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I,

LA REET, RARSEHEE, TERNERG R EE, EHERSEHEE, BERE

1 N4
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TN B PR e B Ay gk R S DR R R A 2 AN HL AT AT R ). R B 4E 2R (neural architecture search,
NAS) U~ g AR T B8 R B A2 P28 1) B 4R T 52 HH K V5. [RIINT, H e FEE o 428 1 2% 17
TREAFRPFEL-F RS BRI, 0 FHERA R & BRI a4 st 178 v) k.

SEAh, ESCBRRN i T AN R SRR R e 4 AR PE AN 8], 7R RAT) B TS AT AR A 1) S PRl e
(UnHEWTIEIR ) o AR KM ZE 5. BEAE SRR B 2 R SR A 1 F T s AT 2 i 2%, 22 R AL
v R 18 ) T SR T S PR AR A B A SRR R P e 2 SRR A R ) . SR, AT AR SR R T THI
58 K 22 SR AR JE G I B A A, B, R iF sis S IR 3L (floating point operations per second,
FLOPs) SKUFOME Y R4 TX Rl 2Ung 1 B T 9% 1) B2 S b AR B SIERE A Bl & L ) SRRl 2
] (A —2 Bilan, KK FLOPs J AN RRAE SEAR I 6 W7 48 18 s A v #6. FA i) O¢ TR I A i
PSRRI R A LAE ) 2 S0 i SO 1 R SR R PR T AR, EAN IS R i TN T B A
[ RE EARAE (WIPPIHEWTAEIR ). SR, IX PR 2 T 5 2% 2% B X A 45 2 e 2 1) S s 2 4 ) o
=20 [1,6],

N R IX R, A SCHEFT T A R ) h 22 SR A R TV, TR IR I 2 R A 1 R 1) 48 2R A (A
K AE Z M B RE HER. AR SCHR T — PR R SR 1 o 0 SRR R O VR SRR AN R & B AR
Bty S RAMRYE, 0T M O4EE R A A, FAT kSR N 4EREATBURE) TSR], RS S SRR
BB EZ T2 0] 5 0 A X 2% SRR A H ARBEA B HEWTIEIR (90 2R, I 45 G 1005 45 A 5 SEBRHE T 1838 A
N Y77 la) b £ A H AR Bk RE w0 1A, MIE R A A R ). RS, AR
FHEIRT SE IR 148 2R SRS R TR B A ph 22 I 2 28K, 55 3.2 /AT LA HTAS AL T N =1 BE N, 5
4.1 /N EL HGNAS ABITHE T N =2 B0, X1 N > 2 B9I56, JATH 77 FRE .

IR SCAE T AR i 28 ) 25 BE K44 2R J7 7% (transformable architecture search, TAS) & #1458 X 25 4
FJ48 2 J77% (graph neural architecture search, GraphNAS) RN T _FIAJ5v2:, $&H T A48 n i mr A%
A 222 W) 28 ZE R4 2R 7 152 (hardware-aware transformable architecture search, HTAS) A S S ) P
FHEE X 25 R #8271 (hardware-aware graph neural architecture search, HGNAS). FA/17E CIFAR-10
A CIFAR-100 #4548 FVPAL T ASSCER 197570 HTAS, HF H 7250 KAE B HTAS RE4kHH EL TAS
T, FLYRERA SRR B T R (R X 8 ). X CIFAR-100 2484 1) ResNet110, A7 IAAE GPU
A CPU L#EL TAS Tt 2.2 £, JF HifEWi 8t e 1 1.3% LA L. X CIFAR-10 #da4E ) ResNet110,
HTAS WL T 1.9 %, H HEM R 5. R, FRATAE Cora, Citeseer LA Pubmed H#E4E F AL T
AICHE 71 HGNAS, ‘E1E GPU Ml CPU FAMLL GraphNAS #8Hi 142 #85E R s 24

ASCH) TR 50T

o MR T A BE RN AR S BE R IR R TTVE, 20T R T — AN RN B4 R AR A), I HLAE AN
N T HETIE IR PR 2R SR, FEAN 75 AR RS SO0 N RIAT g A B 4k HH 5 v 280 10 o 48 1) 2% 42
1.

o HRH T RE A R 1 T AR P A 42 N 4 BRI R 578 (HTAS). fE A B4 L I se iR BH, HTAS 1£
AR BRI FRIAT L TAS BE4F, IR 1 RATSR K HTAS T3k i 2k, thdb, AT AR
FOAEE A8 2 RO EAT 1 LA, AR R 1 BETH I & AN [R] H AR B A PR 22 D 2% £ 00 A

o PR T REA BN B 2 N 25 QAR 2R 770 (HGNAS). 78 3 MRS F SRR B, HGNAS 78
ANFIREA BRI RIAS L GraphNAS 247, X [FEIFEUER] T HGNAS J57 9K 2.

ASCHI AR R0 T, 55 2 R 7 AHSC AR, 28 3 WIEMANA T AR HTAS B4,
54 VRN T AR ) HGNAS B8 55 5 W fEoRs T 3RATHHATRIORE 5. )5, 5 6 Tt
AICHAT T RGE, FERRSR BRI T AT T R .
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2 tHxIE
BT R AR 22 X 28 0 — AN IR BT 72 403 A0 0 %o A O AR #EAT 1 A4,
2.1 SXBEIHEZ LK

IRFEARZE 28 AERL A B IE . RMRAEF R0 . 9l 2 S S AU & T2 IR . R 5 ST AR IR G
1255 EHUAS BINAR KRR B IA D) T8 E SRR AR % 2 > A FH i 38 i 14 77 2B v 2
1o PR SRIES, TAS A T2 vk BRHE. AT, FEBEE X —BeDl, AT 40 TR R /& SR e
AW, IXRWRAE 5 T BT R 2 SR BB 2 .

