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Workload Characteristics Based Performance Optimization for Edge Intelligence

HU Zhao-xia' s HU Hai-zhou' , JIANG Cong-feng' and WAN Jian®
1 School of Computer Science and Technology, Hangzhou Dianzi University, Hangzhou 310018, China

2 School of Information and Electronic Engineering,Zhejiang University of Science and Technology, Hangzhou 310023, China

Abstract Edge intelligence refers to a form of service that uses artificial intelligence algorithms to provide data analysis capabili-
ties for network edge devices. However, the edge computing environment is more complex and changeable than cloud computing.
There are many problems in the process of building edge intelligence, such as the lack of quantitative evaluation standards, hetero-
geneous computing platforms, complex network topologies.and changing user needs. Among them,the more prominent is the con-
tradiction between the high resource demand of the algorithm model and the low resource reserve of edge devices. Machine lear-
ning is the main workload of edge intelligence. It requires a lot of computing resources. However, the computing resources of edge
devices are limited,and the supply and demand between the two do not match. The deployment and optimization of edge intelli-
gent load has become a problem. Therefore,in response to the problem of edge intelligent load performance optimization, this pa-
per proposes cloud-edge collaborative inference (CECI) based on load characteristics, which is optimized for different machine
learning loads in terms of model selection, batch adaptive adjustment and cloud-side collaboration. In terms of model selection,a
model adaptive selection strategy based on target weights is used to comprehensively weigh the effects of multiple performance
optimization targets under multiple constraints. In the aspect of batch adaptive adjustment,a batch adaptive adjustment algorithm
based on overhead feedback is proposed,so that the model can achieve better performance at runtime. In terms of cloud-side col-
laboration,a cloud-side collaboration strategy is designed by combining network status and user delay requirements to achieve the
effect of dynamic utilization of cloud computing resources. Experimental results show that compared with cloud intelligence, the
edge intelligence based on load characteristics proposed in this paper can reduce program running time by 50. 79 % , reduce system
energy consumption by 42. 46 % ,and improve model accuracy by 4.52%.

Keywords Edge intelligence.Cloud-edge collaborative, Edge computing, Workload recognition, Model selection
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Table 2 Node hardware configuration
TEEA &S WE B K £+ NHE/BF/GB H#/GB
CPU # & CentOS 7.7 Intel Xeon E5-2620 v4 32 — 48 1100
GPU # f& CentOS 7.9 Intel Xeon E5-2620 v2 24 NVIDIA K40 12 2000
Jetson Nano Ubuntu 18. 04 ARM Cortex-A57 4 NVIDIA Maxwell 4 32
Rk Raspbian 10 ARM Cortex-A72 4 — 4 16
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Fig. 5 Performance comparison experiment between fixed model and model selection strategy
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Fig. 6 Constraint restriction experiment of fixed model and model

selection strategy
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Fig. 7 Batch adaptive algorithm performance optimization results
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Fig. 10 Performance evaluation of multi-node cloud edge

collaborative strategy
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