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Learning Prompt Adapters for Forgetting-Free
Continual Image Super-Resolution

Chaowei Fang , Member, IEEE, Bolin Fu, De Cheng , Chengpei Tang , and Guanbin Li , Member, IEEE

Abstract—Continual image super-resolution (CISR) aims to
efficiently adapt a pre-trained model to a variety of tasks while
retaining knowledge from previously learned tasks, minimiz-
ing the need for intensive independent training. The primary
challenges include catastrophic forgetting due to varying data
distributions and degradation types, along with the necessity for
high adaptability. While prompt-based continual learning has
proven effective in image classification, its direct application to
super-resolution (SR) often fails to meet the demands for detailed
pixel-level restoration and domain discrimination in low-level
characteristics. To address these challenges, we propose Learning
Prompt Adapters (LPA), which dynamically generates pixel-wise
prompts through a combination of multi-granularity prompt
bases and identities. By adaptively integrating these prompts
into the Transformer architecture, we effectively improve the
model’s performance on fine-grained details in super-resolution
tasks, as well as enhancing the model’s adaptability to new
tasks and preserving knowledge from previous ones. Through
organizing the low-rank prompt bases with specific identities,
we set up an effective solution to managing cross-task differ-
ences and enhancing prompt richness. Extensive experiments on
benchmarks comprising the NYU, RealSR, DIV2K, REDS, and
MANGA109 datasets with diverse degradation types demonstrate
that LPA significantly outperforms existing continual learning
methods. Codes of this paper are available at: https://github.com/
dummerchen/LPA

Index Terms—Continual learning, image super-resolution, neu-
ral network adaptation.

I. INTRODUCTION

IMAGE super-resolution (SR) has made substantial progress
in fields like natural image processing. However, existing

SR methods [4], [5] are typically task-specific and struggle to
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Fig. 1. (a) Illustrates the continual image SR challenge, where a pre-trained
SR model is sequentially adapted to five tasks with distinct image domains
and degradation processes. (b) shows PSNR metrics for the first task across
training stages. The pre-trained model struggles to generalize, and sequential
fine-tuning (Seq-FT) or existing continual learning methods (Dap-CL [1], L2P
[2], CODA-P [3]) fail to prevent catastrophic forgetting. Our method, Learning
Prompt Adapters, effectively mitigates this issue.

generalize across different domains and degradation types. In
real-world scenarios, the types of images needing SR evolve
over time, as exemplified by Fig. 1(a), due to varying image
capture conditions. Continually retraining models for each
new task is computationally expensive. Hence, we propose
continual image super-resolution (CISR), a framework that
allows pre-trained SR models to adapt efficiently to new tasks
while retaining prior knowledge. Unlike task-specific methods,
CISR ensures scalability, maintains consistent performance
across evolving SR tasks, and reduces the need for constant
retraining, making it particularly suited for dynamic environ-
ments where image domains and degradation types vary.

CISR introduces unique challenges beyond those seen in
traditional continual learning tasks such as image classification
or semantic segmentation, which primarily focus on high-level
features. In contrast, SR requires the pixel-level restoration
of fine-grained details, which vary significantly across tasks
due to differences in scenes, imaging methods, and domains.
Managing domain discrepancies—caused by variations in
low-level image characteristics such as resolution, texture, and
color profiles—complicates the transfer of knowledge between
tasks. Moreover, SR tasks involve different degradation types,
from simple bicubic downsampling to complex unknown
distortions, which creates a larger variance in input space
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compared to classification tasks. As illustrated in Fig. 1(b),
we attempt to sequentially fine-tune a pre-trained SR model
(SwinIR [6]) on four SR tasks. The experimental images of
four tasks are selected from NYU, RealSR, DIV2K, and REDS
datasets, respectively. Their low-resolution images are gen-
erated through bicubic interpolation, real-world degradation,
complex degradation, and motion blur, respectively. We find
that the performance of the SR model on the earliest task
degrades rapidly, underscoring the difficulty of retaining SR
quality over time. Efforts of applying existing classification-
oriented continual learning methods (Dap-CL [1], L2P [2], and
CODA-P [3]) are unable to alleviate the catastrophic forgetting
issue as well. This highlights the need for tailored continual
learning strategies that address the specific challenges of CISR.

Prompt tuning [7], [8] is a kind of lightweight adaptation
techniques that aim to efficiently adapt pre-trained models for
specific downstream applications. Rather than retraining the
entire model, prompt tuning modifies a small set of learnable
prompt tokens, allowing the model to adapt to various tasks
without significant computational overhead. In the field of
image restoration, prompt tuning has been applied to adjust
backbone models for different distortion scenarios, includ-
ing varying levels of compression and diverse degradation
types and intensities [9], [10], [11]. These works show that
prompt tuning can efficiently adapt a pre-trained model to
different restoration challenges by leveraging task-relevant
prompts, making it a suitable approach for continual image
super-resolution (CISR). However, CISR introduces three key
challenges that prompt tuning must address. On one hand,
to memorize the knowledge of historically learned image SR
tasks, we need to restore the prompts sequentially learned for
each task. On the other, since the task prior for a given test
image is unknown, retrieving the most appropriate prompts is
critical for performance. Additionally, SR tasks demand fine-
grained feature adaptation at the pixel level, which requires
a more nuanced application of prompt tuning compared to
high-level tasks like classification.

