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Abstract. Large Language Models (LLMs) have demonstrated remarkable capabilities in extracting knowledge and generating
new content from a wide range of resources, particularly text-based ones. Beyond unstructured data, LLMs also show strong
performance on structured yet semantically rich resources such as ontologies, schemas, and knowledge graphs. However, the
direct utilization of large-scale semantic artifacts as input to LLMs is constrained by prompt size and token limits. The state-of-
the-art solution to this challenge is the use of RAG systems. In this work, we propose IndustrialGraphRAG, a novel graph-based
RAG approach specifically designed for large semantic artifacts. Our method integrates LLM-based Named Entity Recognition
(NER) and Entity Linking (EL), forming a unified pipeline tailored for semantically complex resources. Within this frame-
work, we implement three use cases that combine LLM reasoning with our RAG system: (i) semantic artifact validation, (ii)
information retrieval, and (iii) information model generation. The first two tasks convert Natural Language Queries (NLQs) into
executable SPARQL Protocol and RDF Query Language (SPARQL) queries, whereas the third populates semantic artifacts based
on NLQ-driven instructions. Across all use cases, the system demonstrates strong performance, confirming the effectiveness of
the approach. Comparative experiments against two additional RAG baselines further show superior performance in both ac-
curacy and contextual reasoning. Open Platform Communications Unified Architecture (OPC UA) serves as our primary data
resource due to its breadth and semantic richness. To demonstrate generalizability, we additionally evaluate the system on the
large-scale Smart Applications REFerence (SAREF) ontology, a structurally and semantically distinct artifact. Consistent per-
formance across both resources indicates that the proposed system is not domain-specific and can be reliably applied to diverse
semantic datasets.
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1. Introduction

Over the past two decades, the Semantic Web vision has led to the development of expressive ontologies and
large-scale knowledge graphs that enable machines to represent, integrate, and reason over structured knowledge.
These semantic artifacts now underpin a wide range of intelligent applications, from biomedical data analysis and
recommendation systems to digital twins and industrial automation [1–4]. As knowledge graphs continue to grow
in scale and semantic richness, the ability to interact with them efficiently has become increasingly important.

At the same time, the rise of modern data ecosystems, particularly in enterprise and industrial settings, has re-
sulted in unprecedented amounts of heterogeneous data being generated and digitized. These data must be modeled,
exchanged, and interpreted in machine-interpretable formats to ensure interoperability, automation, and scalability
across distributed systems. To support these needs, numerous semantic standards have emerged, including the W3C
Web of Things (WoT)1, the Asset Administration Shell (AAS)2, the Smart Applications REFerence (SAREF) on-
tology family3, and the Open Platform Communications Unified Architecture (OPC UA)4 information modeling
framework. These standards provide ontologies and large-scale knowledge graphs that encode domain knowledge
in a structured and semantically coherent form. Notably, these models operate at different levels of abstraction: WoT
includes semantic means of specifying how “Things” interact with each other, while others such as SAREF focus
on descriptive modeling. This variation in scope and granularity further compounds the heterogeneity challenge.
However, interacting with these semantic artifacts remains challenging. Many of them are complex, multi-domain,
and large in scale; for example, the ecosystem of the OPC UA industrial standard comprises more than 160 domain-
specific Companion Specification5 documents, spanning hundreds to thousands of pages and developed by numer-
ous expert groups and vendors. Moreover, the authoritative descriptions of these artifacts, such as specifications,
compliance rules, and modeling constraints, are expressed in free-form natural language, whereas the underlying
models are encoded in machine-readable formats such as OWL ontologies serialized in RDF/Turtle or XML. This
mismatch creates a persistent semantic gap between natural-language domain knowledge and symbolic graph-based
representations.

Large language models (LLMs) have recently emerged as powerful tools for bridging this gap. Since the early
2020s, Large Language Models (LLMs) such as Generative Pre-trained Transformer (GPT) have been increasingly
used across domains [5], and prior studies have shown that they can validate information models and support knowl-
edge retrieval [1, 6]. Yet, their application to large-scale semantic artifacts is significantly constrained by prompt-size
limitations [7]. Industrial knowledge graphs frequently exceed the token limits of current models (e.g., GPT-4: 8K;
GPT-4 Turbo/GPT-4o: 32K [8]), making it infeasible to supply entire graphs to an LLM [7]. Beyond this, processing
large graphs in context is computationally inefficient. For natural-language documents, Retrieval-Augmented Gen-
eration (RAG) [9] addresses similar scalability issues through chunking and embedding-based retrieval [10, 11].
However, knowledge graphs (regardless of their serialization format, e.g., Turtle or RDF/XML) cannot be seg-
mented like text without losing structural integrity or semantic coherence. Recent Graph-RAG approaches [12, 13]
attempt to incorporate graph structure into retrieval, yet they are primarily designed for graphs induced from un-
structured corpora and do not preserve the typed semantics, class hierarchies, or constraints of formal ontologies.
Identifying meaningful subgraphs, preserving relational context, and aligning them with Natural Language Queries
(NLQs) remain unresolved challenges, rendering both standard and existing graph-based RAG pipelines inadequate
for tasks such as validation, information retrieval, question answering, or semantic artifact generation over industrial
knowledge graphs.

These limitations are particularly problematic in industrial and domain-specific contexts, where semantic artifacts
such as OPC UA and SAREF play a critical role in information modeling, knowledge integration, and interoper-
ability. To examine this challenge in diverse and realistic settings, this study considers two representative artifacts:

1https://www.w3.org/TR/wot-thing-description11/
2https://www.plattform-i40.de
3https://saref.etsi.org
4https://opcfoundation.org/about/opc-technologies/opc-ua/
5https://opcfoundation.org/about/opc-technologies/opc-ua/ua-companion-specifications/
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(i) the OPC UA standard, a complex multi-domain ecosystem widely adopted in industry; and (ii) the SAREF on-
tology, a modular semantic framework used across smart domains such as energy, buildings, and manufacturing. To
address these issues, this study investigates how NLQs can be used to interact with large-scale semantic artifacts
across three representative use cases (UC) covering two fundamental task families: querying and instantiation. The
first family focuses on deriving machine-executable representations from NLQs and executing them over semantic
artifacts:

UC1 Validation: checking whether a semantic artifact conforms to rules or constraints expressed in natural lan-
guage. We use the term validation in its general sense of confirming that an artifact meets its specification,
rather than in the narrower formal-methods sense that distinguishes validation from verification. In the OPC
UA ecosystem, this is especially challenging because Companion Specifications contain highly technical
yet inherently ambiguous textual rules. Manually checking whether these rules are correctly reflected in
large, complex information models is time-consuming, error-prone, and often infeasible at scale. There-
fore, the validation use case is critical both for industrial reliability and for our work, since without robust
rule validation, any automation, integration, or downstream RAG process is fundamentally undermined.

UC2 Information Retrieval: performing industrial question answering by returning graph-based information
relevant to an NLQ. In both OPC UA and SAREF ecosystems, information retrieval is challenging because
users often ask natural-language questions that must be mapped to deeply structured, graph-based knowl-
edge. These models contain complex hierarchies, cross-references, and domain-specific semantics, making
it difficult for users to directly locate the information they need. Effective NLQ-to-graph retrieval is there-
fore crucial to help practitioners quickly access the correct concepts, relationships, and constraints without
manually navigating large industrial ontologies.

The second family focuses on the creation or extension of semantic artifacts:
UC3 Information Model Generation: populating or extending an existing semantic artifact based on natural-

language requirements. Generating or extending information models is inherently complex, requiring strict
adherence to specification rules, precise NodeClass usage, and consistent semantic structure. Current OPC
UA tooling offers only partial assistance, typically via manual editors or schema-guided interfaces, and
none support direct natural-language input for creating compliant nodes. This makes NLQ-driven model
generation an unmet and technically demanding challenge in industrial settings.

Although LLMs show strong potential for these tasks [6], a fundamental limitation persists: enabling NLQ-driven
reasoning over large semantic artifacts whose size exceeds the prompt and token constraints of current models. Ex-
isting LLMs cannot ingest entire industrial knowledge graphs end-to-end, and traditional embedding-based retrieval
approaches such as Word2Vec [14] and Node2Vec [15] are insufficient for supporting the complex reasoning needs
of large-scale semantic resources. While these artifacts share characteristics with other formal ontologies (e.g., typed
relations, class hierarchies, and axioms), industrial standards such as OPC UA and SAREF pose additional chal-
lenges due to their sheer scale, vendor-driven evolution, and the tight coupling between free-text specifications and
formal models. In particular, current methods exhibit three major gaps: (i) the absence of effective mechanisms for
handling large industrial semantic artifacts; (ii) the lack of comprehensive solutions that support both querying and
instantiation from NLQ inputs; and (iii) the lack of generalizable NLQ-driven techniques that can operate robustly
across diverse semantic artifacts.

These gaps motivate the following research questions:
RQ1 (Design) What kind of RAG architecture is required for effective NLQ–KG interaction at scale?
RQ2 (Application) How can such an architecture support validation, information retrieval, and information

model generation?
RQ3 (Generalization) Can the approach generalize across heterogeneous semantic artifacts such as OPC UA

Robotics, PackML, and SAREF?
Proposed Approach. To answer these questions, we introduce IndustrialGraphRAG, a novel graph-based RAG

architecture specifically designed for large-scale industrial knowledge graphs. In contrast to existing graph-based
RAG methods, our approach targets standards-based industrial semantic artifacts and task-oriented retrieval for
querying and validation. The approach integrates LLM-based Named-Entity Recognition (NER), entity linking
(EL), graph modularization, targeted subgraph retrieval, and LLM-driven reasoning for query generation, validation,
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and model instantiation. The system is evaluated across three representative semantic artifacts: OPC UA Robotics,
OPC UA PackML, and a combined large-scale SAREF knowledge graph. We further benchmark our approach
against two state-of-the-art RAG baselines to demonstrate its superiority in accuracy and contextual reasoning.

Experiments. To demonstrate the broad applicability and practical value of the proposed approach, we identify
three key use cases that collectively validate its versatility and effectiveness across realistic industrial scenarios.
These use cases are designed to reflect critical needs in industrial settings and evaluate the system from multiple
perspectives: validation, retrieval, and generation.

1. Validation of Large Knowledge Graphs (KGs) using NLQs: This use case examines the system’s ability to
verify the correctness and consistency of large-scale knowledge graphs through natural language queries.
Experiments were conducted on two semantic artifacts from the OPC UA ecosystem: Test Case 1: OPC
UA Robotics and Test Case 2: OPC UA PackML. The evaluation focuses on validating the compliance rules
extracted from their respective Companion Specification documents.

2. Information Retrieval and Question Answering over Large KGs: This use case evaluates the system’s capa-
bility to retrieve relevant information and answer natural-language questions directly from large knowledge
graphs, demonstrating its robustness in handling complex and diverse query structures. The evaluation con-
sists of three test cases:

– Test Case 1: Executing the proposed system alongside three baselines on the OPC UA Robotics infor-
mation model using a predefined set of NLQs.

– Test Case 2: Applying the system and baseline RAG algorithms to SAREF, a substantially different
industrial semantic artifact, to assess generalizability using SAREF competency questions.

– Test Case 3: Evaluating the system on the OPC UA Robotics semantic artifact with increasingly varied
NLQs to analyze robustness when queries deviate from exact entity mentions toward more abstract or
paraphrased formulations.

3. Creation of New Semantic Artifacts from Large-Scale KGs and Natural Language Requirements: This use
case demonstrates how the proposed approach enables the generation of new semantic artifacts by integrating
existing large-scale knowledge graphs with requirements expressed in natural-language form. This experiment
was carried out using the OPC UA Robotics information model as the base artifact (Test Case 1).

