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Abstract

Implicit degradation estimation-based blind super-resolution
(IDE-BSR) hinges on extracting the implicit degradation rep-
resentation (IDR) of the LR image and adapting it to LR
image features to guide HR detail restoration. Although
IDE-BSR has shown potential in dealing with noise inter-
ference and complex degradations, existing methods ignore
the importance of IDR discriminability for BSR and instead
over-complicate the adaptation process to improve effect,
resulting in a significant increase in the model’s parameters
and computations. In this paper, we focus on the discrim-
inability optimization of IDR and propose a new powerful
and lightweight BSR model termed LightBSR. Specifically,
we employ a knowledge distillation-based learning frame-
work. We first introduce a well-designed degradation-prior-
constrained contrastive learning technique during teacher
stage to make the model more focused on distinguishing
different degradation types. Then we utilize a feature align-
ment technique to transfer the degradation-related knowl-
edge acquired by the teacher to the student for practical
inferencing. Extensive experiments demonstrate the effective-
ness of IDR discriminability-driven BSR model design. The
proposed LightBSR can achieve outstanding performance
with minimal complexity across a range of blind SR tasks.
Our code is accessible at: https://github.com/MJ-
NCEPU/LightBSR.

1. Introduction
The goal of blind super-resolution (BSR) [7, 15, 16, 22,

25, 32, 33, 35–37, 39, 44] is to restore the detail-rich high-
resolution (HR) image from its low-resolution (LR) counter-
part with unknown and complex degradations. The key to
BSR methods lies in accurately estimating the degradation
information of the LR image and embedding it into the SR
module effectively to guide image upsampling. As a more
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Figure 1. Comparison of different methods in terms of model
complexity, SR performance and IDR distribution across four blur
kernels on the DIV2K [2] val-set.

practical LR image restoration technique, BSR has attracted
a lot of attention and developed two research directions: ex-
plicit degradation estimation-based (EDE-) BSR and implicit
degradation estimation-based (IDE-) BSR.

The EDE-BSR paradigm [3, 7, 13, 17, 25, 42] requires
an explicit mapping between degradation parameters (e.g.,
blur kernel, noise level) and the estimator. Only when the
degradation type of the LR image falls within the prede-
fined degradation scope can the EDE-BSR method achieve
satisfactory image restoration results. However, real-world
degradation scenarios are nearly infinite, making it impracti-
cal to annotate all possible types of degradation in advance.
Additionally, precise kernel estimation often necessitates
more parameters and iterations [7, 13], significantly increas-
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ing the model and time complexity of such methods.
The IDE-BSR paradigm [21, 22, 32, 34, 36, 37, 43] trans-

forms the problem of estimating degradation information
into a degradation-related representation learning problem.
The core objective is to construct a latent representation
space that can generalize to various degradation domains,
including unseen types during training, and effectively adapt
the extracted implicit degradation representation (IDR) to
LR image features to guide HR image restoration. Benefiting
from its more comprehensive understanding of the intrinsic
characteristics of intricate degradation patterns and simpler
training process, IDE-BSR paradigm has shown significant
potential in real-world scenarios with noise interference and
complex degradation combinations.

The previous works have explored the application of
various representation learning techniques in IDE-BSR task,
such as contrastive learning [8, 21, 32], meta learning [6, 36],
distillation learning [10, 37], and diffusion model [11, 22].
Despite some progress, these methods did not particularly
emphasize the discriminative power of the learned IDR space.
As shown in the t-SNE plots of Fig.1, even the latest methods
[21, 22] struggle to distinguish different degradation types
effectively. This means that these models do not accurately
understand different degradation patterns, and the extracted
IDR contains degradation-independent noise. As a result,
they have to increase the complexity of the adaptation pro-
cess to solve the issue of noise interference for improving SR
effect. For example, although CDFormerS [22] and DSAT
[21] achieved high average PSNR values on the DIV2K
val-set [2], the cost was an increase of more than twice the
number of parameters and computational costs compared to
KDSR [37]. However, the increasing complexity of models
undoubtedly hinders the practicability of BSR technology.
This phenomenon raises an important question: is it possible
to enhance SR effect by strengthening IDR discriminability,
thereby circumventing complex adaptation processes and
achieving a lightweight BSR model?