To address these challenges, we introduce Learning Prompt
Adapters (LPA), a novel method specifically designed to
enhance task adaptability and knowledge retention. Unlike
conventional prompt-based continual learning methods [1],
[2], [3] which insert learnable prompt tokens ahead to tune
the backbone model, LPA dynamically generates prompt
adapters to tune the internal layers for each input image of
the image SR backbone model, through combining multi-
granularity prompt bases guided by specific identities. Our
prompt adapters directly modulate the key and value pro-
jections within the basic self-attention modules in the SR
model, enabling pixel-level and feature-level adaptation in
intermediate layers. This design is particularly suitable for
low-level visual knowledge preservation, as it allows fine-
grained adjustments to the feature representations that are
critical for pixel-wise restoration in SR tasks. The adapter-
based prompt design enables the creation of pixel-wise prompt
information. This capability significantly improves the model’s
ability to restore fine-grained details when learning new
tasks, making LPA particularly effective for super-resolution
applications.

During the continuous learning process, these prompt bases
and identities are incrementally learned and restored for each
image SR task. In particular, the prompt identities are formed
by clustering the semantic and degradation-aware features
of each task’s training images. The semantic features are
extracted with the image encoder of CLIP [12] which is
learned via image-text alignment, while the degradation iden-
tity features are constructed based on a dedicated degradation
encoder, which is specifically designed to capture low-level
degradation attributes. This dual-identity design enables the
model to differentiate task-specific domains or degradations
and retrieve the corresponding prompt bases. It provides an
effective solution to managing task differences caused by
varying image domains or degradation types. Moreover, to
achieve the accurate retrieval of the accumulated prompt
bases, we construct the prompt adapters using the dual feature
similarities between each input image and prompt identities to
aggregate those prompt bases. This ensures that the appropriate
prompts are dynamically assigned to input images, thereby
enhancing adaptability in diverse scenarios. Extensive testing
on benchmarks utilizing the NYU [13], RealSR [5], DIV2K
[14], REDS [15], and MANGA109 [16] datasets demonstrates
LPA’s superiority against existing continual learning methods.

Our main contributions are summarized as below.
• We present a novel method, Learning Prompt Adapters

(LPA), that dynamically generates pixel-wise prompts,
enhancing the model’s adaptation ability to restore
fine-grained details in CISR.

• Our approach utilizes multi-granularity prompt bases and
identities to manage domain shifts caused by varying
visual content and degradation processes, ensuring appro-
priate prompt assignment for diverse input images.

• Extensive experiments on three benchmarks demonstrate
that LPA outperforms existing methods.

II. RELATED WORK

A. Image Super-Resolution

Recent advancements in image SR focus on restoring
low-resolution (LR) images based on specific image data
domain and degradation pattern. We will briefly introduce
different approaches for addressing these image SR tasks.
For the image SR task in which LR images are synthesized
with bicubic interpolation, early approaches in image super-
resolution adopt various deep convolutional neural network
(CNN) architectures [4], [17], which achieve excellent per-
formance. However, CNN-based architectures face challenges
in capturing global dependencies across spatial and channel
dimensions effectively. Reference [6] improve the network
architectures of image SR through exploring non-local context
information with shifted window Transformers [18]. ELAN
[19] further improves the self-attention mechanism by using
multiple window sizes to capture long-distance correlations.
Reference [20] relies on the permutation operation for com-
pressing spatial information into channel information, thus
enlarging the windows size without bringing much compu-
tation burden. Other methodologies such as [21] and [22]
endeavor to integrate spatial and channel-wise self-attention
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mechanism for exploring both local and global correlations,
effectively improving the image SR performance.

Various approaches are developed to address image SR tasks
where LR images are synthesized using bicubic interpola-
tion. Initially, deep convolutional neural networks (CNNs) are
employed, achieving notable results [4], [6], [19], [21], [22],
[23], [24], [25], [26].

Practically, LR images often result from complex degrada-
tion types mixing blurring, downsampling, and noise injection.
Various studies like [27], [28], [29], and [30] develop frame-
works to handle multiple degradation types, guided by specific
blur kernels. Some researchers, including [5] and [31], con-
struct training pipelines and real-world datasets to better
simulate and capture the actual degradation type, thus improv-
ing model generalization to realistic conditions. Considering
LR images often suffer from motion blurring, a few works
[32], [33] devise algorithms to address the image deblurring
and super-resolving jointly. Despite these advancements, exist-
ing SR models often fail to adapt to shifts in image domains or
degradation types. This paper proposes an efficient approach
to adapt an image SR model to multiple tasks sequentially,
enabling it to tackle new tasks without forgetting previous
capabilities.

