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Abstract 
In the context of power generation companies, vast amounts of specialized 
data and expert knowledge have been accumulated. However, challenges such 
as data silos and fragmented knowledge hinder the effective utilization of this 
information. This study proposes a novel framework for intelligent Question-
and-Answer (Q&A) systems based on Retrieval-Augmented Generation 
(RAG) to address these issues. The system efficiently acquires domain-specific 
knowledge by leveraging external databases, including Relational Databases 
(RDBs) and graph databases, without additional fine-tuning for Large Language 
Models (LLMs). Crucially, the framework integrates a Dynamic Knowledge 
Base Updating Mechanism (DKBUM) and a Weighted Context-Aware Simi-
larity (WCAS) method to enhance retrieval accuracy and mitigate inherent 
limitations of LLMs, such as hallucinations and lack of specialization. Addi-
tionally, the proposed DKBUM dynamically adjusts knowledge weights within 
the database, ensuring that the most recent and relevant information is uti-
lized, while WCAS refines the alignment between queries and knowledge 
items by enhanced context understanding. Experimental validation demon-
strates that the system can generate timely, accurate, and context-sensitive re-
sponses, making it a robust solution for managing complex business logic in 
specialized industries. 
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1. Introduction 

Power generation companies, as typical asset-intensive, technology-intensive, and 
knowledge-intensive production enterprises, have accumulated vast amounts of 
specialized data and rich expert knowledge. However, due to the lack of effective 
technological tools, challenges such as data silos and fragmented knowledge have 
emerged, resulting in large volumes of data not being transformed into useful 
knowledge or insights. This issue hinders the ability of data to effectively support 
the company’s operations and decision-making processes. As the core driving force 
of the Fourth Industrial Revolution, Artificial Intelligence (AI) plays a crucial role 
in advancing the national energy transition. To fully leverage industry data, tech-
nologies such as Machine Learning (ML), Neural Networks (NN) [1]-[3], and 
graphs databases [1]-[3] have been applied within the power generation sector. 

In November 2022, the release of ChatGPT 3.5 [4] by OpenAI attracted wide-
spread global attention due to its realistic natural language interactions and mul-
timodal content generation capabilities. Since then, as a core technology of Gen-
erative Artificial Intelligence (GAI), Large Language Models (LLMs) [5] [6] have 
brought new insights. When handling expert knowledge, LLMs have demon-
strated significant capabilities and potential in several areas: 

1) Versatility. LLMs acquire knowledge from multiple domains, enabling en-
terprises to perform tasks such as data analysis, document writing, code genera-
tion, and reasoning [7]. 

2) Generative Capability. LLMs can produce logically coherent solutions, 
providing valuable references and support for decision-makers [8]. 

3) Natural Language Understanding (NLU). LLMs can comprehend complex 
human language, efficiently processing diverse data and domain-specific infor-
mation across various industries [9]. 

These advantages offer feasible solutions for managing complex business logic 
in specialized industries. However, LLMs also have certain limitations: 

1) Hallucination Issue. LLMs may generate content that appears coherent in 
form and grammar but is actually inconsistent with real-world knowledge or facts 
and may even be entirely fabricated [10]. 

2) Lack of Specialization. LLMs may lack the in-depth knowledge required for 
highly specialized fields [11]. 

3) Lack of Timeliness. The training data for LLMs is often outdated, which 
may result in an inability to meet users’ demands for the most current information 
and developments in a field. 

To address these challenges, Facebook AI Research (FAIR) [12] introduced Re-
trieval-Augmented Generation (RAG). RAG combines two key components: in-
formation retrieval and text generation. When given a query, RAG first retrieves 
relevant documents or information from an external knowledge base. Then, it 
uses this retrieved content to generate a more accurate and contextually relevant 
response. This approach allows the model to produce better outputs by leveraging 
up-to-date and specific external knowledge rather than relying solely on its 
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internal training data. It has been widely applied in Question-and-Answer (Q&A) 
systems [13]-[16]. However, the data in the databases used by RAG, especially 
regulatory documents in enterprises, is often updated irregularly. These updates 
may involve a complete revision of a regulatory document or the restatement of 
specific provisions in other documents. Consequently, issues related to the coor-
dination and conflicts between new and old data in these databases can affect the 
response accuracy of RAG. 

