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Abstract: Deep neural network (DNN) quantization is an efficient model compression method, in which parameters and intermediate
results are expressed by low bit width. The bit width of data will directly affect the memory footprint, computing power and energy
consumption. Previous researches on model quantization lack effective quantitative analysis, which leads to unpredictable quantization
loss of these methods. This study proposes an ultra-low loss quantization (uWL2Q) method for DNN compression, which reveals the
internal relationship between quantization bit width and quantization loss, effectively guiding the selection of quantization bit width and
reducing quantization loss. First, the original data is mapped to the data with standard normal distribution and then the optimal parameter
configuration is sought to reduce the quantization loss under the target bit width. Finally, nL2Q has been encapsulated and integrated into
two popular deep learning training frameworks, including Caffe and Keras, to support the design and training of end-to-end model
compression. The experimental results show that compared with the state-of-the-art three clusters of quantization solutions, pL2Q can still
guarantee the accuracy and deliver 1.94%, 3.73%, and 8.24% of accuracy improvements under the typical neural networks with the same
quantization bit width, respectively. In addition, it is also verified that nL2Q can be competent for more complex computer vision tasks
through salient object detection experiments.

Key words: neural network compression; neural network quantization; weight distribution; uniform quantization; extremum of

quantizationloss
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Table 1 Optimal value of A for different bit widths
F 1 AL Y PR d5e A AMH

k(oL %) 1 2 3 4 5 6 7 8
A 1.595 8 0.995 7 0.586 0 0.3352 0.188 1 0.104 1 0.056 9 0.030 8
Loss 0.363 4 0.118 8 0.037 4 0.0115 0.003 5 0.001 0 0.000 3 0.000 1

32 EiEZRHM

pL2Q SRR AR QL 1 o 8 56, R L IR 28 23 A1 1R i N SO 7 46 by A o T 25 20 A, e o 75 B0 Sk
5t = p bR HEZE oy S8 J5 B T AR UE TR 25 20 A, 73 A R UE S e O 2 B AR MEL A3 204 T S Bl o= Ao

H3E 1 pul2Q 5k,

BN Wi~N(u,0%),k=1.

it wy,a, BoW, = aw + 5 .

1: if k>8 then
5 _ max(W; ) —min(W)
' 2¥ 1
3: else
4: MR T R A
5: endif
6: a=Ao,fru
we=p4 1
[

1
. ;o k=1 Ak-1
8 W, =C(R(p),—2""2" =D+

3.3 RAI%k

R Y G (R 3 FRAE A T 2 RIS AR SORF L 2Q Ak 7 VA Rl & E 2 ML 8 2% ST I ZRHE 42 41 Caffel*2 I Keras??!
SR N RS Y Ak 1) ST RE £ I R A2 )2 ) DNIN AR R 4k i SRk AR UE 6T DNN MR R 4 — 2 1LTE
JLHT A 3G I, B S FH pL2Q S 5 VK we(l) B A6 2] wq(1), 88 J5 48 F wo() VT 05— 278 BT 1) A& 4 b i b1
BT A% #1526 DNN 4515 L(Wg). 78 S AL B I, H T (12) R 1 (B A0 I A2 AN P, AR SR B
i 1 (straight through estimation, ffi#% STE)JSZHIpL2Q f&4.STE 7E 4 %t 4k T4/ th!S7 1903 3z v F T/ il

FiE LA SR AT AL AR P 1 46 I T STE Rk sk S0, 0 DA S L(wa) b wi (9B 2 11 F
g, (1)) = oL(w,) _ oL(wy) -
* aw () aw, (1)

(16)

4 SREfh

AT INHCH A7 PSRRI FLSE T DNN RS SYORS B S 56 B AS 7 TR DPPAS wL2Q. L a7 30 X L B 1)
A FATTVEHUL2Q B AL S OL.DNN  FE NS 2S00 1 I T G 40 S 0 0 38 1k ) A A I P 2 S
K VPN Sz A SCK nL2Q Fil A B DNN I ZRHESE Caffe AT Keras Hh, 134 DNN 7Y B Ak ST, B A AR AL 11
SE o HE FERE B2 R MM WL2Q Y LS A B T BUE J AL 1 SE I, AR SCRFE Keras b SEHL T 00 (A =40, LLIGAIE
WL2Q 7 s A8 B Ak 7 1HI ) ¥ fiE. Caffe HEZE AT Keras HEZ42 73 K HT 1.0.0 BRASHN 2.2.4 A uL2Q Ak J7 %6t T
HEZLGLA o BR G, N IL S I TR0 S 06 45 S bk b 8 ] Caffe F1 Keras HEAL, B4 - T0 B 35 2= =

