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Abstract Modern artificial intelligence (AI) applications operate on a wide range of systems.
Researchers have presented hardware and software optimizations to process Al applications efficiently.
However, in embedded systems with limited resources, it is challenging to directly apply the
optimizations designed for general-purpose computing systems. This study compares general-purpose
accelerators (GPUs) and Al-specialized accelerators (DLAs) in embedded platforms to provide criteria
for selecting the appropriate processors for convolutional neural network (CNN) models. Our
experiment results show that DLAs demonstrate up to 4.5 times higher power efficiency compared to
GPUs. On the other hand, DLAs exhibit lower performance in terms of throughput, latency, and energy
efficiency. Overall, this study presents that CNN models can be optimized for different target embedded
processors based on the constraints of embedded system environments.
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Table 2 GPU/DLA Layer Assignment Breakdown

Model GPU(%) DLA(%)
AlenNet 20.0 80.2
Inceptionvl 15.0 85.0
Inceptionv3 30.0 70.0
GoogleNet 10.0 90.0
VGG16 40.0 60.0
Super Resolution 20.0 80.0
YOLOV3 30.0 70.0
YOLOvV3-Tiny 20.0 80.0
ResNetl8 20.0 80.0
ResNet34 20.0 80.0
ResNet50 20.0 80.0
Mobilenetv2 20.0 80.0




CNN mdlol] thak dut = 7H57] S0E9 45 9 vlEE4 1013

=
AWCIE J157| EXE 45 R HE 24

5.

B AFoAE Tk CNN =g wlx|ut=3s)] Nvidia
Jetson AGX Xavier?] GPU®} DLAS A% ¥ H]&&
AT o] Hlue teFdt A AEE E8YAT
dtls FAZ SANEHE 1Y E88H &8
AE AR F 7179 HAeS Hrkele
& A Adoel AMES CNN mde ojn] sk
ejell A 2 ZdRt Adglon 7t 7i&r)7 AY
k= FP163} INT8 7 74| HolH YRS 7|EoR
AEE Pk o5 Fal AUz WE M) A
zpo] EF HrHTHI1] E 3 AP AgH ZAUE
o] AA#E BoEth WY 342 Jetson ERFNA
Agshe WY A AAZE AR

5.1 ®8 AH|2

A3 A3} DLAE EE CNN 2dox GPURTH A
Y A7} g Ao etk =3 FPI6ET INTS
FAEE ek A st Feo] BAE DLAY MY

be o

o o

=
[e)

%349 34

Table 3 Experiment Configuration

Platform Nvidia Jetson AGX Xavier(32GB)
0s Ubuntu 20.04
CUDA ver 11.4
Power Mode MANX
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