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Abstract
[Objective] Amidst the deepening reform of China’s electric power system and
the industry’s vigorous development, electric power media serves as a critical
communication bridge between the electric power sector and the public. It is
currently confronted with two core challenges: the exponential growth of electric
power news events and the efficient management of information, necessitating
the urgent development of effective coping strategies.

[Methods] This paper aims to explore and propose an innovative solution to
address these challenges. Based on comprehensive consideration of existing
resources and technological advancements, we have creatively designed an event
extraction and analysis methodology for electric power media that integrates
large language models and knowledge graph technologies.

[Results] This methodology enables precise identification of key entities within
the electric power domain and deep exploration of the intricate relationships
among these entities, thereby constructing a knowledge graph for the electric
power media field.

Conclusion By leveraging the network relationship structure presented by the
knowledge graph and the powerful semantic understanding capabilities of large
language models, this approach achieves dual improvements in both information
retrieval efficiency and interactive experience intuitiveness. The methodology
significantly enhances users’capabilities for information acquisition and utiliza-
tion, providing robust technical support for the intelligent development of the
electric power media industry.
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Abstract
[Objective] Against the backdrop of China’s deepening power system reform
and the industry’s vigorous development, electric power media, as a critical
communication bridge between the power sector and the public, faces two core
challenges: a surge in the volume of power news events and the need for ef-
ficient information management, urgently requiring effective coping strategies.
[Method] This paper aims to explore and propose an innovative solution to
address these challenges. Based on an in-depth consideration of current re-
sources and technological advancements, this paper creatively designs an event
extraction and analysis method for electric power media that integrates large
language models and knowledge graph technologies. [Result] This method can
accurately identify key entities in the power domain and deeply mine the intri-
cate relationships among these entities, thereby constructing a knowledge graph
for the electric power media field. Conclusion Through the network structure
presented by the knowledge graph and the powerful semantic understanding
capabilities of large language models, the method achieves dual improvements
in information retrieval efficiency and intuitive interactive experience. It sig-
nificantly enhances users’ability to acquire and utilize information, providing
robust technical support for the intelligent development of the electric power
media industry.
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Introduction
In recent years, with the deepening of China’s power system reform and the pros-
perity of the industry, electric power media has become an important bridge for
communication between the power industry and the outside world, with power
events forming the core of power information. Against a backdrop of informa-
tion diversification and increasingly high public demands for information quality,
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traditional media resources, characterized by lengthy articles and difficult-to-
capture key points, can no longer adapt to the fragmented reading habits of the
internet environment. Electric power media urgently needs to deeply analyze
and precisely manage content, particularly the identification and integration
of power event data, to improve content creation efficiency and quality while
optimizing user interaction experiences.

To address these challenges, this paper proposes an event extraction and analy-
sis strategy for electric power media based on large language models and knowl-
edge graph technologies. This strategy utilizes advanced artificial intelligence
technologies to deeply mine and intelligently analyze electric power media infor-
mation, providing users with intuitive and detailed information display and in-
depth, rich power event information, thereby promoting the continuous progress
of the electric power media industry.

1.1 Entity Extraction Technology

Entity extraction technology, as one of the core tasks in the field of natural
language processing (NLP), aims to deeply mine and accurately extract key
entity information from text data. This process relies on advanced semantic
analysis, deep learning models, and complex natural language processing algo-
rithms to extract meaningful entities from massive, unstructured text data such
as electric power media information, including but not limited to abstract or
concrete concepts like events, persons, organizations, equipment and facilities,
and technical terms [1]. With the vigorous development of deep learning tech-
nology, neural network-based methods have demonstrated powerful advantages
in entity extraction tasks, enabling more precise identification and extraction of
entities. Meanwhile, the introduction of pre-trained language models (such as
BERT, GPT, Qwen, etc.) has further enhanced model understanding capabili-
ties and generalization ability, enabling entity extraction technology to exhibit
excellent performance even when facing unknown or rare entities [2].

1.2 Large Language Model Technology

In recent years, deep learning technology has made remarkable progress in the
field of natural language processing (NLP), with its wide range of applications
and significant effects becoming an important force driving transformation in
this field. Deep learning learns complex language patterns and rules through
multi-layer nonlinear transformations, thereby demonstrating excellent learning
efficiency and powerful generalization capabilities. These characteristics enable
deep learning models to exhibit performance in handling natural language se-
mantic analysis—a highly complex and uncertain task—that traditional machine
learning algorithms cannot match. As deep learning technology continues to be
explored and optimized in the NLP field, large language models (LLMs) have
gradually emerged. As a special type of deep learning architecture, large lan-
guage models take words or subwords as basic units and learn and understand
the intrinsic relationships and contextual dependencies among words, phrases,
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sentences, and even entire documents through massive trainable text datasets.
This learning process goes beyond surface-level lexical matching to delve into
multiple levels including semantics, syntax, and even pragmatics, enabling the
model to accurately capture and understand the diversity and complexity of
human language, allowing it to navigate comprehensively when analyzing and
processing the vast array of electric power media data [3-5].

