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This is our framework that establishes the distortion graph for knowledge transfer in few-shot real image super-resolution.

Public summary

m This work takes a close look at a brand-new RealSR task, few-shot real image super-resolution (RealSR), which aims to
transfer the rich knowledge from auxiliary distortions (i.e., synthesized distortions) to the target RealSR task with few-
shot real-world distorted/clean image pairs.

m This work proposes the distortion relation graph to measure the transferability between distortions, where a prior know-
ledge memory bank is exploited to store the learned knowledge relation priors from seen auxiliary distortions.

m This work proposes the novel distortion relation-guided transfer learning (DRTL) for few-shot RealSR, which exploits
the distortion relation to reweight optimization direction in the knowledge transfer process, and obtains more reliable and
rich restoration knowledge for target distortion from auxiliary distortions with few-shot real distorted/clean image pairs.
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Abstract: Collecting amounts of distorted/clean image pairs in the real world is non-trivial, which severely limits the prac-
tical application of these supervised learning-based methods to real-world image super-resolution (RealSR). Previous
works usually address this problem by leveraging unsupervised learning-based technologies to alleviate the dependency on
paired training samples. However, these methods typically suffer from unsatisfactory texture synthesis due to the lack of
supervision of clean images. To overcome this problem, we are the first to take a close look at the under-explored direc-
tion for RealSR, i.e., few-shot real-world image super-resolution, which aims to tackle the challenging RealSR problem
with few-shot distorted/clean image pairs. Under this brand-new scenario, we propose distortion relation guided transfer
learning (DRTL) for the few-shot RealSR by transferring the rich restoration knowledge from auxiliary distortions (i.e.,
synthetic distortions) to the target RealSR under the guidance of the distortion relation. Concretely, DRTL builds a know-
ledge graph to capture the distortion relation between auxiliary distortions and target distortion (i.e., real distortions in
RealSR). Based on the distortion relation, DRTL adopts a gradient reweighting strategy to guide the knowledge transfer
process between auxiliary distortions and target distortions. In this way, DRTL is able to quickly learn the most relevant
knowledge from the synthetic distortions for the target distortion. We instantiate DRTL with two commonly-used transfer
learning paradigms, including pretraining and meta-learning pipelines, to realize a distortion relation-aware few-shot
RealSR. Extensive experiments on multiple benchmarks and thorough ablation studies demonstrate the effectiveness of our
DRTL.

Keywords: few-shot RealSR; distortion relation graph; transfer learning
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1 Introduction achieved great success in handling the synthetic degradations,
such as bicubic degradation, those image SR systems rarely
perform well in real-world scenarios since the large distribu-
tion gap between synthetic and real-world distortions®=,
Furthermore, recollecting a large scale of distorted/clean
image training pairs from the real world is also non-trivial.

The two above-mentioned weaknesses severely limit their

The image restoration (IR) tasks''" aim to restore high-
quality images from their degraded low-quality counterparts.
The degradation process typically consists of a series of dif-
ferent distortions, such as low-resolution''>", motion blur!"'"*,
noise™", compression artifacts!'*"", rain), etc. Although the

fast-developed deep learning has significantly promoted the
advancement of IR techniques, their success usually relies on
training with a large-scale dataset. As a result, numerous
image restoration datasets that contain various distortions,
such as DIV2K!", Flick2K"", Gopro®’, and DID-MDNF?,
have been proposed and explored in detail. However, the de-
gradations of these datasets are typically synthetic and differ
from those in the real world. To access real-world image res-
toration, the real-world image super-resolution (RealSR) task
is proposed as the pioneer for real-world image restoration,
where low-resolution (LR) images suffer from severe hybrid
distortions, such as low-resolution, blur, noise, and compres-
sion artifacts.

Although some learning-based super-resolution (SR)
approaches™ ! trained on the above-mentioned datasets have
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practical application and negatively affect their industrial
value. To alleviate the dependency for clean distortion/clean
image training pairs, some studies” =" have introduced unsu-
pervised learning to real image restoration. However, these
methods typically suffer from unsatisfactory/spurious texture
synthesis due to the lack of clean image supervision. Com-
pared with a purely unsupervised solution, few-shot RealSR
is a potentially under-explored scheme that only exploits few-
shot distorted/clean image pairs and is more feasible for tack-
ling this challenging RealSR problem.

Previous works have explored different transfer learning
strategies”' ™ for few-shot problems in high-level tasks, ex-
tracting useful knowledge from auxiliary tasks to the target
task. Among them, pretraining and meta-learning are two rep-
resentative technologies in few-shot learning, which are also
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preliminarily explored in image super-resolution tasks but
with different purposes. For instance, IPT™ introduced a
large-scale pretraining dataset to improve the restoration per-
formance w.r.t the target distortion. Soh et al.” proposed a
meta-learning-based method to implement the fast adaptation
for zero-shot super-resolution tasks, achieving a SOTA per-
formance. However, these works still focused on handling the
synthetic distortions and were not designed for few-shot
learning of image restoration, which is not suitable for a more
challenging few-shot RealSR problem.