uL2Q Faz pi A A T DL SZEAT 727 96 (1) 4 24k, uL2Q-x F Fixed-x 43l 2R 7= I FP 77 1L AR A 55 79 x I, 4
P07 B I AL R AE DNN BERLURS BT P4l b uL2Q-x Fl Fixed-x 7 B 2 [ BUE B (B B R E R a2
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(KB i) AL 2 x Pk
4.1 HiEHEITME

o WIHIRE

e BEHLAE Bl 2 IR A3 N(w,0%) I 100 000 ANHHE . 43 31l 2% i 4% 1 2 B A8 AL Al 53 2 T 7= 2= (1) 5%
Wi (1) ANIA] AR AL B8 5(2) W AR HEZE 0=1.0 (HEIELu AN I IEZR 20 A03(3) i AL 3 1B 2=0, (EAR HE 22 o AN T ) 1E
Ao B S R T ul2Q (e S b4 4.

T *  minary ) o | = Binary
004 -*\ & Tarnary 800 - —— Ternary
\ - FixgdQ —-- FlxedQ-1
230 \ e pl20 ——- Fixed3-2
3 600 o Fikedg-e
{200 £ — FlxedG-8
= .Y ——— 201
oy 1501 ey 400 4 —— 202
e 204
100 1 — 208
M 200
50 S
"“"-*—::.“_*.:—a
o e TT. ad
L ? 3 a 5 & ¥ B 0.0 0.5 L0 15 2.0 25
3T bl
(a) AL FE T A 2R QNGRS e R PN
] —— Binary
» | —— Temary
—= Flxed0-1
=== Fluei}-2
..... FlyedQ-4
FlxedQ-8
—= 291
|- 4202
----- 204
T |— manR

(c) NI HRfE 2y 4R B A5 2

Fig.5 Quantization losses for data with different means and standard deviations

K5 H A AN RIS (AR 22 ) 20 (1 AL 2R

o ANFEMEMAL B

W S5@) s, ul2Q RELEATA 45 AL B8 T R IE S AR I AL B 2k AE E A, B 5 M EHRA A 1 L
T WL2Q HEFN TR 1 8]PRFEAR R = AL k. —EH B2 5 A 2 teRe,ul2Q MEMBIR L =EHEN T
VOB AR X R SRR 2 AN RAERE T 3 AME(=1,0,1},TuL2Q {1/ 2 HARfEfl 4 M
{—2,-1,0,1}, 6 XX W 2 ARG S LA 5) 7 40,uL2Q K EALHR KAEAT AL FHASEL € B b i 45 R B
%L SR R 2 8 A I 2 RE AR 23 AT A, T SN BT X 2 A 5 JEAT T A0 B T ul2Q A A 2 s IES A 16
RV, I8 L0 A A s 2

o AN[FEIIIEFIARUEZE

il 50) T 2 I I B R A A7 B N, —(H 2 T = (H 2R AR S 18 0 6T S B E A, TS A
M E AR 1 PR Ak (RT3 I AMEL TS B P8 T b s el 1) S(b) ml i, 0 s B AL B8 o0 2 I B))
IRIABJETLE 4 Rl 8 7 W RILFR € 3% 2 RN A 2 85 1 Lhgr 20T LR 7R B8 2 9 40 i A Le 2 F,ul2Q L
AN BEIE 0 AS 4 1T AR AL e AR, uL2Q 1 1 i A 2 AT DLk 3 58 5 8k 4 EhAr AR ROR i 5(e) BT
AR AL B T uL2Q fEAS[FRIARAEZE T (WA A 43 SR A7) 22 P L Ath D7 vk B b e o] S AS RS RUAS R FR vl 22 4 2R T
uL2Q 77 vk At 7 vE AR Le, e RE R DL A e
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42 BEgHSEXR

