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Design and Implementation of a CNN-GCN Deep
Learning SoC for Mobile Augmented Reality
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EmEE Abstract

MERBEZRIEERNEIRRE  HMEERERER WEEEMERMRTT - MEAREFHESE - ARFTE In recent years, with the flourishing development of augmented
EHREETEER ERESREAD  BEKREE RILENHEANETHLENER - UREERRAMEREA reality (AR), we are able to have interactive experiences between
BEREARR BT ENESRRNES - £ 7540 - the real and virtual worlds. In AR applications, computer vision

algorithms are used to extract higher-level information from
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BEBEERAEBRNEFENEL T EEEH
- BEERAEEES (GPU) TUEIRAFBHNEREMN

ELEARES  BENREEERHRE FNEAS & , = 3 s : n rec .
BB - EIE - AMESR S B LB EAEERD —ESaE S Ha"fcmeéi.ef)m Bt Lo the abll\ty to achlfeve reél—t\me mferen;e fngNNs and GCNs us'mg
graphics processing units (GPUs), their high power consumption

camera images. Convolutional neural networks (CNNs) are used
-ﬁ"“i“‘ to extract visual features such as object detection, semantic
. ?'3 : segmentation, body/hand pose estimation, and action recognition.
i lg "' Additionally, graph convolutional networks (GCNs) play an important

: role in skeleton-based action recognition models. However, despite

MR S IBNN5ESS - LUR 1TEhER JETEEK - = . ity : s : . . .
HEVRBEIRINES - LUBEETRRE LOEE B — IRIBEIREM - limits their applicability in mobile devices. Therefore, this project
ERABNERET T —EEAisBEacaAR EEL aims to des}ign'an energy-efficient accelerator for CNNs and GCNs
MR SRR - EEENSERSE - B “seagull” [ Feature fopAR applications:
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This project presents an energy-efficient accelerator specifically
designed for CNNs and GCNs. For CNNs, we utilize the channel

sparsity in feature tensors and design an efficient sparse tensor

B/ (<1% ) WiER FRREABMERE - tEEEAER p
B TEENI00%WIEREHEE - B4 AMERIEEY Image Conv. Layer/ Layeri+1 Layer i+2 encoding method. This method allows for different sparsity
(a) CNN configurations with minimal model accuracy loss (<1%). The proposed
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@gpdienaand . gen G-Conv @y O @) dataflow architecture achieves 100% hardware utilization under
m&! . T : @Q@ @Q' different sparsity levels and efficiently reuses input features to
Y 5| 9] 9] ] © O reduce up to 75% memory access. For GCNs, we leverage the

Wo
Graph Data N - N ao . .
EF”":@::’:@;WI %mw@ characteristics of skeleton graphs and matrix transformation
technique to reduce the overall model computation and parameters
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b) GCN . :

RS o T3 PIER St A o 33 4 B s 8 B8 o B T LU /D 69% Y (b) by 71% and 39%, respectively. The proposed GCN engine leverages

ST el L B _ SEMLHEREESERRELY - the sparsity in skeleton graphs to reduce up to 84% of the processing
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RRFEERRNHREE time, and the fast matrix multiplication core reduces the number
AEEEHEA2NMBVEE  BEZOERES8.28 mm? - 18 of matrix multiplication operations and latency by 69%.
fREEETE0.81V  200MHZHYR IR T - b & /BN HH The design is implemented using a 28nm CMOS technology, with
SIEREER3277 GOPSHILEEMEAE - WM GR R &RSEEE a core area of 8.28 mm?2. When operating at a voltage of 0.81V and
E25.1 TOPS/WHIBEE MR - ST ARRENEH BlIAYE a clock frequency of 200MHz, this chip achieves a peak performance
B R P AEHEIRREMHE 2 EESEN ST of 3277 GOPS for sparse convolution. It also delivers an energy
£ . I EZEF0.89 actions/mJBIBEB AR - HELRA efficiency of up to 25.1 TOPS/W. For human action recognition tasks,

the chip achieves a maximum throughput of 72 actions per second
and an energy efficiency of 0.89 actions/mJ. Compared to previous
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state-of-the-art designs, this work achieves a 2.3x improvement in
energy efficiency for the CNN accelerator. As for human action
recognition, this work achieves a 18x increase in recognition rate,
while improving energy efficiency by 5.4x.
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Fig.3 System architecture.
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Fig.4 Die photo.
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