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Abstract

Recently, improving the residual structure and design-
ing efficient convolutions have become important branches
of lightweight visual reconstruction model design. We have
observed that the feature addition mode (FAM) in existing
residual structure tends to lead to slow feature learning or
stagnation in feature evolution, a phenomenon we define as
network inertia. In addition, although blueprint separable
convolutions (BSConv) have proved the dominance of intra-
kernel correlation, BSConv forces the blueprint to perform
scale transformation on all channels, which may lead to
incorrect intra-kernel correlation and introduce useless or
disruptive features on some channels and hinder the effec-
tive propagation of features. Therefore, in this paper, we
rethink the FAM and BSConv for super-light visual recon-
struction framework design. First, we design a novel linking
mode, called feature diversity evolution link (FDEL), which
aims to alleviate the phenomenon of network inertia by re-
ducing the retention of previous low-level features, thereby
promoting the evolution of feature diversity. Second, we
propose blueprint controllable convolutions (B2Conv). The
B2Conv can adaptively pick accurate intra-kernel correla-
tion in the depth-axis, effectively preventing the introduc-
tion of useless or disruptive features. Based on FDEL
and B2Conv, we develop a super-light super-resolution (SR)
framework SLVR for visual reconstruction. Both FDEL and
B2Conv can serve as efficient plugins. Extensive experi-
mental results demonstrate the effectiveness of our proposed
B2Conv, FDEL, and SLVR. Our code will be available at
https://github.com/chongningni/SLVR.

1. Introduction

As an important direction in the field of computer vision,
visual reconstruction focuses on improving the visual qual-
ity of images or videos. Image super-resolution (SR) is
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Figure 1. Performance and model complexity comparison on
Set14 dataset for upscaling factor ×4. * denotes the model trained
on DF2K dataset and others trained on DIV2K.

a core task in visual reconstruction, which aims to recon-
struct high-resolution details from a low-resolution image.
SR is an ill-posed problem because a low-resolution (LR)
image can be mapped to multiple high-resolution (HR)
spaces, which makes it challenging. Recently, convolu-
tional neural networks (CNNs) based on residual learning
[1, 9, 21, 22, 30, 56] have dominated the SR field because
they can constrain mapping space and reduce the difficulty
of SR learning, which creates conditions for lightweight SR
design. Furthermore, lightweight convolution has become
an important research branch of lightweight model design.
In this paper, we aim to rethink the residual structure and
blueprint separable convolutions (BSConv) to build a super-
light SR reconstruction framework. The issues we discov-
ered are as follows:

1) Existing feature addition mode easily causes net-
work inertia: SR tasks require recovering detailed textures,
which require rich high-level features as support. The exist-
ing residual structure uses the feature addition mode (FAM)
of input and output (x+ F(x)), retaining many previous
low-level features (x), which is not conducive to the diver-
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sity evolution of features and easily causes network inertia.
F(·) represents the calculation function. Furthermore, re-
taining redundant previous low-level features will also af-
fect the presentation of high-level features.

2) Incorrect intra-kernel correlation of the BSConv:
Although BSConv proves the dominance of intra-kernel
correlation, we find that kernel correlation is not present on
all channels in an ordinary convolution. However, BSConv
forces the blueprint to perform linear transformations on all
channels, which may lead to incorrect intra-kernel corre-
lation and result in introducing many useless or disruptive
features on some channels to hinder the effective propaga-
tion of features.

To solve the above problems, this work rethinks the
residual structure and BSconv. First, to alleviate the net-
work inertia, we propose a new linking mode, named fea-
ture diversity evolution link (FDEL). Our FDEL aims to
minimize the proportion of low-level features during fea-
ture propagation and presentation, which is beneficial to
distill rich high-level features with different representations
and alleviate network inertia. In addition, to maximize
the effect of FDEL, we introduce a diversified feature ag-
gregation strategy (DFAS) to enhance feature representa-
tion. Second, to prevent the incorrect inter-kernel correla-
tion of the BSConv (inter-blueprint correlation), we propose
new blueprint controllable convolutions (B2Conv). Our
B2Conv sets up an access control unit (ACU) in the chan-
nel dimension to prevent incorrect intra-blueprint correla-
tion. The ACU is like a guard, which can adaptively pick
relevant channels to associate and learn the correct inter-
blueprint correlation. Our B2Conv can reduce the introduc-
tion of useless or disruptive features and promote the effec-
tive propagation of feature information.

The main contributions of this paper are summarized as:

1) We propose a new convolution B2Conv. Our
B2Conv introduces the ACU to adaptively control intra-
blueprint correlation, which can precisely prevent the in-
troduction of useless or disruptive features and promote ef-
fective propagation of feature information. Besides, the
B2Conv can also serve as a highly efficient building block
for CNNs.