In this paper, we are the first to take a close look at the
challenging few-shot RealSR problem, where we aim to
transfer the rich restoration knowledge from auxiliary distor-
tions (i.e., synthetic distortions) to the target distortion (i.e.,
real-world super-resolution) with few-shot distorted/clean real-
world image pairs. However, a large domain gap exists
between the auxiliary distortions and the target distortion.
Therefore, we face the key issue that needs to be solved:
“How to capture the proper prior knowledge for the target
distortion from auxiliary distortions?” Different from high-
level classification tasks, in which the relation between differ-
ent tasks can be modeled with a simple clustering, such as
KNNF7, To capture the relation between different distortions
adaptively, we propose to learn a distortion relation graph,
which consists of two essential factors: nodes (i.e., distortion
embeddings) and edges (i.e., the similarity between distor-
tions) as shown in Fig. . We introduce a distortion relation
network (DRN) to extract/learn the expected distortion rela-
tion embeddings. To make the DRN general for arbitrary real
image super-resolution (RealSR), we design a prior know-
ledge memory bank to store the learnable distortion relation
priors from seen auxiliary tasks. Given an arbitrary real dis-
torted sample, it can traverse the prior knowledge memory
bank to acquire the required distortion embeddings as in the

~ Low-
/\ resolution
A \\

Synthetic
Distortions

Distortion

Clean output

=.

Real hybrid-

distorted input
Fig. 1. Illustration of the proposed distortion relation guided transfer-
learning (DRTL). We introduce a distortion relation graph to capture the
relationship (i.e., 0.44, 0.21, and 0.12 as shown above) between auxiliary
distortions and real hybrid distortion (i.e., RealSR), Then, we use these
relations to adaptively guide the knowledge transfer process for real
super-resolution.
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After obtaining the required distortion embeddings, we
compute the edges that represent the distortion similarity
between different distortions with cosine similarity as the re-
lation. This relation can measure the transferability of a spe-
cific auxiliary distortion to the target distortion. With the
guidance of the distortion relation, we propose the novel dis-
tortion relation guided transfer learning (DRTL), which util-
izes the distortion relation to revise the optimization direction
via the gradient reweighting strategy in the transfer learning
process and allows the learned knowledge from auxiliary dis-
tortions to be more available for the target distortion. We in-
stantiate our DRTL with two commonly-used transfer learn-
ing paradigms in few-shot learning: pretraining and meta-
learning paradigms (denoted as DRTL,, and DRTL,,).

Extensive experiments on several typical backbones have
demonstrated the effectiveness of our DRTL on few-shot
RealSR. A more thorough analysis of the distortion relation
and few-shot RealSR is provided in the ablation studies.

The main contributions of this paper can be summarized as
follows:

e To our knowledge, we are the first to take a close look at
a brand-new RealSR task, few-shot RealSR, which aims to
transfer the rich knowledge from auxiliary distortions (i.e.,
synthesized distortions) to the target RealSR task with few-
shot real-world distorted/clean image pairs.

o We propose the distortion relation graph to measure the
transferability between distortions, where a prior knowledge
memory bank is exploited to store the learned knowledge re-
lation priors from seen auxiliary distortions.

e With the guidance of the distortion relation, we propose
the novel DRTL for few-shot RealSR, which exploits the dis-
tortion relation to reweight the optimization direction in the
knowledge transfer process, and obtains more reliable and
rich restoration knowledge for target distortion from auxili-
ary distortions with few-shot real distorted/clean image pairs.

e We instantiate our DRTL with two popular transfer
learning paradigms: pretraining and meta-learning. Extensive
experiments on multiple typical restoration networks and
these two transfer learning paradigms have revealed the ef-
fectiveness of our proposed DRTL on few-shot RealSR.

The remaining parts of this paper are organized as follows:
In Section 2, we comprehensively review the related works
for our few-shot RealSR, including image super-resolution
and real image restoration. In Section 3, we first introduce
background knowledge for two commonly used few-shot
learning paradigms, pretraining and meta-learning, and then
present our approach which is composed of our proposed dis-
tortion relation graph and distortion relation-guided transfer
learning. The experimental results are reported in Section 4,
where we perform a thorough investigation of our DRTL and
few-shot RealSR. In Section 5, we provide a thorough conclu-
sion for our proposed DRTL.

2 Related works

2.1 Image super-resolution
Deep learning has accelerated the development of image
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super-resolution techniques since the pioneering works of the
SRCNN!" and FSRCNN®. Most works!******1 are devoted
merely to the synthetic degradation (i.e., bicubic down-
sampling). However, in real-world scenarios, the degradation
factors are composed of hybrid distortions, such as blur,
noise, and compression artifacts. To tackle the challenge of
real-world super-resolution, a series of works™*! have ap-
plied image translation technology and cycle consistency!*”! to
implement unsupervised image super-resolution, which has
achieved high subjective quality. However, these methods
typically suffer from unsatisfactory texture synthesis due to
the lack of supervision of clean images. There are also some
works“*“7 designed to solve the blind/unknown image super-
resolution, of which the degradations are still far from the real-
world distortions. Moreover, some real image super-
resolution datasets with limited real-world clean/distorted
image pairs have been collected and released (i.e., RealSR"
and DRealSRM"), which are costly from the perspective of
time and manpower. Although some frameworks™ " have
achieved great progress in RealSR, they ignore the fact that
limited real-world data will prevent their further improve-
ments. Unlike the above works, we are the first to take a close
look at the brand-new direction for RealSR, few-shot RealSR,
which is vital for the application of SR methods in the real
world.

