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Abstract

Makeup transfer models enable fun augmented reality (AR)
experiences as well as virtual try-on (VIO) for online
makeup shopping. While recent state-of-the-art diffusion-
based solutions such as Stable-Makeup [45] dramatically
improve the accuracy and realism of makeup transfer, they
still face limitations in identity and skin color preservation,
making production-level VTO for makeup shopping unreal-
istic. In this work, we propose MakeupMirror, a diffusion-
based approach to makeup transfer that makes significant
progress towards preserving facial features and skin tone.
We introduce several technical innovations over Stable-
Makeup: (1) integration of facial geometry conditioning
with ControlNets to maintain facial fidelity; (2) region-spe-
cific makeup transfer control to enable precise makeup ap-
plication across facial regions such as skin, eyes and lips;
(3) skin tone-based makeup transfer modulation that pre-
vent skin tone alteration in cross-subject transfer scenar-
ios; and (4) integration of a Levenberg-Marquardt Langevin
sampler to speed up inference while maintaining genera-
tion quality. Our experiments on CPM-Real, Makeup Wild,
and (herein newly collected, more diverse) MakeupSelfies
datasets show that MakeupMirror improves relative facial
recognition similarity by +60%, reduces relative skin tone
difference by —50% over Stable-Makeup, with a latency of
0.7s, while achieving expert acceptance rate of 94% across
core facial identity preservation criteria.

1. Introduction

Makeup transfer is the task of virtually applying the visi-
ble set of makeup products of a reference face image to a
source face, while preserving its identity, see Fig. 1. Re-
cent progress in the field has enabled several real-world
applications, such as entertaining augmented reality (AR)
functions, and is narrowing the gap to hyper-realistic vir-
tual try-on (VTO) systems for beauty e-commerce, with
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Figure 1. Makeup transfer, qualitative comparison. Makeup
transfer is the task of applying a reference makeup (left image)
to a source input image (second column). While both methods
achieve photorealism and faithful makeup transfer, MakeupMirror
(third column) better preserves facial attributes and skin tone of
the source image compared to Stable-Makeup [45] (right image).

which customers could faithfully visualize how products
will render on their own unique features before they buy
products. To fully close that gap, makeup transfer mod-
els still face challenges in appearance understanding and
generation: makeup properties and application styles must
be effectively disentangled from facial identity, transferred
across subjects with different lighting, pose, expression,
skin tones and facial geometries, and applied with region
specific control while maintaining photorealistic quality.

Traditional physically-based rendering approaches to
makeup transfer [6, 10, 13, 33, 40] are fast and offer pre-
cise control but struggle to achieve photorealistic results,
particularly for complex makeup looks involving multiple
products of various textures. Early works in the generative
Al space explored GAN-based approaches [9, 41] which
offer improved quality but face inherent instability during
training and lack full customization and controllability in
makeup application. Following the image generation and
editing domains, recent advances in makeup transfer lever-



age diffusion models [23, 30, 45], given their better con-
trollability and improved visual fidelity. However, exist-
ing diffusion-based methods still face important limitations:
unintended modifications to facial features and skin tones,
as well as exaggerated and unfaithful transfer, see Fig. 1.
These technical shortcomings — in particular unintentional
skin tone, eye or nose shape modifications — render current
approaches unsuitable for real-world e-commerce applica-
tions where fidelity, photorealism, speed, and controllability
are all essential.

In this work, we introduce MakeupMirror, a diffusion-
based model making significant progress in preserving fa-
cial attributes of the source image. Our improvements en-
able faithful makeup transfer, allowing users to apply looks
with photorealistic quality, yet also speed, controllability, as
well as convincing facial feature and skin tone preservation.
Our approach builds upon Stable-Makeup [45], the state-of-
the-art diffusion-based architecture for makeup transfer and
makes the following contributions:

1. Enhanced Facial Fidelity through Geometric Con-
ditioning: We integrate ControlNets [44] for Depth-
Anything [42] estimation and Canny edge [2] detection
maps to maintain facial structure, low-level details and
overall identity during makeup transfer;

2. Region-Specific Makeup Strength Control: We im-
plement adaptive control mechanisms which reduce
classifier-free guidance and diffusion steps for skin re-
gions while maintaining larger transfer for lips and eyes.
This enables precise makeup application in facial re-
gions where it is prominent while preventing facial fea-
ture transfer in other regions;

3. Adaptive Skin Tone Preservation: We incorporate
skin tone difference detection between the reference and
source images so as to automatically modulate makeup
transfer intensity. When significant variations exist, this
modulation prevents unwanted skin tone modifications
while preserving makeup accuracy.