BEAL, o 7 ER PR 2 SR BB 2 B A2 IR A REAF b, AT V)M 75 B R R4 PRk, i T
Y2 =20 ConvNet 7 H ot SqueezeNet 8 & HAF )1 T8/ ConvNet B S H ¥ E K TAEZ
—. 'XBE SqueezeNet 2 J5, SqueezeNext 9 F1 ShiftNet 1O @k — 528 7 SHEE 4ok, S i TAER
KVE M MNSHEHFF] T FLOPs. MobileNetV1 M) Al MobileNetV2 1) { F 4 %5 FURARE: 5 5
525 AR, ShuffleNet 131 {8 Y 43 2H A5 RN I B 20 Bk idt— B0 /b FLOP % {H 2 J5 Wt 70 R0
FLOP A 52 [ i SR A 2803 A T BRI SERRAEIR | ShuffleNet V2 14 $2H T — RAI & i &
R ConvNet HISEHAEN. SR1, Fahdit 2282 — D=2kl i, M HF EZERNER. MRE Y
SIS TR U, ZER Bl AR B, AT LT3 AT

2.2 EIEFR

T Y SCRIF S FR) 3 o BT Al P 8 oA /N P 228 0 246 5 ) i R K 22 ) S T BT R g v (1o~ 18T S
A R R T B P R R 8 RZAE BB LI TE . 1A, Liu &5 U5V A3t 08— A4k 2 00 B 8]
¥, Luo %5 061 424 T F — E A NRFIER) ThiNet. SRT, AZSBvk (R0 SR A7 7E 7= A Uk AR 42
FEJRT RIS . A SR R I 5 3R P 8 2 30 i DL 8 P2 A i 38 (98 28 5 V2 R B v A R A 22 X 255 2R

2.3 MHARMER

LA PR 228 00 245 AR SE T PT DK RS oo o 48 DX 2% (R PR . SR, MK AR a2 A 4t A I 248
FRE NI 5 o T A, X S350 TSRS R (NAS) B4 (0. NAS fit A3 R A RE4EH
FIMHZE 2%, NAS BT R LIRS 3 NEREEAT 7028 RS0 AL iE AN PR RE VP (% SR #8232
A5 SCT B B R IR 2. PEREVEAl 2 Fa PP AR R PR RE AT AR, I H ORI NAS (1 H Ar 232
FEFT B _EREAS 3 R I I IO 45 R A EEH . P 2848 R (NAS) (419,200 3 R4 A 22 Y 2% (1)
b aiR. — Lo T (Y AR (19200 S WA Y A SRR R AR R e 20 2R ST — 8 FLA ¥ A 2240 U fge
FIBEALE 2T 35, NASNet (221 1 56 5 tH S FH 9 A 27 1 RAE R A K FLOPs HI4EH. 3X 8677 1J0d
i B AT AR e T SEAC RBEAT R, TR 168 A IO VR R R 2 2 18] (AR, IXFE e
R 2 A 134,

BRI A5 13:6:19:230 SR T [ R 2 AR N IR G0y RAR R A 1R, B S VR AE I 48 BOAN ) 3
fRyBR A A P AN R RS2 284 FE XT3, M B R 1 H AR AL 7 R B R, I fErS
M2 JERAE L € AR A T REB BB I HER 2. 9 7 PRI AL (i UL B, VP2 NAS J57%: 22 fi
F 7 BEAETC R Y FE BAR e FLOPs. K1, HAEUIK FLOPs BRI IF A — e Btk 24 ik, JLT-#6
77k 54250 SRHT T BRI L AR AE, LLinohRe 3 CPU B HISEIR . IX L6770 & AN 55 1 A S
AR RJE R SL TR, SHERE R A P ROE M R ISR Zoad fE b 4RI, IEW1 Howard 55 (26) 45t

901



FFES: WA AN B AR 2 SRR R

FIASKE, 2 HARIR K B A A L Ak, PR IME AR U SEIR 226 2 3 B R ) 225224, Ik
Bb, —EESE M GIN TR R 20 TR 127 SR TR B L P e RO 2R

2.4 FILHMBEMEREE R

B TSR INGE R B, B0 IR X A 22 X 2% koA S B R RE . (AL Ik, B B SR R 45 ) e
T BEANR LA — AT B AT T TR, P AR A 22 X 25 B4 2R (TAS) (5728290 3 iod 1) BE 0 45 i
T FERGR FER AT S 47 P e TAS 7 1 Said i W H AT il NAS ke B AR R i 58 FEANVRFEE, AT 3R A5
S ARG TR B, R J5 044 2R (R A AT ARG #%. MorphNet (281 3 et 52 5 1y FE 48 A4 5k 22 o) 245
RAK H 45 % BRI BR ) T A9 BRI TE L. SR, XL TARHUE N 1 FLOPs S5 [AI% R Epnik s 4 R id
T, 1M1 6 P B AR v A L SRR A 0 S R P e A ELHEAE KK, NetAdapt P @ I AES R B Bh A
R JR R P % 08 R 1) SR S8 P54 2% L ) I 28 RE T AN [ OB F . X 73 K 22 35 IR T i ol A 2R S
KRR BULE L5 TE BLIRPR 1 F [ R 2%, SRR R 22 (A B LV 2 0. XL TARMILL, A
SCEINRIEAL R AR B ARSI T — AN O B 2R A5 8], AR s e B8 28 R 1Y
IR BE S 1R B AT I .

2.5 EHEMEIREIER

Pl ot 22 I 25 (R B A RO AR SR 51 S T Sk R 2 1Rt 7 130~400. Jorb) GraphNAS MU 15 J0fd i i
A2 SJ T VR R A R I I 2% 28K, B ZR G 1 AR BRI 4 I 28 77 THT PR AR 75 R 3R A A DA 28 2 1),
GCN, GAT &5, MR ZE SN T LT 6 Ao ABERFEE 7, 5 8w s, BEmE, Buh s
B, 2 3LHLH| (multi-head mechanism) FIkEE, 21 4E 5, HAAEERFEH 720N 1 2. Auto-
GNN (2] 75 Pl 22 ] 2 308 (A 2O AR 5 LN T SOk RIS S i e Il ZR284 . SNAG 131 Jy
P 20 D0 248 BRI R BT E T T 8 T R E AN E B R (48 R 23 ). DSS B4 42 H 7 — kM (one-shot)
B 22 D 2% B AL 48 2R T, R SE AR LR AR 280, GNAS B9 it T —FiRbIR (19 = 2 48 2 25 [,
T ATl R s R A R E R I 2 (R i R 2R M. 5 O TAEAFRZ, ACBUT B A M 2%
e VG A

3 HTAS: R AI TRMEZ M BRI ER

AR A FATTAR L OB A R 0 P AR e 22 I 45 JEAG A R (HTAS) J7ik. HTAS HiEl 1 s
3AEEOPIRA . 15, BAW R T &R R . S5, FA L 0k $E I8 LA A e 1 2
RS RN R R 8. fie e, BRATTAE AN 17 S 35 PR Al PR T ol 2R SRS R AR 3R A 22 X 2% ) i 18 98
JEFIRE.