Contributions. This study offers the following key contributions:

CONT1 We propose an end-to-end RAG framework tailored for large-scale knowledge graphs, integrating
LLM-based NER, EL, and subgraph extraction components, addressing RQ1.

CONT2 We evaluate the system across three complementary use cases—validation, information retrieval, and
information model generation—addressing RQ2.

CONT3 We demonstrate generalizability across multiple OPC UA domains and the SAREF ontology, address-
ing RQ3.

CONT4 We empirically show that the proposed method outperforms baseline RAG approaches in accuracy and
contextual reasoning, supporting RQ2 and RQ3.

Availability. The source code, including executable examples with test inputs and outputs, is publicly available
in the GitHub repository6. The repository was archived on Zenodo7 and assigned DOI identifiers. The DOI for all
versions is 10.5281/zenodo.192898388, while the DOI for the frozen v1.0.0 release is 10.5281/zenodo.192898399.

The remainder of this paper is organized as follows. Section 2 provides background and motivating use cases.
Section 3 presents our graph-based RAG methodology. Sections 4–6 detail the pipeline components. Section 7
reports the experiments and results, followed by discussion in Section 8. Section 9 reviews related work. Section 10
concludes and outlines future directions.

6https://github.com/nilaytufekozkaya/IndustrialGraphRAG
7https://zenodo.org
8https://doi.org/10.5281/zenodo.19289838
9https://doi.org/10.5281/zenodo.19289839

https://github.com/nilaytufekozkaya/IndustrialGraphRAG
https://zenodo.org
https://doi.org/10.5281/zenodo.19289838
https://doi.org/10.5281/zenodo.19289839
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2. Background and Motivation

This section provides background information on the semantic artifacts studied in this work. In addition, the use
cases addressed in the study are described in detail.

2.1. Industrial Semantic Artifacts

The main industrial use case in this work relies on the OPC UA standard, which provides a semantically rich and
widely adopted framework for modeling industrial systems. We additionally incorporate the SAREF ontology to
represent IoT concepts using a lightweight, ontology-driven approach. Using both OPC UA and SAREF enables us
to evaluate our methods across two distinct semantic modeling paradigms.

2.1.1. OPC UA Standard
The OPC Foundation10, established in 1996, plays a central role in enabling interoperability across industrial

automation systems [16]. Its flagship technology, the OPC Unified Architecture (OPC UA) [17], is a platform-
independent, service-oriented framework that unifies communication, data exchange, and information modeling.
Unlike earlier OPC technologies, OPC UA integrates a robust security model with an extensible address space and
a semantically consistent information representation, which makes it a foundational technology for Industry 4.0 and
digitally connected manufacturing ecosystems.

At the core of OPC UA lies a comprehensive set of Core Specifications that define the abstract information
model, reference types, communication protocols, security mechanisms, and serialization formats. These core stan-
dards provide a rigorous semantic foundation that can represent any industrial asset or process in a structured and
machine-interpretable manner. Building on this foundation, the OPC Foundation and various industry consortia pub-
lish Companion Specifications, which extend OPC UA with domain-specific concepts for verticals such as robotics,
machine tools, packaging, process automation, and energy systems. Companion Specifications define standardized
object types, variables, state machines, capabilities, and constraints, ensuring semantic consistency and interoper-
ability across vendors within a given domain.

OPC UA has become increasingly important as modern industrial systems grow in scale, complexity, and hetero-
geneity. Applications such as digital twins, predictive maintenance platforms, cross-vendor control solutions, and
industrial knowledge graphs rely on the availability of semantically precise and interoperable models. Companion
Specifications serve as authoritative references for these models, enabling consistent interpretation of device struc-
tures, operational behavior, diagnostics, and domain-level semantics. As industrial ecosystems evolve, OPC UA
remains one of the few technologies capable of providing both rich semantic modeling and secure, real-time data
exchange, making it indispensable to next-generation industrial automation.

Despite its significance, the rapid expansion of OPC UA Companion Specifications introduces substantial chal-
lenges. New specifications are published frequently, and existing ones evolve continuously, resulting in hundreds
of pages of complex, human-readable documentation. Each specification contributes new object types, reference
structures, constraints, and behavioral rules that must be carefully translated into nodeset files and validated against
the OPC UA information model. This process is highly error-prone and increasingly difficult to scale as specifica-
tions grow in size and interconnectedness. Furthermore, existing validation tools primarily support syntactic checks
and provide limited capabilities for verifying the semantic rules defined in Companion Specifications, creating a
significant bottleneck for developers and integrators working with large-scale OPC UA information models.

2.1.2. SAREF Ontology
The SAREF ontology11 is used in this work as a secondary data resource, providing an independent and domain-

agnostic benchmark for evaluating the generalizability of our approach beyond the primary industrial knowledge
graphs. SAREF is an ontology developed by ETSI to enable semantic interoperability across IoT ecosystems
by defining common concepts such as devices, sensors, actuators, properties, measurements, and units, together
with their relationships. It offers a modular and extensible structure—including sector-specific extensions such as

10https://opcfoundation.org/
11https://saref.etsi.org/
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SAREF4ENER, SAREF4BLDG, and SAREF4INMA—which allows heterogeneous IoT systems to exchange data
in a consistent, machine-interpretable manner. By incorporating SAREF as an additional data source, we are able
to test whether the proposed methods remain effective outside the industrial OPC UA context and operate reliably
across broader IoT-oriented semantic models. For the SAREF ontology, we rely on the specification published by
ETSI.

2.2. Problem Definition

The problem addressed in this work can be formalized from an input–output perspective, comprising two com-
plementary tasks. The first is query generation, where natural-language inputs are mapped to executable SPARQL
Protocol and RDF Query Language (SPARQL) queries, and the second is information model generation, where
natural-language requirements are transformed into instantiated RDF knowledge graphs.

We consider a semantic artifact represented as an RDF graph G. Let U denote the set of all URI references
(resource identifiers in the RDF graph) and let Lit denote the set of all RDF literals (string values, numeric constants,
etc.):

G = (T ), T ⊆ U × U × (U ∪ Lit), (1)
where T is the set of RDF triples, with each triple (ts, tp, to) consisting of a subject ts ∈ U, a predicate tp ∈ U,

and an object to ∈ (U ∪ Lit). Let L denote the space of natural-language expressions, and S the space of executable
SPARQL queries.

2.2.1. NLQ-to-SPARQL Generation
Given a natural-language query q:

q ∈ L, (2)
the goal is to generate a SPARQL query s:

s ∈ S, (3)
such that executing s over G returns the information requested by q. Note that, in our setting, the expected output

of an NLQ is always a structured result (a SPARQL query and its execution result), not a free-text natural-language
answer. Let Exec(s,G) denote the evaluation of s on G, and let Ans(q) denote the expected answer to the NLQ.
We define a similarity function Sim(A, B) ∈ [0, 1] that measures the degree of agreement between two query result
sets, where Sim(A, B) = 1 indicates exact equivalence and Sim(A, B) = 0 indicates no overlap. In practice, this
corresponds to an exact-match comparison between the system-produced and the ground-truth SPARQL results
(Boolean match for ASK queries, set equality for SELECT queries). The NLQ-to-SPARQL problem and evaluation
is formalized as:

s∗(q,G) = argmax
s∈S

Sim
(
Exec(s,G),Ans(q)

)
. (4)

In our setting, s may be restricted to ASK queries (for validation) or SELECT queries (for information retrieval).

2.2.2. NLQ-to-Instantiated Knowledge Graph
Given a base RDF graph:

Gbase = (Tbase), (5)
and a natural-language requirement:

qim ∈ L, (6)
the objective is to construct an extended RDF graph:

G′ = (T ′), Tbase ⊆ T ′, (7)

that satisfies the modeling constraints expressed in the requirement. The constraint Tbase ⊆ T ′ reflects the fact that
the current implementation focuses on additive extensions: new nodes, attributes, and relationships are appended
to the base graph, while existing triples are preserved. Destructive operations such as deletion or modification of
existing triples are not supported in the current pipeline, though they are conceptually possible and represent an
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avenue for future work. Let C(qim) denote the set of constraints extracted from the requirement. The instantiation
problem is therefore defined as finding a graph G′ such that:

G′ |= C(qim), Tbase ⊆ T ′. (8)

These definitions characterize the two problem spaces addressed in this work, independently of any specific
solution strategy.

2.3. Use Cases

In this study, the RAG implementation was evaluated across three different use cases: validation, information
retrieval, and information model generation.

2.3.1. Validation
In the validation use case, the objective is to identify the rules defined in the relevant companion specification

documents and determine whether these rules are correctly implemented within a given nodeset file. The ultimate
goal is to automate the entire validation workflow. To achieve this, the process begins with extracting sentences
from complex, multi-modal PDF documents—which often contain a mixture of text, tables, and figures—and de-
tecting those sentences that express modeling rules. Among these, it is crucial to distinguish information model rule
sentences, i.e., those that describe structural or semantic constraints pertaining to the OPC UA information model.
These processes are described in our previous studies [18][6].

Fig. 1. Example input-output for validation use case for OPC UA Robotics

As it is demonstrated in Figure 1, the rule sentences serve as NLQs that must be interpreted and mapped to
their corresponding SPARQL queries. Once converted, these SPARQL queries are executed over large RDF graphs,
which are automatically generated by converting OPC UA nodeset files (e.g. OPC UA Robotics Noteset file [19])
into a semantic RDF representation. This pipeline enables automated validation of whether the semantic artifacts in
the nodeset conform to the intended structure and constraints described in the companion documents.

The main challenge in this process is the automatic translation of NLQs into SPARQL (ASK-type) queries that
can be executed over large knowledge graphs generated from OPC UA nodeset files. These graphs are semantically
rich and structurally complex, making it difficult to match informal rule descriptions with formal query patterns.
Bridging this gap requires accurate semantic parsing and alignment between natural language and the underlying
information model.
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2.3.2. Information Retrieval
In the second use case, the focus is on the generation of SPARQL SELECT queries from user-provided NLQs

as shown in Figure 2. These queries are formulated intuitively by users who seek to retrieve specific information
from large OPC UA knowledge graphs. The main challenge lies in the system’s ability to accurately interpret the
user’s intent and translate it into a correct and meaningful SPARQL query. This requires robust semantic relations
between natural language expressions and the formal structure of the OPC UA information model. Additionally,
the solution must be capable of performing efficient query execution over large, semantically complex knowledge
graphs generated from nodeset files.

Fig. 2. Example input-output for information retrieval use case

2.3.3. Information Model Generation
The third use case differs from the previous two in that it does not focus on generating SPARQL queries, but

rather on automatically generating or modifying OPC UA information models based on user-provided requirements.
Specifically, the goal is to allow users to extend existing nodeset files by adding new nodes, attributes, or relation-
ships—or by manipulating existing model elements—according to their specific application needs. This process is
driven by NLQs that intuitively express the user’s modeling requirements. By leveraging large OPC UA knowledge
graphs, the system interprets these NLQ s and generates corresponding structural modifications to the information
model. Ultimately, this use case enables intuitive and automated information model generation, supporting flexible,
user-driven model customization while ensuring semantic consistency and compliance with OPC UA standards.