In this study, a time decay model is introduced into the RAG framework to help 
LLMs prioritize the use of the latest and most relevant information. Additionally, 
a Dynamic Knowledge Base Updating Mechanism (DKBUM) is proposed for rap-
idly evolving fields, such as financial markets, medical diagnostics, and legal reg-
ulations. This study also leverages RAG technology in conjunction with databases 
like Knowledge Graphs (KG) [17] and Relational Databases (RDB) to construct 
an enterprise-level intelligent Q&A system. 

The remainder of this study is organized as follows: Section 2 introduces the 
background knowledge related to Q&A systems. Section 3 details the framework 
of the RAG-based intelligent Q&A system. In Section 4, the feasibility of the pro-
posed method is demonstrated through various examples. Finally, the concluding 
section offers prospective remarks. 

2. Method Overview 
2.1. Transformer 

Transformer [18] forms the foundation of LLMs. It is designed for Sequence-to-
Sequence (Seq2Seq) tasks and is built around the concept of attention mecha-
nisms, which differs significantly from traditional Convolutional Neural Net-
works (CNNs) and Recurrent Neural Networks (RNNs). As illustrated in Figure 
1, the transformer architecture consists of an encoder-decoder structure. On the 
left side is the encoder, responsible for processing input sequences, and on the 
right side is the decoder, which generates output sequences. 

Both the encoder and decoder consist of six identical layers (Nx = Ny = 6). Each 
encoder layer includes a multi-head attention mechanism and a feed-forward 
layer. The decoder contains these layers as well, along with an additional multi-
head attention layer to incorporate information from the encoder’s output into 
the decoder’s input. Moreover, masked multi-head attention is employed in the 
decoder to prevent information leakage from future positions. 

The multi-head attention mechanism comprises several scaled dot-product at-
tention layers. It maps a query and a set of key-value pairs to a high-dimensional 
space. The scaled dot-product attention computes the dot product of the query 
and the key vectors, then scales it by a factor of kd . Mathematically, the scaled 
dot-product attention can be represented as: 

 ( )Attention , , softmax
T

kd

 
=   

 

QKQ K V V  (1) 
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where D, K, and V are the query, key, and value vectors, respectively; and dk is the 
dimensionality of the key vector. 

The multi-head attention mechanism concatenates the outputs of multiple 
scaled dot-product attention layers and then processes the concatenated output 
through a Fully Connected (FC) layer. 

 ( ) ( )1MultiHead , , Concat head , , head o
h W=Q K V   (2) 

 
Figure 1. Transformer architecture. 

 
Importantly, like CNNs, the attention mechanism in transformers does not in-

herently capture the sequential information of input data. Therefore, Positional 
Encoding (PE) is introduced to represent the positional information, enabling the 
model to consider the order of the sequence. 

 
( ) ( )
( ) ( )

model

model

2 /
pos,2

2 /
pos,2 1

PE sin pos 10000

PE cos pos 10000

i d
i

i d
i+

 =


=

 (3) 

where pos is the position; i is the dimension; and dmodel is the dimensional of the 
input embeddings. 

In this study, Qwen2.5-72B is employed due to its superior performance in 
NLU and function calls. 
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2.2. Graph Database 

Graph databases [19] are specialized databases designed to store and query graph 
data structures. In a graph database, data is stored and managed in the form of a 
graph, where nodes represent entities and edges represent the relationships be-
tween those entities. 

Neo4j [20] is a widely used graph database management system that employs a 
graph data model to represent and store data. Unlike RDBs, which organize data in 
tables and rows, Neo4j represents data as nodes and relationships, enabling highly 
efficient querying and traversal of complex networks. Its query language, Cypher, is 
a descriptive and declarative graph query language designed for graph analysis, and 
it is renowned for its expressive power, user-friendliness, and ease of use. 

