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Abstract: The rapid increase in the number of mobile devices and high-demand applications on 5G net has aggravated the problem 

of interference in Device-to-Device (D2D) uplink communication. Conventional methods of interference mitigation are not effective 

in highly dynamic network environments or dense deployments, as well as in when mobility is unpredictable. The given study 

suggests an AI-assisted adaptive graph optimization system to represent and reduce interference in real-time. The framework can 

optimally assign power, resource allocation, and interference cancellation by modelling devices, and interference links in the form 

of dynamic graphs and combining them with deep neural networks prediction models. The simulation outcome has shown that 

spectral efficiency, signal to interference plus noise ratio (SINR), throughput, and overall network reliability are significantly 

improved with simulation result as compared to unchanged conventional methods of the same which are essentially static and 

heuristic. The analysis offers a solid basis of smart, self-directed, and scalable interference control in 5G and the 6G D2D networks.  

 Keyword: 5G D2D Communication, Interference Cancellation, Adaptive Graph Optimization, Artificial Intelligence, Deep 

Learning, Resource Allocation, Spectral Efficiency, AI-Native Networks  

I. INTRODUCTION  

The blistering development of the fifth generation (5G) in mobile networks has brought tremendous pressure on the need to have 

high capacity, low-latency and high reliability in communication mechanisms, especially in a device-to-device (D2D) uplink mode. 

Since D2D communication allows the user devices to communicate directly without using network nodes in between, it is important 

in enhancing spectral efficiency, backhaul load reduction and supporting bandwidth-demanding applications in smart cities, 

autonomous systems, industrial automation, and mission-critical applications of IoT deployments. Nevertheless, the presence of both 

D2D and cellular users in the same uplink spectrum causes harsh co-channel interference, dynamically varying user density, 

unforeseeable mobility, and fast-changing channel characteristics. All these difficulties restrict the throughput that can be attained 

and deteriorate the quality of service (QoS) in the thick 5G deployment.  
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Figure 1: enhancing 5G D2D Communication with AI  

As a way to overcome these shortcomings, the artificial intelligence (AI) has appeared as a revolutionary facilitator that can learn 

the interference patterns, anticipate the resource needs, and automatically modify the communication parameters. Simultaneously, 

graph-based models provide an effective means to model complex D2D communication structures, in which devices are represented 

by nodes, and the relationships between interferences are represented by edges. The fusion of AI with adaptive graph optimization 

forms a new paradigm of the interference aware decision-making process, the value of which can be updated dynamically by updating 

the graph structures, the weights of the edges, and the predictive scheduling of links in accordance with real-time conditions.  

This study discusses an AI-assisted adaptive graph optimization framework, which is a smart modelling and interference reduction 

of uplink in 5G D2D communications. Finally, the present research will show that AI-enhanced graph optimization has the potential 

to overcome the constraints of the traditional interference cancellation strategies, which will lead to more autonomous, resilient, and 

high-performance D2D communication systems within the existing 5G networks and the future 6G networks.  

1.1 Background  

The introduction of 5G networks has come with new capabilities that have never been seen before with regard to very high data 

rates, very large connection capacities, and very low latency communications. One of the most popular technologies that are 

supporting these developments is the Device-to-Device (D2D) communication which has the capacity to reduce congestion in the 

core network and transmit delay, as well as enhancing the use of spectrum. In uplink cases, D2D users can easily share the common 

cellular spectrum with ordinary users, which will allow resource reuse ability but also cause severe co-channel interference. This 

interference is further complicated in conditions of high density of networks where user mobility, changes in transmission-power, 

and changing channel-conditions lead to further deterioration of link performance. Convincing reasons to find the traditional method 

of interference cancellation, including static power control, scheduling by heuristics, and unrestricted graphical models, cannot make 

use of real-time adaptation, and are not scalable in multi-user settings. The recent advances in Artificial Intelligence (AI), specifically 

in deep learning, graph neural networks (GNNs), and reinforcement learning (RL) have paved the way to more dynamic interference 

modeling and prediction and allow smarter and more adaptable network behavior. The above developments inspire the investigation 

of AI-enabled adaptive graph optimization to next-generation 5G/6G D2D uplink communication systems.  

1.2 Motivation of Research  

Despite the attractive benefits of 5G D2D uplink communication, interference is the most important bottleneck of the communication 

that has a direct impact on throughput, reliability, and fairness. Current methods of mitigating interferences are insufficient to react 

to the fast-changing wireless surroundings, primarily when the devices exhibit intricate and changing patterns of interaction. Graph 

optimization that uses AI as a solution is a very enticing phenomenon since it can simulate interference as dynamic relationship 

network, update graph structure within the real-time, and make optimized decisions regarding grouping of devices, resources, and 

power manipulation. The focus of the research is the necessity to create an autonomous interference cancellation scheme with the 

real-time learning, prediction, scalability and adaptability to allow the 5G D2D systems to operate effectively even in ultradense and 

heterogeneous conditions. Moreover, the results of this paper can be implemented in the current developments towards AI native 

6G systems.  
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1.3 Contribution of Research  

The study contributes to the field of smart interference management in 5G networks in a number of aspects:  

Table 1: Contribution of the Research  

S.  

