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Learning global attention-gated multi-scale memory residual
networks for single-image super-resolution

Wang Jing, Song Huihui*, Zhang Kaihua, Liu Qingshan
Collaborative Innovation Center on Atmospheric Environment and Equipment Technology, Jiangsu Key Laboratory

of Big Data Analysis Technology, Nanjing University of Information Science and Technology, Nanjing 210044, China

Abstract: Objective With the rapid development of deep convolutional neural networks (CNNs) , great progress has been
made in the research of single-image super-resolution (SISR) in terms of accuracy and efficiency. However, existing meth-
ods often resort to deeper CNNs that are not only difficult to train, but also have limited feature resolutions to capture the
rich high-frequency detail information that is essential for accurate SR prediction. To address these issues, this letter pres-
ents a global attention-gated multi-scale memory network ( GAMMNet) for SISR. Method GAMMNet mainly consists of

three key components; feature extraction, nonlinear mapping (NM) , and high-resolution ( HR) reconstruction. In the fea-
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ture extraction part, the input low-resolution (LR) image passes through a 3 x 3 convolution layer to learn the low-level
features. Then, we utilize a recursive structure to perform NM to learn the deeper-layer features. At the end of the network,
we arrange four kernels with different sizes followed by a global attention gate (GAG) to achieve the HR reconstruction.
Specifically,, the NM module consists of four recursive residual memory blocks (RMBs) . Each RMB outputs a multi-level
representation by fusing the output of the top multi-scale residual unit (MRU) and the ones from the previous MRUs, fol-
lowed by a GAG module, which serves as a gate to control how much of the previous states should be memorized and
decides how much of the current state should be kept. The details of how to design the two novel modules (MRU and GAG)
will be explained as follows. MRU takes advantage of the wide activation architecture inspired by the wide activation super-
resolution (WDSR) method. As the nonlinear ReL.U (rectified linear units) layers in residual blocks hinder the transmis-
sion of information flow from shallow layers to deeper layers, the wide activation architecture increases the channels of fea-
ture map before ReLU layers to help transmit information flows. Moreover, as the depth of the network increases, problems
such as underutilization of features and gradual disappearance of features during transmission occur. Making full use of fea-
tures is the key to network reconstruction of high-quality images. We parallelly stack two different convolution kernels with
sizes of 3 X 3 and 5 X 5 to extract multi-scale features, which are further enhanced by the proposed GAG module, yield-
ing the residual output. Finally, the output of MRU is the addition of the input and the residual output. GAG serves as a
gate to enhance the input feature channels with different weights. First, different from the residual channel attention network
(RCAN) that mainly considers the correlation between feature channels, our GAG takes into account the useful spatial
holistic statistic information of the feature maps. We utilize a special spatial pooling operation to improve the global average
pooling used in the original channel attention to obtain global context features, and take a weighted average of all location
features to establish a more efficient long-range dependency. Then, we aggregate the global context information on each
location feature. We first leverage a1 X 1 convolution to reduce the feature channel number to 1. Then, we use a Softmax
function to capture the global context information for each pixel, yielding the pixel-wise attention weight map. Afterward,
we introduce a learning parameter A, to adaptively rescale the weight map. Now the weight map is correlated with the input
feature maps, outputting the channel-wise weight vector that encodes the global holistic statistic information of the feature
maps. Second, in order to reduce the amount of calculations under the premise of establishing effective long-distance
dependencies, we learn to use a bottleneck layer used in SE block to implement feature transform, which not only signifi-
cantly reduces the amount of calculations but also captures the correlation between feature channels. We feed the channel-
wise attention weight vector into a feature transform module that consists of one 1 X 1 convolution layer, one normalization
layer, one ReLU layer, and one 1 x 1 convolution layer and multiply an adaptively learning parameter A, , yielding the
enhanced channel-wise attention weights that capture channel-wise dependencies. Finally, we channel-wisely multiply the
input feature maps and the enhanced channel-wise attention weights to aggregate the global context information onto each
local feature. In the image magnification stage, we design an efficient reconstruction structure to combine local multi-scale
features and global features to achieve image magnification. We first leverage three different convolutions followed by a GAG
to adaptively adjust the reconstruction feature weights, which make full use of the local multi-scale features of the recon-
structed part. Then, a pixel-shuffle module is added behind each branch to perform image magnification. At last, all the
reconstructed outputs are added together with the top network branch to combine local and global feature information, out-
putting the final SR image. Result We adopt the DIV2K(DIVerse 2K resolution image ) dataset, the most widely used
training dataset for deep CNN-based SISR, to train our model. This dataset contains 1 000 HR images, 800 of which are
used for training. We preprocess the HR images by bicubic down-sampling to obtain the LR images. Then, we use several
commonly used benchmark datasets, including SetS, Setl4, B100, Urbanl100, and MangalOO to test our model. The eval-
uation metrics are the peak signal-to-noise ratio (PSNR) and the structural similarity index measurement (SSIM) on the Y
channel of the transformed YCbCr space. The input image patches are cropped with a size of 48 x 48 pixels, and the mini
training batch size is set to 16. The hyperparameters of input, internal, and output channel numbers are set to 32, 128,
and 32 for the MRUs, respectively. We arrange four RMBs in the non-linear mapping module, among which each block has
four MRUs. For the upscale module, we use four different kernel sizes (3 x 3,5 x 5,7 x 7, and9 x 9), followed by
a GAG to generate the HR outputs. We compare our GAMMNet with several state-of-the-art deep CNN-based SISR meth-
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ods, including super-resolution convolutional neural network ( SRCNN ), deeply-recursive convolutional network
(DRCN), deep recursive residual network ( DRRN ), memory network ( MemNet), cascading residual network
(CARN) , multi-scale residual network (MSRN), and adaptive weighted super-resolution network (AWSRN) . Obviously,
our GAMMNet achieves the best performance in terms of both PSNR and SSIM among all compared methods in almost all
benchmark datasets, except for the SSIM on the Urban 100, where our GAMMNet achieves the second best performing
SSIM of 0.792 6, which is slightly lower than the best AWSRN with SSIM of 0.793 0. Finally, we conduct ablation
experiments on the important components of GAMMNet. We use 2 X SetS as the test set. The experiment first replaces the
MRUs in GAMMNet with the smallest residual unit in WDSR and removes the GAG as the benchmark. Then, it adds the
MRU and GAG and finally trains GAMMNet ( simultaneously using the two proposed modules) . The results show that the
MRU and GAG modules improve PSNR by 0.1 and 0. 08 points, respectively, and GAMMNet achieves the best perform-
ance on PSNR and SSIM, demonstrating the effectiveness of both module designs. Conclusion In this study, the shallow
features of the network are first extracted by the feature extraction module. Then, a nested recursive structure is used to
realize the NM and learn the deeper features. This structure combines the features of different scales to effectively learn the
context information of the feature maps at each level, and solves the problem of feature disappearing during information
transmission by fusing the output of different levels. Finally, in the reconstruction part, the features of different scales are
parallelized, and pixel shuffle is used to achieve high-quality magnification of images.

