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Abstract

Face retouching aims to remove facial imperfections from
image and videos while at the same time preserving face at-
tributes. The existing methods are designed to perform non-
interactive end-to-end retouching, while the ability to interact
with users is highly demanded in downstream applications.
In this paper, we propose RetouchGPT, a novel framework
that leverages Large Language Models (LLMs) to guide the
interactive retouching process. Towards this end, we design
an instruction-driven imperfection prediction module to accu-
rately identify imperfections by integrating textual and visual
features. To learn imperfection prompts, we further incorpo-
rate a LLM-based embedding module to fuse multi-modal
conditioning information. The prompt-based feature modifi-
cation is performed in each transformer block, such that the
imperfection features are suppressed and replaced with the
features of normal skin progressively. Extensive experiments
have been performed to verify effectiveness of our design
elements and demonstrate that RetouchGPT is a useful tool
for interactive face retouching and achieves superior perfor-
mance over state-of-the-arts.

Introduction
The rapid advancement of social media has resulted in the
generation and uploading of vast quantities of face images
(Krizhevsky 2009; Liu et al. 2015) and videos (Zhu et al.
2021; Yu et al. 2023). Face retouching has emerged as a
highly demanded visual task, to remove facial imperfec-
tions while preserving the face attributes. Normally people
have different retouching preferences for various scenarios,
such as virtual makeup try-on (Li et al. 2015), online meet-
ings (Aseniero et al. 2020), and live streaming (Thang et al.
2014). However, the existing retouching methods perform
non-interactive image-to-image translation, and thus cannot
accommodate the specific instructions from users.

Traditional face retouching methods (Arakawa 2004;
Velusamy et al. 2020) utilize nonlinear digital filters, which
are only capable of removing minor blemishes on a small
scale. To produce realistic clean faces, Generative Adversar-
ial Networks (GANs) have been applied to the retouching

*Joint first authors.
†Corresponding author.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: (a) Traditional face retouching frameworks that
employ a single-stage face retouching framework lack the
capability to comprehend user instructions. (b) Our Re-
touchGPT framework leverages Large Language Models
(LLMs) to parse and interpret user instructions, enabling
precise and interactive retouching.

task (Shafaei, Little, and Schmidt 2021; Xie et al. 2023).
Furthermore, transformer architecture (Vaswani et al. 2017;
Dosovitskiy et al. 2020) has also been utilized in this field
(Wen et al. 2024; Xue et al. 2024), where the imperfections
are removed by performing the cross-attention computation
between the features of imperfections and normal skin. The
existing methods are capable of single-stage retouching but
are unable to refine the retouching results according to the
user’s feedback. On the other hand, the integration of Large
Language Models (LLMs) with visual tasks has witnessed
significant advancement. LLMs have the capability of un-
derstanding user instructions even in open-world scenarios.
Models like LLaVA (Liu et al. 2024) and BLIP-2 (Li et al.
2023) attempt to bridge textual and visual modalities but
typically fall short in fine-grained control. In addition, there
are some attempts to integrate LLMs into downstream visual
models (Wu et al. 2023; Gu et al. 2024), and leverage user
instructions in fine-grained visual tasks. In this work, we fa-
cilitate face retouching by leveraging LLMs to understand
user instructions and further control the generation process.

More specifically, we propose a novel retouching frame-
work, RetouchGPT, which is the first attempt to leverage
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LLMs for interactive face retouching. RetouchGPT is able
to achieve user feedback-aligned and high-fidelity retouch-
ing results under the guidance of LLM. To precisely locate
facial imperfections, we incorporate an Instruction-driven
Imperfection Prediction (IIP) module that learns to match
the instruction and visual features and returns imperfection
masks. Furthermore, we designed an LLM-Based Embed-
ding (LBE) module to learn imperfection prompts by fus-
ing the obtained textual and visual conditioning informa-
tion. To guide the content generation in the imperfection re-
gions, the resulting prompts are injected into a latent trans-
former, and imperfection feature modification is performed
via cross-attention in each block. We have verified the effec-
tiveness of the proposed IIP and LBE in imperfection pre-
diction and multi-modal information fusion and performed
a comprehensive comparison with state-of-the-art methods
in a variety of face retouching tasks. The main contribu-
tions are as follows: (a) Different from the existing meth-
ods that perform single-stage face retouching, the proposed
RetouchGPT is capable of interactive retouching by work-
ing together with LLM. (b) By integrating user’s instruc-
tion and visual features, facial imperfection prediction per-
formance can be improved significantly. (c)We fuse multi-
modal conditioning information via LLM to obtain imper-
fection prompts, which controls imperfection feature modi-
fication in the interactive retouching process.

