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Trustworthy

Question answering

Trustworthy Question Answering (Q&A) is essential in safety—critical engineering domains, where answers must
strictly align with authoritative documentation for equipment testing and inspection. While Large Language
Models (LLMs) exhibit significant potential for automating this process, their direct application is hindered by
the unique characteristics of engineering data and knowledge bases, including strict rule constraints, multi-
source and cross-format data, and prevalent issues of data redundancy and information conflicts. These chal-
lenges lead to factual hallucinations and erroneous inferences, undermining the trustworthiness of existing large
language model-based frameworks in this domain. To bridge the trustworthiness gap, this paper proposes a
Trust-Aware KG-RAG framework (TAG) that systematically integrates a trust mechanism across the entire
pipeline of extraction, graph construction, fusion, retrieval, inference, and question answering. Specifically, the
proposed approach employs tailored context-engineering and domain-specific extraction strategies for structured
and unstructured documents. During the extraction phase, a Trust-Aware Extraction Agent performs Trust-
Weighted Relation Extraction to assign trust weights to entities and relations. In the fusion stage, a Cross-
Graph Trust Validation mechanism acts as an arbiter to resolve conflicts among sources. Finally, a Trust-
Guided Retrieval & Q&A strategy enhances answer trustworthiness through weight-driven retrieval and evi-
dence voting. Experiments are conducted on an engineering-equipment Q&A benchmark derived from power-
transformer testing reports, which provide a representative case study within safety—critical engineering docu-
mentation. The proposed framework achieves an F1-score of 0.785, representing a 54.5% improvement over a
conventional KG-RAG baseline. These results suggest that the trust-aware pipeline is effective in prioritizing
more trustworthy evidence and improving answer alignment with source data in the evaluated setting.

corpus commonly found in equipment testing across domains, including
national/industry standards, manufacturer manuals, inspection/test
reports, operational logs. These documents, while domain-specific,

1. Introduction

The development of intelligent, integrated platforms is central to
modern engineering systems and large-scale infrastructures [1-3]. In
safety—critical engineering domains, it is essential to manage the testing
and inspection of key equipment, such as transformers and high-voltage
switchgear, to ensure safe and stable operation. Unlike open-domain
linguistic resources, engineering documentation follows strict tech-
nical and regulatory standards. In safety—critical equipment testing
across engineering domains, we refer to the multi-source, cross-format
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exhibit similar characteristics across different engineering fields: they
are multi-source, mixed-format, such as structured tables, semi-
structured records, and unstructured manuals, and often contain re-
dundancies or inconsistencies due to version updates or differing au-
thority levels. These characteristics complicate automated knowledge
extraction and reasoning. For example, in power transformer inspection,
engineers typically need to consult national standards such as GB/T
6451, manufacturer manuals, and historical test reports. These materials
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Nomenclature

KG Knowledge Graph
NER Named Entity Recognition

LLMs Large Language Models

RAG Retrieval-augmented generation

RE Relation Extraction

KGQA  Knowledge Graph Question Answering
GPT Generative Pre-trained Transformer

are stored in different formats, including PDF tables, scanned records,
and spreadsheets, and may contain inconsistent requirements due to
standard updates or differing authority levels. Cross-checking this in-
formation manually is time-consuming and prone to error, especially
when decisions must be made under strict compliance constraints. This
situation reflects the broader challenges faced in engineering equipment
testing, where multi-source, mixed-format documents must be inter-
preted and reconciled before reliable conclusions can be drawn. In
current practice, engineers spend considerable time searching for rele-
vant clauses, comparing versions of standards, and verifying test results
across multiple sources. This process is not only inefficient but also in-
creases the risk of oversight, particularly in safety—critical contexts
where inspection judgments must strictly follow formal criteria. Auto-
mated extraction helps ensure that decisions are grounded in up-to-date
and authoritative information, thereby supporting consistency,
compliance, and traceability. It also provides a structured knowledge
basis for downstream tasks such as fault diagnosis, condition assessment,
and inspection plan formulation.

In this study, LLMs are primarily used for knowledge extraction from
multi-source, mixed-format documents and for generating inspection
conclusions and reports under the guidance of retrieved trustworthy
evidence. When general-purpose Large Language Models (LLMs) are
used in such environments, the outputs often fail to conform to
normative requirements, and reasoning may be difficult to verify. This is
problematic, particularly for inspection report generation, where high
reliability and traceability are crucial. Given the limitations of tradi-
tional manual inspection in equipment testing and the challenges of
acquiring domain knowledge and ensuring accurate judgments [4-6],
LLMs like ChatGPT [7] and DeepSeek [8] have shown potential in nat-
ural language understanding and generation [9,10]. For example, in
power transformer testing, manual inspection involves tasks such as
reviewing insulation test records, checking winding deformation mea-
surements against historical trends, and interpreting oil chromato-
graphic analysis results in light of standard thresholds. These tasks are
not only time-consuming but also prone to human error, especially when
documents from different sources contain conflicting information.
However, their key limitations, such as insufficient domain knowledge
and susceptibility to factual errors, are magnified when handling com-
plex reasoning tasks that require specialized expertise [11,12]. For
example, determining whether the insulation resistance of a transformer
complies with the latest standard is not a simple threshold check. The
applicable limit may vary with voltage level, temperature correction
factors must be applied according to standard appendices, and historical
test records are often reviewed to assess performance trends. Such
evaluation requires integrating information scattered across multiple
documents and reconciling potential inconsistencies between versions
or sources. Current general-purpose LLMs struggle with this type of
cross-document and rule-constrained reasoning. Similar requirements
arise in other safety—critical domains, such as aircraft maintenance and
nuclear equipment inspection, where compliance decisions depend on
structured standards and multi-source evidence.

To mitigate this issue, Retrieval-Augmented Generation (RAG) con-
strains model outputs by introducing external knowledge bases [13], yet

Advanced Engineering Informatics 74 (2026) 104801

conventional RAG systems [14] face challenges such as low retrieval
efficiency, semantic mismatch, and context fragmentation. Knowledge
Graphs (KGs), valued for their ability to structurally store and associate
domain-specific knowledge [15], have been used to enhance RAG sys-
tems. Recent work has increasingly focused on KG-augmented RAG, a
paradigm often referred to as KG-RAG, which leverages the structural
information of KGs to guide retrieval and reasoning, proving particu-
larly valuable for managing long-tail knowledge [16].

Although the KG-RAG paradigm is a useful baseline, its adaptability
to engineering-equipment testing scenarios is constrained by the single-
domain yet multi-source characteristics of engineering test documents
[17]. First, the content is governed by strict logical constraints and often
exhibits cross-document inconsistencies: standards, manuals, and test
reports contain domain-specific terminology and complex de-
pendencies, while contradictory or erroneous statements can appear
across sources [18-20]. Second, the engineering-equipment corpus
consists of multi-source and cross-format data, ranging from structured
tables to semi-structured records and unstructured manuals, yet current
frameworks lack mechanisms for reliable and format-aware processing
of this heterogeneity [12]. Third, the lack of explicit inter-document
relations and precedence, such as standard versions and authority
levels, leads to unguided and inefficient retrieval, increasing variability
in generated results. Current KG-RAG pipelines rarely include built-in
mechanisms to assess source trust, resolve conflicts, and fuse such
multi-source engineering evidence end-to-end, leaving a “trustworthi-
ness gap” that the proposed trust-aware framework aims to address.

To address the aforementioned challenges, this study proposes a
Trust-Aware KG-RAG framework (TAG) for safety—critical engineering
equipment. Although transformer inspection is used as a representative
case in our experiments, TAG is intended for safety—critical engineering
equipment settings and may also be relevant to other scenarios with
similar documentation characteristics. Positioned at the intersection of
KG-RAG, Generative AI/LLMs, and Engineering Equipment Mainte-
nance, as conceptualized in the Venn diagram in Fig. 1, this framework
provides targeted solutions to the three major problems by introducing a
systematic trust mechanism:

1. To handle content complexity and conflicts, a Trust-Aware Extrac-
tion Agent is introduced. In addition to domain-aware extraction,
trust weights are assigned to entities and relations during extraction,
so that the reliability of each knowledge item is quantified at its
origin.

2. To resolve multi-source and cross-format data, independent hetero-
geneous knowledge extraction modules and a Cross-Graph Trust
Validation mechanism are proposed. The former performs differen-
tiated processing on structured and unstructured data, while trust
weights and provenance metadata arbitrate conflicts during fusion
and support the construction of a logically consistent global knowl-
edge graph.

3. To compensate for the lack of relational and priority logic, a Trust-
Guided Retrieval & Q&A method is developed that leverages the
established trust weights within the graph to guide retrieval, prior-
itizing the exploration of high-trust knowledge paths, and employs
an evidence-based voting mechanism to replace random selection,
improving the reliability and evidence grounding of the final answer.

The arrangement of the paper is as follows: Section 2 reviews related
work; Section 3 presents the design and implementation of the proposed
framework and analyzes its applicability to the target scenarios; Section
4 reports experimental evaluation and analysis; Section 5 concludes the
paper and discusses future research directions.
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Fig. 1. Venn diagram of the proposed research focus at the intersection of Generative AI/LLMs, KG-RAG, and engineering equipment maintenance.

2. Related work

2.1. Evolution of retrieval-augmented generation: from rules to knowledge
graphs

Retrieval augmented generation (RAG) has moved from rule-based
matching to embedding driven semantic retrieval, and is now shifting
toward more explicit forms of grounding. Most RAG systems follow a
simple pattern: they retrieve supporting evidence from an external
knowledge base and feed it into a language model, which often improves
performance on knowledge intensive tasks [21-23]. In text-only RAG,
candidate passages are embedded and ranked by semantic similarity
[24]. In standards-constrained domains, however, similarity is an un-
reliable proxy for equivalence. Here, we refer to engineering contexts in
which equipment testing and certification must adhere to formal tech-
nical specifications and codified evaluation criteria. Representative ex-
amples include power equipment testing (e.g., GB/T 6451, IEC 60076),
materials testing under ASTM standards, and mechanical system certi-
fication governed by ISO standards. In such settings, inspection de-
cisions are determined by specific clauses and procedural requirements
rather than general semantic similarity. A top-ranked chunk can still
omit the clause that governs the decision. To reduce this gap, several
studies introduce structure. Melnyk et al. [25] propose multi-stage
pipelines that build knowledge graphs (KGs) and extract triples effi-
ciently. Shi et al. [26] introduce REPLUG, a model agnostic method that
prepends retrieved documents to a frozen black box model. Even with
these advances, it remains difficult to distinguish answers grounded in
retrieved evidence from answers driven by parametric model knowl-
edge, which becomes a serious concern when traceability is required.
Taken together, this line of work points toward structure-aware
augmentation and motivates KG-based RAG.