Key words: single-image super-resolution (SISR) ; deep convolutional neural networks ( DCNN) ; attention gate mecha-

nism; multi-scale residual units ( MRUs) ; recursive learning
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A, Y spl(x,) FoRA AR, AR
B 15 B FRey ST R 2 A
PR, W) 3 TP B @A 4
i RSO GBS A BRI 751 A,

E X
9 —
= X
x Bl /% = -
& —~ |° = y) = X
[T e = =
= 2l X — X
T x [%5) — x —
X — X = = B3 x
&) O 8§ OI8O
®_>U_’U_’/12
X X

F 3 aREENrEER

Fig.3 Global attention gate module

GAG R B T RRAE ] 25 18] 42y I e 3 L
AR SO FH 25 T Ak B A R i Dt i 8 3 2 ) v
FHEIF-H3th Ak (Hu %5 ,2018)  spl Xt T4 {7 B FFAE
HEFT AT 25 | 57 S AN A4 A 1 FRL AR DG 2%, 7T
PAREMFEF W2 LT XEE, WK 3 iR, B\
SERIH 1 x 1 GRS R AR 1, SR, 8
i Softmax PRI AR Z 4 Jm bR SCF S, T
B BRIEENNER, 25,51 ¥TS
A, R H I AR A A L, 2k AR B
AUER (&1 5 AR R AIE T8 22 ) 7 A A AR B DG &R
fy L ORI P 4 Ry e A L R S R P A ]

T AEENT A RO R OC 2R A2 T ik —
HW TR 2R 2] 2 SE (squeeze and excita-
tion) (Cao 45,2019 ; Hu 45,2018 ) FEH o (1 i 5912
SEPUARFERE AR of . ANEAT DA RO i E

A B AR IE 8 28 2 B A AE e R A R
B [0 ik AR i a2 — A~
1 x1 HBHZE  —DH—MZE  —14 RelU JZFI—4
1 x 1 BRZA R, KR53 28 280 A, % Ho i
H A T4, S 2 AR B AL I 1 B A A

