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Prompting Rain Off: Evolving Compact Dual
Prompts for Continual De-Raining
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Abstract—In recent years, there has been notable progress in
single-image rain removal, particularly focusing on static data
distributions in these approaches. When dealing with data that
constantly changes, the challenge of catastrophic forgetting arises,
which is quite common and critical in real-world scenarios.
To address this, we propose Evolving COmpact Dual Prompt
Learning (EcoDPL), an efficient rehearsal-free continual learning
deraining framework designed specifically for low-level vision
tasks. Specifically, we design two prompt pools at both image
and feature levels and insert these prompts into images and
embedding tokens, for better knowledge transfer across tasks.
Our adaptive weight generation module, P-Fuser, attaches an
attention map to each prompt, to adaptively pay attention to
different inputs, and get different weights to fuse prompts,
making the inserted prompts more flexible with various inputs.
Also, we introduce Grad-Tuner, a dictionary learning strategy,
to compress knowledge into fewer prompts. This makes the
knowledge more compact and provides more space for new
prompts to learn new tasks. Our method stands out by leveraging
small, learnable prompts for efficient knowledge retention across
tasks, not increasing training time or parameters. Furthermore,
we present an augmented method that upgrades the distance
function γ from simple cosine distance to a more advanced weight
generation network. We also employ a fine-tuned dictionary
learning technique, compressing knowledge into a more compact
form, and enhancing the ability of prompts to learn new tasks.
With our new designs, the model becomes more flexible with
various inputs and it compresses knowledge into fewer prompts
to free up spaces to learn new tasks. Through extensive exper-
iments on various rain removal datasets, our EcoDPL method
consistently outperforms previous continual learning techniques.
Notably, although EcoDPL is designed for continual learning
with changing data, it also performs well with stationary data,
proving its robustness and versatility. Our website is available
at: https://starymoon.github.io/Prompting-Rain-Off.

Index Terms—Continual learning, dual prompt learning, rain
removal, dictionary learning technique.
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I. INTRODUCTION

AS ONE of the most prevalent weather degradations, rain
significantly reduces visibility and impairs the quality of

images. This not only impacts the human visual experience but
also affects critical computer vision systems, such as detection
[1], segmentation [2], and depth estimation [3]. Such degra-
dation has profound implications for practical applications,
including autonomous driving and surveillance systems.

Single-image rain removal has seen considerable progress
in recent years. Conventional methods [4], [5], [6], [7],
[8], mainly leveraging convolutional networks, have consis-
tently achieved remarkable performance. Yet, the more recent
transformer-based route [9] has offered more excellent results.
Noted this progress, the issue of rain degradation still poses
another challenge. Image deraining is inherently a dynamic
and context-sensitive task, as real-world environments exhibit
diverse and evolving rain patterns influenced by factors such as
geography, season, and climate conditions. To maintain robust
performance across these varying scenarios, continual learning
is essential, enabling the model to adapt to newly emerging
rain types and intensities, while mitigating catastrophic forget-
ting and sustaining long-term generalization.

Existing continual learning methods can be roughly divided
into four categories: parameter isolation-based approaches
[10], [11], replay-based mechanisms [12], regularization-based
strategies [13], [14], and prompt-based methods [15], [16],
[17], [18], [19], [20], [21]. However, these methods come with
inherent challenges. For instance, parameter isolation methods
have continuously expanding model sizes. Replay-based meth-
ods suffer from additional storage and computational costs.
Regularization-based methods suffer from inefficiencies when
more tasks are involved, while existing prompt-based methods
are insufficient for low-level image restoration tasks like
deraining. Moreover, these methods struggle to autonomously
identify and utilize relevant knowledge for arbitrary samples
without explicit task identity, which causes a considerable
obstacle in practical use.

Recently, the presence of prompt-based learning has
introduced a new continual learning paradigm [22]. By refor-
mulating learning tasks via prompt design [23], there is no
need to adjust model weights directly. Prompt-based learning,
emphasizing task-specific knowledge encoding via prompts,
offers a more resource-efficient way to employ pre-trained
models than traditional fine-tuning. As a result, prompting has
been identified as a better choice for continual learning [16].
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Fig. 1. The comparison between the traditional continual learning method and our EcoDPL method. The first row represents the parameter regularization
method, such as PIGWM [18], while the second row illustrates our EcoDPL method. (a) Overview of the respective framework: The EcoDPL framework
utilizes a unified model and prompt pools to store task-specific knowledge, employing learnable parameters as a form of memory. EcoDPL selectively updates
prompts on an instance-by-instance basis, optimizing them to guide model predictions. It explicitly manages both task-invariant and task-specific knowledge
while preserving the plasticity of the model. (b) Visualization of two continual learning methods: Our EcoDPL outperforms traditional methods in rain removal,
restoring more details in images.

However, recent prompt-based continual learning methods,
such as visual prompt tuning [15], learning to prompt (L2P)
[16], dual prompt learning (DPL) [17], parameter importance
guided weights modification (PIGWM) [18], CODA-Prompt
[19], Hierarchical Prompt Learning [20], and DualPrompt
[21], have primarily been developed and optimized for high-
level classification tasks. These methods are primarily tailored
for high-level classification tasks and rely on an expansion
strategy. For instance, CODA-Prompt freezes old parameters
and incrementally adds new prompt components for new tasks,
which inevitably increases model complexity or requires a
large pre-allocated buffer. In contrast, our EcoDPL introduces
a novel compression paradigm via the Grad-Tuner module.
As illustrated in Fig. 1, instead of expanding parameters, we
employ dictionary learning to actively compress new knowl-
edge into a compact set of basis vectors, maintaining a fixed
parameter budget while increasing knowledge density. Further-
more, unlike DualPrompt which divides prompts into general
and expert types for semantic distinction, our dual-level design
(Image and Feature levels) is specifically engineered for low-
level restoration. The image-level prompts and P-Fuser directly
modulate the input space to handle spatially non-uniform rain
streaks, a capability lacking in existing classification-oriented
prompt methods.

Hence, our contributions are:

• We introduce a novel approach to continual learning
based on prompt learning, to manage diverse forms of rain
streaks using a single model with a fixed set of additional
parameters. As far as we know, this is the first attempt
to incorporate prompt learning into CL model for low-
level vision tasks, achieving superior performance across
multiple benchmarks.