B. Continual Learning

Continual learning focuses on training a single model
across different tasks while addressing catastrophic forgetting.
Regularization-based approaches [34], [35], [36] are a classical
type of methods proposed for continual learning. However,
these methods can compromise adaptability in image SR due
to shared backbone models. Other strategies include network
expansion [37], [38], which increases capacity for new tasks,
and rehearsal-based methods [39], [40] that retain a subset
of old task data. Prompt-based methods have emerged as
effective in managing task transitions. Techniques such as
learning-to-prompt [2], which use a pool of prompts to adapt
the backbone model, and dual prompt systems [3], [41] that
differentiate between task-invariant and task-specific knowl-
edge, help balance knowledge preservation and adaptability.
InsVP [42] generates both pixel-space instance prompts and
token-level prompts from the input image, thereby enhancing
the modeling of instance-specific characteristics. TCPA [43]
shows that effective prompt learning in Vision Transformers
(ViT) requires fine-grained attention coordination between
prompt tokens and image tokens.

Recent work [44] introduced SEC-Prompt for continual
learning, which relies on class supervision and multi-class-
per-task settings, with prompt losses defined by inter-class
similarity. CL-LoRA [45] extends LoRA [46] to contin-
ual learning by maintaining multiple task-specific low-rank
adapters and explicitly selecting the corresponding adapter
at test time based on task identity. MoE-PromptCL [47]
reinterprets ViT attention as an implicit Mixture-of-Experts
(MoE), where prefix prompt tuning corresponds to introducing
task-specific experts for new tasks, and further incorpo-
rates non-linear residual gating into prompt-related attention
branches to facilitate more effective expert selection. However,
these approaches are primarily designed for classification tasks

and rely on discrete prompt tokens or prefix prompts to mod-
ulate high-level representations. While effective for semantic
adaptation, these prompts operate at a coarse granularity and
are not tailored for pixel-level restoration.

We introduce a prompt-based approach specifically designed
for continual image SR challenges. Our method innova-
tively uses multi-granularity prompt bases and identities
to capture task prompt information and generates adapters
dynamically from the prompt bases for tuning the backbone
model.

C. Domain Adaptation for Image Super-Resolution

To advance the application of image SR models in
real-world scenarios, some methods employ unsupervised
domain adaptation to transfer SR models from source to
target datasets. Approaches like [48] and [49] use adversarial
learning to reduce the domain gap. Although both domain
adaptation and continual learning techniques enhance perfor-
mance on new tasks, they address different challenges. Domain
adaptation aims to reduce domain shifts using both source and
target data to align feature spaces, while continual learning
handles sequential tasks without prior data, managing current
task data only.

III. METHODOLOGY

Suppose we have M image SR training tasks, denoted as
{T1,T2, · · · ,TM}. Each task consists of a dataset with pairs
of low-resolution (LR) images and their high-resolution (HR)
counterparts. Tm is represented as {(X(m)

i ,Y
(m)
i )}Nm

i=1, where Nm

is the number of image pairs, and X(m)
i and Y(m)

i are the
LR and HR images, respectively. The goal is to learn single
SR model on these tasks sequentially, minimizing resource
and computation costs. During testing, the model should
super-resolve input images without needing the task
identity.

A. Overview

To tackle the CISR task, we propose a prompt-tuning
method called Learning Prompt Adapters that enables a uni-
versal SR model to perform well across multiple SR tasks. Our
method focuses on generating dynamic pixel-wise prompts to
adapt the image SR backbone effectively.

As shown in Fig. 2, the framework comprises three main
components: an image SR backbone, multi-granularity task
bases and identities, and prompt adapters. We use the pre-
trained SwinIR [6] as the backbone model, tuning its internal
blocks with prompt adapters tailored to each task. These
adapters generate pixel-wise prompt information that enhances
the backbone model’s intermediate features. The prompt
adapters are built using a series of prompt bases, organized
with multi-granularity task identities to handle cross-task
domain variations. These identities, derived from features of
the CLIP image encoder [12] and the degradation encoder
[50], ensure diverse and effective prompt retrieval for each
task. Each prompt adapter is dynamically generated by com-
bining these prompt bases in a weighted manner for each
image.
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Fig. 2. Overview of our framework for adapting the pre-trained image SR backbone model with prompt adapters. The architecture of the image SR backbone
model is shown in (a), with the prompt adapters applied for task adaptation. (b) The prompt adapters are constructed through a weighted combination of
multi-granularity prompt bases. These prompt bases capturing task-specific prompt information are restored and signified with identities constructed with
semantic and degradation feature centroids as shown in (c).

Fig. 3. The prompt adapters are used to adjust the parameters of key and
value layers in the transformer module, achieving the generation of pi xel-wise
prompt information.