RS, AN SCI% G T Hb A i A R R R 5 S Y
B A AR, B AR A 1 42 sy 8 SUF B E B
RE BN RTREZ T,
1.3 _ER#EHESR (up-sampling model )

TERGE R BB, i 1 s A Scit—fh A
AR Sy AR A5 A 2 ROE R Bl R R E
20 7 3k S I e S ) PRLMBORR

T, 5 R 28 3 L M i B A i IR 2 AN R R
ANOEST Y 73S RNy R e RV Y B g N A LS
L RIMFHERIARI N EMGEE ., 5, 5816
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EfH, RES, KHE,
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TG HE 42— CAG B3I 11 38 07 i i 4 45 R
JE AR (AR, #F— 28 7843 R E R 4 AN )
ROBERJRREAR B o SR 5 , 76 8 43 30K o 8 i 18
K HABI (Shi %,2016) LI EG TR, B E
AR I 2 ) — R E YRR I A B M 4%
i IS 2 B R R AE B e O 3 R A B R R
o R R A B E T R E 2. &R TR
A H H RRAE A O e kB S W 450 b
AR S5 08 43 SCAR T, i 5 2 B0 R o i R 4y
HARR,

2 IWIREMERS

2.1 EWigE

SR FH PG 43 B 03 s v (P )32 DI 2
P& 42 DIV2K ( DIVerse 2K resolution image dataset )
(Timofte 54,2017 ) YIZRARL, 2R 1 000 iE
oS b 800 MR TR, 5, Mg W=
U SRR i 23 R AT UL BRARAF IR O3 RIAR , SR
Je AT H A R o DU I B s 2K - Set5 ( Bevilacqua
42 2012) , Setl4 ( Yang %%,2010) , B100 ( Martin %,
2001 ), Urban100 ( Huang 4§, 2015) Al Mangal09
(Matsui 55,2017 ) AR MRBAY  PEAG 545 R 1 ER
3 E) YChCr(Y 5efE, Chb MG AR Cr AL
) 23 AR Y GEIE T AYIE(E M L ( peak signal to
noise ratio, PSNR ) #1145 #4 #1 {2l V£ ( structural similari-
ty,SSIM ) ( Wang 55,2004 ) ,

i N\ PER R ) F Y RT3 E N 48 x 48 18R | Ix

i B\ «i\&‘ﬁ'

(@) BAPEEIE () CARN (Ahn%, 2018)

B4 E&<253027"

((a)HR images; (b) CARN( Ahn et al.

(c) MSRN (Li%#, 2018) (d) AWSRN (WangZ, 2019)

21077 AERCRAF RN 4 I H 7 B 4520
Fig. 4 SISR results on image “253027”
, 2018) ; (¢)MSRN(Li et al. ,

INIIEEHE R K /N B R 16, MRU H % A | AL
i A TE RO S RO B BEE D 32,128 .32, 7R
LEVEML R 432 & 4 4> RMB, Hi 451> RMB
WHE 4> MRU, TERMRBORI B, 73 i 4 D&
BUL, KRNI 3 x3.5 x5.7 xT M9 x9, AX
i F§ Adam ( adaptive moment estimation ) 1 fk #%
(Kingma #l Ba, 2015) A1 L1 1 %k (Timofte &
2016) , I Lo ) o (1 77 M SR AL, W hR 27~ %
BEH 107 ,?ﬁﬁ%ﬂﬁﬁ%?imﬁﬁfﬂﬁ%iz
FIF PyTorch ( Paszke 45,2017 ) HEZEFE 1 B GeForce
RTX 2080 Ti GPU b HEATBIALYIZR S ML
2.2 EMEEMS

4 245 GAMMNet 5Pk GESC#E AU CARN
( cascading residual network ) ( Ahn %5 ,2018) MSRN
(Li %,2018) Fil AWSRN ( adaptive weighted super-
resolution network ) ( Wang 45,2019 ) 2% 5 UG ZE AL b
ORI AT UL DT TR 14 Je 8 DX s mT LA L
#H CARN \MSRN Ml AWSRN 7525 Ui 45 R A
BT Z , I H AWSRN 3825 i 1 5 R B 22 5K
MIBETh 2520, LEAl, GAMMNet H' GAG HHe ] LI Al
PS4 R 15 B0 98 BT AR AE A B T a0 7y
B3 I, 91 40 22 00R 1 A 2 ) TR S b BE 1 T
I, 0 Jay BRI R AT 2% 2T | 3 Jit s 19 235 R X
RO A SCEE AT DL 42 R 15 827 > I/ i 1k,
X G B R ] X 88 1 1 AR R A T A i 3
fiff, 2T Ji IR BT A 3R D TR AR Y, PRt
AH L Al B3 | AR SO AT DL A= A o 00R T A
EHIESKE