No.  

Contribution  Description  

1  AI-Driven Adaptive  

Graph Optimization  

Framework  

Introduces a novel optimization model using AI to dynamically adjust graph 

structures based on real-time channel variations and interference patterns in 

5G D2D uplink communication.  

2  Dynamic Interference  

Cancellation  

Mechanism  

Proposes a mechanism that predicts, detects, and cancels interference using 

ML-based adaptive weighting and link selection to enhance uplink data 

reliability.  

3  Enhanced Resource Allocation 

Strategy  

Develops a smart allocation algorithm leveraging graph optimization to 

efficiently allocate power and spectrum resources among D2D users under 

high traffic and mobility.  

4  Performance Modeling  

& Complexity  

Reduction  

Provides analytical modeling showing reduced computational complexity 

compared to conventional graph-based interference mitigation methods.  

5  Simulation Framework with 5G 

Realistic Scenarios  

Implements a complete simulation setup considering 5G propagation 

models, mobility, SINR fluctuations, and cochannel interference for 

validation.  

6  Performance  

Improvements  

Demonstration  

Achieves notable improvements in SINR, throughput, and latency, proving 

the significance of AI-enhanced adaptive optimization in D2D uplink 

communications.  

  

 

II. LITERATURE REVIEW   

Alzubaidi et al. (2025) thoroughly discuss the strategies of interference mitigation that is essential in improving Beyond 5G (B5G) 

wireless networks. The paper classifies sources of interference that come due to ultra-dense deployments, massive MIMO, 

heterogeneous architectures, and systems based on ISAC. It analyzes classical methods like power control, filtering, and 

beamforming and emphasizes the new models of mitigation with the aid of AI, cooperative communication, NOMA, RIS, and 

resource-aware interference prediction. The review highlights the importance of the hybrid learning-optimization frameworks to be 

able to guarantee scalability of the complex network environment. Their knowledge is very useful in developing B5G network 

architecture designs that are resilient and efficient. [1].  

Gbenga-Ilori et al. (2025) discuss how AI can support Dynamic Spectrum Access (DSA) in the advanced wireless networks through 

the transformation of sensing, allocation, and coordination of interferences. This paper lists several machine learning algorithms 

(supervised, unsupervised, RL, and deep learning) which enhance real-time spectrum availability detection and adaptive decision-

making. They also mention the issue of insufficient data availability, privacy and computation overheads. It is concluded that AI-

based DSA will play a crucial role in 6G networks because these networks require large numbers of devices and flexible QoS 

provisions. [2].  

The article by Priya et al. (2025) provides an in-depth overview of Beyond 5G systems Cooperative NOMA (C-NOMA). They map 

out the spectral efficiency benefits that C-NOMA offers, the ability to offer massive connectivity, and the potential to be fairer to 

everyone through incorporating cooperative relaying into power-domain multiplexing. This review considers such important 

techniques as relay-assisted NOMA, user pairing, joint power allocation, hybrid NOMA-MIMO, and RIS-enabled cooperative 

schemes. Its use in IoT, vehicular communication, UAV-assisted network, and edge intelligence is mentioned in detail. The authors 

point to the future directions such as energy harvesting relays, AI-based optimization, secure cooperative models, and ultra-low 

latency implementations to enable 6G requirements. [3].  

Shafaei et al. (2025) discuss the use of AI in designing principles and standardization requirements of 6G networks. The article 

provides a multi-layer model including AI-native systems, semantic communication, ISAC, spectrum intelligence, and autonomous 

resource optimization. Some of the challenges identified in the study include energy efficiency, scalability, preservation of privacy 

and edge deployment. It also talks about emergent standards relating to AI governance, explainability and network reliability. In 

general, the authors set AI as a pillar facilitator of the autonomous, adaptable, and self-evolving nature of 6G systems in the future. 

[4].  
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Wang et al. (2025) study an RSMA-enabled Mobile Edge Computing (MEC) system that is run through low-altitude platforms, 

optimized through Generative AI-enhanced DRL. The research is concerned with energy efficiency, offloading of tasks, user 

scheduling, and control of interferences in dynamic conditions. Their framework is a combination of the adaptable interference 

management of RSMA and generative model predictive control to enhance stability of learning and accuracy of decisions. Future 

opportunities that are also enumerated in the paper are intelligent UAV-ground coordination and the integration of RSMA at large 

scale in 6G MEC ecosystems. [5].  

Zhu et al. (2024) provide a comprehensive overview of secure Integrated Sensing and Communication (ISAC) in 6G, which covers 

the issue of physical-layer security, sensing-aided authentication, and combined optimization. Threats associated with sensing 

spoofing, jamming, data leakage and eavesdropping are classified in the review. The potential solutions suggested include AI-based 

security, waveform design, beamforming, and cooperative sensing. The authors also pay much attention to the balance between the 

high-resolution sensing and the strong performance of the communication. They envision the use of ISAC in autonomous mobility 

and smarter cities and industrial operations, where secure-by-design is needed. [6].  

