https://ettrends.etri.re.kr

ETRI

2019

:| I: I | A _ I: Electronics and

7 =2F = -ll—- | EE Telecommunications
oo ' = o 1= oo

Trends
Recent R&D Trends for Lightweight Deep Learning

1. M2

II. 3% Haid g12|&
0|2 (Y.J. Lee, yongju@etri.re.kr) AOIEH|O|E{I RO E =Meloiiel/pL I, go2|E Atst
2838 (Y.H. Moon, yhmoon@etri.re.kr) AOIEH|O|E{IROE Meloiqel v, 22 Hold AMd S5
HEZ=8 (JY. Park, junyong.park@etrire.kr) ADIEG|O|E{AROE 7S V. ZE8
gl127| (0.G. Min, ogmin@etri.re.kr) ADIEH|O|HY{R O E MU l/ I EE

Considerable accuracy improvements in deep learning have recently been
achieved in many applications that require large amounts of computation and
expensive memory. However, recent advanced techniques for compacting
and accelerating the deep learning model have been developed for
deployment in lightweight devices with constrained resources. Lightweight
deep learning techniques can be categorized into two schemes: lightweight
deep learning algorithms (model simplification and efficient convolutional
filters) in nature and transferring models into compact/small ones (model
compression and knowledge distillation). In this report, we briefly summarize

various lightweight deep learning techniques and possible research directions.
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AutoMC Automated Model Compression
AutoML Automated Machine Learning
CNN Convolutional Neural Network
FLOP Floating Operations Per Second
GPU Graphics Processing Unit
MAC Multiplier—Accumulator

NAS Neural Architecture Search
RNN Recurrent Neural Network
TPU Tensor Processing Unit

VPU Visual Processing Unit
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