2) We propose a new linking mode FDEL, which ef-
fectively alleviates the network inertia problem. Our
FDEL aims to reduce the retention of previous low-level
feature information and can effectively promote the diverse
evolution of features, which is beneficial to the extraction
and presentation of high-level features.

3) Based on FDEL and B2Conv, we design a novel
lightweight SR framework SLVR. Extensive experiments
demonstrate that SLVR achieves record high performance
(e.g., 28.85dB on Set14 ×4 with only 485K parameters) on
lightweight SR benchmarks (shown in Fig. 1).

2. Related Works
Residual Network: Inspired by [47], He et al. [13] pro-
posed first residual network for image recognition and
achieved state-of-the-art performance. Then, many differ-
ent residual networks were proposed [8, 14, 36, 42, 46] for
different computer vision tasks. Residual networks are typ-
ically built by stacking a sequence of residual blocks. Re-
cently, the residual block was further developed, such as
widening the channels [60], introducing attention mecha-
nism [17, 55], and combining with dense connections [64].
The residual network has achieved great success in heavy-
weight networks because it overcomes the vanishing gra-
dient problem. Besides, residual learning can reduce the
learning difficulty of computer vision tasks, which also
provides opportunities for lightweight network design. To
reduce the model complexity, MobileNet [16] introduced
depthwise separable convolutions as key elements in the
residual blocks. Then, MobileNetV2 [43] proposed an in-
verted residual block where the shortcut connections are
between the thin bottleneck layers. ShuffleNetV2 [38] in-
serts a channel split component before the inverted residual
block. After that, Zhou et al. [67] rethought the inverted
residual block and proposed a sandglass block, which aims
to perform spatial transformation and identity mapping at
higher dimensions to alleviate information loss and gradient
confusion problems. Although previous works have effec-
tively improved the residual structure, most proposed resid-
ual blocks now still use the addition mode of input and out-
put features.
Efficient Convolution: To reduce network parameters,
AlexNet [25] first proposed the concept of group convolu-
tion and ResNext [57] demonstrated its effectiveness. Af-
ter that, the group convolution was further modified by this
works [18, 52, 62, 63]. VGG [45] suggested using two 3×3
convolutions instead of one 5×5 convolution. Xception [5]
proposed the depthwise separable convolution (DSConv) to
further reduce the parameters of convolution and then it
was used in MobileNet [16] and gained state-of-the-art re-
sults. Partial convolution (PConv) [33] was first proposed
for image inpainting, which greatly improved computing
efficiency. To solve the unreasonable problem of mask up-
date in the partial convolution, Gated convolution (GConv)
[59] was proposed. Octave convolution [3] was proposed
to extract the high-frequency and low-frequency signals of
the image. Recently, DSConv was decomposed [41] into
two components: variable quantization kernels and distribu-
tion offsets, thereby achieving memory reduction and oper-
ation acceleration. BSConv [12] rethought the DSConv and
considered the dominance of intra-kernel correlations when
performing convolution operations.
Lightweight SR: Although deep models can achieve good
SR performance, they are not conducive to deployment
on small devices. Therefore, many works were proposed
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Figure 2. Visualization of intermediate features, above the dotted
line is the pipeline of BSRN [30] and green cuboids represent the
ESDB modules. Outi represents the output of the ith ESDB mod-
ule. Outi = xi = xi−1 + yi.

[6, 20, 44] to reduce the computational complexity. Lap-
SRN [26] removed the bicubic interpolation pre-processing
step. CARN [1] introduced group convolution and cas-
cading residual blocks. IMDN [21] used channel split-
ting operations to complete information multi-distillation
and selective feature fusion. After that, improving in-
formation distillation structure has become an important
branch of lightweight SR network design, and many meth-
ods [9, 30, 34] were proposed. Then, PAN [66] in-
troduced pixel attention to measure pixel contribution to
achieve competitive performance by using fewer parame-
ters. Recently, a series of transformer-based SR methods
[4, 7, 11, 29, 31, 35, 48, 51] emerge with superior perfor-
mance. HNCT [7] cleverly combined CNN and transformer
to reduce the parameters while ensuring network perfor-
mance. CFIN [29] design a novel cross-receptive field-
guided transformer to adaptively select the required contex-
tual information. NGswin [4] introduced the N-Gram con-
text to the low-level vision with transformers and achieve
superior performance.

