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1. Introduction 

In current growing dynamics of Software-Defined Networking (SDN) a proper utilization of the available network 

resources, become mandatory for achieving the increasing service and application requirements [1]. Load 

balancing, which forms the core of network optimization, occupies a central position of distributing traffic among 

various paths in a manner that increases Qos levels [2]. As the network architectures migrate from the physical to 

the virtual and SDN environment [3], the issues of intelligent and adaptive load balancing tend to surface[4], 

notably in conditions of high intensity traffic[5]. Aspect of network optimization plays a pivotal role in ensuring 

equitable distribution of traffic among various paths [6], thereby enhancing Qos [7]. As network architectures 

transition towards virtualization and SDN principles[8], the need for intelligent and adaptive load-balancing 

mechanisms becomes increasingly pronounced[9], especially in the face of high-load traffic scenarios [10]. This 

research presents a novel solution to the problem of SDN load balancing with the use of the Adaptive Load 

Balancing from Reinforcement Learning (ALBRL). The fundamental approaches to load balancing lack flexibility, 

primarily because the current and emerging network traffic patterns are highly unpredictable. ALBRL handles this 
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Abstract 
 

Due to the Internet's growing importance in our lives, Software-Defined Networking (SDN) networks have 

experienced high load traffic issues. Thus, network load has increased, lowering quality of service (Qos) 

performance. Modern networked systems depend on communication channels to transmit data between sources 

and destinations.  High traffic loads exacerbate packet distribution inefficiencies, causing network congestion 

in specific channels, compromising these communication channels. Congestion delays packet delivery and 

generates significant packet loss, reducing network dependability and efficiency. Communication channels' 

improper packet allocation along accessible paths is the fundamental issue. Some paths are overcrowded during 

peak traffic, while others are underused.   Bottlenecks slow packet transit and increase packet loss due to this 

imbalance. Current packet distribution techniques don't adapt effectively to dynamic traffic, resulting in poor 

network performance. Current traffic management solutions often rely on load balancing algorithms, but these 

methods may not adequately account for the dynamic and unpredictable nature of high-load traffic. This paper 

introduces Adaptive Load Balancing using Reinforcement Learning (ALBRL), which uses Q-learning and 

deep reinforcement learning to distribute traffic in real time in SDNs with high traffic loads. This model uses 

more network-specific indicators including packet loss ratio, latency, Jitter, and traffic pattern history to 

improve decision-making. ALBRL outperformed static routing and Q-learning with 15.34(ms) average delay, 

2.11(ms) jitter, and 7.89% packet loss ratio. 
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challenge by using reinforcement-learning technique that is a part of artificial intelligence that allows load balancer 

to learn the new traffic pattern in the system. 

The use of this work has the potential to help improve the performance of various networks, manage high load 

traffic scenarios and enable intelligent and self-organizing SDN. The difficult resides in the choice of an 

architecture able to find nearly optimum routes between network hosts and to guide, in a relevant manner, the 

convergence of the chosen reinforcement-learning model upon the network. 

The aims of the research are directly linked to theoretical and practical questions of load balancing in SDNs, 

especially when high-loaded traffic occurs. 

 The primary objective of the paper is to solve the issue of worsening communication channel performance. 

This will be accomplished through the utilization of load balancing techniques, which will assign packets to 

different paths in order to guarantee that no path is more congested than others are. 

 To combine load balancing techniques with artificial intelligence techniques in order to make accurate 

predictions about the current condition of the path and to provide assistance in the process of properly 

distributing packets between different paths.  

 To cut down on the amount of time(delay) it takes for packets to travel from their origin to their final 

destination to reduce packet loss 

 

2. Literature Review 

The exploration of Load Balancing in Software-Defined Networking (SDN) reveals a diverse range of studies, 

each contributing unique insights and methodologies to address the challenges posed by high-load traffic scenarios. 