3.1 HARZFRHERZTE

G R A R A A B R AT RE i T B A R B A R T AR s 2 0 2% QR 3R T 7 (746
S Y 7 DR/t R R 1) P48 R 2 1), fkade D 4% P 4 — JE AN e EU RS20 R 7 22 B 6. KT
S — A B R R R B o A S /N RS, (B R B S22 0 96 2 T i 4 U R B (R B 9. P RAE
JEUAC R 1) B8 28 % 8] o JRATTAN REHR HH IXAE RO, 37T e BCRATTHR T AR IR L . PRIk, 3AT
PORT 2R R A0, DME W Retk B X L AU A2 484, 52 MorphNet 281 JE R, JRAT TS FEAIH ) 2% )
TEPEY KB e AN R R 2N LR, 52 REREmE R, HRE. R 1512 7 £ CIFAR 3
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Hardware Hardware-aware search space construction

Latency
model f'(x)

Latency
measurement 72(x)

Application
scenario E[latency'] = f(E[x'])
E[latency] = ZIE(latency’)

Lo = Lo + Aoy Bllatency]

Choice
scorer s(x)

Measure latency for each |Recommend hardware-friendly Latency regularizer
Base network choice on real hardware  |channel choices with high scores on loss function

Hardware-aware
search space Searched network

Expanded global
search space

Base search
space

M

X
8]

Search
strategy

1 (MEhRFE) HTAS RIESR, ATHRZAMENENEEMRE. RNEET XEEEEZEE e =2 &, &
ERIENE HAYBIERAVIER, EHE AR IFHNBERRDEEH RN RTE. KEMNREBEMA T EREN
GRS RRIR AT, EhELIETNIRS AR EHNEGRMMNERT EEZIEE

Figure 1 (Color online) The framework of hardware-aware TAS searching for width and depth of a neural network. We
first expand the global search space by e = 2 times. Then based on the latency measurements over the channel numbers,
the choice scorer recommends the hardware-friendly channel choices to construct the hardware-aware search space. The
final architecture is chosen by the search strategy with the latency regularizer. The part in the dotted box in the figure is
the construction of hardware-aware search space proposed in this paper

#& 1 CIFAR #iE& L ResNets B0 KEH2EHRTE. “Output size” F “Width” RREHHFFERN
IEEFRIER

Table 1 Global search space expansion for ResNets on CIFAR datasets. “Output size” and “Width” denote the resolution
and number of output feature maps in the layer

Stage Output size Width Global search space
1 32x32 16 {n|1<n<16xe}
2 16x16 32 {n|1<n<32xe}
3 8x8 64 {n|1<n<64xe}

Pi4E I ResNets 7 FIARFM BT KRG 4R R 2 E. B, TATE e A 2, M 3 ANBYBLR 4R
RAAINA T 1 ~ 32, 64 Fl 128.

3.2 1SR FRAMAIE R E

B T4 JR 48 2R 2 R IE AR K, 45 2% SR A FH (1045 28 2 1A P A4 SR 48 2% 7 [ mh gt i 1R — 040 L k.
CUE I TAS J592: 7 (38 228 1A K 22 ol — 2 25 22 EL SR AN LRI L 1) J2 98 AR A3 2. 9140, Resnet32 45
— BB IE RS 16, EERATLIM (0.25,0.50,0.75, 1.0) Fik#%, A EHHER RN N (4,8,12,16).
MAA N AMEERE, &E L AR, AR O(NE).

SR, X P48 2R 2% [B) S~ ML ELASEAETE DG, "6 288 T A6 B SR AN [ 368 108 250 1) 5 o v R
FER 2 5. S0 B AR, EH FLOPs VA v SARHY (14 B2 B AR THER Al T S B Fr) 4 38 48 38 2 — b 0L 1Y
i, (ER 3 i A PT AR LB AT FLOPs RIS ZE 80 N s 3L, REIR A, thah, i TR it- it
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ZREE, AR LA AR B BRI R A A, S0 R, BRATT AN R AE L e R
T BB A S TR R R 28 2

X BLERATIAE ) S P S SR AN T SE IR 2 1] 1) 22/ D PO i K i R AR b, O T 15 Bl T AE
B, AT EE T 4 a8 2% 2 18] o AN [ e 38 A O HEWT AE IR, SR )5 S — NIRRT f () -5 20 Skb
JEIRANEERCR Z AR A

FRAIAEFH DA R R e e Y S R A T R IR

F(z) = ka® + b, (1)

Hrp o A HETENE, 280 o RRIEFRENFE. B 2 R 7 A RE4ER Y 32 x 32 JHE
o WON 1IN RIZEAE CPU _E RHEWT IR AL T SE I8 B I8 B A M AL i 4 2 1.

e BIAER AR, FRATTAT DU L Vit i Hh 30 3 KR 0 e R, RIVE B SEBRIE IR AN T SE IR 2 TR )
7=, Kot HOETEHCRE AT IR YR B s() W0T

s(x) = f(z) —m(z), (2)

S () Y SCSERRAE LB S RHENTAE .

ARTUE 55 08 AR A e, TRILEATREBUI A3 T e R T AR ESR. i,
T TmageNet KBRS N WG AT CIPAR-10 BBV L ARA0 %5166 0. 53— 1T, {EH1 A
RCHCR L5 0L, 22 3 2 0% 1 03 BB 0 L R O T . 9 T 38
ARIIFES, BTG — B R RO 1 g 4, SRR RS R AR TR, (55—
UL, 4343 B S0 5 R 9P LA AR B R

choice; = arg max s(z), (3
r€X;

~

Hr choice; A RERZ X (5 j 4 KR EAIBESRE. K 3 x 1A R iEE S
A FR G HE P e vt 8P A T R A5 20
R, A TR LA e H A i ey 25 e T R 2 & D AR R R ) 2R A ] HS.

HS := UJ_,{choice;}, (4
# 2 51287 CPU Ml GPU I ResNets [{IHE/MH B4R IR 0 (148 28 ().
3.3 RERM

AT FHSCHR (7] H PTG 28 SR R AR ZR 3.2 /N7 v A BE A3 (0 450 2 4 ). ) AR b 28 o ¢
DR R B H B2 AR B B e 8 AR BT A2 I 28 B AL FEIX BURRAICHR B2 2 2 M 25 A2 1)
ZRER BT O IR BE AR AE MR B R bR AR Lo IE BB/, _EIR TR ETR] LLZRA

~—

mfi‘n Loa(wy, A)  st. wiy =argmin Liain(w, A), (5)

Hrp wy ZoR A IR BIBUE. IZRARR Lovain M HIZE 3 KBUR. Loar HIHUR Lee
ANTHSEACH 1R R P B 7 2 AR FE A ST o 2 A5 2 R 28 TR AE SR B [latency], AN 3RATT AT LU
JH R A FL A 2 AR AR PRAG TH AR

£val = Ece + )\costE[latenCY]- (6)
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g4 —*— Measured latency 2.0 i i i i i i i 32
--- Estimated latency i i 1 1 i i i
i i i i i i i
7 1.51 i i i i i i i
1 1 1 1 1 1 1
1 1 1 1 1 1 1
1 1 1 1 1 1 1
1 1 1 1 1 1 1
- 61 1.04 i i i i i 21 i
g i i i i i 1 i
g 5] ) i i i 161 i 1 i
2 g 05 i i i 1 201 1 |
3 %] 1 1 1 1 1 i 1
: i bk |
4< il .- 1 lll I I 1
0.0 Al 1
L [ II"I
1 1 1 1 1
i 1 1 1 1 1
; TR |
7 1 1 1 1 1 1
1 1 1 1 1 1 1