3. Methodology
3.1. Motivation

First, we define the phenomenon of network inertia as a sit-
uation where the input and output of a network module are
similar, indicating that the module fails to learn meaning-
ful features. As shown in Fig. 2, we find that the FAM
(xi−1 + yi) easily causes network inertia because it retains
many previous input low-level features (xi−1) information.
There are 8 ESDBs with this addition mode in BSRN, we
can find that the outputs of most adjacent ESDB modules
are similar, especially Out2 and Out3, Out4 and Out5. In
addition, we replaced Out5 with Out4 in the subsequent fea-
ture fusion and were surprised to find that this replacement
had almost no impact on the image reconstruction quality,

64 Filters of Pointwise Convolution: BSRN.B3.c1_r

(The 3th Channel Weights)                                     (The 15th Channel Weights)
Ordinary Convolution: IMDN.IMDB6.c1

Figure 3. Exemplary filter weights of ordinary convolution and
BSConv. One filter kernel of ordinary convolution size M×K×K
= 64× 3× 3 is visualized and split into 64 images. Filter kernels
of pointwise convolution size N×M×K×K = 64×64×1×1
and two channels are visualized.

and the PSNR only decreased by less than 0.005 dB. The
similarity between features Out4 and Out5 can be inferred
that the features y4 extracted by the 4th ESDB module are
meaningless and network inertia occurs.

Second, as shown in the left of Fig. 3, although the
weights of each kernel are highly correlated along the chan-
nel dimension, differences also exist. Besides, BSConv [12]
also proved that not all the slices (52/128 for the ResNet-50
example) of the kernel are highly correlated along the depth
axis. However, as shown in the right of Fig. 3, we find that
the pointwise convolution of BSConv associates almost all
the channel dimensions along the depth axis (the darker the
color, the higher the correlation), which results in introduc-
ing many useless or disruptive features on some channels
and is not conducive to effective extraction and propagation
of useful features.

3.2. Entropy Delta Extraction Link

In this section, we will explain the definition of FDEL in
detail.

In the network with stacked RBs, as shown in Fig. 5 (a),
the initial shallow (low-level) features x1 will be superim-
posed and retained until the last layer xL, as follows

x2 = F1 (x1) + x1, · · · ,
xl = Fl−1 (xl−1) + xl−1, · · · ,
xL = FL−1 (xL−1) + xL−1,

(1)

where Fl represents the operations of the lth RB. Equation
(1) can be regarded as a feature superposition operation. It
may let the feature representation xl of lth RB rely too much
on the input features xl−1, which will limit the learning di-
rection of features and even lead to stagnation in feature
evolution. This phenomenon can be evidenced in Fig. 2. In
addition, the superposition of many low-level input features
is not conducive to the presentation of high-level features,
especially in structure Fig. 5 (c).

In view of the aforementioned limitations of the FAM
of the RBs, we rethink its design principles and propose an
FDEL that can tackle the above issues by flipping the FAM,
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Figure 4. The overall architecture of the proposed SLVR and the structure of BCRB and blueprint controllable convolutions (B2Conv).

the structure of RB with FDEL is shown in Fig. 5 (b). Our
FDEL aims to remove excessive low-level features. The
specific mathematical formula of FDEL is

xl+1 = FFDEL(xl,Fl(xl)), (2)

where FFDEL denotes the operations of the FDEL. Our
FDEL uses the output of theFl minus its input. Because the
output feature representation is more high-level than the in-
put, each RB can effectively extract the different high-level
features, which promotes the diverse evolution of features.
As we all know, we usually refer to the output of a func-
tion minus its input as the gain of the function in a physical
sense. Therefore, in an RB with FDEL, the gain is the high-
level features extracted by this RB.

3.3. Blueprint Controllable Convolutions

Although BSConv [12] demonstrates the importance of
intra-kernel correlations in separating ordinary convolution,
it does not consider the differences of the filters in the depth-
axis. In other words, in some channel dimensions, this
blueprint cannot obtain the original filter of the ordinary
convolution through scale transformation, so filters after
forced scale transformation don’t effectively work. There-
fore, we sparse the intra-kernel correlation and proposed a
new B2Conv. Our B2Conv can adaptively pick appropri-
ate channels along the depth axis to perform blueprint scale
transformation, which can promote the extraction and effi-
cient propagation of feature information.

In a convolution operation, assume that the input is
U ∈ RM×H×W , the output is V ∈ RN×H×W , and the con-

volution kernels are
{
E(1), E(2), · · · , E(N)

}
and E(n) ∈

RM×H×W . Then the process can be expressed as

Vn,:,: = U ∗ E(n), (3)

where ∗ denotes the convolution operation and n ∈
{1, 2, · · · , N}, the weights of these N kernels can be
learned during the training. BSConv proved that in prac-
tice these weights usually converge to a state that shows a
substantial amount of correlation Therefore, BSConv pro-
poses to decompose an ordinary convolution into the in-
teraction of a blueprint B and a set of scale-transforming
weights {wn,1, wn,2, · · · , wn,M}, as follows