Çavdar [1] introduced dynamic load balancing algorithms for SDN-based data centers, addressing specific 

challenges [11]-[18] and advancing data center network optimization. In papers [19]-[22] authors provided a 

comprehensive survey on AI-based load balancing in SDN, reviewing various AI techniques [23]-[25] and their 

applications [26]-[27]. Chen et al. [8] developed ALBRL, an Automatic Load-Balancing Architecture based on 

Reinforcement Learning, integrating DDPG and SumTree structures [28]-[29] for efficient experience replay, 

demonstrating dynamic route optimization. Etengu et al. [12] proposed an AI-assisted framework for green routing 

and load balancing in hybrid SDN [30, 31, 34], optimizing routing decisions based on environmental factors and 

network conditions. Belgaum and Jaseena [6] explored an AI-based framework for reliable load balancing in 

SDNs, enhancing network reliability and fault tolerance. Chen et al. [9] introduced a multistep deep reinforcement 

learning-based architecture for automatic Quality of Service, improving QoS parameters and reducing network 

delays. Dake [11] provided a comprehensive review of traffic engineering techniques in SDNs, offering an 

overview of various methodologies. Kanellopoulos [15] reviewed dynamic load balancing techniques in IoT, 

identifying challenges and proposing solutions. Kumar and Sahoo [16] presented an optimized load balancing 

technique for SDN using deep reinforcement learning, increasing network efficiency and reducing response times. 

Alam [20] proposed a load balancing method using neural networks, improving network latency and throughput. 

Malbavsivc and Bonc [21] developed a multi-parameter load-balancing scheme for hybrid SDN networks, 

enhancing load distribution and scalability. Ouamri et al. [24] applied deep reinforcement learning for optimization 

in SD-WAN, optimizing routing decisions and reducing packet loss. Zhang et al. [25] employed meta-

reinforcement learning and Bayesian networks for resource management, enhancing resource utilization and 

reducing network congestion. This literature highlights the advancements and diverse methodologies in load 

balancing within SDN environments, showcasing the potential of AI and reinforcement learning to address 

dynamic network challenges effectively [33][35]. 

Table 1: Comparison of SDN Load Balancing Studies 

Studies Techniques Methodology Results Limitations 

[1] AI-based framework Reliable load balancing 

framework in SDNs 

Enhanced network reliability 

and fault tolerance 

Lack of detailed results 

and limitations 

[2] Multistep Deep RL Automatic Quality of 

Service Architecture 

Improved QoS parameters 

and reduced network delays 

Lack of detailed results 

and limitations 
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[4] Reinforcement 

Learning 

Review of traffic 

engineering in SDNs 

Comprehensive overview of 

traffic engineering techniques 

in SDNs 

Focus on review, 

limited empirical 

outcomes 

[5] DL Review of dynamic load 

balancing techniques in 

IoT 

Identified challenges and 

proposed solutions for 

dynamic load balancing in 

IoT 

Limited empirical 

validation of reviewed 

techniques 

[10] DRL Optimized load 

balancing technique for 

SDN 

Increased overall network 

efficiency and reduced 

response times 

Lack of information on 

specific techniques and 

outcomes 

[14] Neural Network Load balancing with 

neural network 

Improved network latency 

and throughput 

Limited details on 

methodology and 

outcomes 

[15] Multi-parameter 

Load Balancing 

Scheme 

Hybrid SDN Networks Improved load distribution 

and scalability in hybrid SDN 

environments 

Limited information 

on methodology and 

outcomes 

[16] Deep RL Optimization in SD-

WAN using deep 

reinforcement learning 

Optimized routing decisions 

and reduced packet loss 

Limited information 

on methodology and 

outcomes 

[32] Meta-Reinforcement 

Learning 

Bayesian Network for 

resource management 

Enhanced resource utilization 

and reduced network 

congestion 

Lack of detailed results 

and limitations 

3. Methodology 

In software-defined networking (SDN) contexts, adaptive load balancing with reinforcement learning (ALBRL) 

uses Q-learning reinforcement learning (RL) algorithm and deep reinforcement learning (DRL) to make data-

driven decisions. ALBRL uses these advanced machine-learning frameworks to dynamically analyze and select 

optimal load balancing solutions in real time, ensuring effective traffic allocation across paths. This architecture 

addresses the volatile and unexpected nature of current network traffic, such as abrupt traffic surges and varied 

service requirements. ALBRL optimizes reduced average delay, packet-loss ratio, and jitter without preconfigured 

rules by continuously interacting with the network environment. By processing real-time traffic data, learning from 

historical patterns, and predicting future network states, the system can adapt to quickly changing conditions and 

operate well. 

