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Lightweight Network Design and Application for Face Recognition
Based on Fast Down-Sampling

WANG Jia-hao, XU Shu-gong, LU Heng-jie
(School of Communication & Information Engineering , Shanghai University, Shanghai 200444, China)

Abstract: High-precision convolutional neural networks often come with high inference costs, making it difficult to
perform real-time inference on resource-constrained embedded devices. We analyze the factors that influence the speed of
model inference by different types of convolutions, and for the first time point out that in addition to the computational com-
plexity of the model, the feature map throughput of the model is also a key factor affecting the inference speed. However,
the existing lightweight methods based on the depth-wise separation convolution only use computational complexity as the
model lightweight metric, not considering the influence of the feature map throughput on the model inference speed. Based
on this discovery, we propose a model lightweight acceleration design method combined with standard convolution based
on fast down-sampling module, which could reduce the computational complexity and feature map throughput of the model
at the same time by rapidly reducing the size of the feature map. The performance and the inference speed on different plat-
forms of the models designed by proposed method are better than the existing lightweight methods based on depth-wise sep-
aration convolution. Further, we utilize this method to propose a fast face recognition model FDFaceNet ( Fast Down-
sampling FaceNel) for face recognition tasks. Compared with the existing lightweight face recognition models, FD-
FaceNet has higher accuracy and faster inference speed on various platforms.

Key words: lightweight neural network design; neural network acceleration; lightweight face recognition; face detec-
tion and recognition system; embedded devices
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e WEWR% | TSER/M | IR /B
CNN-8 90.53 53 1.19
CNN-8-DS 84.62 6.8 1.73
CNN-14-DS 85.34 9.6 2.25
CNN-8-FD 85.42 9.8 0.40
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&7 FDFaceNet &4
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CONV-P 2 128 3x3 2 1
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