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Abstract

Although deep learning-based image retouching has made
significant progress, its inherent subjectivity renders current
black-box methods limited in interactivity and explainability.
Among existing efforts, parameter-controlled methods aim to
improve interactivity, but often suffer from ambiguous se-
mantics and lack support for natural language control. Re-
inforcement learning–based explainability methods are con-
strained by low-dimensional and limited action spaces, which
result in suboptimal performance. To address the above is-
sues, we propose RetouchAgent, a novel framework that
leverages collaboration among multiple MLLM agents for
image retouching. Our method consists of the following key
steps: (1) Retrieval: By constructing a multimodal retouch-
ing database, we enable an ICL sample retrieval mecha-
nism guided by retouching intent. (2) Engine: Leveraging the
vision-language understanding capabilities of MLLM, a care-
fully designed prompting strategy, and a dedicated operation
library, we enable precise and controllable image retouch-
ing. (3) Reflection: We evaluate each retouching interaction
and optimize the retouching process for progressive result re-
finement. Finally, through multiple rounds of collaboration
among MLLM agents, RetouchAgent achieves state-of-the-
art performance in quantitative and qualitative evaluations.

Code — https://github.com/Cooperxjt/RetouchAgent

Introduction
Image retouching is crucial in modern image processing.
Users often adjust attributes like exposure and color to
achieve more desirable images. While professional software
like Photoshop offers powerful tools, their complexity can
be overwhelming for non-experts. To address this, auto-
mated image retouching algorithms have emerged, partic-
ularly black-box techniques, such as those based on three-
dimensional lookup table (3D LUT), have achieved signif-
icant progress (Zeng et al. 2022; Yang et al. 2022; Zhang
et al. 2022; Li et al. 2024b,a; Yang et al. 2025). However,
given the subjective nature of the task, these methods remain
limited in both interactivity and explainability.
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Interactivity demands methods that can respond effec-
tively to user intent by generating diverse retouching strate-
gies, even when the input is ambiguous. Some methods in-
corporate controllable parameters within the network to ad-
dress this issue (Song, Qian, and Du 2021; Kim and Lee
2024; Kim, Koh, and Kim 2020; Duan et al. 2025). How-
ever, the unclear link between the parameters and the re-
sults requires users to learn, which limits practical usabil-
ity. Explainability means the methods should provide opera-
tions that are transparent and interpretable, helping users un-
derstand and guide the retouching process. Reinforcement
learning–based methods (Park et al. 2018; Hu et al. 2018;
Kosugi and Yamasaki 2020; Ke et al. 2022; Gao et al. 2024;
Zhang et al. 2024) attempt this by generating action se-
quences. However, the action space is usually limited to a
few low-dimensional controls like brightness and contrast,
which makes it hard to handle visual details and affects the
final output quality.

Recently, Multimodal Large Language Model (MLLM)-
based autonomous AI agents have demonstrated effective-
ness in handling complex tasks (Gu et al. 2024; Agarwal
et al. 2024; Xue et al. 2025; Li et al. 2025). Equipped with
strong visual-language understanding capabilities, multiple
agents can collaboratively execute user instructions, even
under open-world conditions. Inspired by this, we present
RetouchAgent, a novel framework that leverages multi-
agent MLLM collaboration to perform interactive and ex-
plainable image retouching.

To achieve this, several key challenges must be addressed.
First, adapting MLLMs to artistic tasks remains challeng-
ing. Although they demonstrate strong In-Context Learn-
ing (ICL) abilities, enabling inference from a few exam-
ples without parameter updates, standard visual ICL meth-
ods rely solely on semantic similarity for example retrieval
(Brown et al. 2020; Dong et al. 2024; Zhou et al. 2024a).
This strategy may fail in practice, as a single image can have
multiple valid retouching styles. To meet diverse user needs,
intent-aware ICL examples retrieval is essential. Moreover,
while MLLMs have been applied to direct image editing,
this can compromise authenticity by altering image content,
as shown in Fig. 1. A safer solution is to use public editing
libraries like GMIC, but their complex interfaces remain dif-
ficult for MLLMs to interpret and control. Finally, iterative
refinement is crucial in practical image retouching, yet the
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Figure 1: Comparison of different methods. By coordinat-
ing multiple MLLM agents, our approach combines fine-
grained retouching flexibility, seamless natural language in-
teraction, enhanced explainability, and authenticity.

absence of structured guidance makes it difficult for single-
step reasoning to match the results of expert workflows.

