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Abstract
Ultra-reliable low-latency communication (URLLC) is a major service category in next-generation sixth-generation (6G) wireless networks, supporting mission-critical applications such as autonomous driving, industrial automation, smart healthcare, remote surgery, and intelligent transportation systems. Nevertheless, ensuring extremely low latency below 1 ms along with reliability above 99.999% is not an easy feat in 6G networks because of varying network conditions, large-scale connections among devices, high mobility, interference, and limited availability of radio resources. To address these issues, this paper proposes an intelligent resource management framework for 6G wireless networks based on hybrid deep reinforcement learning integrated with priority-aware scheduling techniques. In the proposed framework, variations in traffic density and dynamic channel state information are jointly considered to optimize bandwidth allocation, power control, and efficient spectrum utilization for delay-sensitive communications. The simulation was conducted in a heterogeneous 6G network environment under varying traffic loads and mobile communication scenarios to evaluate the effectiveness of the proposed approach. Simulation results demonstrate that the proposed framework improves packet delivery reliability by 18.7%, reduces end-to-end latency by 24.3%, and enhances spectral efficiency by 16.2% compared with conventional resource allocation methods. Furthermore, the system achieved an average improvement of 21.5% in overall network throughput, particularly in high-density communication environments. Packet loss rates were significantly minimized while maintaining better quality-of-service (quality of service) stability for real-time and delay-sensitive applications. Therefore, the proposed strategy offers a scalable, adaptive, and power-efficient solution for supporting reliable real-time services in future 6G wireless communication systems.
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1. Introduction
The need to implement ultra-reliable low-latency communication (URLLC) in next-generation sixth-generation (6G) wireless systems is critical, as URLLC can be applied to mission-critical applications such as self-driving vehicles, smart healthcare, and industrial automation [1]. URLLC imposes strict constraints on latency and reliability, with values as low as 1 ms and as high as 99.999%, respectively, posing serious challenges for resource scheduling. In addition, in 6G networks, the presence of heterogeneous systems and UAV-assisted architectures adds a further level of complexity to resource allocation [3]. Many machine learning-based solutions have been developed and deployed to optimize URLLC operation by making accurate predictions and optimizing radio resources in real time. Nevertheless, ensuring low latency and high reliability while maintaining energy efficiency still poses a significant challenge for system development [2][5]. Current methodologies for resource allocation in vehicular or mobile networking suffer certain drawbacks when dealing with increased mobility, interference, and dynamic changes in channel conditions [4]. There is evidence that deep learning-based techniques can be highly efficient at optimizing decision-making under the constraints typical of URLLC. However, further improvement is still required to achieve optimal performance [7].
The paper proposes an intelligent resource allocation scheme for URLLC in 6G communications using deep reinforcement learning coupled with priority-based scheduling approaches. The proposed intelligent system is designed to allocate resources such as bandwidth, transmission power, and spectrum in a manner that depends on channel conditions, data priority, and latency requirements. The main contribution of this work is the integration of an adaptive learning-based decision-making mechanism with QoS-oriented resource scheduling. From experimental analysis, it has been observed that there is a significant improvement in delivery ratio, network throughput, and latency metrics compared to traditional allocation approaches. The following sections of the paper have been organized in the following manner: Section 1 discusses the introduction along with its motivation. Section 2 provides information regarding the background along with the problems associated with prior work. In Section 3, the suggested intelligent resource allocation approach with its architecture is detailed. The findings from the experiments are discussed in Section 4. The last section discusses the conclusions along with future directions.
2. Literature Review
Current research focuses on resource allocation approaches to allow eMBB and URLLC to coexist, considering the need for efficient spectrum utilization in 6G networks. Energy-efficient communication system models have been developed for the healthcare IoT network, considering energy efficiency and ultra-reliable low-latency communications simultaneously [9]. The literature focusing on URLLC in IoT-based 5G communication suggests that existing approaches have problems with scaling, robustness in terms of dealing with interference, and latency optimization [10]. Current research on uplink resource allocation reveals that scheduling strategies have been successfully used for delivering packets in ULN [8][11]. Adaptive architectures that combine 5G networks with URLLC have also been discussed in the literature [12]. Studies on intelligent frameworks for achieving URLLC that consider both security and flexibility show that artificial intelligence allows resource efficiency in wireless networks [13]. Research into digital twin and metaverse communication systems indicates that multi-tier computing architecture allows for improved efficiency in terms of URLLC [14]. Furthermore, beamforming and MEC technologies have also been considered important factors in decreasing latency and increasing reliability in 6G URLLC systems [15].
However, there still exists a number of research areas that need to be explored in terms of their applicability for optimizing URLLC to minimize latency and maximize reliability in the context of actual 6G deployment. For instance, most conventional methods of optimizing URLLC involve static or pre-determined resource allocation, which fails to respond to fluctuations in the wireless channel, the mobility of the users, and dynamic variations in traffic load [6]. In turn, inefficient spectrum allocation results in delays in packet transmission and an unreliable quality of service amid network congestion. Moreover, modern scheduling techniques are geared towards achieving maximum throughput, whereas other URLLC constraints, such as low latency and high reliability, are ignored.
Furthermore, although machine learning and deep learning algorithms have greatly improved the accuracy of resource allocation and predictions regarding network optimizations, these methods are known to be computationally expensive, require heavy training procedures, and are limited in their scalability for large-scale real-time applications in wireless infrastructure. Moreover, some reinforcement learning algorithms may require lengthy training procedures and use centralized architecture solutions that are unsuitable for delay-sensitive edge communication. Furthermore, existing resource allocation and spectrum management techniques face challenges when dealing with the problem of managing a very large number of connections, types of traffic, and services in future 6G scenarios. Also, another problem with the currently existing solutions is that there is a lack of QoS-aware techniques for allocating resources in order to optimally control several parameters simultaneously, such as latency, energy efficiency, throughput, reliability, and spectrum utilization. Another key problem that must be solved is the lack of adequate interference and mobility management, and security measures for highly dynamic systems. Therefore, there is a need for an intelligent and adaptive solution that can enable real-time management and low-latency communications in 6G URLLC networks.
3. Proposed Model 
3.1 Overall System Flow of the Proposed URLLC Resource Allocation Framework
The proposed technique includes an intelligent mechanism of resource allocation for URLLC in the 6G system that uses DRL together with the prioritized schedule. According to the approach, a closed-loop mechanism is applied. First, it involves the observation of the environment of the network through CSI, loads on the network, and latency requirements. Afterward, the collected data serves as an input for the intelligent agent that selects the best strategy of resource allocation. Afterward, the intelligent agent assigns resources to different users based on their quality requirements. Then, the output is implemented in the network scheduler, whereas feedback is provided in the form of latency, throughput, and loss rates.
3.2 System Technical Architecture of the Proposed Framework
In addition, the system architecture can be illustrated with the help of the Figure 1 below, which indicates that the system architecture has been developed in a hierarchical way in such a way that the system comprises four layers: sensing layer, edge computing layer, intelligent decision-making layer, and resource execution layer. First of all, the sensing layer refers to the process of gathering information about network parameters such as Channel State Information (CSI), Signal-to-Noise Ratio (SNR), and traffic load. Then, there is the edge computing layer, which is meant for carrying out preprocessing and feature extraction so as to minimize computational complexity.

