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1. Search space

e Chain structure
« e KlLayer#f
e LayerdfEZFE
e Layer®m DHyper parameter

« Complex structure
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« ResNet[He2016]% 4 7 hn&
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1. Search space

« LI s DOHEBA EE
e [Zoph2017] = 800GPU x 3~
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e Cell-based architecture
« NASNet[Zoph2018]
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1. Search space

XV OAT—FTIVFNIFEDINCoTRDDED?
 Hierachical search space[Liu2018b]
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Figure 1: An example of a three-level hierarchical architecture representation. The bottom row

shows how level-1 primitive o erations 0(1), o(l), o'V are assembled into a level-2 motif 0'>). The
P P 1 102,03 1

top row shows how level-2 motifs 0 oé ) og ) are then assembled into a level-3 motif 0(13) ;
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« Bk 4 7% Search strategy

« Random search, grid search, bayesian optimization, evolutionary method,
reinforcement learning

« T Hyper parameter optimization & H».88%
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« Reinforcement learning
e Evolutionary method
« Bayesian optimization
« Direct gradient based optimization (E#tHY7:Search)



2. Search strategy ‘

e Reinforcement learning
« RNN+REINFORCE[Zoph2017]
« Proximal policy optimization[Zoph2018]
e Q-learning|Baker2017a]
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7. Search strategy

e Reinforcement learning
« NASNet[Zoph2018] by Google Brain
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7. Search strategy

e Reinforcement learning
« REEAZALT HET I
e dubbed network morphisms: Net2Net[Chen2016], [Wei2017]
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7. Search strategy

« Evolutionary method
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7. Search strategy

e Evolutionary method

« AmoebaNet[Real2019]
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7. Search strategy

e Evolutionary method

« Image restoration|Suganuma2017]
e “Simple7sCAE(Convolutional Auto-Encoder) TGANIZEsT 3”
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7. Search strategy

« Bayesian optimization

e GP (A7 2@IE) R—Z, VU —R—IDF% : =

o Architecture & Hyper parameterz B ICEREL M oedon L.

« Evolutionary method& ) H LvvE WD ERE S v_acauistion max
[Klein2018] s, cagiaiion Ttion (s

t=3

« BOIX. EARICIZRegressionffE

« Z-Architecture® FHEE %L % Regression L 7= L

« EREIC{Architecture FHMEI DL v FA5EZ SN, = — el B
DL OFHEEROEE N LA B

¢« INXTICHEZAONTT — XD ORDDLNHZEH
PEL T, SRIESEZoNT=T—EXHBRXRA XDE
BTERDHERD 5

e« RLIZITWB EZANWHS (Exploration &
Exploitation)
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7. Search strategy

e Direct gradient based optimization
« BERH RS R R & ERTHI (I
« Continuous relaxation: DARTS[Liu2019b]
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3. Performance estimation

Speed-up method

How are speed-ups achieved?

References

Lower fidelity
estimates

Training time reduced by
training for fewer epochs, on
subset of data, downscaled
models, downscaled data, ...

Li et al. (2017),
Zoph et al. (2018),
Zela et al. (2018),
Falkner et al. (2018),
Real et al. (2019),
Runge et al. (2019)

Learning Curve
Extrapolation

Training time reduced as
performance can be extrapolated

after just a few epochs of training.

Swersky et al. (2014),
Domhan et al. (2015),
Klein et al. (2017a),
Baker et al. (2017b)

Weight Inheritance/
Network Morphisms

Instead of training models from
scratch, they are warm-started by
inheriting weights of, e.g., a
parent model.

Real et al. (2017),

Elsken et al. (2017),
Elsken et al. (2019),
Cai et al. (2018a,b)

One-Shot Models/
Weight Sharing

Only the one-shot model needs
to be trained; its weights are
then shared across different
architectures that are just
subgraphs of the one-shot model.

Saxena and Verbeek (2016),

Pham et al. (2018),
Bender et al. (2018),
Liu et al. (2019h),
Cai et al. (2019),
Xie et al. (2019)

[Elsken?2018]



3. Performance estimation ‘@

* Lower fidelity estimates
c BEIEEBWIDICTSA., BBENZEDL LR ITNIEOKE LD & X
« . EXBEDLEBED S ([Zela2018]
« L F DFidelityx EIF T < DA L UL LiI2017][Falkner2018]

e Learning curve extrapolation
« RIBETIILZHBWTH -4 ArchitectureDZE # T84 5 [Liu2018a]

« Weight inheritance / Network morphism
e Dubbed network morphism|[Wei2016] «EBE(Z AR 7% &
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» One shot models / Weightw 2 D
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c FBEIFEWIIDICTSA. BBELNZEHL LA ITNIFOKE WLWHZE X
e M. MENBE L EEZLEH S [Bender2018][Sciuto2019]

« ENAS[Pham?2018]

« DARTS[Liu2019b]

« SNAS[Xie2019]




Optimization Strategy

Search Modular  Continuous " Error Params GPU
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Human Polynet [139] CVPR17 | 81.3/95.8 92.0 331 - ‘G‘gﬁ:‘; Evonticn [13] Ry v 30 L [
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ENAS 19 ICML18 v v 423 213 032
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PC-DARTS (ImageNet) [83] ICLR20 75.8/92.7 53 224 38 PC-DARTS + Cutout [83] CVPR20 v v v 55 o o
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s HIBORYVF T —IHME
« IRABERTHEENKE L b S, Learning rate, data augmentation, etc.
o« ¥ ICArchitectureER TOMREE B 7- WL
« [Ying2019], [Klein2018]

o« BIRDFEUNDIT
« Image restoration|Suganuma2018], Semantic segmentation[Chen2018],

Transfer learning, RNN for language or music modeling, GAN, sensor
fusion

 Multi-objective
« Compression by NAS[Han2015], [Liu2017], [Gordon2018], [Liu2019c],
[Ca02019]
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