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5G techniques and the emergence of computing power networks have a wide adoption among diverse latency and
bandwidth-intensive services such as autonomous driving, industrial IoT, and immersive media, etc. The complexity
of end-to-end network management and resource scheduling continues to increase. Traditional rule-based manage-
ment approaches for resource scheduling struggle to cope with highly dynamic traffic patterns. These practical chal-
lenges make intelligent, adaptive orchestration increasingly important. LLM-based intelligent knowledge assistants
can extract valuable information from massive data using an advanced LLM architecture to provide intelligent deci-
sions. The application of LLM technology can potentially enhance network fault diagnosis and resource scheduling
efficiency, while also facilitating cross-domain collaboration and automated intelligent decision-making. Research
on the application of LLM-based intelligent knowledge assistants in 5G and computing power networks holds sig-
nificant theoretical value and practical importance for promoting network intelligence, improving operational effi-
ciency, and optimizing resource allocation.

1. Overview of LLM-Enhanced Intelligent Knowledge Assistants

Intelligent knowledge assistants leverage large language model (LLM) technology to efficiently process massive data
in 5G and computing power networks, providing high-quality decision support and fault diagnosis capabilities. Tra-
ditional network management relies on human experience and rule-based systems, which struggle to handle complex
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network environments and real-time demands. The technical landscape of LLM today has evolved in recent years
with the adoption of the transformer. LLM can perform in-context learning and complex reasoning related to network
states, and provide intelligent solutions for network resource management. In 5G and computing power networks,
the dynamic changes in resources and the diversity of tasks require LLM efficient learning and reasoning abilities.
LLMs-enabled Al assistant can serve to promptly identify issues, predict potential risks, and optimize network re-
source allocation, therefore improving network performance and stability. Additionally, LLM-based Al assistants can
simplify network operations through natural language interaction. LLM-based assistants can expose network telem-
etry, alarms, KPIs, and config states through natural language instead of forcing operators to query multiple dash-
boards, CLI tools, or OSS/NMS consoles. The LLM model can also surface real-time data and recommend actions,
which allows technicians to access real-time data and make decisions more intuitively and conveniently, and a human
or a closed-loop policy engine can execute changes for safety/compliance. Therefore, LLM-based intelligent Al as-
sistants can offer a new technical pathway for 5G intelligent management and network computing power optimization,
with significant practical value.

2. Literature Survey

In current research, several scholars have explored the applications and potential of large language models (LLMs)
in various fields. Nov et al. (2023) conducted a Turing test on the medical advice provided by ChatGPT and found
that while ChatGPT performs well on simpler questions, its accuracy in complex medical situations is still inadequate,
indicating a need for further optimization in understanding complex scenarios [1]. Singhal et al. (2023) investigated
how LLMs encode and apply clinical medical knowledge, revealing that LLMs can extract high-quality information
from medical literature and support doctors' decision-making. However, they still face challenges in handling com-
plex clinical situations and integrating the latest medical research [2]. Additionally, the book Human-Centered Al
emphasizes that human needs and ethics must always be placed at the core of Al applications, especially in the prac-
tical use of medical Al, where balancing technological innovation with social responsibility is a key issue [3]. These
studies show that while LLMs demonstrate great potential in fields such as healthcare and smart manufacturing, their
application still requires continuous optimization and attention to safety, accuracy, and ethical issues.

3. Construction Methods of LLM-Based Intelligent Knowledge Assistants in SG and Computing
Power Networks

3.1 Requirement Analysis and System Architecture Design

In 5G networks, fault response latency must be controlled within 10-20ms to ensure rapid recovery, while computing
power networks emphasize efficient resource scheduling, with scheduling efficiency reaching over 98%. Data pro-
cessing capabilities are critical, requiring rapid collection, processing, and feedback to handle massive data and sup-
port real-time analysis and decision-making. Therefore, intelligent knowledge assistants must possess automated and
intelligent capabilities to support high-efficiency network management and operations.

