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Abstract

Existing Image Restoration (IR) studies typically focus on
task-specific or universal modes individually, relying on
the mode selection of users and lacking the cooperation
between multiple task-specific/universal restoration modes.
This leads to insufficient interaction for unprofessional
users and limits their restoration capability for complicated
real-world applications. In this work, we present HybridA-
gent, intending to incorporate multiple restoration modes
into a unified image restoration model and achieve intel-
ligent and efficient user interaction through our proposed
hybrid agents. Concretely, we propose the hybrid rule of
fast, slow, and feedback restoration agents. Here, the slow
restoration agent optimizes the powerful multimodal large
language model (MLLM) with our proposed instruction-
tuning dataset to identify degradations within images with
ambiguous user prompts and invokes proper restoration
tools accordingly. The fast restoration agent is designed
based on a lightweight large language model (LLM) via in-
context learning to understand the user prompts with sim-
ple and clear requirements, which can obviate the unneces-
sary time/resource costs of MLLM. Moreover, we introduce
the mixed distortion removal mode for our HybridAgents,
which is crucial but not concerned in previous agent-based
works. It can effectively prevent the error propagation of
step-by-step image restoration and largely improve the effi-
ciency of the agent system. We validate the effectiveness of
HybridAgent with both synthetic and real-world IR tasks.

1. Introduction

Image restoration (IR) has long been a popular topic in the
low-level research fields [6, 26, 31, 32, 73], which aims
to restore low-quality inputs (LQs) into high-quality out-
puts (HQs). Early IR works primarily focus on model de-
sign for diverse simple single restoration tasks, such as im-
age denoising [12, 74, 75, 77], deblurring [41, 44, 57, 66],
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Figure 1. Removing hybrid distortions step-by-step will cause
suboptimal results due to distortion entanglement.

compression artifacts removal [15, 16, 22], and super-
resolution [6, 9, 23, 62, 76]. However, deploying multi-
ple IR models simultaneously to handle diverse degrada-
tions in real-world applications incurs significant resource
costs. Recently, all-in-one/universal image restoration mod-
els (AIR) [7, 10, 24, 46] have emerged to address diverse
image restoration tasks within a single IR network by learn-
ing degradation descriptors through prompt learning or in-
struction tuning.

Despite the abundant restoration modes in existing IR
studies, the restoration process still depends on professional
users for mode selection when dealing with complex real-
world degradations, lacking flexible cooperation between
different restoration modes. For instance, an untrained user
who does not understand terms like “noise” or “blur” may
struggle to select the appropriate restoration tools in a step-
by-step manner. To eliminate this, language-based inter-
action and planning strategies have been proposed to sup-
port automatic image restoration [5, 81] with multimodal
large language models (MLLMs). However, existing meth-
ods suffer from two key challenges: (i) a single interac-
tive agent lacks adaptability to varying task complexities, as
even simple and clear instructions, such as “please remove
the noise in the image,” are still processed using heavy-
weight MLLMs, leading to unnecessary computational and
time costs; (ii) error propagation occurs when step-by-step

22636



single degradation removal tools are applied to real-world
hybrid degradations, as illustrated in Fig. 1.

In this work, we propose HybridAgent, a novel inter-
active paradigm for universal image restoration that ad-
dresses the aforementioned challenges through two key in-
novations: (i) the hybrid restoration agents, consisting of
fast, slow and feedback agents to balance efficiency and
effectiveness during automatic restoration process; and (ii)
mixed distortion removal tools integrated with single distor-
tion removal tools to enhance adaptability and prevent error
propagation during restoration process.

