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Abstract: To address texture blurring, structural distortion, and boundary artifacts in the restoration of

images with large-area damage (e. g. , faces, street scenes, and buildings) , a large-area damaged image
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restoration network, termed SPMRA-Net, is proposed. First, a Dynamic Adaptive Multi-scale
(DAM) module is designed to enhance contextual modeling through dilated convolutions and a residual
architecture. Subsequently, a bottleneck module consisting of a Transformer branch and a consistent se-
mantic attention branch is constructed; global semantic information from the Transformer branch is
fused with local texture information from the self-attention branch via a cross-attention mechanism, ef-
fectively suppressing structural distortion in severely corrupted regions. Moreover, to mitigate the se-
mantic gap introduced by naive concatenation in conventional skip connections, an Adaptive Multi-scale
Aggregation (AMSA) module is introduced to strengthen interactions between deep and shallow fea-
tures and to preserve boundary continuity in restored images. Finally, a dual-discriminator framework is
employed to assess consistency between restored results and original images, thereby improving the per-
ceptual realism of generated outputs. Experiments demonstrate that, on the CelebA dataset, the pro-
posed method improves PSNR by 3. 06 dB and SSIM by 0. 087, while reducing LPIPS by 0. 078. Sub-
jective evaluations on the Paris StreetView and Places2 datasets, together with the aforementioned ob-
jective metrics, consistently outperform comparative methods. These results indicate notable gains in
both structural consistency and perceptual quality, validating the effectiveness of the proposed approach
for large-area damaged image restoration.

Key words: deep learning; image inpainting; generative adversarial network; multi-scale residuals;

structural prior; Transformer
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500 e K TR

34 %

SEF I 22 RO R R g 0 A A 1 Bk RO
V2 1 v LA YRR R AR B A A DT
SR (0], AR 812 53T Transformer #§42
55—k OE B AR B AU AR AT HLE A 3K
AR IR B A OC & i A R SUME RS R
SUILE B, 2F — 2D s R AR R 37 5T Y 454
i 52 R A —2 8 7E 6B B, i
R 2502 B R AR AR B AT B 2 R AR AT A
By HERE . Ry i A% G0 T R DR B TR S
1 ], A A% ST A 1< 1 45 BRI AT O X SF
JF 45 & X B2 A0 27 ) (Region Affinity Learn-
ing, RAL) SRR L N A, BifE , FH
AMSA &S Zh A5 Rl G ok B i S &5 19 IR 2 R A
SRS 5 g g 09 R 2 BRER & R RRIEAR B B
ERIHE L B AR 0 B Sk S A5 A B
2, SR A RS W A5 A B E
G50
2.1.2 HFIHE

L eI St # Hp 32 2 0CH 0 28 R G 295
H v, Patch discriminator /E ] T & % 25 [a] |, i i
XF Jry F8 4G P i 47 40 31) , ofe MRS A N 5 TRy BB L
PR AY B S s Feature discriminator & F il I 25 i)
R B RR AR 25 ], 38 2k ) 1) 5 A 23 A5, 9k Ab Patch
discriminator A g% 52 BF 52 BRI 3 34000 42 Jmy 454 —
FOHEA R POIE SCJZ TH 6 AR B G 45 4 G B
54 R — B # AT VR . W E R 3K 3 A il
A 50 BN 55 o SR A )23 T S B IR AR AR, AT
A I EL AT 25 4 e e M 5 A Y AR R A R
AT O
2.2 YRELER
221 HhEBERSREHSE

1% B8 55 T s o A5 BRI 5% 22 A7 A I 32 B 3%
R 5 R R Rl O 2B #R A R R IR 3 EE
CESE SUEY @l Tk RS ol N NS A L 2
JROJE AR P s o 7 A W2 B RO AT 4 S Al
N il A R AR A O R R Y R S0 R R
J3# . AOT-GANP LB i) 2 RO TR S04 32
SRS HLE], BB 0 — & BT b Ak B i 2k
DX 9 4 I AROR () A, KT, L R SO R ok
T2 527 BR T 465 PR [ A7 IR sz BT, Bk = X 4544 45 LAY
R, LTI, AR SCER H DAM B 3R TR SC
HEE ) A R — B S R A T Rk .