Related Work
Face Retouching
Face retouching aims to enhance facial images by remov-
ing imperfections and improving overall aesthetic appeal.
Traditional methods (Arakawa 2004; Velusamy et al. 2020;
Batool and Chellappa 2014) leveraged simple image pro-
cessing techniques such as nonlinear digital filters, smooth-
ing operators, texture orientation fields, and Markov ran-
dom field modeling, which are limited to addressing specific
types of imperfections, such as small scale wrinkles or spots.
With the advent of deep learning (Krizhevsky, Sutskever,
and Hinton 2012; He et al. 2016), AutoRetouch (Shafaei,
Little, and Schmidt 2021) utilized generative adversarial net-
works (GANs) (Goodfellow et al. 2020; Karras, Laine, and
Aila 2019) for image-to-image translation, which can learn
detailed patterns and differentiate between blemishes and
natural skin features, thereby targeting various imperfec-
tion types. Adaptive Blend Pyramid Network (ABPN)(Lei
et al. 2022) was proposed to realize fast local retouching on
high-resolution photos by utilizing an adaptive blend pyra-
mid structure to handle various imperfections types. Further-
more, to further achieve the performance of large-scale im-
perfection retouching, BPFRe (Xie et al. 2023) introduced
an attention module that learns to infer a blemish-aware map
and further determines the corresponding weights, thus per-
forming progressive blemish removal.

In addition, researchers found that the attention mech-
anism in the transformer can focus on the imperfections,
and proposed a number of transformer-based frameworks for
face retouching. For example, RetouchFormer (Wen et al.
2024) formulates face retouching as a ‘soft inpainting’ task,

using a transformer with a selective cross-attention mech-
anism to synthesize clean face images with high realism
and fidelity. To handle the face video retouching task, VRe-
tochEr (Xue et al. 2024) leverages temporal context infor-
mation to facilitate face retouching in dynamic sequences.
Specifically, it performs imperfection flow estimation to ob-
tain displacement information between consecutive frames,
refining imperfection localization and ensuring stable re-
touching performance across frames. Nevertheless, the cur-
rent retouching techniques are unable to produce optimal re-
sults when confronted with unknown imperfections. In par-
ticular, they encounter difficulties when confronted with im-
perfections that are not included in the training data and are
unable to incorporate instructions, which leads to unsatisfac-
tory retouching outcomes.

Large Language Model
Large Language Models (LLMs) have demonstrated en-
hanced capabilities in language comprehension and reason-
ing, due to their efficient transformer-based architecture. Ac-
cordingly, LLMs are well suited for handling challenging
tasks across a wide range of application domains. The suc-
cess of the transformer-based architecture has led to the ad-
vent of pre-trained models with larger parameter scales, in-
cluding BERT (Devlin et al. 2019), T5 (Raffel et al. 2020;
Chung et al. 2024), and the GPT series (Radford et al. 2018,
2019; Brown et al. 2020). The advent of general LLMs, such
as ChatGPT (Ouyang et al. 2022; Achiam et al. 2023) and
Llama (Touvron et al. 2023a,b; Dubey et al. 2024), repre-
sents a major advancement in the field of language under-
standing and generation.

To improve the performance of real-world visual tasks, re-
searchers have proposed various visual LLMs. For instance,
LLaVA (Liu et al. 2024) employed a visual encoder to ex-
tract image features and connect them to the word embed-
ding space, which enables the LLM to process both tex-
tual and visual information for multi-modal tasks. More-
over, BLIP-2 (Li et al. 2023) transforms images into text-
based queries, augmenting LLM’s understanding of visual
information. Additionally, Visual ChatGPT (Wu et al. 2023)
employed a prompt manager that translates diverse visual
inputs into linguistic formats. With regard to the indus-
trial anomaly detection task, AnomalyGPT (Gu et al. 2024),
which focuses on the industrial anomaly detection task, em-
ployed vision-textual feature matching decoder to enhance
the semantic recognition capabilities and fine-tuned with
prompt embedding, improving anomaly detection efficacy.

