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2% (Invertible Neural Networks, INN) #E F 3t AR B %
HEAT B AR 8] G s A AR 5], A HAR AR B A 4G 8G9 T
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B3gaR ey MR, suob, RAMBE T — 37630 5K
£ F A (Recurrent Residual-Attention Module,
RRAM), 3 B3R5 5] W% G 8% # AT T & 89 35
ERE, BT HBRERTAE TEMNOFEM P L
WA IER . RAMNERNKEE LHITT X ER,
EREW, KAV T e KRR BARE 3% 7 d ik B R
o RETiBiL https://www.shaopinglu.net/
proj-iccv2l/ImageEnhancement .html 3%
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*ILE—AE.
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(b) DeepUPE

(a) Input

(c) DeepLPF

(d) Ours (e) GT
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zfi = 0(fc(xm)), (10)

Lout = fC((ET}O)a (11)

Hodt @i, B 20y RNRRAMATI AR AP 2y,
e, S0 BATEE R AW AR AN ES ¢ AN

3.4, BRI
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#iEeE. FAILIMIT-Adobe FiveK [4]1FILOL [47] %54
VB R v s A FRAT 1 A B g A7 MK . /EMIT-Adobe
FiveK [41%#5 4, F 5000 sk Mk &K%, &k
EUE R 5 7 & KA. FRATIENG [7, 34,37, 461N,
1% B Expert C % J5 1) B /E b2 % BR . 546
fIMIT-Adobe FiveK [4]184f 5 R AR T R EEGEIZ I
SRR TE S AT, 2 TN i AL B A A AR AR ORI, T
R SRR ZENZAE R, £ 371F, wESHRIEG
S Z A FEN AR T T TR, A &R
BRI RAE N . X BIRAT B XA E . K
13 AAE T AT 4500 Tk BIEFIE 500 7k BT I
ZR AR . FATME FLOL [471850 38 52 e I F A1 T ) i
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500 MICG/IE T LG, AT 4000 B 453k
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(a) Input (b) Zero-DCE (c) RetinexNet
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(g) KinD

avr
(m) DeepUPE

(n) DeepLPF
Kl 5. fEMIT-Adobe FiveK [41##54E £, X RBEOGEE DA R0 G A 4 R . EiXE, JATHRRR 7 RATIEAE AL

(0) CSRNet

FIEIA A 2IRLIIE B T 1045

SCIRARTS . FRA TR 48 LEPytorch [38] A1 Tittor [20]# 4
& FSEPL, 48 FINvidia 2080TiE . W TR Hdk 4k
RIS, AT R LG R BENLET A 180 x 180 K/
MBS, FHE LGS ) %N 2e-4 (IADAMARAL 25
BATHI X 48 % MIT-Adobe FiveK [4 ]85 42 4311252003,
HAFUIZR50 2% 2] 2 BEAK—2F . X TLOL [471%#5 %,
AN BN 25 30980 250 H1100. FoATE FHPSNR (I8
{58 EL) AISSIM (A5 RIARABME ) A ik i) 4% ot &
PHbbRdE. T RPSNR (IE(E(EMELL) FISSIM (4544
FRAAME D Af R B A AL B BUR

4.1. 5ESelt BRI SR

T B UE AT TR S, AT
5 7404 B F J7 ik 54T 1l HDRNet [11],
DPE (paired) [7], Distort-and-Recover [37], White-Box
[21], *FFREEHEEICSRNet [16], Zero-DCE [13],
RetinexNet [47], LIME [14], EFF [51], EnlightenGAN
[25], DRBN [50], %f T # B R B 56 BEE [KinD [53],
DeepUPE [46], 1&H T HF1& L DeepLPF [34]. N T
B ORXT EER P, JRATTRE B 7923k 47 1 F ISk
EEELE. RIEIR TIXLETETEH AN EEE L4
Ho MW BB =002 BAE T Iu . BigE
LA S W 3 A . AT 5 VA TELOLE U 46 1
AF T BRSSIMZ A ) f KA
E MR B, VWAl TR TR A HodE . kAN
MMITAdobe FiveK#j 47 £ v ik £ — 5K ) B O E1%,

(p) Ours-without RL

(q) Ours (r) GT

Method LOL FiveK
PSNR/SSIM | PSNR/SSIM
Zero-DCE [13] 13.08/0.470 | 12.30/0.673
RetinexNet [47] 17.03/0.707 | 20.20/0.781
LIME [14] 16.92/0.540 | 14.30/0.731
EnlightenGAN [25] | 17.79/0.769 | 21.28/0.818
EFF [51] 16.94/0.592 | 18.15/0.784
DRBN [50] 19.24/0.847 | 21.71/0.855
KinD [53] 20.08/0.822 | 21.72/0.833
HDRNet [11] 19.62/0.716 | 23.29/0.842
DPE (paired) [7] 18.08/0.659 | 21.67/0.846
Distort [37] 20.46/0.666 | 21.29/0.812
White-Box [21] 17.59/0.633 17.30/0.755
CSRNet [16] 19.57/0.681 | 24.13/0.878
DeepUPE [46] 16.78/0.468 | 20.83/0.795
DeepLPF [34] 16.58/0.678 | 23.63/0.875
w/o RL 20.63/0.826 | 23.32/0.888
ours 21.71/0.834 | 24.27/0.900

% 1. REJTEESMIT-Adobe FiveK [4]FILOL [47 15484 1
4R, "wio RL” R0 RSATIEIR F SN AT 71k
”Distort” 7~ Distort-and-Recover 7717

