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1|Introduction    

The evolution towards 5G-Advanced and beyond has intensified the need for hyper-efficient resource 

allocation to support diverse Quality of Service (QoS) demands while optimizing conflicting objectives: 

maximizing throughput, minimizing latency, and reducing energy consumption. Traditional optimization 

techniques often fail to navigate the non-convex, multi-dimensional, and dynamic nature of this problem 

effectively [1]. 
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Abstract 

This paper presents a hybrid Reinforcement Learning-Genetic Algorithm (RL-GA) for multi-objective resource 

allocation in 5G networks. Traditional optimization methods struggle with simultaneously optimizing throughput, 

latency, and energy consumption. The proposed method employs an RL agent that dynamically adjusts Genetic 

Algorithm (GA) parameters (crossover and mutation rates) based on population state, inspired by dopamine-

mediated reward prediction mechanisms in cognitive science. Experimental results demonstrate statistically 

significant improvements over standard GA, adaptive GA, and PSO: 21.9% throughput increase, 35.9% latency 

reduction, and 16.7% energy efficiency improvement (p<0.001). The approach achieves faster convergence and 

superior Pareto front quality, addressing critical challenges in dynamic 5G environments. 
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Metaheuristics like Genetic Algorithms (GAs) offer robust search capabilities but can suffer from premature 

convergence and sensitivity to parameter settings. In parallel, Reinforcement Learning (RL) has emerged as a 

powerful paradigm for adaptive decision-making in dynamic systems by learning optimal policies through 

environmental feedback [2], [3]. 

This paper proposes a novel hybrid algorithm, Reinforcement Learning-Genetic Algorithm (RL-GA), which 

integrates RL with the Non-dominated Sorting Genetic Algorithm II (NSGA-II). In our framework, an RL 

agent, grounded in principles of cognitive neuroscience, dynamically tunes the parameters of the GA based 

on real-time population metrics. The main contributions are: 

I. A novel RL-GA hybrid algorithm for multi-objective 5G resource allocation. 

II. Comprehensive experimental validation showing statistically significant superiority over three baseline 

algorithms (p<0.001). 

III. A computational complexity analysis demonstrating practical scalability for networks with up to 1000 users. 

2|Related Work 

The challenge of resource allocation in 5G has been extensively studied. While early models relied on 

mathematical programming, recent trends heavily favor Machine Learning (ML) and Artificial Intelligence 

(AI) solutions to handle network complexity [1], [4]. 

Multi-Objective Genetic Algorithms (MOGAs): NSGA-II, developed by Deb et al. [5], remains a benchmark 

for Pareto optimization due to its effective non-dominated sorting and crowding distance mechanisms. 

However, its performance is highly dependent on fixed parameters, limiting its adaptability in the volatile 

conditions of 5G networks. 

RL in 5G: RL, particularly Q-learning and Deep Reinforcement Learning (DRL), has shown great promise 

for dynamic resource management, such as Virtual Network Embedding (VNE) and spectrum allocation. 

These methods can learn optimal policies without a predefined network model, making them suitable for 

real-time adjustments [6–8]. 

Hybrid RL-GA Approaches: the synergy between GAs and RL is an emerging research area. Recent studies 

have explored using RL to guide the evolutionary process. For instance, some works use RL to manage traffic 

scheduling in 5G , while others combine NSGA-II with DRL for complex multi-objective problems. Our 

work builds on this trend by developing a lightweight, Q-learning-based agent to specifically tune crossover 

and mutation rates, providing a balance between performance and computational overhead [9]. 

3|Problem Formulation 

3.1|System Model 

Consider n users U={1, ..., n} with bandwidth allocation b = {b₁, ..., bₙ}. 

I. Objective 1: maximize throughput: f1(b) = ∑  n
i=1 bilog 2(1 +

PiHi

N0bi
). 

II. Objective 2: minimize latency: f2(b) =
1

n
∑  n

i=1
ki

bi+ϵ
. 

III. Objective 3: minimize energy consumption: f3(b) = ∑  n
i=1 Pi

Di

bi
. 

Constraints: ∑  n
i=1 bi ≤ Btotal, and bi ≥ bmin, for all i. 

3.2|RL-GA Algorithm Design 

I. State representation (sₜ): population diversity (Dₜ), hypervolume improvement rate (Iₜ), and convergence 

ratio (Cₜ). 
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II. Action space (aₜ): a discrete set of 9 actions combining crossover probabilities {0.5, 0.7, 0.9} and mutation 

rates {0.01, 0.05, 0.1}. 

III. Reward function (rₜ): a weighted sum of normalized improvements in the three objectives. 

IV. Q-Learning update: the agent updates its Q-table using the standard temporal difference formula. 

Algorithm 1. RL-GA for 5G resource allocation. 