In this study, Neo4j is utilized to construct a company-level KG that stores var-
ious regulatory documents. As illustrated in Figure 2, 117 regulations are stored 
across three layers: the first layer represents the company (marked in red), which 
can further store other categories of knowledge; the second layer consists of reg-
ulation names (marked in blue); and the third layer contains institutional provi-
sions (marked in grey). To facilitate retrieval and matching, the nodes in these 
three layers are labeled as “company”, “regulation”, and “regulation sub-item”, 
respectively. Statistically, the KG comprises 117 nodes labeled as “regulation”, 
3,903 nodes labeled as “regulation sub-item”, and 6,019 relationships. 

 

 
Figure 2. The KG storing regulatory documents. 
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To ensure data integrity, traditional document-splitting methods based on fixed 
chunk sizes are not employed. Instead, documents are split according to para-
graphs. Additionally, for regulation-related documents, a query may span multi-
ple paragraphs. Consequently, if a paragraph begins with a list marker, it is 
merged with the preceding paragraph to form a single unit. This approach might 
result in a node containing a substantial amount of content, potentially exceeding 
the maximum token length for embedding models. This issue can be effectively 
managed by defining relationships that summarize the content of the connected 
node, labeled with the corresponding regulation sub-item. By calculating the sim-
ilarity between the query and these relationships, the problem of content length 
can be significantly mitigated. 

Furthermore, while the KG primarily stores text data, regulatory documents 
often contain a significant number of images, tables, and attachments. Fortu-
nately, in Neo4j, each node can be instantiated and can support additional attrib-
utes. Leveraging this capability, each regulation sub-item node has been assigned 
“images” and “appendix” attributes, which store images, tables, templates, and at-
tachments from the documents. When querying regulation-related questions, the 
corresponding images and appendix can be accessed. This approach effectively 
addresses the challenge of handling multimodal data in KG-based RAG. 

2.3. Relational Database 

RBDs [21] are a type of database based on relations (i.e., tables) and utilize math-
ematical concepts and methods such as relational algebra to process data. They 
are characterized by a clear structure, support for Structured Query Language 
(SQL), and consistency and integrity in data management. MySQL [22] is an 
open-source Relational Database Management System (RDBMS) that operates in 
a client/server model, providing efficient, reliable, and stable data storage and 
management services. 

Here, MySQL is employed to build an enterprise-level database that stores in-
formation such as intellectual property, contracts, projects, employees, and de-
partments. The database is divided into multiple sub-databases. Specifically, three 
sub-databases are constructed to store intellectual property, projects, and other 
information separately. Queries are directed to the appropriate sub-database 
based on the classification of input questions. The table information for sub-da-
tabases is detailed in Tables 1-3. 

 
Table 1. Table information of database for intellectual properties. 

Table name Field Name Field type 

Patent 

Patent_ID Varchar 

Patent_type Varchar 

Application_number Varchar 

Patent_name Varchar 
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Continued 

Patent 

Filing_date Date 

Public_date Date 

Patent_status Varchar 

Patent_owner Varchar 

Designer Varchar 

Software_copyright 

Software_copyright_ID Varchar 

Software_copyright_name Varchar 

Certificate_number Varchar 

Registration_number Varchar 

Registration_agency Varchar 

Copyright_owner Varchar 

Development_completion_date Date 

First_publication_date Date 

Obtaining_method Varchar 

Right_scope Varchar 

 
Table 2. Table information of database for contracts. 

Table name Field Name Field type 

Contract 

Contract_ID Varchar 

Contract_name Varchar 

Contract_number Varchar 

Signing_date Date 

Effective_date Date 

Company_ID_of_Party_A Varchar 

Company_ID_of_Party_B Varchar 

Contract_type Varchar 

Contract_amount Float 

Tax_rate Float 

End_date Date 

Payment_method Varchar 

Company 
Company_name Varchar 

Company_ID Varchar 

 
Table 3. Table information of database for other information. 