2.2 Real image restoration

Collecting a large-scale clean/distorted training dataset in the
real world is nontrivial, severely preventing the successful ap-
plication of fully supervised IR methods. To reduce the de-
pendencies for real-world datasets, three categories of
schemes have been proposed to improve the performance of
the IR model in real-world scenarios: unsupervised learning-
based methods”?, distortion simulation-based methods®”,
and transfer learning-based methods™ . Unsupervised
learning-based ~ methods  usually  adopt  unpaired
distorted/clean images or only distorted images for optimiza-
tion with generative models. For instance, Ulyanov et al.””
proposed to utilize the CNN to capture the deep image statist-
ics through an iterative self-supervised optimization. Yuan et
al.” introduced a cycle-in-cycle structure to exploit unpaired
distorted/clean images for more general image super-
resolution. Du et al.” introduced a discrete disentangled rep-
resentation learning method to capture the invariant clean rep-
resentations from unpaired distorted/clean image pairs. Dis-
tortion simulation-based methods™ aim to simulate real-
world distortions and utilize the synthesized datasets to op-
timize the IR network, which achieves excellent performance
in real-world scenarios. The final category of IR methods in-
tends to leverage transfer learning techniques to achieve
image restoration for real distorted images. For example, Wei
et al.”** proposed to capture the distortion priors of rain
streaks from the auxiliary synthetic/fake rain streaks to
achieve the clean image restoration via semi-supervised learn-
ing. However, the above methods are designed based on the
assumption that rain streaks can be modeled with a Gaussian
distribution, which is not always satisfactory for other distor-
tions. With the advancement of transfer learning, Soh et al."
and Park et al.” proposed to leverage the meta-transfer
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learning to deal with the challenging task of zero-shot super-
resolution (ZSSR). Kim et al.™! utilized the adaptive instance
normalization to realize the knowledge transfer from synthet-
ic noise to real noise. Unlike the above works, which involve
knowledge transfer between the homogeneous distortions
(e.g., noise to noise, rain to rain), our DRTL focuses on a
more challenging setting, where the auxiliary tasks can be
heterogeneous synthetic distortions (e.g., the JPEG artifacts to
RealSR, mixed distortions to RealSR).

2.3 Transfer learning

Transfer learning aims to excavate the prior knowledge from
the source domain/task to improve the performance on the
target domain/task, which can be roughly divided into four
categories: (1) feature-based transfer learning®*"” which
transforms the pre-trained features into the target space (i.e.,
asymmetric feature-based transfer learning) or the common
feature space of the source and target domains (i.e., symmet-
ric feature-based transfer learning); (ii) instance-based trans-
fer learning™ which is achieved by reweighting/selecting
source instances to prioritize knowledge relevant to the target
domain; (iii) parameter/model-based transfer learningt* "
which tends to transfer the knowledge existing in partial para-
meters (e.g., feature extractor) or whole model; (iv) relational-
based transfer learning®'! aims to excavate and transfer the re-
lation between objects and classes, through graph/prototype
modeling. In contrast, few-shot transfer learning seeks to
transfer pretrained knowledge to target tasks with few-shot
target samples, which is more data efficient but challenging.
Early works on few-shot transfer learning”"’ were typically
based on fine-tuning or model-agnostic meta-learning
(MAML)®! as stated in Section 3.1. However, the above
methods usually fail to capture the knowledge structure of
downstream tasks with few-shot instances. To overcome this
problem, some works establish the class/attribute-wise
graphs/prototypes to enhance the structural knowledge per-
ception of the target tasks. Recent advancements in large
foundation models, such as vision language models
(VLMs)“ have demonstrated exceptional transferability on
downstream tasks, which has spurred two typical efficient
transfer learning methods, prompt learning and adapter-style
tuning. Among them, prompt learning-based methods**! in-
tend to design the textual/visual prompts to adjust the input
features of modules for downstream tasks, whereas adapter-
style tuning “ introduces few extra parameters to adjust the
output/middle features of modules. The above progress on
few-shot transfer learning has inspired us to develop our
DRTL for the real image super-resolution task.

3 Approach

3.1 Recap of transfer learning

In this section, we clarify two commonly-used transfer learn-
ing methods, pretraining and meta-learning, as the basis of
our proposed distortion relation-guided transfer learning
(DRTL).

3.1.1 Pretraining-based transfer learning

As the basic transfer learning technology, pretraining has
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been widely applied to different vision tasks™“!. Pretraining-
based transfer learning can be divided into two processes, in-
cluding pretraining and fine-tuning. Given the auxiliary tasks
T", target task 7", and a learning model f, with parameters 6,
the pretraining process aims to learn the optimal model para-
meters on auxiliary tasks 7* as Eq. (1) to obtain the task-
relevant knowledge,

min > Lon(fix)0), M
Ti*~p(T*)
where the L. refers to the optimization loss in the ith auxili-
ary task 7. x! and y! denote the samples and their corres-
ponding labels of the task 7;*. The optimization objective of
pretraining is to minimize the loss function in all auxiliary
tasks.