Specifically, we apply an MLLM as our slow restora-
tion agent (SlowAgent) due to its powerful understand-
ing, reasoning, and decision-making capabilities. To
adapt SlowAgent to IR, we construct an instruction-tuning
dataset designed for complex image restoration tasks. We
then fine-tune the SlowAgent, equipping it with strong
task understanding, distortion identification, and restora-
tion mode/tool planning capabilities. However, user inter-
action requirements are not always complex, and not every
task necessitates the agent to identify degradations within
images. For simple interactive IR tasks (e.g., “please re-
move noise”), applying an MLLM would be inefficient and
resource-intensive. To enable flexible and efficient inter-
action for different IR requirements, we introduce the fast
restoration agent (FastAgent) by leveraging a lightweight
large language model (LLM) to determine whether the user
prompt is clear and simple. If so, the FastAgent will di-
rectly execute the planning for the simple IR task and in-
voke the corresponding restoration tool. Otherwise, the task
is handed over to SlowAgent, which automatically iden-
tifies degradations and performs the restoration. Notably,
to achieve an automated restoration process, SlowAgent
requires external feedback to determine whether the cur-
rent image still needs further restoration. To better facili-
tate SlowAgent in completing the restoration process, we
further develop a FeedbackAgent to assess whether a re-
stored image is free from degradations. The three restora-
tion agents collaborate to enable the automatic restoration
of distorted images, formulating our HybridAgent.

Another essential component of HybridAgent is the
restoration tools, which are invoked by the agents during
the restoration process. A straightforward approach would
be to directly utilize state-of-the-art single-task restoration
models as tools [5, 72, 81]. However, this approach fails
to exploit shared knowledge across tasks. Moreover, distri-
butional discrepancies between different models may cause
error propagation during the restoration process. To ad-
dress this, we propose a three-stage training paradigm for
constructing our restoration tools, which not only enables
the tools to effectively preserve common knowledge shared
across different restoration tasks but also provides an in-
tuitive approach for building both single distortion and

mixed distortion removal tools. In the first stage, following
the pretraining-finetuning paradigm, we train a foundation
restoration model via a multi-task learning scheme [24, 46]
to learn the task-shared knowledge. Then, in the second
stage, we leverage Low-Rank Adaptation (LoRA) [19] to
efficiently fine-tune single distortion removal tools from
the pre-trained foundation model. Consequently, in the
third stage, we further tailor a mixed distortion removal
tool based on the pre-trained foundation model with a new
set of LoORA weights. Notably, in our three-stage training
paradigm, we adopt prompt components [33, 46] to implic-
itly encode distortion information, while employing LoRA
to efficiently adapt the pre-trained model to domain shifts
caused by different distortions.

To cover the majority of application scenarios, we
train all restoration tools and build the instruction dataset
based on 10 degradations with various levels, including:
noise [12], gaussian blur, motion blur [57], JPEG [16],
HEVC [55], VVC [2], rainstreak [70], raindrop [47],
haze [11], low light [61]. We incorporate two less-explored
compression codecs, HEVC [55] and VVC [2], given their
rising adoption in image and video compression within con-
temporary vision applications.

The contributions of this paper can be summarized as
follows:

* We propose HybridAgent, a novel interactive paradigm
for image restoration that integrates fast, slow, and feed-
back agents, enabling efficient and task-adaptive interac-
tions to meet diverse user requirements and handle vari-
ous degradations within a unified restoration framework.

* We identify the error propagation issue associated with
step-by-step single-distortion removal strategies and pro-
pose a three-stage training paradigm to construct restora-
tion tools. This approach enhances the reuse of shared
knowledge across tasks and introduces a mixed distortion
removal pattern, effectively reducing restoration steps and
mitigating error propagation in image restoration.

* We build an instruction tuning dataset with over 100k
image-text pairs across 10 distortion types to tailor our
HybridAgent. The diversity of our dataset ensures the ap-
plicability of HybridAgent.

2. Related Works

2.1. Image Restoration

Single-task Image Restoration. Image restoration (IR) [8,
12, 16, 41, 44, 45, 74] typically focuses on addressing a
specific type of image degradation. Early works leverage
convolutional neural networks (CNNs) due to their effec-
tive local information processing capabilities [8, 9, 35, 79].
With the evolution of Transformers [60], which excel at un-
covering long-range dependencies within the image, a se-
ries of transformer-based IR works [0, 34, 63, 73] have
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Figure 2. The overall pipeline of HybridAgent. We adopt a FastAgent to determine swiftly whether the user prompt is direct or vague. If a
direct prompt is provided, HybridAgent will switch to the fast route (dashed lines) to invoke the corresponding restoration tool. Otherwise,
HybridAgent will trigger the slow route (solid lines). SlowAgent automatically recognizes the distortion and executes the right restoration
tool. To prevent incorrect tool invocation, we introduce a FeedbackAgent to assess whether the restored image is clean. FeedbackAgent
and SlowAgent work collaboratively to generate the final clean output for the user.

emerged. However, image restoration optimized with L1
or MSE loss often results in over-smoothed outputs [23].
To mitigate this, recent works introduce diffusion tech-
niques [18, 54] into the IR network design. Benefiting from
the powerful generation abilities, diffusion-based IR mod-
els [13, 49, 56, 68, 71] can restore more realistic images
with vivid texture details.