Table name Field Name Field type 

Person 
Person_ID Varchar 

Person_name Varchar 
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Continued 

Person 

Gender Varchar 

Famous_clan Varchar 

Date_of_birth Date 

Age Integer 

Political_outlook Varchar 

Native_place Varchar 

ID_number Varchar 

Job_ID Varchar 

Phone_number Varchar 

E_mail Varchar 

Highest_education_level Varchar 

Graduation_time Date 

Graduation_school Varchar 

Highest_professional_title Varchar 

Department_ID Varchar 

Rank Varchar 

Date_of_employment Date 

Date_of_confirmation Date 

Department 
Department_name Varchar 

Department_ID Varchar 

Project 

Project_name Varchar 

Project_type Varchar 

Project_ID Varchar 

Applied_department_ID Varchar 

Total_budget Float 

Application_date Date 

Project_manager_ID Varchar 

Project_approval_date Date 

Relationship_between 
_project_and_person 

Relationship_ID Varchar 

Project_ID Varchar 

Person_ID Varchar 

Enter_date Date 

Project_team Varchar 

Person-responsibilities 
Relationship_ID Varchar 

Duty Varchar 

3. Retrieval-Augmented Generation-Based Q&A System 

As shown in Figure 3, Qwen2.5-72B [23] is employed in the system. 
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Figure 3. RAG-based system architecture. 

 
Step 1. The input query is classified into various categories: regulation-related, 

intellectual property-related, contract-related, and others, using Qwen2.5-72B 
with prompt engineering. The prompt (Prompt 1 as shown in Figure 3) is struc-
tured as follows: 

… 
You are an NLU expert. Analyze the question “{query}” carefully, and catego-

rize it into a specific category. Categories include regulation-related, intellectual 
property-related, contract-related, and others. 

… 
Step 2. Relevant knowledge of regulation-related queries is retrieved from 

Neo4j using the proposed DKBUM, while knowledge for other categories is re-
trieved from MySQL utilizing Text-to-SQL (Text2SQL). 

Step 3. A prompt is generated based on the retrieved knowledge and the input 
query, and Qwen2.5-72B is used to summarize the corresponding answer. 

3.1. Prompt Engineering-Based Text2SQL 

Text2SQL is a Natural Language Processing (NLP) technique that facilitates effi-
cient retrieval of information from RDBs by converting natural language queries 
into SQL statements. Traditional Text2SQL methods often involve training a 
model to perform the conversion between text and SQL. LLMs, such as Qwen2.5-
72B, are trained on extensive datasets that include dialogue data between natural 
language and SQL, enabling them to accurately map queries to the corresponding 
SQL statements [24]. 
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Here, prompt engineering is employed for Text2SQL tasks using Qwen2.5-72B. 
The prompt is structured as follows: 

… 
You are a database expert skilled in SQL retrieval and queries. Given the input 

question “{query}”, use the following table information to create a syntactically 
correct SQL query: {table information}. 

… 
The table information includes detailed field names and field types within 

MySQL, along with the first three rows of data as illustrative examples. 

3.2. Dynamic Knowledge Base Updating Mechanism-Based Neo4j  
Retrieval 

As shown in Figure 3, Neo4j is primarily used to store regulatory documents. 
Neo4j supports Cypher, a query language similar to SQL. Although the training 
datasets of LLMs contain natural language and Cypher dialogues, theoretically en-
abling the implementation of a Text-to-Cypher (Text2Cypher) task, the structure 
of graph databases is more complex than that of RDBs, with more diverse rela-
tionships and attributes. This complexity leads to lower accuracy in Text2Cypher 
tasks. Therefore, the similarity of natural language word embeddings is employed 
to retrieve relevant knowledge from Neo4j in response to an input query. 