2.4. RAG

RAG has emerged as a standard approach for leveraging large-scale resources in LLMs. This approach is neces-
sary because current LLM solutions are neither efficient nor feasible for handling extensive text-based documents
in tasks such as information extraction and question answering. One primary limitation is that as the length of the
text increases, the model struggles to maintain contextual coherence between the beginning and later sections. Fur-
thermore, despite recent increases in prompt size, LLMs still have inherent constraints on the amount of input they
can process at once. Additionally, utilizing LLMs for such large-scale tasks is computationally expensive, requiring
significant time, processing power, and financial resources.
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Principles of RAG Mechanism: As demonstrated in Figure 3, output generation using big data resources and
textual input (NLQ) consists of three phases: the retrieval phase, the augmentation phase, and the generation phase.
Note that the embedding of text chunks is performed once during an offline indexing step, not at query time; only
the query itself is embedded on-the-fly for similarity search.

Fig. 3. Standard RAG approach for the textual data

2.4.1. Retrieval Phase
The retrieval stage serves as the foundation for enhancing the generative process by incorporating external

knowledge sources. When an input query NLQ is received, it is first transformed into a dense vector represen-
tation using an embedding model such as BERT [20], RoBERTa [21], or OpenAI embedding models. This vector
representation facilitates the identification of the most semantically relevant chunk, represented as:

C = {c1, c2, . . . , cn} (9)
where each ci corresponds to a chunk (the text segments partitioned into fixed sizes, e.g., paragraphs) from

a pre-existing knowledge base. The retrieval process is typically conducted using approximate nearest neighbor
(ANN) [22] search techniques such as FAISS [23], allowing for efficient and scalable document retrieval from large
datasets [24]. The primary objective of this phase is to enrich the language model’s output by providing it with
relevant, up-to-date, and domain-specific information.

2.4.2. Augmentation Phase
Once the retrieval process is completed, the gathered documents serve as contextual supplements for the language

model. The augmentation step involves integrating the retrieved content into the input prompt, effectively expanding
the context window available to the model. This step is crucial as it not only ensures factual accuracy but also reduces
the likelihood of hallucinations, where the model might otherwise generate misleading or false information.

Various methods can be used to structure the augmented input, such as:
– Specifying the instruction set,
– Concatenating the retrieved text,
– Ranking passages based on relevance,
– Applying weighted fusion techniques.

By augmenting the model with non-parametric, dynamically retrieved knowledge, it becomes more adaptable and
better suited for real-time, context-aware responses.

2.4.3. Generation Phase
In the final stage, the pre-trained LLMs generates a response that is informed by both the original query and the

retrieved documents. Models such as GPT-4 [25], T5 [26], or BART [27] employ autoregressive decoding strategies,
including greedy search, beam search, or nucleus sampling, to produce fluent and coherent textual outputs.

Since the model’s response is influenced by external knowledge sources via a retrieval step, it tends to yield higher
factual accuracy and improved contextual relevance compared with purely generative approaches. Furthermore, by



10 N. Tufek et al. / IndustrialGraphRAG for querying and instantiating industrial semantic artifacts

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

incorporating retrieval, RAG pipelines enhance interpretability, as responses can be traced back to specific reference
documents. This makes the approach especially advantageous in high-stakes domains such as fail-safe systems,
medical diagnosis, legal analysis and academic research.

3. Proposed Approach: IndustrialGraphRAG

We have extensive industrial information models for OPC UA available in XML format, which we aim to leverage
for validation, question-answering, and information model generation. Based on our previous work [6], it has been
demonstrated that LLMs can effectively generate SPARQL queries by leveraging semantic artifacts and NLQs.
Building on this approach, a structured prompt—comprising a combination of predefined instructions, semantic
artifacts (e.g., knowledge graphs), and user-provided textual input (e.g., NLQ s)—is formulated and submitted to the
LLM engine. The model then processes this input to generate the corresponding SPARQL query for the validation
use case. The overall process is depicted in Figure 4.

Fig. 4. End-to-end design for validation use case with small-size semantic artifacts [6]

Building on this approach, compliance rule sentences are extracted from the specification document and used
as NLQs. Simultaneously, information models converted into Turtle (TTL) format, where they are enriched with
instance data. A structured prompt is then formulated to generate a SPARQL query, incorporating both the NLQ
and a limited subset of the ontology to optimize query generation. Once the prompt is prepared, the GPT-4o API
is invoked to generate the SPARQL query, which is subsequently executed on the knowledge graph. The results
indicate that this method performs effectively, demonstrating the feasibility of using LLMs for automated SPARQL
generation and execution in a validation context [6].

Although this approach represents a significant step toward integrating KGs and LLMs, the experiments in [6]
were conducted using information models of limited size. However, in real-world scenarios, we often deal with sig-
nificantly larger semantic resources. For example, the OPC UA Robotics nodeset.ttl file (after conversion into RDF
format) contains approximately 22,000 triples, exceeding the token limits of all existing LLM engines. Therefore,
while the proposed setup has proven effective, a scalable solution is required to extend its applicability to large-scale
knowledge graphs.

Unlike conventional RAG approaches, the dataset cannot be trivially divided into smaller chunks with corre-
sponding embeddings due to the high degree of interconnectivity among entities and attributes within the knowledge
graphs. This structural complexity prevents standard chunk-based retrieval techniques from preserving the semantic
relationships required for accurate query generation and reasoning. To address this challenge, we propose a novel
solution for handling large-scale knowledge graphs efficiently. This end-to-end approach extends beyond the vali-
dation use case, making it applicable to a broader range of knowledge-driven tasks. By leveraging this framework,
LLMs can be effectively utilized for various applications that require structured knowledge retrieval, reasoning, and
validation. The proposed solution is illustrated in Figure 5; the formal definitions underlying the subgraph extraction
step are provided in Section 4 (Equations 14–21).
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Fig. 5. The proposed RAG solution for the KGs

Figure 5 introduces a novel, comprehensive step called Retrieval, which plays a pivotal role in the proposed
approach. This step enables the extraction of a subgraph based on the user’s NLQ, ensuring semantics are preserved
and only the most relevant portion of the knowledge graph is utilized. By retrieving a focused subgraph instead
of processing the entire large-scale knowledge graph (often consisting of thousands of triples and exceeding token
limitations), this method significantly enhances efficiency. The extracted subgraph is provided to the LLM directly
in its serialized graph form (i.e., as Turtle/RDF triples), not as an embedding vector; this preserves the full struc-
tural and namespace information needed for accurate SPARQL generation. The subgraph is then incorporated into
the LLM prompt, making the approach scalable and suitable for various knowledge-driven tasks, including query
generation, validation, and reasoning. It can be seen that this is quite different from the classical RAG approaches
described in Section 2.

The algorithm of our RAG approach is as follows: First, the domain-specific entities are extracted from the
given NLQ text. These entities are then mapped to their corresponding nodes within the information model, which
represents a large-scale dataset. This process, known as NER and Entity Linking (EL), is also performed using
LLMs. Subsequently, a subgraph is constructed as described in the first in the below section, thereby completing the
retrieval process. The extracted subgraph, along with the NLQ, is then integrated into a predefined prompt template
and submitted to the LLM engine. The LLM subsequently generates the required output. In our use cases, this output
typically consists of either a SPARQL query or a newly generated set of nodes.

4. First Step: Retrieval

The retrieval pipeline consists of two formal components: (i) Named Entity Recognition (NER) and Entity Link-
ing (EL), and (ii) Subgraph Expansion.

4.1. NER and EL

The initial phase of the retrieval process entails the recognition of named entities within the user-provided NLQ,
followed by their alignment with corresponding node URIs in the underlying KG. When a mention maps to multiple
candidate URIs (e.g., a generic label such as “Value” that appears in several namespaces), the current implementation
selects the highest-ranked match returned by the LLM. Ambiguous cases involving generic terms shared across
multiple namespaces remain a known limitation and are discussed further in Section 8.

NER : L → 2V (10)
For a given query q ∈ L, NER returns a set of candidate entity labels:

Eq = NER(q) (11)
The objective is to map detected mentions to their corresponding URIs (U) in the KG:

EL : Eq → U (12)
For each mention e ∈ Eq, EL resolves a unique URI:

EL(e) = ue (13)
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Therefore the proposed and implemented solution follows the architecture illustrated in Figure 6.

Fig. 6. The system design of NER and EL

In this context, the primary inputs are a large-scale KG and an NLQ, with the objective of performing NER and
EL.

However, several challenges must be carefully considered and addressed when formulating an effective solution:
– The entities are domain-specific and distinct from common dictionary words, making them unique (e.g. "Con-

trollerIdentifier_AR").
– Many entities are multi-word expressions rather than individual terms (e.g "MotionDeviceCategory").
– Although users typically mention entities using their human-readable labels, the underlying node URIs—which

carry the actual semantic identity in the graph—are often completely different. Therefore, matching user input
to the correct node requires resolving this label–URI discrepancy.

– Node URIs often consist of non-descriptive alphanumeric combinations, making them difficult to interpret
(e.g. "i5001").

– Users tend to provide their input intuitively, without strictly adhering to predefined terminology.
An example illustrating some of these challenges is presented in Table 1. The table presents three different NLQ

s, each reflecting intuitive variations in expressing the same entities. These examples consider not only the direct
usage of entity labels as they appear in the knowledge graph but also variations in capitalization, plural forms,
typos, and compound vs. separated word usage. Moreover, in the second and third examples, the intuitive phrasing
for ActualPosition gradually changes, first becoming actual position, then current position and later evolving into
Precise position. The extent to which the system can handle such intuitive variations depends on the system’s
requirements and overall quality.

Traditional NER and Entity Linking (EL) approaches, as well as pretrained models, fail to achieve sufficient
accuracy in resolving these challenges. To address this, we leverage LLMs for NER and EL. However, before
utilizing LLMs, a preprocessing step is necessary.

4.1.1. Preprocessing
To enable effective use within our system, knowledge graphs are first preprocessed. The converted information

model in RDF format is complex, which is challenging for an LLM to process and generate SPARQL queries from.
Therefore, we apply two preprocessing steps: axiom flattening and relation pruning.

Axiom flattening. OWL restrictions in industrial knowledge graphs encode class constraints through chains of
blank nodes. For example, a constraint such as “all components of a MotionDeviceType must be of type AxisType”
is represented in OWL as an rdfs:subClassOf link to an anonymous owl:Restriction node, which in
turn references owl:onProperty and owl:allValuesFrom. This pattern spans four or more triples involv-
ing an opaque blank-node identifier. When serialized into Turtle and placed inside an LLM prompt, these blank-node
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Table 1
Examples of differently written user inputs referring to the same entity for NER and EL

Input: Semantically Equivalent NLQ s Expected Output:
Matched Entity Labels Node URIs

What is the actual position of
Axis of all robots on the plant?

actual position ->ActualPosition http://siemens.com/opcua/Robotics/ActualPosition

Axis ->axis https://opcfoundation/Robotics/i1003
robots ->Robot http://siemens.com/opcua/demo/i1002

What is the current position
of axes of all robots?

current position ->ActualPosition http://siemens.com/opcua/Robotics/ActualPosition

axes ->Axis https://opcfoundation/Robotics/i1003
robots ->Robot http://siemens.com/opcua/demo/i1002

What are precise coordinates
of axis of each robot?

precise coordinates ->ActualPosition http://siemens.com/opcua/Robotics/ActualPosition

axis ->Axis https://opcfoundation/Robotics/i1003
robot ->Robot http://siemens.com/opcua/demo/i1002

chains are problematic for two reasons: (i) blank-node identifiers carry no semantic meaning, making it difficult for
the LLM to follow the indirection, and (ii) generating correct SPARQL over blank-node patterns requires com-
plex nested query constructs rather than simple triple patterns. To address this, we flatten owl:Restriction
constructs (specifically owl:allValuesFrom, owl:hasValue, and owl:minQualifiedCardinality
patterns) into direct subject–predicate–object triples and remove all remaining blank nodes from the graph. This
reduces both token consumption and structural complexity while preserving the essential relationships needed for
query generation.

