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ABSTRACT

In this paper, a reinforcement learning(RL)-based scheduler to minimize the maximum network end-to-end
latency is implemented in a single agent environment and a multi-agent environment. The RL model used the
double deep Q-network (DDQN) with the prioritized experience replay (PER). Since the agents are unable to
identify end-to-end latencies in the multi-agent environment, the state and reward were obtained using the
estimated end-to-end latencies. Four network topologies were implemented and simulated to compare the
reinforcement learning-based scheduler, FIFO, round robin (RR), and a simple heuristic algorithm (HA). As a
result of simulation in fixed packet generation scenarios, the RL-based scheduler achieved the minimization of
maximum end-to-end latency in all the topologies. The FIFO and RR schedulers could not minimize the
maximum end-to-end latency in any of the topology, and the HA could not minimize the maximum end-to-end
latency in a single topology. In scenarios with random flows generation, the RL-based scheduler performed
better than the FIFO and RR, but performed the same as or worse than the HA, depending on the topology.
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Table 2. Packet generation scenario in example topology
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N = number of output port
M = number of input port
OutputPortModule[1..N]
OutputPortModule.Queue[1..M]
reward = 0

for i in 1..N:
if all OutputPortModule[i].Queue is not empty:
if packet transmission is complete:
if all queues are empty:
reward += estimated delay of the
transmitted packet
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reward += estimated delay of the
transmitted packet - max(
estimated delay of packets in
all queues)
else:
reward += -c
return reward
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Dense 64
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Table 4. Hyperparameter

Hyperparameter Value
Number of episode 3000
Initial learning rate 0.002
Discount factor 0.99
Initial epsilon 1
Epsilon decay 0.997
Minimum epsilon 0.001
Target model update cycle 500 episode
Batch size 64
Decay episode 2500
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Table 6. Packet generation scenario in topology 2

Time |Source 0|Source 1|Source 2 |Source 3 |Source 4 |Source 5

0 1 1 1 1

T 1 1
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Table 9. Comparison of average maximum end-to-end
latency by scheduler

Average maximum end-to-end latency
FIFO RR HA Single | Multi
agent | agent
Topology | 5937 | 5.937
1 ST ST 5T 5T 5T
TOP‘;Ogy oT | or | 8T | 8T | 8T
T"p‘;logy or | oT | or | 8T | 8T
Topology
2 with | 43.72 | 4496 | 43.35 | 43.35
random 2T 3T 5 6T
flow
Toplogy
4 with 11.13 | 10.53 | 9.433 ) 9.779
random 4T 7T T T
flow
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