B. Image SR Backbone

Our approach adapts the SwinIR backbone, which includes
a head convolution layer, a feature enhancement module with
a long-distance skip connection, and an upsample module,
as illustrated in Fig. 2 (a). The feature enhancement module
consists of E stages, each with six window-based transformer
blocks, named ‘WTB’. In each Transformer, query, key, and
value variables are computed with linear layers for implement-
ing the self-attention mechanism.

Starting from a SwinIR backbone pre-trained on a source
SR task, we adapt it to new tasks by dynamically generating
pixel-wise prompts for each input image. This is achieved by
using adapters to adjust the key and value layers within Trans-
formers. For an input image X(m)

i , we generate prompt adapters

Fig. 4. The prompt bases are formed by multiplying a series of base-specific
components with a base-sharing component.

P(m)
i ∈ R2L×din×dout . L represents the number of Transformers to

be adapted. din and dout represent input and output dimensions
of linear layers, respectively. Let the original weights for key
and value linear layers of the l-th module be Wkey

l and Wval
l ,

respectively. We adjust these weights by adding the respective
prompt terms, forming adapted weights Wkey

m,i,l and Wval
m,i,l:

Wkey
m,i,l = Wkey

l + P(m)
i [2l − 1], (1)

Wval
m,i,l = Wval

l + P(m)
i [2l]. (2)

Given an input feature F, the adapted key and value layers
produce K and V, respectively:

K = FWkey
m,i,l = FWkey

l + FP(m)
i [2l − 1], (3)

V = FWval
m,i,l = FWval

l + FP(m)
i [2l]. (4)
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The first terms represent the original key and value, while
the second terms add task-specific prompt information,
adapting the backbone model to varying SR tasks through
pixel-wise prompts. Unlike methods [2], [3] relying on prefix
prompts, this direct modulation of key and value projections
within the Transformer’s window attention mechanism enables
pixel-level feature adaptation in intermediate layers, while
maintaining the ability to restore fine-grained details.

C. Learning Prompt Adapters

The core of our method, Learning Prompt Adapters, allows
the SR backbone to adapt to different SR tasks by meeting two
goals: generating task-specific prompts for each input image
dynamically and maintaining fine-grained prompt diversity.
These objectives are achieved by constructing the prompt
adapters through a combination of multi-granularity prompt
bases, guided by specific identities.

1) Multi-Granularity Prompt Bases and Identities: For each
SR task, we create multiple prompt bases to store prompt
information. These prompt bases are organized with two iden-
tity types: one derived from CLIP image features to capture
semantic characteristics, and another based on degradation
features to capture low-level image qualities. Each prompt
base is represented by a matrix B(m)

t,k ∈ R
2L×din×dout , where t

indicates the identity type (‘clip’ for semantic features or ‘deg’
for degradation features), and k indexes the bases within each
task. The total number of bases for each task is defined as K.

To minimize trainable parameters, we factorize each prompt
base matrix B(m)

t,k into two low-rank matrices, D(m)
t,k ∈ R

2L×din×r

and U(m)
t ∈ R2L×r×dout , so that B(m)

t,k = D(m)
t,k U(m)

t . D(m)
t,k is specific

to each prompt base, encoding fine-grained knowledge within
the task, while U(m)

t is shared across bases, capturing common
knowledge at the task level. This decomposition reduces the
parameters needed per task while preserving the diversity of
prompt information stored.

We also need an effective way to retrieve the most relevant
prompt bases, given the domain differences across SR tasks.
We achieve this by associating each prompt base with a spe-
cific task identity which is constructed by clustering features
extracted exclusively from the training images of each task.
CLIP image features [12] are used to form identities based on
high-level semantics. Degradation features [50] are constructed
based on a dedicated degradation encoder that is specif-
ically designed to capture low-level degradation attributes.
These identities enable the model to differentiate task-specific
domains and degradations and retrieve the corresponding
prompt bases. Importantly, both types of features are extracted
only from the training set, and no test images or test-time
features are involved in the clustering process. The clustering
process is implemented using the K-means algorithm [51], a
widely adopted and effective clustering method. The feature
centroids of these clusters serve as prompt identities c(m)

t,k ,
with c(m)

clip,k and c(m)
deg,k respectively representing semantic and

degradation identities for the prompt bases.
These multi-granularity prompt identities facilitate the

retrieval of relevant prompt information by capturing the
semantic and degradation feature distributions of each task.

The prompt identities formed by distinct feature centroids
can guide the prompt bases to learn fine-grained prompt
information for each task, allowing the prompt adapters to
generate fine-grained adjustments for the image SR model.

2) Prompt Adapter Construction: To construct prompt
adapters, we aggregate prompt bases using weights derived
from the similarity between the input image and prompt
identities. For an input image X(m)

i , similarities to prompt
identities are calculated based on features from the CLIP
image encoder and degradation encoder.