• We present an advanced dual prompt learning technique
for deraining that employs prompts at both the image and
feature levels, which effectively transfers domain-specific
knowledge and performs well in various benchmarks.

• We introduce an adaptive weight generation module,
P-Fuser, that assigns a learnable attention map to each

prompt, which learns to select useful information based
on the specific input, enabling our model to adapt to
various inputs.

• We design a dynamic compression algorithm, Grad-
Tuner, which uses a gradually tuned dictionary learning
strategy. This compresses knowledge into a more com-
pact form, effectively capturing prior knowledge with
fewer prompts, and reserving more capacity for future
tasks.

This paper builds upon our previous work [17], where we
have made additional substantial contributions and improve-
ments: 1) In [17], prompts are selected relying on the cosine
distance with the input. In this work, we design an Adap-
tive Weight Generation Module to replace it that assigns a
learnable attention map to each prompt, which learns to select
useful information considering the context while being robust
to noise, enabling our model to adapt to diverse inputs. The
details are illustrated in Sec. III-C and Sec. III-D. 2) In our
previous work, prompts are as a whole, which lacks flexibility.
In our current version, prompts are regarded as basic prompt
components, and they are weighted to form a new prompt
for each input based on the Adaptive Weight Generation
Module, which is demonstrated to be more effective than the
previous conference version. 3) We introduce a gradually tuned
dictionary learning module, Grad-Tuner. Different from the
direct transfer of prompts among tasks in our previous work,
it utilizes dictionary learning to compress knowledge into
fewer prompts, making the prompt knowledge more compact.
This provides more space for new prompts to acquire new
knowledge, increasing plasticity while maintaining stability,
and offering significant advantages for transferring and accu-
mulating knowledge.

The structure of the paper is as follows: Sec. II offers a
concise summary of related works. Sec. III introduces our
proposed evolving compact dual prompts learning approach.
Sec. IV shows extensive experiments and results. Finally,
Sec. V presents the conclusion.
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II. RELATED WORK

A. Rain Removal From Single Images

Removing rain from single images has been an important
research area, different from video deraining. The main chal-
lenge is the limited information in one frame, leading to many
different algorithms.

Originally, single-image rain removal methods used filtering
methods. Xu et al. [24] used a guided filter for this. A
strategy further enhanced by researchers like Zheng et al. [25],
who incorporated multiple guided filtering techniques, and
Kim et al. [26], who focused on the distinct slender oval shape
of rain streaks. You et al. [27] introduce a method based on
motion for identifying raindrops.

Later, researchers tried prior-based methods, using image
characteristics or learned knowledge. Based on the Maximum
a Posteriori (MAP) principle [28], these methods optimize
functions to get rain-free images [29]. After that, diverse
strategies have been explored, from image decomposition [30]
to complex regularization priors [31]. The features of rain
streaks, captured through histograms of oriented gradients
(HOGs), were utilized by Kang et al. [32] to categorize them
into rain and non-rain dictionaries.

With the rise of deep learning, it was applied to rain
removal. Eigen et al. [33] first used CNNs for deraining.
Qian et al. [34] improved it for larger rain streaks with atten-
tive networks. Fu et al. [35] made progress with DerainNet,
deep detail network [4], and later with the residual-guided
feature fusion network [36]. Zhang et al. [37] used conditional
GANs, and others, like the multi-stream dense network [38],
focused on rain density. Recently, understanding the atmo-
spheric process of rain led to new methods. Yang et al. [39]
introduced a multi-task RNN architecture for progressive rain
removal. Li et al. [40] added a context aggregation network.
Ren et al. propose a progressive recurrent deraining network
(PReNet) [5] that simplifies this, presenting a straightforward,
recurrently unfolding ResNet. Training data is another issue.
Many algorithms use synthetic datasets, which might not
work well with real images. To address this issue, Wang
et al. [41] trained a network on natural rainy scenes. The
semi-supervised approach [42] of Wei et al. also addresses
sample collection problems. Recently, the field has witnessed a
paradigm shift from CNNs to Transformer-based architectures,
leveraging their ability to model long-range dependencies.
Restormer [43] introduces an efficient transformer model that
computes self-attention across channel dimensions, achieving
state-of-the-art results on various restoration tasks. Xiao et al.
[44] propose an Image De-raining Transformer (IDT) with
window-based attention to handle spatial variability. More
recently, DRSformer [45] utilizes a sparse transformer to
retain top-k relevant features for effective rain removal, while
PromptIR [46] employs prompts to adapt to different degra-
dation types within an all-in-one framework. Furthermore,
research is beginning to address the challenge of continual
adaptation in deraining. A notable work is the Continual Image
Deraining with Hypergraph Convolutional Networks [47],
which utilizes hypergraph structures to preserve topological
information of rain streaks across sequential tasks. Different

from these approaches, our work focuses on a prompt-based
compression paradigm to efficiently manage knowledge for
continual learning.

B. Continual Learning

Continual learning is of great importance due to its ability
to continuously learn from ongoing data without forgetting
previous knowledge. The key goal is to keep old knowledge
while adapting to new data. In the beginning, researchers faced
the catastrophic forgetting problem when learning different
tasks one after the other. Early efforts included reducing
overlap in how different data are represented and replaying
old samples [48] or virtual samples from past data [49].
However, limited by computational resources, these methods
were confined to small architectures and few samples. The
difficulties posed by catastrophic forgetting and the demands
of continual learning have recently become a central focus with
the improvements of deep neural networks. Continual learning
now mainly includes three primary methods: Firstly, there are
replay methods [50], where a subset of stored samples of previ-
ous task samples are trained again during new task learning to
reduce forgetting. Generative models [51] are also used, known
for their ability to create high-quality images, paving the way
for retraining on generated examples. Secondly, regularization-
based methods add additional regularization terms to the loss
function, aiding in preserving prior knowledge while learning
new data. These methods can be categorized into data-focused
and prior-focused approaches. Data-focused techniques [10],
[13] rely on knowledge distillation, employing past model pre-
dictions as soft labels for earlier tasks. Prior-focused methods
[52] estimate distributions over model parameters to guide
learning on new data. A notable approach is Elastic Weight
Consolidation (EWC) [12], which calculates a Fisher matrix to
assess the significance of each parameter and imposes stronger
constraints on more crucial parameters. Finally, parameter
isolation methods allocate separate model parameters for each
task, effectively preventing the forgetting of knowledge. The
model either grows new branches for new tasks [11] or uses
a static structure [53] with different parts for each task. These
often require a task classifier and are mainly used in multi-
head structures.