4. Inference Acceleration: We integrate a Leven-
berg—Marquardt Langevin sampler to accelerate infer-
ence, achieving a 2.8x speed-up while maintaining
makeup transfer quality, leading to a latency of 0.7s.

In the remainder of the paper, we first discuss related
work (Sect. 2) then present our contributions in detail
(Sect. 3). In our experiments (Sect. 4) on CPM-Real [20],
Makeup Wild datasets [9], as well as on a newly collected
one displaying larger diversity, which we denote as Make-
upSelfies, we show that MakeupMirror improves relative
facial recognition similarity by +60% and reduces relative
skin tone difference by —50% compared to Stable-Makeup
and leads to a 94% pass-rate in an audit conducted by beauty
experts. We also conduct an ablation study and show how
recent advances in diffusion sampling [36] speed-up Make-
upMirror by 2.8 x without significant impact on quality.

2. Related Work
2.1. Diffusion Models

Diffusion models are a powerful family of generative mod-
els that synthesize high-quality images through an iterative
denoising process. Following DDPM [8] which demon-
strated the feasibility of recovering structured data from
Gaussian noise, the extension to conditional diffusion en-
abled significant progress in numerous generation tasks in-
cluding text-to-image [24, 26-28], text-to-video [1, 31, 32],
inpainting [16], and image editing [4, 11, 34, 39, 46]. In this
setting, the model predicts noise conditioned on an external
signal, typically injected via cross-attention, introducing se-
mantic control over the generative process while preserving
the core denoising formulation.

Early models using conditional diffusion struggled with
computational efficiency and accurate adherence to the con-
trolling signals. Latent Diffusion Models (LDM) [27] ad-
dress the high computational cost of pixel-space diffusion
by performing the denoising process in a compressed latent
representation of the image computed with image encoders.
Classifier guidance [3] first introduced gradient-based con-
ditioning using classifiers predictions from noisy images.
Classifier-Free Guidance [7] later introduced a sampling-
time technique that strengthens prompt adherence by lin-
early combining conditional and unconditional noise pre-
dictions without an external classifier. In particular, Stable-
Diffusion [27] builds on the LDM design at scale integrating
latent diffusion, cross-attention conditioning, and classifier-
free guidance. Several other architectural extensions such
as ControlNets [44], T2I-Adapters [19], and LoRA-based
conditining [43] further introduced fine-grained structured
spatial control, using signals such as pose, depth, edges, and
layout, while preserving pre-trained priors. More recently,
preference-based finetuning [35] and reinforcement learn-
ing [37] approaches further improved preference alignment
beyond prompt application.

2.2. Makeup Transfer

Traditional makeup transfer relied on image processing and
graphics techniques, including intrinsic decomposition and
physically-based rendering [6, 10, 13, 33, 40]. Later, works
in the space of generative Al removed explicit 3D world
modeling and instead used a Generative Adversarial Net-
works (GAN) trained on large datasets of (makeup, non-
makeup) image pairs to learn to transfer makeup [5, 9, 12,
38, 41]. Despite their large adoption, GAN-based methods
lack diversity representation and often need facial region
alignment, preventing their practical application in real-
world scenarios and complex makeup compositions.
Building on recent image generation improvements,
most works now leverage diffusion models for the makeup
transfer task [14, 22, 23, 45, 47]. A core challenge ad-
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Figure 2. Illustration of the MakeupMirror architecture. Building upon Stable-Makeup, our approach enhances facial feature preserva-
tion by adding controller networks for Depth-Anything [42] and Canny edge [2] maps. We also adapt noise to facial segmentation regions
and modulate the transfer strength based on the estimated skin tone difference between the source image and the reference look.

