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EFFICIENT NEURAL NETWORK ARCHITECTURE
DESIGN

ABSTRACT

Deep neural networks have been widely applied in various visual recognition tasks such as
image classification, semantic segmentation and instance segmentation thanks to the rapid devel-
opment of machine learning and artificial intelligence. Achieving impressive accuracy on multiple
challenging tasks, neural networks usually require huge amount of parameters and floating point op-
erations (FLOPs), which makes it difficult to deploy them on mobile devices such as smartphones,
embedded CPUs or mobile GPUs. Therefore, accelerating neural networks, or designing efficient
neural network architectures becomes increasingly popular in recent years.

Previous research on efficient neural network design usually focus on pruning, which reduces
the number of parameters so that computation can also be reduced; quantization, which reduces the
number of bits required for each weight so that both computation and memory access are reduced;
and finally neural architecture search (NAS), which explores a much larger design space for NN
acceleration including kernel sizes, network depths and even network connections. However, previ-
ous work usually focuses on applying these techniques to design efficient image recognition models,
leaving the optimization of image segmentation models understudied. Comparing with classifiers
which require less computation, and runs fast on CPUs, mobile CPUs, or even microcontrollers;
image segmentation models cannot run in realtime even on some high-end desktop GPUs, such as
NVIDIA GTX 1080Ti. Such challenges make designing efficient deep neural nets for image seg-
mentation important in practice.

In this work, we discuss the problem of efficient neural network architecture design in the spe-
cific domain of image semantic segmentation. We propose a novel neural architecture search (NAS)
paradigm based on weight sharing, and use parameter quantization to achieve automatic neural net-
work design on multiple platforms such as NVIDIA GPUs (1060, 1080Ti, 2080Ti, Titan RTX), and
CPUs (AMD Ryzen7). Our pipeline directly models hardware latency instead of referring to inacu-
rate proxys such as FLOPs / activation sizes. We give in-depth analysis on the behavior of NAS from
the hardware / system perspective. On the Cityscapes dataset, we achieve uniform speedup on all
five hardware platforms, with best results on GTX 1080Ti: 1.2x speedup with 1.1% improvement in
IoU. Even on NVIDIA GTX 1060, which has been ubiquitous since 2016 and is equipped on many
laptops, our automatically designed models can still achieve 43 FPS inference speed, which demon-
strates the effectiveness of the proposed technique. With automatic mixed-precision quantization
policy search, our quantized NAS networks reduce the BitOps of the 8-bit uniform quantization
baseline by 2.2x without incurring loss of accuracy. We also present the transfer of the proposed
NAS pipeline to 3D deep learning, which also achieves impressive results: reducing computation

by 1.5% but achieving 3.3% IoU improvement comparing with previous state of the art.
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RSN ) ((BA EERH)) B8, o mT LA i g i a2 i B9 D0 A AL FE g
EARAS I . 11 H T PatDNN B A B4R B REE , LAEAERT LAARIG A T AR BT AL (23] #
IHIBEBT 5k (25, 41) Z [ E46 k. b4, Slimmable Networks [83, 82] 25 J& T # £ i 45 5
R 22 BB e AN ) T 18 1Y B A R AR T — N B A AR R B A T — 1l
45, SlimmableNets H 75—V ill 258 ] LLJT (b 57 e 5 Rh BT RL Ho ], KRG T 3B 94841
)5 & T J5 2RI One-Shot #fiZ W 28 S A4 2= B

222 ML

P8 Do 28 B E L sl N2 A e LLIA B8 D THERTN AR5 TIOR3 e 22 (90 25
I 1 238 90 % A0 IO PR 2 0 3 A AR R 7 BEAIR Y bR, SRV INTT A, IFFI b FE g i
SRR A AR LB AR T REIR o MM 2% AL i BB sl R IR IR O 8 U
A6 [35] /R, T 2 J5 B9 T./F DoReFaNet [88] NIJ#2E H B (51128 (Straight-Through Estimators) 5C
T RIS Al 1 PACT [1 1] AR AL BRI AE T AT 27 > BO#EUBT {8, #2 71 T DoReFaNet
LEM B FIE S S HAE R o A, TEAR/RANE e U iR (786 INQ [871, FFAA—IK
YERLETEZE, 2B i R R Ul 8 (L REEER TR . AR LA O &
FrlZrr AL SRENG , PlanspsE g Bese 9 TCEER AL I DFQ [47]1, AT LLE B I 2R 4T
HIFE BN B MR A (calibrate)  HYFHNL T ToHiHb R e Bl . kb, BHA
AP IR R R AL, a0 —AE R [14] BB [90], o AE R R AR



2" 4.55:(““5 SHANGHAI JIAO TONG UNIVERSITY _'Izéll_]_ ;s)’[ ?qi gé W gﬁ *ﬁ;j&ﬁﬁ 9"'_?'
223  ERU MR

AN, XIPHAE N [42] 8 H . X ITA A KA I 45 -1 TBI A AT REFEAE T B 1R LT/ M
o WET B 2 AR TiZ TR R, Bl R <F/NF 500KB [ SqueezeNet [29], &4
BRSO Y R A 3G Rk 0 4 5 B T4F MobileNet [28], MobileNetV2 [59],
ShuffleNets [44, 84] 2%, HF MobileNetV2 [59] H#2 H A9 Mobile Inverted Residual Block 7£ 3
RSO AT 55 ARSI A

2.3 fHEZM%EEFEE (AutoML)

FET AN B A1 22 00 2% k20 5 TR O N8 G m] R R ST 23 [ A R ITT TC AR A5 A I Y
Wit BRI, BFIE AR A ML 5 3 % (AutoML) ik B K K R 25 A, LA
JVRATHG J3E - A A B (RO o

23.1 FSHEFETTE

AAORIRIAT A E ST 61 73T 2 IR A9 AutoML J53% [9170 — 3T LSTM 1%
il &% (meta-controller) #F T RAFMLMLEEEHY , F LML HAR KRS LAk
M2k, PSSR PEARE BER T s s il g . o oRATRRAE [92] 4Rt TS fh o7 ST ik
FERFERCRE I ME R A ], R 2 — MBI A4 7542 10* GPU Hours DA Fo SR, HHIH]
PATBA I FH S AU B S8 T REAE A2 3hist #3217 MNasNet [67] A1 EfficientNet [66]
LML T RG22, LA NAS-FPN [18] A FH ke il .

232 FTHEMEHEEITE

BT & D R E R R R RS R SR, AR R IR A AR BT 2%
SR A S A A el O 2 A S e =R Ve EA S e et =T =B g ) G - ST T S R T < 34
ACEE AT DA IR 28 HHA R o 326 DX 2% F A 4 o 258 25 A48 RAEAE S ) i I &%, SR IE kA T
R, SRR T WS ETINGREHITIE . XI5 FE S A4
7 (DARTS [38]) H1 One-Shot #iZ5 2548 2 [2] WFh KLk o

AR [38] FEE M A ESHEG L5 | N —EH N R S HOR RAF LK 20
P, 7RI Y i SR A I T X R S BRI E S G TR R R
B, HARMSEER RIS A RER R ok, A2 B s MR« J52: T4 Proxy-
lessNAS [3], P-DARTS [37], PC-DARTS [80] 43 Bl T DARTS 2552 A Fa5E AR S R
Y TR, R o 22 9K % B A 2 1 TS T R 2 TR AN B RAAEG 22 5 )1 5 B BB A [ 1) 7K

AT E R (RIS SRR S SRS ) . One-Shot #IZ ML 28 [2] A
TR _E AR TR A RIS = I R . A [20] #5 . T DAE AR T B4 S B 1 L
B SRR R I A S SRR R — EAUE IR R N, SRR DN E TR A
TR A R R THRBR G T SR A T4 o JE2E TAE (63, 41 $2 8 7 SE 4k B AU (E 1
2, RN T R M ZRI A HAPZERR5E AFE H Y Once-for-All B2 /2 7. ImageNet 44
P2 2 FOEHT I 2585 SR I ZE AR BRI 22 2 N
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233 MM H IR RAAETIRL PR

GG TR S S Raifi: de o) A EC AR 1B o o Sl = e NDIVAVS I U 5B I I 7
T [20] $2H AMC, FIA58EAE2: )35 1T ImageNet AR RGBTSR, I LLASIEL AR
X [21] R4, ELAE /MR 111 MobileNet [28] R LA £ A4 5750 246 188 78 505 A 19 skt
BCRNIRGHAEE . Ja KT One-Shot fYTTAISENE Meta Pruning [39] 3Lk T AMC JEi% =20
ACPRFR AR B RIR S5 . AERAT IR EERERY 45 72 1 MobileNetV2 [59] _Eth REBUS i -

FERI AL T, IR T SR b4 2T 732 HAQ [72] 132 One-Shot []73% Single-
Path One-Shot [20]. HAQ 4 RE FLL & 45 i1 FPGA JERT S (54 A 5 A0 27 > B REAR 3Ll
(reward) , FEMLEERSRALE S BRE RIS B [FIRE P45 A R A F AL 56 o Single-
Path One-Shot UTCF AL =2 >, M TS AL SR BLAAE BitOps BRA N 18 28 s R B AL k0 2% o

24 AELL

AEH, BAMRTT T EGIE L FI GV R A — ek, IR gk, BT HREE
RSN R G 5, FRAIZRE T SR M 2 ST asiny L2848, N
SR AL ML B R . ARRIHENEST AR BUE 1A



¥ ;é x 4}6 A
.

. b

) )\ﬂ T
& /40 TONG s SHANGHAI ]lAOTONG UNIVERSITY

= A 22 ) R A B FR 5T

EB=Z8F Ak

FEARZE, AT A48 4 A 5 RO 48 0 2 80T 36 A TG E o B rR Y R
TN 15 56 1 AR AE Cityscapes B EE [13] LRIy, Hk T B 2R
FastSCNN [52]. #8J5, FRATE AN One-Shot M2 W 2548 %= 1%, IR HRBRIE.
IRAEAT TANR T R BRYERI I8, FATTHE HH SR One-Shot A ML 22 771, HARE
SR VREEIECAE . B REE TR . ST REAS B ST . FRATTHR R R &
#£ NVIDIA GTX1080Ti & FBIF A MZHIRMAUA 4 K GINZREA R 45 o 7] 75 22 2
R, HHFEE— D MZE B A RN OO FE R 10 /NI o BT A BT I8 53 B 22 1 2%
1 2016 FE5E L4931 3 114 513 A1 4% [ T AL B 28 NVIDIA GTX 1060 1] LA % sz 45 (i
ULIIE L4 ER58,  DeepLabV3+, R R A S8 0 T 4%, ZRMELE B V100
GPU LARAGFSEITRE) o FATEAE T —F 45 Hi 2 One-Shot #1242 W28 22 77 11 4E £ F
& LR A M PRSI — 22 44T

3.1 EXSEELRE

Mobile Inverted Blocks TRBET S B Mobile Inverted Blocks — {REET] 43 B 40

7 A N 7 A N\ /—Aﬁ

oo
o iy L T
i B *ﬂ‘[’ﬂﬁ*ﬂ{*ﬂﬁﬂﬁ samn wune ~Ql— - (] e

IS BB
BT BRI JH IIHIE L EIBG

A AN

B 3—1 H3E Mo EA A T4 49 MobileNetV2 [59] F= 4 & X 45| £ #7i% 3149 MobileNetV2,

ik IoU izf7TitE (ms)
MobileNetV2 B #iF# 62.0 36.3
MobileNetV2 FHi%it 64.4 11.7
MobileNetV2 FE 1%t + O PERKRZEER: 683 13.1

# 3-1 R 69E X5 F R E 269 2. SRk, T, £ 4355480
MobileNetV2 B Ak 69 & I Ae & 2049 EAT 0T 1) o

AR 3-1FRJER T Bttt 0935 o3 BB T D EL B & ImageNet (143 J5 A58
MobileNetV2 [59] Z Al %F o B FFAT B bR 3T T LAE BT AR &8 AT Se iR
TE S E R 2%, FRATREEH T MobileNetV2 [59] Hi#2 H [ Mobile Inverted Blocks. X
5= ML T Bottleneck Residual Blocks [24] B fHZE W28 LA, AN[r] AL T 10 AR
WONRE BB, HEABRIGY Ik AT 1 (i3 Bottleneck Residual Blocks H1ff) 1) .