Different from the existing retouching methods, Re-
touchGPT (1) integrates textual and visual information to
accurately predict imperfections, (2) leverages LLMs to fuse
multi-modal information and translate it into imperfection
prompts, and (3) performs prompt-based imperfection fea-
ture modification to suppress imperfections.

Proposed Method
Problem Settings
In this section, we introduce the methodology of Re-
touchGPT for interactive face retouching, which aims to pro-
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Figure 2: The workflow of the proposed interactive face retouching framework: RetouchGPT. In IIP, image encoder Eimg

and text encoder Etxt extract features fimg(xs) and ftxt(ls) from the source image xs and natural language text ls, and
the imperfection prediction network I then generates imperfection mask Ms. We utilized LLM in LBE, a prompt learner P
combines these features and the imperfection mask Ms to create a multi-modal joint conditioning embedding fjoint. The LLM
fuses the multi-modal conditioning information to generate the imperfection prompts fr, which are then employed to control
the generator Gctrl in producing conditioning embedding {α, β, γ}. Using {α, β, γ} and Ms, the latent retouching transformer
R performs prompt-based imperfection feature modification. The decoder D finally generates the retouched face image xr. In
addition, a retouching reinforcement strategy is designed and adopted to further improve the iterative retouching process.

gressively improve the quality of face retouching according
to user feedback. The problem can be formalized as an opti-
mization task, and the goal is to generate a retouched image
xr that closely matches the user instruction lu under certain
standards. This problem can be formulated as follows:

xr ← argmin
xr

E[∥ϕ (fimg(xr), ftxt(lu)) ∥], (1)

where ∥ · ∥ denotes the norm used to measure the difference
between the retouched image xr and the user instruction lu.
The function ϕ(·, ·) maps the image feature fimg(xr) and the
user instruction feature ftxt(lu) into the same feature space.
To achieve this, we incorporate an Instruction-driven Imper-
fection Prediction (IIP) module and an LLM-Based Embed-
ding (LBE) module to perform prompt-based imperfection
feature modification.

Instruction-driven Imperfection Prediction
Given a source image xs and its corresponding text descrip-
tion ls, the image and text feature encoders {Eimg, Etxt}
are utilized to extract features {fimg(xs), ftxt(ls)}, which
are fed into the imperfection prediction network I to pre-
dict imperfection mask Ms. The network I identify fa-
cial imperfections from source image and its features
{fimg(xs), ftxt(ls)}, and can be represented as:

Ms = σ (I [xs, (fimg(xs)⊕ ftxt(ls))]) , (2)

where σ(·) denotes an learnable activation function, and ⊕
represents the concatenate process. The imperfection mask
Ms, which indicates the locations of imperfections, guides
latent retouching transformer to suppress and modify imper-
fection features based on normal facial features. By lever-

aging the IIP module, RetouchGPT can generate imperfec-
tion masks that align with user feedback, thereby achieving
optimal imperfection prediction and further improving the
retouching performance.

LLM-Based Embedding
The LLM-Based Embedding (LBE) module is designed to
generate imperfection prompts fr, conditioned on the im-
perfection mask Ms and features fimg(xs), ftxt(ls). Specif-
ically, we design a prompt learner P to fuse and align
multi-modal imperfection prompting. P receives the source
image xs, text description ls, and imperfection mask Ms

as input conditional multi-model information, subsequently
producing a joint embedding fjoint. This joint embedding
fjoint encapsulates rich multi-modal imperfection informa-
tion, enabling LLM to generate the corresponding imperfec-
tion prompts fr based on its understanding of the imperfec-
tion information, which can be formulated as follows:

fr = LLM (P (fimg(xs), ftxt(ls),Ms)) . (3)
Next, we design a conditioning embedding generator Gctrl

to compute the conditioning embedding {α, β, γ} based on
the imperfection prompts fr:

{α, β, γ} = Gctrl (σ(fr)) , (4)
where Gctrl computes the conditioning embeddings
{α, β, γ} to be used in prompt-based imperfection feature
modification. These conditioning embeddings incorporate
rich multi-modal conditional controlling information. Our
LBE module aims to utilize LLM to fuse the multi-modal
information and generate imperfection prompts, therefore
controlling the calculation of cross-attention to achieve in-
teractive retouching according to user feedback.
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Prompt-based Imperfection Feature Modification
To realize interactive retouching, we propose prompt-based
imperfection feature modification associated with the latent
retouching transformer R. The input features fimg(xs), im-
perfection mask Ms, and conditioning embedding {α, β, γ}
are fed into the latent retouching transformer R, which is
defined as follows:

Qi =Wq(R
i−1 ⊗Ms) + γ,

{Ki, V i} =Wkv

(
Ri−1 ⊗ (1−Ms)

)
+ γ,

(5)

where Ri denotes the retouched feature of the i-th trans-
former block. RetouchGPT uses the imperfection map Ms

and its complement (1 −Ms) as a soft mask to enhance re-
gions to be edited, withMs and (1−Ms) representing masks
for imperfection and normal regions, respectively. The reor-
ganized attention vectors {Qi,Ki, V i} then apply a cross-
attention, which aims to suppress the expression of imper-
fections using features of normal facial regions:

Ri = α · softmax
(
Qi ·Ki/λ

)
V i + β,

xr = D (fimg(xs)⊗ (1−Ms) +Rn ⊗Ms) ,
(6)

whereRn is the output of the final block, λ denotes the scal-
ing factor to ensure numerical stability. RetouchGPT gen-
erates the retouched image xr using an image decoder D.
This process is controlled by the conditioning embedding
{α, β, γ} and the imperfection mask Ms.

Model Optimization
The training process includes the joint optimization of three
components: imperfection prediction, LLM-based embed-
ding, and retouched image generation. Let xs and xt rep-
resent the source raw image and the retouched target image,
ls and lgt denote the user instruction and the target response,
respectively. We consider that the difference between xs and
xt indicates the imperfections needed to be retouched, which
is denoted as Mgt. RetouchGPT takes xs and ls as input and
generates the retouched image xr, response lr and imper-
fection mask Ms. The precision of imperfection prediction
in the IIP module is evaluated by measuring the discrepancy
between the prediction Ms and the ground truth imperfec-
tions Mgt. The corresponding loss function Lmask is for-
mulated as follows:

Lmask = Exs
[∥Ms −Mgt∥] . (7)

To further optimize the imperfection prompts inside our
LBE module, we utilize the cross-entropy loss to measure
the disparity between the generated text sequence lr and the
target text sequence lgt:

Lembed = Els

[
−

n∑
i=1

ligt log(lr
i)

]
, (8)

where n is the number of tokens, ligt is the true label for
token i, and lir is the predicted probability for token i. To
further constrain the generated image xr, we employ L1 re-
gression to measure the degree of consistency between the
target xt and the model’s output xr as follows:

Lretouch = Exs

[
κ∥xr − xt||1 + ∥H(xr)−H(xt)∥22

]
, (9)

where κ denotes a weighting factor, andH(·) represents the
features extracted from a pre-trained VGG-19 (Simonyan
and Zisserman 2014). We also designed a Retouching Re-
inforcement Strategy for prompt-driven retouching based on
the user’s instructions.

Retouching Reinforcement Strategy. RetouchGPT uti-
lizes training texts ls containing imperfection position mp

and imperfection category mc for interactive retouching.
The state st at time t is defined by the feature representa-
tion fimg(xs) of the current retouched image, the imper-
fection Ms, and the joint embedding fjoint. The action at
involves the retouching operation by transformer R, which
includes calculating conditioning embeddings {α, β, γ} and
performing progressive-retouching operations on the im-
age. This process generates multiple images, represented as{
x
(i)
rt = F