dressed in these methods is the disentanglement of person
identity and global makeup representation. The approach
presented in [14] integrates conditional diffusion with an
adversarial discriminator that regularizes the denoising pro-
cess, improving realism while preserving identity through
spatially aligned makeup conditioning. In [30] the authors
leverage 3D facial information to guide the diffusion pro-
cess and improve facial geometric consistency while learn-
ing makeup representations in a self-supervised manner, ad-
dressing the lack of paired image data for training. Zhang
et al. [45] introduced Stable-Makeup, a framework that per-
forms makeup transfer by conditioning on facial pose to en-
sure preservation of facial identity while keeping makeup
accuracy. In their method, makeup and pose representations
are combined within the U-Net architecture using spatial-
aware cross attention, allowing makeup features to be ap-
plied consistently across corresponding facial regions, e.g.
eyes, lips, etc. More recently, FLUX-Makeup [47] allevi-
ates the need for face-control modules by injecting region-
aware makeup style information via LoRA modules trained
on before-after makeup image pairs.

These methods exhibit undesirable failures in real-world
cross-subject scenarios. In our experiments we observed
that they often unintentionally alter facial features and skin
tones. We argue that these limitations are likely inherited
from their reliance on same-subject paired training data.
Our work addresses these fundamental limitations by in-

troducing a novel approach that preserves subject identity
while achieving accurate makeup transfer. We incorpo-
rate facial geometric features and skin tone information into
the diffusion process to explicitly address issues arising in
cross-subject scenarios. Furthermore, we introduce region-
specific strength control for precise makeup application,
which not only enhances transfer accuracy but also enables
efficient processing by reducing the diffusion steps.

3. Method

In this section, we present our enhanced makeup transfer
approach, as illustrated in Fig. 2. We first describe the foun-
dational architecture that builds upon Stable-Makeup [45]
as the basis of our method (Sec. 3.1), then detail our tech-
nical innovations: geometric conditioning with Control-
Nets [44] (Sec. 3.2), region-specific makeup strength con-
trol (Sec. 3.3) and adaptive skin tone preservation (Sec. 3.4).

3.1. Background

Stable-Makeup [45] is the de facto state-of-the-art model
for makeup transfer, itself building upon Stable Diffusion
V1-5, which employs a LDM framework with a U-Net de-
noising architecture. Starting from noise zt ~ N(0,1)
sampled from a standard Gaussian distribution, the model
performs a series of T iterative denoising steps to re-
cover a clean latent zg. At each timestep t € {T,7T —



1,...,1}, the denoising U-Net €, predicts the noise com-
ponent €y(z¢,t, c), where ¢ encodes the conditioning sig-
nals (input image and reference makeup). The sequential
denoising process is guided via classifier-free guidance [7],
which interpolates between conditional and unconditional
noise predictions to control the fidelity—diversity tradeoff.

The Detail-Preserving (D-P) makeup encoder in Stable-
Makeup extracts multi-scale makeup representations from
reference images to capture intricate details such as eye-
lashes, eyebrows and fine lines. Formally, the encoder pro-
cesses a reference makeup image [, through a pretrained
CLIP [25] visual backbone to produce multi-scale detailed
makeup embeddings E,, = concaty_,(Ej,dim = 1),
where Ej, represents image embeddings at layer k in the
CLIP visual backbone. The makeup embeddings are fed
through a self-attention layer, which better preserves the
multi-layer features compared to a linear layer, and incorpo-
rated into the U-Net via cross-attention layers. To maintain
consistency with the source image, Stable-Makeup incorpo-
rates two adapted ControlNet [44] encoders: the content en-
coder processes the source image [ to preserve pixel-level
content and non-facial regions while the structural encoder
uses dense colored lines based on facial keypoints to pre-
serve facial structure.