TE A BRI N\ PR AL 1024 X 2048, 29K BG4 SRR 4 x —8X. JX{f
1S ELPAKs ImageNet [15] L30T G 5 2R R 21 449 BT 55 LAFAERME. — 7T,

57 Ak 42 1T
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MobileNetV2 [59] fERI AR RAL B T B E R, SEAEFERI RIZA S Is T (a1
30% LA b, EIARRERIEEEESTHRNE Lo GUESS E it E RS0 32, aRIR SR MELL
DA IR (BRE AT 5 10ms LA E) o T H., an& 3-1757, ImageNet b1l 1R
B JRESEER) I T F BRI (41 Mobile Inverted Blocks [591) [y¥E@itH. #%k
iF, 1E GTX1080Ti ELIHLA/NA 8 15T, S— 14 7K%F (expand ratio) 4 6 HYFEALLH]
BT [AME ] LUA R 12.5ms, X EEERG 78RR ER S SR . I, &
G FRBIA B N R, RS T hEma P Nt FATESR 3-14hE
AN E N, A B E 28T E6 T i 175 Cityscapes 5 E1Y ToU
PEfE. FTLABTR &I, 1F ImageNet b8 [ 1311 & 5o A8 RI(EAE 15 o AL 55 R
BRI AR B IR HIERR

% BIAMER IR %, DLSGE A A FastSCNN [52] 19875, FRATT% ImageNet | 534
TR RS, DUIE R 5 B S5 R e Ho—, AT B G o3 SRR A 1 R AR
M2 R 3 vk, TR 3 S PR A RE . XK, AP FEERIEZ R A A
10 ms F&{%] 3 ms (GTX 1080Ti), [AJHARIE T JF 4L 3 A e Mobile Inverted Blocks 1F 41 T.
VELEREL ImageNet FUR IR b, ARG E I, ] DIRASHE THE g 58
W (R 3-1)0 H=, FAPEI— S0 PRI IE R SRR S A e m s B, it
& 3-1HPIHRANSEES , FRATTA S & BIZFR 22 R 3R T T UG o R [ P RE . LA,
AN T A ZEATH IS TR A (1.5 ms, GTX1080Ti) .

AR SR EHEAR SRR S, oA P RIA A IO [ il b FH A 28 i 4%
A R IR T O ) JE

3.2 #MEAY One-Shot HEZE MK HFH ik

-----------------------------------------------------------------
. 3

sample § H bR I IE & \Wﬂf

5% \
< g/

FIEEAN+1

. *
«
---------------------------------------------------------------

I 2% BRI R

B 3-2 AhZ 9 One-Shot 4% 22 ] 434 & A2,

Bender 5%\ [2] £ 2018 4E4@H} | One-Shot MIZE[M 2418 235 1%. APNZ[H) One-Shot it
W25 R AR AT Rl 18 3-2HE 85 . ERer AL, B e AR R A T R4
RN, S8)E MBI 2 T R AT E 2 BB AU T T W45 o BATTPRAEAT Hh i 22074
One-Shot MZE ML 22, FFopAfr HL R, DA IS8 BEAR 5 SO AH R RS SR A A -



BRHENEEERR

sample sample

Output Output

BN 2% R 2% CERRZ RS AT A7) A 4% Gl 3 BT )

B3-38METE: O&THAREZ M PGFMEL (MA) A E R &LEH.

/2% /2 One-Shot MiZE M 24122 [2] FP th IS TR 33T io 1 W24 AR
AR R T, BB R — R A LU

X

n

1 = ReLUBN(K,, * X,)). (-1)

TR, HPRr g « R 4EsPURIE, K, RS n EX VB TL, HATER Coy X Ciy Xkxk
[ 4D skie, MAEBUZ AN k MR 3. 11 X, AAERES n EXS I IVRFAEIE, 2804 4D 5Kt
HA BxCyy x HxW [ZRAIRCST, HsE 42K/ N FATELL I A Ron 208 25 1
75 (padding) o

ANETEEGPEM L, LR —BEEn LI MR

X, = ) f(@,;. DReLUBN(K,,; * X,,)). (3-2)
i=1

HA2 n BIRAZE a, = [, ), o @] R DBERD A, HAGREE n 200 m PR e
(B 3-3r AT RN 3% 3,5 X 5,7 x T BB, BURRMEER') EIZrh i sE.
AR, BAVE R EBRAEIE 201, RIS 940

Vi<ma, =+ (3-3)
’ m

T ER S f AR SR Z B (AR =4 AT e A B RS AR A . XL, AFAE R ST 3

f(an,i’ l) = an,i' (3-4)

BRI TR, HALA R MR AT R R i s, TRAE R AR A S/
PR Do AR KR 25 S5 I A S R A4 P B A A7 PP DR B BT A e P RO BT (L, XA 23

i b i E %5 1¢ Mobile Inverted Blocks [59] HrFH ik 2,

9 Tk 42 11
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YIZFEZE TN AT 5 HE B LG m £ (ORHBIEEEIIER BB E m) . T2, f il
GNPV TR
F (@5 0) = Vet geitrmnspiort- (3-5)

Wk, RN, AR I 20 ) B 1A A4 R AR N A7 R B — St i s 42 2RI, Ik
25 T BN AR 5 S R SRR M98, XEER f RBGE KRR 282
B o ARMER IS B TR T BB T o 250 5E N [3] $2 H (i ] REINFORCE X} ZE# 24
et ABsRA 22 SIYNG T RS IERNCAEUR, FIL, AT LU f sREs —
A (ENARI S ) &6, XSRS EL

PATESE 3-174iA One-Shot #1285 ) 2518 22 B HOBE M 28 I 2Rt F  AEREH, 3R
MEA RIS ENS I E Fro ERTIAERENT, 0025 rh i EREVLEURE —FPdE,
TR IAERET, RAIZAR NS E T

BiE 3-1 M 1%
1. X, =HiA.

2: forn=1;n< N;i++do

3 ME R, UBHMBE a, A ARIEED, il choice, = io

4 X, =YL f(a,, DReLUBN(K,, * X, ) IHEE n ZRHi .
5: end for
6
7
8

:forn=N;n>1;i——do
TS n 24 choice, FIHRAERY L% S5,

: end for

322 MM EERIE R

TER AN ARSEIUT »  3-2009 75 AR T MBI 2% Fhis SR 15 507 A BRI 7 R 2 ek
Fi. Bender 2 A J5UA TAF (2] B T I BEBEHLI MR I T EIPAG . A AEBRIE AR
R BRI T RIS AR . AR, BN R A RIRREEROR, LR [20]
FRHH R STR AR E % . BH, JROTEJERIIAIE O (B Gy, BBA P4
BENLE T4 BLJE, = AN T-RIZEIE Gy ISR B £ g S Re5), 5 2
AT R NERL Gy FRIIESEMERR BRI 5 AT R —IE G 5. X H, A RARES
BB A e — BRI RAE T —TE 5 AL — RN B 45— P B AE, sk
FEARIBIIRIE. BB P A RIRLHILUR T TR Gy o AT Bk
WP Gk 2 20 LA Gy FRIRIFA) £ AN RIAE A REA I, 4 Bl A S T AR R
ZARL, FH T RAIGE Go UK, TRATHL T LAEA: BT RIZE I IR & 0T 2 —
IR, 4 FLOPs, JEfTI IS, (HiXFARLERNZ Y One-Shot ML [ 4Ll 2 iR
E, BN LER SRS

32.3 fPAERYIRNE

One-Shot MIZE 2518 2 BARMAAIE R A M 2O REMER & BURHIE . XAk Y
BRI G AT IRAT K, TR RAE 55 O i U BT 2 s A Bk
R RS REATOE A THER, A IR T ML M 24 )I1%5. (EANEA) One-Shot
JTIEIMFAE— LR, B PRAEART AT 9T

25 10 7T 3t 42 T
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RREEEUAT Ko BARWERZHZIRE m = |a,| Boko M, BIIRATRMANAE
S @, BFEHISI O . ARSI AERR UGS AR RER AU — S RAIR . A SR Y
., SRR m YRR 9 (XF)Y Mobile Inverted Block Jy F A Z 25 0], NIE = Fi B
RSFRIZA3KR) s 24 m = 9, SRR SRR SR B 2R S G 5 7R AT 1
PN — A TSN GRS AR 2 TSR 5o MG, 7E One-Shot k8 2 M
BOM TR FIPAE T, A MR S TR kISR 5 s bt RT3 B 42T o
FEARZALSS 2 (PIAE L&) . Bha L AL SR A TR R AN BEAR A M S e e 2
FIEBIRER L . 2 m BOERAY(ERT, X A AR X — I, FAT]
TEJG XS5 [4, 631 It 7R SE TSR . DAPRAIE AR 100 2% 1) S8 R0 1| R I [ 45 () T 1 2%
IR AL XA m (] ABUR S K RGME (AT b 20)

MR ERERIZFF A GFo One-Shot FhEE W 2548 Z AL 451l R0 BT ARAR I S5 7]
AR, JEAEE R T DropBlock 5, BEATLI M 25 B SR B B bR —2eBA e, LUREL
BRI H B, ARG 452215+ IRE (RO THEAER i, JFURH 2% e b
n— 1 HPE VN AR O, B R R B B n — 1, n =2, B E R 1 At /EN
HAARIEDD) o RLRIHOEE R B NGB IN T AR N AT —
MRS, (HRXBA WA LA G E R . A, RS I 5 A TCER Rk
TR FHR KR R HORAE BN RN 57 (L N ONERD ol FURE ORI F%4
ARG ERIERE, R T A RIRR SRR RES o WA — R, B PHs
AEJE SO R BE N AR A 03X — SR B DR AT — AR n, Hokom AR5
HARY n — VAENBINRITEIE ;. HORBRIIE 1 SR R L A I A5 SR AR BT R/ N T — 1
FRIRRIE I 25 0 o