4|Case Study: Small-Scale Network 

4.1|Simulation Parameters 

I. Number of users (n): 5. 

II. Total bandwidth (B_total): 100 MHz. 

III. (and other parameters from the original paper). 

4.2|Final Solutions & Generation-wise Progress 

The model was tested on a small-scale network. Table 1 shows the final Pareto-optimal solutions, with Solution 

C achieving the best balance. Table 2 illustrates the generation-wise progress, showing how the RL agent 

adapts its policy over time. 

 

Table 1. final Pareto-optimal solutions. 

 

 

 

 

Table 2. Generation-wise progress. 

 

 

 

 

  

5|Experimental Results: Large-Scale Validation 

5.1|Experimental Setup 

I. Number of users (n): 50. 

II. Total bandwidth (B_total): 500 MHz. 

III. Baselines: Standard GA, Adaptive GA, PSO. 

Solution Throughput (Mbps) Latency (ms) Energy (J) 

A 485.3 12.4 195.0 

B 502.8 11.6 192.5 

C 518.2 11.2 188.4 

Gen Avg Throughput (Mbps) Avg Latency (ms) RL Action (pc, pm) 

0 458.2 14.2 (0.7, 0.05) 

5 472.5 13.1 (0.7, 0.10) 

10 491.8 12.0 (0.7, 0.03) 

15 506.4 11.5 (0.9, 0.02) 

20 518.2 11.2 (0.9, 0.01) 
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Fig. 1. Hypervolume convergence comparison across 100 generations. 

RL-GA (red) achieves superior final hypervolume (0.742) and faster convergence compared to Adaptive GA 

(green, 0.658), PSO (orange, 0.631), and Standard GA (blue, 0.612). Shaded regions represent 95% confidence 

intervals across 30 independent runs, demonstrating statistical robustness of RL-GA performance. 

5.2|Performance Comparison 

Table 3. Performance comparison of optimization methods. 

 

  

 

 

 

A.                                                B.                                                 C. 

Fig. 2. Statistical distribution of performance metrics across 30 independent runs; A. 

Throughput (Mbps) Distribution, B. Latency (ms) Distribution, C. Energy (J) Distribution. 

 

Fig. 1.A Throughput distribution shows RL-GA achieving a higher median. Fig. 1.B Latency distribution 

demonstrates RL-GA's significant reduction. Fig. 1.3 Energy consumption analysis reveals RL-GA's 

efficiency. Box plots display median, quartiles, and whiskers, with violin plots showing full probability 

distributions. 

Method Throughput (Mbps) Latency (ms) Energy (J) Hypervolume 

Standard GA 4823.6 ± 127.4 14.2 ± 1.8 1952.0 ± 98.3 0.612 ± 0.031 

Adaptive GA 5107.3 ± 95.8 12.1 ± 1.3 1853.7 ± 76.2 0.658 ± 0.028 

PSO 4981.5 ± 138.6 13.4 ± 1.9 1907.2 ± 104.5 0.631 ± 0.035 

RL-GA 5878.4 ± 68.2 9.1 ± 0.7 1625.8 ± 52.1 0.742 ± 0.019 
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5.3|Statistical Significance 

One-way ANOVA with post-hoc Tukey HSD tests confirmed that all improvements by RL-GA are 

statistically significant (p < 0.001). 

5.4|Convergence Speed and Pareto Front Quality 

The RL-GA algorithm achieved 95% of its final hypervolume 55% faster than the Standard GA. The final 

Pareto fronts show that RL-GA produces solutions that dominate those from competing methods across 

the entire objective space, exhibiting better spread and uniform distribution. 

Fig. 3. Three-dimensional Pareto front visualization 

showing multi-objective trade-offs.  

 

RL-GA solutions (red diamonds) dominate the objective space with superior throughput, lower latency, and 

reduced energy consumption. Adaptive GA (green squares), PSO (orange triangles), and Standard GA (blue 

circles) show progressively poorer convergence and spread. 

6|Discussion 

The results strongly indicate that RL-based parameter adaptation significantly outperforms fixed and 

scheduled strategies. The RL-GA's ability to learn context-dependent policies is the key to its success. 

Limitations: the current discrete action space could be extended to a continuous space using actor-critic 

methods like PPO. Furthermore, this study focuses on static user populations; future work should address 

dynamic environments with user mobility [10]. 

Future directions 

I. Deep RL integration: replace tabular Q-learning with Deep Q-Networks (DQN) or PPO. 

II. Dynamic environments: extend the model to time-varying scenarios. 

III. Transfer learning: train agents on simulated networks and transfer policies to real-world deployments. 
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7|Conclusion 

This paper introduced RL-GA, a hybrid algorithm for multi-objective 5G resource allocation. By leveraging 

an RL agent to dynamically tune GA parameters, the method achieves statistically significant improvements 

over state-of-the-art baselines, including a 21.9% throughput increase, a 35.9% latency reduction, and a 16.7% 

energy efficiency improvement. The framework offers a robust and adaptive solution for network operators 

managing complex QoS requirements. 
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