Monitor network status
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Collect traffic and fault information

Deep analysis with LLM
Information Processing -<

Generate optimization plans

(Design Process of Intelligent Knowledge Assistant ]

Provide decision recommendations
Decision Support -<

Qutput optimization plans

Adjust decision models
Feedback and Optimization -<
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Figure 1. Architecture Design Process of LLM-Enhanced Intelligent Knowledge Assistant.
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In terms of architecture design, LLM-enhanced intelligent knowledge assistants are typically deployed in a distrib-
uted manner, enabling high availability, horizontal scalability, and effective load balancing. Core components include
data collection modules, information processing modules, decision support modules, and feedback and optimization
modules. The data collection module monitors network status, traffic, and fault information in real time, transmitting
it to the information processing module; the information processing module performs deep analysis using LLMs to
generate optimization plans and predictive insights; the decision support module provides actionable recommenda-
tions based on analysis results; the feedback and optimization module continuously adjusts and refines decision mod-
els based on operational data. The LLM-enhanced intelligent knowledge assistant architecture design process is il-
lustrated in Figure 1. This architecture efficiently handles large-scale dynamic data, ensures stable system operation,
and meets the complex requirements of 5G and computing power networks.

3.2 Selection and Optimization of LLM Models

In constructing LLM-based intelligent knowledge assistants, the selection and optimization of LLM models are cru-
cial. Given the high real-time requirements of 5G and computing power networks, the LLM model must possess
efficient semantic understanding and reasoning capabilities and be able to process massive amounts of network data.
Common pre-trained models, such as the GPT series, Llama series, Claude family, and Gemini models, offer strong
semantic representation abilities, but their size makes real-time deployment expensive and latency-sensitive. There-
fore, when applied to network management systems, these models must be appropriately pre-trained and optimized
to meet the requirements for low-latency real-time inference and efficient-performance.

The optimization process typically includes techniques such as model pretraining, pruning, quantization, and
mixed-precision training. Quantization reduces floating-point precision to accelerate computation and lower compu-
tational resource demands. To further improve computational efficiency, mixed-precision training can be employed,
which uses 16-bit floating-point numbers (FP16) instead of 32-bit floating-point numbers (FP32) to reduce memory
usage and speed up the inference process [4].

Based on this, the optimized inference time 7;,1,{(,, can be described by the following formula:

T Cop- N
infer =
Fmax a [5]
Whereas C(,p represents the number of computational operations required for a single inference,Ndenotes the

size of the input data (e.g., network status, resource usage, etc.), F, _represents the maximum computing frequency

of the hardware device (e.g., GPU processing capability), andais the optimization factor, reflecting the computational
acceleration achieved through quantization, pruning, or mixed-precision training [5].

3.3 Data Collection and Processing Methods

Data collection and processing are critical in 5G and computing power networks. Network performance, traffic, and
fault information must be transmitted efficiently to the intelligent knowledge assistant. In 5G networks, data collec-
tion systems typically handle millions of network traffic records per second. Computing power networks require even
higher-frequency updates, often collecting resource status and load data every minute. To ensure data integrity and
timeliness, a combination of edge and cloud computing is often employed. Edge modules can handle rapid local
processing, initial fault diagnosis, and resource scheduling decisions, while cloud computing performs deep analysis
and optimization of large historical datasets [6]. Data transmission must maintain high speed and reliability, with
network latency below 30ms and transmission error rates under 0.01%. Security measures such as encrypted trans-
mission and tamper-proof mechanisms ensure data confidentiality and integrity.

3.4 System Integration and Performance Optimization

In 5G and computing power networks, LLM-based intelligent knowledge assistants require high efficiency, stability,
and real-time performance. System integration and performance optimization are therefore critical.

3.4.1 Hardware and Software Compatibility
Ensuring hardware and software compatibility is essential. 5G and computing power networks require strong com-
putational capabilities, often using high-performance processors (e.g., AMD EPYC, Intel Xeon), GPUs (e.g.,
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NVIDIA A100), and Al accelerators (e.g., TPU), which provide tens of tera floating-point operations per second
(TFLOPS). Stability between modules must be guaranteed to prevent failures due to hardware incompatibility or
driver mismatches. In high-concurrency, high-load environments, system response times should be kept below 50ms
for real-time data processing [7].