Distinct from these strategies, our innovative approach
introduces a fresh continual learning scheme tailored for
single-image deraining, diverging from conventional replay-
based and regularization-based methods.

C. Prompt for Transfer Learning

Prompt-based learning represents a new development in
transfer learning, where pre-trained models are conditioned
using specific, handcrafted functions [54], [55]. This technique
not only guides models with extra instructions [54], [55]
but also simplifies handling various tasks. Designing effec-
tive prompting functions is a key challenge, often requiring
heuristic methods considering the complexity.

New research promotes adding learnable parameters to
prompts [54], [56], enhancing their adaptability and evolution
within transfer learning. Innovations like prompt tuning [56]
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and prefix tuning [55] highlight this field, boosting model
adaptability and performance.

Prompts stand out for their efficiency, capturing complex
information with minimal architectural complexity. They are
more parameter-efficient compared to other transfer learning
techniques like Adapter [57] and LoRA [58], although these
methods also perform well in various tasks.

Recently, prompt-based techniques have surpassed tradi-
tional transfer learning. As shown by Wang et al. [16],
integrating prompt methods into continual learning marks a
new phase of innovation and research.

In our research, we introduce prompt learning to develop a
continual method for rain removal. Unlike recent prompt-based
continual learning methods such as CODA-Prompt [19] and
DualPrompt [21] which rely primarily on static prompt selec-
tion or simple orthogonality constraints. EcoDPL achieves
superior adaptability and reduces forgetting through a tailored
dual-level prompting strategy. Specifically, EcoDPL’s image-
level prompts preserve detailed local rain streak structures
directly at the pixel-level, while its feature-level prompts
capture higher-level semantic context. Moreover, the proposed
P-Fuser module dynamically adjusts prompt contributions
via attention maps conditioned explicitly on input features,
ensuring prompt fusion is sensitive and adaptive to varying
rain patterns. In contrast to prior orthogonality-only dictionary
compression methods, EcoDPL’s Grad-Tuner progressively
refines prompts, actively freeing up model capacity for new
tasks. These combined innovations enable EcoDPL to better
manage complex, evolving rain scenarios.

III. EVOLVING COMPACT DUAL PROMPT
POOLS LEARNING

A. Motivation

In continual learning, traditional methods often struggle
with being computationally expensive and complex. Prompt
learning, known for its success in transfer learning and
adapting models, offers a potentially desirable solution. Using
task-specific prompts allows for better continual learning of
features. This motivates us to explore further along the route.

We aim to handle various rain streak types by using a single
model, augmented by a fixed number of additional parameters
as prompts. We regard rain removal as a task that needs a
high-low joint optimization, which can be obtained from the
modeling of the rain removal problem. So, we propose a dual
prompt learning method that works at both image and feature
levels. This approach not only addresses various rain streaks
but also includes an efficient prompt selection network for
determining dynamic conditions.

Unlike traditional prompt learning approaches, which focus
too much on task identities and can not distinguish specific
and general knowledge, our method bridges this gap with
proposed gradually tuned dictionary learning to focus on
keeping prior knowledge while reducing the size of learned
prompts, ensuring enough capacity for new knowledge.

Finally, to further improve the performance, we combine
the model parameters and learnable prompts to regularize as
a whole and reduce the learning rate with a pre-determined
time schedule.

B. Definition and Configuration

The overall training pipeline of our proposed EcoDPL is
illustrated in Fig. 2. We define a series of T tasks for removing
rain from images, denoted as D = {D1, · · · ,DT }. In this series,
the t-th task, represented by Dt = {

�
xt

i, y
t
i

�
}
nt
i=1, involves nt

image pairs. Each pair is composed of a rain-affected image
xt

i ∈ X and its corresponding clean image yt
i ∈ Y . Our aim

is to create a model f (·|θmodel) : X → Y , in which θmodel

denotes parameters of the model. Here, X symbolizes the
domain of images with rain, and Y symbolizes the domain
of clear images. Notably, the data from D1,D2, · · · ,Dn are
not accessible during the training of Dn+1. For any input
image x ∈ RC×H×W , where C is the count of channels
and H × W represents the dimensions of the image, our
method employs a transformer-based structure for the task of
deraining, represented as f = fr ◦ fe. In this model, fe serves
as the preliminary embedding layer for the input images, and
fr consists of a series of self-attention layers, culminating in
a specialized network designed for rain removal.

C. Learning With Image-Level Prompts

As shown in the detailed architecture in Fig. 3. To address
the challenge of increasing space needs in replay-based tech-
niques and to improve the efficiency of sharing image-level
knowledge among different tasks, we incorporate image-level
prompt learning into our continual learning framework.

The specific mechanism of prompt selection is depicted in
Fig. 4. We define P = {P1, · · · , PM} as an image prompt pool,
which includes a fixed number of M prompts Pi = (Ki,Vi). In
this scenario, Vi ∈ R

C×H×W signifies a value that matches the
dimensions of the input image, and the key Ki = fe (Vi) is the
embedded value corresponding to the key of the input.

As mentioned in Sec. III-A, the input x and its embedded
form xe = fe (x) indicate, respectively, the original input and
its embedding. We deliberately exclude the task index t from x
in our representation, highlighting the flexibility of our method
to operate without the need for defining task identity.

The input x instance dictates the computation of the ultimate
prompt by the weighted summation of the prompt components
in the pool. The fused prompt P f = (K f ,V f ) is obtained by:

P f =

MX
m=1

αmPm. (1)

The weights {α1, α2, · · · , αM} ∈ R for each prompt component
are derived from the following equations:

{α1, α2, · · · , αM}

= γ ( fe(x) � A,K)

= {γ ( fe(x) � A1,K1) , . . . , γ ( fe(x) � AM ,KM)} , (2)

where A ∈ RD×M contains M attention vectors
A1, A2, · · · , AM ∈ R

Dwith learnable parameters corresponding
to image prompt components, � represents the element-wise
product and D represents the embedding dimension, γ
represents the cosine distance.

