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Main Idea
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Neural Architecture Search

NAS Process
Design Convolutional Neural Network
Design Recurrent Neural Network Cell
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NAS Process
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NAS Process
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NAS Process
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Convolutional Neural Network

>»> Skip Connections: Increase Architecture Complexity
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Convolutional Neural Network

>»> Skip Connections: Increase Architecture Complexity
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Convolutional Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Experiments

CIFAR-10
Penn Treebank



CNN

> Alal Mgl CIFAR—-10

*  32x32 cropped image
« K =100, m =8: 800712 RHE StHoj|

*  Reward: OFX[2F 5 epoch & 7% =& validation accuracy
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« Search SpaceZ H}7L},
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» AlA 7=|J—_l_|.
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Lo
i

x pooling layer S& 7517 | =

Model | Depth  Parameters | Error rate (%)
Network in Network (Lin et al.|[201 3} - - 8.81
All-CNN quringenberg et al.[[2014) - - 71.25
Deeply Supervised Net (Lee et al./2015) - - 1.97
Highway Network (Srivastava et al.[[2015) - - 7.72
Scalable Bayesian Optimization (Snoek et al., 2015) - - 6.37
FractalNet (Larsson et al.[[2016) 21 38.6M 5.22
with Dropout/Drop-path 21 38.6M 4.60
ResNet (He et al.|[2016a) | 110 1.7M | 6.61
ResNet (reported by Huang et al. [(2016c})) | 110 17M | 6.41
ResNet with Stochastic Depth (Huang et al.,[2016¢) 110 1.7M 5.23
1202 10.2M 4.91
Wide ResNet (Zagoruyko & Komodakis|2016) 16 11.0M 4.81
28 36.5M 4.17
ResNet (pre-activation) 2016b 164 1.7M 5.46
1001 10.2M 4.62
DenseNet (L = 40, k = 12)[Huang et al. |(2016a] 40 1.0M 5.24
DenseNet(L = 100, k = 12)Huang et al. |{ (2016a) 100 7.0M 4.10
DenseNet (L = 100, k = 24)Huang et al. (2016a) 100 27.2M 3.74
DenseNet-BC (L = 100, k = 40)/Huang et al. [(2016b} 190 25.6M 3.46
Neural Architecture Search v1 no stride or pooling 15 4.2M 5.50
Neural Architecture Search v2 predicting strides 20 2.5M 6.01
i ing 30 7 1M 447
Neural Architecture Search v3 max pooling + more filters 39 37.4M 3.65




Appendix. DenseNet

>> Densely Connected Convolution Networks
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Figure 2: A deep DenseNet with three dense blocks. The layers between two adjacent blocks are referred to as transition layers and change
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RNN

AlS] ME:

Base Number: 8

K =400, m = 1: 400712 &S sHH|

Penn Treebank

st& (CPU)

Reward: c/(validation perplexity)?

Controller RNN st&

= learning rate, weight initialization,

dropout rates, decayOi| CHgt grid searchE *IH

Best Model

Model | Parameters  Test Perplexity
Mikolov & Zweig (2012) - KN-5 m? 141.2
Mikolov & Zweig|(2012) - KN5 + cache oM? 125.7
Mikolov & Zweig (2012) - RNN 6M* 124.7
Mikolov & Zweig (2012) - RNN-LDA TM# 113.7
Mikolov & Zweig (2012) - RNN-LDA + KN-5 + cache oM* 02.0
Pascanu et al.|(2013) - Deep RNN 6M 107.5
Cheng et al. (2014) - Sum-Prod Net SM? 100.0
Zaremba et al.[(2014) - LSTM (medium) 20M 82.7
Zaremba et al.|(2014) - LSTM (large) 66M 78.4
Gall({2Z0T15) - Varational LSTM (medium, untied) 20M 79.7
Gal| (Z015) - Vanational LSTM (medium, untied, MC) 20M 78.6
Gal| (Z015) - Variational LSTM (large, untied) 66M 75.2
Gal (Z015) - Vanational LSTM (large, untied, MC) 66M 73.4
Kim et al.[(2015) - CharCNN 19M 78.9
Press & Wolf{(2016) - Variational LSTM, shared embeddings 51M 73.2
Merity et al.[{2016) - Zoneout + Variational LSTM (medium) 20M 20,6
Merity et al.|(2016) - Pointer Sentinel-LSTM (medium) 21M 70.9
[nan et a1|q 16) - VD-LSTM + REAL (large) 5IM 68.5
Zilly et a].|{]2[lll5]] - Variational RHN, shared embeddings 24M 66.0
Neural Architecture Search with base 8 32M 67.9
Neural Architecture Search with base 8 and shared embeddings 25M 64.0
Neural Architecture Search with base 8 and shared embeddings 54M 62.4
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>> Transfer Learning A&
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Policy Gradient vs Random Search

