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From Synthetic to Real: Toward Identity-Consistent
Makeup Transfer with Synthetic and Real Data
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Abstract—Makeup transfer aims to apply the makeup style
of a reference portrait to a source portrait while preserving
identity and background. Early methods formulate this task
as unsupervised image-to-image translation, relying on surro-
gate objectives and often yielding limited performance. Recent
diffusion- and flow-based approaches instead exploit synthetic
data for supervised training, leading to significant improvements.
However, these methods still face two critical challenges: syn-
thetic supervision frequently fails to faithfully preserve identity,
and the domain gap between synthetic and real data limits
generalization, resulting in degraded performance in complex
real-world scenarios. To address these issues, this paper first
proposes ConsistentBeauty, a novel data curation pipeline that
ensures makeup fidelity and strict identity consistency within the
synthesized data. Second, we propose RealBeauty, a synthetic-
to-real post-training framework. Beyond supervised learning on
curated synthetic data, we further adapt the model to real-
world scenarios through reinforcement learning and design novel
verifiable rewards tailored to the makeup transfer task. It allows
the model to further benefit from real makeup patterns beyond
synthetic supervision. In addition, we establish a new diverse
benchmark for makeup transfer, covering a wide range of skin
tones, ages, genders, poses, and makeup styles, thereby enabling
a more comprehensive evaluation of model performance under
diverse real-world conditions. Extensive experiments show that
our method achieves state-of-the-art performance on multiple
benchmarks and demonstrates clear advantages in identity
preservation and performance on complex real-world cases.

Index Terms—Makeup transfer, image editing, dataset cura-
tion, benchmark.

I. INTRODUCTION

MAKEUP transfer aims to seamlessly render the makeup
from a given portrait image onto a source portrait. It

requires both accurate makeup transfer and faithful identity
preservation, while keeping background regions unchanged.
With the practical value in social media, e-commerce and the
beauty industry, this task has attracted increasing attention
in computer vision. However, although a non-makeup source
portrait and a reference makeup image are readily available,
the corresponding transferred result is generally unavailable
for direct supervision. As a result, makeup transfer remains a
challenging task.
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Fig. 1. Existing methods for makeup transfer usually suffer from two
key limitations: Top row: failure to preserve source identity; Bottom row:
degraded performance under complex makeup

Existing methods can be broadly divided into two cate-
gories. The first category treats makeup transfer as an unsuper-
vised image-to-image translation task and commonly follows
a CycleGAN-style [1] training scheme. These methods [2]–
[4] adopt surrogate objectives, such as histogram-matching
loss and perceptual loss, to guide model training. However,
such objectives cannot effectively capture the desired makeup
effects, resulting in limited makeup transfer capability. The
second category focuses on synthesizing pseudo ground-truth
images to enable supervised training. Early methods [5], [6]
perform affine transformations and color matching to “paste”
the reference makeup onto the source portrait, generating
coarse-grained pseudo ground truth. With the rapid develop-
ment of diffusion and flow-based generative models [7]–[9] as
well as their strong performance in image editing and image-
to-image translation tasks [10]–[12], more recent studies [13]–
[16] employ image editing models to synthesize high-quality
makeup and non-makeup pairs for supervised training. Bene-
fiting from this, these methods achieve substantially improved
transfer capability. Nevertheless, this line of work still suffers
from two limitations, as shown in Fig. 1. First, these methods
do not always faithfully preserve the source identity, as the
models used to synthesize training data may introduce un-
intended changes to facial characteristics. Second, although
these methods work well for simple and common makeup
patterns, their performance degrades in complex real-world
cases due to the gap between synthetic training data and real-
world scenarios.

These observations suggest that effective makeup transfer
requires addressing two issues simultaneously, i.e., (1) how to
construct training data that preserves both makeup fidelity and
identity consistency; and (2) how to bridge the gap between
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synthetic training data and real-world scenarios. To this end,
we first introduce ConsistentBeauty, a novel data curation
pipeline. Specifically, we collect a substantial amount of non-
makeup portraits and construct high-quality makeup layers
covering light, heavy, and artistic styles. Rather than relying
on image editing models, we employ a 3D triangulation-
based method to seamlessly apply the same makeup layer to
two non-makeup images with different identities. This process
enables us to construct training triplets ⟨non-makeup source,
makeup reference, target image⟩ for supervised training. In
this way, our data construction pipeline ensures strict identity
consistency and high makeup fidelity. To further reduce the
gap between synthetic training data and real-world cases,
we then propose RealBeauty, a synthetic-to-real post-training
framework for makeup transfer. RealBeauty adopts a two-stage
training strategy, where the model is first cold-started on our
curated dataset and then further optimized via reinforcement
learning on unpaired real-world makeup data. During the
reinforcement learning stage, we design a new task-specific
verifier that accurately measures the makeup fidelity. In this
way, our post-training framework enables the model to jointly
leverage synthetic supervision and real-world data, thereby
improving real-world generalization.