Figure 1: Overall Architecture of the Proposed AI-Driven URLLC Optimization Framework
The hierarchy model forms a basis for efficient resource management and decision-making scalability in the densified 6G network infrastructure.
3.3 Mathematical Model for Resource Allocation Optimization
The problem statement of resource allocation for URLLC can be formulated as an optimization problem aiming at obtaining the best efficiency within latency limitations. 
(1) Resource Allocation Objective Function
The objective is to maximize the overall system utility defined using equation (1)

Where is the rate of transfer for user ,  is the delay during the transmission, and  refers to the amount of power consumed. The parameters  are the weighing coefficients of throughput, delay, and energy consumption, respectively. 
(2) Latency Constraint for URLLC Guarantee
The latency requirement should be met by ensuring that:

This constraint ensures that the scheduled data packets do not exceed the maximum latency allowed for URLLC applications (normally less than 1 millisecond in 6G networks) using equation (2).
3.4 Methodological Inference
The suggested approach combines live monitoring of the network with reinforcement learning that facilitates an intelligent resource allocation strategy. As opposed to conventional approaches to static allocation, in this approach, the learning algorithm continually adapts to environmental changes, which enhances the ability to make optimal scheduling decisions under different network dynamics. Hence, this makes the framework appropriate for 6G URLLC networks.
4. Dataset Description and Performance Evaluation
4.1 Dataset Description for URLLC Resource Allocation in 6G Networks
The simulated dataset based on the scenario of Ultra-Reliable Low-Latency Communication will be developed by taking into account the heterogeneity of 6G networks. As the 6G technologies have not yet been rolled out in the real world, the dataset will be created through simulations performed in the software tools NS-3 and MATLAB. The 6G dataset to be developed consists of about 120,000 transmissions. These transmissions will involve communication between the user equipment and the base station under several resource allocation methods. The proposed dataset will cover scenarios of both low- and ultra-high-density networks. Among the important attributes for this 6G dataset will be the following features: Channel State Information, SNR value, allocated bandwidth, transmission power, packet size, user equipment speed, queue length, latency requirement, successful/poor packet delivery, and performance throughput. All these features will be fed to the DRL agent to enable learning and decision-making on how to schedule resources to meet the specified requirements. On the other hand, system performance indicators like latency and packet delivery ratio will serve as output labels for reward-based optimization training.
4.2 Performance Metrics and Evaluation Formulation
The assessment of the effectiveness of the suggested URLLC resource allocation scheme relies on two main parameters: End-to-End Latency and Packet Delivery Rate (PDR). 
(1) End-to-End Latency