Based on the above observations and reflections, we at-
tempt to focus on enhancing the discriminability of IDRs
rather than stacking adaptation networks in this paper, aim-
ing to form a new powerful and parameter-efficient BSR
model design. The proposed method is termed LightBSR.
The overall architecture is shown in Fig.2, where the core
modules are an IDR estimation module (IDR-EM) and an
IDR adaptation module (IDR-AM). The former consists
of an IDR-estimator and an IDR-converter, used to extract
channel- and spatial-wise IDRs from the input LR image.
The latter consists of a series of hierarchical adaptation com-
ponents, used to effectively adapt IDRs to LR image features.
Regarding model learning, as shown in Fig.3, we follow the
distillation learning framework that has a natural advantage
in lightweight, allowing us to perform very complex implicit
degradation modeling in the teacher stage without affecting

the model complexity and inference efficiency in the student
stage. During teacher training stage, we introduce a well-
designed degradation-prior-constrained contrastive learning
technique, which uses specific degradation parameters as
degradation reference priors (DRP) to reinforce the teacher’s
learning of discriminative degradation-related information
in LR images. In the student training stage, we utilize a
feature alignment-based distillation technique to transfer the
degradation-related knowledge acquired by the teacher to
a simplified student model that only takes the LR image as
input to meet the task requirement.

Extensive experiments on both synthetic and real-world
images demonstrate the effectiveness of our novel BSR
model design. Thanks to the high discriminability of IDRs,
even with a low complexity degradation adaptation module,
it is easy to build a high-quality mapping from LR to HR
with the generalization to any degradation scenarios. Com-
pared to existing advanced EDE- and IDE-BSR methods
under the same settings, our method achieves outstanding
performance across various blind SR tasks with minimal
parameters and computational costs.

2. Related Work
The BSR aims to extract degradation information from

LR images using a learnable estimator instead of manually
set parameters [38, 41], to guide reconstruction. EDE-BSR.
Early methods explicitly estimate degradation. IKC [7] it-
eratively refines the estimator with generated SR results.
DAN [13] jointly predicts blur kernels and SR images in
a dual-branch design. DCLS [25] introduces constrained
least-square filtering to produce deblurred features. These
approaches often involve costly iterative estimation. IDE-
BSR. Recent works model degradation implicitly by learning
latent representations integrated with LR features. DASR
[32] first applied contrastive learning [8] to distinguish degra-
dations. IDMBSR [43] uses kernel width and noise level as
weak supervision. MRDA [36] adopts meta-learning [6] in a
multi-stage setup. KDSR [37] introduces knowledge distilla-
tion [1, 10, 14], transferring knowledge from HR-supervised
teachers to students for degradation estimation. CDFormer
[22] and DSAT [21] stack large Transformer blocks [5, 19]
for performance gains, but their complexity limits practical
use. Our Goal. Instead of enlarging models, we enhance the
discriminability of the IDR space by combining contrastive
learning and distillation, enabling lightweight yet effective
BSR. Further analysis is in the supplementary material.

3. Method
3.1. Architecture Overview

The architecture of the proposed LightBSR is shown in
Fig.2, which mainly consists of an LR Feature Extractor (a
3×3 Conv layer), an IDR Estimation Module (IDR-EM), an
IDR Adaptation Module (IDR-AM) and an Upscaler [29].
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Figure 2. The architecture of our designed implicit degradation estimation-based lightweight blind SR network.

The LR image is first fed into both the low-level LR image
feature extractor and IDR-EM simultaneously. Secondly,
outputs are fed into IDR-AM for a series of modulation and
fusion. Thirdly, the adapted result is fed into the Upscaler to
generate the SR image. More design details are below.

3.1.1. IDR Estimation Module (IDR-EM)
IDR-EM consists of an IDR-estimator and an IDR-

converter. The former is used to extract the original IDR,
and its structure is a six-layer Conv network like KDSR [37],
but halves channels of each layer to reduce parameters. The
latter includes a spatial transformation branch (consisting of
a pixel-shuffle layer and a Conv layer) and a channel transfor-
mation branch (consisting of a GAP operator and a FC layer)
for further generating spatial-wise IDR and channel-wise
IDR based on original IDR, respectively.

