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ABSTRACT ARTICLE HISTORY
Hierarchical knowledge graphs (KGs) are vital to question-answering (QA) systems for Received 3 February 2025
complex queries, integrating structured and unstructured knowledge. This study intro- Accepted 21 October 2025

duces a QA system combining a hierarchical KG, graph convolutional networks (GCNs), KEYWORDS

d retrieval-augmented generation (RAG) to enhance reasoning, retrieval, and )
alnel 12 9 9 Nt s . . 9 0 Information and knowledge
response generation. The KG organises information into title, subtitle, and content layers management models;
for structured, efficient retrieval; GCNs aggregate local and global relations across layers; hierarchical knowledge
RAG incorporates external sources (e.g., Wikipedia) for contextually accurate answers. On graphs; question-answering
standard benchmarks, the system outperformed strong baselines in precision, recall, and systems; retrieval-
F1-score, offering an effective solution for complex queries and advancing QA design. augmented generation

1. Introduction

In recent years, the development of Question-Answering (QA) systems has been instrumental in advancing
accurate and efficient information retrieval across various domains. As QA systems evolve, there is a growing
demand for handling complex and context-dependent queries that require deeper reasoning and external
knowledge sources (Khushhal et al. 2020; Noraset, Lowphansirikul, and Tuarob 2021). Existing QA
approaches generally fall into three categories: semantic-based QA, knowledge graph (KG)-based QA, and
QA systems that integrate large language models (LLMs) with KGs (Khushhal et al. 2020; Sun et al. 2018; Zafar
et al. 2024).

Semantic-based QA models often employ traditional retrieval methods, such as BM25 for lexical matching
and representation-based techniques that leverage embeddings for semantic similarity (Ren et al. 2021).
Although these methods improved retrieval accuracy, they often fail to provide a sufficient understanding of
complex contextual relationships, particularly for queries requiring advanced reasoning or external knowledge
(Devlin et al. 2019; Hui et al. 2017). In contrast, KG-based QA systems utilised structured knowledge bases to
support multi-hop reasoning and address intricate queries. By constructing semantic graphs and encoding
relationships, these systems can effectively represent entities and connections, enabling more sophisticated
reasoning capabilities. However, KG-based models face challenges with scalability and integration of unstruc-
tured data, which limits their applicability in diverse areas (Guo et al. 2023; J. Zhang et al. 2020).

Recently, hybrid QA systems that integrated KGs with LLMs (KGs-LLMs) have shown potential in
bridging structured and unstructured knowledge (Lai and Qiu 2025; Mohamed et al. 2023). These
systems created dynamic interaction between language models and knowledge bases, which makes
it possible to handle complex queries with deeper contextual understanding (M. Zhang, He, and
Dong 2024). While advancements have improved domain-specific accuracy and multi-hop reasoning,
challenges remained in achieving fine-grained query interpretation and fully resolving complex
reasoning tasks.

To overcome these limitations, this paper proposes a novel QA mechanism that combines
a hierarchical KG structure with deep learning techniques and Retrieval-Augmented Generation
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(RAG). This approach features a multi-layered KG that stores entities and relationships across three
levels - titles, subtitles, and content nodes - providing a comprehensive organisation of knowledge.
Through this structured representation, each vertex in the KG stores essential information and
a vector representation to enable effective similarity-based retrieval. When a user query is issued,
it is transformed into a vector and matched it with the KG to retrieve relevant content. The retrieved
content is then processed by LLM using RAG to achieve a deeper understanding and deliver
accurate responses. The contributions of this study include:

(1) Multi-layered KG structure: A hierarchical KG is proposed that organises information across title,
subtitle, and content layers, to address limitations in previous studies that often rely on single-layer
or flat structures (Guo et al. 2023; J. Zhang et al. 2020). The layered design improves scalability and
ensures precise information retrieval and interpretation.

(2) GCN integration: In this paper, GCNs are employed to propagate and aggregate features within our
multi-layered KG, capturing both local and global relationships across layers. Compared to other
studies (Fang et al. 2023; Lv et al. 2020), which primarily focus on simpler graph structure or limited
relational contexts, our approach leverages this hierarchical KG to enhance multi-hop reasoning and
provide deeper contextual understanding across interconnected data layers.

(3) RAG for answer generation: Integrating RAG enables our system to effectively use KG-retrieved
content, allowing the LLM to generate precise, contextually relevant answers for complex queries.
Previous studies have explored retrieval-augmented methods, such as RALM for interpretability (Guu
et al. 2020), RPT for handling long texts (Rubin and Berant 2023), and In-Context RALM for efficient
retrieval (Ram et al. 2023). Our approach builds on these RAG methods and addresses common issues
such as hallucination in LLMs.

The remainder of this paper is organised as follows. Section 2 reviews related work, categorising prior studies
in semantic-based QA, KG-based QA, and QA with KG-LLM integration. Section 3 presents the notations,
assumptions, problem descriptions and objective of this paper. Section 4 introduces our proposed method in
detail, including KG construction, GCN training, and RAG integration. Section 5 presents experimental results
and analysis to demonstrate the effectiveness of our approach. Finally, Section 6 concludes with a discussion
on future research directions.

2. Related work

In the context of QA systems, the nature of data, whether structured or unstructured, plays
a fundamental role in shaping how queries are processed and how answers are generated.
Structured data typically refers to machine-readable formats with explicitly defined semantics, such
as relational databases (Yu et al. 2021). Unstructured data, by contrast, encompasses human-
expressed formats like natural language text, which lack inherent structure interpretable by
machines (Yu et al. 2021). This classification provides a conceptual basis for understanding the
progression of QA system architectures. Initial approaches primarily handled unstructured data
through semantic-based retrieval techniques. As the limitations of such methods became evident,
structured knowledge sources, particularly knowledge graphs, were introduced to enhance reasoning
capabilities. More recently, hybrid models have emerged, integrating KGs with LLMs to combine
structural accuracy with contextual fluency.

This chapter details the development of QA systems across three primary paradigms: semantic-based QA,
KG-based QA, and QA systems that integrate KGs with LLMs. Each represents a step forward in improving
answer precision, contextual interpretation, and reasoning depth.

2.1. Semantic-based QA

Early development in semantic-based QA systems primarily rely on two types of retrieval matching techni-
ques: traditional probabilistic methods and representation-based embeddings. Here, semantics refers to the
relationship between symbols and their meanings, as opposed to syntax, which concerns how symbols are
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structured regardless of their meaning (ANSI/IEEE 1983). This distinction is key to semantic-based QA, which
aims to go beyond surface-level matching and capture the deeper meaning of language.

Traditional methods, such as BM25, utilise probabilistic scoring to determine query-document relevance
(Ren et al. 2021). It has also been effectively incorporated with other methods to improve QA systems. For
instance, Noraset, Lowphansirikul, and Tuarob (2021) developed WabiQA, integrating BM25F for structure-
sensitive retrieval in complex documents, while Khushhal et al. (2020) combined BM25 with index-based
methods to improve community question retrieval. As QA requirements grew more complex, representa-
tion-based approaches emerged, leveraging embeddings to capture semantic relationships. These methods
allowed for efficient similarity-based retrieval and a better understanding of contextual dependencies (Ren
et al. 2021). Techniques such as PACRR (Hui et al. 2017) and BERT-based models (Devlin et al. 2019) encode
complex contextual dependencies to improve retrieval precision. Despite these advances, semantic-based
QA approaches faced challenges when dealing with highly intricate queries that required external or
specialised knowledge sources. This limitation highlighted the need for structured knowledge sources,
which led to the development of KG-based QA systems.

2.2. KG-based QA

KG-based QA models aimed to enhance reasoning by using structured knowledge bases. Knowledge is
a representation of instructions in a formalised manner suitable for communication, interpretation, or
processing by human or automatic means. It is closely related to information, which, according to
W. Zhang (1994), can be understood as an interpreted or contextualised form of data. In this view, data
encodes the information about what to be, while knowledge encodes the information about how to do (W.
Zhang 1994). Knowledge graphs organise such representations into entities and relationships, enabling
multi-hop reasoning and deeper understanding.

Sorokin and Gurevych (2018) demonstrated an early application of KG-based QA by using Wiki data to
construct semantic graphs that represent entities, relationships, and constraints in query-specific subgraphs.
This setup allowed for multi-hop reasoning by connecting query entities through a network of relationships,
which was further improved using Gated Graph Neural Networks (GGNNs) to encode structural
dependencies.

Similarly, Sun et al. (2018) extended this approach by combining Freebase with Wikipedia to incorporate
both structured and unstructured data. Their model built subgraphs from Freebase and used supporting text
from Wikipedia, providing additional context for complex queries. This integration of structured KG data with
unstructured text significantly improved query interpretation and highlight the potential of mixed data
sources in KG-based QA.

In the area of embeddings, foundational models such as TransE (Bordes et al. 2013) and its successor
ComplEx (Saxena, Tripathi, and Talukdar 2020) further advanced KG-based QA. TransE used a simple
translational approach, representing relationships as translations in the vector space, while ComplEx
enhanced this by capturing asymmetric relations in complex vector spaces. Han, Wang, and Wang (2024)
expanded on these methods by employing enhanced multi-relational embeddings to handle more intricate
relational dependencies. To further improving reasoning with KG-based QA, Graph Neural Networks (GNNs),
particularly Graph Convolutional Networks (GCNs) and Graph Attention Networks (GATs), have been intro-
duced as mechanisms for aggregating information from neighbours and refine node representations (Fang
et al. 2023). Lv et al. (2020) employed GCNs to capture neighbour information while Guo et al. (2023)
improved upon this by using neighbour interaction networks, a variant of GATSs, to assign weights based on
neighbour relevance to the query. These advancements enabled KG-based QA systems to process layered
and relational data more effectively, although challenges still existed in scaling and in effectively integrating
unstructured data. These challenges resulted in hybrid approaches that combine the robustness of KGs with
the flexibility of LLMs, leading to significant improvement in the capabilities of QA systems.