Recent work explores both KG-based enhancements to RAG [27] and
large language model-assisted KG construction [28,39]. Knowledge
graph augmented RAG is now common in research and analytic settings
[29-33]. Traditional KG construction from text relies on a mix of rule
matching, statistical patterns, clustering, and embedding methods

[34-36]. In industrial applications, intelligent maintenance often re-
quires fine-grained fault diagnosis graphs, and LLM driven augmenta-
tion can improve nested entity extraction when annotated data are
scarce [35]. Baek et al. [37] incorporate subgraphs and structural at-
tributes into prompts as factual references. He et al. [38] propose
interactive graph interfaces enriched with textual attributes. Chen et al.
[40] develop a distant supervision pipeline, PCNN ATTRA RL, that
combines sentence level attention with reinforcement learning to reduce
noise, while still depending on a predefined ontology. Shen et al. [41]
model dynamic knowledge and bidirectional fusion across processes,
resources, and features via a knowledge graph facet, though scalability
can suffer on highly heterogeneous corpora. Agentic and iterative graph
LLM systems, such as GraphAgent and Graphusion [30-32], enable
multi-turn exploration and verification, but they also introduce addi-
tional system complexity and prompt engineering effort.

Most KG-based RAG pipelines prioritize representation and retrieval
efficiency, while domain level reliability is often treated as an assump-
tion rather than an explicit design target. This has encouraged work that
adapts graph retrieval to provide stronger grounding. GraphRAG is a
representative example: it leverages document structure and inter-entity
links to support multi-hop reasoning and clause-level evidence tracking.
The next section reviews these graph-based retrieval paradigms.

2.2. Graph-based retrieval paradigms and structural optimization

Within the KG-RAG family, graph-based variants refine indexing and
traversal strategies for different settings, yet standards constrained and
safety—critical applications remain relatively unexplored. One promi-
nent direction is end-to-end graph retrieval, with Microsoft GraphRAG
[34,42] as a representative implementation. GraphRAG builds docu-
ment element graphs and retrieves along explicit structure; compared
with vector only RAG, it often enables faster multi-hop reasoning and
yields more interpretable evidence selection in retrieve than generate
pipelines [43,44]. This makes graph-based augmentation appealing for
large industrial corpora and motivates further KG-RAG instantiations.

Subsequent work concentrates on structure and efficiency. LightRAG
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[45] proposes a graph aware index with a two level retrieval strategy
that combines entity level and topic level search, and it supports in-
cremental updates. Fast GraphRAG [46] uses a lightweight graph rep-
resentation and traversal optimizations to reduce redundant hops and
long prompt overhead, seeking a practical balance between speed and
accuracy. Wang [47] builds a document element graph in which para-
graphs and tables serve as nodes, and lexical, semantic, and structural
relations form edges; an LLM based agent then traverses the graph to
retrieve evidence. RAFT [48] improves robustness through fine tuning
with distractor documents and chain of thought, helping the model
separate relevant evidence from noise.

Practical limits remain in generalization, efficiency, and reliability.
Liu et al. [49] improve traversal based retrieval but assume precon-
structed graphs, which restricts adaptability. Knollmeyer et al. [50]
propose hybrid retrieval strategies, IKG and DKG, that expand cross-
document coverage while trading off some global estimation accuracy.
Bahr et al. [51] and Heredia Alvaro et al. [52] show that domain specific
indexing and pipeline customization can help, yet many systems depend
on highly structured inputs and degrade when data quality varies. Fas-
tRAG [53] reduces reliance on LLM calls via block sampling and im-
proves efficiency, but answer veracity remains challenging in
safety—critical tasks.

Even as efficiency and scalability improve, most KG-RAG systems
treat heterogeneous sources as equally reliable. In engineering inspec-
tion, that authority agnostic stance is risky and motivates the trust-
aware extension developed in this paper. Parallel work has also
explored domain specific question answering frameworks that combine
KG-RAG pipelines with large language models, as discussed next.

2.3. Augmenting LLMs with knowledge graphs for Q&A: pipeline and
design choices

Beyond retrieval speedups, a growing body of work integrates KG-
RAG with large language models to support domain specific question
answering and reasoning. Typical end-to-end pipelines include graph
acquisition, indexing, retrieval orchestration, evidence integration into
the model context, and some form of reliability governance.

Safety—critical engineering domains add pressure on both KG con-
struction and LLM use: documentation is fragmented across sources,
standards evolve over time, and annotations are often scarce [54].
Existing domain adaptations in RAG and KG-RAG reflect a range of
design choices. Wu [55] introduced U Retrieval for medical scenarios,
combining top down precise retrieval with bottom up response refine-
ment. Naganawa [56] proposed a RAG framework for manufacturing
execution systems, addressing sensor data, complex workflows, and
domain knowledge integration. Yuan [57] presented a telecommunica-
tions solution in which a knowledge graph captures relationships among
network protocols, standards, and entities, improving domain Q&A ac-
curacy. MGRAG [58] integrates text, images, and topology graphs for
unified retrieval and reasoning on multimodal work ticket datasets; its
effectiveness depends on the completeness and freshness of historical
records, and multimodal indexing plus subgraph matching can increase
computational cost in large scale grids. Bernier et al. [59] introduced
SafePowerGraph LLM, which combines grid graph structure with
tabular representations to support modeling and reasoning for optimal
power flow. Grid Codex [60] improves code interpretation through
multi-stage query optimization and RAPTOR based retrieval augmen-
tation, but its reliance on large scale models and complex pipelines can
lead to high inference latency and unstable behavior on long text or
cross-language inputs.

Engineering equipment documentation brings its own difficulties.
Knowledge is scattered across multiple systems and documents, and
many queries require combining theoretical guidance with field records.
Redundancy is routine, and operational data can still contain inaccur-
acies [61]. Retrieval can therefore surface incomplete or conflicting
evidence. The framework proposed in this paper targets this setting by
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assigning and propagating trust over entities, relations, and clauses,
validating conflicts across graphs, and combining trust-guided retrieval
with post generation credibility checks to support auditable, domain
compliant Q&A.

Knowledge Graph Question Answering (KGQA) has been widely
studied for querying structured knowledge bases, where natural lan-
guage questions are translated into formal queries executed over a
predefined KG [62-64]. Such systems are effective for fact-oriented
queries on well-curated and schema-stable datasets. However, they
typically assume a fully structured, query-ready graph and a relatively
fixed ontology. Recent work has shown that KGQA models struggle
when faced with unseen schema items or novel relation compositions,
highlighting limitations in generalization [65,66]. In safety—critical
engineering inspection, documentation is heterogeneous, partially
structured, and evolves across standards and field records. Constructing
and continuously maintaining a complete KG suitable for classical KGQA
is therefore difficult. Moreover, inspection tasks often require explana-
tory or report-style outputs and reconciliation of multi-source evidence,
rather than retrieval of isolated entities. For these reasons, a KG-RAG
architecture that combines graph-structured guidance with generative
reasoning is better aligned with the requirements of standards-driven
and multi-source engineering environments.

2.4. Summary

KG-RAG has developed quickly, with progress in retrieval efficiency,
robustness, and domain adaptation. Many systems improve performance
through better graph construction, retrieval refinement, and multi-hop
reasoning. These advances have expanded KG-RAG beyond open
domain settings and into engineering and industrial applications.

A persistent weakness remains: most work focuses on how to retrieve
and reason more effectively, while paying less attention to whether the
retrieved knowledge is reliable. Many frameworks implicitly assume
uniform trust across heterogeneous sources and do not explicitly weigh
or reconcile evidence by authority, temporal validity, or version
consistency.

This assumption may be acceptable in general purpose settings, but it
is problematic in standards driven and safety—critical tasks such as
equipment testing and inspection. Engineering documentation is
domain specific and multi-source, with authority hierarchies, version
precedence, and conditional applicability. Inconsistencies and uneven
data quality coexist with authoritative clauses. A system that cannot
distinguish a governing standard from an informal note or a noisy field
record can produce conclusions that are hard to justify and potentially
unsafe.

To our knowledge, existing KG-RAG frameworks rarely treat trust-
worthiness as a first class design goal across the full pipeline, including
knowledge extraction, graph fusion, retrieval, reasoning, and final
answer generation. Without end-to-end trust governance, a gap remains
between efficiency oriented retrieval and reliability oriented decision
support. Closing that gap is necessary for credible and auditable Q&A in
safety—critical engineering equipment, and it also supports the broader
push toward explainable and verifiable industrial reasoning systems.

3. Methodology

This study proposes the TAG framework instantiated for engineering
equipment testing. While demonstrated using power transformer
monitoring as a case study, the framework is designed to be domain-
agnostic and applicable across various engineering domains. In this
paper, engineering equipment testing refers to standards-driven
compliance verification activities in which equipment performance is
assessed through documented procedures, such as electrical, thermal,
and mechanical qualification tests. It is an end-to-end pipeline that
keeps an explicit, continuous trust score alongside the data. The pipeline
turns raw, multi-source test records—such as inspection reports, test
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data sheets, operational logs, and sensor readings—into knowledge ar-
tifacts that can be audited and traced. This knowledge serves two
complementary purposes. It supports evidence-grounded adjudication
of existing tests by enabling traceable verification of inspection results
against relevant standards. It assists in preparing compliant test plans for
subsequent inspection cycles or newly deployed equipment by orga-
nizing thresholds, measurement procedures, and decision rules derived
from authoritative standards and historical inspection records. While

and Unstructured Document
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test records are generated through past test executions, the structured
knowledge extracted from them can serve as a reference to support
future inspection planning under applicable standards and operational
requirements. The approach retains the standard KG-RAG interface and
a comparable computational footprint. It is anchored in the engineering
domain through metadata on provenance, source authority, document
version, and test conditions, which together shape trust score estimation
and guide downstream choices.

