202256 A17H #MEtEEBMAERF A—T/\DO R

—a—IIINT—FTIOF v —FOmiEEL

A RER  #etismsEmeto 54— BEn%

S

Za—2) 7 —x%7 27 F v —F (Neural architecture search: NAS) (=2 —Z )L v b DEERET =
B &t I ZAUtOMLDORIEA TH D . HEEDOne-shot NASIFE I X h TOBERRICHKIIL TWD,
LHL, BEEERRIANIGML=—RATLEHD, WOBRREEZLETEIN? EWSEENEFET D
— 5 One-shot NASOD—’) ’C‘%%) Diﬁ‘erentiable Architecture Search (DARTS) TldMEgEL LN RE
SnTkeh, BHEIE ?fb“%fén‘c W5, AR TIFEE/NT A —FICNT
/ﬂfbw\%wﬁﬁﬁfﬁ@#/\%ﬂ% L\t One-shot NASORBEFEIEFEZZIRET 5. BUEEEICKD, NAS-

A JIN

Bench-201, NATS-Bench®ORN>FIXY—27F—45t v hEBWTARFEHNOne-shot NASE SFEE % R
5200, BRIXMZHIE TCE3Z &E%RY

=l-y=—1}

= =51

Neural Architecture Search (NAS)

B o TRy NI ORELSEEE B CEEHT TS

FEDT—Fty k- Y27 ICHLTEBNL/CTA—X Y ADEB SN EES W BRNEBE CE=HT 2 -2 Bi5T
AutoM L D EZHAT

SRIBSE O RIHIE S DR A 3

BRI EMATHDONASHEAF CRAT 2L REHRBELREED/CL — MEEER A

cf. NASICDWTE &

Y=o

Elsken, Thomas, et al., Neural architecture search: a survey. (2018)

Wistuba, Martin, et al,, A survey on neural architecture search. (2019)

Ren, Pengzhen, et al,, A Comprehensive Survey of Neural Architecture Search: Challenges and Solutions. (2020)

ar(fbl‘litecture
e ol
Search Space _—— | Performance NASDO#IEE \
Search Strategy Estimation BREBHEEDEES)AD PO SIFERBBEMN—DDEE A € AERY, TO/RT+—IVR%E
A S~ Strategy e 2
performance FOHTEMBEIZEK-ST, BIOBEEZAODENSER.. LS EFEYREL, NNOEEEREI{ILT D

ERZTH YESRERER estimate of A JX7 A=V RAHEE
EZEBDESE ¥ 7 LT A Lower fidelity estimates
&8 DERER Ao ZEE Learning curve extrapolation

e Weight inheritance/network morphisms

AR — X One-shot models/weight sharing

Zero-shot approaches
=[H B3

NASDRE

Xu, J., et al. KNAS: Green Neural Architecture Search. (2021)

Baker, B., etal.(2018)
Li & Talwalkar, (2019)

B EAASERIR M>>I OBNAS
B RHEIE  OX MNYE & MEREE

NASZRIE ST DBYBRTA IV ITIEEDKDICRD D ?

One-shot Neural Architecture Search (One-shot NAS)
Za—TIRY NI OEEERTA— S E—EDOZEY A JI)LIEH VT REICRBELT 28

Differentiable Architecture Search (DARTS)
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