2.3. QA systems integrating KGs and LLMs

One major motivation for integrating KGs with LLMs is to address a limitation of LLM-based QA systems -
hallucination (Hao, Yu, and You 2025; Simhi et al. 2025). Hallucination refers to the generation of content that
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is nonsensical or unfaithful to the provided source content (Ji et al. 2023). It is generally categorised into
intrinsic hallucinations, where the output contradicts the input, and extrinsic hallucinations, where the
output cannot be verified from the input (Ji et al. 2023). These issues raise serious concerns in knowledge-
intensive tasks such as QA, where factual accuracy is essential.

To mitigate hallucination and improve answer reliability, recent QA systems have increasingly adopted
hybrid architectures that combine the structured accuracy of KGs with the linguistic fluency and contextual
strength of LLMs (Lang, Liu, and Jia 2023). These systems use structured triples to ground answers, reduce
errors, and improve reasoning.

The integration of KGs with LLMs represents a key advancement in this direction by leveraging the
benefits of both structured and unstructured data to improve reasoning and accuracy. JointLK (Sun et al.
2022) exemplifies this by combining RoBERTa with a relational graph attention mechanism, enabling
commonsense reasoning for complex QA tasks.

Additionally, KI-MAG (Knowledge-Infused Medical Abstractive Generator) (Zafar et al. 2024) uniquely
incorporates relevant medical entities from a knowledge graph directly into the answer generation process.
The model introduced Q2K (Question-to-Knowledge) and K2Q (Knowledge-to-Question) attention mechan-
isms to dynamically align KG information with the question context. Through the use of pre-trained language
models, KI-MAG generated responses that are contextually accurate and tailored to medical domains. This
approach ensures the precision and correctness, which is crucial in medical applications. Building on these
advancements, M. Zhang, He, and Dong (2024) proposed a Meta-path Reasoning Graph Neural Network
(MRGNN), an advanced model that captures complex KG relationships using meta-paths. Meta-paths allow
MRGNN to address multi-hop reasoning more effectively than prior models and improve answer accuracy on
complex questions.

Alongside these KG - LLM approaches, retrieval-augmented models have also been developed as another
complementary line of research. A representative model is REALM (Guu et al. 2020), which incorporates
a neural retriever into the pre-training of language models. In this framework, the retriever selects relevant
passages from large-scale unstructured corpora such as Wikipedia, and both the retriever and the encoder
are optimised together in an end-to-end manner. This design enables the language model to access external
knowledge beyond its parameters and improves performance on open-domain QA benchmarks. Unlike
REALM, the proposed system emphasises structured reasoning through a hierarchical KG, where title,
subtitle, and content layers are integrated using GCN-based feature aggregation. An external RAG compo-
nent further supplements internal knowledge with Wikipedia documents, supported by a domain-specific
lexicon and validated fuzzy matching. This illustrates a different integration strategy, which complements
retrieval-augmented approaches such as REALM and shows how these methods can be extended towards
domain-specific QA settings.

This hybrid use of structured and unstructured sources is not unique to QA. In business process analysis
and process mining, De Nicola et al. (2024) found that traditional NLP pipelines, which combine rule-based
parsing, dependency analysis, and statistical matching, produce structured and interpretable outputs. In
contrast, embedding-based and LLM-driven approaches can better handle domain-specific language but
need mechanisms to maintain semantic rigour. Similarly, Van Woensel and Motie (2024) reported that in rule-
based, machine learning, and deep learning methods for process extraction, there is a recurring trade-off
between precise semantic parsing and flexibility in handling diverse, domain-specific process descriptions.
These cross-domain observations reflect the same motivation behind integrating KGs with LLMs in QA:
bringing together the reliability of structured knowledge and the expressive power of LLMs to ensure both
accuracy and contextual depth.

In other inference domains, multi-source and multi-expert integration has also been explored. For
example, Modi et al. (2011) proposed a socially inspired framework for human state inference that integrates
physiological and contextual signals with multiple experts, including rule-based fuzzy systems, Bayesian
networks, statistical models, and neural networks, through structured opinion fusion. Their study demon-
strated that combining diverse experts improves performance in tasks such as classification and prediction,
as illustrated in their fatigue detection experiments. While effective in its domain, the reliance on rule-based
and expert-driven components constrains reasoning depth and limits generalisation across broader tasks. In
contrast, our approach applies this integration concept to QA by leveraging hierarchical KGs, GCN-based
reasoning, and internal and external RAG, where layered neural architectures capture knowledge
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representations. This design enables richer reasoning and broader applicability beyond domain-specific
classification problem:s.

While previous studies have made significant progress in areas such as context extraction, embedding
methods, scalability, multi-hop reasoning, and external knowledge integration, certain issues persist.
Traditional approaches often struggled with effectively extracting context, handling diverse embeddings,
scaling with large datasets, supporting complex multi-hop reasoning, and integrating unstructured data or
external sources seamlessly. LLM-based QA systems also face hallucination issues, where generated answers
are unfaithful or unverifiable (Hao, Yu, and You 2025; Simhi et al. 2025).

To highlight how the proposed QA system addressed these challenges, Table 1 presents a comparison
between the limitations observed in related work and the solutions introduced in our study.

3. Notations, assumption and problem descriptions

This section presents the notations, assumptions, problem descriptions and objective of this paper.

3.1. Notations and assumptions

In this study, data refers to a representation of facts, concepts, or instructions in a formalised manner suitable
for communication, interpretation, or processing by human or automatic means (ANSI/IEEE 1983). This
definition aligns with the structured nature of the input used to construct the hierarchical knowledge graph.

Let D" represent the existing set of data collected from websites, which consists of multiple sentences.

The dataset D" can be further partitioned into D*e0 = {s‘{"eb,sg‘*b, ...,slvgif’ebl}, where |D"*| denotes the

total number of sentences in the dataset. Each sentence S).’V‘fb is composed of multiple words, denoted as

Sweb — L ywed yweb Wl‘,"’|eS‘§m| , where W represents the k-th word of the i-th sentence.
Let i

ki represent the existing set of data collected from Wiki sources, consisting of multiple sentences.
The dataset D" can be further partitioned into D" = {s‘{’k",sgv"k’, ""S\Vgﬁ“\}’ where |D"*| denotes the
total number of sentences in the dataset. Each sentence s%* is composed of multiple words, denoted as

Swiki' — {nw,w{k’, wis, w0 where wiH represents the k-th word of the i-th sentence.

i : s;/vil:ii i
Assume a correct answér = {s,-J,s,-,z, ...,S;,\A,\} is composed of multiple sentences. Each sentence

Sij = {Wm SWij2s ooy WiJ7|Si_j|} in answer A; is composed of multiple words w;;, where |s;_j| is the number of

words in the sentence s;;. Similarly, let A; = {§,;1.§,<2 N |A-|} denote a predicted answer, which is also

Table 1. Comparison of the proposed QA system with related work.

Aspect Related Work Limitations Proposed QA Study Advantages

Context Relies on Bag-of-Words, Multi-layered KG with RAG Better context relevance and
Extraction limited context understanding (Khushhal et al. 2020; interpretation

Noraset, Lowphansirikul, and Tuarob 2021)

Embedding Homogeneous embeddings, Diverse KG embeddings with ~ Captures local and global
Method limited flexibility (Hui et al. 2017; Ren et al. 2021) GCN relationships, enriching feature

representations

Scalability Difficulty scaling single-layer or flat KGs with diverse  Hierarchical KG for layered data Enhanced scalability, effective

data (Guo et al. 2023; J. Zhang et al. 2020) handling of structured and
unstructured data

Multi-hop Limited multi-hop reasoning, restricting complex GCN integration in hierarchical Improved reasoning across layers
Reasoning queries (Sorokin and Gurevych 2018; Sun, Bedrax- KG for complex, relational queries

Weiss, and Cohen 2019)

External Lacks seamless integration with external knowledge  RAG to include external More accurate and complete
Knowledge for complex queries (Ram et al. 2023) knowledge when KG data is answers by adding relevant
Integration insufficient external information

Hallucination ~ Prone to generating unfaithful or unverifiable answers Constrains LLM outputs to KG  Enhances answer reliability through

in QA tasks (Hao, Yu, and You 2025; Simhi et al. and Wiki content; uses knowledge-grounded and cross-

2025) multi-LLM verification verified generation.
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composed of multiple sentences. Each sentence §;; = {WW Wij2 ...7W,.j s |} in the predicted answer, is
AWij2, 4.3

composed of multiple words w;;x .