In addition, we establish a new benchmark for the makeup
transfer task. Existing studies mostly rely on earlier datasets
[2], [3], [17] with randomly sampled pairs, which lack suffi-
cient diversity. We curate a new benchmark containing 300
non-makeup portraits and 512 makeup images. The non-
makeup images cover different skin tones, ages, genders, and
poses, while the makeup images include diverse styles from
light to heavy and from simple to complex. This benchmark
enables a more comprehensive evaluation of models’ transfer
capability under various conditions.

To summarize, our key contributions are threefold:
• We propose a data curation pipeline and construct a

large-scale dataset of high visual quality, strong makeup
consistency and strict identity consistency for supervised
training in makeup transfer. Additionally, we establish a
diverse and challenging benchmark that enables compre-
hensive evaluation of makeup transfer models.

• We introduce a synthetic-to-real post-training framework
for makeup transfer and design a novel verifiable reward,
enabling the model to learn jointly from synthetic and real
data. Our method achieves state-of-the-art performance
on multiple benchmarks.

• Extensive experiments demonstrate the advantages of our
curated dataset and the effectiveness of the proposed
method.

II. RELATED WORK

A. Makeup Transfer

Makeup transfer has attracted continuous attention owing to
its practical value. Early approaches were based on GAN [18].
In the absence of real ground-truth as supervision, methods
such as BeautyGAN [2], BeautyRec [4], and PSGAN [3] were
trained in an unsupervised image-to-image translation manner.
They typically adopted surrogate objectives such as histogram

matching to compute makeup-related losses, thereby enforcing
makeup consistency. EleGANt [5] and SSAT [6] constructed
pseudo ground truth (PGT) using simple matching and affine
transformation techniques as supervisory signals. With the
paradigm shift in image generation models in recent years,
more methods [13], [15], [16], [19] have adopted diffusion-
based frameworks for makeup transfer. SHMT [19] decou-
ples makeup information from human identity features and
trains the model in a self-supervised manner. Stable-Makeup
[13], Flux-Makeup [15], and EvoMakeup [16] employ image
editing models to synthesize paired makeup and non-makeup
samples for supervised training. In particular, Flux-Makeup
and EvoMakeup are built upon flow-based diffusion models
and leverage more powerful image editing models [10], [20]
for data construction. Compared with previous methods, these
models exhibit stronger makeup transfer capabilities. How-
ever, since the identity characteristics may be altered in the
synthetic makeup images relative to the original non-makeup
images, models trained on such data often struggle to preserve
identity consistency, which limits the overall performance of
the models.

B. Diffusion and Flow-based Generative Models

In recent years, diffusion models [21]–[25] have developed
rapidly, demonstrating remarkable effectiveness across a wide
range of generation tasks [26]–[28]. Compared with GAN-
based image generation models [18], [29], [30], diffusion
models exhibit better training stability and stronger generative
capability. As defined in DDPM [22], diffusion models gener-
ate images by iteratively denoising a random noise, gradually
transforming it into a meaningful image. Stable Diffusion [7]
further advanced this paradigm by performing the noising and
denoising processes in the latent space, significantly reduc-
ing computational costs. DiT [31] introduced a Transformer-
based architecture that replaces the conventional U-Net used
in previous diffusion models. Stable Diffusion 3 [9] and
Flux integrate flow mechanisms [32], [33] and transformer-
based diffusion models, further enhancing the models’ image
generation capabilities.