E(n)
m,:,: = wn,m · B(n), (4)

wherem ∈ {1, 2, · · · ,M} and n ∈ {1, 2, · · · , N} (see Fig.
6, left column). However, in ordinary convolution, not all
the filters of channel dimension can be translated by Equa-
tion (4). Therefore, to solve the problem, we propose to
add an access control unit (ACU) before scale-transforming.
Specifically, in all channel dimensions, if there is a strong
intra-kernel correlation with B, we perform Equation (4),
otherwise we do not perform any operation or multiply
Equation (4) by a small correlation coefficient to ensure that
the useless features extracted in this dimension will not af-
fect the efficient propagation of features, as follows

E(n)
m,:,: = Tn,m · wn,m · B(n), (5)

where Tn,m denotes the output of the ACU, ideally its value
is 0 or 1. 1 means allowing scale-transforming and 0 means

403



Conv

ReLU

Conv

Addition

(b) Residual block 
with proposed FDEL

Conv

ReLU

Conv

FDEL Concat and Feature Fusion

R
B

 w
it

h
 F

A
M

R
B

 w
it

h
 F

A
M

R
B

 w
it

h
 F

A
M

R
B

 w
it

h
 F

A
M

R
B

 w
it

h
 F

A
M

R
B

 w
it

h
 F

A
M

R
B

 w
it

h
 F

A
M

(a) Residual block 
with addition mode

R
B

 w
it

h
 F

A
M

 (c) The structure of feature 
aggregation operation

lx lx

1lx  1lx 

0x

0x 1y+

0x 1y+ 2y+ 0x 1y+ +...+ 8y

 0 1 88 ,7 , ,x y y

1x 2x 8x

1x 2y+ 7x 8y+ 2 RB 1y f x
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to Equation (2).

the opposite Here, to make the function continuous and
differentiable, we soften the output of the ACU and limit
its value range to (0, 1). The closer the Tn,m is to 1, the
stronger the intra-kernel correlation. The characteristics of
features can reflect the characteristics of the convolution
kernels. Therefore, Tn,m can be obtained in an embedding
space by feature space mapping and weights of the Tn,m and
wn,m can be learned directly via backpropagation. Specifi-
cally, we first rewrite the Equation (3) by split 3d convolu-
tion into a set of M 2d convolutions, yielding

Vn,:,: = U ∗ E(n) =
M∑

m=1

(
Um,:,: ∗ E(n)

m,:,:

)
. (6)

Secondly, we replace the ordinary convolution E(n)
m,:,: with

the B2Conv repersentation as given in Equation (5), as fol-
lows

Vn,:,: =

M∑
m=1

(
Um,:,: ∗

(
Tn,m · wn,m · B(n)

))
. (7)

Because each blueprint B(n) is independent in the channel
dimension. So, we can rewrite the Equation (7) (Note: As
shown in right column of Fig. 6, the input Um,:,: also needs
to be copied (Ūm,:,:) for feature space mapping)

Vn,:,: =


M∑

m=1

(
Ūm,:,: · Tn,m

)
︸ ︷︷ ︸

V̄ ′
n,:,:

·
M∑

m=1

(Um,:,: · wn,m)︸ ︷︷ ︸
V ′

n,:,:

∗B(n).

(8)
Then, we further rearrange {wn,1, wn,2, · · · , wn,M} and
{Tn,1, Tn,2, · · · , Tn,M} into a M × 1 × 1 arrays w̃n and
T̃n respectively, the sum operations of Equation (8) can be
repalced by convolution operations, as follows

V̄ ′n,:,: = U ∗ T̃n, (9)

V ′n,:,: = U ∗ w̃n, (10)
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adaptively pick correct intra-kernel correlations.

Vn,:,: =
(
σ
(
V̄ ′n,:,:

)
· V ′n,:,:

)
∗ B(n), (11)

where σ denotes the sigmoid function, which limits V̄ ′n,:,:
to (0, 1). For a concrete implementation, Equation (9)
and Equation (10) can be translated into a 1 × 1 point-
wise convolution with the kernels {w̃1, w̃2, · · · , w̃N} and{
T̃1, T̃2, · · · , T̃N

}
respectively. The Equation (11) can be

translated into aK×K depthwise convolution with the ker-
nels

{
B(1),B(2), · · · ,B(N)

}
.