1.3 Knowledge Graph Technology

Knowledge graph, as a highly structured and graphical knowledge representa-
tion method, abstracts and models entities in the real world (such as people,
places, events, etc.) and their complex relationships in the form of nodes (rep-
resenting entities) and edges (representing relationships). This model not only
intuitively demonstrates the connections and interactions between entities but
also deeply reveals their intrinsic relationships and logical structures, provid-
ing a powerful tool for understanding and analyzing knowledge within specific
domains [6]. Furthermore, visualization technology provides an intuitive and
rich interface for the display and application of knowledge graphs. By graph-
ically presenting entities, relationships, and their attributes, users can easily
browse and understand complex knowledge networks, discover patterns and
trends within them, and thus make more informed decisions. This makes it
an effective assistant for displaying the relationships between power events and
their related entity elements [7].

2. Methodology
2.1 Process Overview

The general process of electric power media event extraction and knowledge
graph construction encompasses several core components (see Figure 1 [Figure
1: see original paper]). (1) Data Preparation Phase: As the foundation of the
entire process, this phase focuses on collecting, organizing, and cleaning the
extensive data resources in the electric power media domain, including various
file types and text formats, to ensure their accuracy, comprehensiveness, and
timeliness, laying a solid foundation for subsequent analysis. (2) Entity Type
Modeling: Based on the characteristics of the text data to be extracted, this
step precisely defines the key entity types involved in electric power media, such
as events, persons, organizations, equipment and facilities, and technical terms,
adding descriptive explanations for these entity types. By constructing detailed
entity type models, clear guidance is provided for subsequent entity recognition.
(3) Retrieval Purpose Modeling: This step clarifies users’retrieval purposes for
predefined entity types, aiming to tag material resource data so that retrieval
results can efficiently focus on information points of interest to users, enhancing
the relevance and practicality of material resource retrieval results. (4) Large
Language Model Application: Leveraging advanced large language model tech-
nology and providing predefined entity types and retrieval purposes, this step
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conducts in-depth analysis of preprocessed data to achieve automated extrac-
tion of entities, relationships, and retrieval purposes. This process fully utilizes
the model’s powerful capabilities in text understanding and semantic analysis,
effectively improving extraction accuracy and efficiency. (5) Extraction Result
Storage: This step systematically stores the structured information extracted
by the large language model—such as entities and relationships—in a knowledge
graph database, while storing the materials and extracted entity and retrieval
purpose data in a relational database. This process not only achieves centralized
management and efficient utilization of data but also provides convenience for
subsequent data analysis and visualization display. (6) Result Evaluation and
Process Optimization: By comparing extraction results with expected goals, this
step comprehensively evaluates extraction effectiveness and process efficiency.
Based on the evaluation results, the entity type models, retrieval target models,
and application strategies of large language models are continuously iterated
and optimized to ensure continuous progress and improvement in electric power
media event extraction and knowledge graph construction. This paper will elab-
orate on these key steps in greater detail to facilitate a deeper understanding of
their internal logic and operational details.

2.2 Entity Type Data Modeling

Entity type modeling plays a core role in the knowledge graph construction
process. These entity types, known as ontologies within the traditional knowl-
edge graph framework, are crucial for the efficient analysis of text content using
large language models. To extract valuable entity information from massive text
data, the precise meaning of entities must first be defined. This approach not
only serves to limit the scope of extracted entities within specific application
scenarios but, more importantly, helps large language models better understand
entity type concepts through predefined detailed attributes, enabling them to
more accurately parse and extract entities and their relationships [8][9]. Adopt-
ing this strategy requires a clear understanding of the text data to be processed.
This means identifying the various forms in which different types of entities
may appear in the text and the attributes and characteristics they possess. For
example, if the content discusses a person, attributes such as name, age, occu-
pation, and educational background can be defined across multiple dimensions;
for locations or objects, attention should be paid to their physical characteris-
tics, positions, historical uses, and other relevant attributes. This methodology
ensures that model output is not only accurate but also comprehensive, provid-
ing a solid foundation for subsequent graph data application. In the context of
electric power media information usage scenarios, we have further subdivided
several entity types, including equipment, technology, organization, person, and
event. Equipment entities encompass various hardware and software devices
and facilities involved in the power system, such as transformers, circuit break-
ers, and Apps; technology entities include relevant technologies, standards, and
protocols for power transmission and conversion; organization entities include
power companies, organizational departments, or industry associations; person
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entities record individuals involved in the power industry, such as engineers,
technicians, and project managers; event entities refer to any activities or en-
gineering projects related to power supply, maintenance, or accident handling.
Through such detailed entity classification and definition, a vast and complex
knowledge network can be constructed to help users quickly locate information,
solve practical problems, and even promote the development and application of
new energy technologies.