&1 2 it s, i e PR SR JT AT B AR A0 B« ] T A
522 bR SCRRAE 0 FR AR AZ 4 % 42 (Feature Trans-
formation Path, FTP) FlH T O +F J5 4f 45449 5 4
W5 B (g B 1% ¥ % 4 (Information Preserva-
tion Path, IPP) . K&t R T 295k 2 45
), AAERR R AR R R 2 A s i B i R e v . A
532 E TR AR, 2 0GR NGk 2E
R ) 42 B A A B 25

FEFTP o i ARFAE X 28353 V3 —fL Fll Re-
LU #3% J5 15 %) X, X, 7E Layerl 1 IF 478 A N
M= S N i R SRV - I = S 2 ks
A SR B 223 I A FRUSE Bl — 2 5 3 1 2 ik
# (Dilation rate=1,2,4,8) I T HE M0 X #
B, SRR TE A6 R B 2540 SE 00 . 7R &
BB HCR DG OCT a4 RSz B AR [
REET W R 3CE XAF R . BEE M2 290 i
W BEHOB A WD I AT 43 SR (N=4~1) , AT
it AR A A ) RUBE R R A% SR AR T AR Y -
TICERR T K o A A A A TR SR Re LU
WG I 5 A0 — )2 s DABR 2208 SCAH % 4, AT 22
it TR )22 M 28 T A 1 B JEE 5 Ol ) R, O PR R R AR R
KRR E T o 3 SN ERAR U A 4 B S HE 7B (Re-
flectionPad2d, Pad) .3 X 3R & &L (DW-Conv) |
1X 1% 4% BL(PW-Conv) } Rel.U # 7if pA %% .
Al G R RR AR TSSO R R ) B
(Channel Attention) ™, A= Jli A B 1) 8l 25 A H
W., B J5 , #5539 S W0 e A iy b 4 B LA =R o A7
FLRl G, AT AR 75 d5e 24 1 2 ROBERRIE R OR F(X)
(D) s .

F(X):Z‘:w['BranChl(Xm), (1)

Horp e NGZ I AT 0 BB, w2 5 0o LI AL
Hi, Branch,(+ ) J& % i > 22 N A 3153 S pRER
ALl R R R A AR AR PR R P A 3 N 43 TG A
FUBERRAEA EE , DA 55 30 22 ROBE RRAE /Y A 20 &
JE¥G R R SCRBH, 3 T % ik S0 PRASTR )

5 R X AP 2 5 TR T R AR
(Gating path) ", it B Al 73 B B 2 H— 1k
(Layer Normalization, Norm) 5 Sigmoid ¥ 7% &
B, AR A E N TS M S A
AR HRHAIE F(X) 5 AR FRE X A RlE Fe ], T
TE 7R TE BT 515 B0 B 2 ) 52 90 2l 28 °F- 17, 3R A5



534 B LTS 2 RE R 22 8 A 09 K i Bkt K5 1& = 501
FIP
AT AT | | R
| -, | | - | OB | A
X i | Dilation=1 | | Dilation=2 | | Dilation=8 | &
________ e A ‘
ReLU [ ReLUT | [ ReLUZ | ReLU4 RG2St
1 2 N
1 | Gating path L
)(ac( \/
256%256 o
Y
D, - V4
1-M N '
Norm Sigmoid |1~ e 128]128
B1E 256,256
JIIERY
> ) % 3x3 Conv
IPP -
D
— —D—
1x1 Conv FEFHAEE
128,128
Wi Element-wise
ﬂ ﬂ ﬂ ﬂ Flement-wise () Weighted sum multiply
PartialNorm2d Pad DW-Conv PW-Conv
K2 shis HiE N 2 RERH

