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Abstract

The importance of visual data has been increasingly emphasized due to the swift advancement of
information technology nowadays. As an ill-posed problem, Single Image Super-Resolution contin-
ues to present an enduring challenge even after years of progression. Massive self-attention based
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methods proposed have shown performance exceeding traditional Convolutional Neural Networks
based methods. However, methods including self-attention either suffer from large computational
cost, or have to compromise on the weakened ability on capturing information thanks to modifica-
tion on attention. We propose a Multi-Level Axial Additive Network with well-balanced trade-off in
this work. Specifically, we first elaborate a Multi-Level Axial Attention Block enabling axial window
patterns within attention. Then we present an effective additive attention that eliminates the need
for expensive matrix multiplication operations in attention. We also construct a Feature Extrac-
tion Module base on shift-convolution to extract local features. We evaluate the efficacy of our pro-
posed MLAAN on five benchmark datasets and show that it significantly enhances the super-resolu-
tion performance of the network. Our experimental results demonstrate state-of-the-art perfor-
mance in lightweight SISR while using a low number of parameters.
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1. 5|15

BRI (56 3 WE(SISR) I H b A2 AKR N2 B 43 2R (LR) BG4 5 H B TR R i o R (HR) R o 7E A
FERUR . BN ORI BT BUR S5 S AT NS R o, AR IEE HEAEH . BN — D ANEE )
M, RS ZEMERE, SISR SRR —MEANPRER. AMHEH T2 T HBRMA M (CNN)IK T
IA[1][2], VAELEES 3] LR A1 HR EUG Z (a1t . 9140, Dong [3]%F 3 JeHEH 73T CNN FIRI a5
SRCNN. SRCNN YH=ANERE, s 745 25, MRANAHERITEZ BAER K
BRI L, 3T CNN [ SISR J7iEEUE 7K 25 [4].

JUE IR LRI O AR T R MRt (H KT SR A 5 — BRSBTS B B FH 4%
7o T K SISR WIR VG, WZUTEM:REAI T B RA I P sk gk R, 22 5 5L S H e
TRBEROE S PRETE, R IEEEAME IR, R T HIT P K. DRRN [5]F] G M
SR EEREA IS EUN S OL R BIN T RS . JR1T, B4 T MR AT SR, IR VR AR X S bR
RCRFEARSET . Bl AATTXF SISR BT RG24 S5 BT T T 2Rl A%, AFEph & g f 4
Z(NAS). £ R EELEMFEIE 7> 5 0E . CARN [61l T g7 I 730 A 4 R AR K R HR BIMG,  T8RE RIS
FEHARE . IMDN [71385d 51 A 2 815 B AR HOR RS AR ARHE. RFDN [8]4E IMDN ¥ 5&fli bt —3
SO, DI T RHIEZ8T8IEHE(FDC) . BSRN [9]5I AN T WK RT 0 B4R, DATE /NI AL SEEIL T B8 4 (1 3 2K
B (HSE, BAEE T IRBURSRFE, X8 R 0 B K B S AR5 R B JES 2 A0

FEIXTJ5TH, Transformer s& — M H IS TFK, EBHEERRM A REEE Y], Lt Transformer
(VIT)TET 2 AT 25 higt 85 Sk A . T 744 Transformer 51\ 7 SISR 45if . Swin IR [10]F]FH# A7 %
J7 KR B RS R BT IR, IEW T VAT 7E SISR 4k [FIRETE At E k. ESRT [11]# CNN Al Transformer
i, MET ESE RS, ELAN [12]3F— D Witk T4, 4T R AT 5 e R T A% 1 I 45
SR, BAE IR 2 H00E T Transformer ¥ 77 V52848 FH 25 4678 =) SR MG BLRS 20 B 11 SRemg o AN |, JEsz 1P A
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FHARX IR G 25 o0 Fol s LLIT PR RS PG R oo s AH BAE S, FRA IR IR, /LR R
AN E o SRR AN AR, SEEL TR RS A R T R R R EARE R, EERAT
Zerrb, R T KPR R B A ) R R DA e TN ST S AT R S L