2.3 Large Model Entity and Relationship Extraction

As described above, we have carefully planned a series of detailed entity model-
ing data categories to ensure the comprehensiveness and accuracy of data col-
lection. For the actual entity extraction phase, we leverage cutting-edge large
language model technology. These models not only possess the capability to
accurately extract entity information from textual materials but also conduct
in-depth parsing and fine-grained definition of the involved original materials.
By providing the large language model with raw materials and well-defined en-
tity type data, we require the model to respond with extracted entity informa-
tion and attributes. This implementation enables the program to more clearly
identify the entity type, name, and unique characteristic attributes of each en-
tity during analysis, while also revealing the intricate network of relationships
between them—including which entities possess specific resources, how these
entities are interconnected, and under what contexts these connections arise.
This approach significantly enhances the depth and breadth of data analysis,
enabling a deeper understanding and mastery of entities and their interrelation-
ships [10]. When selecting an appropriate large language model, comprehensive
consideration must be given to the requirements of practical application sce-
narios, with priority given to models that demonstrate superior performance
in Chinese processing. Since entity recognition and relationship extraction of-
ten heavily depend on the close semantic associations within the text context,
special attention must be paid to whether the model supports sufficiently long
context windows during selection. Models supporting longer contexts should be
chosen to ensure the model can fully understand and extract the semantic in-
formation implicitly contained in the textual content. Conversely, if limited by
short context support that results in overly fragmented text materials, informa-
tion loss or misuse may occur, thereby affecting the quality of the entire analysis
result. Through careful evaluation and selection of suitable large language mod-
els, we not only improve the efficiency and accuracy of entity modeling but also
provide a solid foundation for subsequent data analysis [11].

2.4 Automatic Entity Merging

In the actual knowledge graph construction process, a common situation arises
where the same entity may have multiple names that differ depending on context,
domain, or language. For example, the company name “IBM”may be referred
to as “International Business Machines Corporation”in technical documents,
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abbreviated as “IBM”in marketing materials, or even called “Big Blue”in
informal contexts. This phenomenon is prevalent across all industries, as banks,
hospitals, schools, and their related personnel also have their own abbreviations,
aliases, or titles, which are important for understanding the essential meaning
of entities [12]. To ensure that graph data can accurately capture and reflect
the true relationships of things, these variant names and their connections with
other entities must be unified. This involves not only the identification and
recording of each entity name but also a comprehensive consideration of their
descriptions, attributes, and interrelationships. By doing so, we can ultimately
retain the most accurate and commonly used names while merging those that
are inaccurate, making the entire dataset both rich and accurate [13]. When
performing entity merging, large language models are needed to help filter out
from massive amounts of information those different aliases that truly represent
the same entity identity. The model can understand subtle differences in various
scenarios, thereby revealing different names of the same entity hidden beneath
the surface. This approach not only reduces errors and improves data quality
but also makes the knowledge graph more accurate and practical, truly serving
user needs and decision-making [14].

2.5 Retrieval Target Analysis and Marking

In the above process, we have successfully extracted entity names, entity at-
tributes, and relationships between these entities from the material repository.
This data is stored in the database. Additionally, we have conducted in-depth
recording of the associations between entities and materials, including what
types of retrieval purposes these materials support for specific entities, which
is crucial for future data analysis and retrieval operations. To further improve
the application effectiveness of knowledge graph data in retrieval scenarios, we
have introduced the concept of retrieval target attributes. This attribute sets
some basic retrieval targets for various entities, enabling the large language
model to identify specific retrieval targets suitable for the entity based on the
specific content of the current material when processing entities. For exam-
ple, when dealing with an “organization”entity, the large language model will
mark the most matching retrieval target from preset options such as “latest
developments,”“social activities,”and “product releases”; when a “technol-
ogy”entity appears, targets such as“application cases,”“research results,”and
“development trends”become the selection scope. This design greatly enhances
the flexibility and adaptability of knowledge graph data, enabling it to more
effectively serve different query requirements [15]. Through this approach, we
not only improve the accuracy and efficiency of the retrieval system but also
provide users with a richer and more personalized information retrieval experi-
ence. Whether searching for the latest organizational developments or looking
for practical application cases within a specific technology domain, the system
can quickly provide results that meet the requirements, enabling people to more
conveniently access needed information and thus accelerate knowledge dissemi-
nation and utilization.
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3. Application and Visualization
3.1 Large Language Model-Enhanced Knowledge Graph Retrieval