Relation pruning. After axiom flattening, we remove OPC UA-specific metadata predicates (e.g., browseNames,
aggregates, nodeType, isInstanceDeclaration) that describe internal representation details rather
than domain semantics. These predicates add noise to the prompt context without contributing to NLQ-driven rea-
soning. Literals exceeding 1,000 characters are also truncated, as they consume tokens disproportionately relative
to their utility.

After these two steps, a mapping table is generated to serve as a lookup table for entity linking.
This mapping extracts all nodes from the KG and structures them according to several attributes: subject_uri,

subject_name, nodeid, browseName, label, and entity_types. The information is saved in CSV
format, from which a list of human-readable labels is derived to support the LLM-based matching process. A
snippet of this CSV is shown in Table 2.

Table 2
An example row of mapping CSV file

Subject URI Subject name Node ID Browse name Label Entity type
http://opcfoundation.org
/UA/DI/i15088

i15088
http://opcfoundation.org/
UA/DI/i15088

http://opcfoundation.org/
UA/DI/Model

Model
http://opcfoundation.org/
UA/PropertyType;
http://www.w3.org/2002/07/
owl#NamedIndividual;
http://opcfoundation.org/
UA/Meta/Variable

The corresponding definition of the first node in Table 2 (subject URI http://opcfoundation.org/UA/DI/i15088)
is shown in Turtle (TTL) format below:
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An example node of OPC UA Robotics KG in Turtle format

@prefix owl: <http://www.w3.org/2002/07/owl#> .
@prefix xsd: <http://www.w3.org/2001/XMLSchema#> .
@prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> .
@prefix NS0: <http://opcfoundation.org/UA/> .
@prefix NS1: <http://opcfoundation.org/UA/DI/> .
@prefix me: <http://opcfoundation.org/UA/Meta/> .
@prefix ia: <http://opcfoundation.org/UA/Meta/IA/> .

NS1:i15088 a me:Variable, owl:NamedIndividual, NS0:PropertyType;
ia:dataType NS0:LocalizedText;
ia:nodeId "http://opcfoundation.org/UA/DI/i15088"^^xsd:anyURI;
ia:browseName "http://opcfoundation.org/UA/DI/Model"^^xsd:anyURI;
ia:accessRestrictions "0"^^xsd:unsignedShort
rdfs:label "Model";
rdfs:isDefinedBy NS1:i15063;
ia:isVariable "true"^^xsd:boolean;
ia:userAccessLevel "1"^^xsd:unsignedByte;
...

4.1.2. Prompt Preparation
The aim of this step is to identify words and phrases within the NLQ that exhibit semantic and syntactic similarity

to the labels in the prepared list. While LLMs improve the feasibility of this task, the potential for hallucination—the
generation of incorrect or misleading outputs—remains a concern. To mitigate this issue, a prompt template is
constructed, incorporating the NLQ and the extracted label list from the KG. This structured template as below
ensures that the LLM receives well-defined input, thereby enhancing accuracy in entity identification.

Prompt template for entity linking

Task: Identify and match the named entities from a given text and a given list. A word or phrase must be
associated with a single entity in the list if there is a match, but not every word or phrase has to have a
corresponding item in the list. Find exact matches, semantic matches, or syntactic similar matches.
Given Text: {NLQ}
Given List: {label_list}
Output: The result should be a JSON array of dictionaries, each with keys "matched_text" and "entity".
Example Output:
[{ "matched_text": "original part of the text", "entity": "entity from label list"}, ... ]

4.2. Subgraph Extraction

After the extraction of entities from a NLQ and the retrieval of their corresponding node URIs, the next essential
step is to construct a meaningful subgraph. In this context, a "meaningful" subgraph refers to one that contains
enough information to generate a SPARQL query. To achieve this, the subgraph must align with the constraints and
semantics of the NLQ. Simply extracting the nodes corresponding to the mentioned entities is insufficient, as it is
often necessary to include intermediary nodes and relationships that are implied but not explicitly stated in the NLQ.
Therefore, we developed a subgraph extraction approach using graph modularization techniques, which retrieves all
the necessary context information to answer an NLQ.

The approach is also presented in Algorithm 1.
Our subgraph extraction method introduces novel contributions within the context of graph-based RAG applica-

tions. As described in Algorithm 1, the operational workflow proceeds as follows:
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Algorithm 1 Subgraph construction for RAG

1: Extract entities from the NLQ along with their corresponding subject URIs.
2: Determine the shortest paths between these nodes.
3: Include the intermediate nodes present within these paths in the list.
4: Retrieve the definitions of the relationships that exist between the included nodes.
5: if no path can be found then
6: Include only the directly linked nodes.
7: end if
8: for each node in the path do
9: if the node is a class then

10: Include its instances in the subgraph.
11: else if the node is an instance then
12: Include its corresponding class in the subgraph.
13: end if
14: end for
15: Incorporate all “hasComponent” and “hasProperty” relationships associated with the included nodes.
16: Generate a new RDF file representing the refined subgraph using the previously established prefixes and con-

sidering OWL axioms.

Entities mentioned in the NLQ are first identified and mapped to their corresponding node URIs. Among these
entities, the shortest connecting path is determined using Dijkstra’s algorithm, and a single optimal path is selected.
A crucial aspect of the approach is ensuring that all given entity nodes are included in the path, along with all
intermediate nodes that link them.

Notably, previous graph-based RAG approaches based on graph embeddings often failed to reliably recover the
intermediate nodes, which limited the contextual completeness of the retrieved subgraphs. To address this limitation,
our method explicitly constructs the path through symbolic reasoning and then expands the subgraph according to
the following expansion-rules:

1. If a node is a class, include its instances.
2. If a node is an instance, include its classes.
3. Include nodes connected via hasComponent and hasProperty relations.
4. If a node is a class, also include its parent classes.

The most critical constraint in the expansion step is the token limit imposed by the target language model de-
ployment. In particular, due to the relatively low token threshold of models such as GPT-4o, it is often not feasible
to apply all expansion rules fully. In such cases, the method continues with a partially expanded subgraph, where
expansion rules are applied in a prioritized order (as listed above). When the token budget becomes restrictive,
the system first drops the lowest-priority rule (i.e., expansion-rule 4), and then proceeds backwards through the
remaining rules until the token limit can be satisfied.

The formal representation of the retrieval phase is as follows. Given the linked URIs:
Uq = {u1, u2, . . . , un}, (14)

the first goal is to find a shortest path containing all nodes in Uq:
P∗ = arg min

P⊇Uq

|P|. (15)

The induced subgraph is:
GP = G[P∗]. (16)

The shortest-path subgraph GP is expanded with additional context according to symbolic rules. Class-to-instance
expansion:

v ∈ Class ⇒ Instances(v) ⊆ G′. (17)
Instance-to-class expansion:

v ∈ Instance ⇒ Type(v) ⊆ G′. (18)
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Component and property relations:

(v, p, o) ∈ T ∧ p ∈ {hasComponent, hasProperty} ⇒ o ∈ G′. (19)

Optional superclass expansion:
v ∈ Class ⇒ SuperClass(v) ⊆ G′. (20)

The function ExpansionRules(GP) denotes the union of all triples added by the four expansion rules defined above
(Equations 17–20). Concretely, for every node v in GP, the function applies the applicable rules in priority order and
collects the resulting triples, subject to the token budget of the target LLM. The final retrieved subgraph used for
query generation is:

G′ = GP ∪ ExpansionRules(GP). (21)

5. Second Step: Augmentation

After retrieving the subgraph, the next step involves preparing the prompt for the LLMs to generate a response.
This process requires the extracted subgraph, the identified and matched entities, and the original NLQ. These
elements are then used to finalize the prompt, which is constructed based on a predefined template containing
relevant instructions.

The prompt template for SPARQL generation in the Validation use case is prepared as follows. While other
prompts could potentially fulfill our validation requirements, this particular template has been formalized based on
extensive experiments and empirical observations.

Prompt template for SPARQL generation in validation use-case:

By using this ontology/knowledge graph:
{SCHEMA}
First, generate the path and relations.
Then, generate a "SPARQL query" with all needed prefixes, including xsd.
Use those paths and relations to validate the Natural language sentence,
Use the {QT} keyword of SPARQL with only sufficient properties.
Please consider the instance of the classes as well.
Use also this entity, node URI matches:
{ENTITIES}
Natural language sentence:
{NLQ}

The parameters are defined as strings enclosed in curly brackets, such as {SCHEMA}, {QT}, {ENTITIES}, and
{NLQ}. These placeholders are programmatically populated to finalize the prompt.

– {SCHEMA} is replaced with the extracted subgraph.
– {QT} represents the type of the generated query, such as ASK or SELECT. In the case of query generation, it

is set to ASK, whereas for the Information Retrieval use case, it is replaced with SELECT.
– {ENTITIES} contains the matched entities, which are incorporated to facilitate query generation.
– {NLQ} represents the main user input, serving as the NLQ to be processed.

This structured approach is designed to ensure consistency and automation in prompt generation for different use
cases.

In addition to its application in query generation, another prompt template has been specifically designed for gen-
erating an information model. This template serves as a structured framework to guide the process of constructing
and refining the information model based on predefined parameters and user requirements.
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Prompt template for XML generation in information model generation use-case:

This is given OPC UA information model in xml format:
{XML}
Natural language sentence:
{NLQ}
Update the xml acordingly. and return only the modified and the additional nodes in xml format.
Don’t forget to add the root node definition of the given xml to this new generated xml.
Keep just <?xml ... > node and <UANodeSet ... > exactly as xml.

The parameters, enclosed in curly brackets (e.g., XML, NLQ), serve as placeholders that are programmatically

populated to complete the prompt. XML represents the XML-formatted subgraph generated from NLQ-type-1 (Sec-

tion 2.2.3), while NLQ-type-2 defines the modifications applied to the extracted information model. An example for

this use case with sample NLQs will be presented in Section 7.

Formal Definition of Augmentation. Given a retrieved subgraph G′, the set of linked entities Uq, and an NLQ q,

the augmentation step constructs a prompt P for the LLM.

P = Φ(G′,Uq, q, θ) (22)

where Φ is a deterministic template function and θ contains task-specific parameters such as query type (e.g.,

ASK, SELECT) or XML mode.

Thus, augmentation is the process of mapping structured KG context and NLQ input into a well-formed prompt

string:

Φ : (G′,Uq, q) → P. (23)

6. Third Step: Generation

In the previous section, examples of prompts for both use cases were provided. These prompts are sent to the LLM

engine, and the generated results are processed accordingly. This study utilized LLM engine: GPT-4o. Both models

were accessed programmatically via API calls within the Azure platform. The same LLM configurations were

applied to both the entity linking and text generation components. The parameter settings for these configurations

are as follows:
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LLM configuration

– model = <gpt deployment> → Specifies the model deployment being used. In Azure, this refers to
the deployed instance of the LLM (e.g., GPT-4o) that is accessed via API.

– messages = <prepared prompt> → Represents the input messages sent to the LLM, typically struc-
tured as a conversation history with user and assistant messages.

– max_tokens = 4096 → Defines the maximum number of tokens (words, subwords, or characters) that
the model can generate in a single response.

– temperature = 0 → Controls the randomness of the model’s output. A value of 0 means the responses
are more deterministic and consistent, while higher values (e.g., 0.7) increase variability.

– top_p = 0.95 → Implements nucleus sampling, where the model considers only the top 95% of prob-
able token choices, helping to balance randomness and coherence in responses.

– frequency_penalty = 0 → Adjusts the likelihood of repeated phrases. A higher value discourages
repetition by penalizing frequent token usage.