During the model’s training for task n, an input x under-
goes a process where we first generate a unified prompt as
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Fig. 2. The training process of our proposed EcoDPL for continual image rain removal. For each task, we train our model with a unique dataset. This dataset
acts as a query, instructing two prompt pools to create fusion prompts that instruct the output of the model. We train the model and these dual prompt pools
simultaneously. Additionally, the model of each task applies regularization constraints to the next task’s model. After training on all the tasks, we get the
required model.

Fig. 3. We use a P-Fuser to combine image prompt pools and feature prompt pools, creating fused prompts. These prompts are then concatenated with input
x along the channel dimension, and with embedded fe(x) along the token length dimension, to instruct the model. After training, we use a Grad-tuner to get
dual prompt pools for the next task. For reducing the size of the learned image prompt components, a k-SVD process is used. For feature prompt components,
we apply a gradually tuned dictionary learning method. This method compresses the feature prompts first and then fine-tunes them using features gathered
during training.

Fig. 4. The detail of prompt pools is shown. First, the input is multiplied
by attention maps, and the result is compared with prompt keys to measure
similarity. Second, based on these comparisons, weights are calculated.
These weights are then used to perform a weighted average of the prompt
components, creating a set of combined prompts. The combined prompts from
both the input and feature prompt pool are added to the input and embedding
tokens, and then processed together in the embedding layer for improved
training.

previously described. This prompt is then combined with the
input by matching their channel dimensions. Subsequently, this
merged data is fed into the embedding layer. These input-sized
prompts are designed to seamlessly incorporate knowledge

with the input throughout the training process of our model.

x1 = [V f ; x], (3)

where [;] indicates combining across the channel dimension.

D. Learning With Feature-Level Prompts

With an input x and our transformer model f = fr ◦ fe, the
layer fe : RC×H×W → RL×D transforms image patches into
embedding features x′e = fe(x1) ∈ RL×D. Here, L denotes the
token length.

At the feature level, we keep a collection of prompt com-
ponents, denoted by P ′ = {P′1, P

′
2, · · · , P

′
M}. Each component

P′i = (K′i ,V
′
i ) exists in the space RL×D for i = 1, 2, · · · ,M.

In addition, for task n, we keep a table labeled Q′n =

[q′n1 , q
′n
2 , · · · , q

′n
M] that tracks the normalized frequencies of

each prompt component P′i .
To compute the ultimate feature-level prompt P′f = (K′f ,V

′
f )

for a given input, a weighted sum of these prompt components
is performed:

P′f =

MX
m=1

α′mP′m. (4)
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The weights
˚
α′1, α

′
2, · · · , α

′
M

	
capture the relationship between

the input’s feature embedding and each prompt component
using the cosine distance function γ:˚

α′1, α
′
2, · · · , α

′
M

	
= γ

�
fe(x1) � A′,K′

�
=
˚
γ
�

fe(x1) � A′1,K
′
1

�
, . . . , γ

�
fe(x1) � A′M ,K

′
M

�	
. (5)

A′ ∈ RD×M contains M attention vectors
˚
A′1, A

′
2, · · · , A

′
M

	
∈

RD, with learnable parameters that match feature prompt
components, � represents the element-wise multiplication.

Given this formulation, during task n, for an input x,
the final feature-level prompt is computed. Once obtained,
this prompt is concatenated with the embedded input along
the token length dimension, forming a coherent feature
representation:

x2 = [V ′f ; fe (x1)]. (6)

In this equation, x1 symbolizes the synthesized input, as
outlined in Sec. III-B. The combined feature x2 progresses
to the rain-removal network for additional training. As with
Sec. III-B, these prompts are kept trainable, enabling the model
to enhance its prompt-based representation continuously.

E. Gradually Tuned Dictionary Learning

In our framework, we adopt a progressively refined dic-
tionary learning approach. Initially, we extract the prompts
P using the k-SVD approach, where the dictionary D1 is
constructed to optimally approximate X1. This is defined as
the subsequent optimization:

arg min
X1

‖P − D1X1‖
2
F , subject to‖xi, j‖0 ≤ T ′,∀i, j. (7)

The term ‖ · ‖F denotes the Frobenius norm, and T ′ is a
predetermined upper limit. Given D1, the goal is to identify
the optimal coefficients that approximate the prompts P . The
coefficients are determined using the following objective:

arg min
d j,x j

‖P −
X
i, j

dixi − d jx j‖
2
2, subject to‖d j‖2 = 1. (8)

Subsequently, we employ the k-SVD approach for further
improvement of the dictionary. By gathering a collection of
features, during the training process and revisiting the k-SVD
approach, we construct P to better approximate X2:

arg min
X2

‖P − D2X2‖
2
F , subject to‖xi, j‖0 ≤ T ′,∀i, j. (9)

Once D2 is established, we aim to refine the coefficients to
optimally represent P:

arg min
d j,x j

‖P −
X
i, j

dixi − d jx j‖
2
2, subject to‖d j‖2 = 1. (10)

This gradually tuned dictionary refinement process improves
representations of our prompts at each stage and compresses
its size by iteratively evolving. The novel two-step dictionary
learning approach called Grad-Tuner gradually compresses
knowledge into fewer prompts over time. This method differs
significantly from prior works, such as CODA-Prompt [19],
which rely solely on orthogonality constraints. Grad-Tuner’s

progressive compression not only helps in reducing model
complexity but also ensures high flexibility when learning new
tasks, as shown in our experimental results.