Fig. 2 Dynamic adaptive multi-scale block

FlA AR Y, X (2) s
Y=MOF(X)+(1—-M)OX,.. (2)

Yl 3X 3G R Z B AT i — D RRE SR L, 15
| EEAR L Y

TE IPP O A R0 2% ik 6 B2 T R T AR HR 45 4
SEREE 5 I AE B R A5 3 IR bR R AR XGE 2o
IXTE AT G285 FPT b 4 B 58 &
PLRC R X

%, X5 Yl i % o0 R A i sg 85k 25 il
A A5 B Y e e i X o
2.2.2  LEMY R do UK 1R HELF AL B

T R THT AR L U 458 A8 S AT 55 b L I 2%
R 0 )23 A8 1 1T I 4 Jm) 25 /) B A 5 ) 0 S0 B AR
ZARV P I P SR, A G R 3545 # g LA ) e e
BRI PR 2SR AR 1Y) 22 5, B S BUE B 45 R 1 45
FH M SRR S i B AN % 2L A ) L A IO
P R A FRIE R B HFEB , K ResNet 5% 22
HeFl Transformer 5 X H {4 & )1 45 & 09 H AT FR1E

P2 BB PEEM 2 BB O | 32 RIS R 3 R AT
[ o o N W N (=0 S N S V) s R R 1 B
KRN A . 2R &, A S SADP-Bottle-
neck L . WKL 3 fr 7 , A ok ALK 42 0747
HL : Transformer J 12 38 2 #A 1< BE 25 4K i 5
R, VG BRSNS b Y SR RE T, LUBA DR AE
SR S5 — Bt s — BOR SGE R TR NE
ST DX Sl R MR S 3 A Yy, DA s AR Ry S0 3 Y 3R
ik o T AR I A 0 28 SR R ) Rl #E AT R B AC
H S AR A S R 0 Uy R R
S8 WA FRE B F 8 R T O 5 B Y BURRAE 7 81
X F MK By A P A~ Transformer Block 41 %,
[ 4 Jey i L% . AE B Transformer Block 4
#B, X 2 RMS Norm IH—1b J5 , 38 o 4 57 Y Ze 1
BT E QLK AN V! 3 i A A 1 (Q)) VHE (K, il
HOV) =1ika. ARBERMAERFE,. QLK
5 V% rearrange PRELH ¥ J5 , 51 A Z 4E e % i
B (2D-RoPE) #4748 ¥ . Bl IS , 484 1o ' Gt



502 P

34 %

FFN

Q
.\
A N
D
U
A

FFN

Cross attention

) Xu=X+rX,

3 SR R A R SR B
Fig.3 Structure-aware dual-path bottleneck block

) g,k 5B H v — 8 o 46 BOSRER T
(Scaled Dot-Product Attention, SDPA ) 5E il 4 JF
R RA v MRk A% GE 45 B Jmy T JEk 52 B BR
il RAEGR S AT X, 8058 25 % 58 )
o E RRAE A, R I B2 TE A2 05 R AR R A 4
SRR S, i (3) B
h=X.,+A(RMSNorm( X,,)), (3)
Hi  A@RREZE R, IFELA LK 1)
i
A(X')=P(SDPA(Q,. K,,V)), (4)
. K 3 2D-RoPE 22 it J5 iy 45 5, P (+) & B

M

Lrh.Q,
T RRIK

B G , %5 RMSNorm IH — 4k 55 i 451 1) 2%
(Feed-Forward Network, FFEN) 28 # 5 , B 1F &
TE Transformer2 1 & & #4175 Transformerl #H
[F] Y A B R B RRAE X, DA E— D SRS K R
B OC R IR UAF R . & H— 153
A R Q W AT B AR 4 R i SCHRST , DT 1
BERLY 4 5 bR SCHEBERE O . S IE B, 7 — 3K
W ER BT, FL e 8 A CSA™ (Coherent
Semantic Attention) #5% 8, iZ 15 P i 1 51 A EIR
AR X S8l ) 2 BRI S By, S G T A0 X 8
GIRIA T, i SO Y IR R, 5 242 RMS-
Norm IH—1bJ5 & mii st (KO FIE (V) o 2, i 5%