– presence_penalty = 0 → Encourages the use of new words by increasing the probability of introduc-
ing novel tokens, reducing redundancy in responses.

– stop = None → Defines specific stop sequences that, if encountered, will terminate the response.
When set to None, the model continues generating output until it reaches the token limit.

– stream = False → Determines whether the response is streamed in real-time. If set to False, the
entire response is generated before being returned; if True, output is streamed incrementally.

Thus, depending on the specific use case, either a SPARQL query or an information model in XML format is
generated.

Formal Definition of Generation. Given the constructed prompt P and an LLM model M, the generation step
produces an output y:

y = M(P), (24)
where M is a probabilistic sequence-to-sequence model.
Depending on the task, the output space is:

y ∈

{
SASK ∪ SSELECT, (SPARQL query)
XIM, (populated XML-based information model)

(25)

Thus, generation is formalized as:
M : P → y. (26)

7. Experiments and Results

This section presents a comprehensive evaluation of the proposed system. The experimental analysis is organized
into three subsections. Subsection 7.1 introduces the datasets used throughout the evaluation, including the OPC
UA knowledge graphs and the SAREF ontology. Subsection 7.2 describes the two baseline algorithms implemented
for comparison. Subsection 7.3 reports the experiments and results for the three main tasks addressed in this work:
semantic rule validation, information retrieval, and information model generation, each represented by a dedicated
set of test-case scenarios.

All code artifacts, the NLQ sets prepared for each use case and dataset, their corresponding ground-truth SPARQL
queries, the result Excel sheets, the baseline and IndustrialGraphRAG implementations, as an end-to-end working
tool are available in our GitHub repository [28]. The curated SAREF dataset used in our cross-standard evaluation is
also provided in the same location. The OPC UA datasets (Robotics and PackML KGs) employed in our experiments
are confidential and therefore cannot be shared; however, the entire pipeline can be executed on the publicly released
SAREF dataset.
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7.1. Datasets

To evaluate the proposed system across heterogeneous industrial scenarios, we rely on two categories of semantic
artifacts: (i) domain-specific OPC UA knowledge graphs, and (ii) the SAREF ontology as a cross-domain bench-
mark for assessing generalizability. The OPC UA artifacts comprise two companion specifications (Robotics and
PackML), while SAREF serves as an independent, non-OPC UA ontology, enabling us to validate the applicability
of our pipeline beyond a single industrial standard.

7.1.1. OPC UA Standard
All OPC UA NodeSet XML files were converted into RDF/Turtle format and, where necessary, manually pop-

ulated with additional instances to support more complex NLQs. Due to confidentiality constraints, the complete
TTL versions cannot be publicly released; however, each graph faithfully reflects the full content of the original
XML specification. In every case, the resulting knowledge graphs far exceed the context window of existing LLMs,
making full-graph prompting infeasible and highlighting the need for selective retrieval via our RAG pipeline.

Robotics: The Robotics knowledge graph is derived from the official OPC UA Robotics companion specification,
based on the Opc.Ua.Robotics.NodeSet2.xml12 file. For experimentation, the RDF/Turtle representation
was manually enriched with additional robot instances (e.g., ArticulatedRobot, CartesianRobot) to en-
able NLQs involving concrete individuals rather than only schema-level definitions. The final Robotics knowledge
graph contains 21,943 triples (approximately 285,741 tokens when serialized), with all token counts computed
using OpenAI’s tokenization method. It represents detailed robotic structures such as joint models, coordinate sys-
tems, tools, device hierarchies, and capability definitions. Its rich structure makes it a suitable testbed for evaluating
multi-hop reasoning and instance-aware SPARQL generation. A reduced visualization is included in Appendix A
for illustrative purposes; the full graph is significantly larger.

PackML The PackML knowledge graph is constructed from the official OPC UA PackML companion specifi-
cation, using the Opc.Ua.PackML.NodeSet2.xml13 file as the base artifact. The resulting Turtle-based KG
represents standardized PackML concepts including machine modes, command sets, transitions, and state-machine
logic. The PackML knowledge graph comprises 11,869 triples (approximately 587,807 tokens when serialized). Al-
though smaller than Robotics, it is semantically richer in state-based behavior, making it a valuable complementary
domain for NLQs involving operational states and transitions. Together, the Robotics and PackML graphs allow us
to evaluate the system across two distinct modeling paradigms within the OPC UA ecosystem—structural modeling
and state-machine modeling.

7.1.2. SAREF
To assess cross-standard generalizability, we additionally evaluate our pipeline on the SAREF ontology, a widely

used semantic model for IoT, smart environments, and industrial energy systems. In contrast to the instance-heavy
OPC UA artifacts, SAREF is primarily schema-driven, offering a structurally distinct semantic space. For our exper-
iments, we combined three SAREF modules14 (Core, Energy, and INMA (Industry and Manufacturer)) to construct
a sufficiently large and diverse knowledge graph enriched with customised instantiations. The resulting integrated
graph of SAREF contains 2,921 triples (around 49,475 serialized tokens) and serves as an independent benchmark
for testing ontology-agnostic performance, confirming that our retrieval and SPARQL-generation approach is not
tied to a single industrial standard. The merged graph and corresponding competency questions, also used in our
previous work [6], are available in the GitHub repository [28].

7.2. Baseline RAG Algorithms

To evaluate the performance of the proposed framework relative to established retrieval approaches, two repre-
sentative RAG pipelines from the literature were selected and re-implemented. All baselines were executed using
identical NLQs, identical prompting templates (except for required method-specific metadata), and identical LLM
configurations. Below, we summarise the design principles and operational characteristics of each baseline.

12https://github.com/OPCFoundation/UA-Nodeset/tree/latest/Robotics
13https://github.com/OPCFoundation/UA-Nodeset/tree/latest/PackML
14https://saref.etsi.org/

https://github.com/OPCFoundation/UA-Nodeset/tree/latest/Robotics
https://github.com/OPCFoundation/UA-Nodeset/tree/latest/PackML
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7.2.1. Lightweight RAG
As a baseline, we implement a lightweight RAG pipeline that follows the canonical two-stage architecture: (i)

embedding-based retrieval over a vector store, and (ii) single-shot SPARQL generation by an LLM conditioned on
the retrieved context. The RDF knowledge source is ingested into an OpenAI vector store using the same retrieval
layer that underpins ChatGPT’s “Upload file / Add to context” functionality, in accordance with the official OpenAI
File Search and RAG guidelines.15 For each natural-language query, the system retrieves the top-k most relevant
text chunks via the file_search API and injects them into a fixed prompt template for query generation.

The pipeline is intentionally kept minimal—without graph reasoning, re-ranking, or iterative retrieval—so that it
functions as a clear lower-bound baseline. This configuration aligns with the “naive” or “baseline RAG” setups com-
monly recommended in OpenAI’s best-practice guidelines and in the broader literature, ensuring that performance
gains in our advanced methods can be attributed specifically to graph-based retrieval and reasoning components
rather than to architectural complexity.

7.2.2. Schema-aware RAG
We introduce a schema-aware RAG approach to address limitations of embedding-based retrieval, which often

suffers from retrieval noise and semantic drift in ontology-grounded SPARQL tasks. Instead of relying on dense
vectors, the method retrieves evidence directly from the RDF graph by computing simple keyword-based similarity
(Jaccard overlap) between the NLQ and each triple. This yields a fully deterministic and transparent retrieval pro-
cess. The approach additionally identifies the most relevant classes and properties, enabling the LLM to operate on
a compact, NLQ-aligned subgraph rather than the entire ontology.

Compared to classical embedding-based RAG, this method is structure-preserving, model-agnostic, and avoids
the operational complexity of vector databases. It consistently provides a cleaner and more semantically faithful
context for SPARQL generation, particularly in domains driven by formal ontology constraints.

7.3. Use Cases and Results

The evaluation spans three major use cases: (1) semantic rule validation, (2) information retrieval, and (3) infor-
mation model generation. Each use case contains dedicated test cases designed to demonstrate system functionality,
comparative performance, robustness, and cross-ontology generalizability.

7.3.1. Validation
The objective of this use case is to demonstrate that the proposed validation mechanism operates reliably across

different OPC UA domains. Two industrially relevant OPC UA Companion Specifications were selected: OPC UA
Robotics and OPC UA PackML. Using multiple domains illustrates that the method is not limited to a single OPC UA
modeling style, providing the first indication of generalizability. The theoretical motivation and technical relevance
of validation were discussed in the Background section; here, we report the experimental setup and results.

Experimental Setup Following[6], NLQs are extracted from textual specifications and used to generate ASK-
type SPARQL queries for validating semantic artifacts. Each NLQ is run five times using the LLM configuration
described in Section 6. A test case is considered successful if at least three out of five executions yield the expected
result (i.e., a strict majority), which accounts for the inherent non-determinism of LLM-based generation while
still requiring consistent correctness. In total, 12 NLQs are evaluated for the Robotics specification and 13 for the
PackML specification. All prepared NLQ sets are available in the GitHub repository [28].

Test Case 1: OPC UA Robotics 12 compliance rule statements were extracted and manually annotated from the
Robotics Companion Specification. Table 3 shows a representative entry from our validation set, including the natu-
ral language question (NLQ), its corresponding ground truth SPARQL query, and evaluation results. The evaluation
follows a majority criterion. The full suite of annotated cases is available in the project repository [28]. An NLQ is
considered correctly handled if the system-generated SPARQL matches or is semantically equivalent to the anno-
tated ground truth.

15https://platform.openai.com/docs/guides/retrieval

https://platform.openai.com/docs/guides/retrieval


N. Tufek et al. / IndustrialGraphRAG for querying and instantiating industrial semantic artifacts 21

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

Table 3
OPC UA Robotics Validation: NLQ execution results and pass/fail decision

NLQ Ground Truth SPARQL Evaluation (x/5) Result
The InverseName of
Moves is IsMovedBy.

PREFIX NS2: <http://opcfoundation.org/UA/Robotics/>
PREFIX ta: <http://opcfoundation.org/UA/Meta/TA/>
ASK {

NS2:moves ta:inverseName "IsMovedBy" .
}

5/5 Pass

Test Case 2: OPC UA PackML This test set was constructed using a methodology analogous to that employed in the
Robotics evaluation. Twenty compliance rule statements were manually extracted and annotated from the PackML
Companion Specification [6]. Table 4 presents an illustrative annotated instance, showing the natural language
query (NLQ), its corresponding ground-truth SPARQL ASK query, and the evaluation outcome. The ASK-type
query returns a Boolean value (True or False), indicating whether the tested semantic artifact satisfies the specified
compliance requirement. For the NLQ shown in the example, IndustrialGraphRAG was executed five times, and
in all five runs it generated a correct SPARQL query that passed the validation. The complete PackML evaluation
results for all NLQs are available in the associated repository [28].

Table 4
OPC UA PackML Validation: NLQ execution results and pass/fail decision

NLQ Ground Truth SPARQL Evaluation (x/5) Result
The labels of all sub-
classes of Structure have
the label which includes
“DataType”

PREFIX ns3: <http://opcfoundation.org/UA/>
PREFIX rdf1: <http://www.w3.org/1999/02/22-rdf-sy...

ASK {
?subclass rdfs1:subClassOf ns3:Structure .
?subclass rdfs1:label ?label .
FILTER(CONTAINS(str(?label), "DataType"))

}

5/5 Pass

Validation Evaluation Results For the validation use case, each NLQ was executed five times, and Table 5 sum-
marises the pass/fail outcomes, execution counts, and accuracies for both knowledge graphs. We report two ac-
curacy measures: (i) NLQ-level accuracy, where a query is deemed correct if at least three of its five executions
succeed, and (ii) execution-level accuracy, which reflects the overall success rate across all individual runs. Industri-
alGraphRAG achieves NLQ-level accuracies of 75% for Robotics and 77% for PackML, together with consistently
high execution-level performance, demonstrating its effectiveness for semantic artifact validation.

