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Problems and Motivations
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❖ Future networks (6G) are challenging when
◼ Massive connection with unpredicted rapidly increase 

IoT devices

◼ High data rates, low latency communications

◼ Malfunctioning/overloaded of terrestrial base station

◼ Effective solutions with the dynamic and uncertainty of 
network environment

❖ How to solve
◼ Investigate higher frequency (THz) band 

◼ Expand network coverage by integrating terrestrial 
wireless with aerial access network

◼ Investigate multiple access technique

◼ Apply machine learning-based algorithm



Problem Formulation

3

K= 1, 2,… , 𝐾 the set of ground users

❖HAP flies at the center of the network

▪ Communicate with Ground users (GUs) Rate-Splitting 
Multiple Access (RSMA) principle [1], [2]

▪ Resource allocation optimisation

o Common/private power: 𝒑𝑐 , 𝒑𝑝

o Common rate allocation: 𝒄

▪ Total data rates: Γ𝑡 = 𝑅1 +⋯+ 𝑅𝑘 +⋯+ 𝑅𝐾

❖ Target
◼ Ensure services for all users

◼ Maximize the system throughput in long-term

◼ Guarantee quality of service of users

[1] B. Clerckx et al., "Multiple Access Techniques for Intelligent and Multifunctional 6G: Tutorial, Survey, and Outlook," Proceedings of the IEEE, vol. 112, no. 7, pp. 832-879, July 2024.

[2] Y. Wu, et al., "Robust Resource Allocation for RSMA Spectrum Sharing Networks," IEEE Transactions on Wireless Communications, vol. 23, no. 11, pp. 16375-16389, Nov. 202.



Problem Formulation (cont.)

❖ Optimization problem
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𝑝𝑐
𝑝1
…
𝑝𝐾
𝐶1
…
𝐶𝑘

❖ Deep reinforcement learning
▪ Integrated of Deep learning and Reinforcement learning



Generative Diffusion Model-Enabled DRL
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(a): Example of DRL (b): Example of DRL-based generative diffusion model 

𝑝𝑐
𝑝1
…
𝑝𝐾
𝐶1
…
𝐶𝑘

❖ Limitations of existing DRL approaches
▪ High computational requirements, especially for problems with large state or action spaces

▪ Deviating learned policy distribution from the true data distribution due to struggling to 
capture deeper data features

➔ Generative diffusion models thanks to superior feature learning capabilities



Generative Diffusion Model-Enabled DRL
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- Action: 𝑎𝑡 = {𝑝𝑐,𝑡 , 𝑝1,𝑡… , 𝑝𝐾,𝑡 , 𝐶1,𝑡 , … , 𝐶𝐾,𝑡}

- State: 𝑠𝑡 = {ℎ1,𝑡, … , ℎ𝐾,𝑡 , 𝑅𝑐,1,𝑡−1, … , 𝑅𝑐,𝐾,𝑡−1, 𝑅𝑝,1,𝑡−1, … , 𝑅𝑝,𝐾,𝑡−1}

- Reward: 𝑟𝑡 = Γ𝑡 or Γ𝑡 − 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 (violated constraints)



Simulation Results
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❖Network settings



Simulation Results
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❖ Observations:
- The proposed approaches saturates in reasonable time
- The proposed algorithm consistently outperforms other benchmarks



Conclusion & Future Works
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▪ Adress the non-convex nature of communication problem

▪ Improve the quality of service as well as solving the long-term maximization 
system throughput with uncertainties environment

▪ Demonstrate the proposed approach outperforms other baselines

❖Future works

▪ Investigate multi-agent aerial access network

▪ Investigate the effect of others factors into the network capabilities, such as base 
station placement, propagation indices
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