In the fine-tuning stage, the best parameters 6, in the pre-
training stage are used as the initial parameters. Then, the
model f, is subsequently updated with the optimization ob-
jective to achieve the best performance in the target task as
expressed in Eq. (2):

moin ‘CT‘ (ﬁ?m (x‘)’yl)’ (2)

where x' and y' are the training samples and their correspond-
ing labels of the target task.

3.1.2 Meta-learning based transfer learning

Unlike pretraining-based transfer learning, which directly
learns the task-relevant knowledge from auxiliary tasks, meta-
learning-based transfer learning aims to learn a fast adapta-
tion capability to all auxiliary tasks®™. The typical work is
MAML™ (model-agnostic meta-learning) which can be di-
vided into two processes: meta-train and meta-test. For the
meta-train process, the model is first optimized with multiple
tasks {7;* € T*,1 <i< N} as Eq. (3).

6, = 0—aV,Lr:(fu(x).y)- A3)

To enable the model to have a fast adaptation capability
with few-shot samples, the model is optimized through the
second-order gradient from the multiple tasks of 7* based on

i 00 -0 : Gassian Noise : @ i
; N —_———— ) I | Relation-graph !
: lf .. o . : Gaussian Blur Prior knowledge memory bank : . : :
R | !
————== - | i
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s tetsteaten = =) = 2 = =) :
L 1 00O Biwbic 1O i
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1 | ! :
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/

the look-ahead gradient ¢, in Eq. (3) as:

On=0-BY, > Loy 00,50, “)

T~ p(T9)

The meta-test stage is the same as the fine-tuning stage,
which can be represented as Eq. (2).

3.2 Building distortion relation graph

The distortion relation graph aims to explore and measure the
transferability between multiple synthetic distortions and tar-
get real-world distortions. Once such a relation graph is ob-
tained, the most transferable auxiliary distortions can be se-
lected to assist in the optimization of the target RealSR with
few-shot samples. Moreover, we could leverage the distor-
tion relation to guide the knowledge transfer process from
auxiliary distortions to the target RealSR. In this paper, we
propose a distortion relation graph, where the nodes in the
graph denote the relation embeddings between each sample
and the prior knowledge memory bank. The edges are cre-
ated based on the similarity between different nodes corres-
ponding to different distortions (i.e., the transferability
between different distortions). The architecture of this distor-
tion relation graph is described in Fig. 2 and the graph is gen-
erated with our proposed distortion relation network (DRN),
which consists of four key components: distortion-aware fea-
ture extractor, prior knowledge memory bank, relation-aware
nodes and edges. We will introduce each component in detail
in the following subsections.

3.2.1 Distortion-aware feature extractor

To reduce interference from the texture and structure of the
distorted image to extracting the distortion features, we com-
pute the residual I, between the clean image / and the distor-
ted image I, as I, =1-1,, which are the inputs of the
distortion-aware feature extractor. Notably, previous
works"7"1 have demonstrated the effectiveness of the VGG™
network for the perception of distortions. Inspired by this, we
propose to utilize VGG-11"" as our distortion-aware feature
extractor to extract the distortion representation for each dis-
tortion as F, = VGG(/,), and the feature extractor is optim-
ized with the distortion classification.

e {T
O

Fig. 2. Architecture of our proposed distortion relation network (DRN), which consists of a feature extractor (VGG11), prior knowledge memory bank,
and Graph convolution network. The representation of each distortion sample can be tapped into the prior knowledge memory bank to capture the distor-
tion embedding with the GCN'" as the node of the distortion relation graph. Then the edges of the distortion relation graph can be computed with the co-

sine similarity of different nodes.
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3.2.2 Knowledge memory bank

Generally, graph learning aims to capture the internal rela-
tions between samples or structures, and then assist with the
current task™”. To capture the distortion relation with the
graph, both the target distortion and auxiliary synthetic distor-
tions must be taken into the same graph as nodes and infer
their relation weights (i.e., the edge of the graph). However,
directly predicting relation weights between synthetic and real
distortions will inevitably face two essential issues. First, the
target distortion cannot be achieved before the establishment
of a distortion relation graph. Second, directly establishing
the relation graph with the current real target distortion may
make the graph hard to generalize well to other unseen real
distortions. To obtain a universal and general distortion rela-
tion graph, we assign a long-term distortion memory bank to
record the knowledge from previously seen distortion types,
where the distortion knowledge is stored with a memory
graph M = (H o, Ar). Here, the memory nodes #,, and
edges A, are trainable in the optimization process of our
distortion relation network (DRN). In this way, each distor-
tion can be tapped into the distortion memory bank to obtain
its corresponding representation/node in the same space,
which is suitable for measuring the distortion relation. Note
that, with the distortion memory bank, the target distortion
and auxiliary distortions can extract their corresponding
nodes independently.