Table 5
Validation results: NLQ count, pass/fail accuracy, and execution accuracy.

Number of NLQs Pass/Fail Accuracy Per-Execution Level Accuracy
Robotics 12 0.75 0.70 (=42/60)

PackML 13 0.77 0.72 (=47/65)

7.3.2. Information Retrieval
This use case evaluates the system’s ability to retrieve semantically relevant information from large industrial

ontologies using NLQs. Five NLQs were designed for the OPC UA Robotics information model. For each query,
outputs were generated using the proposed system and the two benchmark RAG approaches. All prompts were
identical across systems except for necessary method-specific additions (e.g., entity-extraction metadata applied
only in our approach).

The same evaluation pipeline was then applied to the SAREF ontology to assess cross-ontology stability. Fi-
nally, to explore the robustness of the system, four progressively more complex or under-specified variants of each
Robotics NLQ were created. These variants allow us to analyze the system’s behavior under ambiguity, incomplete
information, and increasing reasoning depth.
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Test Case 1: Five OPC UA NLQs evaluated across three RAG systems Each of the five NLQs was executed five
times per system, producing accuracy-based comparative results. Table 6 summarises the outcomes of executing
each of the five Robotics NLQs five times, reporting results under both evaluation settings. The table compares
IndustrialGraphRAG with two baseline RAG variants to facilitate a direct performance assessment. As shown in
Table 7, IndustrialGraphRAG attains the highest accuracy at both the NLQ and execution levels, substantially out-
performing the baselines on the Robotics knowledge graph.

Table 6
Accuracy comparison for five NLQs in the Robotics domain across three retrieval methods: IndustrialGraphRAG and two baseline systems

NLQ ID Exact NLQs IndustrialGraphRAG Lightweight RAG Schema-aware RAG
exec acc pass/fail exec acc pass/fail exec acc pass/fail

1
How many instances of Robot are there?
what are their Label?

5/5 Pass 0/5 Fail 5/5 Pass

2
What are the RobotCategoryEnumeration
in this knowledge graph?

5/5 Pass 0/5 Fail 4/5 Pass

3
What are the components of
ArticulatedRobot?

5/5 Pass 0/5 Fail 0/5 Fail

4
Fetch the ActualPosition attribute
of the ArticulatedRobot

5/5 Pass 0/5 Fail 0/5 Fail

5
What are the possible values and their
Label for the AxisMotionProfileEnumeration?

5/5 Pass 0/5 Fail 5/5 Pass

Table 7
Information retrieval performance on the Robotics dataset comparing IndustrialGraphRAG with two baseline RAG models

KG\Models IndustrialGraphRAG Lightweight RAG Schema-aware RAG
exec acc pass/fail exec acc pass/fail exec acc pass/fail

Robotics 1.00 (=25/25) 1.00 (=5/5) 0.0 (=0/25) 0.0 (=0/5) 0.56 (=14/25) 0.60 (=3/5)

Test Case 2: Five NLQs as competency questions for the SAREF ontology, evaluated using the same three RAG
systems. The NLQs prepared for the SAREF ontology, previously used in [6], were evaluated using the same
prompting configuration and system setup as in Test Case 1. Table 8 reports the results obtained by executing each of
the five NLQs five times, presenting outcomes for both evaluation settings. Three RAG approaches were executed,
and their results are included for comparison. Furthermore, Table 9 provides a summary of the total information
retrieval performance on the SAREF ontology. Across all evaluations, IndustrialGraphRAG clearly outperforms the
baselines.

Comparable performance across OPC UA and SAREF demonstrates the consistency and generalizability of the
proposed method.

Test Case 3: NLQ Variants for Robustness Assessment Table 10 lists the five Robotics NLQs introduced in Table 6,
together with two additional variants of each query that differ in their linguistic form:

– Exact — the canonical formulation that reproduces the KG labels verbatim,
– Variation A — a mild rephrasing that keeps all domain-specific terms intact,
– Variation B — a more substantial rephrasing that substitutes some KG labels with close synonyms,

These three versions enable a systematic study of robustness, letting us analyse the system’s tolerance to para-
phrasing, its ability to semantically normalise queries, and its performance on multi-hop reasoning. As the wording
gradually deviates from the original KG labels, we observe a correspondingly smooth reduction in accuracy (see
Section 8 for details).

Table 11 presents the accuracy of NLQs and their variations from Table 10. Even though the accuracy decreases
while using synonyms or uncommon terminology in variations, it remains above 88% when correct EL is applied.
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Table 8
Accuracy comparison for five NLQs in the SAREF domain across three retrieval methods: IndustrialGraphRAG and two baseline systems

NLQ ID Exact NLQs IndustrialGraphRAG Lightweight RAG Schema-aware RAG
run acc pass/fail run acc pass/fail run acc pass/fail

1
What is the instance of the temperature
sensor?

4/5 Pass 3/5 Pass 5/5 Pass

2
Which service does a temperature
sensor offer?

4/5 Pass 1/5 Fail 0/5 Fail

3
What task does a temperature sensor
device accomplish?

5/5 Pass 2/5 Fail 4/5 Pass

4
What function does a temperature
sensor device have?

4/5 Pass 1/5 Fail 0/5 Fail

5
In which state is a temperature
sensor currently in?

5/5 Pass 0/5 Fail 4/5 Pass

Table 9
Information retrieval performance on the SAREF dataset comparing IndustrialGraphRAG with two baseline RAG models

KG\Models IndustrialGraphRAG Lightweight RAG Schema-aware RAG
exec acc pass/fail exec acc pass/fail exec acc pass/fail

SAREF 0.88 (=22/25) 1.00 (=5/5) 0.0 (=0/25) 0.20 (=1/5) 0.52 (=13/25) 0.60 (=3/5)

7.3.3. Information Model Generation
This use case evaluates the system’s ability to generate or extend information-model fragments within large

semantic artifacts through a two-stage process:

1. Stage 1 (Scope Extraction): Given an NLQ-type-1 (e.g., “An information model for a robot with three axes”),
the system identifies the contextual scope and extracts the corresponding subgraph (i.e., the relevant sub-
information model).

2. Stage 2 (Model Population): Given an NLQ-type-2 describing a requirement (e.g., “add speed and motor to
the articulated robot”), the system produces the corresponding model extension operations.

Standards like OPC UA provide comprehensive information models covering numerous machine variations, mak-
ing it difficult for engineers to instantiate models for specific variants. This use case addresses this challenge by
enabling automated generation of machine-specific models from standardized templates.

In Stage 1, users submit an NLQ-type-1 specifying requirements. After performing NER and EL, the system
applies RAG to extract a relevant subgraph including matched nodes and related entities, yielding a focused infor-
mation model. Stage 2 enables iterative refinement (NLQ-type-2). Users submit additional NLQs to add entities,
attributes, or relationships. The LLM generates only new or modified nodes, which are algorithmically integrated
into the existing model, allowing dynamic extension beyond the original KG content.

Test Case 1: Using the base Robotics KG, we executed:

1. Created a compact model via NLQ-type-1: “An ArticulatedRobot with 3 axes.”
2. Added attributes via NLQ-type-2: “Add speed and motor attributes to the articulated robot.”

Results are presented as follows:
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Table 10
Correctness evaluation of five NLQ pairs (original form and natural-language variations) for information retrieval on the Robotics knowledge
graph

NLQ ID NLQ EL Acc
Query Generation

Acc
Fail/Pass

1
Exact: How many instances of Robot are there?
What are their Label?

5/5 5/5 Pass

Variation A: How many instances of robot are there?
What are their labels?

5/5 5/5 Pass

Variation B: How many instances of robot are there?
What are their names?

5/5 4/5 Pass

2
Exact: What are the RobotCategoryEnumeration in
this knowledge graph?

5/5 5/5 Pass

Variation A: What categories of robots can be created
using this model?

5/5 5/5 Pass

Variation B: What are the different types of robots
that can be built with this model?

0/5 0/5 Fail

3 Exact: What are the components of ArticulatedRobot? 5/5 5/5 Pass
Variation A: What are the components of the
articulated robot?

5/5 4/5 Pass

Variation B: What are the parts of the articulated robot? 5/5 5/5 Pass

4
Exact: Fetch the ActualPosition attribute of the
ArticulatedRobot.

5/5 5/5 Pass

Variation A: Fetch the actual position attribute of the
articulated robot.

5/5 3/5 Pass

Variation B: What is the real position of the
articulated robot?

1/5 1/5 Fail

5
Exact: What are the possible values and their Label for
the AxisMotionProfileEnumeration?

5/5 5/5 Pass

Variation A: What are the possible values and
corresponding names for the axis motion profile enumeration?

5/5 5/5 Pass

Variation B: What are the different motion profile
settings for an axis, along with their corresponding names?

0/5 0/5 Fail

Original node definition from the base KG generated after NLQ-type-1

<UAObject NodeId="ns=4;i=5001" BrowseName="4:ArticulatedRobot" ParentNodeId="i=85">
<DisplayName>ArticulatedRobot</DisplayName>
<Description>A typical three-axis industrial articulated robot with 2
power trains that moves 3 axes. Power train 1 moves axis 1, power train
2 moves axis 2 and axis 3.</Description>
<References>

<Reference ReferenceType="i=40">ns=2;i=1002</Reference>
<Reference ReferenceType="i=47">ns=4;i=5024</Reference>
<Reference ReferenceType="i=47">ns=4;i=5025</Reference>
<Reference ReferenceType="i=47">ns=4;i=5042</Reference>

</References>
</UAObject>
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Table 11
Entity Linking (EL) and SPARQL Query Generation performance results grouped by NLQ variations

NLQ Form EL Acc Per-Execution Level Acc NLQ-level Acc Acc with given EL
Exact 1.00 (=25/25) 1.00 (=25/25) 1.00 (=5/5) 1.00 (=25/25)

Variation A 1.00 (=25/25) 0.88 (=22/25) 1.00 (=5/5) 0.88 (=22/25)

Variation B 0.44 (=11/25) 0.40 (=10/25) 0.40 (=2/5) 0.91 (=10/11)

Updated node definition with the newly added attributes generated after NLQ-type-2

<UAObject NodeId="ns=4;i=5001" BrowseName="4:ArticulatedRobot" ParentNodeId="i=85">
<DisplayName>ArticulatedRobot</DisplayName>
<Description>A typical three-axis industrial articulated robot with 2
power trains that moves 3 axes. Power train 1 moves axis 1, power train
2 moves axis 2 and axis 3.</Description>
<References>

<Reference ReferenceType="i=40">ns=2;i=1002</Reference>
<Reference ReferenceType="i=47">ns=4;i=5024</Reference>
<Reference ReferenceType="i=47">ns=4;i=5025</Reference>
<Reference ReferenceType="i=47">ns=4;i=5042</Reference>
<Reference ReferenceType="i=47">ns=4;i=6001</Reference>
<Reference ReferenceType="i=47">ns=4;i=6002</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=6001" BrowseName="4:Speed" ParentNodeId="ns=4;i=5001">

<DisplayName>Speed</DisplayName>
<Description>Speed attribute of the articulated robot.</Description>
<References>

<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5001</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=6002" BrowseName="4:Motor" ParentNodeId="ns=4;i=5001">

<DisplayName>Motor</DisplayName>
<Description>Motor attribute of the articulated robot.</Description>
<References>

<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5001</Reference>

</References>
</UAObject>

The updated ArticulatedRobot node includes Motor and Speed attributes (bold). Both are added as new nodes
with corresponding NodeIds, DisplayNames, and references.