UG 53 24T 55 i 0% PR DA 0 A0 5 ¥ (K 1 5, T 0P A pl2Q 1A Rt AR #4536 Hh ) DNIN #5284 AT
G FIREEE(OHE 1 2R — 2 AU B 30k 4 B R 1467 8

o RS

AR S R IR ML R AE MNISTR, Cifar10P9H ImageNet™®, a4 (% B2 2 8B LR T i2 (1
DNN R A SR REAT BAL R A (DA, 45 B A T MINIST (AR Lenet-584, 3 H - Cifar-10 R CifaNet!*™),
VGG-likePIBL 2 ¥ I 7F TmageNet [ IR AlexNel®™ Resnet- 18RI #5474 8 MobileNetV2DP¥ & 3 g
R TSGR T VPN 1 DNN MU (S 30 A BRI 2R 5 40

Table 2 Dataset attributes

x2 HHEGR

MNIST Cifarl0 ImageNet

RN 28x28x1 32x32x1 224x224x3
Iy R 10 10 1000

&l Ho 60 000 50 000 1281 167
MR FH R (logo(+)) 7.67 8.19 11.29

Table 3 Model size and training parameter setting
=3 BEREL LGS K

A
Lenet5 CifarNet VGG-like AlexNet Resnet-18 MobileNetV2
ZH (M) 1.67 0.279 5.36 50.88 11.69 3.54
BUE ZE 0.000 4 0.000 1 0.000 4 0.000 1 0.000 1 0.000 1
E NN 100 100 100 256x4 256x2 256x2
WIlH > % 0.1 0.1 0.2 1.0 1.0 1.0
EES Y 0.1 0.1 0.2 0.1 0.1 0.1
2 3] 26 E RN ) 32,48 120,130 250,290 50,60,65 50,60,65 50,60,65
EIES 0.9 0.9 0.9 0.9 0.9 0.9

h T 5B R EREAT A S B, 523 IR, %) CifarNet 4 TWNUO A S T 1) S8 48 98 5 3%, % ImageNet 4
F Tensorflow x4 A 45 FH ¥ 55080 189 5 U7 v AN SCHE T Keras HE SR HEAT AU & A0 RS (H A6 25 S 56 i T
Caffe [ 5 3t LLSHL A 22800 4R () 2040 389 5, I LAAS SCAAE Caffe EMIR T LeNetS FAUAE &4k 1) 45 4.

o PPAh

MNIST FI Cifar10 s £ th T 73 2R8> AH 10 A5, Ktk R Topl 173 26k5 BEAE ) DNN BT Al 4
Fr.ImageNet 385 HEA 1 000 4N 43 2250, K bkl 4l H Topl A1 TopS 1143 M5 FE A A PEAh R Ax.

o BUHEA

AT A =S5 7, nL2Q SCHF R TR A A 56 S50 45 A W3R 478 1 FARRO7 v T AT B
AL BRI 2 RGBT B R RO U uL2Q BEAUE A {— 1,13 A7 FE ORI BB 2R, 1517 3 UK (1) K
FETR AR E A 2 BURFIT 46, nL2Q S A0 A BY 1 RS A 2 25 £ T BE W 7B MobileNetV2 MR FIEFIMIK T 1.58%
RIS 34745 B 40 2 (5 4 4 BE BSR4 LL ) 6 T 4 B B 7R MobileNet V2, RV FEHE A7 9 F Ak 5 SR (HAF 4 bk
1] MobileNetV2 FALMAY b nL2Q F 28 feik 21 i T 4R BEAS B (¥ HE PR 52 0 A5 45 28 107 55 1R 385 I, AL S 28 1
K BE B 2 42 T Lenet5 . CifarNet 1 VGG-like [ 73 K5 B 43 HITE 4 LU V8 LURFFN 8 LUK I IE 31 99.51%,81.66%
I 93.53%,5 1, LeNet fl VGG-like 145 R E R ARG HHALEIRTE T 0.11%F0 0.04%.7F ImageNet 4R
I,uL2Q figff AlexNet. ResNetl8 I MobileNetV2 7F 8 LbhEm LA 5 T IEE] 61.4%,70.23%F1 72.23%(Top1)
Oy R BE 5 4 R R () 45 A EE 2 4R TT T 1.39%,0.63%F0 0.93%. L _F (1) 5286 48 53 B, R nL2Q 474X
o A B TR IR Wz A e 1, B B T 3R TH B 1) 43 284 S
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Table 4 Results of pL.2Q across various bit widths
FT 4 pL2Q fEAIA LLRRAL 7 T I 45 R