(e) AL

,“21077” for the upscaling factor 4

2018) ; (d) AWSRN( Wang et al. , 2019) ; (e) ours)
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TER S i ASGE AT ERE GAG Federh 25
23 A e A T R B AT Tl . 1B P
P T GAMMNet 0 5 (19 4 26 1 e ) 58 73 5 A
RMB FEB AR RTRBE ) GAG, | S Al L, izl
HH T S PO 2 2 ARG S SR TE TR R A 2R A A T 5

(a) GAG-1)2

(b) GAG-2)2

(c) GAG-3)2

14N, BEAR AR ASE | B Py B T i 0 4 J= i
BT EGRRARAREE, G, KA RS ST
S EMasl i ERRUL, GAG BEBR{E 159 45 G 1T
TG A0 5.3 B E oy, EA T 4552 THE R
B3 HAR R EECR

() GAG-Hiithi 2

(d) GAG-4)2

El5 GAG nf tiALRCRE
Fig.5 Visual effects of GAG( (a) GAG-1; (b) GAG-2; (c¢) GAG-3; (d) GAG-4; (e) GAG output)

2.3 EETMH

A SCRE IR A A S UM TR B B AR 22
0 45 11 S 1) B i R VR 508 4 O i AT LUK, 04
SRCNN ( Dong %%, 2014 ), DRCN ( deeply-recursive
convolutional network ) ( Kim Z%,2016 ), DRRN ( Tai

&: 2017a) , MemNet ( Tai Z£,2017b) , CARN ( casca-
ding residual network ) ( Ahn 45,2018 ) , MSRN ( multi-
scale residual network ) (Li 4%, 2018 ) FI AWSRN

(adaptive weighted super-resolution network ) ( Wang %,

2019) . 1ML 2 5% 452807 15 A PSNRFISSIMZ;

F1 EFEREELE R (PSNR)
Table 1 Quantitative results( PSNR) of the evaluated methods

PSNR/dB
VVEITE S

SRCNN DRCN DRRN MemNet CARN MSRN AWSRN A
2 36.66 37.63 37.74 37.78 37.76 38.08 38.11 38.16
Set5 3 32.75 33.82 34.03 34.09 34.29 34.46 34.52 34.61
4 30.48 31.53 31.68 31.74 32.13 32.26 32.27 32.40
2 32.45 33.04 33.23 33.28 33.52 33.70 33.78 33.85
Set14 3 29.30 29.76 29.96 30.00 30.29 30.41 30.38 30.49
4 27.50 28.02 28.21 28.26 28.60 28.63 28.69 28.74
2 31.36 31.85 - 32.08 32.09 32.23 32.26 32.28
B100 3 28.41 28.80 - 28.96 29.06 29.15 29.16 29.21
4 26.90 27.23 - 27.40 27.58 27.61 27.64 27.64
2 29.50 30.75 31.23 31.31 31.92 32.29 32.49 32.64
Urban100 3 26.24 27.15 27.53 27.56 28.06 28.33 28.42 28.54
4 24.52 25.14 25.44 25.50 26.07 26.22 26.29 26.34
2 35.60 - - - - 38.69 38.87 39.19
Mangal09 3 30. 48 - - - - 33.67 33.85 34.07
4 27.58 - - - - 30. 57 30.72 30.86

TE IR AN AT R ARES R, T RILK PR A TR R, =7 7R RS0 oR 45 S0 4
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Table 2 Quantitative results( SSIM) of the evaluated methods

SSIM
SRCNN DRCN DRRN MemNet CARN MSRN AWSRN  GAMMNet
2 0.929 9 0.958 8 0.959 1 0.959 7 0.959 0 0.960 7 0.9608  0.9610
Set5 3 0.909 0 0.922 6 0.924 4 0.924 8 0.9255 0.927 8 0.9281  ¢.9288
4 0.862 8 0.885 4 0.888 8 0.889 3 0.893 7 0.896 0 0.8960  ¢0.8970
2 0.906 7 0.911 8 0.913 6 0.914 2 0.916 6 0.918 6 0.9189  ¢.9197
Setl4 3 0.8215 0.831 1 0.834 9 0.8350 0.840 7 0.843 7 0.842 6 0.844 5
4 0.751 3 0.767 0 0.772 1 0.772 3 0.780 6 0.783 6 0.784 3 0.784 4
2 0.887 9 0.894 2 - 0.897 8 0.897 8 0.900 2 0.9006  0.900 9
B100 3 0.786 3 0.796 3 - 0.800 1 0.803 4 0.806 4 0.8069  0.807 6
4 0.710 7 0.723 3 - 0.728 1 0.734 9 0.738 0 0.738 5 0.738 6
2 0.894 6 0.913 3 0.918 8 0.919 5 0.9256 0.930 3 0.9316 0.9328
Urban100 3 0.798 9 0.827 6 0.837 8 0.837 6 0.849 3 0.856 1 0.8580 0.859 6
4 0.722 1 0.751 0 0.763 8 0.763 0 0.783 7 0.791 1 0.793 0 0.792 6
2 0.966 3 - - - - 0.977 2 0.977 6 0.977 9
Mangal09 3 0.9117 - - - - 0.945 6 0.946 3 0.947 4
4 0.8555 - - - - 0.910 3 0.9109  ¢.9123