3.2.3 Graph nodes and edges

Our distortion relation graph R = (Cx,Ax) consists of two
essential components, nodes Cr ={c'|Vie[l,K]} e R*“ and
edges Ax ={|lAr(c, IV, je[1,K]} e R®¥, where k and d
are the number and dimension of nodes. As stated in the
above section, the nodes of the distortion relation graph de-
note the feature representation of each distortion, which is ob-
tained by projecting distorted samples to the knowledge
memory bank M = (H , Ar). To generate the nodes of dis-
tortions, we have to warp the features of different distortions
into the same space as the memory bank. Concretely, we first
compute the distance between the ith distortion feature F
and each node of the memory bank as Eq. (5):

A= o (IF = HulP), (5)

where o is a linear transform. We can then warp the distor-
tion feature into the space of the memory bank with a graph
convolution network (GCN)®. In the computing process, the

Algorithm 2: The pretraining stage of DRTL,

1: Inputs: Auxiliary distortions 7;*, where 1 <i < N; Target distortion
T'; Relation matrix S = {y;|1 <i < N}; A restoration model fj; learning
rate: a;

2: for iteration=0to T do

3: fori=0to N do

4: Update 6 with 07 = 0—aVgyiL1a(fy);
5: end for
6: end for

7: Output: The optimal initial restoration network fp,,, on target
distortion.

Algorithm 1: Distortion relation graph

1: Inputs: Auxiliary distortions 7;*, where 1 <i< N and N represents
the number of the auxiliary distortions; target distortion 7" (i.e.,
RealSR); our proposed distortion relation network (DRN).

2: Get the distortion embedding nodes ¢’ for each auxiliary distortion
with ¢, = DRN(T?);

3: Get the distortion embedding nodes ¢ for target distortion with

¢ = DRN(TY);

4: Compute the relation of the ith auxiliary distortion and target
distortion with y; = cosine_simlarity(c}, cy);

5: Output: The relation matrix {y;|1 <i< N}.

0701-5

adjacent matrix contains two parts, including the edges of the
memory bank A,, and the distance matrix of each distortion
with memory nodes A are as:

A=[AL A, (6)

where A,, can be computed by measuring the distances
between different memory nodes as:

Apa = {o(IH,, = HlDIm,n € {1,0}}. (M

In this way, we can obtain the nodes of each distortion in
the memory space with GCNP as:

¢; = GCN([F}, H ], A). ®)

After obtaining the nodes Cr ={c'|Vie[l,K]} e R®“ for
distortion relation graph, we utilize cosine similarity to meas-
ure the distance of different distortion nodes, which act as the
edges Axr of the distortion relation graph and are used to
measure the transferability between different distortions.
Based on the above methods, we can obtain the relation y
between each auxiliary distortion and target distortion as Al-
gorithm 1.

3.3 Distortion relation-guided transfer-learning

To transfer the knowledge from auxiliary distortions to the
target RealSR with few-shot distorted/clean image pairs, one
naive method is to utilize the classic transfer learning techno-
logy to achieve few-shot RealSR. However, directly applying
transfer learning ignores the relation between auxiliary distor-
tions and the target distortion, and thus easily results in a sub-
optimal solution. To extract reliable and optimal distortion
knowledge from auxiliary synthetic distortions, in this paper,
we propose distortion relation-guided transfer-learning
(DRTL). The workflow of DRTL is described in Fig. 3,
which is based on two intuitions: ( 1 ) multiple auxiliary dis-
tortions that are similar to the target RealSR can provide more
transferable knowledge for RealSR than a single distortion;
(ii) when the auxiliary distortion is more pretraining/meta-
train process.

To achieve this, our proposed DRTL aims to utilize the dis-
tortion relation to guide the optimization process of each aux-
iliary distortion in the transfer learning. The DRTL can be di-
vided into three steps: distortion relation computing, pretrain-
ing/meta-train with auxiliary distortions, and fine-tuning/
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Relation-graph

/Meta-Train

@ Gaussian Noise
. Gaussian Blur

@ IPEG artifacts

© Bicubic

@ Mixed distortion ;

@) Target distortion !

N

.....................................

Fig. 3. Overall workflow of distortion relation-guided transfer-learning (DRTL). lsis and ILien denote the distorted and high-quality image pairs in

RealSR.

meta-test with the target RealSR.

As shown in Fig. 3, in the first step, we can obtain the dis-
tortion relation y by computing the edges of our pretrained
distortion relation graph. Here, y will increase when the dis-
tortions are more relevant. In the second step, we utilize the
relation coefficient y to guide the transfer learning process in
a gradient modulation/reweighting manner. In this paper, we
instantiate our DRTL with two commonly-used transfer learn-
ing techniques, pretraining and MAML, as DRTL, and
DRTL,, respectively. For DRTL,, we revise the optimization
process of pretraining in Eq. (9) as:

On=0-0aV, Y VLn(fIE), ©)

Ti*~p(T*)

where I; and I} represent the distorted and clean images in
the ith auxiliary distortion task. For DRTL,,, we revise the
optimization process of meta-train in Eq. (10) as:

0 =0-BY D, YL (D), (10)

T~ (T

In this way, the optimization direction of MAML and pre-
training can be closer to target distortion, which can capture
most of the task-relevant knowledge. In the process of meta-
test or fine-tuning, the optimal transferable model parameters
0., need to be fine-tuned only with few-shot distorted/clean
pairs of target distortions. The algorithms of the pretraining
stage in DRTL, and the meta-train stage of DRTL,, are shown
in Algorithms 2 and 3.