3.1.2. IDR Adaptation Module (IDR-AM)
IDR-AM adopts a hierarchical adaptation process, con-

sisting of a series of IDR Correction Blocks, IDR Adaptation
Blocks and IDR Adaptation Groups. Details are as follows.
1) IDR Correction Block (IDR-CB). The IDR-CB is de-
signed to further optimize channel-wise IDR RC and spatial-
wise IDR RS . The channel-level correction includes two
FC layers with GELU [9] and a residual connection, while
the spatial-level correction includes two Conv layers with
GELU and a residual connection. Sec.4.2 shows that this
module can enhance the robustness of adaptation module to
IDR estimation errors to a certain extent.
2) IDR Adaptation Block (IDR-AB). IDR-AB is the basic
adaptation unit. As shown in Fig.2, taking LR features f in

LR

and corrected IDRs as inputs, IDR-AB modulates IDRs from
channel and spatial perspectives, and integrates IDRs into
LR features. Given its intricate design, we will elaborate on
the internal structure of IDR-AB in detail in Sec.3.2.1 by
combining the specific calculation process.
3) IDR Adaptation Group (IDR-AG). The IDR-AG is
composed of eight IDR-ABs, followed by a ConvNeXt block

[23] and a 3×3 Conv layer for further feature fusion. And
a residual link is added between the input and output of an
IDR-AG for restoring low-level details.

Finally, the IDR-AM consists of eight IDR-AGs and a
3×3 Conv layer. A residual link is also applied to preserve
the original image details and semantic information.

3.2. KD-based Model Learning
As shown in Fig.3, the training of proposed LightBSR

is divided into two stages: For teacher training, contrastive
learning (CL) and degradation reference prior (DRP) are
introduced into the training process to reinforce the discrim-
inability of the learned IDR latent space. For student training,
the degradation knowledge learned by the teacher is trans-
ferred to the student through feature alignment.
3.2.1. Teacher Training

The CL-based teacher training framework mainly con-
sists of a DRP generator, a principal branch, a momentum
branch and a negative sample queue Q. Each branch in-
cludes an IDR-estimator and a projector (a two-layer FC
network). The training is divided into two stages, of which
the first stage pre-trains the IDR-estimator by only updating
two CL branches, and the second stage fine-tunes the whole
model parameters. Note that during teacher training, the
IDR-estimator and the IDR-converter are separate.
1) Data Preparation. Given a batch of B LR images, we
randomly crop D patches (size is 3×H ×W ) for each LR
image to form B positive sample sets. For DRP generation,
we refer to dimensionality stretching strategy [41]. Specif-
ically, first, the blur kernel of size k × k is vectorized and
projected into a t-dimensional space via PCA, resulting in
a t× 1 vector. Next, the noise level value σ is replicated 3
times and concatenated with the blur kernel vector, yielding
a (t+ 3)× 1 vector. Then, this vector is stretched to match
the LR patch dimensions, resulting in the tensor represen-
tation of DRP Fdrp ∈ R(t+3)×H×W . Finally, the input for
teacher training is the concatenation of each patch and its cor-
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Figure 3. The training illustration of our LightBSR, in which the teacher stage uses complex structures to enhance IDR discriminability.

responding Fdrp, defined as ILRd ∈ RB×D×(t+6)×H×W .
2) IDR-Estimator Pre-training. The first stage can be seen
as pre-training the IDR-Estimator. ILRd is fed simultane-
ously into the principal and momentum branches, producing
P,M∈ RB×D×128, respectively. Then, the contrastive loss
is computed based onM, P , and Q, as follows:

LCL =
1

D(D − 1)

D∑
i=1

D∑
j=1

Sim(Pi,Mj), (i ̸= j), (1)

where the operator Sim(·) refers to [27], as follows:

Sim(Pi,Mj) =

− 1

B

B∑
k=1

log
exp(Pk

i · Mk
j /τ)

exp(Pk
i · Mk

j /τ) +
∑N

l=1 exp(Pk
i · Ql/τ)