To address these challenges, our RetouchAgent consists
of three components. We first design a retrieval agent sup-
ported by a dedicated data construction pipeline. By ex-
tending existing datasets and incorporating user intent, our
system can retrieve examples to form intent-aware ICL
prompts. Next, our retouching agent uses an operation li-
brary with simple, single-parameter controls that support a
wide range of retouching functions. By leveraging designed
Chain-of-Thought (CoT) prompts, the retouching agent per-
forms image retouching using only lightweight operations
without causing image distortion. Finally, we incorporate a
reflection agent that emulates expert retouching workflows
through iterative analysis of the image retouching process,
leading to improved retouching quality.

Our main contributions can be summarized as follows:

• We propose RetouchAgent, an image retouching frame-
work that leverages MLLMs to enable more interactive
and explainable retouching workflows.

• By combining multimodal intent-aware ICL retrieval, a
lightweight and efficient operation library, and the reflec-
tion mechanism, our approach enables MLLM retouch-

ing with both high quality and content fidelity.
• Extensive experiments show that RetouchAgent consis-

tently outperforms existing state-of-the-art methods in
both quantitative retouching evaluations and real-world
user scenarios.

Related Work
Image Retouching
With the release of the MIT-Adobe FiveK dataset (Yan et al.
2016), deep learning-based image retouching has become
a major research focus. Among these, 3D LUT techniques
have gained attention for their efficiency in color mapping
(Zeng et al. 2022; Zhang et al. 2022; Yang et al. 2025).
While they offer strong pixel-level performance, they are
still limited in interactivity and explainability.

For interactivity, some methods adopt parameter-based
controls to adjust retouching styles, such as PieNet (Kim,
Koh, and Kim 2020), StarEnhancer (Song, Qian, and Du
2021), and DiffRetouch (Duan et al. 2025). However, the
parameters are often implicit and non-intuitive, resulting in
limited user accessibility. To improve explainability, other
studies have explored reinforcement learning by simulating
expert action sequences. DandR (Park et al. 2018) proposes
a deep reinforcement learning approach based on a prede-
fined set of operations, while RSFNet (Ouyang et al. 2023)
introduces a white-box framework using parallel region-
specific filters. Nonetheless, constrained by the limited ex-
pressiveness of interpretable operations, such methods often
underperform compared to pixel-level approaches. Further-
more, generative models have been introduced into image
retouching (Cao et al. 2023; Brooks, Holynski, and Efros
2023; Wang et al. 2024b). But their inherently destructive
operations risk compromising the original content, raising
concerns about authenticity and identity preservation.

Multimodal Large Language Model
Built on large language models (OpenAI et al. 2024a; Tou-
vron et al. 2023), MLLMs extend input modalities to im-
ages, audio, and video, laying the basis for embodied AI.
BLIP-2 (Li et al. 2023) introduces a Q-Former for cross-
modal query extraction, while Qwen-VL (Bai et al. 2023)
integrates a bilingual language model for cross-lingual mul-
timodal tasks. MLLMs support diverse applications: Re-
touchGPT (Xue et al. 2025) enables interactive face re-
touching via defect repair and user guidance. AnomalyGPT
(Gu et al. 2024)enhances semantic alignment for indus-
trial anomaly detection. Inspired by these advances, our Re-
touchAgent leverages MLLMs’ vision-language capabilities
to model the relationship between input images and expert
retouching examples, enhancing both interactivity and ex-
plainability.

In-Context Learning
In-Context Learning enables MLLMs to perform tasks by
conditioning on a few input-output examples along with the
test input, without updating model parameters and has been
applied across various domains (Lee et al. 2025; Zhou et al.
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Figure 2: The overview of RetouchAgent. The figure illustrates the architecture of our method, which comprises four main
components: Database, Retrieval, Engine, and Reflection.