I . . AlexNet ResNet18 MobileNetV2
(W/A) Lenet5 CifarNet VGG-like Topl Tops Topl Tops Topl Tops
32/32 99.40 81.82 93.49 60.01 81.90 69.60 89.24 71.30 90.10
1/32 99.45 79.28 90.06 54.47 77.41 63.40 84.73 49.65 74.00
2/32 99.47 80.26 92.18 59.05 81.04 68.11 88.13 63.90 84.91
4/32 99.51 81.32 93.35 59.88 81.59 69.15 88.66 71.49 90.25
8/32 99.47 81.66 93.53 61.40 82.87 70.23 89.22 72.23 90.42
2/8 99.32 80.53 92.31 58.95 81.00 67.62 87.70 64.39 85.23
4/8 99.31 81.34 93.06 59.87 81.75 69.01 88.53 71.70 90.24
8/8 99.30 81.98 93.38 61.13 82.77 70.08 89.12 72.28 90.61

o W E AL

L RE AN 7] ,DNN A5 285 o 45 53 1A 3800 {2 Tl 55 A N 288 1 T A8 G 3 S R A SR AT e {54, DU 27
B URHE L B HEAT SE B 0 VA5 0 T 9 SE R TR B R SOR AL B8 (o, ) EAT S 2 VT B, LASR T HE R AR AR S
R i BB 2 ~F 35 S0 TR B B o 72 vh S Al o4 )23 R S0 (LR JE AN N B 0 24k 5 0, 1 70 2 0 FH 14
HHEPL S AR PR 4 45 T3 T pl2Q 347 8 LA luR (M A I SE 00 45 038 4 45 HAT 4 R R 0 (i no 4t
BUAR LG, B A 2/4/8 LURFAUEL RN 8 LU AR B0 (1 1) dak A ASE 24 (10 4 JE RS B AR FEAS B 0.49%(7E ResNet18 1),0.29%
(1t VGG-like 1),0.27%(7E AlexNet I).7f ImageNet Z(##i 4 Hl MobileNetV2 b LT 8 LR uL2Q MBEEEE &1k
) 48 SR B 2o R SO AR 1) SR AR TR P 5 TR 0 530 8 T 0.49%(2 ELF AU 5 4k),0.21%(4 LR BUE T4k ) AT 0.05%(8
LA A0, S50 5 SRR W, uL2Q AT S FH 1305 1 B Ab  HAN 23 36 A4 1RG40 % 3 8 4 AU 20 g 7t
19 P A7 o AR T S HE.

o BRI fg A R SIS AT I W AE

TS LT T UL2Q AR BALAT 58 T AN [l A AR 1) 76k 2% T RIS AT B N A7 o B AT i A i
AL G AR T B 1) A7 IS AT I PR A7 o P A AR R B — 5 T W] T 5 G 3% (A BB RS (B I P A7 o LR 1
U R B A T A6 B A i 250 T 4 R T3k 32 4%, LL A CifarNet (AR Y A7 fif 25 H 25 A 10.64K B4k Ji Ak AU
AlexNet /7 25 5 =18 203.38MB,fES I uL2Q R4 o AR A 7 fig 25 i /N AT &2 6.36MB, # /K4 T 96.87%,
WK A T B R 74 A A B A1 LeNet 5, CifarNet 1 VGG-like [R3847 I P9 17 b7 H A% 7T A 360.54KB(1/32),
64.39KB(2/8) Al 1.57MB(2/8), 118 17 I Py 77 o FH & Lb 4 85 J5 11 B 714 (32/32) 4 I BF (K T 94.71%,87.44% Al
92.97%.7E 3T TmageNet I Z: (KA AlexNet,ResNet18 F1 MobileNetV2 b, s 47 I 77 & B 42 8.79MB,
5.61MB Fll 7.55MB, b 445 FE R (32/32) 43 5l /b T 95.73%,90.24%F1 81.40%. b A0 AR A 5 B BUE AT R IR
B b B A T 4 B R FE.uL2Q P TR ARG AR 2B A7 it 25 B RIS AT I PN A7 oy IR IR O0 F  PRAIE ARG 1 B2 4K
PR AT BB RS B Lh i3k 4 F1R 5 f O HA 2 ERBEAUER 8 LRI IIEH ) MobileNetV2 FR LA
867.69KB, BT I W A% & HI A 7.55MB,{H H:AF ImageNet LK topl KA 64.39%. WA I A% AR Nl 4T
I A AR OR T 56 T uL2Q ALY DNN AR R] 32 35 35 B A4 A0 v 55008 U5 A2 BRI 2 v # b, 10 FLASE 2R R
JE B HR AN T S (R HE BT IR 55