Algorithms for hyper—parameter optimization (Bengio, 2011)
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>»> Learning Transferable Architectures for Scalable Image Recognition
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NASNet

>> Convolution Cell C|XI2l ZZM|A
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NASNet

Ze ME Zut
« NAS CHH]|

* ImageNet && A 15 £€2 Ms8 2 (Top 1 Acc. 82.7%)
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Normal Cell Reduction Cell Figure 5. Accuracy versus computational demanc_l (!eft) and number of_ parameters (r.ight) across t.op performing published CI_\IN arch_itec-
tures on ImageNet 2012 ILSVRC challenge prediction task. Computational demand is measured in the number of floating-point multiply-
add operations to process a single image. Black circles indicate previously published results and red squares highlight our proposed
models.
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>> Efficient Neural Architecture Search via Parameter Sharing
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>> Efficient Neural Architecture Search via Parameter Sharing
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>> Parameter Sharing

«  DAGOIIA Node At0|2] Weight= 28-=
.+ DR L= 30M L= 42 HARE ARE SHESIH

) & Al H=Rl| 7Y 2 dets 0|1E

* Shared Parameters: child modelsE& minibatchZ SF&610 Stochastic Gradient Descent EfAIO 2

SolE gHExoz AIRE
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» =g Ag 2yt (CIFAR-10)
«  GPU 1702 2F 16A|7F St AelE TI
(NAS CHH| 1000tH &faf
1. Macro Search Space: HIEL3 MAIE C|Xt]
2. Micro Search Space: Cell2 C|XI2I5I0] AFEHO| =1

HM|eret HIER=0l &

SkA
S
. Times Params  Error
Method GPUs (days)  (million) (%)
DenseNet-BC (Huang et al.. 2016) - — 25.6 346
DenseNet + Shake-Shake (Gastaldi, 2016) - — 26.2 2.86
DenseNet + CutOut (DeVries & Taylor, 2017) — — 26.2 2.56
Budgeted Super Nets (Veniat & Denoyer, 2017) — — — 9.21
ConvFabrics (Saxena & Verbeek, 2016) - — 21.2 7.43
Macro NAS + Q-Learning (Baker et al., 2017a) 10 8-10 11.2 6.92
Net Transformation (Cai et al., 2018) 5 2 19.7 5.70
FractalNet (Larsson et al., 2017) - — 38.6 4.60
SMASH (Brock et al., 2018) 1 L5 16.0 4.03
NAS (Zoph & Le, 2017) 800 21-28 7.1 447
NAS + more filters (Zoph & Le, 2017) 800 21-28 374 3.65
ENAS + macro search space 1 0.32 21.3 4.23
ENAS + macro search space + more channels 1 0.32 38.0 3.87
Hierarchical NAS (Liu et al., 2018) 200 L5 61.3 3.63
Micro NAS + Q-Learning (Zhong et al., 2018) 32 3 — 3.60
Progressive NAS (Liu et al., 2017) 100 L5 3.2 3.63
NASNet-A (Zoph et al., 2018) 450 3-4 33 3.41
NASNet-A + CutOut (Zoph et al., 2018) 450 3-4 33 2.65
ENAS + micro search space 1 0.45 46 3.54
ENAS + micro search space + CutOut 1 0.45 4.6 2.89
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