3.4. The Overall Structure

Based on FDEL and B2Conv, we further develop a
lightweight SLVR framework to achieve high-performance
image SR. As shown in Fig. 4, SLVR consists of three parts,
including shallow feature extraction, deep feature extrac-
tion, and image reconstruction. Specifically, given a LR in-
put ILR ∈ RH×W×Cin , we first use a B2Conv HB2Conv to
extract shallow feature X0 ∈ RH×W×Cmid , as follows

X0 = HB2Conv (Concat[ILR]n) , (12)

where Cin and Cmid denote the channel number of the in-
put and shallow feature. Concat[·]n means concatenating n
times input. Then we use K efficient controllable distilla-
tion block (ECDB) to extract deep features. To maximize
the effect of FDEL, feature aggregation is performed by
DFAS and GELU [15] activation to enhance feature repre-
sentation. After that, we use a B2Conv to continue refining
the features, the above process can be formulated as

Xi = HECDBi
(Xi−1) , i = 1, 2, · · · ,K, (13)

XAgg = HDFAS ((w1, w2, · · · , wc) , (X1, X2, · · · , XK)) ,
(14)

XRefined = HB2Conv (GELU (XAgg)) , (15)

where HECDBi
represents the ith ECDB, w1, w2, · · · , wc

are the learnable weights, X1, X2, · · · , XK denote the in-
termediate features. HDFAS (·) denotes the operations of
the DFAS, which can be achieved by a convolution. The
ECDB is designed based on the ESDB of the BSRN. Specif-
ically, first, we replace the BSRB with the blueprint con-
trollable residual block (BCRB). Second, we replace the
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Method T-Dataset Scale #Params Mult-Adds
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

VDSR [22] 291 ×2 666K 612.6G 37.53 0.9587 33.03 0.9124 31.90 0.8960 30.76 0.9140 37.22 0.9750
CARN [1] D2K+291 ×2 1,592K 222.8G 37.76 0.9590 33.52 0.9166 32.09 0.8978 31.92 0.9256 38.36 0.9765
IMDN [21] D2K ×2 694K 158.8G 38.00 0.9605 33.63 0.9177 32.19 0.8996 32.17 0.9283 38.88 0.9774

LAPAR-A [27] DF2K ×2 548K 171G 38.01 0.9605 33.62 0.9183 32.19 0.8999 32.10 0.9283 38.67 0.9772
LatticeNet [37] D2K ×2 756K 169.5G 38.06 0.9607 33.70 0.9187 32.20 0.8999 32.25 0.9288 38.94 0.9774

RLFN [24] D2K ×2 527K 97.9G 38.07 0.9607 33.72 0.9187 32.22 0.9000 32.33 0.9299 - -
SRPN-Lite [65] DF2K ×2 609K 139.9G 38.10 0.9608 33.70 0.9189 32.25 0.9005 32.26 0.9294 - -

FMEN [6] DF2K ×2 748K 172.0G 38.10 0.9609 33.75 0.9192 32.26 0.9007 32.41 0.9311 38.95 0.9778
MLRN [10] D2K ×2 488k 90.4G 38.07 0.9607 33.59 0.9180 32.21 0.9000 32.28 0.9297 38.76 0.9773
NGswin [4] D2K ×2 998K 140.4G 38.05 0.9610 33.79 0.9199 32.27 0.9008 32.53 0.9324 38.97 0.9777

SLVR (Ours) D2K ×2 464K 102G 38.14 0.9610 33.87 0.9202 32.28 0.9009 32.57 0.9318 39.08 0.9776

VDSR [22] 291 ×3 666K 612.6G 33.66 0.9213 29.77 0.8314 28.82 0.7976 27.14 0.8279 32.01 0.9340
CARN [1] D2K+291 ×3 1,592K 118.8G 34.29 0.9255 30.29 0.8407 29.06 0.8034 28.06 0.8493 33.50 0.9440
IMDN [21] D2K ×3 703K 71.5G 34.36 0.9270 30.32 0.8417 29.09 0.8046 28.17 0.8519 33.61 0.9445

LAPAR-A [27] DF2K ×3 594K 114G 34.36 0.9267 30.34 0.8421 29.11 0.8054 28.15 0.8523 33.51 0.9441
LatticeNet [37] D2K ×3 765K 76.3G 34.40 0.9272 30.32 0.8416 29.10 0.8049 28.19 0.8513 33.63 0.9442

RFDN [34] D2K ×3 633K 65.6G 34.47 0.9280 30.35 0.8421 29.11 0.8053 28.32 0.8547 33.78 0.9458
SRPN-Lite [65] DF2K ×3 615K 62.7G 34.47 0.9276 30.38 0.8425 29.16 0.8061 28.22 0.8534 - -

FMEN [6] DF2K ×3 757K 77.2G 34.45 0.9275 30.40 0.8435 29.17 0.8063 28.33 0.8562 33.86 0.9462
MLRN [10] D2K ×3 496K 40.9G 34.46 0.9267 30.35 0.8426 29.10 0.8054 28.20 0.8533 33.66 0.9450
NGswin [4] D2K ×3 1,007K 66.6G 34.52 0.9282 30.53 0.8456 29.19 0.8078 28.52 0.8603 33.89 0.9470