2024b; Wang et al. 2023). Existing methods typically re-
trieve semantically similar images to build ICL prompts, but
this is limited in image retouching scenarios, where a single
image may correspond to multiple styles and user intents
(Song, Qian, and Du 2021). To address it, RetouchAgent in-
troduces a multimodal retrieval strategy guided by retouch-
ing intent, jointly considering image content and user intent
during prompt construction.

Methods
The overall architecture of RetouchAgent is illustrated in
Fig. 2. After obtaining the expert database aligned with re-
touching intent, the retrieval agent leverages the input image
and user requirements to retrieve appropriate ICL samples,
constructing a prompt that is forwarded to the retouching en-
gine. The retouching agent then selects suitable operations
from our designed operation library and generates parame-

ters to retouch. Finally, the outputs are evaluated by scor-
ers, and refined iteratively through a reflection mechanism
to produce the final output.

Database Generation
To support intent-aware ICL in retouching tasks, we develop
a pipeline that transforms any existing retouching datasets
into a structured multimodal expert database, as shown in
Fig. 2.

For the retouching dataset D = {(in, iren )}Nn=1 with N
images, where i and ire denote images before and after re-
touching. We first apply a caption model to produce descrip-
tions, aiming to better guide fine-grained retouching oper-
ations such as highlights, shadows, and other local details.
Subsequently, we extract the expert retouching operation se-
quence q for each image and remove non-informative op-
erations (e.g., import/export commands). Combining these
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operation sequences with paired images, we build a prompt
to guide the database agent to infer the reasons behind ex-
pert retouching, denoted as p. In our study, we further in-
vite five professional retouchers to evaluate the correctness
of the results. As a result, we get a new multimodal database
D = {(in, iren , qn, pn)}Nn=1 for subsequent retrieval.

ICL Sample Retrieval
Considering that MLLMs lack fine-tuning for retouching
tasks, injecting external expert knowledge via ICL exam-
ples offers a practical and flexible alternative. However, the
inherent subjectivity of image retouching limits the effec-
tiveness of traditional semantic retrieval paradigms. To over-
come this limitation, we propose a two-stage retrieval agent,
as shown in Fig. 2, which jointly considers both image con-
tent and inferred user intent.

In Step 1, for the input image I and user instruction R, we
first employ the analysis agent Aana to parse them. As user
instructions are often vague or under-specified, Aana com-
bines visual and textual cues to infer a concrete retouching
objective K. If R is omitted, a generic retouching goal is
generated based solely on the image. This process is formal-
ized as K = Aana(I,R) or K = Aana(I).

In Step 2, the retrieval agent computes the similarity score
between the input pair (I,K) and each sample in the expert
database D = {(in, iren , qn, pn)}Nn=1, using the following
formulation:

sn = λvis Simg

(
I, in

)
+ λtext Stext

(
K, pn

)
, (1)

where λvis and λtext are the weights, and Simg and Stext

denote image and text similarity functions, respectively. In
our implementation, we adopt pre-trained CLIP (Radford
et al. 2021) for feature extraction and compute cosine sim-
ilarity for both modalities. After ranking all samples by sn,
we select the top-k most relevant ones to form the final ICL
prompt output.

Retouching Engine
After retrieving the ICL samples, the retouching engine per-
forms the image retouching process, as shown in Fig. 2. The
engine takes the system prompt as input and selects opera-
tions from our designed library via hierarchical CoT guid-
ance. Each part is detailed in the sections below.

System Prompt The system prompt defines the role of the
MLLM agent, specifies the structure and semantics of the
input image and expert examples, and incorporates reference
exemplars to enforce standardized formatting.

Operations Library Existing image enhancement open
libraries, such as GMIC, OpenCV, and Pillow, either expose
overly complex interfaces that are difficult for MLLMs to
interpret and control, or they lack the expressive power re-
quired for high-quality image retouching. To ensure both in-
terpretability and expressive capability, we design a set of
image retouching operations inspired by professional tools
such as Lightroom and grounded in expert retouching prac-
tices.