In addressing the challenges of diversity and complexity in user information
retrieval, we are committed to developing an efficient and intelligent informa-
tion retrieval system aimed at significantly improving user experience. When
users enter query text, the system’s primary task is to promptly and accurately
capture the user’s query intent. To achieve this goal, we have innovatively
integrated a large language model as the core analysis engine to deeply parse
the semantic connotation of user input. Specifically, the system first uses to-
kenization technology to segment user input retrieval text into lexical units,
then efficiently matches these units with a pre-built entity database. During
the matching process, we fully utilize the alias and abbreviation information an-
notated during entity merging to ensure that even if users input non-standard
terms or abbreviations, they can be accurately mapped to target entities. Sub-
sequently, the large language model is used to analyze the specific retrieval
purpose for a particular entity in the current query, thereby achieving precise
understanding of user needs [16]. Based on the above analysis, the system fur-
ther retrieves relevant data from the well-constructed knowledge graph, strictly
screening results according to both entity and retrieval purpose criteria. Finally,
the system displays a series of manuscript lists to users, which are closely asso-
ciated with the user’s query entity and purpose and are arranged according to
the natural chronological order of entities and events on the timeline, forming
an intuitive temporal clue [17]. This design not only greatly enhances the ac-
curacy and efficiency of user retrieval but also significantly reduces the risk of
retrieval failure due to input differences. Users no longer need to worry about
the accuracy of terminology; they only need to follow their personal habits when
inputting queries, and the system can intelligently guide them to relevant infor-
mation, achieving a leap from“people searching for information”to“information
finding people.”

3.2 Intuitive Display of Knowledge Graph Network Relationship Di-
agrams

Based on in-depth data analysis, the knowledge graph data constructed in this
paper is visualized as a network node knowledge graph chart. In this chart, each
node serves as a concrete representation of an independent entity, like stars in
the universe, each shining with rich information and value. To optimize the
chart’s reading experience and operational convenience, we have introduced
color-coding technology to distinguish different entity types with vivid colors,
supplemented by detailed legends, enabling users to quickly capture the essence
of information and understand core contexts while browsing. The vitality of a
knowledge graph lies in its intricate network of relationships among entities, a
feature vividly demonstrated in the chart through closely connected edges be-
tween points. These edges not only outline the association framework between
entities but also deeply reveal the underlying logical structures and intrinsic
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connections by clearly labeling relationship types (such as “contains,”“belongs
to,”“related to,”etc.). This design significantly reduces the cognitive burden
on users in understanding complex relationships and promotes the efficiency of
information retrieval and utilization [Figure 6: see original paper]. The visu-
alization display further incorporates dynamic interactive functions to enhance
the depth and breadth of user experience. In the initial display stage, the sys-
tem focuses on directly related nodes of the matching entity, i.e., the most
closely related peripheral information, providing users with a concise and fo-
cused view. However, for users eager to explore in depth, they only need to
simply click on any specific node, and the system will immediately respond by
dynamically reconstructing and displaying an expanded knowledge graph cen-
tered on that node. This new version of the graph deeply mines and extensively
presents the knowledge domain related to that node, providing users with a
multi-dimensional and in-depth exploration platform that helps them compre-
hensively and profoundly understand complex information systems [18].

Conclusion
This paper has thoroughly explored an event extraction and analysis method
for electric power media based on large language models and knowledge graph
technologies, aiming to improve the production efficiency and quality of elec-
tric power media content while optimizing user experience. Through entity ex-
traction, large language models, and knowledge graph technologies, we have
constructed a comprehensive knowledge graph framework for electric power
media. This framework can accurately extract various entities and their at-
tributes from electric power media information and improve accuracy and ef-
ficiency through large language models. In application scenarios, the knowl-
edge graph significantly enhances the convenience and accuracy of informa-
tion retrieval, providing rich visual experiences and in-depth information ex-
ploration capabilities. However, facing the challenge of scarce GPU resources,
this study has encountered bottlenecks when processing massive historical data,
and the non-interpretability of large language models increases optimization
difficulty. To overcome these pain points, future work intends to explore and
optimize from several aspects: algorithm optimization and model compression,
distributed computing and cloud computing resource utilization, intelligent re-
source scheduling and prediction, and exploration of emerging hardware tech-
nologies, to achieve deep mining and efficient presentation of data value while
reducing dependence on GPU resources.
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