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Abstract In dense WLAN environments, user association concentrated on a single Access Point (AP) can
severely degrade the overall Quality of Service (QoS). This issue arises from the conventional
architecture in which each AP independently handles user associations without coordination. To address
this problem, we propose an intelligent user association control system based on deep reinforcement
learning (DRL). The proposed system employs a centralized controller that collects real-time status
information from user stations (STAs) and recommends the optimal AP for each user. By learning and
predicting the best association strategies, the system effectively balances traffic loads across APs and
minimizes unnecessary handovers, thereby enhancing QoS. One of the key advantages of our approach
is its compatibility with existing WLAN infrastructure, requiring no hardware modifications. We
demonstrated its effectiveness through real-world experiments.

Key Words : Wireless LAN, Centralized Network, Deep Q-Network, Optimal Path Control, Quality of
Service
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[Fig. 1] Intelligent Centralized Wireless LAN System
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[Fig. 2] System Architecture
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DON Training Algorithm for QoS-Aware Path Optimization

: Initialize policy network @( + ), target network @, .., (* ). and replay buffer D,

1
2: Set all hyperparameters;

3: Initialize environment with APs and users;

4: Generate state space based on possible AP-user assignments;
5: for each episode £ =1, 2, ... do

6 Reset environment and get initial state \S;

7 for each stept = 1, 2, ... do

8 Select action A(l‘) using decayed epsilon—greedy policy;

o: Execute action A(f) and observe next state S(¢+1), reward tuple R(¢), and done flag;
10: Compute reward considering fairness, QoS bandwidth, and latency;

1 Store transition pair (S(t), A(¢), R(t), S(t+1)) in replay buffer D.

12: if buffer contains at least batch_size samples then:

13 Select B batch samples from D,

14: Update Q-function;

15: QAS@H), A®) —(1—a)Q(S(t), A®)) + a(R(t) + Amax, Q(S(t + 1), A);
16: Update target network:

17 Qfarget - TQ+ (1_T)Ql‘arget

18: if done then

19: Store episode metrics;

20: break

21: end for

22: end for
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(Table 2) Training Hyperparameter

Parameter Value Parameter Value
STA 6, 12 AP 3
Epsilon Start 0.9 Epsilon Decay 1000
Epsilon End 0.1 TAU 0.1
GAMMA 0.1 Batch Size 128
Replay Buffer 10000 Learning Rate 0.0001
Episode 5000 Time step 20
(Table 3) Neuarl Network Structure
DNN
Layer Node Rate
Input FC Layer 6, 12 -
FC Layer 128 -
Dropout - 0.2
Hidden
FC Layer 256 -
Dropout - 0.2
Output FC Layer 729, 531,441
Optimizer Adam
Activation Function Relu
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[Fig. 3] Performance Evaluation

(a) General Environment (STA = 6) and

(b) Dense Environment (STA = 12)
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[Fig. 4] Performance Comparison by Scenario
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