The Q-learning algorithm in reinforcement learning (RL) is a learning algorithm that enables an agent to learn the 

value of actions in a given state based on the rewards received from the interacted with environment. It involves 

updating a Q table, which represents the quality value of an action selected by the agent in a specific state. The 

core idea is to iteratively update a Q-value function, denoted as Q(s,a), representing the expected cumulative 

reward when taking action a in state s. The Q-value is updated using the following equation 

𝐐(𝐬, 𝐚) ← (𝟏 − 𝛂) ⋅ 𝐐(𝐬, 𝐚) + 𝛂 ⋅ [𝐫 + 𝛄 ⋅ 𝐦𝐚𝐱
𝐚′

𝐐(𝐬′, 𝐚′)]                                            (1) 

Where: Q(s,a) is the Q-value for state s and action a. α is the learning rate. r is the immediate reward. γ is the 

discount factor. s' is the next state after taking action a'. This iterative process allows  to learn optimal actions for 

each state in the SDN environment, adapting to changing network conditions over time. 

When it becomes challenging to articulate the value function for each state, Deep Q-Learning, or DQN, 

approximates the value function by combining Q-learning with a Deep neural network (DNN). It enhances 
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performance in settings with multiple states by enabling the agent to forecast the value of Q, which aids in selecting 

the optimal course of action for a particular state and improve the decision-making process without requiring the 

creation of a Q table for every state-action combination, Experience replay and target networks were the two 

methods that were utilized by the DQN in order to solve the basic instability issue that was associated with the 

usage of function approximation in RL. 

• Experience replay 

Is a method that is utilized in Deep Q-Learning (DQN) for the purpose of storing and reusing the agent's previous 

experiences, also known as transitions(𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1). In order to keep the neural network up to date, the agent 

will first store these experiences in a replay buffer and then randomly sample information from them. Taking this 

approach helps to break the correlation between consecutive experiences, which can lead to learning that is more 

consistent and effective, where this memory-buffer is updated with new experience instances as they are received 

as a queue, i.e., in a first-in, first-out order. So as soon as the memory-buffer reaches its limit, the oldest experience 

instances are deleted to make way for the latest experience instances the experience replay update is formulated  

as:ℒDQN(θ) = 𝔼 [(R + γ ⋅ max
a′

Q(s′, a′; θ−) − Q(s, a; θ) + ϵ ⋅
∂Q(s,a;θ)

∂θ
)

2

] (2) 

Where: 

 ℒDQN(𝜃): This is the loss function for the DQN algorithm. 

E: This denotes the expectation 

𝑅 + 𝛾 ⋅ 𝑚𝑎𝑥
𝑎′

𝑄(𝑠′, 𝑎′; 𝜃−): This is the target Q-value, which combines the immediate reward R and the discounted 

𝛾 maximum Q-value for the next state s′ 

𝑄(𝑠, 𝑎; 𝜃): Predicted Q-value from the Policy Q-Network. 

•   The Target Q-Network is a separate network that is used to calculate the target Q-values for the update step of 

the Pol icy Q-Network. It is a copy of the Policy Q-Network, but it is updated less frequently (or slowly), which 

helps to stabilize the training process by providing a more consistent set of targets. The Target Q-Network is 

denoted as 𝑄(𝑠, 𝑎; 𝜃−) where 𝜃− represents the parameters of the target network. These parameters are only 

periodically updated by copying the parameters from the Policy Q-Network𝜃−←𝜃 (after every fixed number of 

steps or episodes) in our framework the Target Q-Network can be updated after 5 episodes. 

θ− ← (1 − αtarget) ⋅ θ− + αtarget ⋅ θ  (3) 

Where:  𝜃− Represents the parameters of the target network. 

𝜃  Represents the parameters of the main network 

𝛼𝑡𝑎𝑟𝑔𝑒𝑡  A small hyperparameter (usually between 0 and 1) that controls how much of the main network's 

parameters (θ) are blended into the target network's parameters (θ⁻).It determines the rate at which the target 

network is updated. 

DNNs learn from a dataset across several iterations (episode). The model computes predictions by forward 

propagation during each episode, computes the loss, then uses backpropagation to change the weights. This process 

keeps on until the model converges or counts a predefined number of episode. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Deep neural network (DNN) 
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3.1 Topology of network 

An implementation of a network topology that was based on the star architecture was carried out within our 

framework.  A single centralized software-defined networking (SDN) controller and one hundred nodes serve as 

the components of this architecture. Each of the nodes is directly connected to the central controller.  The star 

design, in contrast to more complicated topologies, ensures that there are no direct connections between the 

individual nodes, which simplifies the overall structure of the network.  Because of this technique, the complexity 

of path management is greatly reduced, and the efficiency of network control is significantly improved. This is 

because the central controller is the conduit through which all communication between nodes comes. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Network topology 

Because the number of paths in the network is equal to 100 for the entire network, the number of paths was 

determined by using the formula that is presented below.  