The model achieves significant size reduction: from over 21,943 triples in the original Robotics KG to only
217 triples (pre-XML conversion). This reduction is practically important for two reasons. First, the compact sub-
model fits within the token budget of current LLMs, enabling the generation step to operate on the full relevant
context without truncation. Second, the reduced model retains only the nodes, types, and relationships relevant to
the specified robot configuration, making it directly usable as a machine-specific information model without manual
pruning. In essence, the RAG pipeline doubles as a model-extraction tool: it produces a lightweight yet functionally
complete model tailored to the specific use case.

The complete model appears in Appendix B and was validated by domain experts.

8. Discussion

IndustrialGraphRAG in a nutshell: We introduce IndustrialGraphRAG, a retrieval-augmentation-generation ar-
chitecture within the broader family of Graph-RAG approaches [12], expressly designed for large, RDF-based in-
dustrial semantic artifacts whose size and structural complexity exceed the context window of contemporary LLMs.
While existing Graph-RAG methods primarily target graphs induced from unstructured corpora [13], Industrial-
GraphRAG is tailored to formal, typed ontologies with class hierarchies, OWL axioms, and namespace-explicit
URIs. The pipeline begins with an LLM-driven NER and an EL stage that detects domain entities in an NLQ and
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deterministically links them to canonical URIs in the target KG. These starting nodes act as anchors for a sym-
bolic subgraph–construction module: the shortest paths containing all starting nodes are computed, then selectively
expanded with (i) class–instance pairs, (ii) hasComponent/hasProperty branches, and (iii) optional super-
classes, while also satisfying a token budget. The result is a self-contained, semantically coherent slice G′ of the
original KG that preserves namespaces, edge directions and axiomatic context yet remains compact enough to fit
inside the LLM prompt.

Key advantages over baseline RAG variants: Unlike purely text-centric lightweight RAG pipelines or triple-bag
schema-aware RAG baselines, IndustrialGraphRAG operates on structurally faithful subgraphs. This yields four
concrete benefits that were repeatedly confirmed in our experiments: (i) Topology preservation prevents the re-
lational semantics from being flattened away by naïve chunking. (ii) Namespace fidelity exposes fully qualified
URIs, enabling the LLM to emit syntactically correct and executable SPARQL. (iii) Grounded generation curbs
hallucination. Every triple in the prompt is guaranteed to originate from the authoritative model. (iv) Dual reasoning
over both schema and instance data lets the same pipeline support validation, retrieval and instantiation. Empiri-
cally, these design choices translate into substantial accuracy gains over both of the baselines (see Section 7.2): on
Robotics, IndustrialGraphRAG reaches 100% NLQ-level accuracy, while schema-aware and lightweight baselines
trail at 60% and 0%, respectively (Table 7); on SAREF the gap remains pronounced (100% vs. 60% and 20%).

Use-case 1: Semantic rule validation: Across 25 compliance statements (12 for Robotics and 13 for PackML),
IndustrialGraphRAG reaches 75% and 77% NLQ-level accuracies, with per-execution success rates of 70% and
72%, respectively (Table 5). Importantly, a run is considered correct when the produced SPARQL captures the
intent of the NLQ, even if its syntax diverges from the single ground-truth query used for annotation. Manual
inspection shows that most residual errors originate from entity-linking slips; when the right entities are anchored,
the pipeline tends to generate sound validation logic.

The benefit of structural context can be illustrated with the statement, which is among the NLQ set for validation
of Robotics KG: “The IsConnectedTo reference has no distinct InverseName.” A baseline, unaware of the
graph’s axiomatics, typically issues a generic FILTER NOT EXISTS { ?ref ns3:inverseName ?inv
} pattern that merely checks for the attribute’s absence. IndustrialGraphRAG, in contrast, sees in the retrieved
subgraph that IsConnectedTo is an owl:SymmetricProperty. It therefore formulates a different test: the
inverseName may exist but must equal the forward label, which is exactly how OPC UA encodes symmetric ref-
erences. This example highlights how graph-aware retrieval yields validation queries that are not only syntactically
correct but also semantically aligned with domain conventions.

Use-case 2: Information retrieval: On the Robotics KG, IndustrialGraphRAG delivers perfect performance on
NLQs with canonical phrasing (25/25 successful executions, 5/5 NLQs), while the lightweight text-centric baseline
fails completely and the schema-aware triple bag reaches only 56% execution-level accuracy (Table 7). Results on
SAREF confirm generalizability: our method keeps an 88% execution-level score and 100% NLQ-level accuracy,
whereas the vector-store baseline again collapses (0%) and the schema-aware baseline plateaus at 52%. The advan-
tage stems from (i) precise entity anchoring, (ii) automatic inclusion of hasComponent/hasProperty chains,
and (iii) namespace-explicit prompts that prevent prefix confusion, all of which are common failure modes observed
in the baselines.

Robustness to NLQ paraphrasing: The three-tier paraphrase study (Exact, Variation A, Variation B; Table 10)
probes the limits of our EL module. With perfect linking, SPARQL generation remains robust at 91% even for
Variation B (synonyms, non-canonical phrases). Overall accuracy drops to 40% when linking fails, indicating that
entity disambiguation is now the primary bottleneck, a clear avenue for future work. A particularly challenging case
arises when a generic label (e.g., “Value”) appears in multiple namespaces; the current system selects the top-ranked
LLM match, but a more principled disambiguation strategy could improve robustness in such cases. When linking
succeeds (oracle EL column in Table 11) the pipeline consistently exceeds 88% across all paraphrase levels.

Use-case 3: Information-model generation: IndustrialGraphRAG also supports instantiation. Starting from 21,943
triples in the full Robotics KG, the system distilled a 217-triple sub-model for “an articulated robot with three axes.”
Subsequent NLQ-driven extensions correctly injected Speed and Motor nodes, complete with new NodeIds and
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bidirectional references, yielding a domain-expert-validated XML fragment (Appendix B). These interactive steps
underscore the viability of IndustrialGraphRAG for dynamic model engineering tasks.

Key Insights Across the three evaluated ontologies, Robotics, PackML, and SAREF, IndustrialGraphRAG delivers
strong, task-appropriate performance. In information-retrieval tests it outperforms both baseline pipelines by 40–100
percentage points, while in the validation use case it attains 75–77% NLQ-level accuracy, and in information-model
generation it produces structurally and semantically correct extensions. These results trace back to its ability to
supply the LLM with compact, topology-preserving, namespace-explicit subgraphs, yielding precise SPARQL and
fewer hallucinations. Remaining errors are dominated by entity-linking slips, indicating a clear avenue for future
improvement.

9. Related Work

9.1. Text-based Retrieval-Augmented Generation

Recent advances in LLMs have revitalized research on semantic parsing and NLQ-to-SPARQL translation [29–
31]. Most existing systems rely on text-based RAG, where RDF triples are serialized into text and retrieved using
dense embeddings [10, 32]. While effective for small, shallow, or uniformly structured benchmarks, such methods
are not graph-aware and therefore do not incorporate hierarchy, part–whole relations, inheritance, or typed edges.
As a result, they often fail to retrieve coherent or complete context for large industrial ontologies such as OPC UA
and SAREF, where answering even simple NLQs may require multihop traversal and schema-informed reasoning
rather than surface-level similarity.

9.2. Graph-based RAG

Graph-based RAG extends classical RAG by incorporating graph-structured information during retrieval. Ex-
isting approaches can be grouped into methods operating directly on preexisting knowledge graphs and methods
that induce task-specific graphs from unstructured corpora [12]. The latter category includes the two-stage pipeline
of [13], which constructs entity graphs from large podcast [33] and news datasets [34]. Microsoft’s GraphRAG also
follows this paradigm by converting PDF segments into lightweight graph structures for question answering. How-
ever, these text-derived pipelines are designed for unstructured corpora and cannot preserve the typed semantics,
class hierarchies, or constraints of industrial ontologies.

Further domain-specific work includes a graph-based RAG system for medical question answering [35] and the
KG-RAG4SM framework [36], which integrates vector, traversal, and query-based retrieval for schema match-
ing across datasets such as MIMIC4 [37], Synthea5 [38], CMS6 [39], and EMED [37]. Although these studies
demonstrate the potential of graph-based retrieval, performance remains highly sensitive to the choice of graph
embeddings [40], which are known to struggle with NLQ-driven multihop reasoning.

Despite this progress, several gaps remain. Existing Graph-RAG systems do not address large OWL-based in-
dustrial knowledge graphs such as OPC UA and SAREF. Embedding-based retrieval methods such as Node2Vec
and GNN variants perform poorly for NLQ-driven graph reasoning, as also confirmed by our initial experiments.
Moreover, current methods do not combine ontology signals with symbolic graph traversal, and therefore lack
schema-aware retrieval mechanisms suited to industrial semantic artifacts.

9.3. Similar Approaches

Our prior work investigates the use of LLMs for generating SPARQL queries and validating semantic artifacts
over small-scale industrial knowledge bases [6, 18, 41]. Other related efforts include SPARQL generation for bioin-
formatics knowledge graphs [42] and model-comparison studies showing strong LLM dependence in KGQA perfor-
mance [43]. Additional industrial work includes [44], which integrates Amazon Bedrock with OPC UA companion
specifications but relies on SQL-based retrieval and document parsing rather than graph-based reasoning. These
studies indicate increasing interest in LLM-assisted interaction with structured data; however, none address large
industrial graphs, and none provide ontology-aware subgraph extraction required for reliable SPARQL generation.
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9.4. Positioning Our Approach

Our approach, referred to as IndustrialGraphRAG, differs from existing text-based and graph-based methods in
several respects. First, NLQ interpretation is grounded in explicit entity linking to industrial URIs rather than text
similarity. Second, instead of chunk retrieval, embedding search, or community detection, we compute the minimal
connected subgraph containing all linked nodes and use this as the structurally coherent context for query generation.
Third, we expand this subgraph using symbolic rules that capture class–instance relations, component structure,
and property definitions characteristic of industrial ontologies. To our knowledge, no prior system combines these
elements in a single pipeline or demonstrates ontology-agnostic retrieval and SPARQL generation across both OPC
UA and SAREF. For comparative evaluation, we also implemented a lightweight text-based RAG baseline and a
schema-aware graph-based baseline without traversal. Across all experiments, IndustrialGraphRAG achieved the
highest correctness, indicating that graph-structural retrieval is essential for complex industrial NLQ tasks.

10. Conclusion and Future Work

This study introduced IndustrialGraphRAG, a graph-based RAG architecture that enables natural-language inter-
action with large-scale semantic artifacts such as OPC UA and SAREF. By integrating LLM-based NER and EL,
symbolic shortest-path retrieval, and controlled rule-driven subgraph expansion, the system overcomes the token and
structural limitations that render classical RAG pipelines ineffective for industrial knowledge graphs. Through this
design, the work successfully addresses the three research questions defined in Section RQ1–RQ3: RQ1 (Design)
is satisfied by introducing a scalable architecture for NLQ–KG interaction capable of extracting complete, symbolic
subgraphs from large RDF models; RQ2 (Application) is answered through the demonstrated support for vali-
dation, information retrieval, and information model generation; and RQ3 (Generalization) is confirmed through
experiments across heterogeneous semantic artifacts, including OPC UA Robotics, OPC UA PackML, and SAREF.
Correspondingly, the system fulfils all contributions defined in CONT1–CONT4, including the development of an
end-to-end graph-based RAG framework, its evaluation across multiple industrial tasks, empirical demonstration of
cross-domain generalizability, and performance improvements over state-of-the-art baselines.