For model M, let Boolean variable 6"

ij.k
in A;. The value of 6%7,( can be derived from Equation 1

s Tifwijx € A
ij.k OifW,‘_j_,k A

represent whether or not the k-th word w;« in the j-th sentence is

(1

Furthermore, let Boolean variable p%‘k represent whether or not the k-th word w;x in the j-th sentence is
in A;. The value of pf‘j_k can be derived from Equation 2

M { ”fW,‘J,k < /z\,‘

.. pumy ~ 2
p"l’k OifWiJ7k ¢A; @)

3.2. Problem descriptions

Let C denote the confusion matrix for mechanism M, which predicts a set of y answers A={A;|1 < i < y} for
a set of y questions Q= {Q;|1 < i < y}. Each element C;; in the matrix C indicates whether the word w; € D;

is correctly or incorrectly predicted as part of the predicted answer A; to the question Q;.
Let TPﬁ’k denote the true positives in C;j«. The value of TPi/}f‘k can be calculated using Equation 3.

Tpgfk = 1if6f‘”j’k P 3)

Let FPﬁ.’“k and FNiAfk represent the false positive and false negative in C;; respectively. The values of FP,./fk
and FN{fk can be computed using Equation 4 and Equation 5.

PPl = 1if (1 - 811, ) -l @)
AN = 1iF (1= ol ) - 8l (5)

Let TN% denote the true negatives in C;;x. The value of TN{}f‘k can be calculated using Equation 6
TG = 1if (1= 6, - (1- o) (6)

Let C; be the union of all C;jx, for 1 <j < m. That is:
m

Ci= U Cijk
J=1

Let TP,M, FP,M, FN,.M, and TN,M denote true positive, false positives, false negatives, and true negatives of
all C; respectively. The values of TPM, FPMFNM, and TNM can be measured by applying Equation 7,
Equation 8, Equation 9, and Equation 10:

al Al Jsul

TP =30 D TRl (7)
i=1 j=1 k=1
1Qi| A |5U|

DD @
i=1 j=1 k=1
Ql Al sl

AN =33 M 9)

i=1 j=1 k=1
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l Al Jsi]
TNM =53 TN (10)
i=1 j=1 k=1

Let PM and RM represent the precision and recall of C, respectively. The values can be calculated using
Equation 11 and Equation 12.

TPM
M
_ 11
[ 2ryzo an
TPM
M
— 12
R TPM 4 FNM {12

Let F1M represent F1-score of C predicted by mechanism M. The value of 71 can be computed using
Equation 13.

2 % PM x RM

FiM =
PM 4+ RM

(13)

3.3. Objective

Assume there is a model M which takes a query Q; as its input and generates the answer A;. That is, M
Q) = A;, where A; is the predicted answer for the question Q;. Assume that the true answer A; belongs to the
set of the web documents D"¢®. That is, A; € D"eb.

Assume there is a scoring mechanism for evaluating the accuracy of the predicted answers. The scoring
mechanism has two components: a hit score Siit and a semantic score S, The total score Sy for the
model M is a weighted combination of these two scores, given by:

Sm=aSy + (1 — a)Spme (14)
The hit score St for the model M is defined by the Equation 15.
syt = B(Precision™) + (1 — B) (Recall™) (15)

. i R . . . M
The semantic score S3;™" for an individual question Q; and its predicted answer A;" is evaluated by
ChatGPT*, which provides a score that reflects how well the predicted answer matches the true meaning or
context of the question, as denoted by the Equation 16

Syment — ChapGPT*(Q;, A" (16)
The overall semantic score SEm for the model is computed by summing the semantic scores for all
individual questions, as defined by the Equation 17.
[¢]

semantic __ semantic
Sy = E SM.’, (17)
i=1

Let Q be the set of all possible models for solving the QA problem. The goal of this paper is to design the

best model M5 that achieves the highest score among all possible models in Q. Equation 18 reflects the
objective of this paper.

MOt = arg max Sy (18)
MeQ

4, The proposed QA system

This paper introduces a QA system designed to handle user inquires by integrating hierarchical KG, deep
learning techniques, and RAG strategies. The core innovation of our proposed system lies in a multi-layered
KG architecture, specifically designed to enrich RAG in QA tasks. Each layer in the KG architecture serves
distinct roles, storing essential content in vertices along with corresponding vectors. When queried, the
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proposed QA system converts the user query into a vector, retrieves similar content for augmentation, and
uses RAG techniques to enable the LLM to read and comprehend the retrieved content before answering the
question.

As shown in Figure 1, the proposed QA system consists of three main stages: Stage 1 Data Preprocessing
and KG Construction, Stage 2 GCN Training for KG, and Stage 3 Internal and External RAG Model. In the initial
stage, data is gathered from extensive web-based content, and advanced natural language processing (NLP)
techniques are used to extract crucial relationships and entities. These extracted elements are organised into
structured triples that capture the semantics of each piece of information. To optimise query responses,
these triples are arranged into a multi-layered, hierarchical KG, where each layer represents different levels of
granularity, from fine-grained details to broader context. This hierarchical design enhances the KG's ability to
store, interlink, and retrieve content with contextual depth, establishing a robust foundation for subsequent
QA tasks. In the second stage, the QA mechanism utilises GCN to propagate and aggregate features across
the KG. The GCN performs both vertical and horizontal feature convolution to enhance the relation between
edges and nodes for effective query matching in the future. In the final stage, the system analyses the
question and retrieves answer-related content from the KG. When relevant information cannot be found
internally, the system dynamically shifts to an external retrieval module, which accesses updated knowledge
from external sources such as Wikipedia. This dynamic retrieval mechanism ensures that the system can
supplement missing information and provide accurate, contextually appropriate answers.

4.1. Stage 1: data preprocessing and KG construction

4.1.1. Phase A: data preprocessing

This stage mainly consists of two tasks: preprocessing the collected data and constructing the KG, with
a focus on preserving the data’s structure and completeness. In the preprocessing task, the collected data
T undergoes segmentation, hierarchical identification and analysis. Specifically, T, captured by the web

o L Vector oo C9F*° o[
Keyword T / \ & » : o
Extraction Embeddmg Retriever JVEN We
_Query- AY ector Database
CaCI ) oo @
ﬁ © \ Prompt . » ell_®
c ./I:.L M Query wmm <:| Similarity ® @
h Retrieved >0 arrzantgl Title
O’ Content . /. E‘o_m;o.[unon - 4
Answer LLM Retrieved Content Vertical
Generation T Convolution

S ubtitle
e |
(.am olution
D K \‘ )

“x;k—(" T jier Vi) y, Title
ubmll = (v, i Tujke \Vik) Il - \\ Title -
[Onl‘l’lf ) l)k vi k) .............................................
i o Subtitle
\\ eb T 4 \\ o ubtitle Subtztle
fiples H Content Submle
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‘

N\
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> Knowledge Graph
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Figure 1. Comprehensive framework for knowledge graph QA with RAG integration.
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crawler, is divided into three subsets based on their roles within the text: titles, subtitles, and content. These
subsets are represented as T'tle, Tsubtitle gnd Tontent respectively, and can be further detailed as follows:

Ttil’/e — {Ttiﬂe Ttit/e}
1 sy lg )
Tsubtitle — {Ticubritle, . Tgubtitle}, and

Tconrent — {7-1com‘em‘7 e 7-Ccom*em‘}7

where g, b and ¢ denote the number of elements in Ttitle, Tsubtitle and Teontent raspactively.

To establish a hierarchical relationship, each paragraph ¢; in 7" is paired with its corresponding title t;
from Tt to form clear content boundaries and ensure an organised structure. Subtitles from Tt are
linked to both their corresponding titles and relevant content, reinforcing the hierarchy. This process
facilitates the KG construction by defining clear relationships between titles, subtitles, and content.

For visual data, chart elements are translated into text and incorporated into the KG, with subordinate
relationship established between hyperlinked sections and main content. Additionally, linguistic analysis is
conducted to refine segmentation accuracy and improve understanding. The resulting data is formatted in
a standardised structure, ready for integration into the KG.

In the KG generation task, the ChatGPT is applied to deeply analyse the text, aiming to extract meaningful
relationships between entities in the content. Based on this analysis, triples are automatically generated by
identifying key entities, their relationships, and relevant attributes. The hierarchical knowledge graph is then
further constructed using data collected from web sources. The resulting KG combines both internal and
external structures.

The internal part is organised as a three-layer architecture. The first layer consists of title that serve as the
primary nodes, representing high-level thematic categories. Each node v;; = (W}S?’e,V,J) in title layer
includes title text wfg-”e, which provides a broad thematic context, helping to identify core categories and
concepts within the KG. The second layer includes subtitles, which refines and classifies the focus of each title

J
to the title layer nodes. This layer further organises the KG into subtopics, clarifying the relationships between
concepts. The third layer includes nodes for individual paragraphs or content sections, represented by

node wi" Each node v;; = (w,j’b”"e, V;J> contains subtitle text w7, establishing hierarchical connections

— content |, 1 H content idi H H H
Vij = (p,.J , v,;j). Each node contains specific phrases or sentences p;j providing detailed information

and examples to reinforce understanding of higher-level themes introduced in the title and subtitle layers.
The external part comprises additional data from external sources to complement the first three layers.
This addition makes the KG more comprehensive and enriched it with supplemental information to address
potential data gaps.
The KG construction is built layer by layer to represent hierarchical relationships among titles, subtitles,
and content. Each layer organises data into a structured graph, which improves the system’s retrieval and
interpretive capabilities.