REMBEARIAMLAR. K One-Shot LML [2] (UL & T AL R Bl
FIREHIE R SR REMEIR I B QU AR e M RFRORCR . 1T 2 A R AR L AT 55
W EEN . Flan, BT BT AR A T 2 SRR s T B, R A PLE
BATRIRR AT ZE B R A MU BRI R ENAE S INAFBEREE . AR 1L [20] S et
WAOUR TR (FLOPs) 1E8— MREERIZYAH, FFARE B AR I Y R 24 AR B
TEAE_ERYSERRIATRERS o S50 b, FEREZRR 2 A B e M 2 AE TR A _E A SE RS 2 IR XERY
Blan GPU (/e ], X FEIRAN VAEAETZ 2D 50-100 YT FLREA BERE]— 1 M2
PATIEIR ;. CPU _ERZERYTIATIS I 32 2 BB RGO B R SRR AR 0, S LAE 2
RFFs TP, WS LRGN, 2008171926 F 1 1] 15 76 PR R R A Il 12
EF XA, AR (201 $2 A st AR SRR A B B AN 2 I 268 2% 9 1t
REre X — A, BRA TR AE S5 SR B TR R R ARG . AT LA B AR 5
3BT AT AR R AU B OT) FERE O(), Hrp T 28R4

3.3 Mi#AY One-Shot M K18 &

FATET X T AP AT One-Shot 125 [0 2548 2 774E 1 BRI ) FE AR5 T3k f5 79 One-Shot
MM ZAE R . TETATIA, AT B FHACE LR . LR Bt e B R R {4 4
IRFRE A S TR 2 oK A A 28 N 48 G A 8 R A e B — 1T $R 289 =/ el FEAEGEERE |, DA
TR B R S R e N OB IR R4 T .

2511 71 3t 42 T
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3.3.1  AUEAL

A S
idle

%
- m

PR —

Eﬁ
[~ ]
R,
.ﬁ' “M“.ﬁ. e

.F.
o
/
]

sample

R (B T) ML (B SHIEE) R CERSHY IBIERSE )

B34 RELZIHTERS

WNHTATIE . AMERAY One-Shot J7 ikt Ay ﬂfﬁ/\¥7fﬂﬁéﬂ, TRARZ 3 FEHZRT 3
FBEB T T RAEPMER N TSRS R E 5 R U, RIHE
HAEG B HE RN R T 705 S E L = (ZIDIEI 3-4F7R) . LABPREE 1 M 45 2t
SERYI e WHAUEIEZIUR], RAEEG TR K « X RIFR P

R R C

(n+1) _ w w
Xuvw ™ = KX tu=1)=peito—1)—pjk T O (3-6)
i=1 j=1 k=1

Hrp R AEFRAT, CoREEE,  AEK (stride), p AZFIET (padding) , b A
(bias) »

ERBRELE.  RAI9HIH R=5R=7 X7 3-6M L

>

j=lk

(n+1) _ (,,) w
Xuow” = Kuk Hu—1)—2+ix(o—1)—2+ T 3-7)

£b4“
iMa

i

Y(n+1)

uvw

M\n

7 C
(n)
Z Z Luk tu—1)=3+i,t(v—1)-3+j,k +b%. (3-8)
Jj= 1 k=1

Il
—

i

Hp XY SRR, K L3RR ROTRDMA T 3-89 () € [2,6] X [2,6]
BOTRSY . TISLAT A

6 6 C
“(5;1) Z Z 2 ijk tEZ)—l) —2+(i—=1),t(v=1)=-3+(j—1),k +b*. (3_9)
i=2 j=2 k=1
e B AR 2 =

5 5
Yau =2

i=1 j=1k

(") w
Ly ot Yiumy—24is-1)-3+jk T D (3-10)

MQ

1l
—

/12 JT 342 71
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HEF. A7 31057 3-TERR_LILPERHE. 268 XP =Y" H L, .= K-
T A S AR o XN TR, EBRUNE T, —A 7x T BRUZHHTE 5% 5 #4
H—A> 5% 5 (B BUEIIREE R 20, AR LHE—A 7 x 7 BB 3 x 3 36
S5 3% 3 EBUZITIRE SR, LR, MBI Loy o = Ky 25K A

K, =TL, (3-11)

Horb T BN (RS DU AL « ORI A HATA R X = YO [
Sl RS XD m YO R Ly g = Ko M7 ERUZISNEARE AN 0, X5
SRRV 75 N RIERE IR, BRURIAE 5 x 5 B4 IR 0.

] 34T IHAMA T 6T UL E S BT o (R, B HEME (L
(BN T ZE, I 7 7 S AR IR S x 5 369, T FUA 3 25 X 25 = 625
MEAEH

BEMRERLZ.  SHEPRESEIL AR T MRS, SR I3 AR A
AR DA Z T One-Shot M2 [ 2548 28 h R Z 23 [AIXE LAY K RYIAleE, - ROAA R i Hh A 1
B BAATRUEI 2 SR — 1, FAMBEEIT 3-6, FFMMASLIfe (i
HOlie 2 R 5) ars

R R Gy
(n+1) _ w y® w
Vw < Coups Xupw " = Z Z Z K1 X =)= peri to—1)—pejk T O (3-12)
i=1 j=1k=1
R R Gy
(n+1) _ w v w
Vw < 2Cou0 Yuw = Z LijkYt(u—1)—p+i,t(u—1)—p+j,k +b% (3-13)
i=1 j=1k=1

AAELTL, WEBARIE XD = YO, Vo < Coy VA < G KTy = LUy FATHKA

Vi < Cous Yo = Xk, (3-14)
XERERH , AT LU H s C RSO A s TE 2C HpET C MliE, X 5B

TE SLPIZEAST AR DIRE LT LUBEISE e [ 344 M EDU A 1 il E R == 1 R it
FATEARI A2 B HAREEE . HIE, FATRRERNAR G REAUEI E. 21, 3
THEAER A TR R 5 rhse Bl g 2 S EEE = X Fa—f CBRIZRST, @EiEE) ik
B KRG RIS S5 A T M2 O IR ) o TXAR At 1 68 R 28 A B L
PATIER 327 R TAEOREE IR (BEMICRAE 100 /92815 2 19-FA 5 EEE ToU) o FTIL, 7E
FRIRI B8 LIRS ) T, BUESE SR 7 M 4P E R AR T T 25% ., iz ik 3 5 B
WZEMLNGR (2 60%) FELIIKFo IXEFEZR G BB AE S80% W] LORAT 3 T SR S i5t
SRGHHEFIE o

3.3.2  WOLSR LA A

FMERAY One-Shot 12 [ 28 A 18 2% 75— [ REE T A0 35 W 45 R B ] AR B 1 L 2 5 [ 3
ZATE » WIE 357K, J5UAHY One-Shot #iZE [ 4548 Rl I AR i — IR I — 1N TC 434
SRS B B 4 B2 R o F SRR, SR s SR 4 RS PO 5
Hrp N NMZEAYE: AIRIZRATE . O T n, JAR AT B n -1

2513 71 3t 42 T
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ik IoU
One-Shot #M %% (TN EILE) 32.8
One-Shot # M %% (I ELE) 57.5

One-Shot M %% CHREILT, REHBHLE) 576

£ 32 MR L b BRI T R AL L R SRR EREN LA,

*>x3 | | }

! o ! !
! !

!

l> 3\‘ t>-> t>->ﬁﬁi

- o
!
*> 3 l> ATk ik

FIER SRR AT AR IR L [0 4% TR L HR RS 48
A 3-5 32 69 iR A s B

ANHITEDL, BN TR i, Vi < n — | #FTEEE T8, SEE T IGRMERE . i dX — )
AL, FATR BRI B — B BCE RO K BB (B A R E S K R) » BAR
Mo, ARG k(k > D) A BE I 3-SR . ATV 4 i AR SR i R B 1 R N A R
HHN K —k+ 14, HIREREAEARPEE N 1, 0 E R YT A SRR FY 1 DA
PREE o 28T S 4 ) )1 225 75 2 IR R g ke 17 i TR 00 28 R o o 8 E SR A AT R T 2
AEERIRT e X T iR IRRY M2, ERCRFERIRYIRECE D — BN 2RI BERY S TR, 1A
R 570 X kAN ARS8 REAIGPgd, —&REBEE k-1 M5
ARG o AR 3-2rPERAT TR 1T W28 T LT AL 2 Xt ] 4 rh BB AL IR P 5 o) 4 A 1
FERONR o FTLATE Y, A7 30 RS20 SRS A AT R B o A R JBE T 2o e ] e i L 9
LA ERIVE ORI R (T, FE M ANR BRI, SUER I e o XA
A LME R B B R RS T AR AR K (SEBRoA 2X) B[R] 24 25

FESEHL L, TR BB S5 R T X IO R I . S/ NN K R28 i K — 1
AL (finetune) o (EFHERAVE, FENZIEETHE, FOHARIFETRLAYR T HIEE R
FERUEILZ AT RTIE MERGESE

333 EREARRE A AEIR

U, FRATIEAME YT 8 ML I 2R BEFNZE 1 One-Shot 41258 W 2448 22 B T80 I ) TR R o
BRI /N A TS5 AR B I B T SRR FE G B2 R o X T 25 28 PR {4~
5, MEMEELPIETHIEER (latency) 25U H Y W45 =zt (efficiency) IFEFR.
EETe R febR AT B (FLOPs) il RS (activation size) HLH] DA IAFHZE 25 1)
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NVIDIA GTX1080Ti (batch = 8) NVIDIA RTX2080Ti (batch = 8)
128 62
120
58
E 12 g
& 104 &
g K
50
96
88 46
88 96 104 112 120 128 46 50 54 58 62
TIIER (ms) THILESR (ms)

B 3-6 | EAERF hofl it HANP 5L R K6 SR EHEREAFHRIUFH L y=x

*x %o
BN
i o PR
lat_dic = {} NI ESL

for op in op_lis: r \ S
lat_dic[op] = measure_latency(op) i E A

~_,— BER

B
\

B 3-7 AR W 2 F FRAFIER KB IRALE T o

ERE, BN T SR ARSI N, GInIH TR, RSO A, AN
HEHEIR. MTIE S &R RO R R A A S LM R BGRB8 T (e
£ FPGA 577 ASIC _ERIAT, fEAFREE A E NS A4 CPU fl GPU L= nf#(EdE . i
RAEB TR A RORERS . A TR B2 ol (A > 50) YRR, IXHER 1
MERCRAT e X — A, FATEF MR LA (B 3-7) RATRIPFER R &
e BAH, XTMEMLE F = {0y, 0,,....Op }, BAMRIL:

N
latency(F) = latency({Oy, O,, ...,Oxn}) = Z latency(O;). (3-15)

i=1

IR EEN T GPU, CPU  EARZAHITR B 2% S HESE 2 P ATHY, BN EHHESE I Py-
Torch [49], Tensorflow & LA FHATIHHEE AT, IEASHITIHEI [0, X2 NEFIHT
PuAT. FAERE 3-6JE R T WA AE¢-F- 5 (GTX1080Ti, RTX2080Ti) T, A+ 3-157i
UK 45 P19 A Fsf 7601 B 0 o A 245 B I P/ 225 SR X0 o i AL, 015 38 ) 42 I 5 SE B I
PUTIER AT S MR R TR, TRISHAML F IER B SN N3R5 Vi < N, O,
HIAEIR o

ML, O FFEE—MEHES. WE 3-TFrr, ATLLANICA GRS,
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M PR, MEIER W EE R, EPWRST, PR e) SRERAE O; AUt A%, H
PR R AR B . SRR DA MO S JTAL B i A AT REFE SRS O B
AT AT REBRAERYREIR AR S R — sty e AR, ST —JosfT Mg B
R RZRYE A PeR LR UR S 21— 2 R s E SRS PR
MR AR o IXFE—3R . BAVSEIBERI A TCAL, AT LA TS5 v 4 [ 2555
IR AFREIR o

UNFTRIrIA , SEIRFEBOR AT LLE 25 Mt I SR e ) A A O(N) BEAIRE O(1), ]
LIA ROIEEAE CPU st _EiaA T A E R AN AR Y [l o

3.3.4  BRURFRMIZEAE TR ML R

B 3-8 ERR AR T HATAZE ML LM &,

MTASBAVIER RO AEAE (8 3-6) . Bofl TAT AfE (6 S0 R BT BES | N2 R
T LIER IR E A T FITE 4 vF o B, BT 3-2r PR R BRI N ] 3-8,
By, BABBE LI Gk 2 20 BLGy HiRIFN £ 1, EREFAERTAF
LR PRBI AL (BRI, SM B R e s S M EREFARRT AT
BERBBNL:, FE SN RG] G WA, FERERE, hTRELENEE,
ARFITHMR 1 One-Shot A2 FILHE 3 FEML e A I BERT AT B2 68 P 90 44 7P B BEAIIUI AL
FACIUERE 5517, Bofl R 1Sy S AL — {2 (BatchNorm statistics) CEHT
B ARERARX—BRAEMI BN, Bl S St H— (LR & LT

A~ _ Xtrain ~ [E[xtrain]

Xtrain = J’W

LS 316 e ZRid Rerh, IS RS T HUE— LRI . SR, #EH—

T ERAEYNZR I AEP A 4 S it w0 0%, S BIFR I ZREARSE LR Eh-T-2419 x (93 ERTy
o Hrp

(3-16)

= Ay + (1= DE[xnls 07 = Ao | + (1 = HVar[xi, |- (3-17)
LEMIT , FRATTE
X = 7 et _H (3-18)
€S
VoZ+e



= A 22 ) R A B FR 5T

SRUATRIIHERL . AR T 31894 T R AT BT 316820 . ThAT 175 it 8 g
Xiest CRIN M) FIZEEE A L0 Xygqin SEBET , LI _E A EDx o] R p BEIE L Var(x,eq)
il o? Heit o

FERR Xy T Xiqin 50 2 [ (R E R B 52 4 H SR E o [EL Bl ] T g 196 RAEAL
B R L P B SOR R . TSR], A p L R E] B
(R ETH, HORE TR ELxCre ) s g ay, 3T 0™ s ¢ i, H
LUK 24 B 45 A e — M AL > ¢ 1O T2, Bl fyfiife
ARIRI 22 R [ 55 JE R T R AR B TR B0 ), g A R e 5 R
W s R Bl B, PSR TR R S . X2 B S EE T 3181 it
T 316552 /R[], M B MR 9 2% o BB T R4 A E B E A L PR o SEB4 e,
LB MR P 0 PO A ML T I AR B A 9301 ToU M 1E 2.5%
B 53.4% (KL AR o X G IATER 32 I IRINFIR L BT . 15813 32011 5%
B, RATEEER AR RS

LR 24 R 4 2 P 1 D45 ST FRATT5 0408 D1 FH 1 B RE K (determinize)
BH (B03 3-2) MBI TR%. SRR TS IOHUA gt (IREIS
w=00=1), FEHIILEN—AFEITRT 3-17. WS, ISR HIH—
WGttt 5 B A MU AR I 258 G BITE 80, TRIMR T 1 Fl o® e XL
o 3-18 530 T 3-16/FT M, MHALZE] CRATHIAM) . Wik BRI,

Bk 3-2 “HE " s M2 i R 2%
L BRI RS s = B4 S B9PE I
2 KEHTHIRAZE s Fe A q.
3: while g Jy4EZZfA %1 do
4 {R4E x = q.popleft();

5: for x HPEE— 7 AF m do

6

7

8

9

if m /& NAS JL/ 4k then
m = HfiELL (m);
¥ m IMAEAF g.
end if
10: end for
11: end while
12: ABRF] g FEHIHIIEATL 5.
13: R[5,

335 FFEMRIIIgE R

BIE AT L ARG 7 AT G One-Shot M2 W 2548 2 e H bR s B2
b B EIEEERAAR T, BT RIE B L RIS E H iR 8T, BT
TS EIRUR SRR, 7E—28i 400 CPU |, SEA 7 s B R & 1y s TS
] (BIanHpE 350 ms) , ILESUNIRAEIELL 8 (7 SR LAKAH B R ) B AL R g E A THERT, U
R DMERE BRI 4x, SEBR B AIARIG— @ niE. Ieoh, FE— L HABTECF A AN
FPGA L, #HT#Ria B FICEUR AR, NI AAE ADE BTG F2 AU -
ST, FATEATT IR AR AR W 25 SR K AHEZR P S I AXT 2 HORAL . B RHEE
BRI

2517 71 3 42 T
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Quantizer @

A4 4k S I

A 3-9 LTI W L) iR,

BRI ST RNt B, FRAOTTEX A M BB EN 4. FRATUA &k Lo
Ak R AL SR 28 W 4 A B AR A T LA 2% k2R . X BeE B L AT
DL Rk RR |

Xjip = §(|X| =[x —al +a). (3-19)
H o y—al 2B, BG4 X RorRIE/NTEET 0 I, HApeE 4 0
(X5 ReLU BUE RN RER LML , AW, X TR AERE SR 2245 CFE a. /5, FTEA
N H OB ERE T i

k —
Xquant = round(Xclip%)zki 1 (3-20)
R, JRATLIAE K SR PIRERE:
k f—
Kquant = round(Kcnpz,%) 5 kﬁ_ T (3-21)

1M B 7B . 5, BRIGHE PR E BT EIN X guane * Kquanco BT TAIERE R EHL
TR BRI, EEIRE A RIAE R R E, R PR round 2 AT S o R —
A, FRATIE A BB T4 (Straight-Through Estimators, STE) SRl w HYREE . HAkd,
BMAAEX

dround(w,;,) .

S (3-22)

HT STE [F74E, FATCT E R wouane» 1P AR — LR w, G810 w BT HR
BRI LA I RCR o SEBTER], STE XT w MR EERARMF YA T, o] USA] REMIK
SR FP32 AR ARG L

AT 3-9rp B BN IR T S0 AL BT ZRadt R o IR MR SO RIA A il 12
SCRPRAL SRR I ALRRI B, B RS BOMRIE R AR S B AT B AL e B (N B
Kiko NEWHEITERIaE AR ERIEREN BL, SRk B LRSS B S il &
FERIRCEANPE RURFERE L AT A] AR RE T B B o

34 AELL

FEARTES, FATESC T 7 AT B - B AR5 Lo B M8 A AL, FF
T TR R U RTE U BRI R T o BEITAE S AT S IR 2%
HBER_EPR I AR 2 5 I H 2Tl FATo0 4 1AM AY One-Shot FiZ2 [ 45 2L
FITEAPAEN E BRI - LR S AME LAY R XA W 28 TR B SR AN Toid B

25 18 71 3t 42 T
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BRI FEXT RS HAUE AL = TR R A SR R IR 265 [ I R SR . 31T
S LR AR AR MR ol FPGA, ASIC SR RBE(F 3 TG A 28 R 28 1 i o

2519 71 3t 42 T
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SME Kk

AREEATH, RATENB L —Z A ER) One-Shot A 28 ¥ 2% 8 2% 51 (£
Cityscapes [13] #Hg 8 LR RM. FRATEAE L Fff¢FF 5 NVIDIA GTX1060, NVIDIA
GTX1080Ti, NVIDIA RTX2080Ti, NVIDIA TitanRTX, AMD Ryzen 7 3 THfR, H

HPLABE AR AR A A IR Gk 21 b B2 S = ARG . BTV ARG AT 2 I 25 48 2 SR Y
R, 4R BRI SR LTy AL SR

41 SKWigE
4.1.1 Cityscapes [13] HdE#E

A 4-1 Cityscapes [13] 24 % F 649 %% 74

AR Ll

B 4-2 Cityscpaes [13] #38 %& E 694772 4] -

Cityscapes [13] 52 — 3 SNSRI R0 Lo FIRIRE S ZEREEE KA 50 1
RRONGET (CANEER PR PUREEE) B—dma i (1024 x 2048) (IR, Hii—
LRGN A 4-157R . Bt 5000 SREAR AT B, Hit 2975 5KIFGAIEDIZk

2520 7T 342 71
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£, 500 sk HVESGIESE, 1525 sk FAEIREE . AEFRATIISLEE T, FRATASE A L8 2 g ]
%, R E TSR NS . R A A MBI 2 (TG A M 24 258 R 15
IR AL ERTNLR) . AL 2FRT 2975 SRR G A I GEAR MBI . 75
AAEM RS, RAOTMINZEE A RS ETER A 25 audE (174 5K EHR) . I
Y 2801 5K FYIREE MG NI 2RI 2 B G EE o FRASGFEEDIZER Y 174 5K EHGAE R #
LB EEATR RN SIESE . DA IESE ToU Jg4Ebrie it i oAl . b, BdmSEset 17 20000
sk AR AR 1 G o AR BEARTE Y XTI 2 W] 420 FEFRATRYSEEG R, sl sL
UGB E],  FRATTASE B B MR R TE AY 20000 5K B4 . 1 B A 36 W A AR B RR T
Y PG ASCN 25 AT AE— 242 TSR PR RE

Cityscapes RN G R BAIRTETE 30 002K, Hp 19 D 2Rt NI 1R
Fro EUREEEN B T TPPANFEFR 2 -1 Intersection-over-Union (mean IoU / mIoU), mloU [ &
19 /M35 ToU [ FARECTFHY, TN ZE1Y ToU 1507 =020 1

correct,
IoU,. =

c

- . 4-1)
seen, + predict, — correct,

Hrr correct, A ¢ B IEBHHOMN Y5 R AL, seen, FORBEDBAREF WEINY, BT ¢ KRN
BEREL, 1M predict, ZoR BTN JE T ¢ AR ZRE HILBRMERF (Pixel Accuracy),
ToU 32 2|2 HIA S HTHY RN S /N, AT LASE 1 S SR A DA BRI
4.1.2 BRI ST

REN 4B Mobile Inverted Blocks RV 43 B EFH

I
o9

N RN [
WAEGR — i
VR S BB

B 4-3 323k 69 435 X -] £ 173531 89 MobileNetV2 254,

BAEE 3-1F A8 7 iR S B T TR M Zs 251, UL FRAT T B B I A &2
T 4-3 LA s ek AT, FRATTZS R AN AR SO N ZRAETT . FRATT5 1A
o IEIEECH 32, BRUWE RS R 3 I E AT W HIEEECN 48, B RSN 3 B E AT
53 B B HOEIE R 64, GRS 3 IR AT 73 B BN Fr AR ST 1024 X 2048
) =838 B T = RN SRR, S 38R A 128 X256, 1+ [/ 4-3H 1) Mobile Inverted Blocks
43, FAH ] =4H Mobile Inverted Blocks EiAR, # Hi 4> #2455 H1 o8 128 X 256, 64 x 128,
32x 64, HBEABREFH AL 3 DEA, BERMY KREN 6. BRIZR T4 3, £31> Mobile
Inverted Blocks £F =2H H i A\ /4 H B E AN 644 96+ 128, Fili)i7, =AIHAR 5
RFAE B _EoRAER] 128 x 256, 5 R 71N — M o8 128 il IE VR AT 79 BRI = 7

2521 7T 3 42 T
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PEREER LG &5, BARD SINE PR G TR, A2 imiEEss
%H%J%%Bx3%§ﬂﬁ%%ﬁﬁ,%&Eﬁﬁéﬁﬁﬁi%ﬁwoﬁﬁWE%@ﬁﬂ
LR AR R E 2P, &2 .

