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State of the art and prospects of neural architecture search
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Abstract; Neural architecture search is a task that aims to automatically search for the optimal neural network structure for different tasks,

which is of great importance and inevitability in the joint development of deep learning and computer vision to the current stage. A comprehensive

review of the research on neural network search was provided. In specific, the definition and significance of neural architecture search were

introduced, and the difficulties and challenges faced in relevant research were deeply analyzed. Based on this, the mainstream search strategies was

elaborate and summarize ; Finally, the potential problems and possible future research directions were summarized and discussed to promote further

development in this field.

Keywords: deep learning; neural architecture search; automation of machine learning; reinforcement learning; search space design; search

strategy ; evolutionary algorithms
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Fig.5 Illustration of chain-like and multi-branch structure
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Fig.6 Ilustration of cell-based network
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Fig.7 Tlustration of normal cell and reduction cell
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Fig.8 Illustration of non-structured search space
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Fig.9 Ilustration of the overall framework of

reinforcement learning
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Fig. 10  Illustration of the overall framework of

evaluation algorithm
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Tab.3 Summary of Advantages and Disadvantages in search strategy
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Tab.4 Comparison on search cost of different speed

optimization method
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Tab.5 Performance comparison of representative search strategies on image classification tasks under different datasets

HER 2/ %
EYE/E S itk R A Eie
Top-1 Top-5
ENAS™ RL 96. 46 4.6 x10°
NASNet-A ( baseline ) - RL 96. 59 3.3 x10°
CIFAR-10 AmoebaNet-A (N =6,F =36) " EA 96. 66 3.2 x10°
NAONet'* gradient 97.02 28.6 x10°
PNASNet-5"" SMBO 96. 59 3.2 %10°
DenseNet (L =100,k =24) manual 96.26 27.2 x10°
GHN Top-Best, 1K(F =32)" random 97.16 5.7 x10°
NASNet-A (7@ 2304) [ RL 97.60 27.6 x10°
CIFAR-10" LEMONADE!™’ EA 97.42 13.1x10°
SNAS( single level + moderate constraint) '’ gradient 97.15 2.8 x10°
Proxyless-G!** G+P 97.92 5.7 x10°
One-Shot Top (F =128)"" 0S 96. 10 41.3 x 10°
DenseNet > manual 82.8 25.6 x10°
ENASH RL 80. 57 4.6 x10°
Large-scale Evolution'™ EA 77 40.4 x 10°
CIFAR-100"
P-DARTS CIFAR-100"" gradient 84.08 3.6 x10°
PNAS! SMBO 80. 47 3.2 %10°
SMASH V21! 0S 79.4 16 x 10°
NIN manual 99. 53 —
MNIST R-CNN manual 99. 69 —
MetaQNN'" RL 99.56 9.67 x10°
DropConnect manual 99. 68 379 x 10°
MNIST * CNF-sparse (L =16, € =32)"" 0S 99.52 249 x 10°
CNF-dense (L =8, C=64)"" 0S 99. 67 5.3x10°
NIN manual 97.65 —
R-CNN RL 98.23 —
SVHN MetaQNN'7* RL 97.72 10.38 x 10°
EAS (plain CNN, depth =16) ¢! RL 98.17 —
EAS (plain CNN, depth =20) " RL 98.27 —
ResNeXt-101 (64 x4d) manual 80.9%  95.6% 83.6 x10°
RandWire-WS(regular computation regime ) random 80. 1% 94.8% 61.5 x10°
NASNet-A (N =6,F =168/6@4032) RL 82.2%  96.2% 88.9 x10°
AmoebaNet-A (N =6,F =448) EA 83.9%  96.6% 469 x 10°
ImageNet
P-DARTS (searched on CIFAR-10) gradient 75.6%  92.6% 4.9 %x10°
PNASNet-5 (N =4, F =216) SMBO 82.9%  96.2% 86.1 x10°
Proxyless ( GPU) G+P 75.1%  92.5% —
One-Shot Top (F =32) 0S 75.2% — 11.9 x10°
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Tab.6 NAS performance comparison on object detection
) X mAP/ % mAP .
FUEITES itk HRA Iy B
Mini-val ~ Test-dev  [0.5,0.95]
SSD-300 manual — 23.2 320 x 320
MnasNet-Al + SSDLite RL — 23.0 320 x 320
NAS-FPNLite MobileNet-V2 RL — 24.2 320 x 320
ShuffleNet (2x) manual 24.5 — 600 x 600
(0(0]0(0)
NASNet-A (4@ 1056) RL 29.6 — 600 x 600
FPNAmoebaNet@ 256 manual — 43.4 1280 x1 280
NAS-FPN R-50(7@ 384 ) + Dropbox RL — 46.6 1280 x 1 280
NAS-FPN AmoebaNet(7@ 384 ) + DropBlock RL — 48.3 1280 x 1 280
PASCAL Faster-RCNN with VGG16 manual 68.7 36.7 —
VOC 2007 AMC(base on Faster-RCNN with VGG16) ~ RL +P 68.8 37.2 —
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Tab.7 Performance comparison of NAS in segmentation on