C. Reinforcement Learning for Diffusion Models

Reinforcement learning has emerged as a key technique
in the post-training phase of large language models (LLMs).
When equipped with appropriate rewards, it enables LLMs
to better align with specific preferences or further enhance
their capabilities in particular domains. In contrast to LLMs,
reinforcement learning for diffusion models remains in an
initial stage of development. Earlier works [34]–[36] directly
adopted rewards as training objectives for supervised learning.
Diffusion-DPO [37] formalizes the DPO [38] loss for dif-
fusion models, enabling true reinforcement-style training for
this paradigm. Inspired by the GRPO algorithm introduced
in DeepSeekMath [39], subsequent works [40]–[42] begin
exploring the application of GRPO for optimizing diffusion
models. In this work, by performing reinforcement learning,
the model can be trained on real data rather than solely on
synthetic data.
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Fig. 2. Overview of the proposed ConsistentBeauty data curation pipeline. By constructing makeup layers on a standard face and transferring them to other
non-makeup portraits via 3D triangulation, the proposed pipeline constructs high-quality triplets with strict identity consistency and high makeup fidelity,
thereby providing reliable supervision for makeup transfer.

III. METHOD

In this section, we provide a detailed description of our
data curation pipeline, dataset, synthetic-to-real post-training
framework, and benchmark.

A. Preliminary

1) Rectified Flow: The rectified flow is a continuous nor-
malizing flow defined by an ordinary differential equation
(ODE). This ODE drives a trajectory from an initial noise
distribution p1 to the target data distribution p0, denoted as

d(zt) = vπ(zt, t)dt, (1)

where vπ denotes the learnable velocity field and zt represents
the intermediate state of a data point at time t. With this ODE,
a data point x1 ∼ p1 can be transformed into a corresponding
point x0 ∼ p0. For rectified flow model [32], zt is defined as

zt = (1− t)x0 + tϵ, (2)

where ϵ is standard Gaussian noise. Under this formulation,
the training objective becomes

L = Et,pt(x0),p(ϵ)||vπ(zt, t)− (ϵ− x0)||22. (3)

2) Reinforcement Learning for Flow-based Generative
Models: As suggested in [36], the iterative denoising process
of rectified flow models can be formulated as a Markov Deci-
sion Process (MDP). Since reinforcement learning requires the
policy model to perform stochastic sampling, the deterministic
ODE originally used in rectified flow must be reformulated.
A stochastic differential equation (SDE) that preserves the
marginal probability density of the original ODE throughout
the entire trajectory is constructed as

dzt =

(
vπ(zt, t)−

σ2
t

2
∇ log pt(zt)

)
dt+ σtdw, (4)

where σt controls the stochasticity and dw represents the
Wiener process.

B. Data Curation

1) Data Curation Pipeline: The goal of makeup transfer is
to apply the makeup style of the reference image Iref onto the
person in the source image Isrc. The generated results should
faithfully reflect the reference makeup style while preserving
the identity of Isrc. To ensure both makeup fidelity and identity
consistency in synthetic data, we propose a data curation
pipeline, ConsistentBeauty, that produces high-quality triplets
⟨Isrc, Iref , Itgt⟩, where Itgt denotes the target result of the
transfer, serving as a supervision signal. In each triplet, Itgt
shares the same identity as Isrc and the same makeup style as
Iref . The curation pipeline is illustrated in Fig. 2 and consists
of four steps as follows.

Step 1. We first collect non-makeup face images from
the Internet and the publicly available FFHQ dataset [43].
These images cover diverse skin tones, genders, ages, lighting
conditions, and poses. After manually filtering out samples
with unfavorable pose, severe occlusions, or unsatisfactory
image quality, we obtain 19,639 high-quality non-makeup
portraits.

Step 2. We curate a high-quality makeup component library
by collecting and manually crafting, consisting of seven cat-
egories: eyebrows, eyeliners, eyelashes, eyeshadows, blushes,
lipsticks, and complex facial patterns.

Step 3. We construct the makeup layers. The collected
makeup components are randomly combined and aligned to a
non-makeup standard face Istdnon using 2D facial landmarks, re-
sulting in a makeup-applied standard face Istdmake. The makeup
layer layermake is then defined as the pixel-wise residual
between the makeup-applied and non-makeup standard faces
in the color space, i.e., layermake = Istdmake − Istdnon. By
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Fig. 3. Examples from our ConsistentBeauty dataset. Different non-makeup
images within the same row are applied with the same makeup style,
demonstrating strict identity consistency and high makeup fidelity in the
constructed triplets. In particular, the sticker-style data shown in the third
row is useful for improving the model’s ability to transfer complex facial
patterns.

leveraging the 3D facial geometry of the standard face Istd,
the resulting makeup layer can be transferred to other non-
makeup faces, producing more natural and seamless results.