Data enhancement

span—to—entity
Text Reconstruction

provenance
Context-Augmented J
Relation Extraction Suthority tier w)

Chunk D

wf=a-conf,-+(1—aﬁ2meMwm

Entity embedding vectors

| KGy } (wy) —

I I

| - 4 |

: : \‘\‘ . } Cross-Graph
i ,: / alilz:::znt Cant

| KGa O 1 Validation

: o=

Equipment Documentation -
* <equipment model, test item, standard | Ut s version and l
N i e Multi-source Strong rules Redundant D Specific (  temporal (1)
normal range>, <defect record, affected Cross-format constraints conflicts Semantic Chunking validi
. parameter, recommended test> d;
1,2 —
&5 ) Prompt-Driven Trustworthy Perception Module | Data enhancement -
e : |
= Multi-View Contextual Encoding Network Graph-Consistent Truthworthy wls | Node !
Trust-Aware Propagation and Path-Weighted Fusion | G=(N,R,T) |
Extraction Agent ; ; | Relationship :
. ._W_’_.. | Edge
> - . s |
ll @ T ®@ : T=(SUw) Trustworthy | |
— 2,3 |;J ) Weight |
w e
URAy T = (rynpyne, w) & I
Agent-Orchestrated ; . @ : I
Prompting for Extraction C .w_" I
X Edge tyoes @ T2, 2 ':J\> : I
promp B e wh | I
& / . |
w3 | I
7(0,LLM) ® S~ | |
(Guubv Wsub) / F f I I
5 whd ' |
(di’ wnen wre) lL |

Step2:Unified Knowledge Graph Fusion

(t+1) _ Pperyse (Iee w!') -a(p)

Yo Qu,e @(9) @

Entity 1 ;

:@ Subgraph 1 !
i

Step3:Trust-Guided Retrieval & QA

A= LLM(Q,¢(G,Q))

\  On..., could you organize the /
\
. structure of ...? e

>

.

s

S Vectorstore 2 <—<E] Documents Y
Vectorstore .2 <—<E] pocuments

Task complexity
S Question Example w* Answer {question} based on the
@ Node C 1,2 C Relevant following information:
------------------------- R Relationship Edge — retrieval and
T uploaded a chart that includes...~, | Trustworthy Weight Update weight g:un:;:
/ \ 1 H
| Could you tell me which device | N Chunk3:
N }D is most likely to belong to? ./ Graph Retrieval text Prompt e
"":'—__“‘""“--::: --------- . [} source template 77
N, (it Extraction)  confidence :
~~ 1 am writing a material . GNN-Informed Generation
( DREING Deport i | | Vectorstore = <>—El Documents LLM

< & §

Answer

Fig. 2. The framework comprises three tightly integrated modules: trust-aware heterogeneous graph construction, unified graph fusion, and Trust-Guided Retrieval
and question answering. Together, they implement a KG-RAG workflow that enables trustworthy reasoning from preprocessing to final Q&A.
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The methodology contains three closely connected modules, as
summarized in Fig. 2. Trust-aware heterogeneous graph construction
integrates domain-anchored context engineering and trust-aware
extraction. It standardizes both structured, semi-structured and un-
structured sources, correction of condition descriptors, and clause-
preserving text chunking. The framework establishes separate process-
ing channels for structured, semi-structured and unstructured docu-
ments. The trust-aware extraction mechanism integrates agent-
enhanced relational and entity extraction to generate heterogeneous
graphs. Unified graph fusion merges the resulting source-specific sub-
graphs. Cross-graph trust validation identifies conflicts, resolves them
using authority and revision history, and refines trust scores through
iterative propagation across the graph. Trust-guided retrieval and
question answering applies the trust score during inference by retrieving
evidence with trust weights, aggregating support via weighted voting,
and verifying clause-level credibility before generating the final answer.
Overall, the modular pipeline manages equipment test data at scale
without a noticeable rise in computational complexity, addressing the
trust gap often seen in conventional KG-RAG systems.

3.1. Trust-aware heterogeneous graph construction

3.1.1. Domain-anchored context engineering

In this study, heterogeneous data sources related to engineering
equipment are first standardized and organized as preparation for sub-
sequent graph construction. The corpus is single-domain yet multi-
source and cross-format, spanning national/industry standards, manu-
facturer manuals, inspection/test reports, operations logs, and real-time
data such as SCADA (Supervisory Control and Data Acquisition) and
PMU (Phasor Measurement Unit) records. This design demonstrates the
framework's capability to accommodate various data modalities,
reflecting its extensibility to different application scenarios.

The data can be broadly categorized into structured, semi-structured,
and unstructured forms. Structured data typically includes maintenance
records and fault monitoring logs, where entities and parameter values
are explicitly recorded in tabular form. For example, a test record may
contain a table with winding resistance measurements at a specific oil
temperature (e.g., 26.0°C), with values such asRap = 0.9927 Q; a fault
monitoring log might record a timestamp, equipment ID, parameter
name, value, and unit (e.g., “2025-06-27 14:30, Transformer T1, top oil
temperature, 73.3°C”). Semi-structured data, such as formatted inspec-
tion sheets or tagged maintenance reports, contain identifiable field
labels and recurring templates but do not follow a fully relational
schema. Unstructured data, such as technical manuals and experimental
reports, embed relevant knowledge within continuous text, where re-
lationships between entities are often implicit.

Because these three types of data originate from different systems
and documentation practices, their reliability, completeness, and
contextual clarity vary significantly. Therefore, rather than processing
all sources in a uniform manner, they are first prepared separately ac-
cording to their format characteristics.

Structured sources are standardized through schema-guided trans-
formation to convert tables and forms into consistent entity and
parameter representations. Data cleaning addresses missing values and
obvious anomalies, and unit normalization is applied where necessary to
ensure comparability across records. Semi-structured sources are parsed
using template-based field recognition to extract key-value pairs and
logical sections, which are then aligned with the same entity and
parameter definitions used for structured data. Unstructured sources
undergo document parsing and clause-preserving segmentation to pro-
duce text units that retain contextual boundaries and source informa-
tion. These prepared textual units are structured to support subsequent
extraction (performed in Section 3.1.2), such as < equipment model, test
item, standard threshold>, <manual, parameter, normal range>, and <
defect record, affected parameter, recommended test>.

Through these preprocessing steps, structured, semi-structured, and
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unstructured data are transformed into standardized, source-aware
representations while preserving provenance and contextual informa-
tion. The resulting representations serve as inputs for heterogeneous
graph construction and semantic extraction in the subsequent module.

3.1.2. Trust-aware extraction via intelligent agent

Building upon the standardized and source-aware representations
prepared in Section 3.1.1, we now construct a domain-specific hetero-
geneous graph and perform semantic extraction. At this stage, structured
records and clause-level text units are transformed into entity-relation
instances, and trust weights are introduced to support reliability-
aware reasoning.

In the context of trust-weighted dimensions, a domain-specific het-
erogeneous graph is constructed using a knowledge graph to represent
the input [51]. The heterogeneous graph G for engineering equipment
data is formulated as Equation (1):

G=(N.RT) @

where N denotes the set of all entity nodes, and R represents the set
of all relation edges. The term T refers to element types, as defined in
Equation (2):

T = (np,r,n;,w)

TASUU @

where ny, is the head node, r is the relationship, n, is the tail node, and
w is the relationship weight. S and U are the heterogeneous types of
nodes and edges, respectively. In this heterogeneous graph, for each
edge, a meta-type attribute is assigned, which includes the meta-types of
the head node ny, relationship r, and tail node n,. Unlike vanilla KGs in
natural language text, each entity node in this graph is assigned a trust
weight w, which facilitates the subsequent trust mechanism tailored to
the characteristics of engineering equipment data. This trust weight is
obtained simultaneously with the entity nodes during the entity-relation
extraction phase. During this extraction process, clause-level text units
prepared in Section 3.1.1 are aligned to graph entities through span-to-
entity mappings. Each chunk retains source provenance, authority tier,
version information, and condition context. These node-to-chunk
alignments connect the heterogeneous graph with the clause-anchored
text representation, ensuring that graph nodes are traceable to their
original document evidence and providing auditable inputs for subse-
quent cross-source fusion and trust-aware retrieval. The process is
detailed in the following section.

The proposed architecture introduces the necessary intelligent agent
only at the knowledge graph stage to implement the trust mechanism,
without incorporating multi-task agents at other stages. It is motivated
by the fact that the Vanilla GraphRAG operates effectively without
agents, and the practical consideration that introducing unnecessary
agents would add extra overhead and delay.

A Trust-Aware Extraction Agent is introduced to construct the
aforementioned heterogeneous graph, aiming to optimize the entity
relationship information and the semantic dependencies of data in the
engineering systems knowledge graph. The process of generating the
heterogeneous graph using the Trust-Aware Extraction Agent can be
defined as Y = f(O; LLM)[30], where the agent function f(-) combines
observations O, including explicit graph connections (structured data)
and unstructured data (such as textual information). The agent then
generates a heterogeneous graph generation action Y, with the agent
URA, input and output in Equation (3):

(Ev ﬁ*, /M\/) = URAH(dh Gxubs Wsub; Whers Wre) (3)

where E, R is the high-trust set of entities and relation triples, W
represents the trust weight set W = {w,,w,}. URA is the Trust-Aware
Extraction Agent. It corresponds to the trainable parameters 6. d; is
the text block. Gy is the current knowledge graph subgraph. Wy, is the
subgraph trust weight set. y,,,.y,, is the entity/relation extraction
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model. w, is the entity set weight. w; is the relation triple weight. Unlike
methods that rely on carefully handcrafted prompt templates, the TAG
framework adopts a trust-aware dynamic prompt construction strategy.

In this process, entity extraction is first performed based on the
intelligent agent, as defined in Equation (4):

(Eramwraw) = l//ner(dﬁpt) = {(eia type;, confi)|i, ) n}
w,, = a-conf; + (1 — a)-i)Zwm @
‘M| meM

where E,, represents the extracted base entity set, w,,, represents
the extracted base weight, p, is the prompt vector, e; refers to the iii-th
entity, type; is the entity correspondence type, conf; represents the trust
of the Named Entity Recognition (NER) model, w,, is the entity trust-
worthiness, M is the set of other entities in the same sentence, a repre-
sents the entity trustworthiness balancing coefficient. The process also
requires an optimized prompt. To design the Prompt-driven trust-
awareness module, the Trust-Aware Extraction Agent dynamically
generates prompts with trust perception. Specifically, the input ques-
tion, retrieved textual evidence, and textualized subgraph context are
combined and encoded through a lightweight attention module to form
the LLM input representation. This design is intended to reduce reliance
on manually optimized prompt wording by tying the LLM input more
closely to trust-weighted evidence selection. When extracting a standard
threshold, the prompt vector is enriched with contextual metadata like
test date and temperature, guiding the agent to perform context-
sensitive inference that respects the dynamic and conditional nature of
equipment standards.