,
(2)

where τ denotes the temperature coefficient, and N is the
length of Q. For the momentum branch, the parameters are
updated using the momentum update strategy:

θM ← αθM + (1− α)θP , (3)

where θM and θP are the parameters of the momentum and
principal branch, α ∈ [0, 1] is the momentum coefficient.
3) Overall Model Fine tuning. The second stage expanded
the parameter training scope based on the first stage. Specif-
ically, after obtaining the output of the IDR-estimator of
the principal branch, it is further fed into the IDR-converter
for spatial- and channel-domain transformation, outputting
a spatial-wise IDR RTs ∈ R8×H×W and a channel-wise
IDR RTc ∈ R48, respectively. These two IDRs, along with
the LR image features, are then fed into the IDR-AM and
Upscaler to generate the HR image. The L1 loss is used to
measure the reconstruction error, as follows:

LSR = ∥ISR − IHR∥1 , (4)

where ISR represents the output of the BSR network, IHR

represents the HR version corresponding to the input LR
image. The sum of LSR and LCL is defined as the total loss
in the second stage for training the teacher network.

4) IDR Adaptation. As detailed in Sec.3.1, the adaptation
process in IDR-AM is sequential, consisting of a series of
IDR-AGs and a Conv layer, where each IDR-AG is com-
posed of a series of IDR-ABs and two Conv blocks. As
shown in Fig.2, taking output IDRs of IDR-EM and LR
features as input, IDR-CB first optimizes IDRs to obtain
R̂C and R̂S and sends them to the corresponding IDR-AG
and next IDR-CB. In IDR-AG, the IDR-AB receives opti-
mized IDRs and LR features as inputs. IDR-AB first divides
the input LR features f in

LR into two parts along the chan-
nel dimension in a 1:3 ratio to fully use the redundancy
between different channels and reduce computational com-
plexity. For spatial-wise modulation, 1

4f
in
LR is concatenated

with R̂S along the channel dimension, followed by modula-
tion through two 3×3 Conv layers and a Sigmoid function.
Next, the modulated spatial-wise IDR is multiplied with the
original 1

4f
in
LR, followed by a 5×5 Conv layer for further

fusion to obtain the spatial-wise degradation-adapted LR
image features fS

LR. For channel-wise modulation, the re-
maining 3

4f
in
LR is first processed by a GAP operator, and then

the pooled result is concatenated to R̂C along the channel di-
mension, followed by modulation through two FC layers and
a Sigmoid function. Next, the modulated channel-wise IDR
is multiplied with the original 3

4f
in
LR to obtain the channel-

wise degradation-adapted LR features fC
LR. Then fS

LR and
fC
LR are concatenated and passed through a ConvNeXt block

[23] for information complementary processing. Finally, a
residual link is applied to integrate the original f in

LR into the
processed result to enhance the image details, resulting in
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Method DRP CL Set5 Set14 B100 Urban100

T1 31.60 28.25 27.40 25.69

T2 ✓ 31.96 28.45 27.47 25.94

T3 ✓ 31.75 28.34 27.43 25.77

T4(Ours) ✓ ✓ 32.00 28.49 27.50 26.02

Table 1. The effect of different training framework designs on the
average PSNR under various kernel widths {1.2, 2.4, 3.6}.

Method R̂S R̂C IDR-CB Set5 Set14 B100 Urban100

M1 29.25 27.01 26.48 24.21

M2 ✓ ✓ 31.86 28.43 27.46 25.87

M3 ✓ ✓ 31.92 28.44 27.47 25.91

M4(Ours) ✓ ✓ ✓ 32.00 28.49 27.50 26.02
M5 ✓ ✓ 31.94 28.42 27.47 25.93

M4- M4 with error IDRs 28.15 25.95 25.79 23.37

M5- M5 with error IDRs 28.05 25.89 25.69 23.26

Table 2. The effect of different IDR-AM designs on the average
PSNR under various kernel widths {1.2, 2.4, 3.6}.

PS
N
R

Set14 with kernel width 3.6 B100 with kernel width 2.4 Urban100 with kernel width 1.2

2 3 4 5 6 7 8
26.2

26.4

27.6

27.8

number of the positive samples D 

Figure 4. The effect of different numbers of positive samples.

the final output f̂ in
LR of current IDR-AB. After a series of

hierarchical adaptations in IDR-AM, LR image features that
fully integrate degradation information are obtained, denoted
as fout

LR , which would be used as input for the Upscaler.

