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Research on Kubernetes-based Cluster Energy=Saving Strategy

LI Junjun, DONG Jiangang, LI Kun
(School of Software, Xinjiang University, Urumqis830091, Xinjiang, China)

[ Abstract] Within Kubernetes, the Horizontal Pod Autoscalef(HPA) possesses automatic Pod-scaling capability,
adjusting the number of Pods based on fluctuations in traffie, increasing the Pod count during peak periods to meet
demand, and reducing it during off-peak times to conserve resources. However, because HPA scales are based on
the current performance metrics of Pods, sudden traffic sdrges can potentially have detrimental effects on the
availability of application services. In addition, during periods of low demand, idle computing resources lead to a
waste of resources. To address these challenges, this study investigates and validates cluster resource autoscaling
and intelligent sleep-wake strategy based on time-seties forecasting. This strategy utilizes the GC-TimesNet model
to predict cluster resource usage. When resoutee utilization is low, the strategy calculates the number of compute
nodes that need to be shut down, marksuthese nodes as unschedulable, evicts existing Pods, and places these
machines in a sleep state. Conversel$s, when the resource demand increases, a sufficient number of machines are
awakened, and the HPA controller'is used to increase the required number of Pod replicas. The experimental
results demonstrate that this,strategy can reasonably and accurately predict trends in cluster load changes, enhance
the operational management capabilities for optimizing clusters, maximize the utilization of computing resources,
provide data support for redueing cluster energy expenses, and achieve energy savings and emission reduction when
combined with the implementation of intelligent sleep and wake strategies.

[ Key words] Kubernetes tool; container orchestration; cluster energy-saving; time series forecasting;
GC-TimesNet model; convolutional neural network; attention mechanism; energy saving and emission reduction
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S8y 0.450  0.437  0.458  0.450  0.491  0.479  0.496  0.487 0.827 0.703 1.040 0,795
96  0.306 0.339 0.340 0.374 0.397 0.437 0.346 0.388 0.645 0.597 3.755 1.525
192 0.382  0.385 0.402  0.414 520 0.504 0,456 452 0.788  0.683 5.602  1.931
ETTh2 336 0.420  0.414  0.452  0.452  0.626  0.559 0.482  0.486 0.907 0.747 4.721  1.835
720 0.452  0.443  0.462 0. 468 863  0.672 0.515 0.511 0.963 0.783 3.647 1625
T4y 0.390  0.395  0.414  0.427  0.602  0.543  0.450  0.459  0.826  0.703  4.431  1.729
12 0.183  0.325 0.205 0.346 0.219 0.349 0.409 0.490 0.422  0.506  0.465  0.537
ApureTraces 18 0345 0457 0.357 0.463 0.430 0.512 0.582 0.550 0.617 0.635 0.541  0.586
288 0.525 0.568 0.555 0.583 0.732 0.685 0.767 0.697 0.966 0.817 0.774  0.726
4y 0.351  0.450  0.372  0.464  0.460 0.515 0.570  0.579 0.668 0.653 0.593  0.616
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Table 4 Evaluation metrics in ablation experiment

B MSE MAE

TimesNet 0. 205 0. 346
CBAM-Inception-TimesNet 0. 195 0. 335
Gaussian-TimesNet 0. 189 0. 330
GC-TimesNet 0..183 0. 325
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Fig.9 Pod replica count variation chart
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Fig.10 Cluster Node count variation chart
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