Table 5 Model size and runtime memory of pL.2Q across various bit widths

R5  pL2Q FEANIA] LA B8 AR /N RS AT I A A7 i H

AT Lenet5 CifarNet VGG-like AlexNet ResNet18 MobileNetV2
(W/A) | iR M AF FURL ks FUA N AF FURL N A S R JUAE WA
32/32 | 6.65M  6.81M |[340.39K 512.85K | 21.40M 22.33M |203.38M 205.81M | 46.74AM 57.48M | 13.88M 40.60M
1/32 [ 207.92K 360.54K | 10.64K 183.09K | 668.87K 1.59M | 6.36M  8.79M | 1.46M 12.20M | 433.85K 27.15M
2/32 [415.84K 568.46K | 21.27K 193.73K| 1.34M  2.26M | 12.7IM 15.15M | 2.92M 13.66M | 867.69K 27.58M
4/32 | 831.68K 984.30K | 42.55K 215.00K | 2.68M  3.60M | 25.42M 27.86M | 5.84M 16.58M | 1.74M 28.45M
8/32 | 1.66M  1.82M | 85.10K 257.55K| 5.35M  6.27M | 50.84M  53.28M |11.68M 22.43M | 3.47M 30.19M
2/8 |415.84K 454.00K | 21.27K = 64.39K | 1.34M 1.57M | 12.71M 13.32M | 2.92M 5.61M |867.69K 7.55M
4/8 |831.68K 869.84K | 42.55K 85.66K | 2.68M 291M | 25.42M 26.03M | 5.84M 8.53M | 1.74AM 8.41M
8/8 1.66M  1.70M | 85.10K 128.21K | 5.35M  5.58M | 50.84M 51.45M [11.68M 14.37M | 3.47M 10.15M
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o JRENE
e i d oSG0 HL TR A 5 ok 3R AT U IX SR AL VA LK 6.

Table 6 State-of-the-art quantization methods
F6 EHEMATTIE

25 05 ik
] RebNet*”, BNNPY BPWNI'Y BWN!E] B4
=i TNNEY TTQRS TNM TWNI' STCE” ENNM TSQBY T4
T AR FPI"! Dorefa-Net!!”,QAT!, TQT!!
ATV uL2Q

R 7 RIR T LEM AL 56 45 AF T ,uL2Q F1H At & 46 U7 VA LE JLAT DNN BLAY F () B 43 288 5 2L b ok T 5508
FR) A T ¥ A SC L | L SR v (9 &5 SR EAT A AR SO T 4 R o A bR BE SIS T v Ry R

(1) pL2Q 5 {HREALMXTEL:AE VGG-like |,uL2Q A%} ReBNet(M=3)¥5E 271 T 3.08%,H%F BC /&
$2TH T 1.62%. R pL2Q 5 #7154k 7 VAR L, B A 5 BRSSP 394271 7 (3.08%+1.62%)/2=
2.35%. AP AT uL2Q 5 HoAth = {H A0 TV R L 5 A

(2) pL2Q 5 MHEAMIXS G AE CifarNet 2,2 WA % N pul2Q 48X FP 32 F T 61.16%,4 LLRF 58 T
uL2Q AHX; FP $2H+ T 5.42%,8 LUHREAL 58 T~ ul2Q AHXS FP &7+ T 0.26%. K i, nL2Q XS FPRS B 134
T T (61.16%+5.42%+0.26%)/3=22.28%.

