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Abstract

In edge and cloud environments, using graphics processing units (GPUs) as high-speed parallel
computing devices can improve the performance of computing intensive applications. As the
amount and complexity of data to be processed increases, multiple interdependent component
sequences coexist on the GPU and share GPU resources. Due to the lack of low overhead and online
technology for dynamic GPU resource allocation, which can lead to uneven GPU usage and affect
overall performance, an efficient GPU memory and resource manager is proposed. The manager
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improves overall system performance by using shared memory and dynamically allocating partial
shared GPU resources. The evaluation results indicate that the dynamic resource allocation me-
thod can improve the average performance of applications with various concurrent component
counts by 29.81% compared to the default GPU concurrent multitasking processing. At the same
time, using shared memory can increase performance by 2x.
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Figure 1. Components running concurrently on the GPU
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Figure 2. System architecture
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Figure 3. Chain throughput comparison of different sizes of chain
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Table 2. Components configuration
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XLC-2 LS PN S,L,M, M, XL
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M, [, WOR TAERAS GPU O EET AL N R A S AR it T B PR LF AL . GPU
PR B AR T IR ARYE AL (0 AR OREh AR I R AL F 2 18] 0 BE GPU R BT SEIREE RAEH], 5 MPS
B, ZSRRI N R B R T 29.81%. AHECHARTVERS B TARCKEIIRTE, EEARZ AL,
Eeanfr$ th F7TVE R 3 T — N 8 — 1 GPU 545 E B SMs, SR T-4L0F S FHRE e vl e 2 A2 —
ARG A TR ZA GPU _EARZE AT, UUINE TAE TR, ERXMIELT, BN ZE, [H
I AR T . B GPU fEZMEREIR AL A% R RERS AL B ILSHR 2, RO E T BAVI R 584> GPU SCHk
¥ GPU BHEE LGS . FEARKI AR, Kot — P mpat TAMF MRS E2E 24 GPU _LR#AT
B, FRULE 24 GPU Ak AR T AT OBk R .
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