Np = n      (5) 

Where:  𝑁𝑝  →number of paths, n→number of nodes 

After considering the information presented above, we concluded that the SDN controller, in its capacity as the 

network controller, is able to make use of artificial intelligence (reinforcement learning) in order to shift the load 

to less congested channels and balance the loads between the congested network paths.  At the same time as it 

functions as a reinforcement-learning agent, the SDN controller investigates the network environment in 

accordance with certain regulations.  This enhances the performance of the network according to performance 

measurements (Packet loss, Jitter, and Delay), which ultimately results in an improvement in the network's overall 

performance. It does this by calculating the amount of load that is present in each path and then distributing the 

loads that are congested to the paths that are less congested. 
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Figure 3. Adaptive Load Balancing using Reinforcement Learning (ALBRL flowchart) 

 

Step1 

Start: This is the preliminary phase in which the load balancing system commences its function. 

Step2 

Initialize Parameters: this step includes  

 Learning Rate (α): determines the extent to which the existing Q-value estimates are overridden by the new 

information that has been obtained from the current reward and the next state.𝛼 ∈ [0,1] Agents with a high α 
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(near to 1) prioritize new input, resulting in rapid learning but potential instability. therefore When α is low 

(around 0), the agent depends more on past information, resulting in slower but more consistent learning. 

•    The discount factor (γ) determines the value of future rewards over immediate rewards. It ranges between 0 

and one: If γ is near to 0, the agent prioritizes present benefits over future ones, leading to more myopic decision-

making. If γ is near to 1, the agent will prioritize future rewards and plan for long-term 

benefits,𝛾  𝑖𝑛 𝑜𝑢𝑟 𝑓𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘 𝑖𝑠  0.99. 

•    Epsilon (ε)A hyperparameter between 0 and 1 that controls the exploration rate. In our framework Starts with 

a high value (ϵ = 1.0) to encourage early exploration, then decreases over time. 

 epsilon_mini(𝜀 𝑚𝑖𝑛𝑖)  

The smallest allowed value for𝜀 𝑚𝑖𝑛𝑒 𝑖𝑛 𝑜𝑢𝑟 𝑓𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘( 0.01). It ensures minimal ongoing exploration even 

after extensive training. Prevents the agent from becoming purely greedy which could trap it in suboptimal policies. 

 epsilon_decay Gradually reduces ε to shift the agent from exploration to exploitation as it learns. Decay 

Method that utilized in our framework exponential Decay Multiply ε by a decay factor after each episode/step. 

the decay factor in our framework is 0.995 

step 3 

Iteration Loop 

Repeatedly train the agent until convergence. where Facilitates continuous learning from network interactions. 

Step 4 

State Representation 

With the state representation, the agent is able to comprehend the current conditions of the network (the scenario, 

which involves high load traffic). Attributes such as average Delay, packet loss, Jitter, and path load are included 

in the state vector 

.st = [Avgdel, pl, Ji, pL]   (6) 

select action  

 Policy is a strategy that the agent uses to decide which action to take in a given state. In our framework it 

means choose optimal with lowest 𝑝𝐿  

 Exploration vs. Exploitation 

 Exploration: The agent tries out new actions to discover their effects, which helps in learning better policies 

over time. 

 Exploitation: The agent chooses actions that are known to yield high rewards based on current knowledge. 

In our framework choose 𝜀-greedy Policy  at = {
random action    with probability ϵ

argmaxaQ(s, a)   with probability 1 −  ϵ                            
 

(7) 

Step 6 

Observe Immediate Reward (R(s,a)) 

 This term describes the reward given to the agent at the time the action is initiated, and in the situation s. It will 

be positive for those actions, which have a positive impact, negative for those that have a negative impact on the 

environment and will be zero for those actions, which do not have any impact on environment or are neutral. 

Step 7 

Observe Next State 

Next state 𝑠𝑡+1 Action a is performed in the environment in a state s and results in, a response and the agent move 

to new state’s'. The specified agent changes its Q-value adding the maximum expected future rewards in the new 

state to the current value. 

