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Abstract— An AI-driven model for resource allocation in network slicing is examined in this research paper. 

The model’s algorithm comprises three stages, each with its specific algorithm. Resource allocation begins 

with reservation, where the controller reserves minimum resources for each slice.  The second stage is 

autonomous radio resource management, mainly focusing on AI model training and decision engines. The 

last stage is physical resource allocation, where resources are distributed to the slices and users. Simulations 

on MATLAB software indicated this model to be effective in enhancing resource allocation. 
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I. INTRODUCTION 

The current trends in information technology are changing the paradigms and approaches deployed in 

networking. The recent milestones in information technology include the development of fifth-generation 

technology, the emergence of diverse services, the explosive growth of data-intensive applications, and the 

adoption of the Internet of Things, which have changed the paradigm shift in how communication networks are 

designed and managed (Debbabi 162748). The existing communication networks are prompted to deal with the 

resulting wide variety of quality-of-service demands. Network slicing has emerged to meet the diverse demands 

of terminal devices using the existing communication networks. Network slicing technology mainly focuses on 

dividing the traditional physical network into several dedicated, virtualized, customed, and isolated logical 

networks, such that each portion is dedicated to fulfilling the requirements of a specific service (Khan et al. 

36010). According to Wang et al., the major scenarios for network slicing include enhanced mobile broadband, 

ultra-reliable, low-latency communication, and massive machine-type communication services (p. (12505). 

Each scenario puts different pressure on network resources, determining the services they can provide. For 

instance, enhanced mobile broadband services can adequately serve high-data-rate applications. The efficiency 

of each network slice largely depends on the resources allocated. Network slicing relies on network function 

virtualization and software-defined networking to manage and allocate resources (Rakkiannan et al., 640). 

Integration of artificial intelligence is proposed to have the potential to optimize network slicing by facilitating 

efficient resource allocation. Although network slicing has unleashed a new era of flexibility and performance in 

communication networking, the full potential of this technology can be realized by deploying AI-driven 

resource allocation (Shahjalal et al. 345). Through advanced machine learning techniques, AI can analyze real-

time network data, predict future demands, and dynamically allocate resources, thereby leveraging the 

adaptability and responsiveness of communication infrastructure. This research delves into integrating AI-driven 

approaches to optimize resource allocation within network slicing. 
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II. PROPOSED METHODOLOGY BLOCK DIAGRAM 

Resource allocation in network slicing is a pivotal element for the success of network slicing. Depending on 

their demands and requirements, various processes allocate resources to different network slices. The following 

diagram highlights the major steps in AI-driven resource allocation in network slicing. 

 

 
Figure 1: Proposed methodology block diagram 

 

A. DESCRIPTION 

The first step entails subdividing the physical communication network into multiple and isolated 

network slices. In this step, the major network slices developed from the traditional communication network 

include enhanced mobile broadband, ultra-reliable, low-latency communication, and massive machine-type 

communication services (Nadeem et al. 37596).  Resources will be allocated to these slices depending on the 

requirements and demands of the network users. The second step entails the collection of data and 

preprocessing. Essential network information is gathered in this step, including traffic patterns, user demands, 

and resource utilization. This information is crucial in developing a suitable algorithm for the resource 

allocation to different network slices (Shen et al. 50). Pre-processing entails cleaning the raw data to remove 

noise and outliers. In this stage, data is normalized to ensure consistency and comparability. Also, essential 

features for the input into the AI model are extracted during the preprocessing stage. Feature engineering will 

focus on the development of new features or transformation of the existing ones to leverage the AI model’s 

ability to learn and make accurate predictions. In this stage, the most important factors to consider include 

latency requirements, bandwidth needs, and application characteristics (Long et al 168). Feature engineering 

marks the final stage of network slice customization, ensuring that they are ready for the integration of the AI 

model for resource allocation.  

AI model training step focuses on model customization to facilitate efficient resource allocation in network 

slicing. Machine learning algorithms, including deep learning and reinforcement learning, are used to train the 

AI model. The training uses historical data to establish patterns and relationships between variables (Sarker 

160). The model is then optimized for accuracy and efficiency. The next step is implementing the AI decision 

engine, which receives real-time data from the network and processes it through the trained model. The decision 

engine facilitates resource allocation by assessing demands, network conditions, and application requirements 

(Ramezanpour). Based on the decisions from the AI decision engine, the resources are allocated dynamically. 