BT ()1 25580 PG o SR R BAEIG ), flin 2 REYIZR, LAk HSV it
236 BB IE T o YIZRAT IR BRBUCR A SR #5k - (cross entropy loss, CE-loss) ,
HILL 0.045 [ RIIG )% Poly 27 > R HEseng (U7 4-2, Hrr A4anEfsE, p—i
HL0.9.), HLA/IN 12 #)I1Z5 1000 4 (1000 epochs, 5k 24.7 5 iki%kAR) o FRAIEE B2 X
WIS BT IR BENS S, 3 A = IR RA-45 7 f5 Hl] Mobile Inverted Blocks FE AL
PR STMAZ G A R AE R R SRR SRl — N R E A G UE R
B 5 R EAE R R, @i 114 CE-loss. YR W EF 5841 CE-loss LIKUEE 0.4 5240
CE-loss filfl, & AYIZmIRA Hbr.

t

r=>0-—)F (4-2)

tmax

I _ERINZRANT A . FAEGAE Cityscapes Bt L3213 3-1h {4,

4.1.3 RIS AAE S

g
i
=
a

ik Al ik

! } }
l > x4 l l l
: O | |
! | > ! > ]
' x4 o 1 v 1
! > o A

. } } }

} \

- > . > ik
} ) !

x4

! > | |
' }

}

'
Fir Be1 B B2 K BE3

A 44 BRLEYIERIE: LIFTERHOERZRTHBEH, BIFTEORE.

UnETRrid, FATE AT G S ) One-Shot A48 W 2818 2 J5 T I BA TR 8 R 22 k) 45
HITTHE . FRAT T MOBR I 28 I 2 1 22 X 2 2 M1 R TS 40 2 S B 1

FERR M 28T, RSB B B th =R B B0 PR E 3 1Y Mobile
Inverted Blocks Z:ABMIL R . FATAIFEE DD IRBAYEAREIRAE 2, 3, 4 Z ks, &
PNEAPRBIGPRR AL 3, 5 ZIRIERE. §9KFAE 3, 4, 6 ZIRAES, X5IN TR
thaEEle Wk 4-4fR, T RZSHII SRR S8 =TT ER AR R A e 0 T = A B B

2522 T 3 42 T



= A 22 ) R A B FR 5T

TN AIE B BE. RATESR =R B RS E 0 4 A T HEA
BRI R SHR B R 2 BRI 5%, (SR AE b — 2 142 tH A T L S R SRR
FUE . B BER R M 52 A A B2 R (RIIZE 1000 58) o IZGEETRE . Al
CREES— N BEROREE, OF 40 MR B L AR b 3 Ak 4 Ao LI R AT 142
S 2.5x 107, 1145 250 4. e, RATHEGRE S M BHORE. BOTES M PERBHY
HABE N 2 N5 4 4. A AT A TR 8 x 1077, I1ZR 750 4. (AL, ML E it
YR AL 2000 %6, KRLEERKIGIEE 2 A7 mT BN REN BHFE NS
S5 2% o LU B O 2 T b, A 2% 11 S )| 25 ) 46 2 GTX 1080Ti [EJEK 124 72 /)N
i, 2 BRI AL 1.5 557

RIS TG, TR b —22 Bk e TR 4R B B R i G 2 s i 22, )
BN R B B . FRATRIIEM 100 A (AR BIRT , A rh a4 & R Y
WA T, FHBITPEITR S0 AP F—AFi. 78 F —AREEh T — It XA
AR TR 2 SRR, IR ST TR SIS B R S R W SR AR R TR R
A S A AT — B R A ORI 20% . FoA 14128 10 ACFRE, fadk 1000 T RI%, I
5 — A IGTEEE ToU S T- 45 1E A i AR 22 45

AR S RS R _E— 2k 32 ACE s L Sk, A2 B RO 2% O A
FESEHE N 2975 SRR IEG - (LT Frid) Y1125 1000 4, FFILIRMZAEE J7 500 3K &4
LN s M ON P

4.2 LIGFER

RSP 43 HH A EGEE RS One-Shot 122 (M 241 5 B35 A% Cityscapes 2l LAY,
R DR A 25 B X E

4.2.1  RIHARERS B R0H S0 R R4 S

Jiik IoU izf7f[E (ms) FPS  ffF5 [ HAMERTIZ
SegNAS-1080Ti (Ours) 69.4 11.2 89.6 GTX1080Ti =
MobileNetV2-DeepLabV3 [59] 62.0 36.3 27.5 GTX1080Ti 4

MobileNetV2-DeepLabV3-IN [59]  70.4 36.3 27.5 GTX1080Ti {i Ff} ImageNet

MobileNetV3-DeepLabV3 [27] 64.2 333 30.0 GTX1080Ti 4
IC-Net [85] 69.5 33.0 30.3 Titan X 4
ERFNet [57] 68.0 89.3 11.2 Titan X =
ContextNet [51] 65.9 23.9 41.9 Titan X =

F 4-1 P32 69 B 369 One-Shot 4% 2 W 44 45 M3 & & (SegNAS) Ao ftb B 47 0469 3
3 X E) W 450 2 o

TMER A1 He B 7 AT T I A A — 28 H bR S 19 SR80 U FI . AT L, 3R
TSR Cityscapes $iib S EIUS R AYRERIFEIR, ToU 5l ©RE D s+, &
5 7¢ ImageNet [15] EFiIIZ5iL ] MobileNetV2-DeepLab [59] 70835, FATMT, FA TR
RIBLHOHAR 3x LA bo (HfF—$H2f0)2, BIK ICNet [85], ERFNet [57] 1 ContextNet [51] f4E

2523 T 3 42 T
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RRAEA R A BT, GTX1080Ti A1 Titan X [EJZALEL R AL REZE S A 2 B 3T

BT A R 45 2000 T8 4 X BE O R 5K

122 ZWHFATHES

WS J7ik: IoU FLOPs(G) ZH(5t (M) jzfrifli) (ms) FPS
MobileNetV2Seg 68.3 7.44 1.21 27.1 36.9
GTX1060
SegNAS (Ours)  68.7 5.61 0.86 23.7 43.3
. MobileNetV2Seg 68.3 7.44 1.21 13.1 76.3
GTX1080Ti
SegNAS (Ours)  69.4 5.54 0.85 11.2 89.3
. MobileNetV2Seg 68.3 7.44 1.21 6.6 151.5
RTX 2080Ti
SegNAS (Ours)  68.6 5.52 0.80 5.9 169.5
) MobileNetV2Seg 68.3 7.44 1.21 6.1 163.9
Titan RTX
SegNAS (Ours)  68.6 5.41 0.79 54 185.2
MobileNetV2Seg  68.3 7.44 1.21 358.0 2.8
AMD Ryzen7
SegNAS (Ours)  69.1 5.68 0.87 328.9 3.0

& 42 P h 69 Bt 49 One-Shot 4 22 W 4 254 3 & F % (SegNAS) Fodi 25 W 4418 K ) Ao
& B ek fe b

BAVIRIER 42 R T BATA S-SR E A M S5 gE R, v I, &
T RS R 2% S AL H 2R VR AEATAT — A LB T 0 LI ZRAR A 1 S o A A -
AL ToU BUE T 03% 2= 1.1% ANEERIEETT, A FRATTH AR A B LR i) FPS 4351 M 36.9
FETF%1 43.3 (GTX1060), 76.3 #2741 89.3 (GTX1080Ti), 151.5 #2714 169.5 (RTX2080Ti),
163.9 $2713) 185.2 (TitanRTX, & HFRAI/EME ZEHYTHA A5 RTX2080Ti b if LATA 2 5L
LMAAE TitanRTX _EAHEAIRE ) . 2.8 #2713 3.0 (AMD Ryzen7 CPU) . It4h, {15
KNG ELLRAT B0 N 1.5%, 77 R0UEE & FLOPs Jdi/) 14X, JXHARIL T 3A TR 755 4E
BEAT AR IR 2 S5 A48 2= 10 R N RS IR 2 T BRI ROR . B8 7 XPH:SE AF918 3L [42] 32 H
1) DX 45 B A R b 8 I 4 A R B B L A e 7R 30, FRATIBAS AT A0 B AR TH
A ST S S S5, TR R G 53 H7 48 W 24 S5 A8 2= e 3 5 E kS

423 FNZE AT

FAEE 4-5rhJRoR 7 3ATH GTX1080Ti L [TTHET Y M M ZA AL Cityscapes [13]
HOTRALEE ERIZER. W LUKIL, AT R RE BT A Skl 90 FPS, {59ARESS
ARG BT o

43 LR

4.3.1 LB ZER AT RRAL,

PATEE] 4-6-F IR T FATTHE H P 2503t ) One-Shot #1228 ) 2548 2% 77 1% 4F Cityscapes %
£ |43 53114 NVIDIA GTX1060 ([&4-6b), NVIDIA GTX1080Ti ([&4—-6¢, NVIDIA RTX2080Ti
(g4-6d) , NVIDIA TitanRTX ([&4-6¢) , AMD Ryzen7(|&] 4-6f) % [ 13511 [ 12 [ 44 4544 o

2 24 7T 3 42 T



BRHENEEERR

& 4-5 Cityscapes #3E % [13] o9 2L R, A AMNG T, THEAZRMNEHIL LG E
W B TRM 25 R, HAA A FEIFE