Step 8 

Update Q-values 
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𝑄(𝑠, 𝑎; 𝜃) ← (1 − 𝛼DQN) ⋅ 𝑄(𝑠, 𝑎; 𝜃) + 𝛼DQN ⋅ (𝑅(𝑠, 𝑎) + 𝛾 ⋅ max
𝑎′

𝑄(𝑠′, 𝑎′; 𝜃) + 𝜖 ⋅
∂𝑄(𝑠,𝑎;𝜃)

∂𝜃
)   (8) 

Where: 

𝑄(𝑠, 𝑎; 𝜃) represents the Q-value for state 𝑠 and action 𝑎 in the DQN with parameters 𝜃 The learning rate is denoted 

by 𝛼𝐷𝑄𝑁 and 𝜖 reflects the sensitivity of the Q-value to changes in the DQN parameters. The inclusion of the 

derivative term 
𝜕𝑄(𝑠,𝑎;𝜃)

𝜕𝜃
 allows the DQN to adapt its internal representations during training. 

Step 9  

Convergence 

At the conclusion of each iteration, the algorithm determines the degree to which the Q-values have shifted. The 

algorithm will conclude that the Q-values have converged if the change is less than a particular threshold has been 

reached. 

‖𝑄𝑡+1 − 𝑄𝑡‖ < threshold    (9) 

Step 10 

advanced analysis 

perform advanced analysis on the learned policy to ensure it meets the desired performance metrics 

step 11 

Evaluate Performance Metrics 

Evaluate the performance of the load balancing system-using metrics like average delay, packet loss rate, and 

jitter. As explained below about how these performance measures are calculated and what we mean by them. 

The packet-loss ratio is determined by computing the ratio between the number of packets transferred from the 

source to the destination and the number of packets received at the destination. The phenomenon arises when one 

or packages that are more informational are unable to achieve their intended objectives 

   𝑃LR =
Pl

Packet(T )
× 100     (10) 

pl = Packet(T ) − Packet(R)   (11) 

Where:  

Packet(T) is the number of packets transmitted while Packet(R) is the number of packets received. 

Delay refers to the temporal interval required for a packet to go from one node to another inside a network. This 

interval encompasses several factors, such as communication, routing, and processing. 

Avgdel =
Total Delay

Total packet recived
     (12) 

Jitter refers to the fluctuation in the transmission time of packets between networking devices. In the presence of 

network congestion, the level of jitter tends to increase. 

Ji =
Total delay variations

Total packet inbound −1
  (13) 

𝑤here: 

Total delay variations: This represents the sum of packet arrival time differences from expected times. 

Total packets inbound: This refers to the entire amount of packets received in the period you're measuring. -1 

accounts for the fact that compute the delay variation among successive packets. 

Path load: It means the amount of load in a path.  From the equation below: 

pL = WB.W (
B.W

Max B.W
) + Wdel (

Avgdel

Max Avgdel
) + Wpl (

pl

Max pl
) + WJi (

Ji

Max Ji
)       (14) 

Where : 

𝑊𝐵.𝑊 explain the importance of B.W compare with other parameters , in our framework we give it 0.4 while  0.3 

for 𝑊𝑑𝑒𝑙  , 0.2 for 𝑊𝑝𝑙 and  0.1 for 𝑊𝐽𝑖 
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step 12 

save result 

Store the performance metric results for additional investigation and publication. 

Step 13 

Adjust parameters 

Based on the performance evaluation, modify the values of variables such as the exploration rate, learning rate, 

and discount factor to enhance the learning process. 

Step 14  

Feedback to State Representation 

in order to guarantee that the RL agent has an accurate and pertinent representation of the network state for 

upcoming iterations, the state representation is improved using Feedback from the performance evaluation. 

Step 15 

End 

When the best course of action is discovered and the performance indicators are met, the procedure is over. 

4. Results and Discussions 

This section contains the findings of the analysis to the proposed Adaptive Load Balancing using Reinforcement 

Learning (ALBRL) model. The performance of ALBRL was compared against two other methods: There are two 

key solutions proposed: Static Routing and Q-learning based load balancing. These are final reward, average delay, 

variance that can be defined as jitter, and packet loss per 1000 episodes. In this context, the research findings are 

described in terms of figures in addition to the numerical results captured in the tables. 