4 Experiments

In this section, we first introduce the auxiliary distortion data-
sets and target RealSR datasets in Section 4.1. We present the
implementation details of our DRTL in Section 4.2. We then
present a comprehensive comparison and analysis of the com-
ponents in DRTL to demonstrate their effectiveness and su-
periority in Sections 4.3, 4.4, 4.5, and 4.6.

4.1 Datasets

Auxiliary datasets. To demonstrate the effectiveness and ro-
bustness of our DRTL, we select the most relevant 7

0701-6

Algorithm 3: The meta-train stage of DRTL,,

1: Inputs: Auxiliary distortions 7;*, where 1 <i < N; target distortion
T*; relation matrix S = {y;|1 <i< N}; learning rate: @ and 8;

2: for iteration=0to 7 do
3: fori=0to N do
4: Sample batch from auxiliary distortions 7;*;

5: Evaluate gradient Vgﬁ'ﬁa (fo) with respect to the sampled
batch of distortion 7;*;

6: Update parameters: 6; =6 — anﬁTia (fo);
7: end for
K
8: Update parameters: 6 < 6 -8V 3, v;Lya ( fg,);
i=1 P
9: end for

10: Output: The optimal initial model fp,, on target distortion.

common synthetic distortions as auxiliary tasks based on our
proposed distortion relation graph, including bicubic
downsampling!”, bicubic downsampling with anisotropic
kernels™!, Gaussian noise, Gaussian blur, mixed mild distor-
tion, mixed moderate distortion, mixed severe distortionl’.
Then, we take 800 clean images of the DIV2K dataset!! as
original clean images and add the above-mentioned distor-
tions into the clean images to generate 7 auxiliary datasets.
The method of distortion generation is shown in Table 1. In
particular, the mixed distortions [10, 76] are composed of
Gaussian noise, Gaussian blur, and compression artifacts,
which are divided into 10 levels with o ~ [0, 50], o ~ [0, 5]
and compression quality g ~ [10, 100], respectively. Follow-
ing Ref. [75], the mixed distortion can be divided into three
levels, i.e., mild, moderate, and severe. The mixed mild dis-
tortion denotes the total distortion level of Gaussian noise,
Gaussian blur, and JPEG artifacts in the range of [9, 11].
Mixed moderate distortion and mixed severe distortion are in
the ranges of [12, 17] and [18, 20], respectively.

Target dataset. We select the typical RealSR"* dataset as
our target task. To obtain a few-shot real-world dataset for
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training/fine-tuning, we randomly select 30 clean/distorted
image pairs from the training set of RealSR"" as our training
dataset with the target distortion. For the final evaluation, we
further use 30 clean/distorted images in the test set of
RealSR™ as our final testing dataset. Note that, the target
clean-distorted image pairs have the same resolution. The dis-
torted images contain complicated real-world distortions,

relation graph, we optimize the

distortion relation network to

have the capability to identify distortions and capture their re-
lations with the distortion classification constraint.

4.3 Graph visualization and explanation

In this section, we elaborately discuss how our distortion rela-

tion graph works. As shown in

Fig. 4a, we visualize the fea-

which are captured by Canon and Nikon cameras!*.

4.2 Implementation details

The implementation of DRTL is based on the PyTorch frame-
work. The whole training process can be divided into two
stages: pretraining/meta-train and fin-tuning/meta-test. For
the first step, we utilize the Adam optimizer with an initial
learning rate of 0.0001 for optimization. For the fin-
tuning/meta-test step, the learning rate decays by a factor of
0.8 every 3000 iterations. We set the batch size to 32 and
leverage random flipping, rotation, and cropping to achieve
data augmentation. The size of the cropped image is 64x64.
L, loss has been proven effective in optimizing the model, es-

pecially in image restoration***

1. Therefore, we use only L,

loss to optimize the DRTL in this paper. For the distortion

Table 1. Methods of generating auxiliary distortions.

ture embedding for each sample with the auxiliary and target
distortions. With the distortion relation network (DRN), the
features of all samples with the same distortion are clustered
in the same region/cluster, which reveals that the DRN can
successfully capture/model the characteristics of each distor-
tion. Notably, despite the target distortion not being observed
during the DRN training, it can still be clustered/categorized
well in the feature space.