Nevertheless, these works only focus on removing one
type of distortion, which lacks adaptability towards various
real-world application scenarios.

All-in-one Image Restoration. To address the above-
mentioned problem, some works propose all-in-one IR
models, which can handle multiple distortions with a uni-
fied model weight. Pioneer work AirNet [24] leverages
contrastive learning to implicitly learn mappings between
various degradation distributions and clean ones. Inspired
by prompt learning in natural language processing (NLP), a
series of works [30, 33, 37, 38, 46, 49] have studied prompt
learning-based AIR, where a set of prompt parameters are
implicitly encoded to capture various distortion representa-
tions. Meanwhile, due to the inherently multi-distorted na-
ture of weather, several all-in-one approaches [17, 28, 43]
have emerged for removing weather-related distortions such
as haze, rain, and snow.

Although these approaches improve efficiency in han-
dling various distortions, they lack control over distortion
removal, i.e., they cannot selectively remove distortions ac-
cording to user prompts. Recently, works such as Instruc-
tIR [7] and UniProcessor [10] leveraged text encoders to
map user instructions as conditions of restoration models,
enabling user-controllable AIR. However, these works lack
generalization towards diverse user prompts due to limited
encoding ability. Moreover, they adopt a step-by-step ap-
proach to handle hybrid distortions, which leads to subopti-
mal restoration results.

2.2. Agent

Agent typically refers to an intelligent system that can re-
ceive diverse user commands and automatically accomplish
tasks accordingly [51]. Thanks to the great success of
general-purposed large language models (LLMs) [3, 50, 59]
and multimodal LLMs (MLLMSs) [27, 36, 42], such intel-
ligent system can be realized through the combination of
MLLMs and domain-specific expert models [40, 52, 69].

Despite extensive research on agents in high-level do-
mains, how they can be effectively applied to low-level im-
age restoration (IR) tasks remains an open question. As a
pioneer work, RL-Restore [72] proposes to solve complex
restoration problems in a sequential way. At each step, RL-
Restore utilizes reinforcement learning to adaptively select
the most suitable restoration tool for removing a specific
type of distortion. Advanced by MLLMs, Clarity Chat-
GPT [65] enables dynamic tool selection by understand-
ing the user’s commands and performing reasoning. Re-
storeAgent [5] further optimizes the execution sequence of
restoration tools and explores the most suitable model for
specific degradation patterns. AgenticIR [81] improves the
planning of the agent by incorporating proficient restoration
experience, reflection, and rollback strategy.

Nevertheless, the aforementioned works [5, 80—82] all
perform image restoration through step-by-step execution,
neglecting the entanglement of distortions and potential dis-
tribution shift caused by different restoration models [4, 29].
Moreover, they do not account for efficiency during tool in-
vocation. How to adaptively and efficiently select restora-
tion tools based on different user prompts remains an open
research question.

3. Methods

In this section, we introduce our HybridAgent, an intelli-
gent agent system that dynamically and automatically han-
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Figure 3. The illustration of three-stage training for the construction of restoration tools. We first build a well-trained base model fol-
lowing prompt learning-based all-in-one image restoration [25, 46] in Stage 1. Subsequently, we build single-task restoration tools and
hybrid restoration tool with LoRA [19] in Stage II and III. Notably, we add LoRA to weights of Linear layers in Attention modules and
FeedForward modules of [25]. A more detailed diagram is provided in the supplementary due to limited space.

dles complex IR problems. We discuss the details about
how we realize the automatic image restoration through
MLLM agents in Section 3.1. Specifically, to address the
inefficiency of MLLM-based agents when handling sim-
ple user requests, we propose a collaborative agent system
composed of FastAgent, SlowAgent, and FeedbackAgent,
which efficiently responds to diverse user prompts and ef-
fectively solves complex IR tasks. Subsequently, we de-
scribe how we construct the restoration tools for HybridA-
gent in Section 3.2. Particularly, we propose a mixed dis-
tortion removal tool to proficiently address the error propa-
gation problem in the step-by-step restoration process.