FAME B ORI REIEFRR 3 x 3 BRI, HOEIZFRR S x5 B, A S
N ) Mobile Inverted Block FEAHRH 5K PR {7 H A B9 S5 2EATHE R 0 70
75, i 4-31H) Mobile Inverted Block 73570 FATTIR AT AL T IEA M 4R AR 1250 SCHIAT
H (E4-6a), RIAiPEAEGERMH 3x 3, J5KE R 6 M. B Mk, HAVH£L
P& ERRAEER G 2B RA DT

432 LHL AT

RERZWER. B VGG [62] B LIk, /NGB ILT BN S M 45 8 1T 1 bRk
M FLOPs W R, HAMRERBZERMA 3 x 3 HRHRA—1 5t x 5 HBRHLAUEH T
72%(%) HITHED, (HA R T 2R AR, XA B THRTT M I FRIBEE ST . ZJFH
LB 2R I 255 1140 ResNet [24]. MobileNetV2 [59] 518 4E 1 I H 3 x 3 HAZAISE
fils fHERSL |, %} Mobile Inverted Block JEAER KL, “PiA 3x3 &L —4~ 5 x 5 #&FH
R0 HIRIRFEA KA o BB HEEERCN C, ¥k N e, BTN k, NH
PHERTLUH 2C%e + K2eC e T2, P 3x3 HAR S —4~ 5 x5 BRI L
4C%e 4 18eC
2C2%e + 25¢C
HREBEEA C >> e, BMUZHH BT L 2. 1WA, FRATETT AN FEAT T80 /A ok
153 #871. 4 CUDA (NVIDIA Compute-Unified Device Architecture) 152880, EARBAEAE

(4-3)
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FETFELE W HAZ K4 (kernel function) $HATo A% BRATI THT 75225 Zh e . RS L 44
B ASE], R T R S AL PR (stream multiprocessor, SM) 2 [AJFF LA o JX
—BEEEEA - ENAN . BRI, BMZ KA A 2D AE 10us F 100us 2 [f],
T EE A PR R AT 43 B B AR S A E A T I (8] — B AE L E pso TR B 22 [ AR Pl i
PR Z HAZ R B, 5INEZIAIMUHr. L4, BT NVIDIA GPU K [ A HE 5 B
TCINAEAE, B GREAE AN RE 8 0 B AL B &5 2 5B T+ L 0T, WS A T Rl 34 AT
RERETTH B MM K. X E—2k, S RGEHEZMBEEEAIHAT .
BATAMENZZR], fEE 4-6H0 L Ar G- & b, AR RGN, #Em
LR ZHP ) TR 5 x 5 BRI EAY. f£ GPU LIS —RIMEE, EEE
RE ISR GPUs (411 NVIDIA RTX2080Ti {1 NVIDIA TitanRTX) <> 5 /MiiFH 3 x 3 %%
(A 1R, 2%); TIERE R ZR] GPUs (411 NVIDIA GTX1060 {1 NVIDIA GTX1080Ti)
MR TR 2 3% 3 BRI, ARSI MR AlrE, B CPU NITERETIL
GPU Wi 7%, HHINZHET LR/ NETWL . W e 2R, OTLZM—1 5 x5 f&EFT
NEAEPATII AR — 1 3 x 3 G TR B R HYIE R, (FIAnfE 2 #1332 x 64 I5F, RI{EAETT
FREJ15 21 GPU GTX1060/AMD CPU |, HIFfTRESJ#B(HTS 5 x 5 BUBFHA I 3 X3 19E
Mg 25% Fit7), MHEAERINFRIERET . HHb, —DEBINEE, 3x3 GHEHIEE
M PERBI S — D EAREH (B2 FoRFEEAYY) , 1 H— MR A L BRARA M IEZL

M&TEE RESEHFEMRR. TN IARSIGLIE 4-61h [t 1 w02 5 5 VR
TR E B R R 72 GPU -5 L, — M B AW E 2 I EA T ILE J11i% 45 RTX2080Ti
Eevie A N Tk AN ey D = R N T WANY 3 - R N S s W N O v it
MIRATRCE . T T3 1855 1935 85 a0 GTX1060, T B3 BREe 4. IRAYFAL . M FLOPs
HER 2C% + keC 7. BfI e XFF FLOPs [AHIIE — K& R TEREDS T4 555 1%
%, (EIBERCB KT R T RE ST S A I FATRE TP . X045 15 Fr R 21 (19 T 2k
BT R MG 230 o 5 FLOPs AHIE B2 MERT [/ BG4, IR GTX 1060 JX ALK 4, ik
B RIEERAF T ER8EER . 1o, XFILParaREE, AR EELERE K
GRWCRAHRM L TE T (BN 6 IR A HT) .

A—TABIMEE, £ 42 R ERINE S = H 3 s (GTX1060,
GTX1080Ti, AMD Ryzen7) ¥J{tf/N #ERM BOR A T RAARE, (HERE SRS
TR R — 2. AR, FEAR RS T 25 FUZE AT LUE S0ty K B, 1 %
5S4 BRI A STHR (6, 81 FAE VY S-S 5 i R s B AL Y 5k 547 (dilated convo-
lutions) P HE S R ERAZ Y o IXFEA . RERMTIEEDEAR MY RG], JdF Ha]
AR AL R B T IR

KUBBEHFE, XMEIRKIRIT.  FRAVELE IR A A A ELRE, &
{1143 552 NVIDIA Pascal 2242 1 GTX1060 5 GTX1080Ti; } NVIDIA Turing 2854 [
RTX2080Ti 45 Titan RTX. it & 4-6H AL, FRATAKER I, XS HLHIRE A% [ T3
PR 25 SRR ALY o BIAN PR Pascal 284419 GPU b THHYBAL AR A <2-3-47 YR FETC
o, HMZm s PR BN 3 x 3, § R FAMRA AT/ N PR Turing
ZEHIR GPU it OB e HTE AT, AEARR B S 3 DR RSB, 2R
R XL T FRATHI M A R BB E b B A2 A RE ). F5 58 B TR B — P
ZERY BSOS, R DRSS B 2540 IR, iR BRI A S o
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GTX1060 RTX2080Ti AMD Ryzen7

GTX1060 23.7 244 25.0
RTX2080Ti 6.0 5.9 6.0
AMD Ryzen7 331.3 332.6 328.9

A& 4-3 B 69 it 49 One-Shot A 22 1 24 25 # 3¢ &% F ik (SegNAS) A X R AAMF6 %11
B89 R 4 S AR T & R ARG

TRUSEAUMRA. FROTFERASTIER T L1 TR F & T BRR T
it 5 BB RRLT R B AT S B . FTLAKEL, fE =R AR b
(NVIDIA Pascal 2244, NVIDIA Turing Z2#JF1 AMD CPU Z844)) , 7RI AR A& 5T e
PR o f B IR RIS VI o IXARBLH T A FERE AP 5 3 & 1 TRy
AURWAERT . HEAh, FRATEH RS ATRE TR IR 4-2rp B L BT R R IR O L, &
WEMER 6 SEERE 6 A E, OB EIER B E T AN TR, X4
PRI T A R 28 SR R AR

Jii: AL R IoU BitOps (G)
MobileNetV2-Q #57 8 (% 8 (VA E  66.2 432
SegQNAS 4,6,8 [iEA A 67.0 240
MobileNetV2-Q #4547 6 (1% 6 (AL E  65.4 243
SegQNAS 4,6,8 (i AL 66.2 200

F 44 3k o9 SegQNAS R B ZME& Qs 2L EE KRR Y T3H4H B EZERY
HHEE, FRAMERE

REBEMEMEELIINER. FK{1/FE Cityscapes B E2ak IR AKS T A M 2%
HACH B3I AR TS [EHR, FRATARVF A EEARBIACE . BUEAE 4, 6, 8 (L2 [H]
WEEE, RIS TTIA B PR T SRAE Y B Hh 3 S B Bt v gk 7 2R LS (A) B &R R4
[ I V-5 SegNAS HHIAY W25 iES. WEM R EEEENE, IS0
—ZHRABOE, BB GATT ERICFAS INTS (1, ¥4 FP32 [5 4 5tk INTS
SERRMEE . MRAREREERT, AT ITA EREE R A SO BT
IXFE R R Z) 0.1 1Y ToU #8532k, ABEPAAT 1 B AF HOREPE IR SRT 4 PR AR M2 17 R
BV, T TAURE AR BT ORSEIL, T ELRRM S ) 75 18 1 P A7 DU REZS S M SE R
T

BAMER 44 R IRATH SR AR AR 2 M2 AL B SEE 25 8 o FRATT90 mx He 3k,
MRS YA 8 frtdl 95919 6 fitaflh . TTEAUREL, FATETE 1.8 IFE T, AL
A Het44) 8 b 0.8 [ IoUs TAETI 4 1.2x THER, " LURIS 44 6 (b 0.6
[ ToU. 54557 8 (it AL RIUAERS . FRATH ST SegQNAS HF 22x HitEET &,
BT B ST B R SR, FRATA B SegQNAS {5 7] T AEREA AL IR SR BEARAY AL %L
FRATTHY S5 e PR A A B B AR He i A AR B SR iR 22 B /N (R LB 8 ALFEAIRE] 6
A7, IRZEHAT 0.8%; {H M\ FP32 F INTS, $R2ZEH111.9%) . 5451, SegQNAS 4ki& | SegNAS
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EERME ARSI TFIERE, EMAREGE BT Bl TR TF it ryiks
BIANAE R S X 5 BRE . AEARIIFRAR A0 R 2R DAy Rz 845 LAE
RIZRAZR L T SegQNAS (5]

44 FIRAEZEEMESHAONEA

HATE LSRR T B 1 7 3245 BUGIE Lo FITER] LR BB PE-F- 5 _E 3T e
y HARBL A AOREAY . 2550 b, i HE A RIGEEAY One-Shot M2 W 4 £ A8 22 S50 A2 H ALk
SAERESS 0 =2 18 L EIP RS R AR« AT, B A 2 A S
N [68] 3 tH BRI AL 28 S5 AR 28 B Sl t = 4ER 22 ) 25K 9 T4 SPVNAS Je H.
LEFSA

441 =4ETFEN A

AR TS B E SR B 3 AR N g, =AU AR SRR
R =4 BRI T R B R A . s — RO B e 2o
W, HAH = 4E AR RIRHERRAE— 1 Rp = [x, 3, 2, f1o FHMERIBFST (5, 46, 55, 76, 89] T
R =4GR S AR A S AERIE, Y RIGER (pixel) FoR——ilg (voxel) SRE
WS, I E R =GR BRI T, LS = 4E i =35 18 7
# AR MSEESS . M, T =48R ARG, RN St 2R S IR 2 i 2R 2 AN
B AAERN. JFH, WEFRR BT =R EA, BRSTRERERER.
Th&, AR &% AL PointNet W1 [53] $2 H BHEAE il BRI RR A 2] =4E5RME. 98
1], PointNet AN EAGFIERT, JoiEER =24 S B REME R IS, J5 AT
FEE R T A = AE R = U R _E S FRERAE (34, 45, 54, 64, 69,70, 78, 79] B AETE S4B
BB FRERAE [75].