0 4 8§ 12 16 20 24 28 3R
Channel number

2 (MEMFE) £/ RTE LNEERHEE
IERIREY. SIPRIEIR (k) RTAHER (B%k) HE@
BHESH. EFRERFEITTER 2 BHE R BIEH
HITES (Bik)

Figure 2 (Color online) Measure the latency over the
global search space and construct the latency model. Some
channel choices are more efficient, as their actual latency
(solid) is lower than the estimated latency (dashed). The

difference between the actual latency and the estimated
latency is the choice score (arrow)

vvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvv

1234567 89101112131415161718 1920212223242526272829303132
Channel number

3 (MEEXE) AEEGRFHNE L BERRA
CPU MEBHRMNEERETE. EEFEEERETIE
I g =8 . ABEZ LEAFNBFRAEBET TS &
ERRIEY, XESHMRIELRIER TSGR
BER=E

Figure 3 (Color online) Select hardware-friendly output
channel choices to construct the hardware-aware search
space for CPU. The dashed lines split the global search
space into g = 8 groups. The numbers above the red

bars indicate the selected efficient channel choices with the
highest score in each group

#* 2 CPU M GPU HBEHRANERTE
Table 2 Hardware-aware search space for CPU and GPU

Hardware Output size Hardware-aware search space

32x32 4, 5, 12, 16, 20, 24, 27, 32

CPU 16x16 8, 13, 20, 27, 35, 45, 52, 64
8x8 15, 20, 46, 50, 70, 92, 107, 128

32x32 4, 6, 12, 16, 20, 24, 28, 32

GPU 16x16 6, 16, 24, 32, 40, 48, 56, 64
8x8 16, 32, 47, 64, 80, 96, 112, 128

E[latency] A& @it

E[latency’] = f(E[z"]),

E[latency] = Z E[latency’],

K2

3.2 AN EIREIR A f () AT PR Y.

(®)

Hrt Eflatency’] Al E[z?] 43 B2 i 2R GEIR A E L RE .

TAS (7 7E IR B R0 56 B 048 20 R OB MR E SIS o, BN R E AR T MR p. #f
228 I 28 1) i L 2 128 A R PRDIIASURN, SR sl RS FH T80 B2 (R T VR R ST B B o RN 28 AU
w. WA B EA K o K% EEAREEAER. AN T BRI R R T o il dE R g,
AN FRATTHE HY 48 2% 2 At BE AT 3 A B0 S5 22 FU A 48 2R s 7 B h 45 At ok
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109" . Measured latency A
== Estimated latency )" o
7’ 14 o
g o
il
' [N
2 )
> . 5 i
E - £
g e E osfii-
£ e il
34 b2 =
- 2.l
2 e i
S 24k
7 i
6 260 4b0 660 860 1600 12'00 0()
Product of multi-head number and output dimension Output dimension
4 (MEMEE) £2BERETE DNSERH1EE 5 (MILEHRFE) % kB H4EE o RE
MEIRREY. }‘A%%?ﬂ*ﬂiﬁtﬂéﬁfgﬂ@ﬁ?ﬁéﬂ%ﬂuﬁtﬂ, SH Figure 5 (Color online) Partitioning of multi-head
FRIERIE TR E S TS number and output dimension search space

Figure 4 (Color online) Measure the latency over the
global search space and construct the latency model. The
choices of multi-head number and output dimension where
the actual latency is lower than the estimated latency are
more efficient

4 HGNAS: RE4RLANm B 1HZ MR ZEIE &

RATEA BEATHE B IR B I B AP E NZ ZEM8 R (HGNAS) 77k, 5 HTAS 224, BAiTH
Pl 22 DX 8 A 2 17 A SRR PR R s ) S N T AR BR ) ) B A 2 =) 5 VR A R AR 48 X 4% 1)
PR .

4.1 IEEHRMERTE

HT 5 3.2 NTARRL L, FRATTELREF GraphNAS A 48 2 72 A AL - AR 15 5T, JvH
B L 2 PR N 2 S K0k H B R SSRGS A 3 Rl A JR R 9 2R 2 ).

£ GraphNAS J5iEH, #Z 2 A P 5 S H SR 8 586 bR BRI 0 bR B0 A 3 A 45 Y 1) 2 i
2 oA 22 AUk rh B AR R K R O, AT F AT B 0, Tt 248 AN 22 SR B0R N ik i3
THH, HAE PR TC R I, AT P B B T 2 Sk O ey 48 R ) e AR B AUEOR I R %
AP M. R Ny ME BT R R AL, Ny DRGRE, Ny DEEERE, Ny DESREL Ny A
Wb eEsE, L2, WHE R @ KRN O((N1 NaNsNyNs)-).

5 3.2 ANVHIE], BAVEREBREAY f(x) 52 T SEBR iR 5 2 Sk AU 4 Hh 4k B — o4 2 18] (4
KA, I s(x) X el AT IRy, Horb o 2 2 SRMOM s i 4EFE 3R, I 4 JRom T o 0 1 I
B2 48 AE GPU L (R HE T SE IR Al T 2B Fi 22 SRBOM i H 4 B2 SR AR A AL T AR AL R IO 181 AT L
HAEIR B 2R I R BRI S, BATE CPU _EBEtT T RERSER, 4R KI CPU L
BRI, M0 AN _E TS, TR D0 R% 5 A R AT K.

N T AT GraphNAS [ A 48 28 25 8] o 1) 22 Sk BRIt 208 2 FD 06 263 L ) P PR 5 6 AR — 2, AT
IRYE GraphNAS 1 JFUAAE A R P R 2 1) I e (i, R X P RR S50 mT BEIE SR DI RIRRA 5 h R ik
L 42 k. BRI PIR S HOEAR K 280 2 BA RS HERTER, O T > FE 18 R =)
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o HEIKT GE IR A, FoAT T I R S BORAR KT 1280 B —oodl (VI an ta g2k 4 05 e
BRik VO . AR NIRRT s(x) Fem i o4 X —He b 5 22 SBOR S 48 B ik ik
B, 3% 42 A= 0N R AR 2 45 1] P = 2 ek B R g FRAN 19 L AR A 2 ) R A J e 4 2% 4
4.2 HERKREE

AT I SCHR [41) H R BRAL 2 3] 7 VA T A B e P 45 22 2 A v oAy B AR 5 2% e 2k 1 e e 2 TR
LRIER. i AT LA R R,

HE N EMN IR M, — DN NEE Diain, — MRIUEE Dy, WEFE H, DU
TSR T, FRBNBEHY m* € M, 15 HXT N B A B AE NG Divain LG, ZERAESE Do EHY
YRR BE, T ELAEREE H R R KT T, B

m* = arg max accuracy,,(m, (m)), )
meM’
N q:]
M ={m|m e M Alatencyy(m) < T}, 10)
0(m) = arg min Lain(m, 0), )
9

accuracy,, & FIFHE 28 BRI TR IR UE 56 L FIHER 26, latency ; (m) J& m XL EIAPE N2 EREA: H
L RIHEWTREIR ) Lopain A2 PSS U 73 S840 2%

7 8 1) PR o 20 ) 2% A ) 48 2R 3 () L ABOR T AR R 4%, A SO — N = )2 MLP B0k 11 &
PHER X 26 BEA (R HEWT LB IR . 5k 2 ST FE TR B 2B reward HH R 7 EAS:

lat -
reward = accuracy X ( a ;ncy) , (12)

Hh T, w 1% E R H &, accuracy & BIFHA A ZUGIEIRIESR Dy EAIHERZ, latency 22
HEWTIEIR.