T L AN BT IR 2R, T RN IR BT LA 5,

o BAR AR BAE S A SN - PSNR
SSIM 543k B el . A SCHILAE Urbanl00 11
SSIM B} 0. 792 6, 76 ir A XF L33 R HE 44 265 2, 4
RTF45 R e fEr AWSRN 0.793 0, 5540, 3 3 3
tf GAMMNet 55 JUFP At 2 1 ) ) 28 B A S 4000 55
THERE R . WTLUE H MemNet A7) 240 &
FeAse /N, (B 3 5 AR K H M B — . CARN A
AWSRN Z: % & 5 11 55 & i {2l GAMMNet, {H J&
GAMMNet [P RE42 T} 2%  PSNR i£%1] 38. 16 dB.,

®3 MERINSYESHEEILER
Table 3 Comparison of parameters

and calculation of network models

HR

MemNet CARN MSRN AWSRN GAMMNet
SHE/K 677 1592 5930 1397 1570
P E/G 2662.4 222.8 1365.4 320.5 576.5
PSNR/dB  37.78 37.76  38.08 38.11 38.16

T RN iR A4S

2.4 HEREIE
ATON T B AR TR Hh % FE A R 0 BT A

Frif Al sE s, MR Sets | ORFRO BN 2. 4N

= BN IESCHORSS SR A

A PR, LR e WDSR i/ hak 2z oo R
GAMMNet H1f#) MRU, H.2: [k GAG LHLAE R 3Lt Il
Y52 RO RERL SRS 5 IR I MRU BB (GAG 45
P AT 2k, 55 )5 I 2k GAMMNet  [R] Bsffoff FH BT 428 3
MIPERIEERL) o 2 4 31 1 SCER 25 51, /T LU ) MRU
I GAG HEH 37 (75 M 4% PSNR 545427+ 0.1 dB
F10.08 dB, H.[F] sy fiff i P 82 He ] LLAE PSNR Al
SSIM - B B fEPERE , T IR 1 A ST i R b s
B R

&4 GAMMNet HERESEIE
Table 4 Ablative study of GAMMNet

Baseline ~ MRU  GAG  PSNR/dB SSIM
v 38. 02 0.950 5
vV VvV 38.12 0.960 5
vV VvV 38.10 0. 960 2
vV vV vV 38.16 0.961 0
TV 34K Baseline MRU Fil GAG F 3 FH , A 7 14
N AMER
3 & i

AR SCHR H — P R TR T #2210 M 45 0k
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SRR A PR S A STl R SR U
FEM R Z L, R, Bt — R B 1y 28 V4 25
o S BRI 28 A LR PR S R 2 ) B R TR SR AFALE . 1%
SERI G P 28 AN R R BE B RRAIE , A 80 2 ) Horp 4%
GURFIE IR T SO B TR [ 3 D il AN ] 2 %
R L | F0 002 A i P 0 T R AR
{58 G T 2% i )2 R AIE o A 401 25 2R ™ i i (]
B, R TR AR O IR [A) RUBERAE I
B EEAN FEEZREG KR, AT
GAMMNet 7EEGEE 73 5 1Y 5 A4 TR k0 R 4L
PE4E (Set5, Setl4, B100, Urban100 F1 Mangal09) [
HEAT T PPAN, S50 R W] GAMMNet 7£ PSNR il SSIM
ARG 1 RS S o B

AN, A 1 508 73 B R BRI T8
o G 2 (ELIR 30 2 DU B R A, M L kil
I FH T S R R A 1 S PR AT 55 b R 2
FRTASUAET e 8 5 IO 285 05 5 B 22 TR 18 G 2, AT A
ARG B LR (1) 5 e AR ) 2 AR AR SO it — A
My
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