F. Parameter-Prompts Joint Regularization

When the neural network undergoes sequential training on
Task n and Task n + 1, our aim is for the network to retain
its performance on Task n. To accomplish this, regularization
is simultaneously applied to both the model parameters and
prompts. For Task n, the parameters of the rain removal model
are represented by θn

model = {θn
1, θ

n
2, · · · , θ

n
r }, where r is the

network’s depth. The set of parameters for all prompts is
denoted as θn

prompt = {θ′n1 , θ
′n
2 , · · · , θ

′n
s }, where s is the total

count of parameters associated with these prompts. We define
θn = θn

model ∪ θ
n
prompt. For simplicity, θn can be expressed as

{θn
1, θ

n
2, · · · , θ

n
r+s}. Xn and Yn represent the sets of rainy images

and clean images for Task n, respectively. Assuming (x, y)
is a pair of rainy and clean images, when processed by the
network, the decline in performance for Task n due to training
on Task n + 1 is quantifiable as:

∆ f (θn+1, θn, x, y)

=
ˇ̌
f (x, θn) , f

�
x, θn+1�ˇ̌

,
ˇ̌
l ( f (x, θn) , y) − l

�
f
�
x, θn+1� , y�ˇ̌ , (11)

where |·| is the absolute value operator and l is the total
training loss for the deraining network. Regarding the k-th
depth parameter for Task n, represented as θn

k , we define

δθn
k = θn+1

k − θn
k . (12)

To calculate ∆ f
�
θn+1, θn, x, y

�
, we use a Taylor series expan-

sion of l ( f (x, θ) , y) around θn+1
k . This series is composed of

infinitely many terms, each represented as derivatives of the
target functions at a single point:

l
�
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, y
�

= l
�

f
�
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k
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�δθn
k
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 , (13)

where H = ∇2
θn

k
l
�
θn

k , x
�

represents the Hessian matrix for θn
k .

To reduce the storage, we take an approximation H ≈ 2JJT

for the Hessian matrix, where J is the Jacobian matrix.
[59] This approximation, commonly known as the Gauss-
Newton approximation, ignores the second-order derivative
terms of the loss. It is theoretically justified when the model
is near a local minimum (where residuals are small) and is
widely adopted to avoid the prohibitive computational cost of
calculating the full Hessian. In practice, we omit terms higher
than third order. Consequently, we obtain:

I
�
θn+1� = ∆ f

�
θn+1, θn, x, y

�
=

r+sX
k=1

�
l
�

f
�
x, θn+1

k

�
, y
�
− l
�
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�
x, θn

k

�
, y
��

=

r+sX
k=1

��
∇θn

k
l
�T
· δθn

k +
1
2
�
δθn

k

�T
· H ·

�
δθn

k

��
. (14)
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Algorithm 1 EcoDPL

A smaller I
�
θn+1

�
results in better retention of Task n’s

knowledge and serves as an effective regularization during
training on Task n + 1. To fine-tune our model, we use a
learning rate decay strategy. Initially, we set a higher learning
rate for quick convergence. As training advances, we gradually
reduce the learning rate for more precise navigation through
the loss landscape. This method helps the optimizer avoid early
local minima while enabling detailed exploration of flatter
areas in later stages of training.

G. Optimization Objective Function

At each training step, once the fused prompts are obtained
as previously described, we input the combined input x1
into the embedding layer, then select and concatenate N
feature prompts. The resulting adapted feature x2 undergoes

processing by the next layers. Additionally, the optimization
includes penalties for prompt distance and a combined penalty
for both parameters and prompts. Overall, our objective for
Task n is to minimize the comprehensive end-to-end training
loss:

Lx = min
P ,P ′,θ

αL1 ( f (x) , y) + βLp ( f (x) , y)

+ ζ
X
Px

γ
�

fe
�
Psi

�
, fe (x)

�
· qn

si

+ η
X
P ′x

γ
�

P′s′i , fe (x)
�
· qn′

s′i
+ ωI (θn) . (15)

Here, L1 and Lp stand for the smooth L1 loss and the
perceptual loss, respectively. The third and fourth terms are
surrogate losses, aimed at better aligning selected prompts
with their corresponding query features. The fifth term refers
to the parameter penalty previously mentioned in Eqn. (14).
The coefficients α, β, ζ, η, ω adjust the importance of each term
in the equation.

IV. EXPERIMENT RESULTS

To thoroughly assess our proposed continual learning
approach, we combine it with the cutting-edge rain removal
baseline, TransWeather [9]. Our EcoDPL method is tested on
various popular rain removal datasets, consistently surpassing
other current continual learning methods in performance.
Specifically, results from all tests indicate that our approach is
highly effective in adapting to new tasks and simultaneously
maintains strong performance on previous tasks. Qualitative
comparisons are provided in Fig. 5, which visually demon-
strate that our method restores rain-free images with clearer
details and fewer artifacts compared to other baselines.

A. Dataset and Evaluation Metrics

Our continual learning method is evaluated by using three
well-known rain removal datasets: Rain100H [39], Rain100L
[39], and Rain800 [37]. Initially, our model undergoes training
on Rain800 (Task 0) and then proceeds to Rain100H (Task 1),
termed as the setting of the Rain800-Rain100H sequence.
In addition to this, we also explore another sequence,
Rain800-Rain100L. Rain100H and Rain100L datasets each
comprise 1,800 pairs of rainy and clean images for train-
ing, accompanied by 100 pairs for testing. Rain800 has 600
training images and an additional 200 images for testing. To
evaluate the performance of our model, we rely on the metrics
of the Peak-Signal-to-Noise Ratio (PSNR) and Structural
SIMilarity (SSIM).

B. Training Details

To ensure a fair comparison, we maintain consistency in
parameter settings and training methods with the original
paper. The distance query function γ is defined as cosine
distance.

In each prompt pool, the value of M is established at 100.
This setting is empirically determined to balance performance
and computational efficiency, as demonstrated by the ablation
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Fig. 5. Visual comparisons of results from rain streak removal using different continual learning methods compared with a baseline. (a) Input: Images with
rain from the Rain800 dataset. (b) Task 0: The model is put through both training and evaluation on the Rain800 dataset. (c) Task 1 with SI (Sequential
Independent): The model is trained on Rain800 followed by Rain100H, without interlinking the tasks, and then tested on Rain800. (d) Task 1 with replay:
Training sequentially on Rain800 and Rain100H with rehearsal techniques, followed by testing on Rain800. (e) Task 1 with PIGWM: The model is trained
on both the Rain800 and Rain100H datasets, employing the parameter regularization-based method, PIGWM. (f) Task 1 with EcoDPL: Training proceeds
sequentially on Rain800 and Rain100H, utilizing EcoDPL, and then the model is tested on Rain800. (g) GT: This represents the clean, non-rainy image,
serving as a ground truth for comparison.