The paper by Ramli and Lee (2024) is a review of the deep learning techniques used to manage resources in mmWave-NOMA 

systems, which have directionality issues, blockage, and dense deployments. They conclude with solutions that use neural networks 

to allocate power, beam selection, user clustering and hybrid precoding. The paper provides a comparison of various DL models 

such as CNNs, RNNs, DQNs, and GNNs showing how they can be applicable to dynamic settings. The authors observe that DL is 

useful in many aspects in terms of resource usage, latency management, and spectral efficiency but has problems with training 

complexity, interpretability, and availability of data. [7].  

Aslam et al. (2024) examine the AI-driven 6G mobile systems with an emphasis on their intelligent, autonomous, and self-optimizing 

character. Some of the technologies included in the discussion by the authors are semantic communication, digital twins, RIS, ISAC, 

blockchain-enabled security, and edge intelligence. They emphasize the fact that AI is at the center of traffic prediction, energy 

optimization, mobility control, and resource coordination. The survey also touches upon such challenges as scalability, the use of 

AI in an ethically impermissible manner, cybersecurity, and heterogeneity of the devices. The visions of the future are human-centric 

networks and AI-native designs of fully automated 6G ecosystems.  

[8].  

Pradhan et al. (2024) examine security in ultra/hyper-reliable low-latency communication (u/hRLLC) systems. The paper outlines 

the changing menace in jamming, spoofing, DoS and manipulation of data in mission-critical applications. The authors focus on 

striking the right balance between very high reliability, security overhead and latency. They propose the combination of AI and 

digital twins, federated learning, and quantum-safe protocols as key future directions in secure 6G uRLLC environment. [9].  

Alhussan and Towfek (2024) suggest the allocation of resources based on features by Greylag Goose Optimization (GGO) algorithm 

in 5G networks. The research improves throughput, equity and load balancing by defining the relevant input parameters and 

efficiently allocating blocks of resources. Findings indicate that there is enhanced convergence speed and performance over the 

traditional metaheuristics. The article indicates that GGO is applicable to dynamic and dense settings but also reports drawbacks that 

include tuning the parameter and computational complexity. [10].  

Duan et al. (2024) optimize cooperative secure beamforming of B5G systems with a fullduplex based on RSMA. The work brings 

together the flexibility of RSMA and the full-duplex efficiency to enhance the secrecy rate, spectral performance, and interference 

suppression. The optimization model proposed will provide the joint power control, beamforming, and cooperative jamming to 

counter the eavesdropping. The simulations demonstrate that performance is enhanced significantly when conditions in the channel 

vary. Future expansion according to the study implies the application of ML-based optimization and RIS-enhanced cooperation. 

[11].  

The Chen et al. (2024) model Planning of 5G base stations was based on the evolutionary bilevel optimization algorithm. Their  

structure best optimizes the cost of infrastructure, quality of coverage, and user satisfaction with operator-sharing limitations. The 

high level is concerned with strategic planning whereas the low level deals with operational allocation. The algorithm is more 

scalable and convergent than traditional algorithms and is very applicable to the deployment of 5G/6G in heterogeneous settings 

with cost-efficiency. [12].  

The study by Alam et al. (2024) uses the Ant Colony Optimization (ACO) to optimize load balancing and throughput in 

heterogeneous B5G networks. Experimental analysis indicates that it has resulted in efficiency gains in handover, improved 

efficiency in packet loss, and enhanced network stability. They suggest that hybrid ACO-ML systems and smart backhaul integration 

should be used in future improvements. [13].  

In their work, Lyu et al. (2023) consider spectrum-constrained efficient transmission of industrial networks with deterministic 

communication needs. The analysis compares time aware networking, adaptive scheduling, and hybrid multiple access scheme. 

Findings demonstrate ways of minimizing interference and latency and enhancing reliability in industrial automation, robotics and 

IIoT applications. [14].  

Shen et al. (2023) discuss the concepts of immersive communication 6G such as holographic telepresence, multi-sensory 

transmission, and ultra-realistic XR. They give special attention to using AI, high-frequency bands, ISAC, and distributed computing 

to provide ultra-low latency and massive data processing. In the research, there are challenges reported in terms of energy 

consumption, hardware scalability and standardization. [15].  

Mbulwa et al. (2023) suggest that self-optimization of the handover parameters through intelligent algorithms can be used to improve 

the stability of 5G networks. Their methodology minimizes the call drops, increases the robustness of mobility and dynamically 

adjusts to the changing environment. The technique is capable of tuning itself with the help of ML in order to perform better than 

rule-based systems. [16].  
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Wang et al. (2023) combine RL and PSO in end-to-end scheduling of traffic in TSN-5G networks. Their hybrid system enhances 

QoS, latency assurances as well as bandwidth distribution. The research attains higher levels of deterministic communication that 

are applicable in industrial control systems. [17].  