Step 4. Using 3D triangulation, the constructed makeup
layer is aligned to non-makeup portrait Isrc in 3D space.
Finally, two source images with the same makeup layer can
serve as references for each other, forming two triplets of
⟨Isrc, Iref , Itgt⟩.

2) Constructed Dataset: Building upon our non-makeup
portrait collection and the makeup component library, we
construct a total of 290,144 triplets to form the Consis-
tentBeauty dataset. Examples of the makeup-applied images
we construct are shown in Fig. 3. Compared with existing
data construction methods and datasets, our dataset offers the
following advantages: Strict identity consistency and high
makeup fidelity. Our approach does not alter the original
identity from the source image or distort the makeup ap-
pearance. In each triplet, the identities in Isrc and Itgt are
strictly consistent, while Iref and Itgt share the same makeup
appearance. High scalability. Different makeup components
are disentangled from each other as well as from human
identities. These components can be randomly combined to
generate new makeup layers, and different layers can be
applied to various identities. This design allows our dataset
to be efficiently expanded. Clearer Supervision. Compared
to methods that construct only image pairs, our triplet-based
formulation is more suitable for makeup transfer, as it provides
clearer supervision by explicitly separating the identity and
makeup information, enabling more effective learning of the
task.

3) Ethics Statement: The Institutional Review Board has
approved the construction of the ConsistentBeauty dataset. The
dataset is intended exclusively for academic research. Access
is restricted to scholarly use and requires formal application.

C. Synthetic-to-Real Post-Training Framework

To better align the model with the domain of real data and
real-world scenarios, thereby further enhancing its makeup
transfer capability, we propose RealBeauty, a synthetic-to-
real post-training framework. As part of this framework, we
also design a novel verifier that provides a verifiable reward
for the makeup transfer task.

1) Training Procedure: Inspired by the post-training
paradigm of LLMs, we first perform supervised fine-tuning
(SFT) as a cold start using the proposed ConsistentBeauty
dataset to obtain the model’s basic capability for makeup
transfer. Subsequently, reinforcement learning is applied to
align the model with the domain of real data, thereby further
improving its performance. This training procedure is applied
to flow-based diffusion model, enabling it to learn jointly from
both synthetic and real data. The model is optimized in the
SFT stage with the rectified flow-matching loss

LSFT =Et∼p(t),xtgt,xsrc,xref
,

[||π(zt, t, xsrc, xref )− (ϵ− xtgt)||22]
(5)

where π represents the model, t denotes the timestep, and
xtgt, xsrc , xref are the latents encoded from Itgt, Isrc ,
Iref , respectively. ϵ is standard Gaussian noise and zt =
(1− t)xtgt + tϵ. After SFT cold start, reinforcement learning
is performed on real data using Group Relative Policy Opti-
mization (GRPO) [39]. As demonstrated in Flow-GRPO [40],
the inference process of flow models can be formulated as a
Markov Decision Process (MDP) for reinforcement learning.
In the proposed framework, we utilize three rewards. To be
specific, we use the proposed makeup perceptual verifier to
assess makeup fidelity, and face similarity [44] to measure
human identity consistency. Both of these are verifiable re-
wards. In addition, ImageReward [45] is adopted to assess the
aesthetic quality aligned with human preference. The three
scores are combined to obtain the final reward, which is used
to compute the GRPO advantage A, formulated as:

r = λ1rmakeup + λ2rface + λ3rIR, (6)

Ai =
ri −mean(r1, r2, · · · , rG)

std(r1, r2, · · · , rG)
. (7)

In Eq.(6), rmakeup, rface and rIR denote the scores from the
makeup perceptual verifier, face similarity, and ImageReward,
respectively, λ are their weights. In Eq.(7), the index i denotes
the i-th sampled image within a group of G samples.