This ensures that entities and relationships with high trust receive
higher weight in the prompt generation. Specifically, the textual
description of the text d; and subgraph Gy, is concatenated and passed
through a lightweight attention layer to generate the prompt vector.
Finally, select a subset w,, > y from E,,, to form the high-trust entity set

E, where the trust threshold y determines which entities are included.
In the relation extraction Equation (5):

R= {(€p, 7o, €q)|cONfpase > 11}
Confbase = Ve (di7 €p, eQ) ®)
Wy = [}~COHfbme + (1 - ﬂ)'\/ We, " We,

where R is the relation-extraction model, confys, is the base relation
trust, 5 is the trust threshold, w,,-w,, is the trust weights of the two
endpoint entities in the relation, # is the coefficient for base-trust
weighting, and w;, is the relation-level trust score. During heteroge-
neous graph construction, update each heterogeneous subgraph ac-
cording to the subgraph-update rule Equation (6):
G., = Gu» U{E,R} (6)

S

After each subgraph update, re-search existing relations and conduct
relation validation. Apply the following weight-update rule Equation
7):

w:ew — j/'VVgld + (1 _ },).qurrent

7
W;zew — (5'Wfld + (1 _ 6).%uﬂent ( )

In this rule, superscripts on w;* indicate the state before or after
each iteration, subscripts on w;* index entities or relations, y is the
entity-weight update parameter, and § is the relation-weight update
parameter. This model preserves computational efficiency. The trust
weight mechanism substantially improves the quality of the resulting
knowledge graph.
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3.2. Unified knowledge graph fusion

3.2.1. Fusion through cross-graph trust validation

After generating the heterogeneous graphs, heterogeneous graph
fusion is performed to obtain the final global knowledge graph. Con-
ventional pipelines typically apply direct entity resolution via
alignment-based strategies to produce the final graph. In engineering
systems, faulty records in heterogeneous graphs introduce noise, which
is often concentrated in structured data. Conflicts typically arise across
subgraphs constructed from different document sources. While aligned
entities are merged into unified global nodes during entity alignment,
conflicting relations associated with those entities are preserved as
parallel edges with calibrated trust weights. Trust-aware extraction as-
signs initial trust priors within each subgraph, and cross-graph trust
validation subsequently recalibrates these weights during fusion. In this
process, entity fusion ensures structural consistency, whereas relation-
level conflicts are resolved through weight propagation rather than
deletion.

To address this issue, denoising is first applied to each heterogeneous
subgraph to remove spurious or inaccurate entities introduced by faulty
records. To identify those entities, we adopt a reliability assessment
mechanism based on trust weight and node degree. The reliability of an
entity is estimated by aggregating the trust weights of its associated
relations. Entities whose connected edges consistently exhibit low trust
weights are considered weakly supported. Structural support is
measured by its degree, defined as the number of other entities directly
connected to it. Degree reflects the local structural importance of a node
within the graph [67]. Degree-based structural evaluation is widely
adopted in network analysis to identify weakly connected or potentially
noisy nodes [68,69]. In sparse knowledge graphs, most entity pairs are
not directly connected. Therefore, spurious entities tend to appear as
low-degree isolated nodes, which justifies degree-based pruning.

An entity is pruned only when both its aggregated trust weight and
its degree fall below predefined thresholds. It is worth noting that entity
extraction from heterogeneous sources may occasionally generate mul-
tiple nodes referring to the same real-world entity. This scenario is
addressed during the graph fusion stage through entity alignment based
on text normalization and predefined linking thresholds. When two
nodes are determined to represent the same entity, they are merged into
a single global entity node. The fused entity may retain multiple aliases
for traceability, and its associated trust weights are iteratively updated
according to the cross-graph validation mechanism described in Equa-
tion (10). This process ensures semantic consistency, reduces redun-
dancy, and preserves multi-source evidence in the final global
knowledge graph.

This dual-criteria strategy avoids removing valid but infrequently
connected entities in sparse regions of the graph, while effectively
suppressing isolated low-trust nodes. Entities with low trust weights but
relatively higher degree are retained to preserve graph completeness;
however, due to the weight-aware retrieval mechanism, their influence
during downstream reasoning remains limited. This design balances
robustness and noise suppression.

Asillustrated in Fig. 3, during fusion, Cross-Graph Trust Validation is
performed on entities and relations using trust weights, and the trust
weights are updated iteratively. This process suppresses noise in the
input subgraphs and identifies and removes inaccurate nodes and links,
thereby improving the trustworthiness of the global knowledge graph.

First, the target entity and relationship set at this stage, as shown in
Equation (8):
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Fig. 3. Schematic diagram of entity-node-edge-weight mapping. During heterogeneous graph fusion, cross-validation across different subgraphs is performed based

on trust weights, which are iteratively updated throughout the fusion process.

Visea= (0 {5171 € Vi}) U {Rele < E [T(e) >} .
egea= (O {(slusv) | v) € Re}) U {0, hole € e, € T(e)}

where Vfused denotes the fused global node set, k denotes the
number of subgraphs, s; denotes the data source identifier, || denotes the
node ID concatenator, v denotes a node in an original subgraph, Vi de-
notes the node set of a subgraph, he denotes the hub node of entity e, E
denotes the set of unique entities, I'(e) denotes the set of nodes con-
taining the entity, x denotes the linking threshold, &5, denotes the fused

global edge set, R; denotes the original edge set of a subgraph G;, and (u,
v) denotes the set of node pairs in the original subgraph.

The proposed fusion mechanism supports incremental integration,
where newly acquired datasets are incorporated as subgraphs without
reconstructing previously fused components.

3.2.2. Entity alignment and trust weight propagation

A distinction is made between nodes and entities because a single
entity may correspond to multiple nodes before fusion. Entity and
relation alignment are therefore required. The entity to node mapping is
defined as:

T(e) = {ve iQVi‘ (text(v)) = e} ©

where text(-) denotes the node text normalization function for this
mapping, and V; denotes the union of nodes across all subgraphs. The
above establishes a mapping from entities, represented by text, to nodes
in the knowledge graph.

During fusion, trust weight updates are defined as Equation (10):

(t+1) _ ZpePu_,,, Heepwg)'a(p)
) > Q. 2(@)

In the trust weight update process, w,

10)

(t+1
(wy)

) denotes the trust weight of
edge u, vin the t —th iteration, P represents the set of all paths from entity
u to entity v, p is a single path, w'") is the current weight of edge e in the
path, a is the path decay factor, and P is the set of all candidate paths.

Introducing an iterative mechanism for trust weight updates helps
address semantic consistency during graph fusion. Fusion across het-
erogeneous subgraphs may introduce noise, such as homonymous or
ambiguous entities. The iterative updates mitigate this noise by adjust-
ing weights using feedback from neighboring nodes.

3.3. Trust-guided retrieval & Q&A

After trust weight information is generated during graph construc-
tion, an optimized retrieval strategy for question answering is designed
on this foundation. This enhancement increases the proportion of higher
trust content in the retrieved results while maintaining recall.

First, given a natural language question Q and the knowledge graph
G constructed as described above, the goal of TAG is to provide a guide ¢
that enables the extraction of relevant entities, relations, and logical
paths from the graph G. Next, the guide text is fed into a graph neural
network-enhanced LLM to generate the final answer A. The process can
be modeled as Equation (11):

A =LLM(Q,{(G, Q) an

Based on the above problem model and the specialized graph pro-
vided in the previous section, a trust-assisted retrieval strategy for
question answering has been custom-designed. As illustrated in Fig. 4(a)
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Fig. 4. Trust-Guided Retrieval vs Connectivity-Driven Retrieval. (a) TAG Trust-Guided Retrieval & Q&A strategy. The workflow combines trust-aware subgraph
retrieval, evidence-augmented reasoning, and trust-based verification to generate reliable answers supported by contextual chunks. (b) Vanilla GraphRAG Q&A
strategy. Vanilla GraphRAG relies entirely on generative models for answer production. Unlike connectivity-driven subgraph expansion in Vanilla GraphRAG, the
proposed method introduces weight-based filtering, structured-first reasoning, and trust validation to improve reliability and mitigate hallucination.

and Algorithm 1, the proposed question-answer retrieval strategy is as
follows:

In the proposed framework, T represents the text block index (the
mapping from entities to text blocks), M is the question answering
generation model such as LLMs, and Cs is the list of supporting evidence
text blocks. E_q denotes the set of entities extracted from the question, S
is the knowledge subgraph filtered by weight, t is the weight threshold,
is the set of candidate text blocks retrieved initially, and ans is the final
answer, composed of three components: text, source, trust. Specifically,
evidence_text is the concatenated evidence text, and augment input refers
to the augmented input text fed into the model. The Reader Model M is a
generative Large Language Model (LLM) that produces natural language
answers by synthesizing the user query q and the trust-aware evidence
Cs. It serves as a robust fallback mechanism when a direct knowledge
graph path is unavailable.

As illustrated in Fig. 4(b), in Vanilla GraphRAG, the retrieval and
question answering process is based on the connectivity of entities
within the knowledge graph, which expands subgraphs and then maps
them to text blocks. These text blocks are then used to generate answers.
In this pipeline, relation edges are treated uniformly, without explicitly
modeling their reliability or trust. By introducing trust weights as the
core filtering and sorting criterion, it is integrated into the entire
retrieval and question answering process. During the answer generation
phase, the graph paths are used directly along with their corresponding
weights, which helps filter out noise. High-weight graph paths are
prioritized for generating structured answers to avoid hallucinations in
generative models, and the generation model is only called when a
structured answer cannot be produced. As illustrated in Fig. 4(a), unlike
the breadth-first traversal (BFT) based entity-centric retrieval of Vanilla
GraphRAG, this method optimizes retrieval with weight-driven mecha-
nisms. By applying threshold filtering, dynamic adjustment, and weight-

based sorting, quality control is performed at each stage of the infor-
mation retrieval process. This approach results in higher precision and
trustworthiness in the output.