(
xs, α

(i), β(i), γ(i)
)}n

i=1
, where n is the num-

ber of operations, and F (·, ·, ·, ·) performs progressive-
retouching operations. The reward rt is based on the con-
sistency between the retouched image xrt and the training
text ls, measured by:

rt = ψ(xrt , ls), (10)
where ψ(·, ·) calculates the alignment between the image
and text. For each training sample {xs, ls,mp}, xr0 denotes
the initial generated retouched image. In each iteration, the
current state st includes fE(xs), Ms, and fjoint. A new re-
touched image xrt is generated based on action at, and the
reward rt is calculated by evaluating the alignment with ls.
The value function V (st) represents the expectation of cu-
mulative reward starting from state st, considering all possi-
ble subsequent actions {at+1, at+2, . . . } (Mnih et al. 2013).
It is updated using temporal difference learning (Rasoul,
Adewole, and Akakpo 2021):
V (st)← V (st) + ζ [rt+1 + ηV (st+1)− V (st)] , (11)

where V (st) and V (st+1) are the values of the current and
next states, rt+1 is the next reward, and ζ, η are the learn-
ing rate and discount factor. The reinforcement learning loss
function LRL is defined as:

LRL = E(at,st,rt)

[
(rt+1 + ηV (st+1; θ)− V (st; θ))

2
]
,

(12)
where θ represents the model parameters. Finally, we inte-
grate the above three aspects, and express the optimization
formulation of the proposed approach as follows:

min
Eimg,I

Lmask,

min
P,Gctrl

Lembed,

min
Eimg,R,D

Lretouch + LRL.
(13)

It should be noted that the constituent networks are
optimized with different loss terms Lmask,Lembed and
Lretouch. In addition, the reinforcement strategy fine-tunes
RetouchGPT with LRL at the end of each epoch, guiding the
overall retouching quality. The goal of this integrated train-
ing approach is to achieve high-fidelity, interactive face re-
touching that is aligned with user feedback. Empirically, we
find that our RetouchGPT can converge to a good solution
without heavy tuning.
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Figure 3: The visual results of interactive retouching using different instructions. x(i)rt and M (i)
s denote the i-th retouching

interactive result and corresponding soft mask, respectively. RetouchGPT performs multiple retouching operations according
to the proposed reinforcement strategy.

Experiments
Experiment Settings
Datasets. We utilized Flickr-Face-HQ-Retouching dataset
(FFHQR) (Shafaei, Little, and Schmidt 2021) (contains
56k/7k/7k train/evaluate/test images) for comparison. Ad-
ditionally, we collected 1.3k challenging test samples from
FFHQR to compose the FFHQR-hard subset. With the as-
sistance of ChatGPT-4o (OpenAI 2024), we labeled imper-
fection categories, positions and corresponding user instruc-
tions on FFHQR and 1k in-the-wild images.

Training Details. In the training process, the parame-
ters of RetouchGPT are updated by the Adam optimizer
(Kingma and Ba 2015) with the learning rate of 2×10−4.
The hyper-parameter κ, ζ, η are set to 10, 0.1, and 0.9, re-
spectively. We use the pre-trained T5 model (Raffel et al.
2020) as text encoder and Llama (Touvron et al. 2023b) as
LLM. They will be frozen during training. There are a total
of 400k training iterations, and the batch size is set to 1. We
implement RetouchGPT by using PyTorch and train it on a
single GPU with 80G graphics memory.

Evaluation Protocols. All competing methods are imple-
mented using open-source codes. To assess the consistency
between the synthesized image and the target image, we use
widely accepted metrics: PSNR, SSIM, LPIPS (Zhang et al.
2018), VFID and Soft-IoU. We also adopt ROUGE-1 (Lin
2004) to evaluate text generation performance.

Imperfection Prediction Analysis
To verify the effectiveness of IIP, we compare RetouchGPT
with a number of other models: BPFRe, RetouchFormer.
Additionally, we disabled Etxt in the IIP module, denoted
as w/o Etxt, to assess the significance of text embedding.
As shown in Table 1, under the prompt ‘Predict the im-
perfections precisely’, RetouchGPT demonstrates superior
performance in predicting imperfections. We perform a vi-
sual comparison of imperfection detection in Figure 4, Re-
touchGPT can locate various imperfections precisely, in-
cluding pimples, dark circles, fine lines, and so on. The com-

Figure 4: Visual comparison in imperfection prediction.
User instruction: ‘Predict the imperfections of whole face’.