The operation library provides a representative subset of
professional editing platforms, covering both global image

attributes (e.g., exposure, color temperature, contrast) and
local refinements (e.g., tone curves, highlights, and shad-
ows). Each operation is controlled using only a single nor-
malized value within the range [−100, 100], which reduces
parameter complexity and facilitates continuous control.
This design lowers the reasoning load for MLLMs, allow-
ing the retouching agent to focus on image understanding
rather than code generation. Finally, the model outputs a
structured JSON file that encodes the full plan, enabling
an interpretable, consistent, and non-destructive retouching
workflow.

Chain-Of-Thought The Chain-Of-Thought process com-
prises four stages: target image analysis, expert example
analysis, difference and historical analysis, and retouching
operation generation.

• Target image analysis: The agent first analyzes the in-
put image along with the user’s requirements to define
actionable retouching objectives. By transforming am-
biguous or subjective descriptions into concrete retouch-
ing directives and identifying key regions and visual at-
tributes, this step establishes a foundation for subsequent
reasoning.

• Expert example analysis: Based on the retrieved ICL ex-
amples, the agent performs a detailed analysis to under-
stand the retouching strategies demonstrated by experts.
This includes recognizing stylistic patterns, parameter
preferences, and localized adjustments illustrated in the
examples.

• Difference and historical analysis: Within the initial
prompt, the MLLM is guided to compare the target image
with expert references to identify priority adjustments. In
later reflection iterations, the agent incorporates histori-
cal context and feedback from the reflection agent to re-
fine its reasoning and adjust the optimization trajectory
accordingly.

• Retouching operation generation: Informed by the rea-
soning steps above, the retouching agent selects appro-
priate operations from our designed operation library and
generates corresponding parameters.

Upon completing a retouching iteration, the output is for-
warded to the reflection agent for further analysis.

Reflection
Even for professional retouchers, image retouching is rarely
a one-step operation. Instead, it is an iterative process in-
volving continuous evaluation, refinement, and optimiza-
tion. Motivated by this observation, we incorporate a reflec-
tion agent into RetouchAgent, as illustrated in the Fig. 2.

In Step 1, we first employ the MLLM to evaluate the re-
touched image on a 10-point scale across four dimensions:
overall aesthetics, lighting quality, color fidelity, and intent
alignment. The first three criteria focus on visual quality,
while the last evaluates whether the result aligns with the
user’s intended style. If all scores exceed predefined thresh-
olds, the retouched image is accepted as the final output.
Otherwise, it proceeds to Step 2 for further refinement.
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Method ExpertA ExpertB ExpertC ExpertD ExpertE Average
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

CSRNet 21.37 0.883 22.88 0.895 24.12 0.894 20.09 0.817 21.85 0.838 22.06 0.865
3D-LUT 21.98 0.887 24.39 0.926 25.12 0.917 22.61 0.902 23.19 0.910 23.46 0.908
DandR 20.49 0.855 22.11 0.889 22.15 0.853 20.91 0.850 21.97 0.863 21.53 0.862
RSFNet 22.05 0.891 23.41 0.935 23.02 0.901 23.24 0.913 22.68 0.902 22.88 0.908
PIENet 21.42 0.879 25.74 0.943 24.76 0.912 22.49 0.897 23.93 0.923 23.67 0.911

StarEhancer 21.13 0.876 25.38 0.940 25.09 0.917 23.32 0.915 23.91 0.913 23.77 0.912
TSFlow 20.81 0.871 24.89 0.948 25.44 0.931 22.16 0.906 23.35 0.930 23.33 0.917

DiffRetouch 22.34 0.901 25.82 0.953 26.13 0.940 24.19 0.946 24.05 0.944 24.51 0.937
Ours 23.13 0.913 25.85 0.955 26.02 0.938 24.34 0.944 24.13 0.950 24.69 0.940

Table 1: Quantitative comparison on the MIT-Adobe FiveK dataset with subsets retouched by five experts (A/B/C/D/E). All
models are reimplemented by us. The best result is in bold, whereas the second-best is underlined. The experiments are done
on the 480p setting.