TABLE I
COMPARING THE PERFORMANCE AND THE ADDED COMPLEXITY OF PARAMETERS IN CONTINUAL LEARNING METHODS

study on prompt numbers in Section IV-H (Table XI), where
performance peaks at this value. For hyperparameters, we set
α at 1, β at 0.04, ω at 0.95, and both ζ and η are fixed at
1e− 5. A training period of 50 epochs is applied to each task.

C. Results on Benchmark Datasets

We demonstrate the efficiency of our proposed continual
learning algorithm through a range of qualitative and quan-
titative evaluations, on the previously mentioned datasets and
performance measures. Table II and Table V present a detailed
comparison among baseline models, classic continual learning
approaches, and our method, revealing that our approach
more effectively prevents catastrophic forgetting across var-
ious datasets. As illustrated in Table II, EcoDPL not only
performs well in continual learning scenarios but also single
dataset applications compared to the baseline (PSNR/SSIM:
27.52 dB/0.8667), showing the effectiveness of our design
strategy. To formalize the analysis of plasticity, we introduce
the Normalized Plasticity Score (Sp), calculated as the ratio of
the model’s performance on the new task to that of an Upper
Bound model trained exclusively on it. As detailed in Table VI,
the Upper Bound model trained solely on Rain100H achieves
a PSNR of 27.62 dB and an SSIM of 0.8595. While previous
methods like PIGWM and DPL show limited plasticity with

scores around 0.88–0.91, EcoDPL attains remarkable scores
of 0.98 for PSNR and 0.97 for SSIM. This confirms that
EcoDPL can adapt to novel tasks almost as effectively as a
dedicated model, exhibiting superior stability-plasticity trade-
off. As indicated in Table I, the introduction of dual prompt
pools significantly reduces parameter complexity compared
to traditional continual learning methods, adding only an
additional 5.2% in parameters. Through the implementation
of parameter regularization to prompts, our approach offers
more solution choices across various contexts. Utilizing only
a dual prompt pool results in performance metrics comparable
to those achieved through parameter regularization, although
with a decrease in computational complexity. Moreover, the
integration of parameter regularization can yield further perfor-
mance improvements when higher computational complexity
is permitted.

D. Comparison With Deraining Methods Under Continual
Learning

To demonstrate the robustness and general applicabil-
ity of our continual learning approach, we extend our
evaluation to several state-of-the-art deraining backbones,
namely TransWeather, Restormer and PromptIR. We com-
pare various continual learning methods including Sequential
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TABLE II
THE COMPARISON EMPHASIZES PSNR AND SSIM METRICS.MODELS

ARE TRAINED SEQUENTIALLY ON THE RAIN800-RAIN100H TASK
SEQUENCE WITH VARIOUS CONTINUAL LEARNING TECHNIQUES.

IN CONTRAST, THE BASELINE MODEL RECEIVES
TRAINING SOLELY ON RAIN800. TO ENSURE
CONSISTENCY IN EVALUATION, ALL TESTS

ARE CONDUCTED ON RAIN800

Independent (SI), EWC, PIGWM, DPL, and our proposed
EcoDPL across these backbones, trained sequentially on the
Rain800-Rain100H dataset sequence. The baseline denotes
models trained only on Rain800.

Both Restormer and PromptIR are robust and powerful
deraining backbones, though they involve substantially larger
model sizes. Nevertheless, employing EcoDPL consistently
yields the best performance in mitigating catastrophic forget-
ting, demonstrating superior PSNR and SSIM values on the
initial training dataset (Rain800) across all backbones. The
detailed results can be found in Table III.

Comparison with the Conference Version: As an exten-
sion of our preliminary conference work DPL [17], EcoDPL
demonstrates a significant performance leap. Taking the
Rain800-Rain100H task as an example (Table II), EcoDPL
surpasses DPL by 0.79 dB in PSNR (25.18 dB vs. 24.39 dB)
on the old task. This enhancement stems from two core inno-
vations: 1) Grad-Tuner: unlike DPL which relies on direct
prompt accumulation, EcoDPL employs dictionary learning
to compress knowledge. This yields a more compact repre-
sentation, reducing redundancy and reserving more capacity
to mitigate catastrophic forgetting. 2) P-Fuser: while DPL
utilizes simple cosine distance for prompt selection, EcoDPL
introduces learnable attention maps to generate adaptive
weights. This mechanism allows the model to select prompts
more precisely based on local context, enhancing robustness
against rain streak perturbations.

E. Visual Results on the Realistic Rain Scene

We show more visual results of different methods
whose models are trained sequentially on task sequence
Rain800-Rain100H and tested on RID&RIS. RID (Rain in
Driving) is applied to automatic driving and RIS (Rain in

Surveillance) is applied to video surveillance. Images from
both datasets are collected from real scenes, in line with
the real application scenario. As illustrated in Fig. (6), our
method exhibits significant advantages. We further evaluate
EcoDPL on real-world IVIPC DQA [60] and DNN-SIRR
[42] datasets, comparing it with recent prompt-based methods
(Fig. 7). While classification-oriented methods (e.g., L2P,
CODA-Prompt) struggle with complex rain patterns, EcoDPL
effectively restores clean images with clear structures, ver-
ifying its robust generalization across diverse domains. In
addition to visual comparisons, we introduce non-reference
image quality assessment metrics to quantitatively evaluate
performance on real-world data, including NIQE [61], NIMA
[62], and MANIQA [63], as reported in Table IV. EcoDPL
achieves best results.

This superior generalization to real-world scenarios is
largely attributed to our dual-prompt design, which effec-
tively bridges the domain gap between synthetic training data
and real-world inputs. Specifically, the feature-level prompts
capture high-level semantic abstractions that are robust to
variations in rain appearance, preventing the model from
overfitting to specific synthetic rain patterns. Simultaneously,
the image-level prompts, modulated by the adaptive P-Fuser,
operate directly in the pixel space to accommodate the com-
plex and non-uniform spatial distributions typical of real rain.
Together, this dual mechanism enables the model to access a
more diverse and adaptable feature space than methods relying
on static parameters, thereby significantly enhancing practical
utility.