Methods SSIM ↑ Soft-IoU ↑ ROUGE-1(%) ↑
BPFRe 0.6012 0.2903 -
RetouchFormer 0.7192 0.4155 -
AnomalyGPT 0.7046 0.4398 -

w/o Etxt 0.7181 0.4119 37.02
RetouchGPT 0.8418 0.4723 89.72

Table 1: Quantitative comparison in imperfection prediction.
RetouchGPT utilize textual encoder to achieve more precise
imperfection location performance.

parison between RetouchGPT w/o Etxt and ours demon-
strates the importance of user input for effective imperfec-
tion prediction. In addition, we visualize the imperfection
map Ms from Eq. (2) under different prompts, as illustrated
in Figure 3, which effectively highlights RetouchGPT’s ca-
pability to accurately focus on the specified regions based
on the given prompts.

Discussion on Interactive Retouching
As shown in Figure 3, we used different instructions and
realized a progressive-retouching operation. RetouchGPT
demonstrates an understanding of these instructions, accu-
rately predicting the corresponding imperfections and re-
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Figure 5: Representative retouching results of RetouchGPT and competing methods on in-the-wild face images.

Methods User Study ChatGPT4-o

AutoRetouch 4.09 ± 2.05 5.56 ± 1.74
BFPRe 5.05 ± 1.71 6.17 ± 0.67
RetouchFormer 5.93 ± 0.72 6.76 ± 0.51
VRetouchEr 5.84 ± 0.68 6.25 ± 0.37

RetouchGPT w/o IIP & LBE 4.28 ± 1.84 5.93 ± 1.63
RetouchGPT w/o IIP 5.67 ± 1.42 6.36 ± 0.92
RetouchGPT w/o LBE 6.05 ± 0.70 6.87 ± 0.43
RetouchGPT 8.73 ± 0.45 8.11 ± 0.35

Table 2: Comparison of RetouchGPT and competing meth-
ods in terms of user/ChatGPT4-o’s rating score. A higher
score indicates superior model performance, with a maxi-
mum score of 10.

touching the image based on the given instructions. Addi-
tionally, we compare the interactive accuracy in Table 2. A
user study involving over 100 participants was conducted
to assess the retouching performance and accuracy of the
competing methods with a full score of 10. We use the
ChatGPT4-o (OpenAI 2024) as the evaluation model to as-
sess retouching performance and accuracy with a full score
of 10. As shown in Table 2, RetouchGPT can accurately de-
tect and retouch images based on user instructions, resulting
in superior retouching outcomes compared to other methods.

Discussion on Designed Elements
We discuss the effectiveness of IIP and LBE. To this end,
we first implement a model only using the encoder Eimg ,
transformer R with cross-attention and D, denoted as Re-
touchGPT w/o IIP & LBE. As shown in Table 2, the lack
of instruction-driven imperfection prediction and the imper-
fection prompts of LLM lead to a significant reduction in
retouching performance.

(1) Does the imperfection mask from IIP make sense?
We leverage IIP to learn imperfection mask Ms by inte-
grating visual and textual features{fimg(xs), ftxt(ls)}. To
verify the effectiveness of Ms, we obtain a variant ‘Re-
touchGPT w/o IIP’ by removing the IIP and Ms and using
self-attention(Vaswani et al. 2017) in Eq. (5) & (6). The re-
sults shown in Table 2 suggest that Ms brings about 26.9%
performance gains from user feedback. As to the visual re-

Figure 6: Representative visual results of different design
components. From (a.) to (b.) are RetouchGPT w/o IIP &
LBE, RetouchGPT w/o IIP, RetouchGPT w/o LBE, and Re-
touchGPT, respectively. RetouchGPT is able to suppress de-
tailed imperfections (such as a red spot under the right eye).

sults in Figure 6, we can observe that Ms is crucial for iden-
tifying and retouching the specified imperfections.

(2) Is the LBE module important? We integrate LLM in
LBE to fuse the multi-modal imperfection information en-
abling our RetouchGPT to learn imperfection prompts fr,
thereby effectively enhancing the efficacy and interactivity
of retouching. To verify the effectiveness of LBE, we build
a variant RetouchGPT w/o LBE, by removing P , Gctrl and
the conditioning embedding {α, β, γ} in Eq. (4) & (5) &
(6). As shown in Figure 6, RetouchGPT w/o LBE can re-
alize an overall satisfactory retouching quality but fails in
retouching the details. Table 2 shows that w/o LBE leads to
a performance drop of 1.24 in terms of ChatGPT4-o score.