3.2.2. Knowledge Transfer
The student network mainly consists of an IDR-estimator

IDR-ES and an IDR-converter IDR-CS , with each compo-
nent having the same structure as in the teacher network. In
terms of input, the student network only takes the LR image
as input, fulfilling the inference requirements. The spatial-
and channel-wise IDRs output by IDR-CS are denoted as
RSs and RSc, respectively. After training the teacher net-
work, the IDR-estimator of the principal branch and IDR-
converter are exported as the teacher, defined as IDR-ET and
IDR-CT , respectively, and the learned knowledge is trans-
ferred to the student network using the distillation learning
technique. Specifically, knowledge distillation is achieved by
aligning the output between teacher and student converters,
and the training is also divided into two stages, with the first
stage only updating IDR-ES and IDR-CS , and the second
stage optimizing the whole model parameters.

In the first stage, for spatial-domain distillation, L2 loss
is used to perform pixel-level knowledge transfer from RTs

to RSs, which can be expressed as:

L2 = ∥RTs −RSs∥2 . (5)

For channel-domain representations RTc and RSc, the
Kullback–Leibler (KL) divergence loss is employed to match
their distributions and the L1 loss is used to minimize their
absolute differences, as follows:

Lkl =

C∑
i=1

Rnorm
Tc [i]log(

Rnorm
Tc [i]

Rnorm
Sc [i]

), (6)

L1 = ∥RTc −RSc∥1 , (7)

where C is the number of channels, and Rnorm
Tc and Rnorm

Sc

are softmax-normalized outputs of RTc and RSc, respec-
tively. The total loss of knowledge distillation is:

LDL = L2 + Lkl + βL1, (8)

where β denotes the balance factor. In the second stage, RSs

and RSc are further fed into IDR-AM and Upscaler for SR
reconstruction, consistent with the teacher training. The sum
of LSR and LDL is defined as the loss of the second stage
for training the student network.

4. Experiments
4.1. Experimental Setup
Datasets preparation. For training, we use 800 images from
DIV2K [2] and 2650 images from Flickr2K [30], consistent
with previous works [32, 37]. For evaluation, we choose
four standard benchmarks: Set5 [4], Set14 [40], B100 [26]
and Urban100 [12]. The LR-HR sample pairs required for
training follow the classical degradation model:

ILR = (IHR ⊗ k) ↓s +n, (9)

where IHR is the original HR image, ILR is the degraded
LR image, ⊗ denotes convolution operation, k denotes the
blur kernel, ↓s denotes the bicubic downsampling with scale
factor s, and n refers to additive Gaussian white noise. In
experiments, two degradation settings are employed:
Setting 1: only contains isotropic Gaussian blur kernels.
The kernel size is fixed to 21 × 21, and the range of kernel
width is set to [0.2, 4.0] for ×4 SR.
Setting 2: considers anisotropic Gaussian blur kernels and
Gaussian white noise for ×4 SR. The anisotropic Gaussian
blur kernel characterized by a Gaussian probability density
function N (0, Σ), where covariance matrix Σ is determined
by two eigenvalues λ1, λ2 ∼ U(0.2, 4) and a rotation angle θ
∼ U(0, π). The kernel size is fixed to 21 × 21 and the range
of Gaussian white noise is set to [0, 25].
Implementation Details. For preprocessing, HR images
are augmented via random rotation and flipping and the LR
patch size is set to 64 × 64. For training, the batchsize B is
set to 64 and the number of the positive sample D is set to
4. During IDR modeling, the PCA dimension t is set to 15,
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Figure 5. The t-SNE [31] plots of IDR distributions on the B100 [26] benchmark. a) 4 different isotropic blur kernels are selected under
Degradation Setting 1. b) 4 different anisotropic blur kernels are chosen under Degradation Setting 2, with the noise level set to 4.