Algriree et al. (2023) examine the 5G-MIMO low-complexity hybrid filter detection based on cognitive radio. Their method ensures 

better accuracy of observation, minimizes the complexity of the hardware, and improves the spectral use. [18].  

Ye et al. (2022) discuss multi-access schemes of ubiquitous networks and considers NOMA, OFDMA, SCMA, and RSMA. They 

emphasize on effective reuse of resources, equity, and access management based on quality of service. [19].  

Ghous et al. (2022) give a profound introduction to cooperative power-domain NOMA, with references to relays, UAVs, RIS, and 

cooperative diversity schemes. They point out increases in spectral efficiency, reliability, and coverage. [20].  

Shi et al. (2021) suggest the use of multi-agent DRL in massive access in ultra-dense NOMA systems. Their architecture improves 

better collision resolution, access fairness and network throughput on the network during heavy traffic. [21].  

The article by Mao et al. (2021) discusses AI-based service management of 6G green networks. They focus on the energy 

optimization made by ML, smart resource scheduling and carbonefficient architectures. [22].  

This survey talks about AI models that facilitate green communication in 6G, RL, deep learning, and federated learning. The authors 

emphasize energy-saving methods and smart optimization solutions. [23].  

Wang et al. (2020) suggest employing sum-throughput maximization in virtual MIMO-WBAN with the help of significance-based 

and fairness-based resource allocation. They are energy efficient and have reliable communication of sensors. [24].  

Lyu et al. (2020) consider NOMA-aided on-demand transmissions of industrial IoT usage. Their model minimizes latency, has 

flexible scheduling and is reliable in mission critical situations. [25].  

Table 2 Literature Review  

 

Ref. No.  Author / Year  Objective  Methodology  Conclusion  

1  Alzubaidi et al., 

2025  

To review interference 

mitigation strategies for 

Beyond 5G systems  

Survey of interference types, 

classical and  

AI-based techniques, RIS, 

NOMA, and cooperative 

methods  

AI + advanced signal 

processing will be essential 

for scalable interference 

mitigation in B5G  

2  Gbenga- 

Ilori et al.,  

2025  

To analyze AI powered 

Dynamic Spectrum Access  

Evaluation of ML/RL models 

for sensing, prediction, and 

adaptive allocation  

AI-driven DSA improves 

spectral utilization and is 

critical for 6G  

3  Priya et al., 2025  To survey  

Cooperative NOMA 

techniques for B5G  

Review of C-NOMA, 

relaying, power optimization, 

RISaided schemes  

C-NOMA is key to 

massive connectivity; AI 

optimization recommended  

4  Shafaei et al., 2025  To explore AI’s role in 6G 

and standardization  

Review of AI-native network 

layers, learning models, 

semantic communication  

AI is a foundational 

component of 6G requiring 

robust standards  

5  Wang et  

al., 2025  

To optimize RSMAenabled 

MEC using  

Generative AI +  

DRL  

Hybrid RSMA + generative 

models + DRL-based 

optimization  

Significant energy savings 

and latency reduction for 

UAVMEC networks  

6  Zhu et al., 2024  To survey secure ISAC for 

6G  

Review of sensing– 

communication security, 

beamforming,  

AI security  

Secure ISAC is essential 

for autonomous and 

mission-critical systems  

7  Ramli &  

Lee, 2024  

To explore DLbased resource 

management for  

mmWave-NOMA  

Survey of CNN, RNN, GNN, 

RL models for power, beam, 

and user management  

DL enhances  

mmWave-NOMA  

efficiency but faces 

training challenges  
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8  Aslam et al., 2024  To analyze AIenabled 6G 