Embedding is an NLP and ML technique that converts high-dimensional data, 
such as words or phrases, into lower-dimensional vectors. These vectors, often 
referred to as embeddings, capture the semantic meaning and relationships of the 
data within a continuous vector space. The primary goal of embeddings is to 
transform categorical data, which is typically sparse and high-dimensional, into 
dense, real-valued vectors that can be easily processed by machine learning algo-
rithms. 

Moreover, as mentioned in Section 1, issues related to the coordination and 
conflicts between new and old data in databases affect the response accuracy of 
RAG. To address this, the DKBUM is introduced. Additionally, a novel method 
for calculating the similarity of natural language, called Weighted Context-Aware 
Similarity (WCAS), is proposed to improve context-awareness when evaluating 
similarities. 

3.2.1. Dynamic Knowledge Base Updating Mechanism 
The proposed DKBUM continuously adapts and refines a knowledge base in real-
time, ensuring that it reflects the most recent and relevant information. Unlike 
static knowledge bases, which remain fixed once populated, DKBUM enables the 
dynamic adjustment of knowledge item weights based on the introduction of new 
data or evolving contexts. This process involves evaluating the relevance of in-
coming information to existing knowledge items, followed by updating their as-
sociated weights to reflect their current importance. By incorporating real-time 
updates, DKBUM enhances the accuracy and relevance of knowledge retrieval, 
making it particularly valuable in domains that experience frequent changes, such 
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as finance, healthcare, and legal fields. The mechanism improves decision-making 
by prioritizing the most up-to-date knowledge, thus providing a more contextu-
ally aware and responsive system. 

Assume the database K consists of a set of knowledge items { }1 2, , , nk k k , 
each associated with a weight wi. The weight vector at the initial time t0 is repre-
sented as: 

 ( ) ( ) ( ) ( ){ }0 1 0 2 0 0, , , nt w t w t w t=w   (4) 

The relevance score of the new data Dnew to each knowledge item ki is defined 
as ρi(Dnew), where ρi(Dnew) ∈ [0, 1] reflects the degree of association between the 
new data and the knowledge item. 

Here, Bayesian inference [25] is employed to update weights. The updated 
weight wi(t1) after receiving new data is given by: 

 ( ) ( ) ( )
( )

0
1

|new i i
i

new

P D k w t
w t

P D
⋅

=  (5) 

where P(Dnew|ki) represents the conditional probability of the new data being as-
sociated with the knowledge item ki, typically estimated based on the relevance 
score ρi(Dnew). 

Assuming the new data is independent and identically distributed, Equation (5) 
can be simplified as: 

 ( ) ( ) ( )
( ) ( )

0
1

01

i new i
i n

j new jj

D w t
w t

D w t

ρ

ρ
=

⋅
=

⋅∑
 (6) 

Equation (6) indicates that the impact of new data on each knowledge item is 
relative, with weight adjustments depending on the item’s relevance to the new 
data and its initial weight. 

Furthermore, to ensure that the retrieved knowledge base remains relevant and 
up-to-date, a time decay factor λ(t) is employed. This factor allows the weights to 
naturally decrease over time, reducing the influence of outdated information. The 
temporal evolution of weights can be expressed as: 

 ( ) ( ) ( )( )1 1expi iw t w t t tλ= ⋅ − −  (7) 

The optimization goal of the DKBUM is to ensure that the generated content 
aligns with the latest data while not completely disregarding historical knowledge. 
The loss function to balance the accuracy and timeliness of generated content can 
be represented as: 

 ( ) ( )( ) ( ) ( ) ( )( )2
0

1 1
, 1

n n

new i new i i i
i i

L D D w t w t w tρ α
= =

 = − ⋅ + ⋅ − ∑ ∑w  (8) 

where α is a balancing parameter that controls the proportion of knowledge base 
updating versus retaining historical knowledge. 