4.1.2. Phase B: the construction task of title layer

A hierarchical KG is constructed using three interconnected layers: title, subtitle, and content. These layers
organise data from high-level themes to detained content, ensuring a structured framework for reasoning
and retrieval. The foundation of the KG is the title layer. The set of all titles is denoted as:

title title title
rete — {ie . 7ie, 1,

where [T | denotes the number of titles in T, Each title T consists of several words and can be further
decomposed into a set of words. That is,

title __ title title
Ti = {Wf71 77"'7Wi,|7—,-me|}’

where |T;| denotes the number of words in T,-”“e. During this phase, a prompt is prepared to instruct LLM to
take T/ as input and output a set of triplets:
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title

Aijk = (Vijs Fijas Vi)

where v;; € Tf, v; ) € Tie and r;;  represents the relationship between words of v;; and v; . Let A" denote
the set of all triplets a¢, such that:

title _ title ., . title . title
AT = {aij,k|vld el vik €T, }

Each vertex v;; € T stores rich information represented as:
_ title
Vij = W,’J yVij )s

where w,fj."e is the textual information and v;; is its vector representation. This is achieved by inputting the
text of v;; into the ADA model developed by Open Al. The vector vj; is stored alongside other attributes of v;;
and is used in tasks such as node similarity search. The graph G is defined as:

title __ title rtitle
Gi - (VI 7Ei )’
where Vi consists of all entities v;j,vix € a;jx and R consists of all relations r;;x € ajj. That is:
title __
Vite = {vij, Vik|vij, Vik € @ijx}, and

Ef = {rijulriju € aiju}-

To illustrate, consider Title; = "Tamkang is a university’., as shown in Figure 2. Using the LLM, triplets are
extracted from the title, such as:

title
di12 = (V1,1,f1,1,2,V1,2)a

where v; 1 = (Tamkang,v1 ;) and vq ; = (Univ.,Vm).The relationship ry ; ; =’ isa’ connects these vertices.
This forms the graph Gt
qurle _ (V]til‘/e7 Egitle)’
where V{®e={v; ;,v15} and E]"e = {r,;,}.
The unified KG for the title layer is constructed by combining all individual graphs G]™:
Gtit/e _ ‘LT_-J‘ Gl:it/e
B 1

i=1

where G' is represented as:

’

Title;="Tamkang is a university.’

A 4
\ 4

title, title, _titley
Q112 3123, jx

P title — ;
Title, af'f’s = (V11,112 v12)

N

niv. /
V12 /
\ 00 /’/// Ulyz = (Unlv ’ Ul,z)

/

/ U / vy, = (Tamkang, vy 1)
A

\
A

[
\ Tamkang v, ;

Figure 2. lllustration of title layer construction.
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Gtit/e _ (Vl’il‘/e7 Etit/e‘),
with:
| Vtitle | | Ftitle |
1

title title __ ' | title
U Ve glite — T E!

i=1 i=1

Vtit/e _

Thus, the KG G™e = (V!title Efitle) consists of both the entity set V%, containing vertices v;; and their

vectors v;;, and the relation set %, representing the directed edges between vertices in Vi,

4.1.3. Phase C: the construction task of subtitle layer
Building on the title layer, the subtitle layer is constructed similarly, refining and organising the thematic
context into a KG G*““te, The set of subtitles is denoted as:

-,-subritle _ {T:ubtirle’ o ‘s#?g’tt{f‘ }’
where |50t | yepresents the number of subtitles. Each subtitle T¢%€ consists of words:

subtitle __ subtitle ubtitle
T; —{Wm TN A }

| Tsubtitle | )
i

Similar to the title layer, relationships within subtitles are captured as triplets:
Gfﬁm’e = (Vi.ja Tijks Vi,k)a
where v;; and v; are entities, and r;;x represents their relationship. Let Af"b"t’e denote the set of all triplets
azye, such that:

subtitle __ subtitle subtitle subtitle
A = {ai.j,k lvij € T; Vik € T; }

Each subtitle graph G:“*t is defined as:

subtitle __ subtitle psubtitle
Gyt — (ypube gt

b

where Vst consists of the vertices and Es“0€ consists of the relations.
For instance, consider Subtitle; = ‘Tamkang University is located in Tamsui’., as shown in Figure 3. Using
LLM, a triplet is extracted: a$“?%’ = (vy 1,1 12,V1 ), where

Vig = (Tamkang University, Vm),

Subtitle,=" Tamkang University is
located in Tamsui.”

LLM

subtitle, subtitle; _subtitle,
Q12 23 Dk

i subtitle
Tanmkang Univ. v, ; Subtitle a1, = (U1,1:'r1,1,2'171,2)

vy1 = (Tamkang Univ., v; 1)

V12 = (Tamsui, '171_2)

Tamsui vy ,

Figure 3. lllustration of subtitle layer construction.
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Vipg = gTamsuL V12 ), and ry 15 = is located in.
This forms the subgraph:

Subtitle Subtitle pSubtitle
G; = (V1 B )

b

with V]Subtitle={v111 Vi 12}and E?ubtitle — {“,1,2 }
As in the title layer, each vertex v;; is transformed into a vector v;; using the ADA model. The unified KG for
the subtitle layer is:

btitle
Gsubtitle _ |TSUUV e| Gsubtirle
- i

i=1

The subtitle layer bridges the broad concepts of the title layer with the detailed information in the content
layer, ensuring a smooth transition between themes and their contexts.

4.1.4. Phase D: the construction task of content layers
Extending from the title and subtitle layers, the content layer captures detailed information within content
sections to complete hierarchical KG. The set of all content sections is denoted as:

Jeontent _ {Tcontent %_(igggnvttl }}
where [T represents the number of content sections, and each section consists of phrases or sentences:
content __ content content
7-[' - {pl'l va"'ap Tconrenr|}

Similar to the title and subtitle layers, the triplets of the content layer are defined as:

content __
a,_,k (Vlj)rle,Vlk)
where vjj, vix € T and r;; represents their relationship. Let Af°"*" denote the set of all triplets a,.‘j.”,lte’",
such that:

Aicontent _ { afﬂremh/u Tcontent Vik € Tcontenr}

Each content graph G{°"*" is defined as:

content __ cotent content
GEontent — (/cotentpontent)

where V" consists of the vertices and Ef°™" consists of the relations.

As shown in Figure 4, consider the content section Content; = ‘Tamkang Univ, was established in 1950. It
has three main campuses’. This section can be represented by two triplets that capture the key relationships
within the content. The first triplet is defined as:

content __
ai12 (P1,1ar1.1,2,P1,2),

where p; ; = ( Tamkang Univ., Vu>7 b2 = (1950, 91_2> ,and ry 1 ; = was established in. The second triplet is
defined as:

content __
ai13 (P1,1,f1.1,3,P1,3)a

where p; 3 = (three main campuses, Vu), and ry 1 3 = has. Together, these triplets form the subgraph

content __ content Content
Goment = (genent grontent),

with Voment={p, 1 p; 5 p13} and E°"M = {115,113}
Each vertex v;; stores textual information pf?"" and its vector representation v;;, generated using the
ADA model. The KG for the content layer is:

‘ Tcontent |
GCOI"IT@HT U Gcontenr (Vcontent Econtent)
)

i=1

?
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Content,;=" Tamkang Univ. was
established in . It has three
main campuses.”

LLM
content, content,
Pi12 Pk
Contenty __ Content, __
Content, @112 = (P11 "T11,2P12) 4173 = (P11 71,13, P13)
Qs esablisne p11 = (Tamkang Univ., 7 ;) P12 = (1950, V12)
20\ 1950 p;

p13 = (Three main campuses, v 1)

N/
A

Three main campuses p; 3

Figure 4. lllustration of content layer construction.

where V©ntent and geontent are the unified sets of vertices and edges from all content sections. This layer
refines the structure established in the title and subtitle layers, enabling detailed reasoning and retrieval.

The organisation of the KG which connects the title, subtitle as well as content layers will be presented in
the next subsection.

4.1.5. Phase E: the construction task of inter-layer connections

The hierarchical structure of the KG is built by connecting the three layers-title, subtitle, and content -
ensuring that the relationships flow from broad concepts to detailed information. The overall multi-layer KG
is denoted as the union of the entities and relations sets across all layers:

Gmultiflayer _ Gtit/e UG‘”b""’e UG‘°’"9’"

Recall that each individual layer is defined as:
Gtitle — (Vl‘itle7 Etitle),
Gsubtitle — (Vsubl‘irle7 Esubl‘itle)7 and

Gcontent _ (Vcontent Econtent)
= y .

The muIti—Iayer graph Gmultiflayer is expressed as Gmultiflayer — (Vmultiflayer7 Emult‘iflayer)7 where Vmultiflayer
includes the set of all entities across the title, subtitle, and content layers, and Emulti-layer contains the set of all
relations connecting them. Specifically:

Vmulnflayer _ thtle U

Vsubritle \/content

and
pmulti—layer __ gtitle UES"””"’E UE“’""”"

Let V and E denote the sets of all nodes and relations in the entire KG. Therefore:

Vsubtirle \/content Vmulri— layer

V = vt gV QY Y ,

and

E _ El’itle UEsubtir/e UEcontent UEmulti—Iayer

Thus, the whole KG can be represented as G= (V, E).

As visualised in Figure 5, the graph demonstrates how information flows across the layers. The title layer
represents the broadest concepts (e.g. Tamkang is a university), while the subtitle layer narrows the context
(e,9., Tamkang University is located in Tamsui) and connects to the title layer through semantic links such as is
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N
N/
. A Univ.

/1 Tamkang
|

’

1
I \

i
|
1 | \
i
i

=

@11&:@9_2 Upiv.