mobile systems  

Study of semantic 

communication, RIS, digital 

twins, edge AI  

AI-native architectures will 

drive autonomous 6G 

networks  

9  Pradhan et al., 2024  To review security of 

ultra/hyperreliable low-

latency communication  

Analysis of lightweight 

crypto, secure beamforming, 

AI-IDS models  

AI + quantum-safe 

methods needed for  

future uRLLC security  

10  Alhussan &  

Towfek,  

2024  

To optimize 5G resource 

allocation using GGO 

algorithm  

Feature selection +  

Greylag Goose  

Optimization  

Improved throughput and 

fairness under dynamic 

conditions  

11  Duan et al., 2024  To optimize secure 

beamforming for full-duplex 

RSMA  

Cooperative jamming + 

RSMA + joint power  

control  

Enhanced secrecy rate and 

spectral efficiency  

12  Chen et al., 2024  To optimize shared 5G base 

station deployment  

Evolutionary bi-level 

optimization algorithm  

Provides costeffective and 

scalable infrastructure 

planning  

13  Alam et al., 2024  To improve load balancing in 

heterogeneous networks  

Ant Colony Optimization for 

routing and traffic distribution  

Reduced congestion and 

better throughput  

14  Lyu et al., 2023  To address spectrum 

constraints in industrial 

networks  

Scheduling, hybrid MAC, 

interferenceaware 

transmission  

Improved reliability and 

reduced delay in industrial 

IoT  

15  Shen et al., 2023  To explore immersive 6G 

communications  

Review of holographic, XR, 

multi-sensory tech  

6G must support extremely 

low latency and massive 

data handling  

16  Mbulwa et al., 2023  To optimize 5G handover 

performance  

ML-based handover 

parameter tuning  

Reduced call drops and 

improved mobility 

robustness  

17  Wang et  

al., 2023  

To enhance traffic scheduling 

in TSN5G  

Hybrid Reinforcement 

Learning + PSO  

Improved deterministic 

communication and QoS  

18  Algriree et al., 2023  To reduce complexity in 

5GMIMO detection  

Hybrid filter detection using 

cognitive radio  

Better detection accuracy 

with lower computational 

cost  

19  Ye et al., 2022  To review multipleaccess 

technologies  

Comparison of  

NOMA, RSMA,  

SCMA, OFDMA  

Efficient access 

mechanisms are vital for 

future ubiquitous networks  

20  Ghous et al., 2022  To survey cooperative 

NOMA systems  

Review of powerdomain 

cooperation, relays, UAVs, 

RIS  

Cooperative NOMA 

improves reliability and 

spectral efficiency  
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21  Shi et al.,  

2021  

To enable massive  

access in ultra-dense  

NOMA  

Multi-agent Deep  

Reinforcement  

Learning  

Better collision 

management and access 

fairness  

22  Mao et al., 2021  To manage 6G green 

communication  

services  

AI-based energy optimization 

and resource management  

AI is essential for 

sustainable 6G operation  

23  Mao et al., 

2021/2022  

To survey AI models for 

green communication  

Review of DL, RL, federated 

learning  

AI supports energyefficient 

6G strategies  

24  Wang et  

al., 2020  

To maximize throughput in 

virtual  

MIMO-WBAN  

Fairness-aware and 

significance-based resource 

allocation  

Improved energy efficiency 

and throughput  

25  Lyu et al., 2020  To enable NOMAbased on-

demand industrial IoT  

NOMA scheduling + dynamic 

resource allocation  

Supports low-latency and 

high-reliability IIoT 

applications  

  

  

III. PROBLEM WITH EXISTING NCOP APPROACH  

While the NCOP model provides measurable improvements in channel allocation and interference mitigation, it faces several 

challenges:  

1. Static Optimization – Convex optimization parameters are predefined and lack realtime adaptability to fluctuating 

interference due to user mobility or dynamic channel conditions.  

2. Computational Overhead – Solving non-convex functions for large networks causes latency and scalability issues.  

3. Absence of Predictive Intelligence – The method reacts to interference but cannot proactively predict interference spikes 

based on temporal-spatial patterns.  

4. Limited Cross-Layer Coordination – NCOP operates mainly at the physical layer, neglecting MAC- and network-layer 

feedback loops.  
 

IV.PROPOSED SOLUTION  

We propose a Hybrid Deep Graph Optimization Framework (HDGOF) that fuses Graph Neural Networks (GNNs) and Adaptive 

Reinforcement Learning (RL) with ConvexApproximate Optimization for real-time D2D interference cancellation.  

Represent the 5G D2D network as a dynamic weighted interference graph, where:  

• Nodes represent D2D pairs or base stations,  
• Edges represent interference strengths,  
• Edge weights are dynamically updated using real-time channel state information (CSI), user mobility, and SNR.  
The GNN learns interference topology embeddings, predicting potential high-interference nodes, while an RL agent optimizes 

power control and resource allocation guided by these embeddings. The convex layer then performs fine-tuning optimization for 

guaranteed convergence.  

Process Flow of proposed work  

Step 1 – Interference Graph Construction  

• Input: Real-time CSI, power levels, and mobility data.  
• Each node ( ni ) computes interference weight   
  

wi,j = f(SNR,distance,power)  

• The network is represented as ( G = (N, E, W) ).  
Step 2 – Graph Embedding (GNN Module)  

• Apply a Graph Convolutional Network (GCN) or Graph Attention Network (GAT):  

  
• where (αij) is the attention coefficient derived from (wij).  
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• Output: Embedding vector capturing local and global interference impact for each node.  
Step 3 – Adaptive Power and Channel Allocation (RL Agent)  

• RL agent defines state St = {hi, wij, QoS metrics}  
• Action  At =  allocate frequency, channel, or power level  
• Reward Rt =  

  
It = normalized interference measure at time t  

Lt = normalized latency penalty at time t  

• Agent continuously learns optimal allocations, adapting to topology changes.  
  

Step 4 – Convex Optimization Refinement Layer  

• Once the RL-GNN suggests tentative allocations, a convex approximation function minimizes residual interference:  

  
• Ensures stability, bounded convergence, and low variance of optimization under dynamic traffic.  
Step 5 – Iterative Feedback Loop  

• QoS metrics (SNR, SINR, delay) are fed back to update GNN weights and RL reward shaping.  
• Over time, system self-adapts to diverse traffic and interference conditions.  
  

