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ABSTRACT

To adopt reinforcement learning in the network scheduling area is getting more attention than ever, because
of its flexibility to adapt to the dynamic changes in network traffic specifications and their requirements. In
this study, a timeslot scheduling algorithm based on priority is designed using Double deep g-network
(DDQN), a reinforcement learning algorithm. To evaluate the behavior of the DDQN agent, a reward function
is defined based on the difference between the estimated delay and the deadline of packets transmitted at
timeslot; and on the priority of packets. The simulation showed that the designed scheduling algorithm
performs better than the existing algorithms such as the strict priority (SP) or weighted round robin (WRR)
scheduler, in the sense that more packets have arrived within the deadline. By using the proposed
DDQN-based scheduler, it is expected that autonomous network scheduling can be realized in the upcoming

network framework.
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Table 2. Symbols used in DQN formulation
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Table 3. Network parameters for training model

parameter value
lepisode°l] $-=]= priorityl 3Z1e] 4= | 40
lepisode®l] #14=| priority2 ZHA] 5= | 100
priority12] deadline 5ms
priority22] deadline 50ms
H7 z7] 1500byte
timeslot size 0.6ms
bandwidth 20Mbps
random h2] ¢ 0~4
priority12] random c2| W$] 0~2 slots
priority22] random c2] W$] 30~45 slots
priorityl Sz A F7] 1 slot
priority2 |7 A F7] 1 slot

dyeE|Zo|v}. Aol priorityl, 2 2}zl 3:19]

weightE 59t} DDQNS 318 25 AJ o]0
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Table 4. DDQN parameters for training model

parameter value

Z episode 3l 20000

Z ] timeslots 330 slots
update B1% 500 episode
rewardl weight () [0.6, 0.1]
reward2 weight ((3) 0.01
discount factor (7) 0.99
learning rate le-4
Model: "sequential”
Layer (type) Output Shape Param #
dense (Dense) (None, 64) 320
leaky re_lu (LeakyReLU) (None, 64) 0
dense_1 (Dense) (None, 64) 4160
leaky_re_lu_1 (LeakyReLU) (None, 64) 0
dense_2 (Dense) (None, 2) 130

Total params: 4,610
Trainable params: 4,610
Non-trainable params: 0

a7 3. Hy4d vEY= 7=
Fig. 3. Neural network model summary
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Table 5. The Flows in network topology
Flow Priority Route([nodes])
F1 1 [1, 2, 5, 6, 9]
2 2 3,2, 5 4, 7]
F3 2 [4, 1, 2]
F4 2 [4, 7, 8]
F5 2 [6, 3, 2]
F6 2 [6, 9, 8]
F7 2 [7, 8, 5, 6, 3]
F8 1 [9, 8, 5, 4, 1]
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Fig. 8. Expanding network topology
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|le 6. Parameters of each scenario

Scenario Period Deadline Flows

S1 (2T, 2T) (8T, 7T) All flows

S2 @T, 2T) | (7T, 7T) | All flows

S3 (2T, 2T) | (7T, 8T) | All flows

S4 T, 2T) | (7T, 8T) | Without F3~F6
S5 (1T, 57) (8T, 9T) | Without F3~F6
S6 (2T, 47T) (6T, 7T) Without F3~F6
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Fig. 9. Probability of packet arrival within deadline for
each scenario
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