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Abstract

Inference accelerators are currently being
utilized for deep learning inference on edge
devices. Deep learning inference accelerators can
enhance computational performance and energy
efficiency. However, it is important to note that
optimal performance cannot be achieved if the
model structure and settings (e.g.
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hyperparameters) are not optimized for the
accelerator, which can result in overheads, such
as frequent memory access. This study analyses
the inference performance of the Graphic
Processing Unit (GPU) and the Deep Learning
Accelerator (DLA) on NVIDIA Jetson with
pre—trained MobileNet v2 and ResNet50 vl
models. The results of our experiments show that
running non-optimized models on the DLA results
in up to 5.1 times longer inference time compared
to the GPU. This paper showed through profiling
that the increase in inference time is due to the
overhead of GPU fallback to perform operations
not supported by DLA.

Keywords : Deep learning, Deep learning
accelerator, Inference, Edge device,
Performance analysis
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# of Total Layer Fal#fbaoikGEi/er
MobileNet v2 104 10
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Table 2. Experimental Environments.

Specification
CPU ARM Cortex-A78AE (12-core)
oW Memory |32 GB (CPU, GPU shared)
GPU NVIDIA Ampere GPU (1792-core)
Accelerator | DLAVZ (x2)
0S Ubuntu 20.04 (JetPack 5.1.1)
CUDA  [11.4 (pycuda 2022.2.2)
SW Python |3.8.10
TensorRT |8.5.2.2
Profiler | NVIDIA Nsight Systems 2022.5.2
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