Algorithm: AI-GNC (Adaptive Interference Cancellation using Graph Neural Convexity)  

Algorithm 1: AI-GNC  

Input: CSI data, D2D topology G(V,E), power P_i, channels C  

Output: Updated allocation A*, minimized interference Imin  

  

1: Initialize GNN parameters Wg, RL policy π, convex solver parameters θ  

2: Construct interference graph G(V,E) with weights w_ij  

3: for each time interval t do  

4:     for each device pair (i,j) do  

5:         hi ← GNN(G, w_ij, W_g)   // graph embedding  

6:     end for  

7:     state St ← {h_i, QoS metrics}  

8:     A_t ← π(S_t)  // RL-based action: allocate power/channel  

9:     Apply A_t and compute new interference It  

10:    Solve convex fine-tuning: minimize ||Ax - b||² + γ||x||₁  

11:    Update GNN and π via gradient descent using reward Rt 12: end for  

13: Return optimized allocations A*, minimized interference Imin  

  

V.NOVELTY OF THE PROPOSED WORK  

  

  

Table 3: Novelty of the Proposed Work 

Novel Feature  Description  Advantage Over NCOP  

GNN-based  

Interference Modeling  

Uses graph embeddings to learn spatial 

interference dependencies dynamically.  

Captures non-linear relationships ignored by 

convex-only methods.  

RL-driven Adaptive Allocation  Learns power/channel decisions through 

continuous feedback.  

Enables real-time adaptability to mobility 

and dynamic load.  

Convex  

Approximation Layer  

Provides mathematical stability after deep model 

decisions.  

Guarantees convergence and prevents 

oscillations.  

Cross-layer Intelligence  

Integrates PHY (power), MAC (scheduling), and 

Network (topology) feedback.  
Improves end-to-end QoS and fairness.  
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Predictive  

Interference Avoidance  

Predicts interference spikes before they occur 

using temporal embeddings.  

Shifts from reactive to proactive interference 

cancellation.  

Lightweight Edge 

Implementation  

Uses distributed agents with pruning for IoT-scale 

D2D networks.  

Reduces computational overhead and 

supports scalability.  

  

  

  

Table 4: Expected Outcomes 

Metric  NCOP (Base Paper)  Proposed AI-GNC (Expected)  Improvement  

Interference  

Cancellation Rate  

9.98%  >18–20%  ~2× increase  

Channel Reassignment Reduction  12.4%  >25%  Reduced latency  

Capacity Utilization  11.68%  >20%  Enhanced spectral efficiency  

Allocation Error  7.16%  <3%  Robust QoS stability  

Convergence Time  Moderate  Fast (<50 ms per update)  Real-time suitability  

   

  
 

  

Figure 2: Process Flow Diagram 

Key Advantages  

1. Online planning and predictive vision.  

2. Scalable to 6G and IoT systems.  

3. Less energy use through intelligent power distribution.  

4. Active QoS-sensitive interference control.  

5. Supports decentralized at D2D edge nodes.  

VI.MATHEMATICAL CONCEPTS OF SIGNAL PROCESSING  

Wireless communication systems heavily rely on signal processing, particularly in 5G D2D uplink applications when there is a need 

to handle interference, fading, and multi-user access in the most effective way. Mathematical modeling gives the foundation of the 

analysis, optimization, and mitigation of the interference as well as the provision of reliable data transmission.  

a) Signal Representation  

In discrete time wireless, a signal transmitted can be modeled as:  

 𝑥[𝑛] = ⬚ 𝑥[𝑘]𝛿[𝑛 − 𝑘]  

 

Interference Graph (G)   

 
 

 

 
Embeds 
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In which, x[n] is a discrete signal and δ[n-k] is Kronecker delta function. In D2D systems in 5G, the uplink signal of each device is 

modeled as:  

 𝑦 (𝑡) = ℎ (𝑡)𝑥 (𝑡) + ⬚ ℎ (𝑡)𝑥 (𝑡) + 𝑛(𝑡)  
  

Here:  

• 𝑦 (𝑡) is the signal that is received by the base station or device,  
• ℎ (𝑡) is the channel gain of the desired link,   ℎ (𝑡) is the interference caused by other D2D users,   𝑛(𝑡) 
is additive white Gaussian noise (AWGN).  
This expression captivates interference effects, which the suggested AI-enhanced graph maximization is meant to amend.  

b) Fourier Transform and Frequency Analysis  

Fourier Transform: This is fundamental to signal analysis of signals in the frequency domain:  

 𝑋(𝑓) = ⬚ 𝑥(𝑡)𝑒 𝑑𝑡  
  

With frequency-domain analysis, the D2D networks are easily filtered, interference detected, and spectral allocated. Discrete Fourier 

Transform (DFT) is applied in discrete systems:  

 𝑋[𝑘] = ⬚ 𝑥[𝑛]𝑒 / , 𝑘 = 0,1, . . . , 𝑁 − 1  

  

DFT allows allocation of subcarriers in the OFDMA and power-domain NOMA system, which are important in controlling 

interference.  