3.4.2 Improving Computational Efficiency and Reducing Resource Consumption

GPU acceleration and distributed storage are commonly used to improve computational efficiency and reduce re-
source consumption. GPUs like NVIDIA A100 offer up to 312 teraflops per second, significantly enhancing LLM
training and inference performance. Distributed storage systems (e.g., Hadoop or Ceph) increase throughput and
reduce latency. Optimized computation frameworks (e.g., TensorFlow, PyTorch) use mixed-precision training and
model quantization to reduce resource usage and accelerate inference. High-speed memory (8GB DDR4 or GDDR6
and above) minimizes I/O bottlenecks.

3.4.3 High Availability and Reliability

High-availability design ensures stable operation. Redundant backup nodes and load balancing (e.g., Nginx,
HAProxy) maintain service continuity during single-point failures. Automatic fault recovery can resolve exceptions
within 5 seconds, minimizing manual intervention. System availability must reach 99.99% (annual downtime <53
minutes), and resource scheduling accuracy must exceed 95% to ensure stable operation under high load [8].

4. Applications and Practices of Intelligent Knowledge Assistants in 5G and Computing Power
Networks

4.1 Intelligent Fault Diagnosis and Prediction in 5G Networks

The application of intelligent knowledge assistants in 5G networks is mainly reflected in fault diagnosis and predic-
tion. With the continuous expansion and increasing complexity of 5G networks, traditional fault detection and repair
methods can no longer meet the requirements for real-time performance and accuracy. Utilizing LLM-enhanced in-
telligent knowledge assistants, the system can analyze various abnormal data in the network in real-time and predict
potential fault points. By performing deep learning on historical network data, performance indicators, and external
environmental changes, the intelligent assistant can identify critical factors that may lead to faults and issue early
warnings. This allows the system to proactively respond to potential faults, adjust network configurations in a timely
manner, and reduce the impact on user services. In addition, the system can provide personalized repair suggestions
based on different types of fault patterns, helping operations teams formulate emergency response plans, thereby
improving fault response efficiency and ensuring network stability. In this way, network administrators can take pre-
ventive measures before faults occur, avoiding overall system downtime or service disruption.

In a large-scale 5G network deployment in the United States, the intelligent knowledge assistant analyzed three
months of network traffic, node load, and ambient temperature data to flag equipment at risk of overheating. The
system predicted in advance that certain base station devices might fail due to sustained high load and automatically
issued alerts. These predictions helped the operations team perform preventive maintenance on these devices, avoid-
ing service impact. Additionally, the system performs a comprehensive analysis based on equipment lifespan, envi-
ronmental factors, and load fluctuations to forecast future maintenance cycles, assisting the operations team in plan-
ning more detailed maintenance schedules. Through intelligent alerts and maintenance recommendations, the overall
fault rate of the network was significantly reduced, and network reliability and service quality were greatly improved.

The intelligent knowledge assistant not only improves the accuracy and response speed of fault prediction but also
provides the operations team with comprehensive references through data visualization and intelligent reports, mak-
ing decisions more scientific and forward-looking, and laying a solid foundation for high-reliability 5G network
operation. Moreover, it can integrate multi-source information to formulate personalized maintenance strategies for
different types of network equipment, further reducing potential risks and resource waste, enhancing overall opera-
tional efficiency.

4.2 Dynamic Resource Scheduling and Optimization in Computing Networks

Resource scheduling and optimization in computing networks are crucial to ensure that computational tasks are effi-
ciently executed. With the rapid increase in computing demand, traditional static resource allocation methods cannot
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cope with real-time fluctuations in load and task requirements. LLM-based intelligent knowledge assistants can mon-
itor and analyze resource usage in computing networks in real time, dynamically adjusting resource allocation to
achieve optimal efficiency. By comprehensively analyzing task computing requirements, priorities, and resource con-
sumption, the intelligent assistant can determine which nodes should be allocated more resources and which nodes
should have tasks migrated, thus avoiding resource waste and node overload. Additionally, the system can perform
predictive scheduling by considering historical load data, device performance status, and network latency, allowing
computational tasks to be efficiently balanced across nodes, increasing overall system throughput and reducing po-
tential performance bottlenecks.