F. The Effectiveness of Gradually Tuned Dictionary Learning

We present the experimental results demonstrating the
effectiveness of our Grad-Tuner on prompts. To provide a
comprehensive understanding of the capability of our Grad-
Tuner, we visualize both the original and the learned prompt
components. The visual comparison is displayed in the sup-
plementary. The gray region represents the original prompts.
The red region represents the prompts after the first step of
our dictionary learning method. They demonstrate a degree
of separability, with the blue region indicating the prompts
after undergoing our dictionary learning process. A clear
observation from the visualization is the superior aggregation
in the learned prompts compared to their original form, which
means that we have obtained a more compact and centralized
representation, resulting in fewer prompts required during the
reconstruction process.

We then analyze the sparsity and reconstruction fidelity of
prompts about the k-SVD dictionary learning method. We
begin by computing the original prompt components and
subsequently subject them to k-SVD for dictionary learning.
A further refinement is then conducted using a second iter-
ation of k-SVD feature adjustment. Sparsity is evaluated by
counting non-zero elements in these components. For recon-
struction accuracy, we utilize the prompt components derived
post-k-SVD to reconstruct the original ones and compute the
related reconstruction loss.

Our experiments span different dictionary sizes, specifically
5, 25, 50, 75, and 100, as shown in Fig. 8. The results reveal
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TABLE III
COMPARISON OF PSNR AND SSIM METRICS ACROSS DIFFERENT CONTINUAL LEARNING STRATEGIES AND STATE-OF-THE-ART DERAINING

BACKBONES. MODELS ARE TRAINED SEQUENTIALLY ON THE RAIN800-RAIN100H TASK SEQUENCE AND EVALUATED ON THE INITIAL RAIN800
DATASET. THE BASELINE COLUMN REPRESENTS THE PERFORMANCE OF THE MODEL TRAINED SOLELY ON RAIN800,

SERVING AS THE UPPER BOUND

TABLE IV

QUANTITATIVE COMPARISON ON REAL-WORLD DATASETS USING NON-REFERENCE METRICS. ↓ INDICATES LOWER IS BETTER (NIQE),
WHILE ↑ INDICATES HIGHER IS BETTER (NIMA, MANIQA). BOLD INDICATES THE BEST PERFORMANCE

Fig. 6. Visual results of different methods trained sequentially on Rain800 and Rain100H, and tested on a dataset of real scenarios, RID&RIS, of which the
rainy images do not have corresponding backgrounds. (a) Input: rainy images from RID&RIS; (b) SI: rain removal model trained with rehearsal; (d) EWC:
rain removal model trained with EWC; (e) PIGWM: rain removal model trained with parameter regularization; (f) EcoDPL: rain removal model trained with
evolving compact dual prompt learning;.

a consistent trend: as the number of atoms increases, there is
a reduction in sparsity, evidenced by an increase in non-zero
elements. Correspondingly, there is a noticeable decrease in
reconstruction loss, indicating that a denser dictionary yields
more accurate prompt reconstructions. The results emphasize
the inherent trade-off between sparsity and accuracy in dictio-
nary learning.

G. Ablation Study
1) Ablation Study of Each Component in the Loss Function:

In this section, ablation analyses are conducted to thoroughly
evaluate the impact of each component in Equation 15. The
results, presented in Table VII, highlight that using two sets
of prompts significantly helps in addressing catastrophic for-
getting. The visual results are displayed in the supplementary.
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TABLE V

QUANTITATIVE EVALUATION RESULTS IN PSNR AND SSIM. MODELS ARE
TRAINED SEQUENTIALLY ON THE RAIN800-RAIN100L SEQUENCE

THROUGH CONTINUAL LEARNING TECHNIQUES, FOLLOWED BY
TESTING ON RAIN800

TABLE VI

QUANTITATIVE EVALUATION OF PLASTICITY ON THE NEW
TASK (RAIN100H). MODELS ARE TRAINED SEQUENTIALLY ON

RAIN800-RAIN100H AND EVALUATED ON RAIN100H. THE
NORMALIZED PLASTICITY SCORE (Sp) IS THE RATIO OF

THE METHOD’S PERFORMANCE TO THE UPPER BOUND
(TRAINED EXCLUSIVELY ON RAIN100H).

TABLE VII

ABLATION STUDY FOR OPTIMIZATION OBJECTIVE FUNCTION

TABLE VIII

ABLATION STUDY FOR MODULES IN ECODPL

Additionally, feature-level prompts emerge as particular criti-
cal elements, while the application of parameter regularization
techniques offers supplementary enhancements to our model’s
overall performance. Furthermore, the features of the images

TABLE IX
THE QUANTITATIVE PERFORMANCE FOR THE EFFECTIVENESS

OF THE FREQUENCY TABLES

TABLE X
THE QUANTITATIVE PERFORMANCE FOR DIFFERENT

WEIGHTS OF COSINE DISTANCE

TABLE XI
THE QUANTITATIVE PERFORMANCE FOR DIFFERENT

NUMBERS OF THE PROMPTS

with the prompt pools are notably cleaner compared to those
of the images without the addition of the prompt pools. The
visual results are also shown in the supplementary.

2) Ablation Study of Modules in EcoDPL: We conduct
an ablation study to meticulously evaluate the impact of
various components within the EcoDPL framework. The study,
as detailed in Table VIII, focuses on the model trained
on Rain800-Rain100H and tested on Rain800. The results
highlight the significance of each module in our method. The
integration of all modules, including Prompt Components,
Attention Vectors, k-SVD, and Learning Rate Decay, yields the
highest PSNR and SSIM scores, highlighting their importance
in optimizing the model’s effectiveness.

3) Ablation Study of the Frequency Table: We evaluate the
quantitative performance of our model using dual prompts for
the sequential Rain800-Rain100H datasets, with and without
the frequency tables. As depicted in Table IX, it is apparent
that the utilization of frequency tables results in improved
performance in both scenarios. In particular, the frequency
table of the image prompts is particularly important.

4) Ablation Study of the Weight of Cosine Distance: In
Table X, upon evaluating the weight of cosine distance in the
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Fig. 7. Visual comparisons on real-world scenes from IVIPC DQA [60]
(top two rows) and DNN-SIRR [42] (bottom two rows). Compared to recent
methods (b-e) [16], [19], [20], [21], our EcoDPL (f) achieves superior rain
removal and detail preservation.

Fig. 8. Sparsity versus size of k-SVD transformation. Reconstruction error
versus size of k-SVD transformation.

optimization target, it is determined that a value of 10−4 is a
suitable choice. Deviating from this value, either by increasing
or decreasing it, results in a degradation of performance.