By optimizing Equation (8), the dynamically adjusted weight distribution can 
be obtained, allowing the model to generate responses that are both timely and 
accurate when encountering new data. 

https://doi.org/10.4236/jcc.2025.131004


Y. Li 
 

 

DOI: 10.4236/jcc.2025.131004 52 Journal of Computer and Communications 
 

3.2.2. Weighted Context-Aware Similarity 
Traditional methods like cosine similarity [26] and Maximal Marginal Relevance 
(MMR) [27] have been widely used, yet they often fall short in capturing the nu-
anced, context-dependent semantics inherent in human language. A novel WCAS 
method is proposed to address this limitation. 

WCAS is an advanced metric for measuring semantic similarity between text 
pairs, which incorporates both contextual information and the relative im-
portance of different components within the texts. Unlike traditional measures, it 
adapts to the nuanced meaning of words based on their surrounding context, thus 
capturing the dynamic relationships between terms in varying linguistic environ-
ments. By assigning weights to different contextual features based on their rele-
vance, WCAS refines similarity computations, emphasizing more pertinent infor-
mation while downplaying less relevant elements. This approach enhances the 
sensitivity of similarity measurements to contextual shifts and domain-specific 
requirements, making it particularly effective for complex tasks in natural lan-
guage processing. 

WCAS leverages Bidirectional Encoder Representations from Transformers 
(BERT) [9] to calculate the natural language word embeddings. Given two texts A 
and B, each word in them is transformed into a dense vector representation. Let 

A
iv  and B

jv  represent the embeddings of the i-th word in text A and the j-th 
word in text B, respectively. 

To capture the fine-grained semantic similarity between the two texts, the sim-
ilarity S is calculated. 

 
A B
i j

ij A B
i j

S
⋅

=
v v

v v
 (9) 

where Sij is the cosine similarity between A
iv  and B

jv . The matrix S encapsulates 
the pairwise similarity between every word in text A and every word in text B, 
providing a comprehensive comparison of their semantic content. 

Importantly, WCAS introduces context-aware weights that modulate the con-
tribution of each word pair in the final similarity score. These weights are derived 
from the attention mechanisms within the BERT model, which naturally highlight 
the importance of different words based on their context. The context-aware 
weights for the words in texts A and B are defined as A

iα  and B
jβ , respectively. 

The context-aware weights are computed by: 

 
( )
( )

( )
( )1 1

exp context exp context
,

exp context exp context

A B
i jA B

i jn mA B
k kk k

γ γ
α β

γ γ
= =

⋅ ⋅
= =

⋅ ⋅∑ ∑
 (10) 

where γ is a hyperparameter that controls the sensitivity to context and context A
i  

represents the contextual importance of the i-th word in text A, as derived from 
the BERT attention scores. 

The WCAS score between texts is computed as the weighted sum of the simi-
larity matrix, modulated by the context-ware weights. 

https://doi.org/10.4236/jcc.2025.131004


Y. Li 
 

 

DOI: 10.4236/jcc.2025.131004 53 Journal of Computer and Communications 
 

 ( ) 1 1

1 1

,
n m A B

i j iji j
n m A B

i ji j

S
WCAS A B

α β

α β
= =

= =

⋅ ⋅
=

⋅

∑ ∑
∑ ∑

 (11) 

WCAS ensures that the most contextually relevant word pairs contribute more 
significantly to the overall similarity score, leading to a more nuanced and seman-
tically accurate measure. 

Finally, the WCAS similarity score is multiplied by the weight of the corre-
sponding knowledge item. The intuition here is that a high similarity score should 
be further amplified if the knowledge item is deemed highly relevant (i.e., has a 
high weight) according to the DKBUM mechanism. Conversely, if a knowledge 
item has a lower weight due to being less relevant or outdated, its influence will 
be diminished even if the WCAS score is high. 

 ( ) ( ), i iscore WCAS Q k w t= ×  (12) 

4. Experiments Validation 

In this section, queries from various categories are used to test the performance 
of the proposed RAG-based Q&A system. 