In an international cloud computing platform's computing network, the intelligent knowledge assistant automati-
cally adjusts task distribution among data centers based on real-time monitored data flow and computing demands.
When a data center's computing load reaches a critical threshold, the system automatically migrates some tasks to
lower-load data centers, ensuring overall network load balance, improving computing efficiency, and optimizing re-
source utilization. The system also integrates server temperature, energy consumption, and historical task completion
times to optimize resource allocation strategies, making resource use more rational. This dynamic scheduling not
only ensures efficient system operation but also reduces energy consumption and operating costs, while providing
stable support for cross-region task collaboration and real-time computing.

The task flow of the Al assistant in the computing platform is shown in Figure 2.

Real-time Data Monitoring P~ Data Flow Monitoring ({ Computing Demand Monitoring
Y
Load Analysis Task Requil'”ement N Resource Con§umption
Analysis Analysis
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Generate Optimization N Task Allocation N Resource Scheduling
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Y
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Figure 2. Architecture Design Process of LLM-Enhanced Intelligent Knowledge Assistant.

Shown in the workflow: real-time data monitoring feeds into the Al assistant, which performs load analysis, pre-
dicts potential bottlenecks, and generates optimized task distribution strategies. These strategies are then executed
across multiple data centers, with continuous feedback updating the model to adapt to changing conditions, creating
a closed-loop intelligent scheduling system that maintains high efficiency and reliability.

By performing in-depth analysis on multi-dimensional data from computing networks, the intelligent knowledge
assistant can realize load prediction and dynamic scheduling optimization, effectively improving resource utilization,
reducing energy consumption, enhancing system stability under high load, and supporting multi-task parallel pro-
cessing and priority management to increase overall network efficiency. Additionally, predictive insights allow ad-
ministrators to plan for peak loads and avoid bottlenecks before they impact operations.

4.3 Cross-Domain Collaboration and Intelligent Decision Support

Cross-domain collaboration is particularly important in 5G and computing networks, especially when multiple sys-
tems and services need to coordinate their operations, and intelligent knowledge assistants can play a crucial role. By
integrating data from multiple heterogeneous networks and devices, the intelligent assistant enables efficient support
for cross-domain collaboration. This collaboration is not limited to resource sharing between networks but also in-
volves coordination among different operators and across various geographic locations. By performing in-depth anal-
ysis of data from different domains, the intelligent assistant can provide data-driven decision support and help net-
work operators and service providers make more accurate decisions in complex environments. This reasoning stems
from the assistant’s ability to identify interdependencies and anticipate how changes in one domain may impact others,
enabling proactive coordination and optimization. It can also predict potential bottlenecks and conflicts in cross-
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domain operations, optimizing resource allocation strategies in advance, improving overall system response capabil-
ity and stability, thereby enhancing network adaptability and reliability.

In some European regions, the intelligent knowledge assistant can collect network data from multiple operators
and combine it with weather forecasts and user behavior analysis to optimize network resource allocation [9]. In
high-traffic areas, the system automatically adjusted bandwidth allocation to cope with sudden surges in data demand
and shared resources with cloud computing platforms, ensuring processing speed and quality. The system can also
dynamically predict data load variations across regions and prioritize cross-domain resources, giving critical services
higher bandwidth and computing support while delaying or adjusting non-critical services, ensuring overall network
stability and efficiency. Through this cross-domain collaboration, the intelligent knowledge assistant effectively sup-
ports seamless integration between multiple systems, maintaining continuous network stability and service quality
while enhancing operational efficiency and user experience.

By integrating cross-domain data and performing intelligent scheduling, the intelligent knowledge assistant ena-
bles coordinated management across multiple systems and regions. This makes network decision-making more for-
ward-looking and reliable, enhances system adaptability and overall service quality, supports efficient operations in
complex environments, and allows flexible response to unexpected events and multi-layered service demands.

5. Conclusion

The application of LLM-based intelligent knowledge assistants in 5G and computing power networks holds broad
prospects. As computing networks rapidly develop, Al assistants that leverage LLM learning and reasoning capabil-
ities can enhance intelligent management and network resource scheduling. With the ongoing development of LLM
methodology and computing power upgrades, Al assistants can potentially play big roles in network fault prediction,
computing resource optimization, and cross-domain collaboration. In the future, Al-based assistants can be expected
to manage multiple network domains, forming a more intelligent and automated global network management system,
and support continuous innovation and development in 5G and computing power networks.
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