To better understand the learned relations between differ-
ent auxiliary distortions and target distortion (i.e., RealSR),
we further visualize the adjacent similarity matrix of differ-
ent distortion nodes learned by our distortion relation graph in
Fig. 4b. According to this adjacent matrix, we can see that the
target distortion is more similar (with a similarity of 0.68) to
the mixed mild distortion. Moreover, we observe that the

Distortion types Generation
Bicubic Bicubic with scale 8
Ani_bic Bicubic with scale 4 + anistropic blur
Noise Gassian noise with o from the range of [0, 50]
Blur Gaussin blur with o from the range of [0, 5]
Mild Gaussian noise + Gaussian blur + JPEG artifacts; Distortion level lies in the range of [9, 11]
Moderate Gaussian noise + Gaussian blur + JPEG artifacts; Distortion level lies in the range of [12, 17]
Severe Gaussian noise + Gaussian blur + JPEG artifacts; Distortion level lies in the range of [18, 20]

To save space, the distortion types are abbreviated as follows: bicubic downsampling (bicubic), bicubic downsampling with anisotropic blurring (ani_bic),

Gaussian noise (noise), Gaussian blur (blur), mixed mild (mild), mixed moderate (moderate), mixed severe (severe).

e ani_gau_bic e mild o severe e gau_noise
e bic e moderate gau_blur real
1.0 1
.k\:‘-
Ny
g "
0.6 Lo
0.4 ®
\‘::" '1
0.2 ""{»A-r
by
T
A0 kT,
0.0
0.0 0.2 0.4 0.6 0.8 1.0

Ani_bic

.0.06 0.22 0.08
0.06 . 0.12 0.16

0.22 0.12

i Bicubic
| Mild

!Moderate 0.08 0.16

SCE 0.0 0.24 0.44 7078

Blur 0.05 04 0.2

0.08. 0.1 0.44
019 0. .o.zl
0.16 0.44 0.21

i Noise 0.28 0.23

| Target 0.68 0.43

(b)

Fig. 4. (a) Visualization of nodes in the distortion relation graph. (b) Visualization of the adjacent matrix in the distortion relation graph. The Target

refers to the distortion in the RealSR task.
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mixed mild, moderate, and severe distortions are
similar/closed since these distortions contain the same three
distortion types with different levels, which reveals that our
proposed distortion relation graph could effectively
capture/model the relations of different kinds of distortions.

4.4 Effectiveness of leveraging the distortion relation

To validate the correlation between the distortion relation and
the transferable knowledge in the auxiliary distortions, we
measure the transferability of each auxiliary distortion by in-
dividually utilizing each auxiliary distortion as the pretrain-
ing task. Then, we can measure its corresponding transferabil-
ity with the performance of the target RealSR (i.e., PSNR).
The experimental results are shown in Fig. 5a, where we can
conclude that with the increasing distortion relation, the auxil-
iary distortion contains more powerful transferable know-
ledge for the target RealSR. This also reveals the effective-
ness of our distortion relation graph for the measurement of
transferability.

4.5 Comparison with state-of-the-art methods

Comparison with the transfer learning-based method. In
this section, we compare our proposed DRTL with the two
transfer learning-based methods in Table 2, including the
pretraining®’ and MAMLP schemes. The baseline denotes
that the model is trained directly on the few-shot target distor-
tion dataset. Since our proposed DRTL is a model-agnostic
optimization strategy, we select five general models, includ-
ing, DnCNN'™, VDSR*1, RCANM™, RDN', and SwinIR™, as
the backbones for evaluation. Specifically, we compare the
training schemes of the baseline, pretraining, MAML,
pretraining-based DRTL (DRTL,), and MAML-based DRTL
(DRTL,,) methods on these backbones. As shown in Table 2,
for all five backbone models, the proposed DRTL-related
schemes (DRTL, and DRTL,,) achieve the best performance
on the real-world distorted test set, which indicates the effect-
iveness and generalizability of our DRTL. Compared with the
baseline scheme, the DRTL-enabled schemes can stably
achieve gains of nearly 0.3—0.5 dB, which further reveals the
effectiveness of our DRTL for few-shot image super-
resolution. Moreover, for the simple-structured DnCNN, we
find that it hardly converges well on the few-shot training
clean-distorted real image pairs, and only achieves 29.297 dB.
In contrast, when applying our DRTL to DnCNN, this scheme
can achieve a large performance improvement (31.1 dB in
PSNR). We also observed a significant performance drop of
DnCNN with MAML, which might be caused by the instabil-
ity of second-order parameter updating in the MAML

Relationship
1.6

Cosine similarity @ 1.571

1.5
14
13

1.2

Similarity

11

0.9 © 0.899

0.8

30.4 30.5 30.6 30.7 30.8 30.9
PSNR

(a)
Relationship
m 0.8082

02 = 0.2379

30.4 30.5 30.6 30.7 30.8 30.9
Relationship

L2 ¢ 0.75

P 8.609988
0.594

0.4 & 0.382

30.4 30.5 30.6 30.7 30.8 30.9
PSNR

(b)

Fig. 5. Visualization of the relationship between the similarity of distor-
tions and transferability. Here, the transferability is measured with PSNR.
(a) Modeling the similarity with cosine similarity, which is adopted in our
paper. (b) Modeling the similarity with L1 or L2 loss.

Table 2. Quantitative comparisons of our proposed DRTL, pretraining, MAML, and baseline on the testing dataset of target distortion.

