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ABSTRACT

In order to provide various types of application services based on the Internet, it is ideal to guarantee the quality of
service(QoS) for each flow. However, realizing these ideas is not an easy task.. It is effective to classify multiple flows
having the same or similar service quality requirements into same group, and to provide service quality for each group.
The queue management mechanism in the router plays a very important role in order to efficiently transmit data and
to support differentiated quality of service for each service. In order to efficiently support various multimedia services,
an intelligent and adaptive queue management mechanism is required. This paper proposes an intelligent queue
management mechanism based on deep reinforcement learning that decides whether to deliver packets for each group
based on the traffic information of each flow group flowing in for a certain period of time and the current network
state information.
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DQN Based Queue Management Algorithm
Initialize an evaluation NN and a target NN
Initialize a replay memory buffer.
for episode ep = 0 to N do
Receive the incoming packets.
Obtain the observation oi(si) of system
state si.
Choose an action by e—greedy policy
Execute the selected action, and observe
the reward Ri(si; ai).
Store the transition
buffer.
Samples random mini batch of transitions
the memory buffer as the input of

information in the

from
NN.
Get the label value from the tartget NN
Calculate the loss function with MSE
Update the weights of evaluation NN by
minimizing the loss function
if update cycle then
Update the target NN by
weights.
end if
end for

a7 4, 7 2E 9ISt DON g12|&E
Fig. 4 DQN Algorithm for queue management
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