We first calculate query features from X(m)
i using the respec-

tive encoders to obtain query feature. Specifically, let q(m)
t,i

denote the query feature extracted from X(m)
i by the CLIP

image encoder or the degradation encoder. This query feature
vector is used to compare with the identity centroids c( j)

t,k for
retrieving relevant prompt bases. The similarity for the k-th
prompt of the j-th task with CLIP-based identity (t = ‘clip’)
is computed using cosine distance:

simclip(q(m)
clip,i, c

( j)
clip,k) =

ecos(q(m)
clip,i,c

( j)
clip,k)Pm

j′=1
PK

k′=1 ecos(q(m)
clip,i,c

( j′ )
clip,k′ )
. (5)

For degradation-based identity (t = ‘deg’), Euclidean distance
is used to estimate the similarity:

simdeg(q(m)
deg,i, c

( j)
deg,k) =

e||q
(m)
deg,i−c( j)

deg,k ||
−2
2Pm

j′=1
PK

k′=1 e||q
(m)
deg,i−c( j′ )

deg,k′ ||
−2
2

. (6)

The final prompt adapter P(m)
i is constructed by aggregating

the prompt bases using the similarity scores as weights:

P(m)
i =

X
t∈{‘clip’,‘deg’}

mX
j=1

KX
k=1

simt(q(m)
t,i , c

( j)
t,k )B( j)

t,k . (7)

This formulation ensures that the prompt adapter emphasizes
the most relevant information for the current task. By using
both the CLIP image features and degradation features, the
model effectively captures semantic and low-level degradation
differences between tasks.

The design allows the model to retrieve task-specific prompt
information while also leveraging previously learned prompt
bases. This not only prevents catastrophic forgetting but also
promotes the reuse of shareable knowledge across tasks.
Consequently, the prompt adapter can adapt flexibly to new
tasks while maintaining fine-grained restoration capabilities,
enhancing both generalization and detailed recovery in CISR.

D. Training and Inference Procedures

During training for the m-th task, we first generate prompt
identities centroids by clustering features extracted from task’s
training images using the CLIP image encoder and degradation
encoder. We then learn task-specific prompt bases by minimiz-
ing the L1 loss:

L =
1

Nm

NmX
i=1

||O(m)
i − Y(m)

i ||1, (8)

where O(m)
i is the SR output for X(m)

i , and Y(m)
i is the ground

truth. During training, only the current task’s prompt bases
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TABLE I
PERFORMANCE ON THREE CISR BENCHMARKS. AVERAGED PSNR, SSIM, AND FPSNR ON ALL TASKS ARE USED FOR EVALUATION.

SEQ-FT IS SHORT FOR SEQUENTIAL FINE-TUNING

are updated while prompt bases learned from previous tasks
remain frozen to prevent forgetting. After training task m, we
save the learned prompt bases along with the corresponding
identity centroids for later retrieval. During testing, given an
input image, we extract its query features, compute similarities
to the stored identity centroids, and dynamically aggregate
prompt bases from all learned tasks using Eq. (7) to construct
the prompt adapters. These adapters are then applied to
adjust the key and value linear layers of Transformers as in
Eqs. (1) and (2).

IV. EXPERIMENTS

A. Datasets and Benchmarks

To simulate real-world variety, we conduct experiments
on four datasets: NYU, RealSR, DIV2K, REDS, and
MANGA109, covering indoor, outdoor, and cartoon environ-
ments. NYU [13] comprises 1449 indoor images, split into
795 for training and 654 for testing. RealSR [5] consists of
559 LR and HR image pairs, with 400 pairs for training and
100 for testing. DIV2K [14] comprises 800 high-resolution
training images and 100 test images. The REalistic and
Dynamic Scenes (REDS) dataset [15] is widely used for video
deblurring and super-resolution tasks, comprising 240 training

TABLE II
ABLATION STUDY OF PRINCIPLE COMPONENTS FOR CONSTRUCTING

PROMPT ADAPTERS IN THE FIRST CISR SETTING

TABLE III
PERFORMANCE OF DIFFERENT DESIGNS TO CONSTRUCT PROMPT BASES

ON THE FIRST CISR BENCHMARK

sequences, 30 validation sequences, and 30 test sequences,
totaling 30,000 video frames. MANGA109 [16] consists of
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TABLE IV

ABLATION STUDY ON DISTANCE METRICS FOR SIMILARITY ESTIMATION. HERE, Cosine DENOTES COSINE SIMILARITY, AND Euclidean DENOTES
EUCLIDEAN DISTANCE. RESULTS ARE REPORTED ON THE FIRST CISR BENCHMARK

TABLE V

PERFORMANCE OF METHOD VARIANTS INTEGRATED WITH DIFFERENT BACKBONES

109 manga images, with the first 100 images allocated for
training and the remaining 9 images for testing.