3.1. HybridAgent

Imagine a user aiming to restore a degraded image. Typi-
cally, the user begins by identifying distortion types within
the image and then searches for suitable restoration models.
After applying a restoration step, the individual evaluates
whether the image has been adequately restored. If degra-
dations persist, the user continues to select and apply appro-
priate restoration tools iteratively until achieving a satisfac-
tory restoration outcome. HybridAgent follows this same
iterative procedure to automatically and efficiently restore
degraded images, as shown in Figure 2.

Receiving Input. HybridAgent receives a distorted image
along with a user-provided prompt. Typically, an agent uti-
lizes MLLMs to perceive the degradations and plan restora-
tion steps automatically. However, professional users may
provide explicit prompts clearly specifying their restora-
tion requirements. In such cases, using MLLMs for degra-
dation recognition becomes unnecessary, as the intended
restoration type has already been identified. To handle this

scenario efficiently, we employ the FastAgent based on a
lightweight LLM. FastAgent directly analyzes the explicit
user prompts, determines the required restoration tools, and
proceeds immediately to the subsequent restoration step.
On the contrary, if the prompt provided by the user is
deemed ambiguous or unclear by FastAgent, the image
will be handed over to SlowAgent and proceed to the next
restoration step.

Identifying Distortion. If the image is handed over to
SlowAgent, it is crucial to identify the proper distortion
types and yield the suitable restoration tools. However, cur-
rent MLLMs still face several challenges when handling
such tasks: (i) existing MLLMs are not specifically fine-
tuned for distortion type recognition, thus limiting their
ability to accurately identify degradations, (ii) they cannot
directly execute image restoration operations, and (iii) they
lack the capability to determine whether further restoration
steps are necessary.

To address the first challenge, we adopt an existing
MLLM, Co-instruct [67], which is specifically tuned for
image quality assessment (IQA) and possesses distortion
recognition capabilities. However, the degradation types
covered by Co-instruct are insufficient for handling com-
plex real-world requirements. Therefore, we further fine-
tune Co-instruct on our proposed instruction-tuning dataset
(detailed in the supplementary) to extend its distortion-
recognition capabilities, resulting in the proposed SlowA-
gent. However, MLLMSs may hallucinate and produce in-
correct judgments. To mitigate this issue, inspired by the
concept of test-time scaling [53], we employ a majority
voting mechanism that generates multiple candidate deci-
sions and selects the most frequently occurring distortion
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as the final recognized distortion. To address the second
challenge, we construct a set of restoration tools (detailed
in Section 3.2) that can be invoked by SlowAgent.
Evaluating Result. To address the third challenge, we
establish a FeedbackAgent to assess the restored image.
Such a FeedbackAgent is crucial because: (i) without ex-
ternal evaluation, SlowAgent cannot reliably determine if
the restored image is already satisfactory; and (ii) it of-
fers flexibility to terminate/continue the restoration process
when a human user finds the intermediate result accept-
able/unpleasant. Fortunately, determining whether a re-
stored image is clean aligns closely with assessing image
quality. However, leveraging IQA scores alone may not di-
rectly reflect whether an image meets restoration criteria.
Thus, we propose the simplest way to provide feedback
for SlowAgent: fine-tuning an IQA model (Co-Instruct)
specifically to classify whether a restored image is clean.
Nevertheless, achieving absolute perfection in restoration
is nearly impossible in practice. Consequently, we further
incorporate the historical information of the chosen restora-
tion tools as the context for the FeedbackAgent, enabling
it to more reliably determine whether the current image
has reached a relatively clean state or still requires further
restoration steps.

3.2. Restoration Tools

After determining which tool should be invoked, the dis-
torted image will be processed by the chosen restoration
tool. Current tool designs [5, 72, 81] typically suffer from
two primary limitations: (i) they directly adopt multiple
single-task models trained separately, thus failing to effec-
tively leverage common knowledge across different restora-
tion tasks, and (ii) sequential application of these single-
task models leads to step-by-step processing, which strug-
gles to resolve distortion entanglement issues [4, 29]. To si-
multaneously address these challenges, we propose a novel
three-stage training strategy for restoration tools.