5) Ablation Study of the Number of the Prompts: We
evaluate the quantitative performance of our model using dual
prompts for the sequential Rain800-Rain100H datasets, with
different numbers of prompt components in a prompt pool.
As depicted in Table XI, with the increase in the number of
prompts, the performance of the model first increases and
then decreases, reaching a peak at 100. Subsequently, the
performance begins to decline when the number of prompts
increases to 125.

6) Ablation Study on k-SVD Transformation With Different
Sizes: We evaluate the quantitative performance of our model
using dual prompts for the sequential Rain800-Rain100H

TABLE XII
THE QUANTITATIVE PERFORMANCE FOR DIFFERENT

SIZES OF k-SVD TRANSFORMATION

TABLE XIII
PSNR/SSIM RESULTS TRAINED ON SEQUENTIAL

TASKS RAIN800-RAIN100H-RAIN100L

TABLE XIV

DETAILED PERFORMANCE EVOLUTION (PSNR/SSIM) AT THE END
OF EACH TRAINING STAGE FOR THE THREE-TASK SEQUENCE

(RAIN800 → RAIN100H → RAIN100L). BOLD INDICATES THE
PERFORMANCE ON THE TASK CURRENTLY BEING LEARNED

(PLASTICITY). COLUMNS REPRESENT THE TEST DATASETS,
AND ROWS REPRESENT THE MODEL STATE AFTER

TRAINING ON A SPECIFIC STAGE

datasets, with different sizes of k-SVD transformation. As
shown in Table XII, with the increase of the size of k-SVD
transformation, the performance of the model first increases
and then decreases, reaching a peak at about 25.

H. Generalization Across Multiple Datasets

In this section, we demonstrate that our approach is not
restricted to two task scenarios but can be seamlessly extended
to handle multiple tasks. Specifically, given a sequence of n
tasks, our model undergoes continual training, transitioning
from the first task to the n-th task sequentially.

We consider a scenario involving three tasks. Initially, the
model is trained on the first two tasks utilizing our proposed
methodology. Subsequently, the same pre-trained model serves
as the foundation for the training on Task 3. Table XIV
presents the results of an experiment involving sequential
training on Rain800, Rain100H, and Rain100L datasets. The
results confirm the superiority of our approach.

Table XIV details the step-by-step performance evolution
across the three stages. After Stage 1, the model performs
well on Rain800 but poorly on the unseen Rain100H. Upon
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TABLE XV

QUANTITATIVE COMPARISON (PSNR/SSIM) ON THE IMAGE DENOISING
TASK SEQUENCE (GAUSSIAN → POISSON). MODELS ARE TRAINED

SEQUENTIALLY AND EVALUATED ON THE FIRST
TASK (GAUSSIAN NOISE)

TABLE XVI

QUANTITATIVE RESULTS OF THE TASK-FREE
EXTENSION OF ECODPL, TRAINED SEQUENTIALLY ON

RAIN800→RAINTRAINH→RAINTRAINL WITHOUT
TASK IDENTITY.

completing Stage 2 (Rain100H), the model achieves high plas-
ticity on the new task (31.42 dB) while experiencing expected
forgetting on Rain800. However, interestingly, after Stage 3
(Rain100L), we observe a phenomenon of positive back-
ward transfer: the performance on the oldest task (Rain800)
recovers from 22.67 dB to 24.79 dB. This suggests that the
knowledge learned from Rain100L shares commonalities with
Rain800, which our compact prompts successfully leveraged
to repair previous forgetting.

I. Extension to Other Low-Level Tasks

To further validate the claim that our EcoDPL framework is
effective for general low-level vision tasks beyond deraining,
we conducted an additional experiment on image denoising.
We set up a continual learning sequence involving two distinct
noise types: Gaussian Noise followed by Poisson Noise. The
model was trained on the ImageNet dataset with synthetic
noise and evaluated on the Gaussian Noise subset of the
Common528 dataset [64] (containing 11 degradation types).
As shown in Table XV, while methods like SI and PIGWM
suffer from forgetting (PSNR ≈ 25-26 dB), EcoDPL maintains
superior performance on the initial task with a PSNR of
29.91 dB and SSIM of 0.9339. This result confirms that our
dual-prompt design, which handles spatially variant degrada-
tions, generalizes well to other restoration tasks, effectively
mitigating catastrophic forgetting in broader low-level vision
scenarios.

Ablation Study on Task-Free Extension: While EcoDPL
relies on explicit task boundaries by default, it can be extended
to task-free settings by replacing the boundary trigger with an
EWMA-based loss monitoring mechanism, which automati-
cally detects pseudo-boundaries when the loss exceeds µ+3σ
without any task identity. As shown in Table XVI, this task-
free variant achieves competitive performance across all three
datasets.

V. CONCLUSION

In this work, we introduce EcoDPL, a novel continual
learning framework designed specifically for single-image
deraining applications. This method uses compact prompts,
which are small, trainable parameters, to direct a transformer-
based model in removing rain at both image and feature levels,
allowing it to transfer knowledge among various tasks. We
design a P-Fuser to assign a learnable attention map to each
prompt, enabling our model to select information according
to the inputs. Additionally, we apply a dictionary learning
method, Grad-Tuner, to compress prompts over time, provid-
ing more space for prompts to learn new knowledge. Extensive
experiments on various rain datasets confirm the effectiveness
of our proposed EcoDPL. Furthermore, this approach is adapt-
able enough to integrate into training processes for lower-level
tasks, enhancing its usefulness and adaptability in a range of
challenging situations.

VI. LIMITATIONS AND FUTURE WORKS

While EcoDPL demonstrates robust performance, it is worth
noting a characteristic of its design: as a plugin-style frame-
work, its absolute upper bound for restoration quality is
inherently tied to the representational capacity of the under-
lying frozen backbone (e.g., TransWeather). Although this
dependency limits the model’s ability to exceed the backbone’s
original theoretical maximum, it simultaneously highlights a
significant advantage: EcoDPL is highly modular and model-
agnostic. This implies that our framework can be seamlessly
integrated with stronger, future restoration architectures to
unlock even greater potential without redesigning the continual
learning mechanism.
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