&

BAASHEANQE K, VIEL XIEE s
(CrossAttention) B fl & o FlA J5 B9 47 1E 38 1o
WA R E AR T oy R ZEE 5 Trans-
former %42 19 4 X M1 45 4, 15 2 I X 1Y L 12
2.2.3 BA¥ERSRERSHR

AMSA B (14 5 A AL G 15 4 i 7, 4%
WO MER PERY Y E Path A W 5 AFRME
PEELHM 3IXIGHEZRIURTGE R, IFES
Rel U pR 3BT , Bl J5 2230 1< 1 4 BLUOR F5 i GE
B 1833 Softmax bR HCE R EEHE R k4719 —
b, A s A B s A ] w, € RP Y
5 d ACRRAE P #E2% A Path B iz 42 H £
AN A R 23 30 H o~ B9 3X 323 2 T 5 Re-
LU B0 bR AL B, DA AR [ B Z P 0 1 F 3¢
5 8, NN Az B — 4 22 R 45 AF | Fo~F,, st
(5) 7

F,=ReLU(Convi i(x)),i=1, -k, (5)
Horp  F, e RP O VIR 23 i ek r B LU 32

2 B K] WeightMap 1945 ¢ A~ i w5
XoF IO F) AR (] F, 54T 1% 70 2% A 3, R 1 3 Rz A
X AN ] RUBE R AR R AT B L I BURRAIE 1] o
L AT B IC TR A, A WU R AR P, s



%33 BB AR BT S 2 R R 22 A 1Y R AU 18 48 52 503
Path A
/!
) - :
Weight map \
3x3 Conv ReLU 1x1 Conv Softmax W
Path B l l
r i WF,
Fr [l e F <>‘< Pou
3x3 Conv oLV 3x3 Cony RV "
K4 AN L RERG B
Fig.4 Adaptive multi-scale aggregation block
(6) R I
K =
Pu=>W.OF, (6) L=ALot Lot il (7)
i=1 ;H\:':lecre’ ‘C(" Eadv%%”i’%mi@?ﬁ% \—ﬁ‘l\i?ﬁ

Hri:OFRRZETTEMIE.
2.2.4 FIAE

AR 3K A Patch discriminator &5 Feature dis-
criminator XK G #% R 4t , LA SEIE &2 KR R
EX NG A 3 g k= S R B E R
A= g R LU 2R HE 22 | Patch discriminator /F
JH T EAR 23 (8], 380 3k 6T Jmy 38 G B i 40 51, W B
Az BN 25 1 J 0 80 38 L Sk 5 Feature discrimina-
tor WX TR J2 FE AR 247 18 LG 51 o 8 2 X RRAE
O3 AT L AR TR A A R S R — Bk . R AE
Y G5 2ok 7 v e Dot Ry 3 48 1 5 i )2 0 SCRRAIE A X
5%, 8 B B Pt R AL E R E N A,..=1. 0,
REAE BT B 48 2 A BB A, =0. 5. LT
28 S0 0 UE R 8 A DR IE JR #8238 L S Y ()
BF A 2051 T 2 RRAE X 55, DU 52 0 A Bl 4 SR
TEJR AT 5 4w g # b i 8 A Ak o
2.3 MKEH

F ARG 4 A PR AN 4 R — B
AR v o T AR TRl B G 2
g o ok A, HAR AL 4 B A R — ok R DA
FFHe ™, e 2 B b ok B0E X an Xl (7)

e KPR, A A, Ag 4300 R 3 2 R B AL AR
#¥,A=1,2.=0.01,2,=0. 002,
2.3.1 EaAH#H%x

h AR e EAR S B R Z A AR R
25 R LI BE s @ik, i (8) Fn

L= | Ly— Il 1\, (8)