Table 7 Comparison with state-of-the-art methods

FT1 S5EHTEMLE

ik | RisE | R i | s | M i | frse | R
LeNet5 VGG-like MobileNetV2(Topl/Top5)
Float 32 99.40 Float 32 93.49 Float 32 71.30/90.10
BNN 1 98.67 | ReBNet(M=3) 1 86.98 QAT-t 8 70.09/-
pL2Q 1 99.45 BC 1 88.44 QAT-c 8 71.10/-
TNN 2 98.33 uL2Q 1 90.06 TQT-wt 8 68.20/89.00
N % 82.70 TNN 2 87.89 TQT-wt-th 8 71.80/90.60
FP 2 98.90 ™ 2 83.41 ulL2Q 8 72.23/90.42
pL2Q 2 99.47 STC 2 88.58 AlexNet(Top1/Top5)
FP 4 99.10 TC 2 89.07 Float 32 60.01/81.90
nL2Q 4 99.51 puL2Q 2 92.18 BWN 1 56.80/79.40
FP 8 99.10 ResNet18(Topl/Top5) ul2Q 1 54.47/77.41
plL2Q 8 99.47 Float 32 69.60/89.24 TWN 2 57.50/79.80
CifarNet BWN 1 60.80/83.00 TTQ 2 57.50/79.90
Float 32 81.82 BPWN 1 57.50/81.20 ENN 2 58.20/80.60
FP 2 19.10 uL2Q 1 63.40/84.73 TSQ 2 58.00/80.50
pL2Q 2 80.26 TWN 2 61.80/84.20 pL2Q 2 59.05/81.04
FP 4 75.90 TTQ 2 66.60/87.20 | Dorefa-Net 8 53.00/-
plL2Q 4 81.32 ENN 2 67.00/87.50 uL2Q 8 61.4/82.87
FP 8 81.40 uL2Q 2 68.11/88.13 - - -
pnL2Q 8 81.66 — — — — — —

o ul2Q 5 -fEmfk

AR A B AUE R (1L, L PRAMEL WIER 7 IR AE 1 LR AT, nL2Q 7E LeNet5. VGG-like F
ResNet18 [ 5 —fF 46 5 12 (0 45 LA L SEBIRTF T 0.78%,2.35%Fl 4.25%(Top1). 3% 4 Bl Sk — {F 5 Ak % RUAR [
(B A A R A 22 A8 A0 LU 35 UK, 3 B0 T B4 RS 5 T B 5 AR LG B AR AE B S 8O 41803 8, nL2Q XA
v 47 {1 R0 b A 222 PRV A 5 W 11, RE A AT AR UIF 2 A B AL (KRG 7E AlexNet b,pL2Q 5 BWN M HUA7AE— & 72
JEE (RS S8R B, IR R O BWIN A AR B A5 61MB 2308, T nL2Q 18 A T /M A3, A 50.88MB, i L.
LT BRI 2 AU ] 1 R RS 1 R RS G 2 A T HURR I, nL2Q S A A AL (R R JE LE R BT —
A B4 5 VE B 45 RT3 1.94%.

© TEBREEEEIEDT  htp/ www. jos. org. cn




B, AP RARIR K YR AT 2 P SR Y Tk 2403

o pl2Q 5=MEFAL

AR B AL {(-1,0,1, A e g /D 2 LR AL SE S 2 LARIE, S B M A L ,ul2Q 7
LeNet5. VGG-like. AlexNet Fll ResNet18 73l SFI4E T T 6.16%,4.94%,1.25%F1 2.98%. o 35 It T Ho At 54k
J7VE R PR 1 5, B S R ke S R B T VR B nL2Q X ASUARL F1h A T AR M 2 1) A A 2 T R Y JL R,
uL2Q A FI 2 i (47 Bk R 4 ME=2,—1,0,1}, AT AT LA B85 1R B 4k 453 2% 08 v P A 700
FE AR 58K 2 LRI, nL2Q F A A 28 %) 4 FIURE L S 1) — (8 A A5 28 (1 4 3RS 21 38 17 3.73%.