5 SLIGFNTTiIS

5.1 HBBEMESHLE
5.1.1 HiE&E

N T UE A BRATER W v A R, A SCHE CIFAR-10 Al CIFAR-100 34 F X HTAS #4777
XFEESESS. CTFAR-10 /& —N 10 /- KM EHGEIR4E, AP as 5 BkIIgREGA 1 kil EE, &
TR By 32 x 32. CTFAR-100 J&—4 100 7RG E R 4L, HAh 7S CIFAR-10 —£KL.

[FI, FATHAE Cora, Citeseer A1 Pubmed #4545 EXF HGNAS #EAT 1% EESES. X 3 MRS
W CHI R RE, HIENE BAER 3 P4AH.

5.1.2 BRFMNIGZESHRE

£ HTAS WIsEirf, 7 M@ e B i 2 a5 1m), AT R RER RS e = 2 4, JHE
AR g = 8 H. BATB o 9 1 REFEEBRER, JREETEHIT . EH R LR
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* 3 RMSIRXAREBEERER

Table 3 Information of citation network datasets

Dataset Node count Edge count Feature length Classes
Cora 2708 5278 1433 7

Citeseer 3327 4552 3703 6

Pubmed 19717 44324 500 3

rh, B2 R SR 4G H R S Y 2, A B RIS [7) AR AN B (ks
HERT o 25 ST VE%). O T HEAT A T LL, FATREF 15 TAS 17 ol [ i A 87 1k 19 ok
P52 b 0 W8 R (e R A7 o, AT TN 2 S 25 1y OB, R S 0 E
BB e L.

75 HGNAS HISEBrtt, 3018 o 9 1 K 42 AN EEA 2 S8 e 4L, DLMER it
KR, KPR B EOR I w BN 0.07, BRI Z AL 5 GraphNAS 41 (R4

5.1.3 IEIRVFAE

BAE GPU Al CPU A3l BHT 75256, 7 HTAS FISEH, GPU FI%L5 i TITAN X(Pascal)
GPU, CPU 175N 2.30 GHz Intel(R) Xeon(R) CPU E5-2630 0. £ HGNAS [5246+, GPU (5
N GeForce GTX TITAN X GPU, CPU HJZ45 4 Intel(R) Xeon(R) CPU E5-2630 v2 @ 2.60 GHz.

7E HTAS HJse5d, 1T CIFAR #E R BE 0 HFR g 32 x 32, MU, FRAMEH — LB
T AE B BURAE i AR S AW B IR . tedt, BT EME B MERSTIS GPU IR A AR, JATTHE
GPU FSEIRmHEH EE CPU BB RIHER ). BRI, AT GPU R RS E Dy 1024 SRl &
GPU iR, fE# A W CPU MRS 88 IR E N 4 SkRIIE CPU EiR.

5.1.4 H%

H A R RE AR AT TAS 777 3 G BT oSO 1 28 S, AR T AR SC 32 B2 O ) 48 2 25 ).
I, BATANE HTAS BN AL 7098 2 SRS A B3 AT LU, 9 T IR AUA SCH I R S R 4 &R
25 B A R, BRATERR T — AN MRl S 7k TAS 7)) 3 b 7 L7 JRUA 48 28 25 IR R A SCHR HE )
RN RS IR, [FREH, FRATE HGNAS #1 GraphNAS [AlEAT EEAR.

5.2 HTAS #1 TAS BYSLISZE RELES

£ CIFAR-10 EMIER. BATE GPU FEH HTAS k%% CIFAR-10 i L2 A
ResNets 12825584 (L2 ResNets32, ResNets56, ResNets110), 5503k 4 frox. ML TAS, 3k
I THELEA R ResNet b IERf R AHUT 80 8 i, HLAEWTZEIR EAK. X+ ResNet32, R4 HTAS
) FLOPs Lt TAS KIS, {HIE HTAS FIERZREL TAS ¥ a i FIE, B RHERTZER (18.4 ms) itk
TAS (35.0 ms) $& 7 1.9 fif. #8% ResNet110 FISLIe A5 3] 7 AHRIRISE R, IXIEH] 7 #2251 FLOPs
ASE BR R 24 238 A — B AR 148 R s (R it 1 v AR B R %, BT B IR B FLOPs &
DU EL AR, 1X 2 HTAS FRIHE T E 38 SEAR I 3 225 A

7E£ CIFAR-100 ERIZER. ATEAFRMAE/F LR T CIFAR-100 £¥54E L1 ResNets, /£ GPU
A CPU ERIRZHUIEH T HTAS #UAR] 1 B i ptERe, 458K 5 fis. £ GPU 32 ResNet100
i, TAS 7 {HEWTZEIR /2 90.9 ms, 1] HTAS BIHENTAEEZ 41.0 ms, tb TAS $R 7T 2.2 f5, 3 H FLOPs
FAR, MEMRE R, BT GPU 4, RATMERIE CPU BRI IEEIAE T EirrtEfe. EAER
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#* 4 7 CIFAR-10 £33} ResNets SHATRAHNFFEHAITILR. “Dep.” &7~ ResNet HJRE. “CIFAR10”
FRTE CIFAR-10 E£RY top-1 JEMZE. “GPU” Fki#E GPU LNUEHMHEREIR. “FLOPs” FR/REMERER
{EHNRH. “Param” REMESHHKE. WAERER ResNet, FMRHA HTAS M TAS #8tt, EMHFIA
ek ES, HERER

Table 4 Comparison with the state-of-the-art method for ResNets on CIFAR-10. “Dep.” denotes the depth of ResNet.
“CIFAR10” denotes the top-1 accuracy on CIFAR-10. “GPU” denotes the inference latency measured on GPU. “FLOPs”

denotes the number of multiply-adds. “Param” means the number of network parameters. Our HTAS achieves lower
inference latency with competitive or higher accuracy for different depths of ResNet