Stage I. In stage one, we aim to build a well-trained base
model that shares common knowledge across various IR
tasks. Inspired by the promising results of prompt learning-
based methods [46], we adopt a similar network architec-
ture. (We provide the details of this architecture in the sup-
plementary.) To enhance the model’s ability to represent
diverse distortions (e.g., 10 types in this paper), we fol-
low [25] and replace the first two stages’ transformer blocks
with shifted window attention blocks [6, 34].

Stage II. After obtaining the base model, we fine-tune task-
specific models on different distortions to enable the agent
to invoke the corresponding restoration tools. Once the base
model is trained in stage I, it serves as a foundation model
for distortion removal, allowing efficient fine-tuning to ob-
tain the required restoration tools. Given LoRA’s [19] effec-
tiveness with minimal additional parameters, we employ it

for fine-tuning in this stage, as shown in Figure 3. Addition-
ally, to ensure that the prompt accurately conveys the degra-
dation condition to the model, we reinitialize the prompt pa-
rameters and fine-tune them jointly with LoORA parameters.
Notably, we leverage prompts to encode descriptive infor-
mation regarding distortions, while employing LoRA pa-
rameters to efficiently adapt the degradation-aware seman-
tic information within deeper network structures.

Stage III. To address the challenge of mixed distortion re-
moval in complex IR problems, we further tailor a mixed
distortion removal tool. Similar to Stage II, we employ
LoRA for efficient fine-tuning. However, we initialize the
prompt parameters using those obtained in Stage II, en-
abling the network to effectively leverage both task-specific
knowledge from Stage II and common knowledge from
Stage I. We follow the distortion synthesis pipeline pro-
posed in Real-ESRGAN [62] for training our model. More
details are provided in the supplementary.

4. Experiments

4.1. Implementation Details

Structure Details for HybridAgent. Since most MLLMs
are designed for general purposes, we fine-tune existing
MLLMSs to enable them to effectively serve the roles of
SlowAgent and FeedbackAgent. We choose to fine-tune
Co-Instruct [67] because it is capable of assessing distor-
tions in images, providing an excellent starting point for our
agents. As for restoration tools, we leverage an enhanced
version of PromptIR [46] from [25], where the transformer
blocks in the first two stages are replaced with RHAG [6] to
improve the representative abilities. For the FastAgent, we
adopt Llama3.2-1B-Instruct '.

Training Datasets for Restoration Tools. We optimize
our restoration tools on 10 degradations. For noise, gaus-
sian blur, motion blur, JPEG, HEVC, and VVC, we gen-
erate distorted samples online using 3450 images from
DF2K [1, 58]. For other distortions, we adopt 1800 images
from Rain100H [70] for rainstreak, 861 images from Rain-
Drop [47] for raindrop, 6000 images from RESIDE-6k [48]
for haze, and 485 images from LOL [64] for low light fol-
lowing previous work [37]. A more detailed explanation of
degradation levels for synthesized images and the training
details are given in the supplementary.

Instruction Tuning Datasets for Agents. Instruction tun-
ing dataset plays an essential role in fine-tuning MLLM
agents. Based on training datasets introduced above, we
sample Sk images per distortion with resolution ranging be-
tween 224 x 224 and 784 x 784. We apply a linear trans-
formation to map 5k to the total number of images within
different distortion datasets, ensuring even sampling from
each dataset. For hybrid distortion, we generate 20k images

Ihttps://huggingface.co/meta-llama/Llama-3.2-1B-Instruct
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Table 1. Comparison of proficiency and performance based on whether the fast route is enabled. “A.LT.” represents “Average Inference
Time”, which indicates total inference time of agents. The inference time is evaluated on a RTX 4090D GPU. We use PSNR1/SSIM1 to
evaluate the performance of two different settings.