SLVR (Ours) D2K ×3 473K 45.3G 34.58 0.9285 30.53 0.8460 29.21 0.8080 28.56 0.8603 34.07 0.9475

VDSR [22] 291 ×4 666K 612.6G 31.35 0.8838 28.01 0.7674 27.29 0.7251 25.18 0.7524 28.83 0.8870
CARN [1] D2K+291 ×4 1,592K 90.9G 32.13 0.8937 28.60 0.7806 27.58 0.7349 26.07 0.7837 30.47 0.9084
IMDN [21] D2K ×4 715K 40.9G 32.21 0.8948 28.58 0.7811 27.56 0.7353 26.04 0.7838 30.45 0.9075

LAPAR-A [27] DF2K ×4 659K 94G 32.15 0.8944 28.61 0.7818 27.61 0.7366 26.14 0.7871 30.42 0.9074
LatticeNet [37] D2K ×4 777K 43.6G 32.18 0.8943 28.61 0.7812 27.57 0.7355 26.14 0.7844 30.54 0.9075

RFDN [34] D2K ×4 550K 23.9G 32.24 0.8952 28.61 0.7819 27.57 0.7360 26.11 0.7858 30.58 0.9089
RLFN [24] D2K ×4 543K 25.3G 32.24 0.8952 28.62 0.7813 27.60 0.7364 26.17 0.7877 - -

SRPN-Lite [65] DF2K ×4 623K 35.8G 32.24 0.8958 28.69 0.7836 27.63 0.7373 26.16 0.7875 - -
BSRN [30] DF2K ×4 352K 19.4G 32.35 0.8966 28.73 0.7847 27.65 0.7387 26.27 0.7908 30.84 0.9123
FMEN [6] DF2K ×4 769K 44.2G 32.24 0.8955 28.70 0.7839 27.63 0.7379 26.28 0.7908 30.70 0.9107

MLRN [10] D2K ×4 507K 23.5G 32.30 0.8956 28.62 0.7824 27.57 0.7365 26.10 0.7867 30.56 0.9092
HPUN-M [48] D2K ×4 511K 27.7G 32.24 0.8950 28.66 0.7828 27.60 0.7371 26.12 0.7878 30.55 0.9089
SAFMN [49] DF2K ×4 240K 14.0G 32.18 0.8948 28.60 0.7813 27.58 0.7359 25.97 0.7809 30.43 0.9063
OSFFNet [53] DF2K ×4 537K 22.0G 32.39 0.8976 28.75 0.7852 27.66 0.7393 26.36 0.7950 30.84 0.9125

NGswin [4] D2K ×4 1,019K 36.4G 32.33 0.8963 28.78 0.7859 27.66 0.7396 26.45 0.7963 30.80 0.9128

SLVR-S (Ours) DF2K ×4 158K 8.5G 32.20 0.8952 28.65 0.7822 27.57 0.7361 26.08 0.7854 30.53 0.9084
SLVR (Ours) D2K ×4 485K 26.2G 32.40 0.8975 28.78 0.7850 27.65 0.7388 26.41 0.7951 30.93 0.9133

SLVR* (Ours) DF2K ×4 485K 26.2G 32.44 0.8980 28.85 0.7865 27.70 0.7400 26.58 0.8000 31.10 0.9141

Table 1. Quantitative comparison (PSNR/SSIM) for lightweight SR with state-of-the-art (SOTA) methods on five benchmark datasets. The
best and second-best results are marked in red and blue colors respectively. Mult-Adds is evaluated on a 1280× 720 HR image. T-Dataset
denotes training dataset. D2K stands for the DIV2K dataset. DF2K indicates a merged dataset containing 800 + 2, 650 HR-LR image
pairs. 291 images dataset is from [58].

addition mode of the residual structure with the proposed
FDEL. Third, all the BSConvs are replaced with the pro-
posed B2Conv. Please see Fig. 4 for detailed changes. Af-
ter performing the above operations, we obtain the final re-
fined featuresXRefined. Finally, to take advantage of residual
learning, we use long skip connections to reduce the diffi-
culty of learning. SR results can be obtained by

ISR = HUpsample (XRefined) +Bicubic↑ (ILR) , (16)

where HUpsample (·) represents the upsampling operation,
which is implemented with the pixelshuffle operation [44].
Bicubic↑ denotes bicubic upsampling. L1 loss function is
used to optimize the network, as follows

L1 = ‖IHR − ISR‖1, (17)

where IHR is the HR label.