4.1. Final Reward Comparison 

Figure 4 provides the final cumulative reward for successful Static Routing, progressing through the Q-learning 

model and ALBRL after 1000 episodes. The maximum final reward that ALBRL attains suggests that the method 

is better suited to adjust the network for high traffic conditions than the other methods. 

 

Figure 4. Final Rewards Comparison After 1000 Episodes 

Table 2: Final Reward Comparison 

Method Final Reward 

Static Routing 60.35 

Q-Learning 69.12 

ALBRL 88.45 

From Table 2, it appears that the final average reward for ALBRL was higher than the two other methods of reward 

calculation with final averages of 88.45 for ALBRL and 60.35 for Static Routing and 69.12 for Q-learning, 

respectively. 
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4.2. Delay Reduction 

Figure 5 shows the results of using the new algorithm in the form of an average delay reduction per episode through 

1000 episodes. ALBRL maintained good improvement in delay lower than Static Routing and Q-learning of 

getting the least average delay at the time of simulation. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Delay Reduction Over 1000 Episodes 

Table 3: Average Delay Comparison (ms) 

Method Average Delay (ms) 

Static Routing 21.25 

Q-Learning 18.78 

ALBRL 15.34 

Table 3 shows the result when ALBRL proposed has the minimum delay of 15.34ms while Static Routing has the 

maximum delay of 21.25ms. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. 
Average Delay Reduction Over time 
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Static Routing exhibits the largest latency among the three approaches, maintaining a somewhat consistent delay 

of approximately 24.5-22 ms throughout the testing. This suggests that static routing is comparatively inefficient 

in minimizing delay.Q learning: Decreases latency relative to static routing, commencing at approximately 19 ms 

and gradually diminishing to about 17.5 ms throughout the episodes. Nonetheless, the enhancement remains 

constrained in comparison to the third strategy. ALBRL demonstrates the most effective approach for minimizing 

delay. The delay commences at approximately 16.5 ms and progressively diminishes to about 12 ms throughout 

the occurrences. This signifies that ALBRL adeptly learns and enhances its capability to minimize delay over time. 

Table 4: Average Delay over time 

Method Initial delay (ms) Final delay (ms) Delay Reduction 

(ms) 

Percentage 

Reduction  

Static Routing 24.5 22 2.5 10.2% 

Q-learning 19 17.5 1.5 7.9% 

ALBRL 16.5 12 4.5 27.3% 

4.3. Jitter (Variance) Reduction 

The comparison for the jitter (variance) over 1000 episodes is given in Figure 6. ALBRL suppressed jitter during 

the simulation and acquired lower values compared to both Q-learning and Static Routing. 

 

 

 

 

 

 

 

 

 

Figure 7. Jitter (Variance) Reduction Over 1000 Episodes 

Table 2: Jitter (Variance) Comparison 

Method Jitter (Variance) 

Static Routing 4.01 

Q-Learning 3.67 

ALBRL 2.11 

Table 5 presents the average, standard deviation, and jitter with ALBRL having the minimum jitter (2.23) and 

Static Routing having the maximum jitter (4.12). 

4.4. Packet Loss Reduction 

The following figure at figure 8 shows the number of times the packet loss has been reduced in 1000 episodes. 

ALBRL preserved the lowest average packet loss during the whole simulation and was, therefore, the most 

efficient from static routing and Q-learning 
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Figure 1. Packet Loss Reduction Over 1000 Episodes 

Table 3: Packet Loss Comparison (%) 

Method Packet Loss (%) 

Static Routing 12.45 

Q-Learning 10.67 

ALBRL 7.89 

As presented in the Table 6, ALBRL demonstrate a minimum packet loss percent at 7.89% whereas other proposed 

techniques such as Static Routing and Q-learning record a packet loss percent of 12.45% and 10.67 % respectively. 

4.5. Overall Performance Comparison 

A comparison of the overall performance of the different random forests is shown in the next figure, so that it is 

possible to compare the behavior of one algorithm with the other. 

In figure 8 below highlights the average delay, jitter and packet loss of all the methods after the completion of 

1000 episodes. 