Setting | A.LT.(s) Performance | A.LT.(s) Performance | ALT.(s) Performance | A.LT.(s) Performance | A.LT.(s) Performance

| De-noise De-blur De-motionblur De-jpeg De-HEVC
a) 0.08 30.25/0.867 0.11 30.65/0.853 0.09 23.80/0.720 0.09 30.02/0.873 0.09 27.56/0.785
b) 0.75 30.63/0.874 0.82 30.52/0.852 0.90 23.78/0.719 0.79 30.18/0.876 0.76 27.55/0.785
‘ De-VVC De-rainstreak De-raindrop De-haze De-low light
a) 0.09 27.91/0.797 0.13 30.04/0.893 0.12 30.30/0.913 0.09 29.92/0.960 0.12 22.60/0.825
b) 0.79 27.92/0.798 1.05 30.03/0.893 0.94 30.34/0.914 0.83 29.92/0.960 0.88 22.61/0.828

Table 2. Comparisons of success rate between FastAgent and SlowAgent. As both agents will invoke tools, we define success rate as the

proportion of the number of correct tool invocations to the total number of tool invocations.

‘De—noisc De-blur De-motionblur De-jpeg De-HEVC De-VVC De-rainstreak De-raindrop De-haze De-low light

FastAgent 72.9% 100.0%

100.0% 84.8% 96.2%
SlowAgent | 94.3% 94.3% 99.0% 96.7% 87.6%

60.0% 100.0% 86.2%
90.9% 98.0% 96.5%

100.0% 73.3%
100.0% 100%

based on the combination of 10 distortions (more details are
given in the supplementary). In total, our instruction tun-
ing dataset for SlowAgent contains 70k image-text pairs.
As for FeedbackAgent, we use images restored by the cor-
rect tools to synthesize 30k relatively “clean” images and
33k “not clean” images by the incorrect tools. This results
in a total of 66k image-text pairs for FeedbackAgent.

Test Datasets. Following [10], we adopt the combination of
CBSD68 [39], Urban100 [20], Kodak24 [14], and McMas-
ter [78] to evaluate the performance on first six distortions.
Following [10], we use 100 images from Rain100H [70], 58
images from RainDrop [47], 1000 images from RESIDE-
6k [48], and 15 images from LOL [64] to evaluate the per-
formance on last four distortions, respectively. We generate
200 images for mixed-degradation based on the mixture of
10 types of distortions. We provide more details including
training settings in the supplementary.

User Prompts. We use GPT-4 to generate 20 direct textual
prompts for each distortion type, along with an additional
20 ambiguous prompts, formulating a total of 220 diverse
user prompts. We provide samples in the supplementary.

4.2. Effectiveness of HybridAgent

In this section, we evaluate the effectiveness of HybridA-
gent by addressing two key questions: i) Does FastAgent
enhance the proficiency of the restoration pipeline? ii) Does
mixed distortion removal outperform step-by-step distor-
tion removal? Can they collaborate to address more com-
plex distortions?

4.2.1. Effectiveness of FastAgent Design

We compare two settings: a) the full HybridAgent, and b)
HybridAgent with the fast route disabled, meaning that all

images are processed through the SlowAgent, representing
a traditional agent design. Notice that, to provide a more in-
tuitive comparison, we use randomly selected direct user
prompt in both settings. We evaluate the average infer-
ence time and performance on 10 distortions, as demon-
strated in Table 1. With the fast route enabled, HybridA-
gent achieves significantly higher operational efficiency for
direct prompts (requiring only about 12% of the runtime
compared to SlowAgent), greatly surpassing the efficiency
of SlowAgent. We further report the success rate of FastA-
gent and SlowAgent in Table 2, defined as the proportion of
the number of correct tool invocations to the total number
of tool invocations. As observed, using in-context learning
with FastAgent achieves a relatively high success rate, indi-
cating that FastAgent can adapt to diverse user prompts in
real-world scenarios and make accurate tool invocations.

4.2.2. Single vs. Mixed Distortion Removal

As discussed in Section | and Section 3.2, removing mixed-
degradation step-by-step may cause distribution shift and
error propagation. We further validate this by comparing
two settings: i) step-by-step restoration using only single
distortion removal tools, and ii) restoration using both sin-
gle and mixed distortion removal tools. As demonstrated
in Table 3, mixed distortion removal significantly outper-
forms step-by-step single distortion removal across all met-
rics, particularly in handling haze and low-light distortions.
This suggests that addressing mixed degradations with our
proposed mixed distortion removal tools effectively miti-
gates error propagation and distribution shifts. We hypoth-
esize that the poor performance of step-by-step removal for
haze and low-light distortions is due to their unstable dis-
tortion modeling, which is easily disrupted by additional
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Figure 4. Qualitative comparisons of only single distortion removal tools against single and mixed distortion removal tools. M: Motionblur,
N: Noise, J: JPEG, RS: Rainstreak, L: Low light, RD: Raindrop, B: Blur, H: Haze. Zoom in for a better view.

distortions. This is also evidenced in Figure 4, where step-
by-step restoration fails to enhance the low-light image or
remove hazy artifacts.