4. Experiments

4.1. Experimental Setup

Datasets and Metrics. We use DIV2K [50] dataset as
the training dataset, which contains 800 HR-LR image
pairs. To show more fair results, we used DF2K (DIV2K
+ Flickr2K [50]) to additionally train an ×4 model. Note
that the model trained with DF2K is marked with a small
*. For testing, we evaluated the performances on the five
benchmark datasets, including Set5 [2], Set14 [61], B100
[39], Urban100 [19], Manga109 [40]. The PSNR and SSIM
[54] are used as the evaluation metrics, which are evaluated
on the Y channel of the YCbCr space.

Implementation Details. ECDB number is set to 8, and the
channel number is set to 64. The kernel size of the depth-
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Figure 7. Visual comparison for ×4 SR methods. The patches for
comparison are marked with red boxes.

wise convolutions is set to 3. We additionally built a smaller
model SLVR-S to compare the latest methods with less than
200K parameters and it trained on DF2K. The ECDB num-
ber of the SLVR-S is set to 6 and the channel number is
set to 40. During training, we augment the data with ran-
dom horizontal flips and rotation (90o, 180o, 270o). We ran-
domly crop LR patches of size 64×64 as input. Our models
are trained by Adam optimizer [23] for 1000K iterations.
The initial learning rate is set to 1 × 10−3 and halved for
every 200k iterations. The batch size of SLVR and SLVR-
S is set to 64 and 128 respectively. LR image patches are
obtained by the bicubic kernel from corresponding HR im-
ages matching each SR task. Our networks are trained on
an RTX3090 GPU. Note that no other training skills (e.g.,
pre-training [28]) are employed.

4.2. Comparison with the SOTA SR methods

To evaluate the effectiveness of SLVR, we compare
our model with other efficient SR models on scale
factors ×2,×3,×4, including VDSR (CVPR16) [22],
CARN (ECCV18) [1], IMDN (ACMMM19) [21], RFDN
(ECCV20) [34], LAPAR-A (NeurIPS20) [27], Lat-
ticeNet (ECCV20) [37], RLFN (CVPRW22) [24], SRPN-
Lite (ICLR22) [65], BSRN (CVPRW22) [30], FMEN
(CVPRW22) [6], MLRN (CVPRW23) [10], NGswin
(CVPR23) [4], HPUN-M (AAAI23) [48], SAFMN
(ICCV23) [49], OSFFNet (AAAI24) [53].

As shown in Table 1, we reported the training dataset,
the parameters, Mult-Adds, and PSNR and SSIM on five
benchmarks. Compared with models with similar param-

Figure 8. Ablation studies on B2Conv. BSRN-B2Conv denotes
the BSConv of BSRN is replaced by B2Conv. All the results are
reported on scale factor ×4.

Method FDEL B2Conv Set5 Set14 Urban100

Model-I X × 32.37/0.8969 28.71/0.7839 26.30/0.7917
Model-II × X 32.39/0.8975 28.76/0.7851 26.40/0.7943

SLVR X X 32.40/0.8975 28.78/0.7850 26.41/0.7951

Table 2. Ablation studies of FDEL and B2Conv on scale factor
×4. The × of FDEL denotes it is replaced by addition mode, and
the × of B2Conv denotes it is replaced by BSConv.

eters and Mult-Adds, the performance of our SLVR sur-
passes existing methods with a notable margin on all bench-
marks. Compared with the latest transformer-based method
NGswin, although the number of parameters of our SLVR
is less than 50% of NGswin and the number of Mult-Adds
is less than 75% of NGswin, our SLVR still has an advan-
tage in performance. Compared with the latest extremely
lightweight method SAFMN trained on the same dataset,
our SLVR-S obtains better performance with a smaller
model size.

We also perform a visual comparison of different SOTA
lightweight SR methods on scale factor ×4. As shown in
Fig. 7, we can observe that the SR results generated by
SLVR contain more correct and fine-grained textures, while
other methods generate many blurred edges and artifacts.
For example, in the second row of Fig. 7, our SLVR can
restore the texture of the fence, while other methods cannot.
We think that the visual results can prove the effectiveness
of the proposed B2conv, which can prevent incorrect intra-
kernel correlations to reduce useless or disruptive feature
extraction and propagation.

4.3. Ablation Studies

The core contributions of our framework are the proposed
FDEL and B2Conv. To demonstrate their effectiveness, we
first conduct ablation studies on the main framework of our
SLVR. Specifically, we remove FDEL and B2Conv and re-
place them with the original linking mode FAM of RBs and
BSConv, respectively. The experimental results are reported
in Table 2. We can observe that our FDEL and B2Conv
can improve network performance, especially B2Conv, im-
proved by 0.11 dB on the dataset Urban100.
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Method Scale #Params Mult-Adds Set5 Set14 Urban100

EDSR-baseline
×4

1,518K 114.0G 32.08/0.8938 28.58/0.7810 25.98/0.7824
EDSR+FDEL 1,518K 114.0G 32.12/0.8944 28.61/0.7819 26.05/0.7845

Table 3. Ablation studies of FDEL. EDSR+FDEL denotes that all
addition mode of EDSR-baseline [32] are repalced by FDEL.