[F, FATESEH T — AT SISR 192 2 m Nt 25 (MLAAN),  DLEET VIT 2R/ 4. FRATT
BT T 2R R TR (MLAAB), A ) R RE 8 DL 1) SIS 4 R
fiEe 2805, AN T — A @ ST EE(EAA), TR R I Ak B R R R AR ik 18 B SR
B, BATIEME 7 —MEM T R IERBUEIY(FEM), Hrh 5l TR ALERZ M GELU Hok %
B, RSO EE TR AT DUBEFE LA = AN D7 T

(1) 9 SISRATLZS R T —Fh & F 1l i (5 D) B 5K B X 26 MLAAN o 7552 B A6 1) X 28 5 b R FH Vi
()4 R RS ), AEAMITHR RO () [R] I 2 2 B sy M RE . OF BB AR HEROR AR I sEe, e EAE
SR T 4 R

(2) Wit 72 g R 1 MLAAB, 7R3 5 AL S8l T il a A, i 4 R ke

e A A AT iE
(3) Wit 7 AR I RO EAA,  AEVER ) T IR K R LIS AR AR, 1
BRI R A
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Figure 1. The overall architecture of the proposed MLAAN
B 1. FriRtHA9 MLAAN B9 E R RI48 524
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2.1. FEHHE

£ Transformer 1, 08702 2k AVEE JI(MHSA). FHE EVER, SN X e RNVC 4 Bz v
BN Q e RNC |, BAE K e RV C | BURMEMFE Ve RN C | F& Mk Qb
BV R SRR ER . 20 S QU K Z 1A A — Ak SRR E (. 3R BT R At AR RIS 5

Jc
XHLGINT AR C LA G BT A RBR S, SR AR\ 4R SE . % T Transformer
Kevit, X @ —NT4ETARHEERI N = HxW , Hrt H AW 53 A2 R e B R m E e . 2248/
YV EEAERDR A R 0 h B ANRNE RSB EANE . ER TR RA A
MHSA (X ) = Concat (head,,head,,...,head, )W °,

.
Attention (Q, K,V ) = softmax(QK JV.

head, = Attention ( XW,?, XW,, XW," ),

St head, < RVY R I SR KAOM . WO WS WY ¢ RSN AERE R AL . A A
WM P A S BB WO < RO | I 246 7 2 3R A

MHSA i N A Q, 4/ Q HHAbHE N MERT, BISEE AN O(N? ) o MHSA H i 5 2% BELh Yt
(5.5 0t A S AR T TR

22. ZHHMEAE EBEN(MLAW)
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Figure 2. The basic scheme of MLAW. The input scale is set as (9, 9) for better understanding. H, W, C stand for
input height, input width, and input channel respectively.

B 2. MLAW BIRIZEM . AT AEMAREHMARTI®RA 9% 9, H, W, CHAAMANS. EMEE

5 MHSA FHIE, BT X e RWIC st sb st 5 K AR 73k b, TG MNEE A
S AE JR A D SR S s O\ N AT B IS, W 2.
221 WMEEOEERN
E%ﬁ%ﬁ%%ﬁ&%ﬁ¢,XW?%%%&KE%%K?%%ED[%pnﬂq,ﬁ%ﬁmﬁﬁ
IxW NTEE. TRt b, RS K S A3 Q, K,V LA d, , T4 K™ 5 7Sk H KT il i 5
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Ty e SON:
X =[ X1, X2 X",
Yy = MSA(X'W2, XW, XTW ),
H-MSA, (X)=[ Y§, Y2, Y/ ],

Hef, X eRM™Cie(1,2, H}, MSARRELFEES. W2 e RO% WS e R&% W) e R&% 43548
F KM EE LI Q K,V AR, d, =C/K o SRR B . kN Sk
12 V-MSA (X) -
X REE AR S, X BT Bl e A T M AR E &R e [x}n,--.,xrﬂ, AE
HEEMxM JTE. KM, 5 K" Sk iR E DS 5 E SN
X =[ X X2, XN ],

Vi = MSA (X3 W, X0 W X WY ),
W-MSA, (X)=[ Y8, Y- W],
HN=(HxW)/(MxM) .