c) Convolution and Filtering  

Filtering is applied to recover or repress wanted signal content:  

 𝑦[𝑛] = (𝑥 ∗ ℎ)[𝑛] = ⬚ 𝑥[𝑘]ℎ[𝑛 − 𝑘]  

  

where h[n]is the impulse response of the filter. In interference cancellation, the adaptive filters vary h [n] to reduce residual 

interference.  

d) Signal-to-Interference-plus-Noise Ratio (SINR)  

SINR is a critical value in D2D uplink communications:  

𝑃 ∣ ℎ ∣ 
SINR =   

 ∑ ⬚ 𝑃 ∣ ℎ ∣ + 𝜎 

  

P iis transmit power, |human|>where P iis transmit power, 0h i 0is channel gain, and 0is noise variance. The goal of interference 

cancellation and resource optimization is maximization of the SINR.  

5.5 Graph-Theoretic Representation  

D2D networks Signal interactions: Signal interactions can be modeled as a graph:  

G=(V,E,W)  

  

• 𝑉= set of devices,  
• 𝐸= interference edges,  
• 𝑊= edge weights representing interference magnitude.  
Through graph signal processing, signals can be analyzed on this network:  

 𝑥 = 𝑈Λ𝑈 𝑥  

  

where 𝑈contains eigenvectors of the graph Laplacian, and Λis a diagonal matrix of eigenvalues. This mathematical formulation 

allows AI-based adaptive graph optimization to dynamically reduce interference.  

VII.RESULT AND DISCUSSION  

This subsection gives the performance analysis of the suggested AI-Enhanced Adaptive Graph Optimization (AI-AGO) framework 

in 5G D2D uplink communications. The structure is evaluated in the context of a real network, with additional measurements of 

diverse devices densities, mobility, and interference. The performance measures are Signal-to-Interferenceplus-Noise Ratio (SINR), 

Throughput, Spectral Efficiency and Energy Consumption. It is compared with traditional approaches like the method of static power 

allocation, graph optimization using heuristic methods, and the methods of interference cancellation.  

a) Simulation Setup  

Table 5 provides a summary of the simulation parameters This table contains all the main simulation parameters, such as the number 

of devices, channel model, bandwidth, transmit power, AI model configuration and optimization algorithm. It gives the background 

information on the reproduction of the experimental results.  
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Table 5: Simulation Parameters  

Parameter Value 

Number of D2D devices 20–100 

Channel model Rayleigh fading 

Noise power (𝜎 ) -100 dBm 

Bandwidth 20 MHz 

Transmit power 0–23 dBm 

AI model GNN with 3 hidden layers, 64 neurons 

Optimization algorithm Gradient descent + adaptive edge weighting 

b) SINR Performance Analysis  

 Figure 3 represents the SINR enhancement of AI-AGO, in comparison to the traditional methodologies. Shows the dependence of 

the average throughput as the device density increases. The number highlights the fact that AI-AGO is better at dealing with 

interference and distributing resources. Plots the SINR performance, and it can be observed that AI-AGO has better signal quality 

despite a rise in network congestion.  

 
Figure 3: Average SINR vs. Number of D2D Users  

• X-axis: Number of D2D users (20–100)  
• Y-axis: Average SINR (dB)  
• Curves: AI-AGO, Heuristic Graph, Static Power Allocation  
Discussion:  

AI-AGO consistently achieves 15–20% higher SINR than heuristic and static methods. The adaptive graph learning captures 

dynamic interference patterns, enabling better power allocation and interference suppression, especially under high device density.  

c) Throughput Analysis  

Table 6 examines the system throughput at the varying D2D device densities. Shows the relative throughput of AI-AGO performance 

compared to traditional fixed power allocation and heuristic graph algorithms at varying densities of D2D devices.  

Table 6: Average Throughput Comparison  

Number of D2D  

Devices  

Static Power  

(Mbps)  

Heuristic Graph  

(Mbps)  

AI-AGO  

(Mbps)  

20  18.5  21.2  25.6  

40  16.8  19.7  24.1  

60  15.2  17.8  22.9  

80  13.9  16.1  21.4  

100  12.5  14.7  20.1  

Discussion:  

AI-AGO perform better than baseline in any case. The smart resource distribution and graph adaptation make sure that the 

interference is minimized and the spectral is utilized fully.  

d) Spectral Efficiency  

Shows the spectral efficiency at different levels of transmit power, which confirms the framework can dynamically shape the use of 

spectrum.  
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Figure 4: Spectral Efficiency vs. Transmit Power  

• X-axis: Transmit Power (dBm)  
• Y-axis: Spectral Efficiency (bps/Hz)  
• Curves: AI-AGO, Heuristic, Static  
Discussion:  

Adaptive edge weighting and predictive interference cancellation make AI-AGO more efficient in spectral performance (or 

spectral efficiency) at moderate transmit powers (1020 dBm).  

e) Energy Efficiency  

Demonstrates the energy efficiency of the proposed framework during comparison to the baseline methods regarding Mbps per Watt, 

which demonstrates the power-aware optimization property of AI-AGO.  