Figure 3: Qualitative comparison on the MIT-Adobe FiveK
dataset.

During the Step 2, the reflection agent analyzes the se-
quence of previous operations to identify potential causes
of suboptimal results. To support the process, we introduce
a history unit that stores both the operation sequences and
the outputs from each iteration. Leveraging this structured
memory, the agent performs targeted diagnostics and gener-
ates actionable guidance for the next round of retouching. It
is worth noting that, instead of restarting from scratch, the
agent follows an accumulative optimization strategy, pro-
gressively refining the image in line with professional re-
touching workflows. Experimental results demonstrate that
this mechanism consistently improves image quality.

Experiments
Datasets and Evaluation Metrics
We evaluate our method on the MIT-Adobe FiveK and
PPR10K datasets. The MIT-Adobe FiveK dataset (Yan et al.
2016) contains 5,000 images, which are retouched by five
retouching experts (A/B/C/D/E). We randomly select 500
images for testing, while the remaining images are used to
construct the expert database. Notably, we compare the re-
sults from all five experts to demonstrate the efficient learn-
ing capability of our method from expert samples. All the
images are resized to 480p in experiments. The PPR10K

Method ExpertA ExpertB ExpertC

HDRNet 23.01 23.17 23.34
CSRNet 23.86 23.70 23.87
RSFNet 25.18 24.81 25.32

STAREnhacher 25.38 24.92 25.47
3D-LUT 25.63 25.16 25.24

DiffRetouch 25.98 25.45 25.53
Ours 26.12 25.52 25.70

Table 2: Quantitative comparison on the PPR10K dataset
with subsets retouched by three experts. All models are
reimplemented by us. The best result is in bold, whereas
the second-best is underlined. The experiments are done on
the 340p setting.

dataset (Liang et al. 2021) contains 11,161 portrait images,
each retouched by three experts. Following (Liang, Zeng,
and Zhang 2021), we select 2,286 images for testing, while
the other images are used to construct the expert database.
Experiments are conducted on the 360p version as com-
monly used. We adopt PSNR and SSIM to measure pixel-
level fidelity and perceptual quality, respectively.

Implementation Details
We select GPT-4o (OpenAI et al. 2024b) to serve as all
MLLM agents. In the retrieval module, we employ the pre-
trained ViT-B/32 CLIP model as the visual and textual fea-
ture extractor. We set the weight parameters λvis to 0.6,
λtext to 0.4, and the number of ICL samples k to 3. In the
reflection stage, we set the score threshold to 8.0 and the
number of maximum iterations at 8.

Comparison with Other Methods
We conduct the experiments on the five expert annotations
of MIT-Adobe FiveK dataset. We compare our method with
three kinds of baselines. Single-style methods, including
CSRNet (He et al. 2020) and 3D-LUT (Zeng et al. 2022),
are reimplemented on the five expert annotations. White-box
methods, including Distort-and-Recover (Park et al. 2018)
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Figure 4: Two application cases of RetouchAgent. Given different requirements for the same image, our method provides
distinct retrieval and retouching pipelines, enabling multi-round adjustments.

and RSFNet (Ouyang et al. 2023). Multi-style methods, in-
cluding PIENet (Kim, Koh, and Kim 2020), StarEnhancer
(Song, Qian, and Du 2021), TSFlow (Wang et al. 2024a),
and DiffRetouch (Duan et al. 2025), are designed to handle
diverse retouching preferences. The experimental results are
shown in Table 1.

Overall, our method achieves either the best or competi-
tive performance across all five experts, benefiting from the
precise retrieval of exemplar images and the strong reason-
ing capability of MLLMs. Specifically, single-style methods
suffer from significant performance drops when transferred
to other styles, even though each subset is trained with a
dedicated model. Our method also surpasses several recent
white-box baselines, which can be attributed to the richer
and more expressive operation library we designed. Finally,
for multi-style methods, they are typically trained on data
from all experts and adapt to specific styles by tuning differ-
ent parameters. Among them, DiffRetouch performs com-

parably to our method in some cases, leveraging its pow-
erful style transfer capabilities. However, our method con-
sistently outperforms others in overall performance, partic-
ularly in terms of average metrics across all expert styles.
More importantly, our case study in the following section
confirms that RetouchAgent has a superior ability to inter-
pret and respond to user intent expressed in natural lan-
guage, a functionality that existing multi-style methods lack.
Fig. 3 presents the qualitative comparison results on the
MIT-Adobe FiveK. We can observe that our method pro-
duces retouching results that more closely align with expert
edits, confirming its effectiveness in capturing expert-level
retouching preferences.