222 NEERNIE
AT K ANERT R N=805r, SRR &R0 K/4/MER Tk, SRME R K/2 A
RSk XA 75 30, FA TR AR B A R R B B TR . B — TR Sk ATK
PRIEVEE S, B AR R PTE R AR S, R =R R BUT R E R . AT
Ja R T A
H-MSA, (X), k=1--,K/4,
head, ={ V-MSA, (X ),k = K/4+1---,K/2,
W-MSA, (X), k=K/2+1-,K,

MLAW (X) = Concat (head,, ---, head, )W°,

Horr, WO e R&C HGUHERE, T REA SRR . 5500085 S m A e CHE RO,
AIATHLHI TR AR AR, JEH, TS SO S A Sk B R SN R AR .

2.3 BHHMEEEN

BERT, INPEE S IHUEIE NLP b, il o 3R sl 1 miBUE 5, R O Fm i 18] 52
KRG 4 R R e SBEIEARE, V5 Q, K,V A2 BAE R4 A Fr 41 bR SUE B RAR SV 7 2
etz b, AR EAA Rl AL R URET Q o KIAHRCEE, B L% IR 18]
IR RE 1), B Va5, R HERE LR S6 0 T RERe 2 R AE . BARSR UL, HA X
T A WU AR WO, WK Bl Q ATK , HA QK e R™ WO, WH eR™, n BFIANKE, d £
NFE YR B TR, Q MR IS H s w, e RY MR, 245 Q MR /IALE, 45 1#id Softmax
BHEMEEREE AR E e R UTTF:

exp(Q-w, )
> ep(Qw, )
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SRIG, ARSI BRI RO IACE R Q BRI T, RABE MR —WERERREqeR, W
FHIR:

q:iai *Q;.

PRk, B C R IR 4B A A g AR S K e R™ (928 Bk T4mts, M4/ bR S
(R™). iZHEFES MHSA F e A FEREAAL, e R T RE R, M N KM%t B as
M. A, 5 MHSA M, BRI RAMSRAL, BaESMAKEZLERR. % Transformer
BRI R R, BAE Q « KAZHHPIIALR AT, M- S A RIBRZE R AL . S 0n i = 0 g
X ] LA A Ay

5(=Q+T(K q),
Hoh, Q FRA—LAWAERE, TRREHTH.
2.4. SFESH

$TF MLAW, BINRHERIR N H W xC 5 & R (M, M), FRdER 4R BRI i e 2k
FEA:
Q(Global) = 4HWC? +2(HW )’ C,
MHATHHE R MLAW BT R B

Q(MLAW) = 4HWC? + HWC*GH +%W +M Zj,

Eéﬁﬁﬁﬁ%,ﬁﬁﬁﬂuﬁﬁﬁﬁﬁWﬁﬁﬁ,ﬂ%mmb>6H+%W+MﬂE%&ﬁ%°

T EAA, JFE3 Q. K AERERIB 52 LM S HO A AN O(n-d) . THLIRHIE TG
FRBLATEAEFRO(n-d) . GHRAEERNNO(n-d) LASHLE, EAA LIS LR b,
TP IONISLEIE i SPUE )

25. BHMEERNIER

RN ERER E, W& T FEM/E N MLAAB 1 @SR E B R B, A1 FEM i T
WABALER, HRH T GELU BuG . EXANFEAEH oML 1 s, £k, MLAAB 7] &
SUA:

X = FEM(LN(Xi))+Xi,X' - MLAW(LN()/(\'))+)/(\',
Forp XU X! 4B | A MLAAB Kb ) FEM BEHf1 MLAW BEHE (05 HUHT .
2.6. MAKEH
BEIZINEL, 45—/ LR-HR UIZEEE (1% 1FR) . MLAAN 94 % 5 T L

1N i i
Loss(¢)=arg mglnﬁélFMLAAN (I'LR)— ey

Hodt, Fyoaan (1) AR E K MLAAN, 6 78 MLAAN 1284, N RoRilZRsEd LR-HR K5

DOI: 10.12677/aam.2024.134173 1847 IR Esid


https://doi.org/10.12677/aam.2024.134173

WA, HAE

I .
3. KBHERSITR
3.1 BUREMIHEARAE

NGB, RATRA T DF2K #5545, 15 DIV2K Fl Flickr2K #fE 45, L 3450 sk K% . =T H
RV, AT 5 4 SISR FlEEHEAE AT, 7374 Set5. Setl4, BSD100. Urbanl100 F1 Mangal09.
Y LB AL B, IRATR A T AR A5 1 L (PSNR) A1 45 H FHALLEE (SSIMYTE A BB T b5 . Bk,
SR K14t PSNR A1 SSIM /&£ YChCr 45 (Al (52 Y @il L it 5.

3.2. AT

N TRBIREE SISR SAFIIIZREE, FATE He b X = I AEEVEEAT HR BUR T KAt SR
UCH 16 ANBEN LK) 48 x 48 AR ZHLAL A, BN N BEATLEAT e 2 BB e 10 24 4 5it  3RA1 138 Adam
AL BXTREAIPEAT T 1000 IZR, ZHESHCN 0.9, BUEEREON LL. ¥IHHSIR N 2x107, R4 200
A~ epoch JF . Z LR IIZRAEH 1 9EHi5 RTX3080Ti GPU 1 PyTorch HEZE.

3.3. SEIRLERRILL

A, BATES S ReHMNBEESR SR BRI, B T I A ra &k . mo, AT
B2 T 24 B (PSNR A1 SSIM)FITFE A, X &5 B M4 IEH FoEE A, Hk, BT SR
RS bR BB AR, @R T SRR HEAT T M VEAS

331 EERHEE

TR LRI 2, FRATEFRAT M 4 5 HoAh S 3k 16 SISR A ALHEAT T AN F4E U E b, o
f1.55 VDSR. EDSR. SRMDNF. CARN. IMDN. ESRT. SwinIR-light. #{F 14k B85 AR . 7]
WL, FRATH MLAAN 7E5 bRt 4E FEE 7RI 4 B, 76 PSNR A1 SSIM 1 1] 5 i 6 £ Sl ik (1 85
RUMIGESE . dhah, HEERNE, A H M I VETE LI M & R R T A2 300 2 T sl &
T VIT BAL: ESRT M SwinIR-light. 31X 3= 245 a1 FRATT A Y 75 B A =) 38 0K PR B 03t 07 T B A
RUFHPAT. Rk, BEEPEGRESESNEMT, RMAEs, R EmENMEEER

Table 1. Average PSNR/SSIM comparison with SISR models on x3 scale
1. SHEM SISR F7ATEX3 MR E _£HY PSNR/SSIM $#{EELE

Jiik ¥ Set5 Set14 BSD100
PSNR/SSIM PSNR/SSIM PSNR/SSIM
VDSR 666K 33.66/0.9213 29.77/0.8314 28.82/0.7976
EDSR 1,555K 34.37/0.9270 30.28/0.8417 29.09/0.8052
SRMDNF 1,528K 34.12/0.9254 30.04/0.8382 28.97/0.8025
CARN 1,592K 34.29/0.9255 30.29/0.8407 29.06/0.8034
IMDN 703K 34.36/0.9270 30.32/0.8417 29.09/0.8046
ESRT 770K 34.42/0.9268 30.43/0.8433 29.15/0.8063
SwinIR-light 886K 34.62/0.9289 30.54/0.8463 29.20/0.8082
MLAAN (Ours) 706K 34.64/0.9286 30.58/0.8465 29.22/0.8086
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Table 2. Average PSNR/SSIM comparison with SISR models on x4 scale
2 2. 5HA SISR FFiATEx4 AR E LY PSNR/SSIM H{EELER