Resource allocation entails adjusting bandwidth, computing power, and other resources to align with the needs 

identified by the AI model (Fu and Ye 27). Following resource allocation, the AI model will continuously 

monitor the network performance and resource allocation. Feedback is collected to evaluate the effectiveness of 
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resource allocation decisions and ensure continuous learning and improvement of the AI model. The last aspect, 

network slicing management, entails managing and orchestrating network slices based on the allocated 

resources. This step ensures that all network slices meet their specified requirements and objectives. 

 

B. ALGORITHM 

The algorithm developed for resource allocation in network slicing mainly focuses on implementing the 

proposed methodology steps, identifying potential problems, and developing effective and real-time solutions. 

In this research, the algorithm will focus on resource management and allocating network resources depending 

on requirements and user demands. The entire process of resource allocation will be segmented into three 

stages: dynamic resource reservation, autonomous radio resource management, and customized physical 

resource allocation. 

 

C. RESOURCE RESERVATION 

Resource reservation schemes are critical for mitigating the signaling burden when the demand of users in each 

base station for a slice increases. Reservation is determined and facilitated by the controller, which has a 

universal network view (Wu et al. 98). The controller is responsible for determining the minimum resource 

requirement for each slice. The following Algorithm will be implemented for dynamic resource reservation. 

 

 
 

Figure 2: Dynamic resource reservation (Sun 45764). 

 

D. AUTONOMOUS RADIO RESOURCE MANAGEMENT 

This stage mainly concerns AI model training, decision engine, and optimization. After the controller completes 

the initial resource reservation on each base station, the slices can autonomously adjust their resources to 

leverage the quality-of-service utility and resource utilization among users. Based on the slice requirements, the 

bandwidth fraction can be physically mapped to the isolated resource blocks (Kasgari 2). Each slice is restricted 

to the resources allocated by the controller to alleviate performance degradation associated with the mutual 

interdependence of slices (Esmaeily et al. 730). Reinforcement learning is one of the approaches used in 

autonomous radio resource management. This approach trains a software agent for decision-making 

mechanisms by interacting with the environment. Deep-Q reinforcement learning will be implemented in this 

case, such that the software agent learns by aiming to maximize the rewards by taking appropriate action to 

change the environment. The following Algorithm will be implemented for reinforcement learning.   
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Figure 3: Radio resource management algorithm (Sun 45765) 

 

E. CUSTOMIZED PHYSICAL RESOURCE ALLOCATION 

At the end of radio resource management, the updated resources of the slice are updated to the base stations and 

the slice allocates the resources to users. The last stage focuses on the process of allocation of resources to the 

users. The following algorithm will be implemented for physical resource allocation. 

 

Figure 4: Physical Resource Allocation (Sun 45767) 
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III. FLOW CHART 

 

Figure 5: AI-driven Resource Allocation in the network slicing 

 

IV.  RESULT ANALYSIS 

In this research, numerical simulations were conducted using MATLAB software. In the simulation, the 

parameters are aligned with 5G specifications such that the macro base station is centered within a 500-meter 

coverage radius and surrounded by 4 small-cell base stations and uniformly distributed users. The objective of 

the simulation is to shed insights into the AI model's effectiveness in enhancing service quality and optimizing 

resource utilization. The evaluation focused on the performance of the radio resource management algorithm. 

The radio resource management algorithm is subjected to high infeasible load to determine their load limitations 

while periodically increasing users on the slices. Performance is measured as the ratio of satisfied users to the 

total users. The results indicated a consistent user satisfaction ratio as users increased. This indicates that the AI 

model effectively allocates resources to slides and enhances user experience. 

 

V. CONCLUSIONS 

As network slicing is gaining popularity, there is a growing need to optimize the potential of this technology. 

The effectiveness of network slicing largely depends on resource allocation. An AI-driven model for resource 

allocation in network slicing is examined in this research paper. The model’s algorithm comprises three stages, 

each with its specific algorithm. Resource allocation begins with reservation, where the controller reserves 

minimum resources for each slice.  The second stage is autonomous radio resource management, mainly 

focusing on AI model training and decision engines. The last stage is physical resource allocation, where 

resources are distributed to the slices and users. Simulations on MATLAB software indicated this model to be 

effective in enhancing resource allocation. 
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