We also compare our method with others on the PPR10k
dataset, as shown in Table 2. While other methods are
trained on separate subsets or all three experts, our method
achieves superior performance using only a small number of
expert examples.
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3d-LUT PIENet DiffRetouch Ours

8.4% 18.2% 28.6% 44.8%

Table 3: Comparison results of user study

λtext 0 0.2 0.4 0.6 0.8
λvis 1 0.8 0.6 0.4 0.2

PSNR 23.50 25.78 26.02 25.82 25.48

Table 4: Ablation study on λtext and λvis. The experiment
is conducted on the subset of expert C.

User Study
In Fig. 4, we visualize the retouching processes of Re-
touchAgent applied to the same image with two different in-
put requirements. For the same image, we guide the model to
generate two distinct retouching styles: one evoking a sense
of sunset glow, and the other conveying a serene atmosphere.

First, during the retrieval stage, RetouchAgent analyzes
different requirements: Case 1 aims to match retouched sam-
ples with warm tones and a bright style, while Case 2 re-
trieves calm, low color temperature samples, resulting in two
distinct sets of expert samples for prompt generation. Next,
in the initial retouching stage, we highlight the comparative
analysis between the input image and the expert examples. It
is observed that in Case 1, RetouchAgent identifies substan-
tial differences in vibrancy and applies bolder refinements.
In contrast, in Case 2, the retrieved samples steer the agent
to reduce the image’s color temperature and focus more on
balancing colors. Subsequently, in the reflection stage, the
agent scores the outputs and analyzes previous iterations,
enabling further retouching adjustments such as correcting
excessively dark shadows and refining color curve details.
Finally, after two rounds of adjustments, we obtain the two
results for different requirements.

In addition, we conduct a user study to evaluate our
method in real-world scenarios. Specifically, we compare
the single-style method 3D-LUT, the multi-style method
PIENet, and DiffRetouch. For 3D-LUT, we adopt the model
trained on expert C. For PIENet, we follow (Kim, Koh, and
Kim 2020) by using a personalized model adapted to user
preferences. For DiffRetouch, we select the closest match-
ing parameters according to the user’s textual instructions.
For our method, the retouching is guided exclusively by the
user’s textual instructions. We invite 40 users to evaluate 150
images sourced from MIT-Adobe FiveK and the internet,
each associated with four different retouched results. The
results are shown in Table 3. Our method achieved the high-
est user satisfaction without requiring any predefined prefer-
ences or manual parameter tuning.

Ablation Study
Ablation on image retrieval We conduct an ablation
study to assess how different retrieval strategies affect model
performance. As shown in Table 4, we report the results un-
der different λtext and λvis. Results show that image-only

Figure 5: Ablation study on the number of ICL samples.

System Prompt SR System Prompt SR

w/o 26.8% w 99.4%

Table 5: Effectiveness of system prompts. ‘w/o’ means that
we remove the constraints and examples for output standard-
ization in the system prompt. The success rate is calculated
across the entire MIT-Adobe FiveK dataset.

retrieval performs significantly worse than the multimodal
retrieval strategy, highlighting the critical role of retouch-
ing intent in guiding effective image retouching. As the pro-
portion of text increases, model performance improves ini-
tially. However, when textual content outweighs visual in-
put, performance begins to decline. This is likely due to re-
peated patterns in generated retouching intents, which be-
come more influential with excessive textual focus.

Next, we further conduct an ablation study on the number
of ICL examples. Fig. 5 illustrates the PSNR performance
of each of the five expert subsets under different numbers
of ICl samples k. The results indicate that using three ICL
examples yields the best performance. Too few samples fail
to provide sufficient knowledge, whereas too many may in-
troduce conflicting retouching instructions and increase the
risk of model hallucinations.