DARES ZH BSD100 Urban100 Manga109
PSNR/SSIM PSNR/SSIM PSNR/SSIM
VDSR 666 K 27.29/0.7251 25.18/0.7524 28.83/0.8870
EDSR 1518 K 27.57/0.7357 26.04/0.7849 30.35/0.9067
SRMDNF 1,552 K 27.49/0.7337 25.68/0.7731 30.09/0.9024
CARN 1,592 K 27.58/0.7349 26.07/0.7837 30.47/0.9084
IMDN 715 K 27.56/0.7353 26.04/0.7838 30.45/0.9075
ESRT 751 K 27.69/0.7379 26.39/0.7962 30.75/0.9100
SwinIR-light 897 K 27.69/0.7406 26.47/0.7980 30.92/0.9151
MLAAN (Ours) 714 K 27.73/0.7411 26.55/0.8003 30.92/0.9155

Table 3. Overall capacity comparison with lightweight SISR models
= 3. 5HMBER SISR FEMNEEEELLE

WARES P % 27 SHE FLOPs (x4) PSNR
VDSR CNN 0.67M 612.6 G 31.35
LapSRN CNN 0.25 M 149.4 G 31.54
IMDN CNN 0.70 M 409G 32.21
ESRT hybrid 0.68 M 67.7G 32.19
SwinIR Transformer 0.90 M 2188 G 32.44
MLAAN (Ours) Transformer 0.71 M 107.3G 32.48

BAVEFE— BRI T P AR BT AR, S A EEAT T L. TR mtERe, IR ATRE
MRS HR . B AR ST &, A0 MLAAN SEHL T 3@ M- Pdr, 15k 3 Bk, MR
ATLLEH, Bt MLAAN 7EMERE DR EHH Bk Tk, FIRIEN—FEEET VIT R, MLAAN 7E24(
B 240 CNN FRGHAE Y, PR A& BRI . BFF AUSHIRB(FLOPS) I, B RALT
fE45 CNN J5id, ARk CNN IR & I8 AH LA VI BT (e Ak 25 18] o e BB 2, MLAAN
¥ . FLOPs FIVERE 5 T4 A T FREHE T VIT 19 SwinlR. 841 &, MLAAN b SOTA J7 3528
T HUF PR RS TSP

3.3.2. EMHE

UbAh, FRATETEE 3 H2 4t T 3RATH MLAAN 5 Ath SISR 757 EMALSEXT L. il 3 ity B
M, ZRLBINEERN SR B E A ™ EN, BE L& FERARE. M2, MLAAN &
A SR MG T I R A6 MR, 2SN A BT ITE Mo B o AMLAnE,  FAth D A A A R 11 )
FERT U2 EUG P mEARANT . BTRAE NS RIEE T VIT 87775 0T DL AREAS 58 58 4 o R BB
%, T MLAAN 2FLH T RIFHRCR . 2k F MLAAN fnszi s g 7 RERISE 0, Hopth RO B i i
EUR N AAE G A I T R T IRk, 5 REE—F, A A e P
i, BEALERE A2 RER, SRR LR, BRI T AFERRE . AT, FRAT
MLAAN —J7TH SR T 3k B P 0 I8, 52 00 HH ARG SRV I 1 2%, 59— J7 THNA BE 25 42 HH A & IR 4 R
SRR IREE, AT MLAAN 7] DL g B TR A SO 40 1 AL i s i R . X gt — 2D iE
T TR H I MLAAN (4 3t
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Figure 3. The Qualitative comparison of x4 image SR on the Urban100 dataset
3. f£ Urban100 ##E&E x4 HEiUR E LA E M ELEE