4.1. Regulation-Related Evaluation 

As previously mentioned, LLMs can perform Text2Cypher tasks. The prompt is 
defined as follows: 

… 
You are an expert in knowledge graphs, proficient in retrieving and querying 

using Neo4j. Given the question “{input query}”, create a syntactically correct Cy-
pher query. The Neo4j database includes the following nodes and relationships: 
{nodes and relationships information}. 

… 
Node properties (including labels, names, and IDs) and relationships are pro-

vided as part of the nodes and relationships information. 
For the query “Which department is responsible for the establishment of sys-

tems such as ISO9001 and CMMI5?”, the generated Cypher query using Text2Cy-
pher is: 

… 
MATCH k=(n1: regulation)-[*]->(n2) 
WHERE n2.name CONTAINS 'ISO9001 and CMMI5' 
RETURN k 
… 
When this Cypher query is executed in Neo4j, the retrieved knowledge chain 

is empty. This occurs because the relevant content in the KG is described as 
“ISO9001 and CMMI 5”. The difference in spacing between “CMMI 5” and 
“CMMI5” causes the failure to match the relevant knowledge. This demon-
strates the challenge of achieving high accuracy with Text2Cypher, due to the 
diversity and complexity of relationships and attributes, as discussed in Section 
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3.2. 
To validate the effectiveness of the proposed DKBUM, a database is con-

structed using historical regulatory documents within the enterprise. These doc-
uments contain revisions, updates, and enhancements to various policies and 
regulations across different periods. The total number of documents is 132, and 
the constructed KG contains 4,494 nodes and 6,791 relationships. The static KG, 
namely the KG without using the DKBUM technique, is introduced as a base-
line. 

Here, the relevance score measures the proportion of correct retrievals out of 
the total number of queries. It indicates how often the knowledge item selected by 
the system is correct or relevant to the user’s query. Relevance scores for the 
DKBUM-based KG and the baseline are 69.4% and 74.6%. 

 _correct retrievals
relevance

total

n
s

n
=  (13) 

Self-similarity calculates the correlation between each pair of knowledge entries 
in the retrieval results. The higher the self-similarity, the more similar content is 
included in the retrieval results. A smaller self-similarity is preferable, as it reduces 
the likelihood of retrieving different interpretations or explanations of the same 
content. As shown in Table 4, compared with the baseline, the DKBUM-based 
KG obtains a smaller self-similarity. 

 
( ) ( ) ( )22

1 1
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where Sij is the cosine similarity calculated by Equation (9). 
 

Table 4. Results of self-similarity. 

 Mean Standard deviation Maximum 

DKBUM-based KG 0.487 0.115 0.601 

Baseline 0.590 0.128 0.778 

 
Answer relevance [28] evaluates the quality of the generated answer by calcu-

lating the similarity between the answer and the question. It is defined as: 

 ( )
( )
2 2

AR cos ,
i i

i

i i
i i

q a

q a

×
= =

×

∑

∑ ∑
q a  (15) 

where qi and ai are the word vectors representing the question and the answer, 
respectively. 

121 Queries are generated by using an LLM. Their average answer relevance 
score is 0.893, with a standard deviation of 0.030. This suggests that the generated 
answers are highly relevant to the source information. Furthermore, the low 
standard deviation reflects the system’s good stability and consistent performance 
across different queries. 
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4.2. Person, Project, and Intellectual Property-Related Evaluation 

As mentioned in Section 3, knowledge related to persons, projects, and intellectual 
property is stored in MySQL. Knowledge retrieval is achieved through Text2SQL 
technology. Six queries are input for evaluation. As shown in Table 5, the system 
accurately classifies the questions and utilizes the corresponding database to gen-
erate SQL queries, ultimately retrieving the correct results. Even for complex que-
ries involving multiple logical conditions, such as “Which male employees have a 
master’s degree or higher, work in the Technology Research Center, and have par-
ticipated in projects?”, the system successfully generates a logically coherent SQL 
query to perform an effective search. 

 
Table 5. Results of Text2SQL. 