Content,

!\
W \\\M,!

Three main campuses

Figure 5. lllustration of inter-layer connections.

located in. The content layer captures detailed information (e.g. Established in 1950 and has three main
campuses) to provide specifics.

In the figure, the node ‘Tamkang'’ in the title layer connects to ‘Tamkang University' in the subtitle layer via
the relationship refines, indicating that subtitle layer provides a more detailed context of the title layer's
concept. Similarly, ‘Tamkang University’ in the subtitle layer connects to ‘1950" and ‘three main campuses’ in
the content layer through relations like was established in and has, demonstrating the flow of information
from general to specific.

In this stage, the collected data was carefully preprocessed and structured into a hierarchical KG,
representing key entities and relationships across title, subtitle, and content layers. This organisation ensures
the information is clearly represented and ready for GCN training, as discussed in the next stage.

4.2. Stage 2: GCN training for KG

In the construction of the title layer, the key entities and their relations are organised as a structured KG

Glitle — (V/title title)  where each node v;; € V'™ is represented by a vector v;; capturing its features. This
graph provides a high-level overview of the main concepts. However, simply constructing the hierarchy
including GUitle, Gsubtitle and Geontent s insufficient for capturing complex dependencies and interactions
between nodes. In particular, relationships between nodes across different layers may contain latent
information that cannot be fully exploited through traditional approaches to information aggregation.

To address the limitations of traditional methods, this stage aims to employ GCNs to propagate and

aggregate node features both within individual layers and across different layers of the hierarchical KG. Let

vi(;“’k) denote the node representation which reflects dual convolution operation, where the index / + 1

denotes the updated feature representation after aggregating information from multi-hop neighbouring
nodes within the same layer, and the index k further captures the vertical aggregation across adjacent layers
(e.g. between Glite, Gsubtitle and Geontent) This additional dimensionality k accounts for the integration of
information from nodes in different layers, while [+ 1 represents the refinement of features through
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horizontal GCN operations on nodes at different hops within the same layer. This comprehensive convolu-
tional process allows for a more robust and hierarchical feature learning, enabling the model to capture both
local and global relationships. As a result, the system enhances its capability in downstream tasks such as
reasoning, question answering, and complex KG-based inference. In the following, the details of horizontal
and vertical feature convolution operations will be introduced.

4.2.1. Phase A: horizontal GCN on multi-layer
The following outlines horizontal feature convolution, including the general operations of GCN, the
specific application of GCN on each layer as well as the parameter optimisation. It enhances node
representations and captures semantic relationships within each layer to strengthen the contextual
understanding of the KG.

(1) General process of GCN

For simplicity, in layers title, subtitle, and content, nodes are represented as v;, and relationships between
nodes are denoted by triplets a;;x = (v,;j, Fijks vf,k). The knowledge graph for three layers is represented as
G = (V,E), where V is the set of all entities (nodes) in G and E is the set of relations (edges).

To update the feature vector v;; of a node v;; at the (/ +1)-th horizontal GCN layer, features are aggregated
from its horizontal set of neighbouring nodes Ny, (v,»J) within the same layer. The operation is defined in
Equation 19:

_(I+1) 1 s
v, =o|w | N (vi) | Z Aiji " Vik "
‘ h (V’J) | v,-_kENh(ViJ)

where:

e W is the trainable weight matrix at the /-th layer, responsible for linearly transforming node feature
vectors,

e A;jx is the individual weight parameter for the edge between v;; and vjy, adjusting the influence of
neighbouring nodes,

e 0o is the activation function, introducing non-linearity,

* | Nu(vij) | is the size of the neighbouring set N (v;).

(2) Application of GCN on each layer

After introducing the general process of GCN, this section applies it to the title, subtitle, and content layers.
The following explains how nodes and relationships are defined and processed in each layer.

Let nodes v,tg”e represent the words in the title layer, and triplets a,“f’,‘j = (Vij, Fij: Vik) represent the
relationships between nodes v;; and v;. The horizontal convolution mainly aggregates features from the set

. __title
Np (vf;?’e> of neighbouring nodes, aiming to update v;; - This process further captures semantic relationships

within title sentences and enhances the representation of high-level concepts.
Similarly, in the subtitle layer, let nodes v;¥*"® represent words in the subtitle layer, and triplets a2t
= (V,J, Fijks v,»,k) represent the relationships between nodes v;; and v;x. The convolution process aggregates

. _subtitle
features from N (vf}‘b“"e) to update v,.; ' , bridging thematic concepts in the title layer with detailed

context in the content layer. In the content layer, nodes vfj‘?’”‘—’”‘ correspond to words or phrases in content

sections, with relationships captured in triplets a,f;?’,?e”f = (v;J-,riJ,k, vf,k). Horizontal convolution aggregates

features from Nj, ij-’"tem) to update Vf;ntent, ensuring that semantic details are effectively represented.

(3) Training and optimisation

With the general process and layer-specific applications of horizontal convolution established, this section
focuses on the training and optimisation of the model parameters. By fine-tuning the trainable weights, the
model improves feature representation and aggregation within each layer.

The trainable parameters W() and Ajj« are optimized during training using a loss function defined for
node classification:
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n C

L=- Z Zy,',c|09,\7i,c

i=1 ¢=1

where y; . and ;. denote the ground-truth label of node i and the predicted probability that node i belongs
to class ¢. The parameters are updated using gradient descent methods, such as Adam, with updates
defined as:

oL
0 h _p 2=
w\ — n5W<’>
and
oL
A Aijk —
ijk < Aijk —N aAij,k

where n denotes the learning rate controlling the step size.

During this stage, horizontal feature convolution is applied to title, subtitle, and content layers of the
hierarchical KG, where each node aggregates information from its neighbouring nodes to update its feature
representation.

This process enhances the contextual understanding of relationships within each layer. Next, vertical
feature convolution will be introduced to further integrate information across different layers of
the KG.

4.2.2. Phase B: vertical GCN on multi-layer
This subsection presents the details of vertical feature convolutions, which aim to propagate and aggregate
information from nodes across different layers of the hierarchical KG. Unlike horizontal convolution, which
gathers features from neighbouring nodes within the same layer, vertical convolution aggregates informa-
tion from nodes in the layers above and below. This allows nodes to receive cross-layer information,
enhancing their understanding of inter-layer relationships.

For title layer, vertical feature convolution aggregates information from the subtitle layer, which has
already incorporated node information from the content layer. This hierarchical process allows nodes in
the title l?/er to refine their representations by incorporating context from both subordinate layers.

Let N, v?’?’e) denote the set of neighbouring nodes from the subtitle layer connected to node vi, where

i !

_title .k
the subtitle nodes have already aggregated information from the content layer. Let v;; denote the updated
feature vector of node v,.‘j-”e after vertical aggregation, with k indicating the integration of information from

both the subtitle layer and the content layer. The vertical convolution operations are shown in Equation 20:

_title.k W) 1 _title
vij =0 w — E Aijk Vik (20)
| Ny (Vifj e) | Vtitle (vr/'t/e)
ik v\Yij

During the training process, the weight matrix W) and the individual weight parameters A;;x are
optimized to minimize the classification loss:

n C
L==>"> yiclogi.
i=1 c=1

Weights are adjusted via backpropagation as follows:

oL
(v) (v) _
wwv — w\v r’aW(V)
and
oL
Aijk <~ Aijk — nm7
ij,

where n represents the learning rate.
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For the subtitle layer and content layer, the convolution aggregates information from adjacent layers. For
the subtitle layer, information is aggregated from the title and content layer, while for the content layer,
information is aggregated from the subtitle layer, which has already incorporated the title layer’s information.
The vertical convolution operations for subtitle and content layers are shown in Equation 21 and Equation 22
respectively:

_subtitle k 1 _subtitl
e W ———— S A (21)

ij N, (vgqbrirle) |

i subtitle ( subtir/e)
J Vi eNy\V; i

_.content k

v) 1 _content
T olw— L e, @
| NV (v’[:j()nren[) | content N ( EOntEnt)
: Vik  €Nvivi

The weight training for both W) and A« for the subtitle and content layers follows the same optimisation
process as the title layer.

In practice, two layers of GCN were employed to model both intra-layer and inter-layer interaction within
the hierarchical KG. The first layer aggregates initial structural information and updates the node features,
while the second layer refines these features to better represent local and global relationships. Through this
approach, the QA mechanism effectively leverages the graph’s structural properties, enabling more accurate
predictions based on learned node features. This is particularly evident in user query retrieval, where each
node accesses information from the entire graph not just its immediate neighbours. As a result, the model
can more precisely locate and answer specific user queries, which significantly improves the relevance and
accuracy of the retrieval process. This also establishes a strong foundation for the next phase, where the
internal and external RAG models are developed to further enhance the system’s capabilities. The detailed
construction and training processes of the KG are outlined in Table 2.

4.3. Stage 3: QA system using constructed KG with RAG

This stage focuses on internal and external RAG models. The internal RAG model processes user queries by
matching them with the KG, while the external RAG model queries external databases, including aligning
entities between the KG and external sources such as Wiki. Specifically, there are two paths for performing
queries.

When a user submits a query, it is processed by a LLM for semantic analysis and vectorisation. The system
then matches the query vector with nodes in the hierarchical KG. If relevant nodes are found, the LLM
generates a response based on the information from the graph. When the query cannot be fully answered
using the KG, the system extracts keywords to perform an external search in Wiki's KG, utilising the
FuzzyWuzzy algorithm for precise entity matching. This dual-path approach ensures flexibility and accuracy
in generating responses. Next, the details of each RAG model will be discussed.