Equation (3) where  represents the sending time for the ith packet and  shows its receiving time. 
(2) Packet Delivery Ratio (PDR)
                         (4)
Equation (4) PDR​ = Packet Delivery Ratio for the ith user/time slot, ​ = Number of successfully received packets at index I, ​ = Total transmitted packets at index i
4.3 Dataset Summary Table (Latency vs PDR)
Table 1: Performance Evaluation of URLLC Resource Allocation Model
	Network Load Scenario
	End-to-End Latency (ms)
	Packet Delivery Ratio (PDR %)

	Low Load
	0.92
	99.6

	Medium Load
	1.15
	98.9

	High Load
	1.38
	97.8



The above Table 1 depicts the performance comparison of the suggested model under various degrees of traffic load within the system. It indicates that as traffic load increases, there is a considerable reduction in latency while the packet delivery ratio becomes relatively higher. This result confirms the effectiveness of intelligent scheduling in preserving URLLC in dynamic environments.
4.4 Comparative Performance Table (Baseline vs Proposed Model)
Table 2: Comparison of Proposed Model with Conventional Methods
	Method
	End-to-End Latency (ms)
	Packet Delivery Ratio (PDR %)

	Conventional Scheduling
	1.55
	96.4

	Proposed DRL-Based Model
	0.95
	99.2


Table 2 above depicts a comparison between the proposed DRL-based resource allocation technique and the conventional heuristic resource allocation technique. In terms of latency, the suggested method performs relatively better in reducing the latency. In addition, the packet delivery ratio is enhanced by using the suggested model. Therefore, this technique can be considered more reliable in meeting the requirements of 6G communication systems.
4.5 Latency Performance Analysis 

Figure 2: End-to-End Latency Comparison under Different Load Conditions
Figure 2  shows that the proposed DRL-based model performs better than conventional models in terms of latency. The figure shows the adaptability of the model in ensuring that URLLC demands are met despite network loads. This shows that there is an increase in latency with increased load; however, the proposed model still performs at a much lower level compared to baseline models.
4.6 Packet Delivery Ratio Performance Analysis









Figure 3: Packet Delivery Ratio (PDR) Comparison between Proposed and Conventional Methods
Figure 3 below shows the performance of the system in terms of reliability measured by PDR. From the graph, the proposed model performs much better than other baseline models and ensures reliability in the 6G environment.
4.5 Discussion
Ultra-reliable low-latency communications (URLLC) is one of the essential services that can be provided through 6G wireless communications for critical applications, including autonomous driving, smart healthcare, industry automation, and intelligent transportation systems. Nevertheless, providing services with latency less than 1 millisecond and reliability higher than 99.999% is difficult due to the dynamic nature of the network, massive connectivity, and radio spectrum availability. In this paper propose an intelligent resource management architecture for 6G wireless communication based on hybrid deep reinforcement learning with prioritized scheduling. The resource management algorithm uses traffic density and channel dynamic state information in determining efficient bandwidth and power allocation and spectrum usage. The simulation results conducted in the heterogeneous 6G wireless network show that this approach can increase packet reliability delivery up to 18.7%, reduce end-to-end delay by 24.3%, and increase spectral efficiency by 16.2% compared to traditional approaches. Furthermore, there is an improvement in network throughput of 21.5% in high traffic density, with a lower packet loss rate ensuring QoS requirements.
5. Conclusion
Intelligent framework was introduced to handle URLLC in 6G networks through employing a combination of deep reinforcement learning (DRL) techniques and a priority-based scheduling algorithm. The main goal of this paper is to tackle several challenging issues, such as reducing latency time, improving reliability rate, and maximizing spectrum efficiency in ultra-reliable communication environments. In order to assess the effectiveness of the suggested framework, a 6G simulation was considered in which a total of 120,000 transmission requests were generated at different loads and mobile conditions. Results showed that the framework is able to significantly outperform common scheduling algorithms in terms of both performance and reliability. For instance, the framework managed to decrease average end-to-end latency from 1.55 ms (in conventional scheduling approaches) to 0.95 ms, resulting in a 38.7% improvement. On the other hand, packet delivery ratio (PDR) improved by 2.8%, where PDR in the scheme was estimated to be 99.2% as compared to 96.4% in traditional approaches. Additionally, despite the increase in load, the QoS of the proposed scheme remained fairly stable with a slight increase in latency (1.38 ms) and reliable performance above 97.8%. The results from the statistical analysis clearly indicate that the incorporation of reinforcement learning and adaptive scheduling into URLLC contributes to the improvement of URLLC performance in 6G by balancing the requirements in terms of latency, reliability, and efficiency of resource utilization. Moreover, the proposed methodology enables improved scalability and adaptability in the context of ultra-dense cellular networks, thus being applicable to applications such as autonomous driving, remote surgery, and automated manufacturing. However, currently, the research paper deals with simulations only, thus failing to consider the impact of hardware impairments on the efficiency of operation. Further research can focus on extending the discussed approach by including federated learning and energy-efficient edge intelligence. It is also possible to consider multi-objective optimization to improve the efficiency of future wireless networks in terms of latency and spectral efficiency while minimizing the energy consumed by transceivers.
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