Dep. Method CIFARI10 (%) GPU (ms) FLOPs (M) Param (M)
o TAS 7] 94.33 81.6 199.3 0.80
Ours 94.33 44.8 124.0 1.57
i TAS 7] 93.69 42.4 59.5 0.45
Ours 93.42 31.5 58.5 0.73
. TAS 7] 93.16 35.0 35.0 0.32
Ours 93.34 18.4 37.7 0.48

* 5 f& CIFAR-100 Lt ResNets SHEI&RATMGFARITHEE. “Manual” FRRERBIALIRITH
ResNets. “GPU” # “CPU” #3I%R R GPU # CPU HERMNEHLR. “CIFAR100” FR7E CIFAR-
100 L#Y top-1 EFEE. “Latency” FRNREIEX MMM EAVERTIER. HARLA HTAS £ GPU #1 CPU
Rt Ee B ERRELSESRN

Table 5 Comparison with the existing method for ResNets on CIFAR-100. “Manual” denotes the manually designed
ResNets without searching. “GPU” and “CPU” represent that models are searched and measured on GPU and CPU

respectively. “CIFAR100” denotes the top-1 accuracy on CIFAR-100, “Latency” denotes the inference latency measured on
this hardware. Our HTAS finds more efficient architecture with comparable or improved accuracy on both GPU and CPU

Depth Method eGPy Py
CIFAR100 (%) Latency (ms) FLOPs (M) Param (M) CIFAR100 (%) Latency (ms) FLOPs (M) Param (M)

Manual 74.51 144.0 253.2 1.73 74.51 144.0 253.2 1.74

110 TAS] 73.16 90.9 119.6 0.84 73.16 113.6 119.6 0.84
Ours 74.51 41.0 119.1 1.71 74.93 51.5 126.0 0.84
Manual 73.18 73.0 125.8 0.86 73.18 100.0 125.8 0.86

56 TASI 72.25 44.1 61.2 0.47 72.25 59.1 61.2 0.47
Ours 74.22 29.7 72.9 0.99 73.01 34.9 66.8 0.47
Manual 70.44 41.8 69.1 0.47 70.44 56.6 69.1 0.47

32 TAS[ 72.41 33.7 42.5 0.43 72.41 42.8 42.5 0.43
Ours 72.34 21.6 47.0 0.58 72.39 24.4 47.0 0.32

ff)52&, HTAS 7F ResNet110 _FRIUERIR A 74.93%, tb TAS 71 @& 1.77%, - H HTAS # 2 H 22 /41
HEWTZEIR (51.5 ms) Lk TAS 7 (113.6 ms) $R T 2.2 f5. HTAS 7F ResNet32 L IMERIZR L TAS B,
ELHE DT S IR ATY SR BE PR 3 T RS2 R DAy 70 A S i P 8 2 2 () gl 32 S 199 5 58 A2 ) ) ) B A T, g
S A )R] o A [) 045 2R ), 48 2R S ] e B e DAPR R RA 142 tH (0 48 2R % )

AT HTAS FEX LS8 A7 77 1 SE a6 45 FAEW] 1 AR R SR A i 5 BB AR AL, BEAh,
TR R R $ 2R A 18] AR K/ INRISCRR 7] FF AT $52R As 18] 1K/, Bir ASRATT I 7 iE AN 7 AR 9
AR R BE I ZRAA Tt ETA B SE 4 A TR RE.
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#* 6 HTAS §E7E CIFAR-100 L ATRIMEHERESHAEE. “ResNet32-G” RinA GPU #% ResNet32
BRIRRE, “ResNet32-C” A CPU #EBMIRAE. «(t)” RABUNEREEBERESDNENER. #BH
RYMREY 7 EL BRI 4 EEREE 55— MEBYR

Table 6 HTAS searches efficient models for different hardware on CIFAR-100. “ResNet32-G” denotes the searched

ResNet32 for GPU, “ResNet32-C” denotes the searched ResNet32 for CPU. “(t)” denotes the searched model is measured
on its target hardware. Both of the searched models are faster on their target hardware

Model GPU (ms) CPU (ms) Top-1 (%) FLOPs (M)
ResNet32-G 21.6(t) 26.8 72.34 47.0
ResNet32-C 23.5 24.4(t) 72.39 47.0

5.2.1 HTAS A AEEH L8R EHNER

DAFE BB T OG H) TAS 5 iELEAS B BORE A b3 28 A0 [F) (R w22 2040 SR, AN R A A 5 46 O AN TR
FRIE AT RE 2 T BUX B 77 H BRI R H AR I 45 1 IR AR SR A4

T UEB FR A A, FRATEE T 7E CIFAR-100 4546 | HTAS 7E GPU fil CPU B3 ZR KB4
PR GERNFR 6 Fras. IATIE T X MERAE GPU Ml CPU _LRUHERTIEIR. A &R
IR RS A B T ARLRIHERR R, 22BN 72.34% A1 72.39%. XFT ResNet32-G, 7£H: HARrfE(E (GPU) E
(PIHERTZEIR N 21.6 ms, M'ELEHE R CPU L 1IHERTZEIR A 26.8 ms. ResNet32-C £ GPU L[4
WriEiR N 23.5 ms, tb ResNet32-G £ GPU _LHIE 1.9 ms. A1, ResNet32-C 753558 21E 1) H bt £F
(CPU) LIHEWTAEIR Y 24.4 ms, EE ResNet32-G £ CPU EHMIK 2.4 ms. IXELE510 00 A AR H bR
A4 R T T 2R 10 A L.

5.2.2 HTAS AR ERZEFHER

ZRTHISEYS CAE] BT R S W A R, R 3 T IRATAT BLA ) HTAS X TAS JRA K%
R A G B2 NP KRR A 6], MR R N, R, AT
CIFAR-10 $oda 5 b s ok id W i e 5 i ) 4 vk

5, A AT AN K5 )4 R 24 18] 0 A TAS (8 24 (R aG Jr i A3 3 1
H A BE R IR R R A (R A IE 53, 1981 4 PR [FIHR R 2 I AT s, S5 Rk 7 s, 2Rm, Al
BEATSEBGRAR T (1) P SH o MR PR RS 2R 5 1A DL S 2R S5 RV BRI S, 45 RNk 8
B

FREFERTEOMR. WK 7 PHATATUE M, JEREREET KT e = 2 51, TAS Al
HTAS HJHERIHA FLOPs 52 AT LPAHAE, (AR BE R T, Ll YRRt — D0,
BATEIZ — IR FEZ PO AR B REEESS 2] e = 2 (50, WRIEEE SR EFFEK
3 S AR = K, AR b EE K, R O SRR A SE IR SO SR, DR AR ) 2R SE AR T
FEAIK.