Query Generated SQL 

What projects has Yu Li 
participated in? 

SELECT p.Project_name 
FROM Project p 

JOIN Relationship_between_project_and_person r ON 
p.Project_ID = r.Project_ID 

JOIN Person e ON r.Person_ID = e.Person_ID 
WHERE e.Person_name = “Yu Li” 

GROUP BY p.Project_name; 

What is Yu Li’s job  
number? 

SELECT Job_ID 
FROM Person 

WHERE Person_name = “Yu Li”; 

How many employees have 
a bachelor’s degree or 

above? 

SELECT COUNT(DISTINCT Person_ID) 
FROM Person 

WHERE Highest_education_level IN (“Bachelor”,  
“Master”, “Ph.D”); 

Who are the employees with 
a master’s degree or higher 
and whose hometown is in 

Changsha? 

SELECT * 
FROM Person 

WHERE Highest_education_level IN (“Master”, “Ph.D”) 
AND Native_place LIKE “%Changsha%”; 

Which male employees have 
a master’s degree or higher, 

work in the  
Technology Research  

Center, and have  
participated in projects? 

SELECT DISTINCT s.* 
FROM Person s 

JOIN Department a ON s.Department_ID =  
a.Department_ID 

JOIN Relationship_between_project_and_person pr ON 
s.Person_ID = pr.Person_ID 

WHERE s.Highest_education_level IN (“Master”, 
“Ph.D”) 

AND s.Gender = 'Male' 
AND a_super.Department LIKE “% Technology  

Research Center %”; 

How many software and  
patents does the company 

have? 

SELECT COUNT(*) AS software_copyright_count,  
(SELECT COUNT(*) FROM Patent) AS patent_count 

FROM Software_copyright; 
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5. Conclusions and Futher Works 
In this study, a novel RAG-based framework for intelligent Q&A systems is pro-
posed. Additionally, a DKBUM-based retrieval method is introduced to address 
issues of coordination and conflicts between new and old data in databases, which 
can affect the response accuracy of RAG. The key contributions are summarized 
as follows: 

1) By integrating external databases with RAG, LLMs can effectively acquire 
domain-specific knowledge. This approach mitigates inherent shortcomings of 
GAI, such as hallucination tendencies and weak expertise, by providing more ev-
idence-based and fact-reliant information. In this study, an RDB and a graph da-
tabase are employed to help LLMs acquire domain-specific knowledge without 
requiring additional fine-tuning. 

2) Through prompt engineering, LLMs can effectively support Text2SQL tasks. 
By leveraging Text2SQL technology, RDBs can significantly enhance LLMs’ abil-
ity to access and utilize specialized knowledge. 

3) The DKBUM and WCAS methods are introduced to improve retrieval accu-
racy in Neo4j-based knowledge systems. The DKBUM dynamically adjusts the 
weights of knowledge items in the database, prioritizing the most recent and rel-
evant information while balancing it with historical knowledge. This approach 
ensures that the generated content remains both timely and accurate. Meanwhile, 
WCAS computes a nuanced similarity score between natural language queries and 
knowledge items with an enhanced understanding of context. By integrating these 
context-aware similarity scores with the dynamically updated weights, the re-
trieval process achieves a more refined and context-sensitive alignment with the 
input query. 

While the proposed DKBUM and WCAS provide significant improvements, 
there are some inherent limitations related to their broader applicability. The ap-
proach may face challenges when deployed in extremely large-scale knowledge 
bases, where the computational cost of continuous updates and similarity calcu-
lations could increase. Additionally, the effectiveness of the time decay factor in 
DKBUM may depend on domain-specific characteristics, necessitating careful 
calibration to ensure optimal knowledge relevance over time. 

Further work will be focused on enhancing the scalability of DKBUM by ex-
ploring more efficient update algorithms and distributed systems. Simultaneously, 
fine-tuning models for specific domains will be attempted to improve WCAS’s 
precision in specialized fields. 
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