2) Makeup Perceptual Verifier: The effectiveness of re-
inforcement learning heavily depends on the quality of the
verifiable reward. For the makeup transfer task, the key is
accurately measuring the consistency between the makeup
in the generated result and the reference, which serves as
the reward signal. Existing works commonly evaluate this
consistency by computing the cosine similarity between the
CLIP [46] (or DINO [47]) embeddings of the reference and
generated images. However, such metrics are often affected by
non-makeup information, including human facial identity, skin
tone, and background, resulting in vulnerable assessments. To
address this issue, we design a task-specific makeup percep-
tual verifier that mitigates the influence of makeup-irrelevant
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Fig. 4. Overview of the proposed Makeup Perceptual Verifier for extracting a makeup-exclusive layer from the input image. By removing background regions
and reducing the influence of identity and skin tone, the verifier extracts makeup-focused representations for more accurate evaluation of makeup transfer
quality.

information, thereby providing a more accurate assessment of
the transfer quality.

To eliminate the influence of background area, we first
perform face parsing to remove non-facial regions, obtaining
Rface. We then align the facial region to a predefined 3D
landmark template by performing facial triangulation, thereby
reducing the influence of human identity information. Finally,
we mitigate the impact of skin tone in Rface by assigning
transparency to non-makeup skin areas, which requires careful
design. To achieve this, we introduce a skin-tone filtering
algorithm. Specifically, we first apply a Gaussian filter to
remove high-frequency details such as eyes, lips, and deco-
rative makeup patterns, and retain the smooth low-frequency
components corresponding to skin tone. For the filtered pixels,
we further remove the boundary chroma and luminance val-
ues in their distribution to exclude potential smooth makeup
regions, such as blush. Subsequently, we compute the average
hue, chroma, and luminance of the remaining pixels to define
a skin-tone baseline. We assume that pixels in Rface with
larger deviations from the skin-tone baseline are more likely to
belong to makeup regions. For all pixels (not only the filtered
part) in Rface, we compute a soft transparency map that
makes non-makeup regions more transparent while preserving
makeup regions. The transparency for each pixel is calculated
as follows:

Transparency = 1− e−(λh∆H+λc∆C+λl∆L) (8)

where ∆H , ∆C and ∆L denote the hue, chroma, and lu-
minance differences from the skin-tone baseline, respectively,
and λ is their weights. After the above processing, we obtain
a makeup-exclusive layer, in which irrelevant information is
greatly reduced. The overall process is illustrated in Fig. 4. In
reinforcement learning, we compute the cosine similarity be-
tween the DINO [47] embeddings extracted from the makeup-
exclusive layers of the reference and generated images, which
serves as the verifiable reward.

D. Benchmark

Existing benchmarks suffer from two limits. First, both
the source and reference images primarily consist of frontal
portraits of light-skinned women. This makes it difficult to

evaluate model performance under diverse conditions, such as
those involving different skin tones or profile faces. Further-
more, the reference images primarily feature simple makeup
styles, restricting the evaluation of a model’s ability to transfer
complex makeup patterns. To address these issues, we intro-
duce BeautyBench, a comprehensive and high-quality bench-
mark dataset for makeup transfer, to systematically evaluate
a model’s ability to transfer diverse makeup styles. To this
end, we selected 50 source images for each group defined
by a combination of skin tone and gender from FFHQ [43],
with 70% of the images in each group being frontal and
30% being profile. We collected reference images from both
internet data and CPM-Real [48], and manually categorized
them by makeup type, resulting in 176 light-makeup images,
164 heavy-makeup images, and 172 images featuring complex
facial painting patterns, for a total of 512 makeup images. We
then randomly paired images between the source and reference
sets to construct a 1,000-sample transfer test set that covers a
wide range of makeup styles and facial characteristics.

IV. EXPERIMENTS

A. Experimental settings

Implementation Details. We take the FLUX.1-dev as pre-
trained model and trained the model with a LoRA [49] of 512
rank throughout the entire experiment. During supervised fine-
tuning, the model is trained on the ConsistentBeauty dataset
for 20,000 steps using 4 A100 GPUs, with a batch size of
8 per GPU and a learning rate of 1e-5. In the reinforcement
learning stage, we utilize real makeup images collected from
the internet and combine the reward signals from makeup
perceptual verifier, face similarity, and image reward [45] as
the final reward, with equal weights assigned to each. The
model undergoes 240 iterations of training on 8 A100 GPUs
with a batch size of 1 per GPU and a learning rate of 2e-6.
Inference was performed with a step size of 25 and a guidance
scale of 4.