Ablation on retouching engine The retouching engine
consists of three key components: the system prompt, the op-
eration library, and the CoT reasoning. The system prompt
define the agent’s role, provide retouching examples, and
specify a standardized output format. Results in Table 5
show that this significantly improves the success rate of re-
touching. When system prompt are omitted, the successful
rate (SR) of completing the entire workflow is only 26.8%.

The operation library offers the retouching operations
that can be invoked with a single parameter, addressing di-
verse retouching demands. To validate its effectiveness, we
conduct an ablation study by replacing it with two public al-
ternatives: GMIC and OpenCV. GMIC offers extensive func-
tionality but relies on multi-parameter, complex operations.
OpenCV has simpler APIs but limited flexibility for detailed
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Method PSNR SSIM

with GMIC 20.21 0.802
with OpenCV 21.65 0.823

w/o curve operations 23.12 0.903
Ours 26.02 0.938

Table 6: Ablation study on the operation library. The exper-
iment is conducted on the subset of expert C.

Target Expert Difference PSNR

✗ ✓ ✓ 24.32
✓ ✗ ✓ 24.16
✓ ✓ ✗ 23.82
✓ ✓ ✓ 26.02

Table 7: Ablation study on the CoT. The experiment is con-
ducted on the subset of expert C.

control. We also test a reduced version ‘w/o curve opera-
tions’ by removing curve-level adjustments to simulate the
operation sets in reinforcement learning-based methods. As
shown in Table 6, both complex parameter configurations
and simplified operation sets lead to performance degrada-
tion, highlighting the effectiveness of our operation library.

The Chain-of-Thought provides the agent with a struc-
tured mechanism for interpretation and operations gener-
ation. Table 7 further evaluates its impact on model per-
formance. Results from Rows 1 and 2 show that explicit
analysis of the original image and expert samples enables
RetouchAgent to better understand retouching requirements
and formulate appropriate strategies. Row 3 further demon-
strates that fine-grained comparative analysis enhances the
specificity of operation generation and improves retouching
quality.

Ablation on reflection While MLLMs excel at multi-
modal reasoning, they struggle to produce high-quality re-
touching results in a single pass. To overcome this, we intro-
duce a reflection agent that iteratively refines results using
the history of previous steps. Table 8 presents the impact of
incorporating the reflection module and different reflection
strategies on model performance. Specifically, we compare
the following settings: (1) without reflection, (2) continu-
ous retouching based only on the result from the previous
round (Round n-1), (3) retouching the original image at ev-
ery round, and (4) our full method, which performs continu-
ous retouching with the complete history of reflection.

The first two rows show that full reflection history im-
proves performance, highlighting the reflection agent’s role
in enhancing the model’s understanding of image retouch-
ing. Meanwhile, compared to restarting from the original
image, iterative refinement proves more effective, as it better
aligns with professional retouching workflows and reduces
the cognitive load on the reflection agent.

Method PSNR SSIM

w/o reflection 21.35 0.816
only Round n-1 24.76 0.854

restart each round 24.84 0.862
Ours 26.02 0.938

Table 8: Ablation study on the reflection. The experiment is
conducted on the subset of expert C.

Conclusion
In this work, we focus on the limitations of existing re-
touching methods regarding interactivity and explainability.
To address this issue, we introduce RetouchAgent, the first
framework to perform image retouching through collabora-
tion among multiple MLLM agents. By building an intent-
driven multimodal retrieval mechanism, we enable more ef-
ficient construction of ICL prompts. In addition to reduce
hallucinations triggered by overly complex operations, we
developed an operation library to support the retouching en-
gine. Finally, we incorporated an iterative reflection mod-
ule to better simulate the iterative nature of expert retouch-
ing practices. Quantitative experiments demonstrate that Re-
touchAgent achieves superior performance in understanding
and executing expert retouching instructions. User studies
further confirm its adaptability to diverse user needs, en-
abling personalized and high-quality retouching outcomes.
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