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Abstract: To deal with the issues of high memory consumption and low computation efficiency of
the existing convolutional modules in practical application, following the Kronecker
CANDECOMP/PARAFAC (KCP) tensor decomposition, a lightweight, efficient, bottleneck-
structured convolutional module ( KCPNet) is proposed. The normal convolution is firstly
decomposed as the 2nd-order KCP, the generated factor tensors are mapped into two 1 X 1
convolutions to carry out the transformation of input and output channels, and into two
depthwise convolutions with changeable channels to perform the feature extraction, respectively.
Then, these 4 convolutions are assembled into the KCPNet module with a bottleneck structure.

The KCPNet is deployed in the embedded GPU based on the OpenCL parallel programming
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framework, and the dynamic gesture recognition application is developed around a pico-flexx
depth camera. The experimental results show that compared with the existing convolutional
modules of tensor decomposition such as ResNet, ResNeXt, etc. , the KCPNet can consider the
efficiency of both space and computation complexity with a similar accuracy on the large-scale
benchmark dataset ImageNet; the KCPNet can also compress the traditional VGG model to its
original 16.1% and save 75.5% of computation without obvious accuracy loss on the medium-
scale benchmark dataset CIFAR-10; the parallelly deployed KCPNet can achieve the recognition
rate of 100 frames/s for CIFAR-10 when orienting to the embedded GPU. The developed gesture
recognition application with the KCPNet as its core can achieve 99. 5% accuracy and the running
rate beyond 100 frames/s, and the memory cost is 22 MB.

Keywords: tensor decomposition; Kronecker CANDECOMP/PARAFAC tensor decomposition;

lightweight convolutional module; parallel deployment; gesture recognition
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Fig. 1 Compressing neural networks by tensor

decomposition in two formats
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Fig. 2 Depthwise convolutions with one-to-one calculations
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Fig. 3 Normal convolutions and depthwise convolutions
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Fig. 4 KCPNet and its transformable bottleneck structures
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Table 1 Different network structures of contrast experiments for image classification on ImageNet dataset
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Table 4 Results of the contrast experiments for image

classification on CIFAR-10 dataset
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Deployment of depthwise convolution on memory architecture of GPU
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Fig. 9 Variant shapes of gesture profiles
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Fig. 11 Screenshot of gesture recognition application software

4.4 FHIAFNAHYER

TR KCPNet (9 £ #, F #8050 iz [a] i
BT 4 3 19 VGG Hl KCPNet P AN, 25 4
PUNRCRXT b n % 5 s . Al LA, KCPNet
XFAEGEN VGG M8 T K 11 A7 b
M. H#k KCPNet fYBEITRE EMT VGG, H
WE 1 fiR, KCPNet 52 FR _F & — A% 58 4 BURR
B0 it WS o0 22 )22 26 B T 3K DT (58 45 9 245 A5 A5
AU TR IR 33 B A0 B of B 22 22 YR I RR AE ] A 3
o, R KCPNet 76 N A7 F 1 AT DL3d & A7
A2 FH 8 R Bt 35t PR HL B2 AT B A S AL TR Y
K EUEE Z2 9 R AE P b P R 20 Mk L4 KCPNet
LSBT AR VGG = AL,

%5 VGG #= KCPNet 8 F #3252 2 2t b
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