Algorithm 1 Proposed Knowledge-Graph Enhanced Retrieval Q&A strategy

Algorithm 1: Trust-Guided Retrieval & Q&A strategy
Require: User question q, Knowledge Graph G, Text index T, Reader model M
Ensure: Answer ans with supporting chunks Cs

1: I. Weighted perception retrieval:

2: E q = ExtractEntities (q)

3: if Count (E_q) == 0 then

4: Cs = DenseRetrieval (g, 5)

5: else

S = WeightedSubgraph (E_q, G, 7)

C = RetrieveChunks (S, T)

Cs = RerankByWeight (C, G)

9: if Count (Cs) < 3 then

10: Cs += DenseRetrieval (g, 3)

11:  endif

12: end if

14:11. Evidence enhances Q&A

15: evidence_text = Concatenate (Cs)

16: augmented_input = FormatPrompt (g, evidence_text)

@ N

18: try:

20: if HasExactKGAnswer (E_g, G) then

21: ans = KGPathAnswer (q, G)

23:  else

25: ans = ReaderModel (M, augmented_input)
27: end if

33:111. Credibility verification

34: if TrustScore (ans) < 0.7 then

35: ans = AddWarning (ans, low_trust)
36: AttachRelevantChunks (ans, Cs)
37: end if

39: return ans, Cs



Q. Shi et al.

Node connectivity distribution

N IQR (Q1-Q3)
= Median
1 ~— Whiskers
° 10
=
2
20
2
2
§ n=19
o
2 n=2
&
) - T
10°
\\:‘\“vé N :\‘P‘\\ aC & o
e* o w
(a)
<10 Node Count and Degree Value statistical results
8
7
6
g
]
o
34
=]
Z 3
2

0 10 20 40 50

Du:grc(3 l{/aluc
(c)

Extraction rate (a/s)

Advanced Engineering Informatics 74 (2026) 104801

Entity extraction rate

*~— TAG [
Vanilla GraphRAG

3500 F
3000
2500
2000
1500 \
1000 |
500 - . . IAVATL
T T S S a—
Document index
(b)
Relation extraction rate

000F |
*—TAG

500 Vanilla GraphRAG

000¢ &

500 4 s ‘
000 + |
500 Fe . d P . .
L I B et 4 L
10 20 30 40 50 60 70

Document index
(d)

Fig. 5. (a) An illustration of the node connectivity distribution, (b) a comparison of entity extraction rates, (c) node degree statistics for the corresponding knowledge

graph of the file collection, (d) a comparison of relation extraction rates.
4. Experimental results

In this section, TAG is evaluated for trustworthy question answering
in safety—critical engineering equipment testing. Comparisons are
limited to KG-RAG variants to isolate the effect of trust weighting under
a consistent graph-based retrieval setting. The system is instantiated as a
hybrid retrieval architecture, where subgraph search over the knowl-
edge graph and text chunk retrieval operate under a shared retrieval
budget and are combined by a trust-guided reranker.

To validate TAG, we conduct a case study on power transformer
monitoring, using a dataset composed primarily of offline inspection
reports (e.g., box-type substation test records). These reports exemplify
the data commonly encountered in engineering practice and serve to
demonstrate the framework's core capability of establishing a clear
proof-of-concept for the text processing and evidence integration
aspects.

Based on this dataset, we construct a Q&A benchmark from power
transformer testing and maintenance documents, treating power trans-
formers as a typical instance of critical engineering equipment. The
Vanilla GraphRAG framework is adopted as the reference for evaluating
the improvements introduced in this study. Knowledge graph con-
struction is first examined using a curated dataset to assess the contri-
bution of the trust-assisted mechanism. Subsequently, question
answering dialogues are conducted, and the reliability of the resulting
answers is measured to evaluate the overall effectiveness of the
enhanced approach.

4.1. Experiment setup

The proposed approach was deployed on a server with an RTX 4090D
GPU (24 GB). To ensure a fair comparison between the proposed and
vanilla methods, the same version of Llama 3 was employed for all
agents in the answer generation process.

10

4.2. Knowledge graph construction and quality evaluation

To evaluate the graph generation module, particularly its trust-aware
mechanisms, we constructed a dataset of 71 documents. These proper-
ties are not unique to power transformers but are common in engi-
neering equipment documentation, where strict regulatory standards
coexist with heterogeneous document formats.

This dataset was curated to reflect the core challenges of power grid
documentation: multiple sources, mixed formats, and varying levels of
trustworthiness. It is composed of two categories: 57 unstructured
documents, which typically provide trustworthy and standardized
knowledge, and 14 structured data files, which often contain operational
data that may be noisy or have lower initial trust. All sources are single
domain but multi-source and cross-format, including national and in-
dustry standards, manufacturer manuals, inspection and test reports,
operation logs. Representative examples of the regulatory standards,
document formats, unstructured/semi-structured documents, and
structured data fields used in the experiments are provided in Appendix
A (Table A1 and Table A2).

Each triple includes provenance, an authority tier, version or time
validity, a clause identifier, unit normalization, and condition correc-
tions for temperature and voltage class.

To illustrate the characteristics of these files, Fig. 5 reports the node
degree distribution of the graph built from the data file collection. Fig. 5
(a) shows that text entity nodes account for about 27% of the total, while
other entity types, such as formulas, are also present in the files. In
addition, structured data nodes, such as Excel rows, make up about 23%
of the total and include fault records and testing reports, which can vary
in trustworthiness. This supports the need for the trust-aware mecha-
nism introduced in this method.

Given the trustworthiness challenges in structured data, the pro-
posed method adds an additional interface for structured data to the
TAG framework and uses an extraction method better suited to
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Table 1
Comparison of entity and relation extraction rates under different chunk sizes.

Method Chunk Entity extraction Relationship Extraction Rate
size rate (items/s) Entity Extraction Rate

(items/s)
TAG 100 2965. 88 2662. 02
500 2858. 87 2570. 59
1000 2946. 74 2643. 92
Vanilla 100 3483. 77 3151. 21
Graphrag 500 3425. 85 3099. 48
1000 3499. 56 3165. 10

structured files. In contrast, the baseline GraphRAG framework applies
the same extraction method to both structured and unstructured sour-
ces. Fig. 5(c) shows the relationship between node ranking and node
degree for the data file collection.

After introducing the dataset, we evaluated improvements in entity
extraction and graph generation by comparing the proposed method
with the traditional method. The resulting graphs show sparsity and
density levels that fall within expected ranges for this dataset.

Fig. 5(b) and Fig. 5(d) compare the extraction rates of the proposed
method and the traditional method for different data files, with the
chunk size set to 500. As shown, the entity extraction rate curve, relation
extraction rate curve, and memory usage curve for the proposed method
closely resemble those of the traditional method, suggesting that the
Trust-Aware Extraction Agent and the improvements introduced in this
method do not add substantial computational overhead. The overall
running speed of both methods is comparable.

To compare the graph generation rate under different chunk sizes,
additional comparisons for three representative chunk sizes were per-
formed, as shown in Table 1. When the chunk size is the same, the entity
extraction rate, relation extraction rate, and average memory usage for
the proposed method are similar to those of the traditional method. Both
methods also show the same trend in their respective metrics as the
chunk size is adjusted. After analyzing the extraction rates, the focus
shifts to entity extraction quality and knowledge graph generation
quality.

To improve practical transparency, we further summarize the prac-
tical overhead of TAG. We additionally provide summarized throughput
and memory-related statistics in Table 2.. Since both methods use the
same frozen Llama3 model without fine-tuning, these results reflect
pipeline-level overhead rather than model training cost. Overall, the
additional overhead introduced by the trust-aware graph construction/
fusion stage is limited under the present experimental setting, which
helps make the performance—cost trade-off of the TAG framework more
explicit.

In power grid data management, where large volumes of documen-
tation must be consulted during fault diagnosis, the speed of user query
and retrieval efficiency are very important. If the graph results are too
complex and overly sophisticated retrieval strategies are used, the sys-
tem response speed may further decrease. The proposed method there-
fore aims to balance efficiency and the correctness of the knowledge
used in the answers. Unlike methods such as GraphAgent, this frame-
work does not rely on a training set, making it more adaptable to zero-
shot scenarios in the power grid domain.

Fig. 6 compares the structural evolution of TAG and Vanilla

Table 2
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GraphRAG during heterogeneous graph fusion. Multiple structural and
performance metrics are jointly analyzed to assess the effectiveness and
engineering feasibility of the proposed trust-aware mechanism. Fig. 6(a)
shows the variation in the number of nodes and edges during the graph
fusion process. Fig. 6(b) illustrates the evolution of the average degree
and graph density. Fig. 6(c) presents the variation in the number of
connected components. Fig. 6(d) reports the processing time as the
fusion step increases.

In terms of graph scale and fusion behavior, both methods exhibit
rapid growth in node and edge counts during early fusion steps, followed
by stabilization. However, TAG maintains a smaller overall graph size
compared to Vanilla GraphRAG, indicating that trust-guided alignment
avoids unnecessary structural expansion. When combined with the
connected components metric, a clearer difference emerges: TAG pro-
duces significantly fewer connected components and reaches structural
convergence earlier. This suggests that the cross-graph trust validation
facilitates more effective entity alignment and reduces fragmentation
across heterogeneous data sources, resulting in a more integrated graph
structure.

Regarding structural quality indicators, TAG demonstrates higher
average degree and higher graph density than Vanilla GraphRAG. The
increased average degree reflects stronger local connectivity among
entities, while the higher density indicates more consolidated relational
structures under controlled node growth. Importantly, this enhancement
is achieved without uncontrolled graph expansion, as evidenced by the
stabilized scale metrics. Rather than relying on sparsification, the trust-
weight mechanism promotes the integration of high-trust relations,
leading to a more cohesive knowledge structure. Such structural
consolidation provides richer relational paths that can support down-
stream reasoning and question answering, as further evaluated in the QA
experiments.

From a computational perspective, the processing time for both
methods increases approximately linearly with respect to fusion steps.
Although TAG introduces additional trust-weight propagation and cross-
validation operations, its per-step processing time remains within the
same order of magnitude as Vanilla GraphRAG (approximately 1.9
higher). No exponential growth or instability is observed. This indicates
that the proposed mechanism achieves structural refinement with
manageable computational overhead, maintaining practical feasibility
for engineering applications in safety—critical domains such as power
equipment maintenance.

Overall, the results show that TAG improves structural integration
and relational consolidation while preserving controllable graph scale
and computational complexity. These structural characteristics establish
a stable foundation for reliable multi-source knowledge graph con-
struction and subsequent QA performance.