R RE MR R EBIBR. WK 7 AR AT DULBL, £ J5A KAy K5 48 2R 4506 (i
e =2) 1, {E AVREPFIBCR R 45 2R A3 (AR I8 VAT R IR e R0, AIANE 207 i 2R I 2R AR L,
HEWTHEIR SARTEAR. SOk, & 8 Jeom T AE o MBUETS (B0, 0.5, 1 A1 1.5) 2R ABIALPERE. FRATD
AR HE o = 1 I, B AR AR SE IR B AR b b A i A 0 2

5.2.3 HTAS 7 CPU 1 GPU H#ZEHHZeME Lk
FATHE— B LB TE GPU A1 CPU 4% ResNet32 53 HZEH. 13 9 Fios, CPU {mif 7 1M
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x 7 2REZRZEHKMERTEWETEZNLLRER. «o” RRERTEIAEH. “TAS” RRERXHE [7]
PR EMIES AR SHRE. “Ours” RAERBHRMNERTENES A GRIER
Table 7 Comparison on global search space expansions and on the search space construction methods. e is the factor of

search space expansions. “TAS” indicates a model with the search space construction in [7], while “Ours” indicates a model
with the search space construction in Subsection 3.2

Dep. Method e CIFARI10 (%) GPU (ms) FLOPs (M)
TAS[7] 1 94.33 81.6 119.3
o Ours 1 91.17 110.8 119.6
TAS[7] 2 93.81 49.5 128.3
Ours 2 94.33 44.8 124.0
TAS 7 1 93.69 42.4 59.5
Ours 1 91.95 36.8 65.8
% TAS 7] 2 93.29 38.5 65.5
Ours 2 93.42 31.5 58.5
TAS 7 1 93.16 35.0 35.0
" Ours 1 93.26 32.0 37.5
TAS 7 2 91.51 18.0 36.3
Ours 2 93.34 18.4 37.7

* 8 EWHRHANNERTEWESES, TR o REMLKRER. o R (1) FHSH. XBRPHLERRTEE
PRT e=21&

Table 8 Comparison on different « in the Hardware-aware search space construction. « is the parameter in Eq. (1). We
chose e = 2 in all of the experiments

Dep. a CIFAR-10 (%) GPU (ms) FLOPs (M)
0.5 94.00 49.7 127.9
110 1 94.33 44.8 124.0
1.5 94.27 50.1 132.0
0.5 93.76 30.8 69.4
56 1 93.42 31.5 58.5
1.5 91.48 39.1 65.4
0.5 93.16 22.0 40.8
32 1 93.34 18.4 37.7
1.5 93.10 22.4 41.1

DRI T GPU (Wl 56 MR AR AL, AN, CPU F1 GPU 5 i 7£ 555 IR B B2 B0 2 AR Y. 3X
Le 250 W] DA FRATEANRIBE AR & b3t 22 2 SR A1k — L5471 LA

5.3 HGNAS F1 GraphNAS BISCIS 45 RELE

TEARSZIG 1, BATH HGNAS A1 GraphNAS ¥4 SCHR [41] Ho 077 2SR e 2 280, B i
FEFR PRI 1000 AN ZEAL %k R R I w280, 55 R 10 Fow, ATLLE B, HOGNAS 48 H 42
P15 GraphNAS FIAHEL, #ERfR T HAEIR AR, Rk, FTLAAN, HGNAS K48 2R 45 B 75 & T
(17, B AE 8% 2k 4R A0 0 LA 5 v v 23R 11 ()] 0k B I ) HHE T 2R
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# 9 7% CPU M GPU L#&E ResNet32 BRIRRMAILLE.
“ResNet32-C” &kxA CPU #GHIRE
Table 9 Comparisons of the architectures searched for ResNet32 on CPU (i.e., ResNet32-C) and GPU (i.e., ResNet32-G)

“ResNet32-G” FirA GPU #EMRA,

Model Stage Layer Block Input channels Output channels Stride
stage = 0  ilayer = 00/05  block = 001 iCs = [20, 4, 4] oC =4 stride = 1
stage = 1 ilayer = 00/05  block = 002 iCs = [4, 8, 35] oC =35 stride = 2
stage = 2 ilayer = 00/05  block = 003  iCs = [35, 107, 107] oC = 107 stride = 2
ResNet32-C stage = 2 ilayer = 01/05  block = 004  iCs = [107, 128, 92] oC = 92 stride =1
stage = 2 ilayer = 02/05 block = 005 iCs = [92, 128, 107] oC = 107 stride = 1
stage = 2 ilayer = 03/05  block = 006  iCs = [107, 15, 128§] oC = 128 stride = 1
stage = 2 ilayer = 04/05 block = 007  iCs = [128, 15, 128] oC = 128 stride = 1
stage = 0 ilayer = 00/05 block = 001 iCs = [32, 6, 6] oC =6 stride = 1
stage = 1 ilayer = 00/05  block = 002 iCs = [6, 64, 64] oC = 64 stride = 2
ResNet32-G ~ stage = 2  ilayer = 00/05  block = 003  iCs = [64, 128, 128] oC =128 stride = 2
stage = 2  ilayer = 01/05  block = 004 iCs = [128, 32, 64] oC = 64 stride =1
stage = 2 ilayer = 02/05  block = 005  iCs = [64, 128, 128§] oC = 128 stride = 1

% 10 7 Cora, Citeseer, Pubmed =f#iiE&f CPU, GPU H#iE# 5 GraphNAS 1 #{THLE.
“GPU” 1 “CPU” #3l&R=#E GPU M CPU EERMUEMLER. “Accuracy” RERHAIEEAER
#. “Latency” FREEIEX MM ERHEENEIR. HAELAN HGNAS £ GPU 7 CPU L#REHEESN
BEMmEALHESHEN

Table 10 Comparison with GraphNAS [4!] on three datasets (Cora, Citeseer and Pubmed) and two hardware platforms
(GPU and CPU). “GPU” and “CPU” represent that models are searched and measured on GPU and CPU respectively.