Hp L, Fon B a5 3R L8R 5L EE izk
A B TR B AR5 /0 5 Rl U B
2.3.2 —HEHRE

& 50 1 SR8 % R BB B T 2 IR I EA
fe 1 B o HEEA R CSA 2 K H by # 5 )2
FRRAE — Bt W Re S B0 G B AR E . N
e, 51— St 2k il 1 X 5 CSA B 5 fif
78X N E RS R AR R AL, IR IE JE AT A K
A g

FAART S, # FH ImageNet I 2k () VGG-16
PSR 4-3 )2 00 = J2 FRIEAE o W B 5, X T
P4 DXl M, — Bev A 2 e SCan =X (9) R

L.=> I CSA(L,), — @, (L)) i+

I CSAG (L), — @, (L)l 2), (9)
Horp I R7R A TS i fa A TR, @, ()RR VGG-



504 err K TR

34 %

16 565 n J2 M9 BTG AR AE , CSA (- ) 5 CSA, () 4341
Fn CSA B 5 i i 45 i R A i 1 o i iR 78
PRAETE X —BOE i [ B A 80080 /0 235 14 41 5 4
R K [R) R
2.3.3 SrHME

Ny A THE SRR A LS A0 8 L T
MR, 51 ABCH B EFHLE . B 56, Feature dis-
criminator % F VGG-16 pool 3 JZ2H-AF i i F
K FEFREL Markovian patches ™ (1) 48 iR AE | I 78
FEAE 23 (B3 Ui 2 DT A 2503 5 4 e — 3L
P51 A B . =k, Patch discriminator B 4%
AR R A MR B E 45 R 1, 5 IR L, LA
P Jry & 0 B ARG At B 5 LS

XA K R AR X 24 85 /N Z e dit 2k, 43 5l
FE SCHE AR 5 A A0 BAn R g, an=X(10) Fn
L1 R -

Lo=—E [D(I,L)]—

E [(1—D(I,1,))], (10)
L,=—E [(1-D(I,I1))]—
E,[D(I,I,)7], (11)
Horb DO FRRHA BN E, E, 535 8 7R 6 15
FEA 5 A R A S

3 (XBRAERL

3.1 XLWIFE

S8 M55 AF Window11 & 4% , python3. 11 Fll
pytorch2. 1.2 ¥ 5 '~ #F 17 , 8 £ 35 5% 4 Intel®
Core™i5-12600KF 1 g& kb P 25 | 16 G 19 B AL 17 7]
A%, R Fl NVIDIA GeForce RTX 4060Ti
TE b BE 2, BT AT % S 50 35 7E A W) R B R
1o BRI LR B B, 2R H Adam P16 25 X 19 4%
SR AT AR AR RN R 2, IR TR S 200
AT 100 58 PR 3527 ) AAE | 5 100 585 2] 322k
PEE W 2 G T 0o M 48 b1 R JH 0 E {5 W2 10
(PSNR™) 4 #4 A1 L (SSTM ™) Fit 2 2] Ji i
BB AH L (LPTPS™) 3 Fh & WL 48 b X5 &2
GERIEATAHT . A T PR A BT 4R O Ik A OR T
N 55 b iz Ak g 01 5B EROR R Cele-
bA . Places2 M Paris StreetView 3 4~ JF 8045 4
B UERL R PERE . RSB AR T R H8 000 K K]
R AVE RIINZREE 1000 5K B A7 78 R Ik 46 i A&

R R/ 256 X256, A A G S 4 2 58.5
M, 7E I 2k By B A A7 249 13. 6 GB, #fE B JE
0.01 s/3K . ZBATF R AR ¥ 6 2 F i
BEAT RAFZ At BB A2 SC PR I 5 h R e AR
AR B R PR . UL Ak, BT LS M AL AR A
PBorb UL R 0 P 5 g — SR AR HE R
0] o 1 4 A R AT I 25 5 D

