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Abpstract GPU sharing technologies are being implemented to address the low resource utilization
often seen in deep learning applications and to enhance performance in heterogeneous GPU clusters.
However, there has been considerably less research on the effective use of time-slicing, Multi-Process

Service (MPS), and Multi-Instance GPU (MIG)
characteristics of deep learning applications across

sharing technologies in relation to the specific
different GPU architectures. This paper proposes

optimal task placement criteria for these GPU sharing technologies by analyzing the execution scale,
resource sensitivity, and resource utilization of tasks based on various deep learning models and
parameters. In a heterogeneous GPU cluster environment that supports multiple sharing technologies,
this study tested these optimal task placement criteria, resulting in reduced execution time and

improved throughput.
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Table 1 Comparison of sharing technologies
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Table 2 Target deep learning application model types
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Table 3 Application classification

Model C/M Classification

1 ResNet50 Inf 18.49

2 VGGI16 Inf 16.41 C

3 EfficientNet Inf 15.89 (Compute
4 GoogLeNet Tnf 1497 intensive)
5 ResNet50 Train 11.13

6 GoogLeNet Train 9.60

7 VGG16 Train 9.04 M

8 EfficientNet Train 7.57 (Memory
9 YOLOV5 Train 6.34 intensive)
10 YOLOV5 Inf 3.69
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Table 4 Experiment setup for Figures 5 and 6

Experiment 1

Experiment 2

Model VGGI16 train GoogleNet train ‘GoogLeNet inf EfficientNet train
Batch*image size 64%224 32%448 16%224 8«56
# of co-running apps 1 2 4 1 2 4
MIG instance 4g.24gb 2g.12gb 1g.6gb 4g.24gb 2g.12gb 1g.6gb
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Fig. 7 Relative execution time per application during
concurrent execution
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Table 5 GPU resources and sharing technologies used
in the experimental cluster
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Table 6 Workload sizes based on model parameters

Woikload BatChi Model
Size |Image Size
ResNet50 train/inf, VGGI16 train/inf,
Small 5%56 GooLeNet train/inf, EfficientNet
train/inf, YOLOV5 train/inf
Medium | 16%224 (The same as above)
484448 ] ResNet50 tr-am, VGG]G train, ‘
GoogLeNet train, EfficientNet train
Big 64448 VGG16 inf, YOLOV5S train/inf
. ResNet50 inf, GoogLeNet inf,
644640 EfficientNet inf
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Fig. 8 Comparison of execution time and throughput
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