o ul2Q HE S HEAl

SE R A AT LS I R TS I A A B 5 BT 5 VA B, uL2Q #E LeNet5 . CifarNet. AlexNet fil MobileNetV2
AT BARTE T 0.39%,22.28%,8.34%F1 1.93%.7F 2 b4 AL I FP HUSZHLT 19.10% 0050 2888 FE, i uL2Q £
RESCIN 80.26% M FE S 278 1 LR AT, nL2Q BB ST 79.28% 1K B2 . 3 B gt R 7R T FP 4 FH e sl gl Ak,
MuL2Q WFIN TV S E 4TS A ) LT A AT S = 115 LR, 528 7K IR RS 2 32 7+ Dorefa-Net
FIQAT/TQT 77 ¥ ) IR 22 T BUAR B s (40 3 A, ¥ A 6 B AL 53 R Bt Ak 25 B0 N B BBk R HEAT 58 B o0 M, U4 P U
RRM SRR EIE R T BN R T B AR 102 QAT 4% T MobileNetV2 1158 1 EFE 5 — 25
455 Ay A EE 9 TF S50 T TQT A8 A R B R S 1K 5 ] B2 B0 J 15, QAT BT TQTT 384 4 I 1% PR A3 5
MRS 5 2 5 L, uL2Q ARG LR A7 56 I S B AR A BIEAE 8 LRAF B Ak 45 1 Al fig /3 81 HAT S 4
FIH G5 R AR R AL 58 R, uL2Q FR TR B L d5 7 0 e 2500 A AE 28 FORS B2 P 354 v 8.24%.
4.3 REFMHEYRE NI

3 P ARG D B 70 2 H B i 23 0 b DR R T A I A v A B R VR A A
RS 25 PR B WL2Q 7E 2 LU R A B 4% 26 RS R 0 R A0 B 2 ) AR A 1 - A TR U A 52 B S T 2 LR AR 1
uL2Q AUE AT I AIE.

o HiimgEEHA

WIZREE KA MSRATOKMELHE 45 b ) U 256808 (o7 A B 42100 80%). VI 45 7 26 A Bt 4 B 3EAT VA,
£ 45 MSRATOK. B3 8 (A B4l 4 B9 20%). ECSSDM . HKU-IS™., DUTSM 1 DUT-OMRRONDP e 41,55
Aot G RUBLA LR T B 4R B0 VE AN B AR 8.8 118 F U Rk, S 36 vheoks BT B 5 B R /N T
Bl 224x224 LK R RE T 3 N3 44 0 B 0 T X4 EIBEA U-Net!®!)| LinkNet Rl UNet++ 11T 454 LR,
HPRANE BILAR 91X L0 ¢ L ResNetSOUE Ay 1, -4 FHl ImageNet a4 E Il Zr OB HEAT B 4R 1k

Table 8 Datasets for salient object detection

e IR R 7KL oRIEAEITES

LSEES SRES At B2
MSRA10K 10 000 E
ECSSD 1000 *
HKU-IS 4000 k"
DUTs 15 572 R
DUT-OMRON 5168 o

Table 9 Models for salient object detection
RO VYA DAY

[
U-Net LinkNet UNet++
BT ResNet50 ResNet50 ResNet50
HBRE 64 69 76
S4B (M) 36.54 28.78 37.7
R K /N (M) 139.37 109.80 143.81
ALK/ M) 9.05 7.24 9.35

o PFHIEMS
YEFE 4 AT IZAEH ) B SRR AT S5 PR, A5 T B xR 22 (MAE)PY, K F-measure(MaxF)PY, 4
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49 15 2 (S-measure) U1 58 6F 55 1 42 (E-measure)° . MAE ##{ik,MaxF. S-measure 1 E-measure 8 =5, {85 45 5
B PIAL,

o AR

W1 10 Jr 7%, UNet++. U-Net F1 LinkNet & 3 A>3 31 3 ) 5 25 1 A0 AR AR AR, P b ac i) 278 B AL 5 A
R A 2230 S AR BT b5 4 R (R AR AN ) B 2 O AN R b L 1) 22 S B R O IS AR 1K) R/ B g IR 1
(MB).M,F,S.E 735137 4 N EFR:MAE. MaxF. S-measure. E-measure,§i 3k /R 6 b5 PR a4, TR R $5 b5 8
BT R R IR R AR LT K TR FE AR R AR AE 0.01 LYY A BT AT 45 SRR 6 7R 3 B 1 P T B AR
10 (S50 45 R ] AL £ 4 MSRATOK. |, uL2Q RS RE N M di /b by 4R FE RO YA LE ,nL2Q HIRS FEAE JLT-
A FEAR B R BEERAC T 0.01.3% J2 P8 by 12 S5 56 v e {300 ) (A 200 0, 455 4 G 56 T 55 700 0 o M A 20 00 o B T
MSRAI0K 1), H IR AE AN 50k 4255 T 7] — Bdls Ak AT X 23 2008l i 22 /), PT DA B A 10 Bk R4OR . T HeR 1) JL
AR AR D B RS, BT AN [ 1R B 4R 2 B A7 A 22, DR U 7 X S Bt A B LB T S I 1 e Bl AH R Y
1 R IE pL2Q S AR 93% LA b SR T AR I s i R 3 MR AR I S 30 2 B T pL2Q Wy LR H B
SEBR I E AL AT 55 0, HREAT IR UIEPE e