Shy B0 LI 1 S8 B M S U R O R R I
W T AR 8 AOR R AR R BT ZE 451 R 25 A
ST BUE R 4 R 5. R S TR, AR
14 JE 7 TR B9 4 52 110 465 K 300 S AS 35 Wi 5 o LR
T DXl R IS A BRI 4 TE i AR
sorf BT B P X8 52 45 A T8 HE U
g T 1 48 52 s B8 o, KRG T R BE LB A . il
SO URE A Iy BRI I EAY AR NI 1A
W S T 2B, SR e SOt Jy 4 AR A

P15 HL S 0 L

Fig. 5 Comparison of typical cases
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Fig. 6 Repair comparison on CelebA dataset
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Tab.1 Quantitative analysis of CelebA dataset

BEH Y PSNR/IB(4A) SSIM(4) LPIPS(v)

SWMH 22.95 0.852 0.097
AOT-GAN 23.57 0.861 0.104
ARPG 24.23 0.843 0.098
DNNAM 24.65 0. 857 0.087
Ours 25.82 0. 885 0.079

e 4 P TR B0 S0 PR A B A R A A (R AE A R
F £ BRI A7 AEASOR ) 0, 2 P& 6 58 %) i L 35 A7
FETERTRI B4 s AOT-GAN B3 B BE 4 & 28
(4 3% B 25 1 B X T 0 2 X80 48 5 4 T A
W& 6 25 = 3 5F V5 R A B &8 4 B0 25 AL R T M
T 24 5 ARPG 5332 4 42 Jay b SCRY 46 M 4
SRR 2 U A SRR A an ] 6 5 I
Gt 76 L 58 b 8% %8 J0 ; DNNAM 8k B4R
fil 1% O 17 3 A 55 0 1 5 BP0 78 JR) 34 i AR L
BRI AN AE A, A 6 55 130 B L TR AN
FI AR FLHR A A5 M0, 52 ) B IR B SRR . A3 T T
BT 42 2] A 4 BT S A ORI R B B i R
B R R4 R MR B RS B A B
I S RN A R [ R 8 T
IF B E A5 R .

ARPG DNNAM

FLAR RN, A 26 BUE R R BCR BT, v R 8L
[EREUNAE 3 T

7 A 1E Paris StreetView 5 £ i 4% 4~
BB Z XTI . SWMH 553k BE 2 IR 45 44 &
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AOT-GAN 512 X5 4544 i1 2 KR AE $2 BURE ) 45 22
BESERSBIME, E 758 =5 0. AR-
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Fig. 7 Repair comparison on Paris StreetView dataset
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Fig. 8 Repair comparison on Places2 dataset

DNNAM

3 2 Paris StreetView H{iFEEE 5

Tab.2 Quantitative analysis of Paris StreetView dataset

BEEY: PSNR/AB(4) SSIM(4) LPIPS(y)

SWMH 22.13
AOT-GAN 21.56
ARPG 22.89
DNNAM 23.31
Ours 24.97

0.781
0.795
0.772
0.788
0.821

0.163
0.198
0.135
0.129
0.114

ARPG DNNAM

Ours

GT
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Tab.3 Quantitative analysis of Places2 dataset

EE5 Y PSNR/AB(4) SSIM(4) LPIPS(Y)
SWMH 22.05 0.763 0.197
AOT-GAN 21.33 0.772 0.161
ARPG 21.81 0.755 0. 145
DNNAM 22.69 0.768 0.153
Ours 23.85 0.794 0.137

Sy it — 25 VAl RS A AR 52 3 o i 3R
B, 51N SRR RE T i) S B il 4 RSO R D 78 S
3, AR 8 DR Y A A 50 TR A Y A LS g
TRz AR T SRR @M. LI A R KW . SWMH
BILRB R 4 R A  AOT-GAN B35t ik 2k

Ve

AOT-GAN
IO BT At B i 46 52 45 SR X L

Fig. 9 Comparison of restoration results for authentic damaged murals
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Tab.4 Quantitative analysis of authentic damaged mural

restoration experiments

BE5E% PSNR/AB(4) SSIM(4) LPIPS( V)
SWMH 21.86 0. 658 0.183
AOT-GAN 22.79 0.713 0.166
ARPG 23.14 0.737 0.152
DNNAM 23.69 0.762 0.146
Ours 24.17 0. 804 0.139