Fig. 7 illustrates the changes in the trust weights introduced by the
proposed method during the fusion process. The trust weights of edges
and nodes are iteratively updated, showing larger fluctuations in the
early stage. This suggests that the initial phase of graph formation es-
tablishes most multimodal semantic associations and entity linkages,
leading to an increase in node connectivity. In the example power grid
dataset, the trust weights gradually stabilize in the later stage. This
stabilization supports the effectiveness of the fusion strategy in reducing
isolation across modalities and improving the connectivity of the
knowledge graph. Trust propagation adjudicates conflicts by authority

Practical overhead statistics of the proposed framework and Vanilla GraphRAG. Memory is summarized as the absolute fluctuation of the recorded memory variation.
Zero-valued entries indicate no observable memory change for the corresponding file.

Method Avg. Entity Throughput Avg. Relation Throughput Avg. Absolute Volatility of Non-zero Events  Peak Memory Fluctuation
(items/s) (items/s) (MB) (MB)
TAG 535.29 544.00 22.74 80.37
Vanilla 548.91 558.16 21.49 73.66
GraphRAG

11
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Fig. 6. Comparative evaluation of structural indicators and computational performance during the graph generation process (TAG and Vanilla GraphRAG). The
subplots track the evolution of node-edge scale, average degree, density, connected components, and processing time across fusion steps. The results suggest that the
TAG strategy achieves superior knowledge consolidation (higher density and average degree) and better structural integration (fewer connected components) with a
manageable and linear increase in computational cost. This confirms that the TAG construction is stable, topologically optimized, and scalable, providing a reliable
foundation for trust-guided retrieval and reasoning.
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fusion steps and progressively stabilize as more cross-source evidence is integrated. This convergence pattern indicates that the trust-aware updating mechanism
effectively filters unreliable information, reinforces consistent multi-source knowledge, and establishes a stable and reliable weighting structure for downstream
retrieval and reasoning.
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For a 30 kVA oil-immersed distribution transformer rated at 6.3/0.4 kV, what are the no-load loss
and load loss?

Advanced Engineering Informatics 74 (2026) 104801

For the same 30 kVA, 6.3/0.4 kV oil-immersed transformer, what are the short-circuit impedance
(Uk%) and allowed vector groups? Why do load losses differ slightly across vector groups?

Small oil-immersed distribution transformers typically have a no-load loss around 0.07-0.10 kW
and a load loss around 0.6-0.7 KW. Exact values depend on the vector group and tolerances:
consult the relevant standard table.

A typical short-circuit impedance for this rating is around 4%. Common vector groups include
Yyn0, Dynll, Yznll. Load-loss differences are usually related to winding connections and
leakage-flux paths.

ansformer(30 KVA) —hasVoltage— HV(6.3 kV), LV(0.4 kV)
ransformer —isType— Oil-Immersed

il-Immersed & Small-Capacity —typicalNoLoadLoss— 0.07-0.10 kW
I-immersed & Small-Capacity —typicalL.oadLoss— 0.6-0.7 kW
#8004 —dependOn—s VectorGroup Retrieval by similarity only

30 kVA —typicalUk— ~4%
{Yyn0, Dynll, Yzn11} —areCommonFor— 6.3/0.4 kV
VectorGroup —affects— LeakageFlux — LoadLoss

Retrieval by similarity only

For a 30 kKVA, 6.3/0.4 kV oil-immersed distribution transformer:
No-load loss: 0.08 kW

Load loss: 0.60 KW (Yyn0): 0.63 kW (Dynl11/ Yznll)
References: GB/T 6451-2023

Transformer —ratedCapacity— 30 kVA

Transformer —hasHV— 6.3 kV ; —hasLV— 0.4 kV

Transformer —IluVeﬂorGroup—v {YynoO, Dynll Yznll}

30 kVA —noLoadLoss==Standard— 0.08 k'

30 kVA & Yyn0 —loadLoss==Standard— 0 60 kW

30 KVA & {Dyn11,Yznl1} —loadLoss==Standard— 0.63 kW

AllValues —provenance— GB/T 6451-2023 <Oil-Immersed Power Transformers) table-
row(id=30kVA,6.3/0.4kV)

: 4.0% for the 30 KVA class.
vector groups: Yyn0, Dynll, Yznll.
hy load losses differ: The standard table lists 0.60 KW for Yyn0 vs 0.63 KW for Dynl1/Yznll at
he same rating. This aligns with differences in winding connections (A/Y), phase shift, and leakage-
ux distribution, which change the equivalent resistance and stray losses under the same reference
emperature
eferences:

GB/T 6451-2023GB/T 6451-2023

30 kVA —Uk%— 4.0 (==GB/T 6451-2023, class=<50 kVA)

30 KVA —allowedVectorGroup— {Yyn0, Dynll, Yznll}
VectorGroup(A/Y & phase shift) —modulates— LeakageFlux/StrayLoss
— causes— LoadLoss{0.60 (Yyn0), 0.63 (Dyn11/Yznl11)}

==same reference temp

Trust-weighted Retrieval (w)— Evidence Voting (Confidence-based)— Credibility

Trust-weighted Retrieval (w)— Evidence Voting (Confidence-based)— Credibility
Verification Verification
. Rated capacity: 30 kVA
Rated capacity: 30 kVA Voltage rating: 6.3/0.4 kV
Voltage rating: 6.3/0.4 kV

Short-circuit impedance (UK): 4.0%
Load loss values at rated condition:
* YynO: 0.60 kW
*Dyn1l/ Yznll: 0.63 kW
Source: GB/T 6451-2023 (Performance Parameters Table)

Standard performance parameters: No-load loss: 0.080 kW
Load loss: 0.630 KW (vector-group dependent)
Source: GB/T 6451-2023, Table — Performance parameters

Knowledge Graph — 30 kVA Oil-Immersed Distribution Transformer(Trust-Aware KG-RAG)
Entity—Relation Data from GB/T 6451-2023 -
ntity—Relation Data from - Capacity
—_noLoa L‘m hasCapacity "30 KVA" ‘
- 'lllCnnﬁgu"“on h““/v hasLV
hnMurIc — Lngon_ﬂg_unllon
' ‘o\\v ¥
e ‘otG . Yecy,
LoldlLMl ‘i" rc'b,,p Trusted Path
/ I v§dnr(;nmp e
hthtrk Defined by ‘;’ hasVoltageClass { N\
/ |
JoadLoss ' nnl.oldl.ass
", loadLoss
— ‘,’,"’ No-load
kV = .' 600 x "0.080 Load"0.6
\ " 30 kw"
Clause-level provenance ensured Irustc:::h 1 bl Trusted Path
Selected Evidence Path ~a

Knowledge Graph — 30 kVA Oil-Immersed Distribution Transformer(GraphRAG)

Unweighted graph fusion; all triples treated
equally; potential conflicts remain unresolved.

Fig. 8. Test of the Trust-Guided Retrieval & Q&A system. The figure compares the outputs, reasoning paths, and supporting evidence of Vanilla GraphRAG and the
proposed TAG on two transformer-related queries. The trust-guided approach retrieves more accurate parameters, produces cleaner and more standard-aligned

reasoning paths, and yields interpretable answers grounded in high-trust multi-source knowledge, demonstrating substantial improvements in retrieval precision
and reasoning reliability.
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Table 3
Stratified performance comparison under different evidence interaction and conflict conditions.
Question Type Samples GraphRAG TAG AF1
P R F1 P R F1
Single-document questions, 100 0.85 0.83 0.84 0.91 0.89 0.90 +0.06
Cross-document questions,without conflict 80 0.83 0.79 0.81 0.86 0.83 0.84 +0.03
Cross-document questions, 100 0.47 0.56 0.51 0.70 0.90 0.79 +0.28

with conflict

tier and version precedence and aligns thresholds under operating
conditions. This is particularly important for grid testing, where re-
visions of standards and condition dependent corrections can change
pass or fail decisions.

4.3. Trust-guided retrieval & Q&A dialogue experiment

After analyzing and evaluating the entity generation process and
graph quality of the proposed method, question answering experiments
were conducted to assess the practical value of the TAG framework in
power equipment testing. To better approximate real-world applica-
tions, the sample corpus was extended with multi-source power equip-
ment test data, including standard regulations, manufacturer manuals,
and experimental records, to construct a large-scale domain knowledge
graph. Representative questions were then selected to examine both
clause-level accuracy and reasoning transparency.

Fig. 8 illustrates the end-to-end reasoning process and the differences
between the Vanilla GraphRAG and the proposed TAG. While Vanilla
GraphRAG retrieves evidence solely based on semantic similarity, the
Trust-Aware framework integrates a continuous trust score w
throughout retrieval and inference. During retrieval, each candidate
clause is re-ranked by a trust-weighted relevance score, ensuring that
authoritative and up-to-date standards are prioritized. In the reasoning
phase, evidence voting aggregates high-trust paths, and credibility
verification eliminates low-trust or conflicting statements before
generating the final answer.

An enlarged version of the source-document excerpt corresponding
to the reference answer in Fig. 8 is provided in Appendix B for read-
ability. This supplementary figure allows readers to inspect the sup-
porting evidence from the regulatory standard document in greater
detail.

The resulting knowledge graphs differ substantially. The Vanilla
GraphRAG fusion treats all triples equally and may leave potential
conflicts unresolved. By contrast, the TAG constructs a refined subgraph
in which edges and nodes carry trust weights, highlighting high-trust
evidence chains that connect authoritative standards to the query re-
sults. This process enhances clause-level grounding and helps ensure
that the final answer reflects verified, regulation-compliant knowledge,
supporting the reliability and interpretability of the trust mechanism in
domain reasoning.

To better understand where the proposed trust-aware KG-RAG
framework is most beneficial, we further conduct a stratified analysis
based on evidence interaction complexity and conflict level. Specif-
ically, we divide the evaluation questions into three categories: single-
document questions, cross-document questions without conflicts, and
cross-document questions with conflicting information across sources.

As shown in Table 3, the performance gap between the two methods
is relatively small on single-document questions, indicating that the
additional trust-aware mechanism provides limited marginal benefit
when no substantial cross-source aggregation or conflict resolution is
required. On cross-document questions without conflicts, TAG yields a
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moderate improvement, suggesting that trust-aware graph-based inte-
gration is still helpful for multi-source evidence aggregation. The largest
gain is observed on cross-document questions with conflicts, suggesting
that trust-aware reasoning is especially helpful when inconsistent evi-
dence must be reconciled across sources.