(3) Are user instructions meaningful in interactive re-
touching? To evaluate the controllability of RetouchGPT,
we visualized the imperfection prompts fr of Eq. (3) & (4)
from LLM in Figure 7. According to different user instruc-
tions, fr forms multiple clusters in the latent space, indi-
cating that fr is sensitive to the user’s instructions, and is
capable of identifying different categories and positions of
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Methods FFHQR FFHQR-hard

PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓
AutoRetouch 44.18 0.0365 37.18 0.0332
ControlNet 40.17 0.0528 35.21 0.0943
BPFRe 45.12 0.0091 38.83 0.0213
DiffBIR 41.57 0.0893 36.80 0.1032
RetouchFormer 45.66 0.0071 38.94 0.0157
AnomalyGPT 41.35 0.0722 35.61 0.1127
VRetouchEr 45.39 0.0102 38.79 0.0198

RetouchGPT 46.21 0.0023 39.68 0.0115

Table 3: Quantitative retouching results of RetouchGPT and
competing methods on FFHQR and FFHQR-hard.

Figure 7: Visualizing the distributions of fr using different
instructions.

facial imperfections. Therefore, as shown in Figure 3, dif-
ferent user instructions can lead to multiple retouching op-
erations. This indicated that user instructions can provide de-
tailed guidance to perform interactive retouching.

Comparisons to State-of-the-arts
We compare our RetouchGPT with existing retouching
methods, including the GAN-based methods AutoRetouch
(Shafaei, Little, and Schmidt 2021) and BPFRe (Xie
et al. 2023), diffusion-based methods ControlNet (Zhang,
Rao, and Agrawala 2023) and DiffBIR (Lin et al. 2023),
transformer-based RetouchFormer (Wen et al. 2024), and
the LLM-based AnomalyGPT (Gu et al. 2024). We leverage
‘Please retouch the whole image with high-fidelity’ as user
instruction. As shown in Table 3, BPFre, RetouchFormer
and VRetouchEr achieve similar performance, diffusion-
based methods DiffBIR, and ControlNet perform less satis-
factorily. RetouchFormer outperforms all the other compar-
ing motheds while our RetouchGPT achieves a higher PSNR
score by 0.55 dB. RetouchGPT can also achieve better re-
sults than the competing methods in terms of LPIPS. Visual
comparisons in Figure 5 indicate that competing methods
are unstable with unseen imperfections, while RetouchGPT

Methods PSNR ↑ SSIM ↑ LPIPS ↓ VFID ↓
BFPRe 38.14 0.9711 0.0275 17.81
RetouchFormer 38.69 0.9774 0.0219 12.36
VRetouchEr 39.55 0.9813 0.0191 10.01

RetouchGPT 40.12 0.9878 0.0169 7.01

Table 4: Quantitative comparison in face video retouching.

Figure 8: Representative retouching results on video frames.

can achieve stable high-fidelity retouching performance.

Extension to Face Video Retouching
In this section, we compare RetouchGPT, RetouchFormer,
and VRetouchEr for face video retouching. We use ‘Please
retouch the frames stably with high quality’ as user in-
struction for RetouchGPT, and follow the FFHQR-seq test
set protocol (Xue et al. 2024). As shown in Figure 8, Re-
touchGPT achieves consistently stable performance with-
out specific video retouching training. The quantitative re-
sults in Table 4 show that RetouchGPT surpasses VRe-
touchEr, demonstrating its robustness and generalization in
face video retouching.

Conclusion
In this work, we introduce RetouchGPT, the first attempt
to leverage LLM for interactive face retouching. By inte-
grating user instructions with visual features, we have sig-
nificantly improved the performance of facial imperfection
prediction. Furthermore, we integrate LLMs in RetouchGPT
to fuse multi-modal conditioning information and conse-
quently perform imperfection prompt-based feature modi-
fication to realize interactive and high-fidelity retouching.
Extensive comparisons demonstrate the interactivity and su-
perior performance of RetouchGPT.
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