Our evaluation benchmarks involve five commonly-used
degradation methods to generate LR images for different
image super-resolution tasks, including: 1) bicubic interpola-
tion (b); 2) real-world degradation (r) which is the default
setting of the RealSR dataset; 3) complex degradation formed
by random combinations as in [31] (c); 4) motion blurring,
video compressing, and downscaling (m); 5) JPEG compress-
ing and downscaling (j). We denote ‘[X]-[Y]’ as an image SR
task in which the degradation type Y is applied to generate LR
images for the dataset X. Here, X ∈ {‘NYU’ (‘N’), ‘RealSR’
(‘R’), ‘DIV2K’ (‘D’), ‘REDS’ (‘E’), ‘Manga109’ (‘M’)}, and
Y ∈ {‘b’, ‘r’, ‘c’, ‘m’, ‘j’}. We set up three CISR benchmarks
with SR tasks formed by varying datasets and degradation
types: 1) Different datasets under different degradation:
This benchmark comprises five tasks including N-b, R-r, D-c,
E-m, and M-j in order, which are different in both datasets
and degradation types. 2) Same dataset under different
degradation: This benchmark comprises four tasks including
R-b, R-c, R-r, and R-j in order, which share the same dataset
and have different degradation types. 3) Different datasets
under same degradation: This benchmark comprises five
tasks including N-c, R-c, D-c, E-c, and M-c in order, which
have different datasets and share the same degradation type.

The above benchmarks reflect the challenges of image
domain and degradation diversity, providing a comprehensive
framework for assessing CISR methods’ adaptability and per-
formance. For each benchmark, we evaluate different methods
on 2× and 4× SR tasks.

For quantitative evaluation, we calculate PSNR and SSIM
on the Y channel of the YCbCr space. We calculate the

forgetting ratio from the RMSE values denoted as FRMSE
as follows. FRMSE is a task-agnostic scalar metric that sum-
marizes forgetting behavior in super-resolution. It is inspired
by the widely used average forgetting measure in continual
learning [52], but is computed using RMSE to better reflect
restoration fidelity. The calculation expression of FRMSE is
as follows:

FRMSE =
1

M − 1

M−1X
m=1

RMSE(M)
m − RMSE(m)

m

RMSE(m)
m

, (9)

where RMSE(m′)
m represents RMSE of each method on the m-th

task after the m′-th training stage.

B. Implementation Details

We implement our method based on PyTorch, using Adam
[53] optimizer with a decay rate of 0.9 and a learning rate
of 4 × 10−4. For training, we randomly crop all input images
to 32 × 32 patches, and the model is trained for 6.4 × 104

iterations with a batch size of 32. By default, din and dout are
equal to 180. E, K and r is set to 6, 3 and 12, respectively.
For the inference phase, we use a model that is continuously
learned across all tasks. To facilitate efficient processing, the
input image is divided into 32 × 32 patches through cropping
and processed independently by the network. The final output
is reconstructed by aggregating all processed patches.

C. Comparison With Existing Methods

To demonstrate the upper bound for the three CISR bench-
marks, we first implement Individual-Training, which learns
a specific model for each task, and evaluate a unified model
trained on all tasks’ data, named Joint-Training. Both methods
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TABLE VI

PERFORMANCE OF DIFFERENT STRATEGIES FOR AGGREGATING PROMPT
BASES ON THE FIRST CISR BENCHMARK

TABLE VII

PERFORMANCE OF DIFFERENT STRATEGIES FOR USING PROMPTS TO
TUNE THE BACKBONE MODEL ON THE FIRST CISR BENCHMARK

use SwinIR as the backbone. We then evaluate BSRGAN [31]
and SwinIR [6], pre-trained on DIV2K with complex and
bicubic degradation. Table I reveals their limited performance,
with large gaps from Individual-Training and Joint-Training
due to dataset and degradation mismatch.

With SwinIR as the backbone model, we use sequential fine-
tuning or LoRa to adapt its parameters, but these methods fail
to retain prior task knowledge and offer limited improvement
over the pre-trained SwinIR. The second and third benchmarks
show that dataset and degradation changes individually affect
SR performance, with degradation changes causing more
severe forgetting than dataset changes. The first benchmark
suggests their combination has a compounded effect, leading
to a higher forgetting rate.

We evaluate existing continual learning algorithms, includ-
ing L2P [2], DualP [41], CODA-P [3], and Dap-CL [1], by
replacing their classification backbone models with SwinIR.
These methods struggle with catastrophic forgetting in CISR,
with most FRMSE values over 0.2 on the first and second
benchmarks. L2P may disrupt learned prompts, compromising
its ability to retain past knowledge. DualP and CODA-P
struggle with capturing dataset feature distributions due to key
definition issues, leading to low task localization accuracy in
testing. Similarly, DAP-CL adopts a prompt-querying mech-
anism akin to DualP to provide conditions for the prompt
generator. Consequently, these methods perform worse than
Seq-FT and LoRa, hindered by their limited adaptation capac-
ity and their inability to prevent catastrophic forgetting.