Evaluation is conducted using clause-level grounding with a shared
retrieval budget across all methods. To isolate the effect of trust-aware
reasoning under a controlled setting, we compare TAG not only with
graph-based baselines (Fast-GraphRAG, LightRAG, and Vanilla Graph-
RAG) but also with non-graph baselines, including traditional text RAG
and Dual-Modal RAG (Text + KG). Fig. 9 and Table 4 report Precision,
Recall, and F1 under identical top-k settings, matched context lengths,
and the same chunking strategy. All clause citations are validated
against authoritative source documents.

Under this controlled setting, TAG achieves the best overall perfor-
mance. Compared with Vanilla GraphRAG, TAG improves end-to-end F1
by 54.5%, with corresponding gains of 49.3% in Precision and 60.8% in
Recall. TAG also outperforms the text-centric baselines by a clear
margin, indicating that trust-aware structured reasoning is beneficial in
engineering corpora characterized by multi-source evidence, revision-
sensitive standards, and cross-format documentation. These improve-
ments are consistent with the role of the unified trust pipeline, which
assigns trust weights w to entities, relations, and clauses on the basis of
authority tier, version precedence, and condition correction.

The relatively weak performance of Dual-Modal RAG (Text + KG)
further highlights the importance of trust calibration. Although this
baseline combines textual and graph-derived evidence, its fusion strat-
egy remains largely uncalibrated. Retrieved text and KG triples are
concatenated without cross-source trust validation, so redundant or
inconsistent triples may introduce noise rather than complementary
support. Recall improves only marginally compared with traditional text
RAG, while precision decreases due to evidence contamination and
misaligned retrieval focus. As a result, multimodal integration alone
does not guarantee improved answer quality; without trust-aware co-
ordination, it may even reduce precision through evidence contamina-
tion and unstable grounding.

In TAG, a single trust pipeline assigns a trust weight to entities, re-
lations, and clauses. During retrieval, candidates are re-ranked by trust-
weighted relevance, so high-authority and up-to-date standards are
retained. This reduces early recall loss and increases recall at a fixed
budget, addressing a key weakness in Fast-GraphRAG, where tiered
retrieval without trust parameters may prune valid but lower-frequency
evidence.

During answer generation, high-weight paths and clauses are
aggregated through evidence voting, and a decision threshold on accu-
mulated trust mass suppresses stale or conflicting evidence, which im-
proves precision, a key differentiator from LightRAG, which lacks
explicit conflict mitigation. The final credibility verification step checks
tentative answers against the highest-weight criteria and filters outputs
without sufficient trust mass or condition alignment, stabilizing overall
trustworthiness.The advantages of TAG are most evident when
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Fig. 9. Overall comparison of question answering accuracy and detailed indicator analysis of TAG. (a) Performance comparison among five representative KG-RAG
and text-RAG baselines and TAG across precision, recall, and F1 score. TAG achieves higher overall scores than the baselines, indicating improved accuracy and a
more balanced retrieval and reasoning capability. (b) Violin plot analysis of TAG precision, recall, and F1 score over all test samples, showing stable distributions
with high central values, which supports the robustness of TAG Q&A performance.
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Table 4
Precision, Recall rate, F1 Score of different frameworks.
Precision Recallrate F1Score

TAG 0.699 0.894 0.785
Fast-GraphRAG 0.545 0.622 0.581
LightRAG 0.669 0.821 0.737
Vanilla GraphRAG 0.468 0.556 0.508
Traditional text RAG 0.624 0.613 0.619
Dual-Modal RAG (Text + KG) 0.560 0.525 0.560

questions require cross-document evidence aggregation. As shown in the
stratified analysis in Table 3, performance gains are relatively small on
single-document questions, where direct matching is often sufficient,
but become larger on cross-document questions, especially when con-
flicting information must be reconciled across standards, manuals, and
inspection records. This pattern supports the view that the main
contribution of TAG lies not in simple retrieval enhancement, but in
trust-aware conflict handling and evidence prioritization under multi-
source inconsistency.

Among the graph-based baselines, LightRAG remains competitive on
clause-centric corpora because its lightweight indexing reduces sum-
marization loss. However, TAG surpasses it when answer validity de-
pends on authority tier, version recency, or conflict resolution.
Similarly, Fast-GraphRAG benefits from efficient graph traversal but
lacks explicit trust calibration, which limits its ability to preserve valid
but lower-frequency evidence under a fixed retrieval budget. Overall,
these comparisons suggest that the principal benefit of TAG comes from
integrating trust modeling into graph construction, retrieval, and
answer verification in a unified manner.

On the inference side, the hybrid retrieval strategy of TAG further
reduces variance. Text-first retrieval recovers long, clause-anchored
explanations, whereas graph-first retrieval preserves multi-hop con-
nectivity among equipment, parameters, and test items. The unified
trust-guided pipeline leverages the same weight w for both channels,
preventing unsupported or stale reasoning chains. Gains are most sig-
nificant on cross-document queries that require integrating standards,
manuals, and inspection records with frequent revisions, while single-
clause lookups show smaller improvements where direct matching suf-
fices. Precision may initially lag recall when the candidate retention
policy emphasizes safety-oriented recall, a deliberate trade-off suitable
for compliance-critical power equipment testing and adjustable through
higher decision thresholds.

Although prompt robustness is not the primary focus of this work,
our framework still includes an LLM-based stage, and it is therefore
useful to examine whether the end-to-end system is sensitive to mod-
erate changes in question wording. Since the prompt in TAG framework
is dynamically constructed rather than manually written as a fixed
template, the relevant robustness issue in our setting is sensitivity to
semantically equivalent rephrasings of the input question.

To provide a minimal empirical check, we selected a small repre-
sentative subset of the evaluation set and created two semantically
equivalent paraphrases for each question while keeping all other set-
tings unchanged. We selected 20 representative questions covering
various device types and task categories. We then ran the full pipeline on
these reformulated inputs and evaluated the outputs using the same
Precision, Recall, and F1 metrics as in the main experiments. The results

Table 5

Performance under semantically equivalent query rephrasings. All formulations
preserve the same question intent, and only moderate wording changes are
introduced.

Query Formulation Samples Precision Recall F1

Original wording 20 0.701 0.892 0.785
Paraphrase A 20 0.690 0.784 0.734
Paraphrase B 20 0.706 0.888 0.785
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are summarized in Table 5.0verall, the performance variation across
different formulations is limited, providing preliminary evidence of
stability under moderate query rewording in this small-scale check.
Nevertheless, this check is small in scale and should not be interpreted as
a comprehensive robustness evaluation.

4.4. Discussion

The results suggest that the main advantage of TAG lies in the
combination of trust-aware graph construction and trust-guided infer-
ence. During graph construction and fusion, trust priors derived from
authority tier, version recency, and condition correction help preserve
high-value evidence while down-weighting stale or lower-authority al-
ternatives. During retrieval and answer generation, the same trust signal
is used to re-rank candidate evidence, aggregate support, and filter
weakly grounded outputs. This unified design appears to be particularly
useful in engineering QA settings where multiple documents describe
the same object or procedure from different viewpoints and with
different reliability levels.

The stratified results further clarify the boundary of this benefit. TAG
provides only limited marginal improvement on single-document
questions, where exact clause matching is often sufficient. By contrast,
the gains become more substantial on cross-document questions, espe-
cially when conflicting evidence must be reconciled across standards,
manufacturer manuals, and inspection or test reports. This pattern in-
dicates that the contribution of the trust-aware mechanism is most
evident when the task requires source prioritization and conflict reso-
lution rather than simple retrieval. The observed Precision—-Recall pro-
file is also consistent with this interpretation: the system favors
conservative evidence retention to avoid missing authoritative clauses,
which supports Recall but may admit some redundant or weakly infor-
mative candidates before final verification.

Several limitations should also be noted. First, the effectiveness of
trust calibration depends on the quality of metadata and normalization.
Missing clause identifiers, incomplete revision information, or incon-
sistent unit and operating-condition normalization can reduce the
discriminative value of trust scores during fusion and retrieval. Second,
the current study focuses on a power-transformer case study and
therefore does not establish external validity across all engineering do-
mains. The trust signals used here, such as authority tier, version pre-
cedence, and condition correction, are meaningful in this setting, but
their exact formulation may require adaptation in other domains. Third,
the current method is more effective for explicit multi-source inconsis-
tency than for subtle or weakly expressed conflicts. When reliability cues
are ambiguous or conflicts are only implicit, the trust-aware mechanism
may not fully resolve the underlying uncertainty.

The additional analyses in this revision should also be interpreted
with appropriate scope control. The prompt-related experiment pro-
vides only a limited robustness check under moderate query rewording;
it does not constitute a comprehensive prompt-robustness study. Simi-
larly, the reported runtime and memory statistics are intended to
improve practical transparency at the pipeline level, rather than to
establish a full deployment-cost evaluation. We therefore interpret these
analyses as supplementary evidence that clarifies behavior under the
current setting, not as complete validation of robustness or deployment
readiness.

Within these boundaries, the results still suggest that trust-aware KG-
RAG is a promising direction for other safety—critical engineering en-
vironments that share similar documentation characteristics, such as
multi-source procedural records, evolving standards, and strong trace-
ability requirements. Potentially relevant settings include maintenance,
inspection, and compliance-oriented reasoning tasks in domains such as
aviation, energy, and transportation. However, this broader relevance
should be understood as a transfer hypothesis supported by structural
similarity of the documentation conditions, rather than as an empirically
established claim in this paper.
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Future work should therefore proceed along two directions. One is
methodological refinement, including adaptive retrieval budgets,
precision-oriented thresholds, improved duplicate suppression, and
stronger clause-aware graph-text matching. The other is broader vali-
dation, including additional engineering domains, richer temporal and
operating-state context, more detailed ablation studies, and settings
involving streaming data or more specialized data types such as for-
mulas and equations. These extensions would help clarify both the
sources of the current gains and the range of conditions under which the
trust-aware design remains effective.

5. Conclusion

This paper proposes TAG, a trust-aware KG-RAG framework for
question answering over safety—critical engineering documentation. The
framework integrates trust modeling into graph construction, graph
fusion, retrieval, and answer verification so that entities, relations, and
clauses are not treated as equally reliable during reasoning. In the
evaluated power-transformer case study, this design improves answer
quality and strengthens alignment between generated responses and
authoritative source evidence.