Method Param. GFLOPs
Dataset Set5 Set14 B100 Urban100

Kernel width 1.2 2.4 3.6 1.2 2.4 3.6 1.2 2.4 3.6 1.2 2.4 3.6

Bicubic — — — 27.69 25.99 24.45 25.60 24.39 23.25 25.58 24.67 23.80 22.73 21.76 20.84

IKC 5.3M 2876.30 CNN 31.76 30.35 30.26 28.44 28.17 26.63 27.43 27.28 26.41 25.63 25.02 24.07
DAN 4.3M 1250.38 CNN 32.22 31.96 30.94 28.65 28.54 27.68 27.65 27.58 26.95 26.20 25.96 25.08

DCLS 13.6M 496.72 CNN 32.35 32.19 31.14 28.66 28.57 27.78 27.73 27.65 27.02 26.50 26.24 25.34

DASR 5.8M 208.80 CNN 31.92 31.75 30.59 28.44 28.28 27.45 27.52 27.43 26.83 25.69 25.44 24.66
IDMBSR 4.2M — CNN 31.90 31.78 30.68 28.50 28.36 27.60 27.58 27.51 26.90 25.91 25.68 24.91
MRDA 5.8M 386.25 CNN 32.36 32.11 30.89 28.67 28.57 27.62 27.67 27.58 26.91 26.26 26.02 25.08
KDSR 5.8M 258.14 CNN 32.34 32.13 31.02 28.66 28.55 27.81 27.67 27.59 26.97 26.29 26.05 25.20
DSAT 15.6M 895.03 Transformer 32.51 32.00 30.31 28.77 28.50 27.51 27.76 27.66 27.02 26.43 25.95 24.89

CDFormerS 11.9M 631.53 Transformer 32.36 32.14 31.07 28.77 28.60 27.67 27.74 27.64 27.00 26.39 26.09 25.19

LightBSR 3.1M 206.16 CNN 32.47 32.17 31.06 28.82 28.65 27.79 27.77 27.69 27.04 26.50 26.20 25.31

Table 3. Quantitative comparison of PSNR metric for different methods under Degradation Setting 1 on ×4 SR. The best and second-best
results are highlighted in red and blue, respectively. GFLOPs are calculated based on a 256 × 256 image size.

the temperature coefficient τ is set to 0.07, the momentum
coefficient α is set to 0.999, and the balance coefficient β in
LDL is set to 0.1. For both teacher and student training, in
the first stage, learning rate is set to 2e-4 for 100 epochs. In
the second stage, cosine annealing strategy [24] is used to
gradually decrease the learning rate from 2e-4 to 1e-6 over
600 epochs. Adam optimizer [18] is used for training.

4.2. Ablation Study
We conduct a detailed analysis of the effects of each com-

ponent in the proposed method under Degradation Setting 1.
Additional experimental results under Degradation Setting 2
are provided in the supplementary material.
4.2.1. Core Components for Training
1) Effect of DRP and CL. These two are used to enhance
the discriminability of IDRs. The ablation results are shown
in Table 1. Using naive model T1 without any DRP or CL
as the baseline, adding DRP (T2) or introducing CL (T3)
both effectively improve performance, with average Peak
signal-to-noise ratio (PSNR) on four benchmarks exceeding
that of T1 by 0.22 dB and 0.09 dB, respectively. Moreover,
the combination of DRP and CL, i.e. T4 (ours), can further

improve performance, demonstrating the effectiveness and
compatibility of the two components.
2) Impact of Positive Sample Number. To verify the impact
of the number of positive samples, we gradually increase
the value of D from 2 to 8, with the results shown in Fig.4.
When D increased from 2 to 4, the performance on vari-
ous benchmarks improves significantly, indicating that more
positive samples can provide additional beneficial reference
prior. However, when D exceeds 4, the performance reaches
saturation or even declines, possibly due to excessive re-
dundant information impairing the estimator’s robustness
against degradation distribution shifts [28].
4.2.2. Core Components of IDR-AM

We perform detailed ablation studies on the core compo-
nents of IDR-AM, namely IDR-AB and IDR-CB, and the
ablation results are shown in Table 2.
1) Effect of IDR-AB. There are two degradation modula-
tion branches in IDR-AB, corresponding to channel and
spatial perspectives. Compared to the baseline (M1) without
any modulation, employing only spatial-domain modulation
(M2) or channel-domain modulation (M3) both improves SR
performance, with the average PSNR increasing by 1.67 dB
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Figure 6. ×4 SR results for isotropic Gaussian blur kernel width 1.2 on the “img 093” of Urban100 benchmark.

