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Abstract

As a common method of resource scheduling in cloud data centers, heuristic scheduling algorithm
can give a feasible resource scheduling strategy. However, designing a suitable heuristic algorithm
for a specific cluster environment requires professional prior knowledge, or using general heuris-
tic methods will cause a great waste of cluster resources. We design a resource scheduling method
on Kubernetes system based on deep reinforcement learning. For different cluster environments
and optimization goals, using learning methods to obtain corresponding scheduling strategies
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from historical data can optimize cluster resource utilization. Experimental results show that the
use of this method reduces the slowdown of tasks by an average of 7.5% and the highest reduction
of 13.5% compared with the existing heuristic methods.
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Figure 1. The overall structure of the Deepk8s simulation environment
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Figure 2. State space design of Deepk8s
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Figure 3. Deep reinforcement learning model structure
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