Our method achieves consistently superior results compared
to the pre-trained models, Seq-FT, LoRa, and existing contin-
ual learning methods. For example, our method outperforms
Seq-FT by 0.70 and 1.27 PSNR on the first benchmark for 2×
and 4× super-resolution.

D. Ablation Study

We perform detailed experiments to validate the impact of
principal modules and discuss the effects of varying key hyper-
parameter, on the first CISR benchmark.

1) Effectiveness of Principal Modules: As shown in
Table II, we assess the effectiveness of key components
including: (1) using the CLIP image encoder to guide the

construction of prompt adapters denoted as ‘CLIP’, (2) using
the degradation encoder to guide the construction of prompt
adapters denoted as ‘Degradation’, (3) using a single prompt
base and identity denoted as ‘Single’, and (4) using multi-
granularity prompt bases and identities denoted as ‘Multi’.

No.1 is the baseline implemented by sequentially fine-tuning
the pre-trained model on five tasks. Our investigation reveals
that prompt adapters guided by the CLIP image encoder (No.3)
significantly enhance performance, improving PSNR by 0.31
and reducing FRMSE to 0.0024 compared to the baseline. This
improvement stems from the CLIP image features’ capability
to discern different tasks and the rich prompt information pro-
vided by prompt bases, effectively balancing task adaptation
and knowledge retention. Similarly, the degradation encoder-
guided prompt adapters (No.5) also demonstrate substantial
metric improvements, confirming the utility of degradation
features in characterizing cross-domain differences.

Notably, using both encoders together (No.6) results in
better performance than using them individually, as they facil-
itate the learning of complementary prompt bases that address
image domain and degradation type variances. Conversely,
configurations employing only a single base and identity
(No.2,4,7) exhibit performance degradation in both PSNR and
SSIM metrics. This demonstrates that multi-granularity bases
and identities help provide more effective prompt information
due to the modeling of intra-task diversity.

2) Designs of Prompt Bases: To verify that shared down-
projection U facilitates the capture of task-level prompt
information, we compared the performance of using the sep-
arate up-projection (U) component for constructing prompt
bases. As shown in Table III, our shared U improves the
PSNR by 0.57 compared to using a separate U, indicating
that the shared down-projection enhances the consistency and
efficiency of task-level feature extraction.

3) Strategies for Combining Prompt Bases: We attempt to
select the prompt bases having the nearest distances to the
query features to construct the prompt adapter, labeled ‘nearest
neighbor’ in Table VI. It underperforms the weighted combi-
nation by 0.53 PSNR and 0.0124 SSIM, due to the latter’s
robustness against mis-selected prompt bases and effectiveness
in making full use of prompt bases across tasks. Furthermore,
the weighted method offers better generalization, making it
more suitable for broader use cases.

4) Distance Metrics for Similarity Estimation: We further
investigate the choice of distance metrics in the similarity
estimation module for CLIP features and degradation fea-
tures. As shown in Table IV, adopting cosine distance for
CLIP features and Euclidean distance for degradation features
achieves the best overall performance. This result validates our
metric-aligned design. The reason is that CLIP is pretrained
with a contrastive objective based on cosine similarity, while
Euclidean distance is more consistent with the MSE-trained
degradation feature space.

5) Generality Across Different Backbone Architectures: To
demonstrate the robustness of our LPA method, we conduct
experiments on three different backbone architectures, namely
DAT [21], HAT [54], and SwinIR [6], with the results pre-
sented in Table V. Compared to the sequential fine-tuning
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Fig. 5. Visualization of SR results generated by Seq-FT, CODA-P, and our method across different training stages. The example is selected out from the
second task of the first CISR benchmark. The last column presents result of pre-trained SwinIR, ground-truth (GT), and result of Joint-Training, from top to
bottom. Our method can preserve the ability to generate high-quality results in later stages, while the results of Seq-FT and CODA-P deteriorate severely.

(Seq-FT) baseline, our LPA method consistently improves
continual learning performance across all three architectures,
yielding average PSNR/SSIM gains of 0.74 dB/0.006 on DAT,
0.86 dB/ 0.0013 on HAT, and 1.27 dB/0.016 on SwinIR.

Notably, LPA achieves substantial improvements for all
backbones, indicating effective mitigation of catastrophic for-
getting. These results demonstrate that LPA is robust to
different backbone architectures, validating the generalizability
of our prompt-based adaptation mechanism.

6) Strategies for Using Prompts to Tuning Backbone: We
try to use the prompt to create prefix tokens for keys and
values in Transformers, instead of layer adapters. As shown
in Table VII, this method of adding to prefix tokens decreases
PSNR by 0.17 and SSIM by 0.005 compared to using prompts
as adapters, since adapters are more flexible in adapting pixel-
level features than prefix tokens.