Evaluation Datasets. In addition to evaluating on Beau-
tyBench, we assess the methods on two makeup transfer
datasets—MT [2] and LADN [17] following existing works.
For each dataset, 1,000 source-reference image pairs were
randomly selected to perform makeup transfer, resulting in
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Fig. 5. Qualitative comparison with representative makeup transfer methods. Existing methods mainly exhibit two limitations: (1) insufficient identity
consistency with the source image. For example, in the first three rows, some methods show noticeable identity shift toward the reference. (2) limited transfer
capability in complex cases. In the last three rows, most methods struggle to accurately reproduce complex makeup patterns. In contrast, our method achieves
better identity consistency and higher makeup fidelity.

a total of 3,000 transfer results per method for comprehensive
evaluation.

Evaluation Metrics. Following previous works, we first
employ several standard automatic metrics to evaluate the
performance of makeup transfer methods from different per-
spectives. To assess makeup fidelity, we compute the cosine
similarity between the generated and reference images within
the CLIP [46] embedding space, referred to as the CLIP-I
score. Following PhotoMaker [50], we utilize Face similarity
metric to measure the ID consistency, which calculates the
cosine similarity of face embedding [44] between source
and transferred results. In addition, we use L2M to measure
background preservation over non-facial regions defined by
facial parsing [51].

Since makeup transfer requires both makeup fidelity and
identity consistency, achieving high scores in one metric while
failing in the other cannot be considered a successful transfer.
Therefore, in addition to the aforementioned metrics, we
further use the product of CLIP-I and Face Sim, denoted by
C×F , for a more comprehensive evaluation. As both CLIP-I
and Face Similarity are cosine-based similarity measures, they
share the same scale, allowing their product to be directly

used as a unified score. A high score can only be achieved
when both makeup fidelity and identity consistency are well
preserved.

B. Qualitative Analyses

We compare our method with six representative makeup
transfer methods, as shown in Fig. 5, including EleGANt [5],
PSGAN [3], SSAT [6], SHMT [19], Stable-Makeup [13], and
FLUX-Makeup [15]. The three GAN-based models are largely
limited to transferring basic makeup styles and perform weakly
on artistic, face-painting-style makeup. In addition, their back-
ground preservation is generally unsatisfactory. The diffusion-
based models exhibit stronger transfer capability than the
GAN-based approaches: they show some ability to handle
face-painting-style makeup but still fail to accurately generate
the reference painting patterns. They are also inadequate in
preserving identity consistency. Specifically, Stable-Makeup
tends to shift generated facial features and expressions toward
the reference image, resulting in weak identity consistency
with the source. SHMT produces severely distorted faces
when there are significant differences between the source
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Fig. 6. The zoomed-in regions highlight fine-grained details, such as decorative elements and intricate makeup patterns. The close-up comparisons show that
our method produces realistic and high-quality details. These details are highly consistent with the reference makeup.

TABLE I
QUANTITATIVE COMPARISON OF DIFFERENT MAKEUP TRANSFER METHODS ACROSS THREE DATASETS. RED BOLD VALUES INDICATE THE BEST

RESULTS, AND BLUE UNDERLINED VALUES INDICATE THE SECOND-BEST RESULTS. C AND F REFER TO THE CLIP-I SCORE AND FACE SIMILARITY.
C × F DENOTES THE PRODUCT OF THESE TWO METRICS.

MT LADN BeautyBench

Method L2M↓ C↑ F↑ C×F ↑ L2M↓ C↑ F↑ C×F ↑ L2M↓ C↑ F↑ C×F ↑

CPM 0.077 0.618 0.621 0.384 0.136 0.647 0.589 0.381 0.177 0.503 0.509 0.256
EleGANT 0.117 0.603 0.861 0.519 0.067 0.582 0.839 0.488 0.090 0.440 0.833 0.367

PSGAN 0.114 0.596 0.836 0.498 0.061 0.565 0.830 0.469 0.082 0.431 0.824 0.355
SSAT 0.183 0.592 0.788 0.466 0.218 0.609 0.769 0.468 0.190 0.471 0.731 0.344
SHMT 0.060 0.643 0.493 0.317 0.060 0.702 0.416 0.292 0.066 0.508 0.363 0.184
Stable-Makeup 0.046 0.708 0.579 0.410 0.048 0.773 0.528 0.408 0.054 0.656 0.374 0.245

Flux-Makeup 0.033 0.632 0.901 0.569 0.035 0.695 0.859 0.597 0.040 0.531 0.784 0.416