KSR T A T A 4 AT L. ATELE H, Zero-DCE.
LIME. White-Box ] 45 H 17 £ 4l t4 fi 22, Retinenet.
EFF. DRBN. Distort-and-Recover G i %8 B4 = B,
DeepLPFCi%: K 2 5 #3115 B.. DPERC X} FICSRNeti%
IER A {4 Jift. EnlightenGAN. KinD. HDRNet.
Distort-and-RecoverfliDeepUPE 2> 71 I 1% v 7= A fh 52,
TR LSRN k.

mEefr R, AT 2 A EBRE MK T 1% 347 X
e, WTRAE HBRAT 78X 07 T R R 5. %A



(a) Input (b) HDRNet

(f) DeepUPE

(g) DeepLPF

(c) DPE-paired

(h) CSRNet

(d) Distort- and Recover (e) White-Box

(1) Ours () GT

K 6. fEMIT-Adobe FiveK [41504 4 - BUGAEMR FIE T L g 5 .

(a) Input (c) RetinexNet
(g) DeepUPE (h) DRBN (i) EFF

EUR 5irdE 2% B BAFE O ZERN, AT E R EUZR
HoAth 77k ENG I bR 225 R

U Ah, AT FELOLEL 48 £ B A1 I Aih 1K O B &
W oum ik AT R, WTE R T — SRR R g
K m Mg . — MK, RetinexNet. DeepLPF.
KinDAIDRBNT i 3% HU (1) 45 R JF A& 1R 4F ik &2
K 1% B th. It 4, Zero-DCE. LIME. DeepUPE.
EFFHIEnlightenGAN%S 77 ¥ 3 1] g = AL L I . A
ISR, FRATTHD 7 VEAE W R B ' 1 5 3 5 U T B A
T HEIFRRCR .

4.2. VH RS

WE7 f R IR, K2 8075 LOLARE £ F#
AREHUAR A Nl s 8, DR 3R AT F i 4R 47
THRLSEE, PR U RATEEAN B BEH

e 2, FATNEAAE R TT AT 7555, 5
IE T AU AFE . RRAM (JEFRARZE0E & S i)
FUGFREE MR . T R i 4, FRATTHGH T 15
P, DAREIFT (Rl RREAR#eds) MR . AL

(d) LIME (e) EnlightenGAN (f) DeepLPF

(k) Ours
B 7. % T ERTLOL [47155088 45 b 5 MG AT ' B G 488 5k 1 25

WA FE R BN, fHPSNR [7] (EAEEMEEL) &K,
DAHEATHL# . 5 FRRAM, AT HSCHIAMMLE . 1
Gb, AL LB T VPAS A 5 o0 R B = IR,
O AR IR 5 ) I BCRAE BB 3R 2= ST I S 3. o
TIRAEX R R, FRATSOR TR S S,
] Haar/ MBS e 7 FRATTTIE VI GR b 1) 4 5 25 - A
A, IXUEE/NE B T AT T INN Gl 2 Y 45
IR (27,481 NFR2H & ARAK R PSNRAISSIM AT A
B, BATSAHO GRS S A Tk

Tk U B AL R B e 45 % R
FRE& P BARVER, FRATERISH ER T — R AH %
PERIEMRRIRTEE 25 R . INEI8 (b)) LA i, £ERRAM
EIRFRZEFE T INLED B RERE NS E, HE
DHNERBATLEIEREN . MWK ARAT IR E% 2]
B CLEIR (c)), FBIEEHy IRz, ok, JE
T-Haar N (1) 45 RAFAE B RO 52

eJa, BATHRIGIE 1T HATHIIEIR 22 2] ZR A 2L
PEo w5 (p)-(q) A1 B9 (b)-(0)FTs, A 3RATT AT
K 190 26 75 A TC A 0 27 ST ALK P A 00 B0 45 SR I
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(a) Input

== £~}
(b) without attention (c) with one-way loss

(d) Haar wavelets (e) ours ) GT

B 8. FHERATTEIT7EXTLOL (47188 4 v ) BB HEAT AN 17 V8 R S 06 RO AL ot 46 R

(a) Input (b) Ours-without RL

B 9. A TS EHRAE IR 2T BORL e 45 RAR B 1R B 8 i €

(c) Ours-with RL (d) GT

BHR

| Condition | PSNR  SSIM |
Ly — Ly loss -0.98  -0.024
Lo — PSNR loss -0.20  -0.007
w/o backward loss | -1.28  -0.014
w/o attention -3.10  -0.038
RESBLK -3.50  -0.067
SE-RESBLK -1.32  -0.034
DenseNet -2.74  -0.039
w/o RL -1.08  -0.008
two-round RL -0.42  -0.009
4 1B -1.42  -0.026
Haar wavelets -1.74  -0.027

2 2. fELOL [4718UESEH, ST FEH Sz 5, A 17 VLR ER
IR BT ERILE. XB “RL” ERMEH¥, “IB” £
RA[EHL, “SE-RESBLK” 7R #% ASENet [ 1915k

REHE, WABELIERES], M%AGEIEmHh2E > K
GEaE R, BeAh, WA TR SIS, PSS
£ FAUPSNR/SSIMIER T (F1).

4.3. f sk

A L M 03 2 B £ 0 0
AR o T A AT v R
T20% B 5 H TP, SORSE R R
RO, B LT AR, TS 5% R
B LA 3% 10 S 400 0 UKD M A 0 TR
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