RFDN Scale #Params Mult-Adds Set5 Set14 Urban100

w BSConv
×3

197K 25.8G 34.37/0.9268 30.34/0.8418 28.06/0.8503
w B2Conv 261K 34.5G 34.44/0.9273 30.36/0.8426 28.18/0.8525

w Conv 633K 65.6G 34.47/0.9280 30.35/0.8421 28.21/0.8525

w BSConv
×4

210K 14.9G 32.12/0.8941 28.59/0.7806 26.01/0.7829
w B2Conv 273K 20.1G 32.22/0.8949 28.65/0.7822 26.06/0.7843

w Conv 643K 37.4G 32.28/0.8957 28.61/0.7818 26.11/0.7858

Table 4. Comprehensive comparison between ordinary convolu-
tion (Conv), BSConv, and B2Conv. The best and second-best re-
sults are marked in red and blue colors.

Out3Out2 Out4 Out7Out6 Out8Out1 Out5
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Figure 9. Visual comparison of feature maps between SLVR and
SLVR without FDEL. Outi represents the output of the ith ECDB
module.

Second, to verify that FDEL can be used as a more effi-
cient linking mode of RBs, we use FDEL to simply replace
the traditional linking mode FAM in the classic residual ar-
chitecture EDSR [32]. From Table 3, we can conclude that
our FDEL is more effective than the traditional FAM with-
out additional parameters and Mult-Adds consumed.

Third, to further verify the effectiveness of our proposed
B2Conv and confirm that B2Conv can be used as highly ef-
ficient building blocks. We denote BSConv of BSRN [30]
replaced by B2Conv as BSRN-B2Conv. As shown in Fig.
8, we can observe that our B2Conv can significantly im-
prove model performance without changing model architec-
ture. Besides, we also conducted a comprehensive compari-
son between ordinary convolution, BSConv, and B2Conv on
the network architecture RFDN [34], as shown in Table 4,
compared with BSConv, our B2Conv greatly improves the
performance (e.g., 0.1 dB on Set5 ×4) of the RFDN with
few additional parameters (63K) consumed, which also il-
lustrates the rationality of our improvement.

Finally, we perform a visual comparison of features be-
tween SLVR and SLVR without FDEL. From Fig. 9, we
find that our FDEL can effectively alleviate network iner-
tia. In addition, we visualize the scale transformation state
of 8 blueprints on 64 channels. As shown in Fig. 10, we
can observe that our B2Conv does not perform scale trans-
formation on all 64 channel dimensions (only on the chan-
nel denoted by black squares). It proves that our B2Conv
can adaptively select the appropriate channel to perform
blueprint scale transformation, which can effectively pre-
vent the introduction of disruptive or useless features. Fur-

Figure 10. Visualization of scale transformation state of 4
blueprints on 64 channels. Black squares denote strong intra-
kernel correlation, and white squares are the opposite.
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Figure 11. Visual comparison of intermediate feature maps be-
tween SLVR and SLVR without B2Conv.

thermore, we perform a visual comparison of features be-
tween SLVR and SLVR without B2Conv. From Fig. 11,
we can find that the intermediate features generated by the
SLVR without B2Conv contain more interference and dis-
ruptive features, resulting in poorer feature representation.
The intermediate features generated by our SLVR are more
accurate and have better feature representation ability. It
also indirectly proves that the proposed B2Conv can adap-
tively select the correct intra-kernel correlation, prevent the
introduction of disruptive features, and is more conducive
to feature propagation and representation.

5. Conclusion

In this paper, we propose blueprint controllable convolu-
tions (B2Conv). B2Conv can precisely prevent incorrect
intra-kernel correlation, which effectively reduces the ex-
traction of useless or disruptive features and promotes the
effective propagation of feature information. Besides, we
propose a novel linking mode FDEL for RBs. Our FDEL
reduces the retention of the input low-level features and
can promote the diversity evolution of high-level features,
which can effectively alleviate the occurrence of network
inertia. Finally, based on B2Conv and FDEL, we propose
an efficient lightweight SR framework SLVR. Furthermore,
our B2Conv and FDEL can also serve as highly efficient
components to improve the performance of other CNN-
based models (such as EDSR, BSRN, and RFDN). Exten-
sive experiments on public benchmark datasets show the
prominent SR performance of SLVR and comprehensive
analytical studies validate the reasonableness and effective-
ness of the proposed framework and components.
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