4.3.1. Internal RAG model
In this model, user queries are transformed into vectors and matched with nodes in the hierarchical KG. The
system conducts a multi-layer search through the title, subtitle, and content layers to identify relevant nodes.
Multi-hop reasoning is applied when necessary to explore deeper connections. The LLM generates the final
response based on the retrieved information from the KG.

(1) Query representation

Let the user query Q be transformed into a vector representation g, which is in a d-dimensional embed-
ding space € R, where d denotes the dimensionality of the embedding space. The embedding g is
generated using a pre-trained language model Embed(Q):

q = Embed(Q) € R

This vector representation q captures the semantic features of the user's query, which allows it to be
compared against the nodes in the KG.
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Table 2. Construction and training of knowledge graph.

Algorithm: construction and training of knowledge graph
Input: T (web documents)
Output: knowledge graph G= (V, E)

1 Stage 1 Preprocessing and KG Construction Stage
Phase A Preprocessing
2 Ttit/e — {'I'1tif/e7 o Téir/e},
Tsubtitle — {T]subtitle7 o Téubtitle}, and
Tcontent _ {ncontent7 . chontem}'
3 Phase B Title Layer Construction
4 For each v;;,v;x € T

Applying LLM to construct the set of all triplets:
Atite — {a,”f/ﬂvl e Tite v, e T,_tirle}

title
vite= U {vy, vk}
(v,_, Wik ) €0ijk
E}‘It/e = U rjx
IijkEaijx

Gtitle — (forle E{itle)
1 1 » =i
Gtitle — (Vtirle Etitle) — D Gtitle
) B i
i=1
Phase C Subtitle Layer Construction
6 For each v;;,v;y € T3ubtite
Applying LLM to construct the set of all triplets:

btitl btitl btitle btitl
Algu itle __ {a?jkl E‘V,‘_j c Tl_su i e7vi.k c Tl_su i e}

(%

substitute __
Vi = U {Vijvik}
(vigix ) €aij
substitute __
E = U rjk
lijk€aijk

subtitle subtitle ~ psubtitle
Gi - (VI 7Ei )

. i ; I7| )
Gsubtitle (Vsubtltle7 Esubt/tle) =U G,;ubtltle

i=1
7 Phase D Content Layer Construction
For each v,v; € Trome
Applying LLM to construct the set of all triplets:

AI{OI)TEI)T — {alc;:lrenr‘vlj c Ti(Oﬂ[eﬂt" vi.k c T,_C(Jﬂ[eﬂ[}

content __
Vi = U {vij vk}
(vigvix ) €
content __
E i = U r Jk
lijk€aijk

content _ content  pcontent
Gpement = (vement, £genent)

7|
Gcom‘ent — (VCO/‘ItEm‘7 ECO/‘ItE/‘lt) - L,!I GIFOI"E"{
i=

[ee]

Phase E Inter-Layer Construction
9 Gmulti—layer _ title UGS“"""E UG“’"‘E"‘

ymulti—layer _ \ title va”b“'”" UV“”""’"
[Ermulti—layer _ ptitle | e jEcoment
V=\/title U
E= Etitle U
G=(V, b)

ysubitle Uvmntent Uvmu/n layer

fpsubtitle  peontent pmulti—layer
U U

(Continued)

(2) Multi-Layer KG retrieval process

(a) Title layer retrieval »

Recall that the KG G = (Ve E'tle) consists of node set V" and relation set £, Let V:’te denote the
vector of node v/ ¢ Vi | et Sim(-) denote the similarity function applied to evaluate the similarity

— __titl
between the query vector g and node vector v,’ e, as shown in Equation (23). That is,

} . _title

X __title -V

sim(qv, ) = (23)
Fallivi |

A threshold 6% is applied to determine whether the similarity score is sufficiently high. In this study, the
threshold values were empirically determined through experiments by testing different candidates and
selecting those that yielded the best performance on our datasets. These values were then fixed for
subsequent evaluations. In practice, when applying the method to different domains, the same experimental
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Table 2. (Continued).

10 Stage 2 GCN Training for KG
Phase A Horizontal GCN applied on Multi-Layer
11 For each title node v in Vi;
N, (v."?’e) = U v,
1 (v"f]”e,v,()EGm’e{ X}

_title _title
Vij = 7‘,\,"(‘1,“:/5)‘ > Ak Vig
i V’rf‘r(re Ny (V’r.ljr/e)

_title,]+1 _title
’ !
Vij 70(W(>-v,_j)

For each subtitle node vf_;!b”'"e;

N <Vl§;lbtlf/e> — U {Vx }
b ( ysubtitle ) cGsubitle
ij

_subtitle _subtitle
— 1 o
Vij = ‘Nh(vsqbtrl/e)‘ Z Ar.j.k Vik
i v;}kll(bﬂl/e €N, (Vi/ubrrr/e )
__subtitle,I+1 0 _subtitle
v = o( v
For each content node v

content
Ny (vt U vl
(V’E;)mem -Vx) Geontent

_.content _.content
— 1
ij = ()] > Aijk - Vik
i Viznrenr Ny (Vl(fnrm )
.content,/+1 o content
Vij =a| Wy, J
12 Phase B Vertical GCN applied on Multi-Layer
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procedure can be used to determine suitable threshold values based on data rather than manual rules.
Although this approach does not provide the full flexibility of a learned strategy, the performance-based
adjustment of thresholds still ensures robustness and reliability, and it can be further refined in the future
through adaptive learning methods. it ' A . '

If the similarity score satisfies: Sim (g, v; )> 6™ for all viite ¢ Viite et Vtited pe the set of nodes
vite ¢ Vit that satisfy Equation (23). That is,

__title

Viitlea — {Vitme| Sim(, v ) > gfitle. Vitit/e c Vtitle}_

Herein, it is noticed that V!4 js a set of candidates, where each node in the set is highly

relevant to the question Q. Next, for each node, say vf”’e’q, in the set V€9, the proposed QA system

will search for multiple nodes in the subtitle layer that are highly related to node vfitle’q. The subtitle
content stored in these nodes will also become critical content for our continued RAG relevant
dataset.

(b) Subtitle layer retrieval
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Let V12 pe the set of nodes in the subtitle layer that are connected any node v/"9 ¢ vtitlea,
That is,

inter_12 __ . subtitle title,q
=12 bt (e,

V;ubz:t/e) =3 Vjsubtlr/e € ysubtitelileq o \yiteqy,

Herein, for each node, v;“b”r’e, this represents the nodes in the subtitle layer that are directly linked to the
selected nodes vfit’e'q from the title layer. Each subtitle node vf“b“"’e is connected via an edge

vif’fle«,q, Vjsubtitle c Eto the

corresponding node v,-m'e’q in the title layer, which has been identified as relevant to

the querybt(%.
_.suobtitle . . B . . . .
Letv; denote the vector form of node vf“b“”e € Vsubtitle Eor each vjs“b“”e € Vinter-12 the same similarity
computation is performed, as shown in Eq. (24):
_. _subtitle
. _subtitle q-: Vj
S,mvj - __subtitle (24)
lalllv |

A threshold 601 js applied to determine whether the similarity score between the query vector q and

_subtitle .
the subtitle node vector v; is sufficiently high. Let V*u0tie.Q be the set of subtitle nodes that satisfy the
above condition. That is,

; ; . _subtitle ; ; ;
VSme’e"q _ {‘/jsubr:tle,q|slm (, Vj ) > esubtltle’ V;ubtltle c V:nter_12}.

The set V*“0tieq consists of candidate nodes that are highly relevant to the question q € Q. For each node
v;“bt"”e"q € V=12 the system searches for related nodes in the content layer. The information in these
content nodes provides finer details essential for the continued RAG dataset.

(c) Content layer retrieval

Let V23 be the set of nodes in the content layer that are connected to any node

bitl i .
VjSU itle,q c Vsubtltleﬁq‘ That is,

Vinter_23 _ {Vliontenr| (Viflf’e-,q’ VjSUbflﬂe-q’ V;ontent) c E, vzontent e Vcontent}'
Here, V"te'-23 represents the set of content layer nodes connected to relevant subtitle nodes from
Vsubtitleq  Each node vio™eMt provides detailed information directly linked to the subtitle nodes. For

each vgonent ¢ yinter-23 - similarity computation is performed between the query vector q and the
_.content
content node vector v, , as shown in Equation (25):

_. _.content

sim(4.77) = e 25

_.content

Falllfvic |

Similarly, a threshold 8°™" is applied to determine whether the similarity score is sufficiently high. Let

yeontent.d he the set of content nodes that satisfy the above condition:

tent, . _content ;
Vcontent,q — {vlion en q|S/m<7 v, > econtent’ Vliontent c Vlnter,23 ’

the nodes in V"9 provide fine-grained information highly relevant to the query Q.