SR, FUAERR B = 4E i = B G TR R KON 75 B 7 AR T A AN 40 i3 88 —
S8 TAETFIARI 58 80 = 2R S ) BEACERA . T Riegler 5 A [56]. EMBIREE A [74, 73]
P ] Octree, —Fi Al A5 25 B MR LR R TR ACR B R =5 XIREEFIFREE A [40] 2047
T HAE SRR A ) IR AN AT ORI EA T . SR AR A AR S AR
AEAHRIN Y il 48 B A3 S 4540 75 ) PVCNN. Graham 55 AHJ SSCN [19] H1 Choy 55 A HY
MinkowskiNet [12] 2 GG, AR A9 = 4EMHs G FR Bl _E B H ki S E o X3k,
AR s N B

FEFRF AR SE N BT AR [68] W, FRATHRYE =485 L HUE 55 Hh oA PR B 30
BHEIBR s (BRI R, KER/NER, BRMPMERREZER) "It THN=
VR 5 2F ) AR ERAERE i Point-Voxel #:fH (Sparse Point-Voxel Convolution, SPVConv) , I
E 4-T0rR : BRI — DA JE 1 (scalability) RUFHIRRELR R 73 5 s B T 5, F
M= MLP =2 S5 2, JCHE /MR LA SPVConv 2H [ #1224 SPVCNN
ME =Yk AT U Fi KU S SemanticKITTI [1] _EikE ok 7K

4.4.2  fird AT One-Shot 112 i 45 25 K 28 78 = 4R 5 HR Y

FAMTPREAELLTT R A A8 ASCHP e H R RCE One-Shot £ ML 5 7E = 4Ed 1A TR L0
H T BIRLH o BAME =HEL AT 55 BB 23 )5 BRI S BRI S [ AN A o
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#Z2E (M) #MAdds (G)  GTX1080Ti #EiR (ms)  Mean IoU

PointNet [53] 3.0 - 500 14.6
PointNet++ [54] 6.0 - 5900 20.1
PVCNN [40] 2.5 42.4 146 39.0
KPConv [70] 24 211.2 12500 58.8
MinkowskiNet [12] 21.7 114.0 294 63.1

2.6 15.0 110 63.7
SPVNAS (Ours)

12.5 73.8 259 66.4

% 4-5 SPVNAS [68] /& SemanticKITTI [1] =435 X 5B KIEE L fo T A6 Z 435 X 5B A
R85 Ph3% . SPVNAS VL% 3 69k B BT & ek 09 MR o

#Params (M) #MAdds (G) Latency (ms) Mean IoU

DarkNet21Seg [1] 24.7 212.6 73 474
DarkNet53Seg [ 1] 50.4 376.3 102 499
SPVNAS (Ours) 1.1 8.9 89 60.3

# 4-6 SPVNAS [68] /£ SemanticKITTI[1] Z4& X 52 KB E LR (AT FR 2%
PR 0 T ik BAT LR ) o AV 7 ik A BB 693k AT T 10% A £ &9 ToU 42 9F,

B 4-8FT7R, FATRVFHE ZREEA SPVConv FRZEH Y KA i imiER, AL
WY Bt SPVConv 5% Z=He8tin . ANE T MG IE LIS, FOTFAERETURR T K0
TEGIE LRSS, BATE LML LS BT A T RER T4, 22 i 28 254
T4 R AR R I RS AE B R B AERBINZE IR B, 2500, BRATH— 1B
B 45 S R AT AR [ EIE S, T — B B TSR T AR I A5 TR S o FEA8 R B, FRATH
IHE S (FLOPs) T ARRE G 5 I AE IR VEL R e i -

TEZR 4-5rh, F12 BT O R i B B S4B 22 S 7 2 Ba e BB S
Jet R I MinkowskiNet A5, FATHE H 1Y T7i% SPVNAS 7R/ MHED 15X IUHTHE MR
3.3% [ IoU $27F. ttAh, FRAT1WTT% SPVNAS #4 MinkowskiNet [ S £ 05 d/ N 17X, 1517}
IR 1.1 FRAT AR T IR AR M 2R S8 SPYNAS F R . ELpAMI, 7EiT 5
RN 15G FLOPs [, F A TRkt G B8 & 201 S UL iT LATE SemanticKITTI [1]
3R15 63.7 ToU, &5 454 T MinkowskiNet JELRA6A . (FORFEIAYE, AW ITEEA
7.6x BITEERVN, 83x SHTE, LI 2.7x BIKMANE.

FATIREEAEN N SRR E N (36 4-6) $5£2< SPVNAS [y RE. AL, FRATTHE SPVNAS
SETERERS I 4B G5 LA EINF B R a0 BUTEEN . [EE—R1E, EEE
R AT A WM 2 T A S b = e T i TR, A S B R S IR
S PEFRHESRE Rk, B AEG R R DUl I = 4ER 22 )77 . GPU AN K
HARESEAF IR SR1T, RS BT =4k BUT o0t B B0 Rk, H
SPVNAS ST 22 I 251598 1T AZE IS/ INT 3 40 RAEIGEIET, LA 115 519 IR 10.4%
HE s BAARRGUNZES IoU. HIERS 2019 Fi it i BT R a IR > T7
% KPConv [70] [b# (56 4-5 7R 7 HAFANEER) . AT 578l LALE SR 100 & LL_1
DL T, 215 1.5% 1Y mIoU $&7F. FATHEH A SPVNAS 2 = A+ S UL 8 G A &t
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THERRTAER 0 AT LAK B SEA R A T S A

FERA-ITP A R T8 (4-9a)s GPU SKfFEIR (4-9b) 5 SemanticKITTI[1] |
A ToU AT o A0 FEBR BR300 o) et 20 ) S WL 4 T 3hisc i (1 SPVCNN AT
MinkowskiNets., F 1% I FLOPs 12G % 30G 35, 2 GPU #EiR 110 ] 150 Z 72 [A]HY
L, SPYNAS #XTF 2 i1y SPVCNN UG T 3.6% % 5.2% [fie 7o RN T F2hik
T SPVCNN JoiE iR IF AR T dm i a AR A TR D, SRR ICEE 2 A9 T
SREy BB Sidas o HONERR RIS, HICRTHEIT IR =2 L7331 7% MinkowskiNet
ML, FATTIRAE 110 2R TR B 2AE T 6%

WARFTIL, ASCHPSE H Y02 One-Shot M2 [ 28 18 2 A A4S B = 4EML5e AE: 55 It
WA T+ IEFHHITERE, & RIERIASC et RHEZSZ B R AT ALRT o BATHUIER Y
IR 25 Y P REBUS AR RVRCR . R R R S35 1A o

45 AELL

KRB, AR 7T SegNAS J5 54515 L5 #5#i5E Cityscapes [13] 45
AT TTIERT LI FRE RS- G e TR N 451, FK3RA 1.2 AT 1.1 ToU $27F, 3%
LG R BRI 1 o BN, FRATE AL T S8 F 6 12 W 25 25 1
RIVE SSRGS M A 8 AT, B E I R 2 G, X5 EL
ARG KT IATENER LTI 1A, FRATFIH SegNAS JFE1 TR A NE B A48/ 25 5
WEEEZE ., W LAERARS SRS R 2.2 THE R R RS R R, XG4T
FEALSRIE R 25 2R LR R o e, FRATTSEEE _BIFRH T 42 Y SegNAS J7 5 (1 AR AT
DUTRS B0 HPk M 1 = AT 55, AE3RTS LU AT Se (i 55 458 MinkowskiNet [12] B =y
REMYIEI, FRATIAY T3 SPVNAS [68] Al {54 Hit B 5 7.8x, £ GTX1080Ti b3k 2.7x 5L
Prfinidg. SPVNAS IBBELE T D7t BEF—Aal —4Ef, %] 10FPS (FFIASER) MEE N AiE
Mo EIETR IR BRI R S A T A HAR T B B s BT 10% LA
EF9 ToU $271

N IARCREEAUR AR 10 WIEERD, AL 10 MAEF AL SUN AL,
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MB6 3x3
MB6 3x3
MB6 3x3
MB6 3x3
MB6 3x3
MB6 3x3

a) HELL ML EE A

MB3 3x3
MB4 5x5
MB4 5x5
MB3 5x5
MB3 5x5
Output

MB3 3x3

b) 4 NVIDIA GTX1060 %[ T35 111 45 454

MB3 3x3

MB3 3x3

MB4 3x3

MB4 5x5

MB3 5x5

MB3 5x5
¥

Output

¢) >4 NVIDIA GTX1080Ti 4| |13 W 4% 2t 4

Hiiede

d) 35 NVIDIA RTX2080Ti & 1311 1M &4 &:4

faed

e) J NVIDIA Titan RTX %[ J35 111 4 4544

seiedd

f) 5 AMD Ryzen7 (CPU) 4| 13 M 45 £ 1

W w
# *
w w
) <
=] =]
= =

a1 E
w wn
o <
==} =)
= E

‘v
MB3 5x5
MB3 5x5
MB3 5x5

A 4-6 RANHEE 69 5t 69 One-Shot 4% 22 ] 45 25 M) 3% & 7 %, SegNAS £ AAEMF& L&
I13E T 69 W & 24 ST AL .
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.- . B 0 sese [ [0
° ° Voxelize @~ | Convolution | Devoxelize
2 — ., — ]
: B | an :
I l Add
. (Yoo .;... ........................................................................................ : ° X ~
- (000000 0] SR Multi Layer Perceptron ................................. >0 - 5
[ ] [ ]
(100 0 R I 00000600 >e

B 4-7 RAVBE 69 Z f AL P 69 —F 369 )R F4:4E, #3R Point-Voxel A4 (SPVConv [68])

.......... 3 i ( Elastic Residual Channel | x
( Elastic Middle Chalael ] ; g i

&
e
5
H Bt
: =
] 7z .
"""""""" . ; = ( Elastic Middle Cha@el i
Elastic Residual Channel : H 5 .......... i
2 ‘ ':‘ )
4 d=
2
&
)
&

Decoder Stage I

| Dynamic ResBlocly" ................
¥ 80 Elastic Residual Channel

Encoder Stage II K Dynamic ResBlock y

Encoder Stage I
ﬂ’rogressive Depth Shrinkage\.\

B 4-8 prat i 69 A T = 4EALE 49 SPVNAS [68] Fikegag & = .