L SCER 23, DL TIE A% 2H RHR o3 xh B A48 52 1 g
9 TTHR o AN 5 BT 7R, 4 I 4% 2R T 4 B 45 - i
1 25 HE 2, O 7 4 B 4% 55 i i 2% 22 ) i Bk R
A, LLSE B AR R AR A R, S 8 A Bk
ZH
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Tab.5 Baseline model
F 5 L BRI S5 K A EIER MBEEE Xk

@ 3% 3 Conv 64 64

@ 44 Dilated Conv+3x 3 Conv 64 128 ®

® 4 X4 Dilated Conv+3X 3 Conv 128 256 @

@ 44 Dilated Conv+3X3 Conv+CSA 256 512 ®

©® 4X 4 Dilated Conv+3X 3 Conv 512 512 @

©® 4X 4 Dilated Conv+3X3 Conv 512 512 @

@ 44 Dilated Conv-+3X 3 Conv 512 512 )

4 <4 Dilated Conv+3X 3 Conv 512 512 ©)

©) 4 X4 Conv+3X3 Conv+3X3 Conv 512 512 ®

) 44 Conv+3% 3 Conv+3x3 Conv 512 512 0]

(@) 4 X4 Conv+3X3 Conv+3X3 Conv 512 512 ©

® 4 X4 Conv+3X3 Conv+3X3 Conv 512 512 ©)

® 4X 4 Conv+3X3 Conv+3X3 Conv 512 512 @

4X4 Conv+3X3 Conv+3X3 Conv 512 256 ®

® 4X4 Conv+3X3 Conv+3X3 Conv 256 128 @

4 X4 Conv+3X3 Conv 128 64 @)

TE:O~@ A it as , ©~©H it i
3.3.1 W& AEE S REHR ®6 FEEEMESREERSH

L R A Bl e X 45 4 4t b LA Tab.6 Adaptive multi-scale aggregation block analysis
AR I S E AR W R - PSNR/ SSIM LPIPS

dB(A) (r)  (y)
ResBlock U-Net ~ 22.76 0.798 0.157

BOR AR SCAS U8 ] B, S 8008 B4 RO B
Mo BT O AVRERLEM LB LG AZR
EHEME S SEM A, MLE 5] A 2 R E 25 [ &
TR S Je A 0032 B, (1 A5 780 B 408 A AN ] R
TR R CFE L I AE PSNR 5 SSIM
R — PRI R, T2 RUE Y
fiE R ARG 7 2, 45 4 3 oTik e AR 45 9 48
IS R, BT 0 3 ok — 5 S HOTA 1
SN A Z IR . fEL SR B M2 5] A
I A )R 22 RO 43 SCHEAT AL, I SR IR B
BRI R IR, SRR M2ES

FL LR R
M1 Baseline+ Z R 23.57 0.813 0.129
M2 M1+ ¥REET 4B 23.98 0.815 0.126

M3 M2+ fl G 24.16 0.839 0.105

ASCDAM BEHR 38 3 25 i 5 (d=1, 2,4,
8) Y TR BE AT 73 8 5 AR I3 S A AR B i 4%
g3 323 ) BEAE T R W AR EE S (d=1) P R
JES5 M R & (d=2,4) Je 42 5 52 5 45 1 SCAR 8
(d=8) . % Jmy & B 42 J5y i 53 )2 I B A Jm) m] B
E A 3t KON B 3 5t O TR R S,

B AR 28% M DL T MR S M1 AR R
o fE M2 HERE b i x4 AR UEAT B SR A
K56 B ) DAM B3 . 403k 6 s, M3 7E 4% T
et LB AR, R ERA TBERES
B Tk

AT 10 <] 0 PSR I $2 T 45 3% B s e 2, AR
SR ARG i R 2 B 55 1 B R 25 A K 52, i (SR
FH v N2 T 3 ) oy 25 G Jep A A 3 g s R R Y
AL T AR a5 42 R i S 2 RUZ RRAE
SR AL A
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3.3.2 LM Rk de A AR HL IR AL B Wi FE bR 15 21k .