Experimental results on an engineering-equipment Q&A benchmark
derived from power-transformer testing documents support the frame-
work's effectiveness. Compared to the Vanilla GraphRAG baseline, the
proposed method improves precision by over 49.3% and recall by over
60.8%, while providing more consistent alignment between answers and
their cited evidence.

Beyond this application, TAG provides a promising trust-aware
framework for knowledge-intensive reasoning in safety—critical engi-
neering settings with similar documentation characteristics. Many
safety—critical domains share similar challenges, including multi-source
and cross-format data, evolving technical standards, and strict trace-
ability requirements. The trust-aware mechanisms developed here,
including authority-tier weighting, cross-version validation, and clause-
level provenance tracking, can be adapted to other industrial domains
such as automated production, predictive maintenance, robotic inspec-
tion, and intelligent manufacturing systems. By embedding trust eval-
uation into each stage of retrieval and reasoning, the framework offers a
transferable direction toward reliable, interpretable, and verifiable LLM-
based systems.

At the same time, the present study should be interpreted within its
current scope. The evaluation is conducted on offline engineering
documentation in a power-transformer case study, while the prompt-
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related analysis is only a limited robustness check and the cost-related
analysis is intended as practical transparency rather than a full
deployment study. Therefore, the current results establish the effec-
tiveness of TAG within the evaluated setting, but broader validation
across domains, prompt conditions, and deployment scenarios remains
future work.

More broadly, TAG suggests a promising trust-aware design
perspective for knowledge-intensive reasoning in safety—critical engi-
neering environments with similar documentation characteristics.

Future work will extend the evaluation to other RAG paradigms and
engineering domains, investigate streaming data integration, enrich
graph representations for more specialized data types such as formulas
and equations, and conduct more detailed ablation studies to better
understand the sources of performance gains.
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Appendix A. . Representative examples of data Sources, document Types, and structured data fields

To improve the traceability of the experimental data while keeping the main text concise, this appendix provides representative examples of the
regulatory standards, document formats, unstructured/semi-structured documents, and structured data files used in the experiments. These examples
are intended to illustrate the composition and heterogeneity of the data sources involved in the proposed framework. The representative examples
cover TXT, DOCX, PDF, XLSX, X_T, JSONL, CSV, JSON, and GraphML formats.

Table Al
Representative regulatory standards and document examples used in the experiments.
Category Identifier Representative title / description Format  Source
category / note
Regulatory standard GB20052-2020 Energy efficiency limit values and energy-efficiency grades for power TXT Standards corpus
transformers
Regulatory standard GB1094.1-2013 Power transformers — Part 1: General TXT Standards corpus

Regulatory standard GB/T1094.2-2013

Power transformers — Part 2: Temperature rise of liquid-immersed transformers ~ TXT

Standards corpus

Regulatory standard
Regulatory standard

GB/T6451-2015
GB/T1094.10-2022

Technical parameters and requirements of oil-immersed power transformers
Power transformers — Part 10: Determination of sound levels
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TXT
TXT

Standards corpus
Standards corpus

(continued on next page)
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Table A1 (continued)
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Category Identifier Representative title / description Format  Source
category / note
Regulatory standard GB/T1094.3-2017 Power transformers — Part 3: Insulation levels, dielectric tests and clearancesin ~ TXT Standards corpus
air
Regulatory standard GB/T1094.11-2007 Power transformers — Part 11: Dry-type transformers TXT Standards corpus
Regulatory standard GB/T507-2002 Insulating oils — Determination of breakdown voltage TXT Standards corpus
Regulatory standard GB/T5654-2007 Liquid insulation — Relative permittivity, dielectric loss factor and DC resistivity =~ TXT Standards corpus
measurements
Regulatory standard GB/T7251.1-2023 Low-voltage switchgear and controlgear assemblies — Part 1: General TXT Standards corpus
Regulatory standard JB/T501-2021 Technical parameters and requirements of oil-immersed power transformers TXT Standards corpus
Unstructured XM99018 Vocational competence training manual for sampling inspection technicians in TXT Training / reference
document power grid materials (fittings volume) material
Unstructured SYN-WI-OIL-BDV-2026 Work instruction: breakdown voltage test for transformer insulating oil DOCX Enterprise work
document instruction
Unstructured SYN-CHK-SWGR-INCOMING- Incoming inspection checklist for low-voltage switchgear assemblies PDF Inspection checklist
document 2026
Semi-structured SYN-WI-TEMPLATE- Substation equipment maintenance work-instruction template XLSX Operational template
document SUBSTATION-2026
Semi-structured SYN-CAD-INSULATOR- CAD-related file for insulator fitting XT Engineering design file
document FITTING-2026

The following table further summarizes representative structured data files used in the experiments, together with their key fields, in order to illustrate the hetero-
geneity of tabular, JSON/JSONL, and graph-based data sources involved in the proposed framework.

Table A2

Representative structured data files and their key fields.

Structured dataset / file Format Source category / Column Representative fields
note count
Power-grid sampling XLSX Template (schema 13 Inspection date; Inspection order No.; Supplier; Material code; Material name; Equipment
inspection (Excel only) type; Voltage level (kV); Test item; Standard requirement; Measured value; Result;
template) Inspector; Notes
Q&A evaluation set JSONL Q&A pairs 2 question; ground_truth
(power-grid materials)
Q&A set (power-grid JSONL Q&A pairs 2 question; ground_truth
materials)
Text chunks export (Y% Intermediate chunk- 3 text; source; chunk_index
level export
Knowledge graph export GraphML  Knowledge graph 5 metadata; similarity; text; type; weight
Chunk store export JSON Intermediate storage 8 content; tokens; file_path; chunk_order_index; llm_cache_list; create_time; update_time;_id
export
Vector DB export JSON Intermediate storage 3 embedding_dim; data; matrix
export
Incoming inspection batch XLSX Inspection record 16 Inspection date; Inspection order No.; Inspection method; Supplier code; Supplier name;
detail report Material code; Material description; Equipment type; Voltage level (kV); Batch No.; Sample
size; Defective samples; Defect type; Disposition method; Inspector; Remark
Distribution transformer XLSX Parameter sheet 12 Transformer model; Rated power (kVA); Primary voltage (kV); Secondary voltage (kV);
parameters Vector group; No-load loss (W); Load loss (W); Impedance (%); Oil temperature rise (K);
Sound level (dB); Energy efficiency grade; Standard
Transformer routine test CSV Test-result export 8 equipment_id; test_item; standard_id; acceptance_criteria; measured_value; unit; result;
results test_date
Power-grid QA dataset JSONL Q&A pairs with 8 question; ground_truth; equipment_type; voltage_level kv; standard_id; test_item; clause;
engineering attributes note
Substation equipment JSON Asset / equipment 13 equipment_id; equipment_name; equipment_type; voltage_level kv; location;
ledger record commissioning_date; manufacturer; supplier; status; maintenance_cycle_months;
last_maintenance_date; next_due_date; standard_ref
Synthetic KG schema GraphML  Knowledge graph 9 node_type; equipment_id; equipment_type; voltage_level kv; standard_id; relation_type;
schema confidence; source_doc; clause

Appendix B. . Enlarged Source-Document evidence for the reference answer

This figure provides an enlarged view of the source-document excerpt corresponding to the reference answer shown in Fig. 8. It is included to
improve readability and to allow readers to examine the supporting evidence from the regulatory standard document in greater detail.
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Table 5:20kV and 10kv Class Three-Phase Double-Winding No-Load Tap-Changing Distribution Transformers, 30kVA to 2500KVA
Voltage Combination and Tap Range Connection
Rated High i Low Group No-Load No-Load Short-Circuit
Capacity kVA | Voltage kv High-Voltage Voltage kv | Designation | Loss kw Load Loss kow Current % Impedance %
Tap Range%

I 1
l 30 0.080 0.660/0.630 1.7
. SU U.T0U U.96U/U.910U 1.6

63 0.120 1.14/1.09 1.5

80 0.140 1.37/1.30 1.4

100 0.160 1.64/1.57 1.3 5.5

125 0.190 1.98/1.88 12

160 0.230 2.41/2.30 1.1

200 0.270 2.85/2.72 1.0

250 0.232 3.34/3.18 0.96

4.1 Performance Parameters

Table 1: 6kV and 10kv Class Three-Phase Double-Winding No-Load Tap-Changing Distribution Transformers, 30kVA to 2500KVA

Voltage Combination and Tap Range Connection
Rated High . Low Group No-Load No-Load Short-Circuit
Capacity kVA Voltage kv High-Voltage Voltage kv Designation | Loss kw Load Loss kw Current % | Impedance %
Tap Range %
1
30 0.080 0.630/0.600 1.20
30 0.100 U.910/0.870 1.04
63 0.110 1.09/1.04 0.96
80 0.130 1.31/1.25 0.96
100 0.150 1.58/1.50 0.88
125 0.170 1.89/1.80 0.88
160 0.200 2.31/2.20 0.80 4.0
200 0.240 2.73/2.60 0.80
250 0.290 3.20/3.05 0.72
315 0.340 3.83/3.65 0.72
400 0.410 4.52/4.30 0.64
6 Dynll
500 63 9x2.5 Yamll 0.480 5.41/5.15 0.64
630 10 +5 0.4 Yyn0 0.570 6.2 0.48
4.1 Performance Parameters
Table 4:6kV and 10kv Class Single-Phase Double-Winding No-Load Tap-Changing Distribution Transformers, SkVA to 160KVA
Voltage Combination and Tap Range Connection
Rated High . Low Voltage Group No-Load No-Load Short-Circuit
: High-Voltage ol Load Loss kw o .
Capacity kVA | Voltage kv TapRange % kv Designation | Loss kw Current % | Impedance %
S 0.025 0.130 0.96
10 0.035 0.235 0.88
16 0.045 0.330 0.80
: 20 0.050 0.385 0.72
[ 30 6 0.065 0.560 0.64
[ a0 6.3 099094 . oo 0700 nea
40 10 = ) UZZ=UZ% 1%\} U0 U700 A 35
50 10.5 +2x2.5 2x(0.22/0.24) Ii6 0.095 0.855 0.56 )
63 11 0.115 1.02 0.48
80 0.130 1.26 0.48
100 0.150 1.48 0.48
125 0.185 1.75 0.4
160 0.230 2.13 0.4

Fig. B1. Enlarged excerpt from the regulatory standard document used as evidence for the reference answer in .

Data availability

Data will be made available on request.
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