However, the representation ability of the mixed distor-
tion removal tool is limited, constraining its applicability to
more complex distortions or real-world scenarios. Never-
theless, the HybridAgent incorporates the FeedbackAgent,
allowing the mixed distortion removal tool to be utilized in
step-by-step scheduling. Consequently, the mixed distor-
tion removal tool and single distortion removal tools can
collaboratively address more complex distortion scenarios,
reducing the step of tool invocations and improving overall
performance. We provide a case study in Figure 5. The col-
laboration between the mixed distortion and single distor-
tion removal tools reduces distribution shifts and achieves
better restoration results in fewer steps.

4.3. Comparisons with Other Methods

To further demonstrate the effectiveness of HybridAgent
against state-of-the-art all-in-one/agentic IR methods, we
evaluate the performance on complex restoration scenar-
ios, including both synthetic and real-world datasets. For
a fair comparison, we have retrained Uformer [63], Air-
Net [24], Restormer [73], and PromptIR [46] on our pro-
posed 10 degradation datasets. Following [5], we infer each
of the above methods multiple times in a sequential way to

Step-by-Step

® De-JPEG (19.68dB) -> De-Noise
(19.61dB) -> De-Blur (19.29dB)

. -> De-Raindrop (19.94dB)

Hybrid Collaborate with task-

. specific tool

De-Hybrid (19.39dB) -> De-

Figure 5. A case study on complex degradation removal. The im-
age is corrupted by “Raindrop + Blur + Noise + JPEG”. Upper:
step-by-step distortion removal. Bottom: tools invoked by Hy-
bridAgent: De-hybrid + De-raindrop.

achieve the best performance. For InstructIR [7], we test
the method on seen distortions, ensuring a fair comparison
with HybridAgent. We further compare our method with
AgenticlR [81], which also employs an agentic design. As
demonstrated in Table 4, our method achieves significant
improvements against other all-in-one methods on mixed
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Table 3. Comparison of removing mixed distortions between only using single distortion removal tools and using both single and mixed
distortion removal tools.

\ Blur + Noise | Blur + JPEG |  Blur+Noise + JPEG | Motionblur + JPEG

| PSNRT SSIMT LPIPS| | PSNRT SSIM LPIPS| | PSNRT SSIMt LPIPS| | PSNRT SSIM? LPIPS, | PSNRT SSIM{ LPIPS,

Motionblur + Noise ‘

Only Single | 23.72 0.555 0.520 26.04 0.737 0.300 22.32 0.423 0.640 22.10 0.532 0.501 23.79 0.668 0.360
Both 26.21 0.733 0.311 26.54 0.775 0.278 25.37 0.706 0.352 23.13 0.628 0.388 23.77 0.674 0.330
‘ Motionblur + Noise + JPEG ‘ Rainstreak + Noise ‘ Rainstreak + JPEG ‘ Raindrop + Noise ‘ Raindrop + JPEG
‘ PSNRtT SSIMtT LPIPS| ‘ PSNRT SSIMt  LPIPS) ‘ PSNRT SSIMt LPIPS| ‘ PSNRT SSIMtT LPIPS| ‘ PSNRtT SSIM?T LPIPS|
Only Single | 20.66 0.439 0.551 23.36 0.622 0.351 22.18 0.692 0.300 26.51 0.743 0.287 25.40 0.814 0.233
Both 22.82 0.618 0.404 26.49 0.766 0.203 25.44 0.764 0.242 27.98 0.807 0.191 28.42 0.835 0.188
‘ Haze + Noise ‘ Haze + JPEG ‘ Low light + Noise ‘ Low light + JPEG ‘ Average
‘ PSNRtT SSIM?T LPIPS| ‘ PSNRT SSIMtT LPIPS) ‘ PSNRT SSIMt LPIPS| ‘ PSNRT SSIMtT LPIPS| ‘ PSNRT SSIM?T LPIPS|
Only Single | 14.42 0.536 0.497 12.57 0.668 0.302 7.69 0.188 0.761 7.05 0.174 0.616 19.84 0.557 0.444
Both 23.40 0.797 0.184 26.43 0.885 0.113 19.97 0.627 0.475 21.65 0.754 0.324 24.83 0.741 0.284