Ours 0.026 0.644 0.901 0.580 0.062 0.706 0.853 0.602 0.028 0.541 0.869 0.470

and reference, leading to visually unsatisfactory results. Flux-
Makeup exhibits inadequate transfer capability when faced
with complex makeup references, failing to preserve the
structure of facial painting patterns, which leads to inaccurate
transfer results. In contrast, our model preserves the facial
features, expressions, and skin tone of the source image while
faithfully transferring the makeup patterns from the reference,
yielding realistic, natural results across diverse styles. To
provide a more fine-grained comparison, we provide zoomed-
in views of specific regions, as illustrated in Fig. 6. Compared
with other methods, our method more faithfully captures the
texture and fine details of the decorative elements around the
eyes in the first row, and more accurately renders the intricate
patterns of complex makeup in the second row.

C. Quantitative Evaluations

To comprehensively evaluate the makeup transfer perfor-
mance of different methods, we compare them using four
quantitative metrics: L2M, CLIP-I, Face Similarity, and C×F .
The quantitative results are reported in Table I. As shown
in Table, our method achieves the highest C × F on all
three benchmarks, demonstrating superior overall transfer per-
formance. Additionally, we achieve the best L2M and Face
Similarity on both MT and BeautyBench, which intuitively
demonstrates that the proposed method excels in both identity
consistency and background preservation. As for CLIP-I, the
proposed method attains the second-highest score across all
three benchmarks, further indicating strong makeup transfer
capability.

Furthermore, to more intuitively illustrate the joint per-
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Fig. 7. Visualization of different makeup transfer methods in the two-dimensional space of min-max normalized CLIP-I and Face Similarity. For each metric,
min-max normalization is applied across all methods to linearly map scores into [0, 1] while preserving their relative positions. Methods with high values on
both metrics occupy a larger rectangular area in this space, indicating stronger joint performance in makeup fidelity and identity consistency.

Fig. 8. The results of the user study comparing our method with SHMT,
Stable-Makeup, and Flux-Makeup across three evaluation aspects: makeup
fidelity, identity consistency, and aesthetic preference.

formance of different methods, we visualize the min-max
normalized CLIP-I and Face Similarity in a two-dimensional
space, as shown in Fig. 7. The distribution of all methods
on the plot reveals three distinct patterns. The first pattern,
including Stable-Makeup [13] and SHMT [19], lies closer to
the x-axis and exhibits high CLIP-I but relatively low Face
Similarity, indicating that these methods struggle to maintain
identity consistency. The second pattern, including EleGANt
[5], PSGAN [3] and SSAT [6], lies closer to the y-axis and
shows higher Face Similarity but lower CLIP-I, suggesting that
these methods make minimal changes to the original portrait
and fail to achieve effective makeup transfer. The third pattern,
including Flux-Makeup [15] and the proposed method, lies in
the upper-right region across all benchmarks, suggesting that
these methods achieve a more balanced performance, effec-
tively preserving both makeup fidelity and identity consistency.

From both the table and the figure, it is evident that the pro-
posed method and Flux-Makeup exhibit stronger performance.
This is because both methods are built on the more pow-
erful Flux.1 series [10]. The two methods show comparable
performance on MT and LADN. However, on BeautyBench,
which is more challenging, our method demonstrates a clear
advantage in both Face Similarity and C × F . This indicates
that the proposed method performs better in handling more
diverse and complex cases.

D. User study

In the user study, we compared our method with three rep-
resentative makeup transfer approaches: SHMT [19], Stable-
Makeup [13], and Flux-Makeup [15]. Participants were shown
four results from each method for every transfer task and were
asked to answer three questions: (1) Which image best matches
the makeup style in the reference image? (2) Which image
best preserves the identity of the source image? (3) Which
image is the most aesthetically pleasing? These questions were
designed to evaluate makeup fidelity, identity consistency, and
aesthetic preference, respectively. To ensure objectivity, the
method names were concealed, and the order of images was
randomized.

A total of 30 participants assessed the results of the four
methods on 20 randomly selected makeup transfer tasks from
BeautyBench, resulting in 1,800 valid votes. Before partici-
pation, all participants were informed about the purpose and
procedure of the user study, and their informed consent was
obtained. As shown in Fig. 8, our method garnered the highest
number of votes across all three aspects, significantly outper-
forming the other methods in every category. These results
underscore the clear superiority of our method, demonstrating
its ability to excel in all key aspects of makeup transfer.