Table 10 Quantization results on salient object detection models
F 10 A8 H AR AR A i A 5 R

(B KA MSRA-10K ECSSD HKU-IS
MY FT st ET My FT st ET My FT st ET

U-Net 143.81 | 0.030 0.945 0.931 0.962 | 0.057 0.909 0.886 00914 | 0.045 0907 0.884 0.930
U-Net* 9.35 0.033 0937 00923 0958 | 0.073 0.878 0.849 0.889 | 0.058 0.868 0.845 0.907

i 2 93.50% | —0.002 0.007 0.008 0.003 | —0.016 0.031 0.038 0.025 | -0.013 0.039 0.039 0.023
LinkNet | 13937 [ 0.032 0.942 0928 0.959 | 0.060 0905 0.882 00911 | 0.048 0900 0.878 0.927
LinkNet* 9.05 0.039 0926 0910 00951 | 0.087 0847 0819 0869 | 0.074 0.828 0.811 0.883

fi 2 93.51% | —0.007 0.016 0.017 0.009 | —-0.027 0.058 0.062 0.041 | —0.026 0.072 0.066 0.044
UNet++ | 109.80 | 0.029  0.948 0.933 0.964 | 0.056 0.910 0.888 0.915 | 0.044 0909 0.887 0.93
UNet++* 7.24 0.032 0938 0924 00959 | 0.071 0879 0.851 0.893 | 0.059 0.865 0.845 0.904

S 93.40% | —0.003 0.009 0.01 0.005 | —0.015 0.031 0.037 0.022 | —0.015 0.043 0.042 0.026

Table 10 Quantization results on salient object detection models (Continued)
F 10 7EREE AR AR bR A R (EE)

(i) JRASE DUTs DUT-OMRON
My FT st ET My FT st ET
U-Net 143.81 | 0.060 0.896 0.865 0.874 | 0.070 0.804 0.803 0.829
U-Net* 9.35 0.071 0.869 0.836 0.858 | 0.079 0.764 0.772 0.817
i 2 93.50% | —-0.011 0.027 0.029 0.016 | -0.009 0.040 0.031 0.012
LinkNet | 13937 | 0.062 0.892 0.861 0.871 | 0.071 0801 0.799 0.825
LinkNet* 9.05 0.085 0.843 0.812 0.842 | 0.092 0.729 0.748 0.795
(eSS 93.51% | —0.022 0.049 0.049 0.029 | -0.021 0.073 0.051  0.030
UNet++ | 109.80 | 0.059 0.897 0.867 0.876 | 0.070 0.805 0.805 0.829
UNet++* 7.24 0.072 0.868 0.836 0.856 | 0.080 0.769 0.775 0.817
i 7 93.40% | —0.013 0.029 0.031 0.020 | -0.010 0.035 0.030 0.012

5 B &

ARSCHRH T — BB RS R 1 DNN BERL A6 )5 7uL2Q, % 7 VA K Bl % 6 T DNN AU EE 1 4 A LA,
M E B T AL 98 S B A B R R OCFR, S B T AN ) B AR G A T R SR A A 2% s I 1 A 2 4, s B
TRRAR R B AL R, AT E 0T DN ASE AR A 200 s 45 O 5 DR R AR TR 44 BIORS 2 e A0 AR SO 5 nL2Q il 2 iR HL 4%
2 2 YN ZRHEZE P 4l Keras, g DNN BRI 45 R BV RS BLAR i T SEI@ A2, 0F 835 BRI T T RE S DL AR A B AR A
o> TN TR R 55 ) SR PP A 45 R R W], A DGR I I pL2Q SEBL T AR I EAL SR, 2 A0 T 20t
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