Noise Method Param.

5

DnCNN+DAN 650K+4.33M 26.18 26.14 24.89 24.64 24.61 24.52 24.37 24.01 23.63
DnCNN+DCLS 650K+13.63M 26.15 26.12 24.89 24.66 24.62 24.52 24.39 24.03 23.65

DASR 5.84M 26.60 26.52 25.87 25.69 25.64 25.60 25.48 25.23 24.85
MRDA 5.84M 26.73 26.68 25.98 25.80 25.77 25.71 25.59 25.29 24.82
KDSR 5.80M 26.73 26.70 26.02 25.87 25.83 25.76 25.65 25.37 24.94
DSAT 15.64M 26.71 26.66 25.95 25.80 25.74 25.66 25.55 25.30 24.85

CDFormerS 11.86M 26.77 26.69 26.00 25.85 25.82 25.75 25.64 25.34 24.97
LightBSR 3.09M 26.82 26.76 26.06 25.91 25.87 25.81 25.70 25.41 25.05

10

DnCNN+DAN 650K+4.33M 25.69 25.63 24.62 24.42 24.39 24.29 24.18 23.89 23.54
DnCNN+DCLS 650K+13.63M 25.67 25.62 24.62 24.43 24.40 24.29 24.19 23.91 23.56

DASR 5.84M 26.02 25.94 25.27 25.11 25.08 25.03 24.93 24.69 24.33
MRDA 5.84M 26.12 26.05 25.36 25.20 25.18 25.12 25.01 24.76 24.36
KDSR 5.80M 26.11 26.05 25.38 25.24 25.21 25.15 25.05 24.81 24.46
DSAT 15.64M 26.07 26.04 25.29 25.18 25.14 25.09 24.97 24.72 24.36

CDFormerS 11.86M 26.14 26.06 25.37 25.22 25.20 25.15 25.04 24.78 24.45
LightBSR 3.09M 26.18 26.10 25.41 25.27 25.24 25.19 25.08 24.83 24.53

Table 4. Quantitative comparison of PSNR metric for different methods on the B100 benchmark under Degradation Setting 2 on ×4 SR.
The best and second-best results are highlighted in red and blue, respectively.

and 1.7 dB, respectively, validating the necessity of modu-
lation from both perspectives. And the combination of the
two branches, i.e. M4 (ours), further improves the PSNR,
showing the complementarity of the two.
2) Effect of IDR-CB. The variant M5 without IDR-CB
shows a 0.06 dB decrease in average PSNR compared to
M4 (ours), preliminarily showing the effectiveness of this
component. To further verify the effect of IDR-CB, we
add random values ranging from 0 to 1 to the output of the
IDR-Estimator, simulating incorrect IDRs and the results are
shown at the bottom of Table 2. It can be seen that when
receiving error IDRs, M5- (without IDR-CB) has an average
PSNR 0.09 dB lower than M4- (with IDR-CB), showing that
IDR-CB can improve the robustness of SR network to error
degradation estimation to a certain extent.

4.3. Comparison with Previous Methods
We compare our approach under two degradation set-

tings against the following BSR methods: IKC [7], DAN
[13], DCLS [25], DASR [32], IDMBSR [43], MRDA [36],
KDSR [37], DSAT [21] and CDFormerS [22]. Among these