7) Choice of Hyper-Parameters: In Fig. 7, we show the
performance of our method with different numbers of identities
(K) and rank values of prompt bases (r). We investigated
the feasibility of employing the elbow method by exploring
different values of K. Increasing K refines the modeling of the
query feature space and enriches the prompt bases, improving
PSNR. The optimal K value, which aligns with that determined
by the elbow method, is equal to 3. Meanwhile, the rank r
adjusts the trainable parameters and knowledge capacity within
the prompt bases. Increasing r from 3 to 18 boosts PSNR,
stabilizing around 12.

8) Performance on Unseen Datasets: To evaluate the
generalization capability of our method, we test Seq-FT, Joint-
Training, DualP, CODA-P and our method on unseen datasets,
including Urban100, Flickr2K, and DRealSR in which LR
images are created with bicubic, complex, and real-world
degradation, respectively. As presented in Table VIII, our

TABLE VIII

PERFORMANCE ON UNSEEN DATASETS: URBAN100, FLICKR, AND
DREALSR, WHERE BICUBIC, COMPLEX, AND REAL-WORLD DEGRA-

DATION IS USED FOR SIMULATING LR IMAGES, RESPECTIVELY

method achieves superior performance to Seq-FT and Joint-
Training. The reason is that full-parameter training methods
tend to overfit all data distributions, resulting in limited
generalization ability to unseen datasets. By selecting prompts
learned from tasks similar to the target image SR task to adapt
the backbone without modifying the original parameters, our
method demonstrates superior performance on unseen datasets.

E. Visualizations

1) Visualization of Inference Results Across Different Meth-
ods: In Fig. 6, we show SR results from FT (Fine-Tuning),
CODA-P, SwinIR, and our method across five training stages
of the first CISR setting. Each row of images corresponds
to different degradation types: bicubic degradation, real-world
degradation, complex degradation, manga, and JPEG com-
pression. The SwinIR and FT methods exhibit significant
catastrophic forgetting, as they tend to overfit to the current
task, leading to poor generalization across tasks. CODA-P
struggles to generalize across diverse degradation patterns,
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Fig. 6. Visualization of inference SR results on five tasks in the first experiment setting produced by pre-trained SwinIR (2nd column), Seq-FT (4th column),
CODA-P (3rd column), and our method (5th column). The LR and GT images are in the 1st and 6th columns, respectively.

Fig. 7. Results of using different numbers of identities per task (K) and rank
values for the prompt bases (r).

resulting in suboptimal texture clarity and detail restoration.
In contrast, our method achieves higher restoration clarity and
more precise texture recovery than the others.

2) Visualization of Results Comparing Different Methods
Across Training Stages: In Fig. 5, we visualize the results of
Seq-FT, CODA-P, and our method after each training stage, on
one example from the second task of the first CISR benchmark.

At the second training stage, all methods produce high-quality
super-resolution results with clear appearance and sharp edges.
However, as the training stage further increases, Seq-FT and
CODA-P are unable to preserve the image SR ability of
the second task and produce blurry results. Our method can
preserve the knowledge of the second task stably, producing
high-quality results after the training of subsequent tasks.

3) Visualization of Identity Features: We further visualize
the features from the CLIP image and degradation encoders
in Fig. 9. It can be observed that the CLIP image encoder has
a strong ability to discriminate datasets, while the degradation
encoder is rather advantageous at discriminating degradation
types. These phenomena indicate that it is reasonable to use
the two encoders to construct the prompt identities.

4) Visualization of PSNR Changes Over Training Stages:
To better visualize forgetting behavior in our approach, we
present the variation of PSNR across training stages. As
shown in Fig. 8, the PSNR trends of different methods on
each task of the first CISR benchmark demonstrate that the
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Fig. 8. Stage-wise forgetting curves. PSNR of each task across training stages on the first CISR benchmark. The x-axis denotes training stage and the y-axis
denotes PSNR. Larger drops indicate more severe forgetting. Our method shows smoother trends than Seq-FT, DAP-CL, L2P, and CODA-P.

Fig. 9. The t-SNE visualization of features obtained from the degradation
encoder (left) and CLIP image encoder (right).

pre-trained model cannot generalize well to different tasks.
Seq-FT and existing continual learning methods (Dap-CL,
L2P, CODA-P), struggle to balance the new task adaptation
and history knowledge preservation abilities. Our method is
more effective in alleviating the catastrophic forgetting issue
while possessing adaptation ability comparable to L2P and
CODA-P.

V. CONCLUSION

We pioneer a novel approach, Learning Prompt Adapters,
to address the continual image super-resolution challenge. Our
method introduces multi-granularity prompt bases to restore
task-aware prompt information for each incoming SR task.
We signify prompt bases with specific identities which help
locate the target task and retrieve the relevant bases, ensuring
the scalability to new tasks while alleviating the catastrophic
forgetting issue. The utilization of prompt bases and identities
enables the dynamic construction of prompt adapters that are
used to tune the backbone model towards the target task.
Experiments on three continual image SR settings, built upon
NYU, RealSR, DIV2K, REDS, and MANGA109 datasets with
various degradation types, demonstrate the superiority of our
method over state-of-the-art methods.
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