Table 4. Comparison of HybridAgent with All-in-one image restoration methods. For Uformer, Restormer, and PromptIR, we retrain them
following their official code on our 10 degradation datasets. Best performances are bolded. Additionally, we provide averaged inference
time (A.L.T.), averaged VRAM usage, and model size in the table.

‘ Rainstreak + Noise ‘ Haze + Noise ‘ Low light + Noise ‘ Motionblur + Noise ‘ Complexity Analysis

| PSNRT SSIM{ LPIPS| | PSNRT SSIM{ LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS| | ALT.(s) VRAM(G) Size(M)
Uformer 2137 0565 0409 | 1627 0587 0452 | 928 0289 0781 | 21.17 0494  0.549 1.18 2.55 50.88
Restormer 2357 0.605 0377 | 1537 0538 0500 | 1507 0546 0603 | 2072 0499 0544 | 058 9.80 26.13
AirNet 2295 0588 0393 | 1433 0510 0544 | 1572 0538 0612 | 2068 0487  0.561 0.79 4.86 8.93
PromptIR 2317 0591 0388 | 1454 0513 0532 | 1587 0541 0610 | 2079 0489  0.558 0.58 9.70 35.59
InstructlR 1463 0431 0534 | 1899 0615 0426 | 1915 0599 0526 | 20.99 0493 0542 | 921 7.81 15.94
AgenticIR 2598 0758 0216 | 2255 0781 0209 | 2012  0.632 0479 | 23.69 0.668 0358 | 49.34 - -2
HybridAgent | 26.49  0.766  0.203 | 23.40  0.797  0.184 | 1997 0627 0475 | 2377 0.674 0330 | 11.66 3224 400.82
degradations. Compared with AgenticIR, our method is
significantly more efficient (11.66s vs. 49.34s), primar-
ily because AgenticlR requires multiple GPT API calls and
the invocation of tools with different scales. In contrast, .

A . Input De-mixed De-haze

our approach only switches between different LoRA mod-
ules, which greatly improves the overall efficiency of the Figure 6. Visualization of the restoration process performed

agentic system. Additionally, HybridAgent incorporates the
mixed distortion removal tool, which efficiently mitigates
the impact of incorrect restoration decisions. For qualita-
tive comparisons, we provide visual results on real-world

by HybridAgent on real-world image (test9003up.jpg from
EUVP [21] dataset). Zoom in for best views.

ficulty; and (ii) the error propagation since the step-by-step

underwater unpaired dataset EUVP [21] in Figure 6. As
observed, HybridAgent first takes mixed distortion removal
tool to remove entangled degradations, and then utilizes de-
haze tool to further enhance the visual quality of the image.
We provide more qualitative results and other ablation stud-
ies about our three-stage training design of restoration tools
in the supplementary due to limited space.

5. Conclusion

In this work, we present HybridAgents by introducing the
composition of fast and slow restoration agents, intending
to solve two challenges in existing agent/instruction-based
image restoration works: (i) lacking flexibility on task dif-

2We only report A.LT. since it relies on closed-source GPT.

single restoration tool invoking. To tackle the first chal-
lenge, we introduce hybrid restoration agents, where FastA-
gent is responsible for simple and clear user requirements
while SlowAgent is optimized with our proposed large in-
struction tuning dataset to support ambiguous user require-
ments. A FeedbackAgent is also designed to collaborate
with SlowAgent to provide accurate feedback and perform
the termination of the restoration process. For the second
challenge, we propose a three-stage training strategy which
introduces the abundant mixed distortion removal tool and
enhances the model reusing capability by optimizing the
model with multi-task learning and task-specific prompt op-
timization. Extensive experiments on broad user require-
ments and various complicated degradations have demon-
strated the effectiveness of our HybridAgent.
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