 

Figure 9. Overall Performance Comparison 

Table 4: Overall Performance Metrics 

Method Average Delay (ms) Jitter (Variance) Packet Loss (%) 

Static Routing 21.25 4.01 12.45 

Q-Learning 18.78 3.67 10.67 

ALBRL 15.34 2.11 7.89 
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As can be seen in the Table 7, all results show that ALBRL outperforms other methods in all cases. In evaluating 

the ALBRL system, the author noted that when reinforcement learning and dynamic adaptation are used, network 

performance in terms of delay, jitter and packet loss is improved. 

4.6. Reward Progression 

In figure 10 below, it shows the trend of the rewards after 1000 episodes. Figures 4, 5, and 6 reveal that in terms 

of rewards ALBRL outperforms both Static Routing and Q-learning, meaning that it configured the network traffic 

better. 

 

 

 

 

 

 

 

 

 

Figure 10. Rewards Over 1000 Episodes 

 

4.7. Results &Discussions 

The results herein reveal that the proposed ALBRL model has a better performance than the Static routing and Q-

learning in all the performance indicators such as the final reward, average delay, jitter and packet loss. ALBRL 

displays the effectiveness of the algorithm in real-time network environment to promptly and efficiently allocate 

network loads to achieve better network performance. In evaluating the performance of the proposed Adaptive 

Load Balancing using Reinforcement Learning (ALBRL) model, it was compared to two established methods: 

The first proposed technique is Static routing and the second one is Q-learning-based load balancing. The 

characteristics of comparison were the last award, average time, variance or jitter, and lost packet per one thousand 

episodes. The findings reveal that this approach outperformed ALBRL with larger effect sizes for all the measures. 

Regarding the final reward, ALBRL presented a higher value than both, Static Routing (60.35) and Q-learning 

(69.12) with a final reward equal to 88.45. This can be seen in the findings, which demonstrate the efficiency of 

the ALBRL model at achieving better load-balancing solutions in congested networks. The last reward shows how 

the network performs at different load conditions and demonstrates that ALBRL has a higher reward in this 

condition. While exploring the matter of average delay, ALBRL also gave the best result with an average routing 

delay of 15.34ms which is far much better than Static Routing whose average delay was 21.25ms Q-learning was 

also observed to have an average routing delay of 18.78ms. A lower delay shows that ALBRL can reduce the 

number of seconds taken by the routing function, thus improving network response time for real time applications. 

Analyzing jitter, which measures variability of packet distribution, ALBRL achieved extremely low variability 

with 2.11, while Static Routing had the considerably higher 4.01 and Q-learning 3.67. It must also be understood 

that lower jitter is significant in networks for keeping quality of service since, for types of communication such as 

video streaming, voice calls or otherwise, data delivery consistency is paramount. The packet loss comparison 

further emphasizes the above point of ALBRL over other images. It minimized packet loss ratio to 7.89% better 

than what is was for Static Routing, 12.45% and Q-learning, 10.67%. This shows that ALBRL helps in 

provisioning of more reliable data transmissions that are very important to ensure that actual re-transmissions 

needed in case of lost packets are achieved and this optimizes efficiency in the network. In general, the results 

indicate that ALBRL yields higher performance than both Static Routing and Q-learning in all measures. In 

consequence, integrating reinforcement learning and dynamic adaptation let ALBRL to gain better network 

performance as it get lower delays and jitter, have lower packet loss, and gain impulse reward during process. 

These results provide support for how the ALBRL model might be effective in enhancing load balancing for 

software-defined networks especially when traffic is high and traffic load varies. 

4.8 Dataset Description 

The dataset that was utilized in our framework is NSFNET [62] 
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5. Conclusion 

In this paper, therefore, we proposed the ALBRL, an adaptive load-balancing model formulated by reinforcement 

learning suited for managing high traffic loads in the SDN platforms. These simulation results showed that ALBRL 

produced better final rewards and less average delay, jitter, and packet loss than Static Routing, as well as 

outperforming Q-learning in these areas. Due to the utilization of both Q-learning and deep reinforcement learning 

approaches, ALBRL was successfully able to learn and adjust itself according to the changing network 

environment, maximize the incorporation of the available resources, and minimize network congestion. When 

considering the additional temporal dimension in the features of state representation, it became possible to make 

precise real time decisions based on traffic history, which resulted in better performance in high load simulation. 

The results of this study suggest directions for the further development of modern networking solutions using more 

complex and diverse learning methods for better handling of complex and constantly changing network traffic 

patterns. Future work will therefore consider other metrics in exercising the model and make enhancements of the 

model to enable it to handle multi-domain networks. 
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