S DAM B IR 25 0458 T 9 i 4% 10 2 R
R SRR T, {E TR Ab 3K IR B RO G AR B AT
FEIER AN — B S m i s h S, R
I, R R 2922 5 AR AT ek, 0 BT AN [ B AR 1 4 T
RO . S, TE M3 R bR R 2 e A
Transformer % 12 (% 155 H , 500 fif ] Transformer
BEARTT DU I MWK 2 4 Jmy S5 4 50 X — 2. an
X 70~ , B 42 Transformer B PSNR 15 3|
24. 81 (H7E 201y LU HE 5 M 45 100 S Ak i B o PEASE
Wi BEJE A E R E — 08 L FEE T (CSA) %
BRI BZEH . B YGE o E R SCH S
A J M i AR AIE UG BT, DA T 14 58 ) 5 40 PR A R
T3 o TEYN Y BCR I T3 2300t 55 07 T 4 T g 58
i, H PSNR 5 # 24. 69, i3 7 fr /s . {HFE K
PR R B 1) 3 S5 v, H T Jeg 38 DG TG AR 1 34
Sy 1IR3 SCEE N R 6 A A ot s R R DT I A
ki) AR . KI5, Bk 5E ¥ SADP-Bottle-
neck BB . £ B Transformer 1Y 4 Jey 18 X HEFE fiE
JI9148 Bh CSA $& 4L 1 ]y A S0 3F B, NI 7E 25 4
SEREME 5 i AR LIk B A A8 S OR L TE BT
A€ wfabs IR TR — AR

R7T EEHIRE RER R B AT
Tab.7 Structure-aware dual-path bottleneck block analysis

*8 HENZRERAGERDN
Tab.8 Adaptive multi-scale aggregation block analysis

PSNR/dB  SSIM LPIPS

. N
Bk ik (M) (M) (0

M6 HIEPHE 25.43 0.843 0.083

M7 M6-+AMSA 25.82 0.885 0.079

PSNR/ SSIM LPIPS

i o ®
" i dB(A) (A) ()

M4 M3+ HjE4E Transformer  24.81 0.831 0.097
M5 M3+ B 48 —S0E LER S 24.69  0.802 0.099

M6  M3+SADP-Bottleneck 25.43 0.843 0.083

3.3.3 AERSRERSH

M6 H 1% 48 U-Net 4 5 — 22 i th F7 1iF 5 Bk ER
HEARE H P SR E A5 R Bk B
Yoo NI, M75] A AMSA 5Bt ik IR % 4 R AE
PEAT 3 N Rl o JHE i 2 a8 T 2 L 3O
17 E AR R R 22 B 1 R SCfE B, IR R Soft
max V3 — 6 A B 2AS [8] 57 B X I A4 A B X
2 ROBE R AR SR AT 3l 25 F AN, 52 BT AN [R] 23 [] o7
BB A GE WAL o LA SR AT AR
il A B B i) RUBE w5 5 i FUANFRE [n] i, o fift i
By B 04 R AE 0 3 TS A AR . ISR 8 TR L 45

4 %
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W% 22 A% 9 1 K T AR i TR 08 S R DL ok
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Jai i AR B85 R R L B A, DA 28 fiF
S OF L R R A SRS B B, A AMSA BB,
PETE A0 A . &SR, AR OB AT
b R DEl o = A S K i 2 U S - € 2
CelebA $#5 45 | PSNR 427} 3. 06 dB, i BH 45 1
AR TR R Gk 2% 5 SSIM 2 T 0. 087, £ W]
4 b — UM 15 2 B8R 5 LPIPS F&AIK 0. 078 NI Jsz
Az 5 A TR ) R 2 ) H A B PR A
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