development draws on multiple disciplines, including graph theory, cognitive
science, and data engineering, and supports applications such as semantic search, decision support, and
knowledge management.

4.2. Applications
4.3. Pattern Breakdown for Early Detection of Harmful Algal Blooms

Monitoring harmful algal bloom has tradition-
ally relied on individual indicators of water-
quality evaluated against fixed thresholds [37].

In many lakes and reservoirs, water-quality
variables tend to move together in stable pat-
terns of multivariate coupling, and growing
evidence suggests that these relationships be-
gin to break down before a bloom becomes o N Tty jrmmmmmmmeees .
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visible. Tracking when and how this coupling
changes offers a way to recognize early warn-
ing signs.

Future work should explore how well these
patterns transfer between similar sites and
how such signals can be reliably used for real-
time monitoring.

4.3.1. Graph Structure
and Knowledge Graph Embeddings

Controlled experiments are constructed us-

ing both synthetic and real-world knowledge

graphs to systematically evaluate the behav-

ior of knowledge graph embeddings. By ana-

lyzing model performance across graph prop-

erties that are fundamentally symbolic; such

as graph size, degree centrality, connectivity

, and relational structure, the results demon-

strate that embedding behavior is strongly influenced by the structure of the underlying knowledge
representation rather than by model architecture alone [38] .

To further isolate and analyze the effects of graph structure and known symbolic structure, synthetic
knowledge graphs were constructed by assigning each node a random real value z; € [0, 1] and deriving
symbolic structure through pairwise LessThan relations and recursively defined PartOf window relations,
after which the numeric values are discarded while preserving the induced structure. These graphs are
embedded and analyzed via principal component analysis [39] and a multilayer perceptron [40] applied
to the first two principal components.

4.3.2. Evaluating LLM reasoning with registered-based prompting

Determining whether LLMs can plausibly reason or not is complicated by the fact that researchers have
disparate tasks to measure reasoning [41].

Therefore, time was spent determining a series of tasks that could be fashioned into a test suite for
an LLM reasoning benchmark dataset, as well as what metrics this dataset would require. For example,
some of the tasks involved would be rewriting logical formulas with variable substitution, or modeling
arithmetic problems which require multiple steps or stages of computation.

What would happen when an LLM is prompted to use a domain-specific language (DSL) that involves
the use of "registers”, which can hold intermediate values or computations, simulating a CPU’s memory?

More work needs to be done on standardization of tasks/benchmark and finalizing the prompt
strategies before testing an LLM with it.

Future work could include having an LLM use a KG with examples of solved problems using the DSL.

4.3.3. LLM assisted sentiment analysis

In the world of Al, sentiment analysis has been treated as a giant statistical guessing game [42]. Often
feeding millions of tweets into a "black box" until it understands that "terrible" is negative. Large
language models often struggle with sarcasm, tone, and certain phrases. To better fine tune the LLM, it
is fed the sentiment results that a group of human researchers came up with for the same dataset. With
this fine-tuning in mind, the set of reviews are rerun through the LLM and the output is compared
against the group of researchers. This creates a recursive process, looping until both the LLM and
human researchers align in sentiment. This convergence between LLMs and human researchers does
more than just correct errors, it helps the LLM develop internal heuristics that mimic human reasoning.



Consequently, the LLM stops counting the sentiment of each individual word and becomes a reliable
interpreter of nuanced language.

4.4. Limitations & Future Work

Limitations exist in all applications discussed above in terms of static workflows, ad hoc parameter tuning,
and the need for task-specific adjustments. Future developments aim to create dynamic experimental
pipelines that allow easy fine-tuning of parameters for pattern detection, prompt engineering and kge
evaluation techniques.
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