E. Ablation Study

As shown in Table II, the fully trained model (SFT + RL)
achieves overall comparable quantitative performance to the
SFT-only model across all three benchmarks. Although no sig-
nificant numerical improvement is observed, the RL training
brings notable visual enhancements to the generated results,
as shown in Fig. 9. In the first row, the fully trained model
produces a more pronounced makeup effect, demonstrating
better fidelity in the transfer of makeup details. The second
and third rows show more complex cases. RL training helps
the model avoid incomplete or failed edits, improving the
transfer capability. This demonstrates the effectiveness of the
proposed framework in further enhancing the model’s ability
for complex scenarios.
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TABLE II
ABLATION STUDY OF THE REINFORCEMENT LEARNING STAGE ON MT, LADN, AND BEAUTYBENCH. L2M DENOTES BACKGROUND PRESERVATION,

WHILE C AND F DENOTE THE CLIP-I SCORE AND FACE SIMILARITY, RESPECTIVELY. C × F REPRESENTS THE PRODUCT OF THESE TWO METRICS. THE
RESULTS INDICATE THAT THE RL STAGE MAINTAINS PERFORMANCE COMPARABLE TO THE SFT-ONLY BASELINE ACROSS ALL THREE BENCHMARKS.

MT LADN BeautyBench

Method L2M↓ C↑ F↑ C×F ↑ L2M↓ C↑ F↑ C×F ↑ L2M↓ C↑ F↑ C×F ↑

SFT 0.025 0.644 0.917 0.591 0.062 0.707 0.868 0.614 0.027 0.534 0.891 0.476
SFT+RL 0.026 0.644 0.901 0.580 0.062 0.706 0.853 0.602 0.028 0.541 0.869 0.470

Fig. 9. Qualitative comparison between the SFT-only and SFT+RL models.
The RL model mitigates the insufficient transfer issue of the SFT-only model,
leading to improved visual quality in makeup transfer.

F. Benchmark Analysis for Makeup Transfer

Table III reports the benchmark statistics of MT, LADN,
and BeautyBench with respect to skin tone, gender, and
makeup style. In terms of skin-tone distribution, BeautyBench
shows the highest skin-tone distribution entropy of 1.951 bits,
indicating greater diversity. Regarding gender distribution, it
presents a balanced split, with male and female samples each
accounting for 50%, whereas the other two benchmarks are
dominated by female subjects. In terms of makeup style, we
categorize the makeup images into two types: normal makeup
and complex makeup. Complex makeup includes intricate
patterns, face painting, and facial decorations, while normal
makeup refers to more conventional styles without such fancy
designs. Among the three benchmarks, BeautyBench contains
a considerably larger proportion of complex makeup samples.
These statistics show that BeautyBench provides a more
diverse and challenging benchmark for evaluating makeup
transfer methods, allowing it to better reflect the real-world
performance of makeup transfer methods.

Additionally, as illustrated in Table I, compared to MT
and LADN, existing methods show noticeably lower scores
in CLIP-I, Face Similarity, and C × F on the proposed
benchmark. This further demonstrates that the benchmark
presents more challenging tasks, pushing the model to its
performance boundaries.

TABLE III
BENCHMARK STATISTICS OF MT, LADN, AND BEAUTYBENCH,

SHOWCASING THE DIVERSITY AND COMPREHENSIVENESS OF OUR
BENCHMARK.

Benchmarks MT LADN BeautyBench

Skin Tone Distribution
Entropy↑ 1.185 bits 1.449 bits 1.951 bits

Gender Male 22.4% 11.7% 50%
Female 77.6% 88.3% 50%

Makeup
Style

Normal 98.52% 80% 66.4%
Complex 1.48% 20% 33.6%

V. CONCLUSION

In this work, we propose a novel data curation pipeline
for producing high-quality supervised training data and con-
struct a new dataset, ConsistentBeauty. We further introduce
RealBeauty, a synthetic-to-real post-training framework for
makeup transfer, enabling models to learn effectively from
both synthetic and real data, thereby enhancing their capabil-
ity. In addition, we establish a more challenging benchmark
that provides a more comprehensive evaluation of this task.
Our method achieves state-of-the-art performance on multiple
datasets, and the experimental results validate the effectiveness
of our approach.
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