(d) Multi-Hop reasoning

When high-similarity nodes are identified, the system may also perform multi-hop reasoning by exploring
neighbouring nodes at each layer. Let

Vsubr/'t/eAq chonrenr.q

v = Vtitle,q U

That is, the set VI-Ps collects all nodes highly related to question g. For each node v9 € V9, the
neighbouring nodes of v7 will be further identified if it is related to q. Let 87 be the threshold of similarity
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between nodes node v? and g. Let N(v9) denote the set of neighbours of node v9. The nodes that related to
question g will also be collected in set V9. That is,

ya-plus _ a U{v,-|Sim(,V,-) 26”,foer,-eN(vq),foerqevq} -

(e) Answer generation

To generate accurate and contextually relevant answers, it is important to identify not only explicit
relationships between nodes but also implicit connections that may not be directly linked between
nodes. This step involves internal knowledge integration through relational checking and triple forma-
tion, which ensures that the system captures all potential relationships related to query. By systematically
examining and forming triples based on both existing edges and inferred relationships within the
hierarchical KG, the system builds a comprehensive set of answer-relevant triples for precise answer
generation.

To further enhance the credibility of the output and mitigate hallucinated responses, the language model
is guided by a prompt that explicitly restricts its generation to the extracted triples in A9. This prompt-
restricted generation ensures that the LLM produces responses grounded only in verified hierarchical KG
content, reducing the likelihood of unsupported or fabricated information (Song et al. 2024; W. Zhang and
Zhang 2025).

Let A9 denote the set of final triplets which will be used to generate the answer. Let Vipgependen: denote the
independent set which includes those nodes that are not part of any relationships or triples yet. Initially, the
triple set is empty and the independent set is equal to V9. That is,

A9=() and Vindependent = V9.

For each pair of nodes v;v; € V9, if r;; = (v;v;) € E, the triple (v;r;;,v;) is added to A%, which is the set of
answer-relevant triples. The independent node set is then updated by removing v; and v; as follows:

Vindependent < Vindependent\{vi, Vj } .
Otherwise, if the similarity Sim(v; v;) > 6, the relationship is defined as:
rij = Relation(v; v;),

and the triple (v,;r,;j, vj) is added to A9, and the independent node set is updated
similarly:

Vindependent < Vindependent\ { Vivj } .

For nodes in Vingependent» Which are those that remain unconnected after the above steps, each isolated
node v; € Vingepen: is examined for its neighbours v; € N(v;). If Sim (viyvj) > 6, the relationship is defined as:

rij = Relation (v v;),

and the triple (v,<7r,<J-7 v,») is added to A9. At the end of this process, the set A7 contains all triplets representing
the relevant relationships extracted from V9.

An LLM M uses both the query vector g and the set A%, to produce the final response. Additionally,
a prompt is provided to guide the model M in interpreting the query context and aligning it with the
structured information in A9. The prompt helps the model use the query and extracted relationships to
generate accurate responses.

A =M (p, Q, A%)

This answer A, enriched with relevant knowledge from the hierarchical KG, is provided to the user as the
system’s final output.

As part of this process, the system records the reasoning path from the query to the final answer,
including node transitions, relationships, and similarity scores across the title, subtitle, and content layers.
These records are currently used for internal validation and analysis of the retrieval process.

4.3.2. External RAG model
If no relevant nodes are found in the internal KG for a given query, the system dynamically shifts to an
external retrieval path using Wiki's KG. Let Qy = (wk‘,] TWik 2, - wa) represent the set of essential keywords
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extracted from the query, where each wy ; denotes a key term within the question. Each entity in the Wiki KG
can be represented as £; = (Lj, A;), where L; is the entity label serving as the main name or title for the entity.
Let A; = (gj1,0j2, ...a;,) denote the set of attributes associated with the entity, where each a;; provides
additional information or descriptive text relevant to E;

To match the query keywords Qy with entities in Wiki's KG, let Sim() denote the similarity
function used to compare each keyword wy; from Qi and with both the label L; and the attributes
A; of each Wiki entity £;. The FuzzyWuzzy algorithm is applied to measure the similarity between wy;
and each entity’s label and attributes. To further enhance retrieval precision, a domain-specific
lexicon (covering abbreviations, synonyms, and specialised terminology in the target corpus) was
incorporated. In addition, the fuzzy matching rules were refined through human validation to ensure
that retrieved entities are semantically aligned and to reduce the likelihood of off-topic or halluci-
nated results.

To achieve this, each entity £; is evaluated to determine if it should be included in the set of retrieval

results. Let Deyernas denote the set of retrieval results. Specifically, the label L; of entity E; in the Wiki KG is

verified to check whether the following criterion is satisfied: if Sim(wy;, L;)> gfuzzzywuzzy .

If the criterion is met, the entity £; is added t0 Dexternal. Let Dexternal = {€1, €1 ... €n} denote the set of Wiki
entities identified as relevant to the query. A prompt combining the user’s query and the extracted keywords
Qx, along with the retrieved documents Deytengr is submitted to multiple LLMs for answer generation. Their
outputs are cross-verified to ensure factual alignment and consistency. The final answer is represented as:
A =M (p, Q, Dexternal),
where M denotes the generation process derived from multiple LLMs. Given the potential incompleteness or
inaccuracy of external sources such as Wiki, multiple LLMs cross-verify the outputs to mitigate hallucination
and improve factual reliability. The generated answer A is then returned to the user as the system’s final
output. This answer captures the meaning of the query and includes additional information from the Wiki
knowledge source.

By integrating an internal RAG model that retrieves curated structured knowledge with a dynamically
updated external source, this dual-source design balances stability and adaptability. While the internal KG
provides reliable, domain-specific information, the external Wiki-based retriever enables the system to
remain responsive to newly emerging knowledge. Through this integration, the QA system can generate
accurate and up-to-date answers, even in fast-changing or open-domain scenarios. The QA System that
utilises constructed KG with RAG is outlined in Table 3.

5. Performance evaluation

This section evaluates the proposed KG-based QA system by presenting the experimental setup, dataset
construction, and benchmarking. The analysis confirms the system'’s superior performance across metrics
such as accuracy, loss trends, and the impact of Wiki integration, which proves its ability to handle diverse
and complex queries compared to existing methods.

5.1. Dataset construction and benchmarking

To train and evaluate the proposed KG-based system, a comprehensive dataset was developed, comprising
two main parts. The first part includes 43,286 QA pairs across categories such as Frequently Asked Questions
(FAQ), Course-related Questions, and Campus Life. These pairs, sourced from real academic and campus
environments and refined by experts, offer a diverse range of topics and scenarios. The second part consists
of 13,985 QA pairs with answers generated through the integration of LLMs, knowledge graphs, and Graph
Convolutional Networks. These pairs were crafted to evaluate the system'’s performance across varying levels
of complexity.

Additionally, two widely recognised datasets were used for benchmarking. The Complex WebQuestions
1.1 (CWQ) dataset, known for its challenging queries, was employed to assess the system'’s ability to handle
intricate knowledge queries. The WebQuestions dataset, designed for web-based knowledge graph evalua-
tions, provided insights into the system’s effectiveness in real-world, internet-based applications.
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Algorithm: QA System using constructed KG with RAG

Input: the query Q
Output: the answer A

Internal RAG Model

(1) Query Representation
g =Embed(Q) € RY

(a) Title Layer Retrieval
Find title-layer nodes related to ¢:

AU WN=

. " . _title p
Vtitle.q — {Vf’ﬂe|Slm<, v ) > er/tle}

~

(a) Subtitle Layer Retrieval

(1) Multi-Layer KG Retrieval Process

8 Identify intermediate subtitle candidates connected to Ve
VinterJZ — {\/;”b'it’e| (foit/e,a7 v;ubtitle) c E7 ngubritle c Vsubtirle7 V;irle‘q c Vtirle‘q}

From V=12 select subtitle-layer nodes similar to g:

Vsubtitle‘q — {v;ublitle,q‘sl-m<’ VI

(a) Content Layer Retrieval

Asubtitle>

10 Identify intermediate content candidates connected to V/ubtitle .

J

|inter 23 {v;ontent| <V/_ritle,q’ Vf”bfifle-‘l

7Vlfontenr) c E, v;onrenr c Vconrenr}

From V-2 select content-layer nodes similar to g

_.content

tent .
y/content.q {V;on en q\S/m <, v,

11 (@) Multi-Hop Reasoning

12 Combine all selected nodes and include other nodes with similarity > 67 :

ya-plus — ya U{ v,-|Sim <7 V,) > 6%

13 (@) Answer Generation

14 AT=()
Vindependent =V
For each v; v; in V9
Add existing edges as triples
ifviv; € E:
1;j = Relation(v; v))
A1=A9 Ut (i)}
Vlndependem = V/’ndependent\ { Vi,vj }
For each v; v; in V9
Infer new relations by similarity
if vi,v; 2 E and Sim(v;v;) > 6:
r;; = Relation (v; v;)
As=A7 Ut ()}
Vindependent = independenr\ { A7 }
For each vj, in Vindipendenr
Handle isolated nodes
for each V; in N(v;):
if Sim (v, v;) > 6:
1;; = Relation (v; v;)
Ad=A7 U{("'-’w-"/)}
A=M (p, QA9

Input: a user query Q

Output: the final answer A

15 External RAG Model

16 Qe = (Wk1, Wi, -- - W)
Dextemal = Q)
For each keyword wy ; in Qx:

For each entity £; with label L; in the Wiki KG:

if Sim(wk7,-, LJ)E 9FuzzzyWuzzy:

— E;
Dextema/ = Dexrema/ U7

A =M (p, Q, Dexternat)

5.2. Environment settings and simulation results

Table 4 provides the environment settings that form the foundation for the proposed mechanism, detailing
the computational environment and software stack. The environment includes an Intel i7-12700 CPU and an
NVIDIA A100 GPU with 40GB memory, supported by Python 3.8.18. Key libraries and frameworks such as
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Torch 2.1.2 for deep learning, Transformers 4.15.0 for natural language processing, and Numpy 1.24.4 for
numerical computations ensure a robust implementation. Additionally, NetworkX 2.7.1 and DGL 0.8 handle
graph processing.