—d— SPVNAS SPVCNN —*— MinkowskiNet —d— SPVNAS SPVCNN ~#—  MinkowskiNet
1.1% b 1
€| 12
4 s 4
65 g 65 é}é
64 1 < 64 <
N X
2 634 —+ & 2 63 "
I ~N S
= 621 = 62
: g
E 614 2 61
60 N 60 -
59 1 59
58 1 584

T T T T T T T T T T T T 57 T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100 110 120 100 125 150 175 200 225 250 275 300 325
#MAdds (G) GPU Latency (ms)

a) FLOPs v.s. ToU A3/ il 2 b) Latency v.s. ToU i {1 2&
B 4-9 SPVNAS [68] /£ & ANER/ & T ¥ BAF T &8 F 3% 89 SPVCNN [68] Fo
MinkowskiNets [12] #5148 o
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ARICH, FRATHFGE T 8 2 W AR (38 ), R HAE R Lo BT 5524
PO o BRI T 5 I G TE 53 BRI LA 2 SER ST R s R 1 R A &
SRR TG, DARIT (5 FH B9 B G 3 BB AS 2 R G E S o RIRY 73 R By
wit, S AN TAESUH T B EUG 3 FEABLT R 1 UGS S o FIRRL, AL AT LA
£ 1024 x 2048 FIMLE P Rk B SEiH R, HAPK i _ERIRIR T 7 2 R BT 5 IM
1553 FERT ) 3 2

MG, FATHE H—FhCEfY One-Shot 128 (2418 2 77715 , SegNAS, Sk N Z A5
B E Tl B A A 2 I 25 A58 o FE AR T A3 1Y One-Shot fZE L4548 2%, FoA158 /5 51 NG FAUE
LR PSSR RO« AR AR AR B RRL PR 1 A A R G, FRRAEAEZE AN
NI EEAHZE I SR SR o A2 ERHEZE R, FRATT4E GTX1060. GTX1080Ti. RTX2080Ti.
Titan RTX [E[J¥ 1 AMD Ryzen7 CPU |- g §il15 343 B, YJEUS T Lo sk i) iE 345 #I5E
ST ToU JERF RIS HE R (Bl 25 5 GTX1080Ti & il {1 M 25 B A 1.1% B9
ToU 27, 1.2 FSSMMNE) . FAIE 2016 5k 2+ 5T 1) NVIDIA GTX1060 EE+ L
AR 43 BRI HEENE Y, XS IR AT AT AR S  TAE A KB A B B A
R ERRIEIEARRR L, MATEASIR DRSS 4 GEA2) m s (EA—
PRI, BATNITIEAE AR M 4 3 s R B0E, HMERET] SR R B A TRAKHI M 4515
TR XAF 8 T IRA TR M) 25 M M4 45T R AR G 17, 1S FERAR
KWt fR AR T—Ik, e F6EE iU T 2R LARZHENT 2 i R0 R,
MXEE LG A S m8E 2. 2 NEGRZINE, A EAE—5K GTX1080Ti KR
b HATEEE T2 /NI LS 10 /NRHE R RE R TH—HTHY . I T R S5
R LG 254, T LG R AR AN B HE ) BB AR AR TR 2 40000 /N A BB TH—4 F T B
I3 2 R L AT

BATIF R T Fri k) One-Shot #1428 [ 284 Z5 18 25 J770: . SegNAS, 1] LT #
B =AE RN N Y e FROTNAA T HRIEMZS 51 TAE SPVNAS, FIH 45K 00T
SegNAS M ZH 2RI T T AR FEE — D B S AR =45 5 2 S, 7EA B Pk i
1) =48 15 R L FIE S E UG A e BER IR RE RIS R HEF B o TX 2 DATE R A S
H Y71 B A AR R S TS A T A
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EFFICIENT NEURAL NETWORK ARCHITECTURE
DESIGN

Designing efficient neural network architectures is of great importance in modern applications
such as autonomous driving, robotic navigation, and AR / VR. Previous research has made great
effort on designing fast neural nets for image classification tasks through pruning, which zeros out
weights with small magnitude to reduce memory consumption; quantization, which uses low-bit
representation to store the weights such that both computation and memory occupancy will be re-
duced; and neural architecture search, which designs specialized neural networks for different tasks.
However, comparing with image segmentation, image classification is a much easier task since it
typically requires small input resolution, such as 224 x 224, and small models with less than 1
GFLOPs can easily run in real time on GPUs, CPUs, or even mobile devices. Differently, image
semantic segmentation models often takes extremely high resolution input of 1024 X 2048, which
makes computation an order of magnitude higher than classification models if the same architecture
is applied. Therefore, it is usually very difficult for image segmentation models to run in real time
on high-end GPUs such as NVIDIA GTX 1080Ti, not to mention on CPUs or even mobile devices.
Unfortunately, image segmentation models are always deployed in latency-sensitive applications,
such as autonomous driving. Such dilemma makes designing specialized, efficient neural network
architectures for image segmentation extremely important in today’s computer vision research.

In this research, we propose a novel pipeline to automatically design efficient neural networks
for image semantic segmentation. Based on the observation on the suboptimality of directly trans-
ferring classification models to the segmentation tasks, we propose to modify the classifier backbone
by downsampling more aggressively in the early stage and supplement low resolution feature map
with high resolution bypass connection.

Furthermore, with such optimized image segmentation baseline, which already runs in real
time and more than 2X faster than the directly-transferred classifier counterpart, we design a novel,
improved One-Shot Neural Architecture Search pipeline, named SegNAS, to automatically design
neural network architectures for different hardware platforms. The SegNNAS pipeline has significant
improvement over the previous naive One-Shot NAS counterpart in both training and architecture
searching. The naive One-Shot NAS pipeline goes through two phases to design a neural network
architecture with highest performance: training a super network which contains all possible neural
architectures in a predefined search space, and randomly searching within the super network to derive
the best NN architecture. However, the original One-Shot NAS pipeline suffers from inscalability
in the search space, incapability of imposing direct efficiency constraints and bad support for depth-
variable networks, which makes it less practical to use naive One-Shot NAS to design hardware-
efficient neural networks.

However, for SegNAS, we successfully solve all problems of naive One-Shot NAS without
introducing any additional cost in both training and searching phase. For the training of the super
network, our SegNAS differs from naive One-Shot NAS pipeline in terms of a novel weight-sharing

mechanism and a progressive depth shrinkage technique to enable stable training of depth-variable
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neural networks. Specifically, the weight-sharing mechanism assumes convolution kernels with
different sizes, different output channels share the same set of weights, and such weights are dynam-
ically cropped to satisfy given kernel size / output channel configurations in the runtime. Thanks
to the weight-sharing strategy, all the sub networks within the super network now becomes equally
well-trained, and therefore design spaces can be scaled up to include more operations. For progres-
sive depth shrinkage, it is designed to solve the instability in naive One-Shot NAS training with
stochastic depth shrinkage. Stochastic depth shrinkage makes each choice block in One-Shot NAS
connecting to multiple different blocks, which leads to difficulty in optimization. Worse still, the op-
timization of the sub network with largest depth only goes through 2LN of the total training schedule,
with N to be the number of choice blocks, which further makes the training of larger sub networks
very challenging. Fortunately, our proposed progressive depth shrinkage strategy solves both prob-
lems: all the choice blocks are now connected to only its immediate predecessor, and the full-depth
network is optimized for at least the entire training schedule of a single network. Thanks to progres-
sive depth shrinkage, the super network with support for variable network depth can be trained to
convergence stably and efficiently. We also support quantization-aware neural network training in
the super network optimization phase, such that we can obtain quantized supernets which are helpful
for architecture search on embedded devices or FPGA accelerators.

We also propose direct resource constraint in the searching phase of SegNAS, which solves the
important drawback of naive One-Shot NAS that only random search is performed in the network
discovery phase. Specifically, we propose to build a hardware latency lookup table to directly model
the behavior of different hardware platforms including GPUs and CPUs. We also modify the original
random architecture search mechanism to evolutionary architecture search, for the sake of better
sample efficiency. The latency lookup table is built based on the assumption that latency of the
entire network is the sum of latencies of its building blocks, which is verified through thorough
experiments. Such hardware latency table successfully reduces the cost of latency measurement in
the search phase from O(N) to O(1), which makes it very convenient to impose hardware latency
constraint as a criterion to filter the population in evolutionary architecture search.

Thanks to the aforementioned (a) optimized image segmentation baseline from directly trans-
ferred classifiers (b) a novel SegNAS pipeline which optimizes both the super network training phase
and the neural architecture search phase, and enables direct, hardware-in-the-loop neural architecture
design, we automatically design five hardware-specialized efficient neural network models for image
semantic segmentation on the Cityscapes benchmark. Thanks to SegNAS, consistent improvement
is obtained over the already successful baseline architecture described in (a). Our specialized model
improves GTX 1060 speed from 36.9 FPS to 43.3 FPS and IoU by 0.4%; improves GTX 1080Ti FPS
from 76.3 to 89.3, and IoU by 1.1%; improves RTX 2080Ti speed from 151.5 FPS to 169.5 FPS, and
IoU by 0.3%; improves Titan RTX speed from 163.9 FPS to 185.2 FPS, and IoU by 0.3%; improves
latency on AMD Ryzen 7 from 358.0 ms to 328.9 ms, while also improves IoU by 0.8%. We also
discover some interesting behavior of specialized neural networks on different platforms, such as
the preference of using large convolution kernel size (like 5 X 5 instead of 3 X 3), and the wider
and shallower designing trend on hardware devices with stronger computation capacity, such as the
GPUs with NVIDIA Turing architecture. We also observe that specialized neural net architecture

on one hardware platform is typically suboptimal on the other one, which further demonstrates the

B2 T3 T



- > 4 )
B IENT

SHANGHAI JIAO TONG UNIVERSITY _|I|:é|'—]_ ;)’[ ?qi éé W gﬁ *ﬁ ;::FIE ﬁﬂ: 3'-?.

importance and effectiveness of specializing neural network architectures for hardware platforms.

With automated mixed-precision quantization policy search, our quantized SegNAS (SegQ-
NAS) outperforms the uniform 8-bit quantization baseline by 0.8% IoU with 1.8x BitOps saving.
After further scaling down the BitOps constraint by 1.2, we are still capable of keeping the same ac-
curacy as the 8-bit quantization baseline, while achieving a BitOps saving of 2.2x. We believe that it
is possible to deploy SegQNAS models onto state-of-the-art mixed precision computer architecture,
such as BISMO and Bit Fusion.

In this research, we also present the exciting transfer of SegNAS to automatically designing
neural networks for 3D semantic segmentation tasks, which is far more challenging and understud-
ied than its 2D counterpart. The proposed SPVNAS pipeline, who is the first ever work which
explores neural architecture search for 3D, and whose neural architecture search part is mainly de-
rived from SegNAS, achieveing 3.3% better IoU comparing with previous state-of-the-art method
with significantly improved efficiency. SPVNAS pipeline also succesfully designs the first ever 3D
deep learning architecture which runs in real time for LiDAR point cloud segmentation without 2D
spherical projection. While running faster than its spherical projection counterpart, the network
found by SPVNAS achieves 10.4% better IoU, which demonstrates the clear advantage of pure 3D
methods in 3D modeling comparing with suboptimal 2D solutions.

In conclusion, in this paper, we propose a way to transfer and optimize image classification
models for the target of real-time image semantic segmentation, and developed a novel SegNAS
pipeline, which is a significant improvement upon the naive One-Shot NAS, to automatically design
efficient neural networks under direct hardware feedback. The proposed method designs faster and
better specialized neural networks on five hardware platforms, and is proved to be transferrable to

more challenging 3D deep learning tasks.
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