Across all use cases, the proposed approach consistently outperforms text-based and schema-aware baselines, par-
ticularly in tasks requiring multi-hop reasoning, class–instance alignment, and structural completeness. The results
confirm that symbolic, path-oriented retrieval, rather than embedding-based chunk retrieval, is essential for enabling
accurate SPARQL generation, semantic rule validation, and NLQ-driven instantiation in industrial contexts.

Future work will focus on extending the proposed architecture to additional industrial semantic artifacts such as
AAS and WoT, enabling broader applicability across heterogeneous modeling ecosystems. Beyond natural-language
queries, the framework will be expanded to support fusion-based interaction strategies that integrate multiple input
modalities, including structured templates, engineering metadata, and domain-specific contextual signals. Such mul-
timodal extensions would allow the system to handle more complex engineering scenarios where textual, symbolic,
and model-level information must be combined for accurate reasoning. Furthermore, applying the pipeline to larger
cross-domain semantic infrastructures will help assess its generalizability and reveal further optimization oppor-
tunities. Collectively, these directions aim to transform the system into a comprehensive, versatile interface for
next-generation semantic engineering workflows.
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Appendix A. Demonstration of KG

Fig. 7 below contains a simplified visualization of the the robotics knowledge graph used for validation use case
in Section 7.3.1, for information retrieval use case in Section 7.3.2 and as the base knowledge graph for information
model generation use case in Section 7.3.3.

Fig. 7. Simplified visualization of the Robotics knowledge graph

Appendix B. Complete Updated Information Model From Information Model Generation Use-Case

The following listing shows the complete information model generated in information model generation use case
after the requested attributes are added to the information model.

Complete Generated Information Model

<?xml version='1.0' encoding='utf-8'?>
<UANodeSet LastModified="2021-02-23T07:42:39Z"
xmlns="http://opcfoundation.org/UA/2011/03/UANodeSet.xsd"
xmlns:uax="http://opcfoundation.org/UA/2008/02/Types.xsd"
xmlns:si="http://www.siemens.com/OPCUA/2017/SimaticNodeSetExtensions">
<NamespaceUris>
<Uri>http://opcfoundation.org/UA/XML/</Uri>
<Uri>http://opcfoundation.org/UA/Robotics/</Uri>
<Uri>http://opcfoundation.org/UA/DI/</Uri>
<Uri>http://siemens.com/robot/demo/</Uri>

</NamespaceUris>
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<Models>
<Model ModelUri="http://siemens.com/robot/demo/" PublicationDate="2024-
12-06T05:36:38-08:00" Version="1.00">
<RequiredModel ModelUri="http://opcfoundation.org/UA/"
PublicationDate="2021-09-15T00:00:00+00:00" Version="1.04.10" />
<RequiredModel ModelUri="http://opcfoundation.org/UA/DI/"
PublicationDate="2022-11-03T00:00:00+00:00" Version="1.04.0" />
<RequiredModel ModelUri="http://opcfoundation.org/UA/Robotics/"
PublicationDate="2021-05-20T00:00:00+00:00" Version="1.01.2" />

</Model>
<Model ModelUri="http://opcfoundation.org/UA/XML/"
PublicationDate="2023-01-14T00:00:00+00:00" Version="1.0.0">
<RequiredModel ModelUri="http://opcfoundation.org/UA/"
PublicationDate="2021-09-15T00:00:00+00:00" Version="1.04.10" />

</Model>
<Model ModelUri="http://opcfoundation.org/UA/Robotics/"
PublicationDate="2021-05-20T00:00:00+00:00" Version="1.01.2">
<RequiredModel ModelUri="http://opcfoundation.org/UA/"
PublicationDate="2021-09-15T00:00:00+00:00" Version="1.04.10" />
<RequiredModel ModelUri="http://opcfoundation.org/UA/DI/"
PublicationDate="2022-11-03T00:00:00+00:00" Version="1.04.0" />

</Model>
<Model ModelUri="http://opcfoundation.org/UA/DI/" PublicationDate="2022-
11-03T00:00:00+00:00" Version="1.04.0">
<RequiredModel ModelUri="http://opcfoundation.org/UA/"
PublicationDate="2021-09-15T00:00:00+00:00" Version="1.04.10" />

</Model>
</Models>
<UAObjectType NodeId="ns=2;i=1002" BrowseName="2:MotionDeviceSystemType">
<DisplayName>MotionDeviceSystemType</DisplayName>
<Description>Contains the set of controllers and motion devices in a
closely-coupled motion device system.</Description>
<References>
<Reference ReferenceType="i=47">ns=2;i=5002</Reference>
<Reference ReferenceType="i=47">ns=2;i=5001</Reference>
<Reference ReferenceType="i=47">ns=2;i=5010</Reference>
<Reference ReferenceType="i=40" IsForward="false">ns=4;i=5001</Reference>

</References>
</UAObjectType>
<UAObjectType NodeId="ns=2;i=1004" BrowseName="2:MotionDeviceType">
<DisplayName>MotionDeviceType</DisplayName>
<Description>Represents a specific motion device in the motion device
system like a robot, a linear unit or a positioner. A MotionDevice
should have at least one axis.</Description>
<References>
<Reference ReferenceType="i=46">ns=2;i=16351</Reference>
<Reference ReferenceType="i=46">ns=2;i=16353</Reference>
<Reference ReferenceType="i=46">ns=2;i=16359</Reference>
<Reference ReferenceType="i=46">ns=2;i=16354</Reference>
<Reference ReferenceType="i=46">ns=2;i=16362</Reference>
<Reference ReferenceType="i=47">ns=2;i=15305</Reference>
<Reference ReferenceType="i=47">ns=2;i=16443</Reference>
<Reference ReferenceType="i=47">ns=2;i=5029</Reference>
<Reference ReferenceType="i=47">ns=2;i=5091</Reference>
<Reference ReferenceType="i=47">ns=2;i=16566</Reference>
<Reference ReferenceType="i=40" IsForward="false">ns=4;i=5044</Reference>

</References>
</UAObjectType>
<UAObject NodeId="ns=4;i=5024" BrowseName="2:Controllers"
ParentNodeId="ns=4;i=5001">
<DisplayName>Controllers</DisplayName>
<Description>Contains the set of controllers in the motion device
system.</Description>
<References>
<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47">ns=4;i=5043</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5001</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=5042" BrowseName="2:SafetyStates" ParentNodeId="ns=4;i=5001">
<DisplayName>SafetyStates</DisplayName>
<Description>Contains safety-related data from motion device system.</Description>
<References>
<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47">ns=4;i=5045</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5001</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=5050" BrowseName="3:ParameterSet" ParentNodeId="ns=4;i=5044">
<DisplayName>ParameterSet</DisplayName>
<Description>Flat list of Parameters</Description>
<References>
<Reference ReferenceType="i=40">i=58</Reference>
<Reference ReferenceType="i=47">ns=4;i=6114</Reference>
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<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5044</Reference>
</References>

</UAObject>
<UAObject NodeId="ns=4;i=5051" BrowseName="2:PowerTrains" ParentNodeId="ns=4;i=5044">
<DisplayName>PowerTrains</DisplayName>
<Description>PowerTrains is a container for one or more instances of the PowerTrainType.</Description>
<References>
<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47">ns=4;i=5056</Reference>
<Reference ReferenceType="i=47">ns=4;i=5070</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5044</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=5055" BrowseName="2:Axis_AR0" ParentNodeId="ns=4;i=5049">
<DisplayName>Axis_AR0</DisplayName>
<References>
<Reference ReferenceType="i=40">ns=2;i=16601</Reference>
<Reference ReferenceType="i=46">ns=4;i=6122</Reference>
<Reference ReferenceType="i=47">ns=4;i=5058</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5049</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=5061" BrowseName="4:Axis_AR1" ParentNodeId="ns=4;i=5049">
<DisplayName>Axis_AR1</DisplayName>
<References>
<Reference ReferenceType="i=40">ns=2;i=16601</Reference>
<Reference ReferenceType="i=46">ns=4;i=6133</Reference>
<Reference ReferenceType="i=47">ns=4;i=5062</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5049</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=5065" BrowseName="4:Axis_AR2" ParentNodeId="ns=4;i=5049">
<DisplayName>Axis_AR2</DisplayName>
<References>
<Reference ReferenceType="i=40">ns=2;i=16601</Reference>
<Reference ReferenceType="i=46">ns=4;i=6145</Reference>
<Reference ReferenceType="i=47">ns=4;i=5069</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5049</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=5025" BrowseName="2:MotionDevices" ParentNodeId="ns=4;i=5001">
<DisplayName>MotionDevices</DisplayName>
<Description>Contains any kinematic or motion device which is part of the motion device system.</Description>
<References>
<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47">ns=4;i=5044</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5001</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=5044" BrowseName="2:MotionDeviceIdentifier_AR" ParentNodeId="ns=4;i=5025">
<DisplayName>MotionDeviceIdentifier_AR</DisplayName>
<References>
<Reference ReferenceType="i=40">ns=2;i=1004</Reference>
<Reference ReferenceType="i=46">ns=4;i=6108</Reference>
<Reference ReferenceType="i=46">ns=4;i=6109</Reference>
<Reference ReferenceType="i=46">ns=4;i=6110</Reference>
<Reference ReferenceType="i=46">ns=4;i=6111</Reference>
<Reference ReferenceType="i=46">ns=4;i=6112</Reference>
<Reference ReferenceType="i=47">ns=4;i=5049</Reference>
<Reference ReferenceType="i=47">ns=4;i=5050</Reference>
<Reference ReferenceType="i=47">ns=4;i=5051</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5025</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=5049" BrowseName="2:Axes" ParentNodeId="ns=4;i=5044">
<DisplayName>Axes</DisplayName>
<Description>Axes is a container for one or more instances of the AxisType.</Description>
<References>
<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47">ns=4;i=5055</Reference>
<Reference ReferenceType="i=47">ns=4;i=5061</Reference>
<Reference ReferenceType="i=47">ns=4;i=5065</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5044</Reference>

</References>
</UAObject>

<UAObject NodeId="ns=4;i=5001" BrowseName="4:ArticulatedRobot" ParentNodeId="i=85">
<DisplayName>ArticulatedRobot</DisplayName>
<Description>A typical three-axis industrial articulated robot with 2
power trains that moves 3 axes. Power train 1 moves axis 1, power train
2 moves axis 2 and axis 3.</Description>
<References>
<Reference ReferenceType="i=40">ns=2;i=1002</Reference>
<Reference ReferenceType="i=47">ns=4;i=5024</Reference>
<Reference ReferenceType="i=47">ns=4;i=5025</Reference>
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<Reference ReferenceType="i=47">ns=4;i=5042</Reference>
<Reference ReferenceType="i=47">ns=4;i=6001</Reference>
<Reference ReferenceType="i=47">ns=4;i=6002</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=6001" BrowseName="4:Speed" ParentNodeId="ns=4;i=5001">
<DisplayName>Speed</DisplayName>
<Description>Speed attribute of the articulated robot.</Description>
<References>
<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5001</Reference>

</References>
</UAObject>
<UAObject NodeId="ns=4;i=6002" BrowseName="4:Motor" ParentNodeId="ns=4;i=5001">
<DisplayName>Motor</DisplayName>
<Description>Motor attribute of the articulated robot.</Description>
<References>
<Reference ReferenceType="i=40">i=61</Reference>
<Reference ReferenceType="i=47" IsForward="false">ns=4;i=5001</Reference>

</References>
</UAObject>

</UANodeSet>
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