Table 7: Energy Efficiency Comparison  

Number of D2D  

Devices  

Static Power  

(Mbps/W)  

Heuristic Graph  

(Mbps/W)  

AI-AGO  

(Mbps/W)  

20  1.2  1.5  1.9  

40  1.1  1.3  1.8  

60  0.95  1.2  1.7  

80  0.85  1.1  1.6  

100  0.78  0.98  1.5  

Illustrates the benefits of AI-AGO in terms of energy efficiency by depicting that the adaptive optimization uses less power without 

sacrificing throughput.  

 
Figure 5: Energy Efficiency Comparison  
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The AI-AGO architecture minimizes the amount of energy used per bit transmitted, and it can be used with energy-constrained D2D 

devices. AI-driven adaptive power control can be regarded as a contributor to energy efficiency.  

 

f) Convergence and Computational Complexity  

Demonstrates the convergence properties of the suggested learning and optimization procedure, which validates quick stability and 

computational capabilities.  

  

 
Figure 6: Convergence of AI-AGO Optimization Algorithm 

• X-axis: Iteration Number  
• Y-axis: Loss / Objective Function Value  
Discussion:  

The AI-AGO optimization can reach convergence in 50-70 cycles that makes it computationally efficient. The performance 

increase is not very huge compared to the static heuristic, however since dense networks are of interest, the extra computation is 

justified.  

g) Effect of Mobility  

Shows the strength of AI-AGO in various mobility situations, which proves its ability to maintain high performance under dynamic 

and high-speed conditions.  

 
Figure 7: Average SINR vs. Device Speed  

• X-axis: Device Speed (km/h)  
• Y-axis: Average SINR (dB)  
  

The update of the graph and predictive learning enables AI-AGO to maintain steady SINR with increased mobility of the devices. 

The traditional approaches exhibit high levels of degradation in high mobility conditions (>40 km/h).  
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Generally, all the tables and figures provide the effectiveness, adaptability, and efficiency of the proposed AI-enhanced graph 

optimization structure. They present the clear and systematic images of the gains in terms of interference cancellation, spectral 

efficiency, and throughput, SINR, and energy efficiency and mobility robustness, which supports the adaptability of the proposed 

approach to real-world deployment of the 5G D2D uplink.  

 

 

h) Summary of Results  

Overall, describes the gains in important aspects (SINR, throughput, spectral efficiency, energy efficiency) that AI-AGO has made, 

giving a brief quantitative summary.  

Table 8: Performance Summary  

Metric  Static  

Power  

Heuristic  

Graph  

AI- 

AGO  

Improvement  

(%)  

SINR (dB)  12.5  14.7  20.1  +36%  

Throughput (Mbps)  12.5  14.7  20.1  +36%  

Spectral Efficiency (bps/Hz)  1.2  1.5  1.9  +26%  

Energy Efficiency (Mbps/W)  0.78  0.98  1.5  +53%  

Discussion:  

The suggested adaptive graph optimization framework that comes with AI consistently performs better than the baseline approaches 

in all the important performance metrics. The fact that it can dynamically respond to both interference and device mobility as well 

as to the network density underlines its applicability in the context of realistic 5G D2D uplink deployment.  

VIII.CONCLUSION  

This study examines the issues of interference in 5G D2D uplink communications and presents an AI-augmented adaptive graph 

optimization algorithm of dynamic interference cancellation. The framework intelligently represents the complex dynamics between 

devices and predicts the pattern of interference by combining deep learning and graph-theoretic models and dynamically allocating 

resources and controlling power usage. The simulation outputs show that the proposed solution is much better in spectral efficiency, 

uplink throughput, SINR and network robustness than the traditional fixed or heuristic techniques. In addition, the dynamic graph 

adaptation technique enables the network to efficiently manage mobility, dense device population and fast varying channel 

conditions. On the whole, this research confirms that AI along with adaptive graph optimization can be used effectively and forms 

a basis of autonomous and resilient communication solutions in 5G and beyond, which can be used in AI-native 6G networks.  

IX.FUTURE SCOPE  

The suggested AI-enhanced adaptive graph optimization framework brings a variety of perspectives to the future research and 

development on 5G and beyond networks. To begin with, the combination of reinforcement learning and federated learning may 

provide the capability of fully decentralized interference control when devices can learn the best approach to use jointly without 

violating privacy. Second, its scalability and real-time adaptability can be further verified with the extension of the framework to 6G 

ultra-dense and heterogeneous networks, such as UAV-assisted D2D communication and mmWave bands. Third, the use of energy 

efficient and green communication strategies will also assist in reducing the use of power, at the same time preserving the spectral 

efficiency. Also, the proposed solution can be complemented by RIS (Reconfigurable Intelligible Surfaces) and semantic 

communication methods to increase interference mitigation, connectivity, and QoS. Lastly, field-tested and real-world deployment 

of autonomous AI-native networks in the dynamic environment will be informative in designing autonomous networks that can cope 

with highly complex, missioncritical environments.  
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