Cityscapes

Tk RN MIoU/ %
ResNet-38 manual 80.6
PSPNet manual 81.2
DeeplabV3 + manual 82.1
DPCM! random 82.7
Auto-DeepLab-S'’ gradient 80.9
Auto-DeepLab-L™" gradient 82.1
DCNAS®] gradient 83.6
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1555 BRI R
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HFTA AL BARE YN T X Bk AR .
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Tab.8 NAS performance comparison on multi-target task

B . B HER R/ %
Ak B AR BT Tk R IR W HArH
Top-1 Top-5
AlexNet ! manual 61 x10° 57.2 80.3
MobileNet-V1?"] manual 4.2 x10° 70.6 89.5
EYiEN [66] . p
. AlexNet Compressed pruning 6.7 x10 57.2 80.3
Model Size
VGG16 Compressed!®’ pruning 10.35 x 10° 68.83 89.09
MnasNet-A1*! RL 3.9 x10° 75.2 92.5
MobileNet-V1?"] manual 569 x 10° 70.9 89.5
MobileNet-V2 manual 300 x 10° 72.0 —
FLOPs )
AMC (0.5 x FLOPs) [* RL +P 285 x 10° 70.5 89.3
FBNet-A"*" gradient 249 x 10° 73.0 —
MobileNet-V1?"! manual 123 ms 70.9 89.5
Google Pixel-1 CPU MnasNet!*’ RL 78 ms 75.2 92.5
AMC (0.5 x Time) RL+P 63.3 ms 70.2 89.2
MobileNet-V1!'?"] manual 20.08 ms 70. 82 89. 85
BitFusion
Latency HAQ!™ RL 11.09 ms 70. 40 89. 69
MobileNet-V2 manual 6.1 ms 72.0 91.0
Tesla V100
Proxyless'™® G+P 5.1 ms 75.1 92.5
MobileNet-V2 manual 21.7 ms 72.0 —
Samsung Galaxy S8
FBNet-A'" gradient 19.8 ms 73.0 —
MobileNet-V1?" manual 31.03 m] 70.82 89.95
Energy BitFusion )
HAQ"™ RL 16.30 mJ 70.37 89.40
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Tab.9 Performance comparison on language modeling
. ‘ R I 2R o RS
pIETES Tk ZHE
G ST GPU H
LSTM + DropConnect manual 60.0 57.3 24 x 10° —
Random searchWS™*”] random 57.8 55.5 23 x10° 2
ENASHM RL 60.8  58.6 24 x10° 0.5

DARTS (first order) **

Penn Treebank

gradient  60.2 57.6 23 x10° 0.5

DARTS (second order) "** gradient 55.7  23x10° 1

GDAS™! gradient 57.5 23 x10° 0.4

NAONet-WS + weight tying + weight penalty™!  gradient 56.6 27 x10° 0.4

LSTM + skip connections manual 65.9 24 x10° —

LSTM + 15 Softmax experts manual 63.3  33x10° —

WikiText-2 ENASH’ RL 72.4  70.4  33x10° 0.5
DARTS™ gradient  71.2  69.2 33 x10° 1

NAONet ' gradient — 67.0 36 x10° —

BR TAEATY FIRE 55 TR, m ARk NAS 457
ARWIESNVESYE] (action segmentation) ™ HFRE
% (object tracking) SOk b o i ( adversarial
attack ) ") R EAE T ( pose estimation ) [133-135) 2
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