Building on this computational foundation, Table 5 highlights the accuracy improvements achieved by
integrating Wiki information into three feature aggregation methods, including HFA (Horizontal Feature
Aggregation), VFA (Vertical Feature Aggregation), and CHVFA (Combined Horizontal and Vertical Feature
Aggregation). The results show consistent performance enhancements across all methods, with CHVFA
achieving the highest accuracy gain. These findings demonstrate how Wiki data provides additional
contextual knowledge, which enriches the feature representations and enables the model to capture
more nuanced patterns and relationships. This evaluation of how Wiki data enhances feature aggregation
methods naturally leads to examining its impact on other aspects, like language modelling. Figure 6 explores
this further by analysing BLEU scores across different n-gram levels, providing more detailed insights into
how Wiki data improves semantic and contextual understanding.

Figure 6 compares the performance of the proposed Hi-KG (hierarchical KG) and Hi-KG+Wiki using BLEU
scores across different n-gram levels (1-gram to 5-gram). The results clearly show that Hi-KG+Wiki consis-
tently outperforms Hi-KG at all levels, with the performance gap widening as the n-gram level increases. This
indicates that the integration of Wiki data significantly enhances the model’s semantic and contextual
understanding. By providing richer information, Wiki data enables the model to better capture long-range
dependencies and subtle language patterns, particularly at higher n-gram levels.

Table 6 compares the performance of proposed QA mechanisms against existing studies, including KV-
Mem, GraftNet, PullNet, EmbedKGQA, NSM, TransferNet, SR+NSM, SR+NSM+E2E, UniKGQA across two
datasets: WebQSP and CWQ. The evaluation metrics include Hit@1, which measures the accuracy of the top-
ranked answers, and F1-Score, which evaluates the balance between precision and recall. Earlier methods,
such as KV-Mem, show relatively low performance, while models like TransferNet and UniKGQA demonstrate
significant improvements. The proposed KG-based QA system further outperforms all other approaches,
achieving a Hit@1 of 80.4% and an F1-Score of 72.3% on WebQSP, as well as a Hit@1 of 55.1% and an F1-
Score of 54.3% on CWQ. This occurs because the proposed mechanisms effectively combines KG embed-
dings, hierarchical reasoning, and retrieval-augmented mechanisms. This model integration strengthens the
system’s ability to interpret and resolve complex queries with greater precision and reliability.

Figure 7 illustrates how the loss changes for two models (GCN and LLM) during training and evaluation.
The horizontal axis represents the number of training epochs (up to 200), and the vertical axis indicates the
loss values. In the first 50 epochs, both models experience a rapid reduction in their training and evaluation
loss. Afterwards, the losses of GCN gradually stabilise, with small changes between epochs.

The proposed GCN model consistently performs better than the LLM model. Its training and evaluation
losses stay low and stable throughout, demonstrating strong generalisation and training stability. On the
other hand, while the LLM model also reduces its losses, its evaluation loss remains higher than its training
loss in later stages, indicating a potential overfitting to the training data. The better performance of the GCN

Table 4. Environment settings.

Environment Specification

CPU i7-12700

GPU NVIDIA A100 GPU (40 G)
Python 3.8.18

Torch 212

Numpy 1.244
NetworkX 271

DGL 0.8

Table 5. Effect of Wiki integration on aggregation

methods.
Method Accuracy Accuracy (+Wiki)
HFA 0.69 0.75
VFA 0.72 0.78

CHVFA 0.78 0.84
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Figure 6. BLEU scores for different n-gram.

model is likely due to its use of three-layer KG and the training by applying the GCN to capture more complex
patterns in the data.

Figure 8 evaluates the performance of both models across three categories (FAQ, Course-related, and
Campus Life) at various data ratios (0.2 to 1). As the data ratio increases, both models perform better, with
larger datasets contributing to improve outcomes. The GCN model achieves superior results across all
metrics and categories, especially when data is limited. This highlighted its capacity to learn effectively
from restricted datasets and to capture complex patterns across diverse categories. While the LLM also
improves with more data, its performance levels off, showing challenges in handling complex relationships
as well as GCN.

Figure 9 focuses on how embedding lengths (128 to 768) affect the accuracy of the same three
tasks: FAQ, Course-related, and Campus Life. The results show a consistent trend: accuracy improves
as the embedding length increases. This is because longer embedding vectors can better capture
complex contextual and semantic information, which is essential for understanding and responding
to queries effectively. The figure also reveals that shorter embeddings may work for simpler tasks,
but tasks needing deeper understanding improve much more with longer embeddings. For example,
FAQ tasks improve steadily, while Course-related and Campus Life tasks see bigger gains as
embedding lengths increase. This is because these tasks depend more on rich context and detailed
relationships. The results suggest that choosing the right embedding length depends on how
complex the task is.

Figure 10 presents the Friedman test results from the ablation study, which compares the F1M
performance of different mechanisms. The box plots reveal notable differences in the 1M distribu-
tions across the mechanisms. The proposed GCN exhibits a higher median F1M and a more
consistent distribution, whereas the LLM mechanism shows relatively lower F1M. The Friedman
test results (chi-square value: 5.00, p-value: 0.02535) confirm that these differences are statistically

Table 6. QA mechanisms performance on WebQSP and CWQ datasets.

WebQSP cwQ
Mechanism Hit@1 FIM Hit@1 FM
KV-Mem (Miller et al. 2016) 46.7 345 18.4 15.7
GraftNet (Sun et al. 2018) 66.4 60.4 36.8 32.7
PullNet (Sun, Bedrax-Weiss, and Cohen 2019) 68.1 - 459 -
EmbedKGQA (Saxena, Tripathi, and Talukdar 2020) 66.6 - - -
NSM (He et al. 2021) 68.7 62.8 47.6 424
TransferNet (Shi et al. 2021) 714 - 48.6 -
SR+NSM (Zhang et al. 2022) 68.9 64.1 50.2 47.1
SR+NSM+E2E (Zhang et al. 2022) 69.5 64.1 493 46.3
UniKGQA (Jiang et al. 2022) 75.1 70.2 50.7 48.0

The proposed QA 80.4 723 55.1 543
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Figure 7. Comparison of training and evaluation loss trends for GCN and LLM models during fine-tuning.

—0 LLM o
08 e GCN 08 —e GCN
£06
z = 06 206
204 ] g
& & o4 ; 04
02
02 0.2
0 o T . T
Do — oL _— ol -
: Campus Life .8 > T 08 <
06 _— c Lif c Life
0‘?& 2, 06 s o ampus Life 2, 06 / ampus Life
", " 02 Course-related g, - " Courserrelated g, 04 >  Cousereiated
. - " - v, -~
° FAQ Category o FAQ Category % aQ Category
(a) Precision (b) Recall (c) F1-Score

Figure 8. Performance comparison of GCN and LLM models at different data ratios.

significant. These findings support the superior effectiveness of the proposed GCN in enhan-
cing F1M.

6. Conclusion with further discussion

This study proposed a novel QA system that uses a hierarchical KG integrated with RAG to enhance retrieval
and reasoning process. The hierarchical KG organises information across title, subtitle, and content layers,
allowing for effective semantic representation and retrieval. Two key challenges were addressed in this
system. First, the approach improves retrieval relevance and contextual accuracy in QA systems by employ-
ing GCNs for horizontal and vertical feature aggregation across layers. This method leverages both local and
global relationships within the KG. Second, the RAG mechanism uses external sources, including Wiki, to
address gaps in internal knowledge and deliver comprehensive and accurate responses. Experimental results
show that the proposed system outperformed existing approaches, with significant gains in precision, recall,
and F1-score.
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Future work will explore dynamic KG and adaptive learning mechanisms to further improve perfor-
mance in real-world applications. Incorporating more advanced entity alignment methods will also
enhance the RAG mechanism'’s ability to merge information from diverse external sources. Moreover,
while this study adopts empirically determined fixed thresholds for node relevance, future research will
investigate adaptive thresholding strategies to enhance transferability across domains and reduce
manual adjustment.

In addition, to improve explainability, the reasoning paths used during multi-hop retrieval, which are
currently recorded for internal validation, will be made visible in future versions. This improvement is
expected to help users understand how answers are generated, which is especially important in domains
such as education and law where transparency is essential.

Beyond explainability, the long-term sustainability of QA systems critically depends on effective knowl-
edge maintenance, which plays a crucial role in ensuring accuracy and relevance over time. In the broader
context, knowledge processing encompasses multiple stages, including data collection, validation, storage,
updating, modification, and application (Evans, Dalkir, and Bidian 2014). The present system primarily
focuses on the application stage, where pre-built hierarchical KGs and RAG mechanisms are applied to
deliver accurate and contextually relevant answers. As the datasets used for system evaluation are campus-
related and therefore subject to relatively slow content changes compared to fast-evolving domains such as
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news or finance, correctness and reliability are prioritised over real-time updates. Nevertheless, future work
will also consider integrating dynamic KG update mechanisms, recognising that sustained knowledge
maintenance is essential for improving adaptability in more rapidly changing environments.
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