methods, IKC [7], DAN [13] and DCLS [25] follow EDE-
BSR paradigm, while the others follow IDE-BSR paradigm.
The out-of-distribution (OOD) degradation evaluations are
provided in the supplementary material.
4.3.1. Experiments in Degradation Setting 1
Quality of IDRs. We apply four different blur kernel widths
to generate LR images for the B100 benchmark [26], feed-
ing them into the degradation estimators of DASR [32],
MRDA [36], KDSR [37], DSAT [21], CDFormerS [22] and
LightBSR. The t-SNE plots of IDRs output by each method
are shown in Fig.5(a). Our method achieves better clus-
tering of the same degradation and separation of different
degradations, which shows the superiority of our method in
discriminative implicit degradation estimation.
Quantitative evaluation. We use three different blur ker-
nel widths {1.2, 2.4, 3.6} to evaluate the SR performance
of various methods across four classic benchmarks. The
comparisons in Table 3 show that: (1) Compared to the best
EDE-based BSR method [25], our approach achieves supe-
rior or matching performance under 8 out of 12 degradation
conditions, while reducing the number of parameters by 78%
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Figure 7. ×4 SR results for different anisotropic blur kernels and noise levels on the “img 047” of Urban100 and the “ppt3” of Set14.
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Figure 8. ×4 SR results on the “pattern” image of the RealWorld38
for various methods under Degradation Setting 2.

and computation by 59%, showing the great potential of the
IDE-based BSR paradigm. (2) Compared with existing IDE-
BSR methods, LightBSR achieves SOTA performance with
fewer parameters and computation, showing the superiority
of our method. For example, compared to CDFormerS [22],
our method, which is based on CNN architecture, achieves
superior results with only 26% of the parameters and 32% of
the computational cost used by CDFormerS, demonstrating
that CNNs remain highly competitive in the BSR task.
Qualitative evaluation. The SR results of different methods
under Degradation Setting 1 are shown in Fig.6. Our method
recovers the overall structure of the image more comprehen-
sively and restore complex architectural texture details more
clearly and completely. This shows that the discriminability
of IDRs is crucial for image restoration.

4.3.2. Experiments in Degradation Setting 2
Quality of IDRs. We use four different anisotropic blur
kernels and set the noise level to 4 to generate LR images
for the B100 benchmark [26]. The IDRs generation and
t-SNE visualization follow Degradation Setting 1, and the
results are shown in Fig.5(b). We can see that LightBSR also
achieves the best discriminative IDR modeling.
Quantitative evaluation. Here we select nine different
anisotropic blur kernels and two noise levels to evaluate vari-
ous methods on B100 benckmark [26], with results shown in
Table 4. It is evident that our LightBSR achieves SOTA per-
formance under all combinations of blur kernels and noise
levels. Compared to the EDE-based DCLS [25], LightBSR
exceeds its average PSNR under all degradation conditions
by 0.97 dB, corroborating the superiority of the IDE strategy

in complex BSR tasks with noise interference. Compared
to existing IDE-based methods, our method also improves
performance with fewer parameters. For instance, LightBSR
outperforms CDFormerS [22] by 0.05 dB in average PSNR
across all blur kernel and noise combinations, while the
number of parameters is only 26% of CDFormerS.
Qualitative evaluation. The SR results of different meth-
ods under Degradation Setting 2 are shown in Fig.7. Our
LightBSR is able to restore rich details clearly and accurately,
even under severe degradation conditions. In contrast, the SR
images generated by DASR [32], MRDA [36], KDSR [37]
and CDFormerS [22] are either highly blurred or difficult to
recover some complex texture details.
4.3.3. Experiments in Real Degradation Scenario

We use the “pattern” image from the RealWorld38 [20]
to evaluate the generalizability of all methods to complex,
unknown real degradation. Since no corresponding HR im-
ages are available, we use directly various models trained
with Degradation Setting 2 to perform qualitative compar-
isons. As shown in Fig.8, even if high-frequency details are
lost, our method can still clearly restore line textures. More
comparisons are provided in the supplementary material.

5. Conclusion
In this work, we demonstrate the importance of discrimi-

native IDRs for the BSR task and reveal a novel lightweight
design idea of BSR model. The proposed LightBSR fol-
lows the KD-based training framework, in which the teacher
stage uses a well-designed degradation-prior-constrained
contrastive learning technique to enhance the discriminabil-
ity of the learned IDR latent space, and the student stage
uses a feature alignment technique to transfer the learned
degradation-related knowledge to the structurally simple stu-
dent for practical reasoning. Extensive experiments show the
effectiveness of our method, achieving excellent quantitative
and qualitative results with minimal parameters and com-
putation. Additionally, our work also shows that the CNN
architecture still has great potential in the blind SR task.
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