B I ' S )
e il “iiis ¥ e
TN Ls m i}
Figure 4. An example of LAM results of MLAAN
B 4. MLAAN H LAM Z5R#£E2K

AN, FATEERE 4 FERT MLAAN BRFARBE(LAMYSE R . B aam=malaiRE T &
S UG R, CTHE R 4% N B8 G T ST AR Rl o BT UL, DRI S M R R A 24 02 . FRE,
LAM #—EH] 7 MLAAN BERSAE KTE I N REG RS R, I E R BG4 .
3.4. jHRhsCIE

AT, AT T — R FERIR TSR, DL — 25 R B 1 251k
3.4.1. RIEZBIRHEIAE

B, BATSIANT FOZNF5(CKA), PLEWEZRS MLAW 23] 2R AR . B4k, CKA 45
RERTMEAEICZ B BINE. CKA 54, RaMPEciiE, MaEiohEsEpE Sl .

K5 Pz, MLAW F%k 1) 2 1A R AR 2 o AR PE B BRI, SRR MLAW RIS REA R U
LT R N S
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Figure 5. An example of LAM results of MLAAN
[ 5. MLAAN f LAM Z5REEAR

3.4.2. MLAW F1 EAA B&EH1¢

N T HAEFTH K MLAW 5 EAA B0 2k, FRAT/ESLS6 T 7 Bt i mbxs b, sk 4. M
FRRATATLIE A 2], MLAW (5] A 5 8 5 & 55 32T, SEIIK iz R K bt b 561
VIiT (IG5, IXFRH, MLAW T DLEE B R (22 ST RE g, W 7E G Rl S A T v A 1 0 T 42
EAERIMERE . T EAA MBI, MRS EER S, BRMESHENMERER NFT, ML LN Sets
) SSIM _EA UM R %, {HIE PSNR LS. 245 R/ E T RERMANER, fEiEEEE
FNTF S P g S Ak 17 BT R 3

Table 4. Evaluate the effectiveness of MLAW and EAA
52 4. MLAW F1 EAA BYBERIMISIE

Gt MLAW EAA SR HERF PSNSRE,ESN
S 518K 584.37 ms 32.35/0.8962

x4 N 703K 849.52 ms 32.47/0.8982
v R 714K 639.16 ms 32.48/0.8980

3.4.3. MLAAB #E/ISN

N T AR B N S PERE A KSF4T, FRATE %2 T MLAAB HUEXMEA 520, 78 I EdESE b
ELE: T 7 PSNR H1 SSIM. M3 5 Haf I, 24 MLAAB ¥R 12 i, MRS TEEEAL, 5 18
(AR L, BIRITE 24 /> MLAAN SRKINA B35 IR IR T, TS MEB A& REL M. 5
EE DRI, BRI TR E AR A UK SZ . R, FRATE R ) MLAAB $UE W N 24,

Table 5. Evaluate the model capacity under different numbers of MLAAB
2 5. MLAAB 2 #2001

[ER= 12 18 24
SHE 601 K 653 K 714 K
Set5 32.06/0.8964 32.39/0.8977 32.48/0.8980
Setl4 28.68/0.7837 28.80/0.7864 28.83/0.7870
B100 27.63/0.7384 27.71/0.7408 27.73/0.7411
Urban100 26.29/0.7930 26.48/0.7986 26.55/0.8003
Manga109 30.69/0.9109 30.86/0.9142 30.92/0.9155
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I, BGEDHRBREN T HIERIEC. B — D AEE L, RIEARATRZE — AR

M. BEAE BB JINUE PRI TN, B SURW AR T RS TR R AT b A SeHr, FRATTHE
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