Baseline Pretraining MAML DRTL, DRTL,,
Models PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
DnCNN! 29.297 0.8738 30.858 0.8861 23.466 0.8060 30.977 0.8892 31.101 0.8908
VDSR" 31.067 0.8849 31.290 0.8901 31.219 0.8877 31.358 0.8908 31.367 0.8907
RCAN™ 31.299 0.8933 31.698 0.8977 31.546 0.8946 31.811 0.8988 31.597 0.8956
RDNI 31.235 0.8914 31.535 0.8948 31.392 0.8926 31.655 0.8965 31.493 0.8940
SwinIR" 31.336 0.8897 31.526 0.8956 31.402 0.8923 31.785 0.8986 31.447 0.8924

Baseline methods refer to direct training with few-shot clean-distorted image pairs without transfer learning. The best PSNR and SSIM are bolded.
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algorithm.

Moreover, as shown in Table 2, with our selected seven
distortions based on our distortion relation, the pretraining
and MAML schemes both achieve obvious gains in comparis-
on with the baseline. However, they both ignore exploring
how to better utilize the distortion relation for knowledge
transfer. Owing to simple gradient modulation with distortion
relation guidance, our DRTL-enabled schemes could achieve
extra obvious gains compared with the pretraining/MAML
schemes when different backbones are used.

In terms of subjective comparison, as shown in Fig. 6, our

method can restore more texture details for real-world distor-
ted images, e.g., the buildings in the first row and the
windows in the second row. We analyze that because our
DRTL optimization strategy could transfer more valuable
knowledge with distortion relation guidance from the auxili-
ary distortions to the target RealSR.

Comparison with other methods. We also select the un-
supervised method DIP"", and zero-shot method Meta-
ZSSR' for comparison. For the distortion-augmented meth-
od, we compare our method with the famous Real-
ESRGAN™. As shown in Table 3, DIP cannot work very

. LR DIP Baseline

Distorted Image Pre-training

Pre-training

r-

Distorted Image

Distorted Image Pre-training

DRTL, DRTL.,

DRTLnx HR

aseline

DRTLn HR

Fig. 6. Subjective comparison of our DRTL with the state-of-the-art methods. Here, DRTL,, and DRTL,, denote our DRTL is integrated into Pretraining

and MAML.
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Table 3. Quantitative comparison of our DRTL with unsupervised, zero-
shot, and distortion-augmented methods.

Methods  DIP*!  Meta-ZSSRE Real-ESRGAN®!  DRTL
PSNR 30.32 29.68 28.25 31.81
SSIM 0.870 0.856 0.860 0.899
LPIPS 0.197 0.168 0.141 0.143

The best PSNR, SSIM, and LPIPS are bolded.
well when processing real-world distortions. Real-

ESRGANP achieves the best performance in the LPIPS,
while it achieves the worst performance in terms of the PSNR
and SSIM since fake texture generation. Our DRTL on few-
shot RealSR can effectively avoid this problem.

4.6 Ablation study

Study on the knowledge memory bank and similarity
metric choice. In our DRTL, we introduce a knowledge
memory bank to better store the distortion priors. To validate
its effectiveness and necessity, we remove the design from
our distortion relation network and evaluate the performance
of this scheme on the MAML framework. As shown in
Table 4, the performance of the scheme w/o memory bank de-
grades since the correlation between different distortions can-
not be captured effectively/accurately. We also attempt to re-
place the cosine similarity with the L1 or L2 distance to com-
pute the edges of the distortion relation graph. However, as
shown in Fig. 5, the relation coefficients do not satisfy a lin-
ear trend as the cosine similarity does.

Influence of the number of real training data. To study
the influence of the number of real distorted/clean image
training pairs w.r.t to the final performance, we set several
cases with 5, 10, 15, 20, 25, and 30 few-shot real image pairs
for comparison. As shown in Fig. 7, as the number of samples
decreases, the performance of the Baseline scheme quickly
degrades. In contrast, our DRTL scheme decreases only
slightly. Moreover, our DRTL method can achieve more
gains when there are fewer samples, which further reveals the
superiority of our DRTL method under the more challenging
few-shot settings.

5 Conclusions

In this paper, we are the first to take a close look at the chal-
lenging few-shot RealSR problem. Since the real clean-
distorted image pairs are difficult to collect, we propose to
transfer the task-relevant distortion knowledge from auxiliary
synthetic distortions to real-world SR. However, synthetic
distortions and real distortions have a large distribution gap.
Naive transfer learning cannot be adaptively optimized with

Table 4. Quantitative comparison of our proposed DRTL with/without
memory bank, which is based on DRTL,,,.

Methods PSNR SSIM LPIPS
w memory bank 31.3670 0.8907 0.1476
w/0 memory bank 31.2396 0.8879 0.1511

0701-10

31.41
31.2
31.0
w
Z30.8
[a
30.6
/ -=—- Baseline
30.4{ —— DRTL
5 10 15 20 25 30

Number of training samples

Fig. 7. Influence of the number of real training data.

the distortion relations. Therefore, we propose the distortion
relation graph with a prior knowledge memory bank to
model the dependencies of different synthetic distortions and
real-world degradation in RealSR. Based on the distortion re-
lation graph, we can select the most relevant auxiliary distor-
tions for the target RealSR. Moreover, we propose a distor-
tion relation-guided transfer learning (DRTL) framework with
gradient reweighting for few-shot RealSR. Extensive experi-
ments on few-shot RealSR have validated the effectiveness of
our DRTL.
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