“Accuracy” denotes the accuracy of the searched model, “Latency” denotes the inference latency measured on this hardware.
Our HGNAS finds more efficient architecture with comparable or improved accuracy on both GPU and CPU

GPU CPU
Dataset Method
Latency (ms) Accuracy (%) Latency (s) Accuracy (%)
o GraphNAS 2.4 83.7+04 0.13 83.7+0.4
ora

HGNAS 2.1 83.3£0.1 0.03 84.0+ 0.2
GraphNAS 7.0 73.5+£0.3 0.66 73.5£0.3

Citeseer
HGNAS 2.9 73.8+0.1 0.13 73.94+0.2
GraphNAS 13.5 80.5+ 0.3 2.15 80.5+0.3

Pubmed
HGNAS 4.6 80.0 £ 0.2 0.18 80.1+0.1

5.3.1 HGNAS F1 GraphNAS BYHIE IR PR#IAYSEI6 45 R EL5;

bR T % HGNAS BN — Rl 2 2R 48 22 07 VA4 H IR B B I VERE A, BATTIE AR B DA AT
A58 P PR S P 98 2R 2 TR RN 2R SRS AR B R0, RV AR 2845 2111 RININ $2 ) 4 7 A= v R 2R AE) 1)
BRI E A SEEG ) RATT% GraphNAS F1 HGNAS ¥ M YIZR4E5 R 5 1 RNN 4546 28 BURE 100 ANZEH,
SR G R IX e R HEAT LRI 434

PRAE S 4.2 /N1 FFORTRIF F2 0] R 8 S, FRAT X e s R 5 4 48 S 1) 2 45 7 S IR R
Je i X e R R R 7 E BRAE A b AR T A IR AR T R AR BRI SRR, IR EL T 2 IR GRiX e e R S
AER R I IAME, f5 5 15 320 WA 26 B i I 2 A D S AR AT PR 1 1 s DR B8 A . AT TR PR A R0 44

R

i
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% 11 HGNAS # GraphNAS £ GPU LAIHERRHIAILE
Table 11 Search results of HGNAS and GraphNAS with latency limits on GPU

Dataset Latency limit (ms) Method Latency (ms) Accuracy (%)
5 GraphNAS 1.9 83.24+0.2
HGNAS 1.9 83.5+0.1
Cora
4 GraphNAS 2.1 83.6 £ 0.2
HGNAS 2.3 83.6+0.1
5 GraphNAS 2.0 73.3£0.1
HGNAS 1.7 73.5+0.1
Citeseer
4 GraphNAS 3.0 73.5+0.1
HGNAS 2.4 73.7+0.2
5 GraphNAS 1.3 79.0£0.1
HGNAS 1.6 79.6+0.1
Pubmed
4 GraphNAS 2.1 80.2+0.1
HGNAS 3.6 80.1+£0.1

% 12 HGNAS # GraphNAS 7 CPU MR RSIHILE
Table 12 Search results of HGNAS and GraphNAS with latency limits on CPU

Dataset Latency limit (ms) Method Latency (ms) Accuracy (%)
m GraphNAS 31.7 83.2+0.2
HGNAS 27.5 83.5+0.2
Cora

%0 GraphNAS 45.4 83.3+0.1
HGNAS 40.3 83.6 £0.1
10 GraphNAS 32.6 72.24+0.2
HGNAS 39.7 73.24+0.2

Citeseer
%0 GraphNAS 68.9 73.3+0.1
HGNAS 46.2 73.6 £0.1
GraphNAS 89.7 77.44+0.3

1002

HGNAS 90.5 79.2+0.2

Pubmed
200 GraphNAS 115.0 79.6 £0.1
HGNAS 191.6 79.7 £0.1

a) We choose different latency limits on Pubmed, because it is a larger dataset, and CPU has low parallel computing

capacity, leading to higher inference latencies on this dataset.

B T IA AN A R RE IR FR A, SEEG A5 RAnsE 11 M 12 Fros. FIRLE W, ER A EIR BRI T, HGNAS
RIS R A R M HER R B A SO0 T GraphNAS, HAEBARAIAERIRE| T, HGNAS 8 H AR i #E
Y . JXUEY] HGNAS fJ RNN $2 i 25 575 5 7 AR IE IR H i vHE A 5 (1 2.

5.3.2 HGNAS FRBIEMERBITIERERNE M

N T IRFUA N E R H P I S BURE X R S5 R A, JATHE GPU M Citeseer itk EXF 24
w A [F) B R BEAT SRB8 I F LERLAE . 9 T 5 GraphNAS BT LU, AR S0 48 Zoad R 3 AR A A A
SRR 2 25 ).
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Figure 6 Effect of different w values on search results. (a) w = 0 (GraphNAS); (b) w = 0.05; (¢) w = 0.07; (d) w =0.1

K6 bui TSR w I3 E pR 20, DIZRAG 2K RNN S 25 BURE HY 1 1000 S ZEH0 1 HE T
JEIR 55 R A B 0 A 12 D SR HE T SE AR RAEff 5 (¥ — 4k B3 18, o AR RAE 0.7 ~ 0.75 2
[, HEWTIEIRAE 1 ~ 6 ms Z AR SRR BEAT Gt HERR A FIHE I AL IR B3 595 2 30 AN IXTR], B /g
PR, B TE NZIX 2o % . o, 2 o = 0 I, R FERISE4 T GraphNAS.

FLLE Y, GraphNAS #8228 70 A SR LU 51, IX B BRI IR I AR E IR H AR, w
EDBEOR, RN 428 1] 25 ESURE H F R O S A8 B AABR ARG, BV 5 fi 1] 0 S 38 T A v E A 2.

6 51t

ASCHRH T — R RN A 2 SR RAE 2R S T — AN IO B (4 R A ), i
TN T HHE BT 4 3R 198 2% SR AN [V Bl A 4K ) S P PR 4. 4R BRATTBT 200, AR SR AN TS LE TAS
Al GraphNAS {8 F R I 48 2% 2 [a) 1) A FRATAISLEG R B HTAS BR/ERIAS CIFAR $idl 4 A1
ANTR] R b L 22 W e S 1 7 VR B, XU R T AT AR . [FIE, HGNAS 7EHH ¢ B4
W SIS IS T ARG I RCR, X B B BT 1 TR B E R, RIRERS 5 S R 4 ey
WRFFMEE

FEARSK BIRFE TR, 30— 25 e A e R0 (1488 2% 2 I (0 g 32 7 9 DA B U i B e (04 2R SR — A ]
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Abstract Deep neural networks (DNNs) heavily rely on their architectures to achieve satisfactory performance.
Neural network architecture search (NAS) was proposed to automatically search for the optimal architecture for
neural networks. Most existing studies use FLOPs to evaluate the efficiency of neural network architecture,
but FLOPs are inconsistent with the actual latency. As tasks become increasingly complex and hardware
platforms begin to run neural networks, it becomes increasingly necessary to discover efficient neural network
architecture for the target hardware platform. To solve this problem, this paper proposes a hardware-aware
search space construction method. It uses a novel search strategy considering architecture inference latency to
search for the optimal neural network architecture. In particular, we propose two variants, i.e., hardware-aware
transformable architecture search (HTAS) and hardware-aware graph neural architecture search (HGNAS), to
tackle problems in transformable architecture search (TAS) and graph neural architecture search, respectively.
Compared with the existing state-of-the-art literature, the proposed HTAS and HGNAS models can discover more
efficient neural architectures for different target hardware on various datasets, validating the effectiveness of the

proposed methods.

Keywords deep learning, neural architecture search, transformable architecture search, graph neural

architecture search, hardware-aware
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