3.2. Enhanced Geometric Conditioning

While the baseline Stable-Makeup architecture demon-
strates effective makeup transfer capabilities, we observe
undesired behaviors including unintentional skin tone mod-
ifications and facial feature alterations during the diffusion
process (see Fig. 1). To address these limitations and main-
tain facial fidelity throughout makeup application, we em-
ploy two additional pretrained ControlNets that provide ex-
plicit and complementary geometric constraints to the dif-
fusion U-Net. The depth conditioning utilizes the efficient
Depth-Anything model [42] to predict depth maps Fp from
the source image I, thus encoding three-dimensional facial
structure information that preserves geometric relationships
during the generation process at low computational cost. In
parallel, a Canny edge [2] map Fg captures fine-grained
contours including facial feature edges, jawlines, and signif-
icant anatomical landmarks. Both feature maps are injected
into the corresponding layers of the main U-Net decoder
through additive connections (cf. upper part of Fig. 2).

3.3. Region-Specific Strength Control

Existing makeup transfer methods using generative Al ap-
ply uniform transfer intensity across all facial regions, fail-
ing to disentangle makeup products from underlying facial
characteristics, which results in over-application and unnat-
ural skin tone modifications especially when the input and
reference makeup image have significantly different skin
tones. We implement region-specific makeup strength con-

trol that modulates transfer intensity based on facial seg-
mentation, enabling differential treatment of skin regions
versus feature regions (lips and eyes) within a single for-
ward pass of the diffusion model. For segmentation, we
handcraft a template mask and warp it on the input image.

Our approach operates by dynamically adjusting two key
diffusion parameters: the classifier-free guidance scale w,
and the number of diffusion time-steps 7,. We define a
template makeup transfer mask M which delineates facial
regions where makeup should be applied, enabling spatial
modulation of the diffusion process. The template mask
is warped into the source image using a piecewise affine
transformation computed from facial landmarks [15]. Dur-
ing the denoising process, the classifier-free guidance scale,
w,, controls the strength of makeup conditioning for skin
regions €g (2, t,¢) = (1+wc)eg(2t,t,¢) —weea (s, t, D) by
interpolating between conditional and unconditional predic-
tions [7], while the clamping time-steps parameter 7. con-
strains when makeup conditioning is applied. As seen in
Fig. 2 the mask allows for higher noise to by applied on
the lips and eyes, and introduces lower noise to the skin
area. For time-steps ¢t > T¢, the diffusion process operates
without makeup conditioning on skin regions, effectively
reducing transfer intensity while maintaining full condition-
ing for feature regions throughout all time-steps.

We define three discrete transfer strength levels
s € {low, medium, high} with parameters (w.(s), T¢(s)),
where w, denotes the classifier-free guidance scale for skin
regions and 7. denotes the clamping time-steps:

(1.05,10.93 x T|)
(1.1, [0.87 x T|)
(1.6, 0.73 x T|)

if s = low
if s = medium
if s = high

(we(s), Te(s)) =

where 7' is the total number of inference steps.

3.4. Adaptive Skin Tone Preservation

Makeup transfer between individuals with significantly dif-
ferent skin tones presents a fundamental challenge: ag-
gressive transfer can alter the recipient’s natural skin tone,
while conservative transfer may fail to capture the intended
makeup aesthetic. We introduce adaptive skin tone differ-
ence detection that automatically modulates transfer inten-
sity based on the perceptual skin tone difference between
source and reference images.

Our system computes skin tone differences using the
Monk scale [18], a perceptually-uniform 10-point skin tone
classification system. The Monk scale values are extracted
through a linear classifier trained on CLIP embeddings.
Given source image [, and reference makeup image I,,,, we
extract their respective Monk scale classifications ps and
Wm in the range [1,...,10]. The skin tone difference is
computed as the absolute difference: Ap = |us — fm)-



When significant skin tone variations are detected (Ap >
4), the system reduces the transfer strength by one level.

4. Experiments

In this section, we provide a thorough evaluation of our
method. Public datasets, e.g. [9, 12, 20], tend to lack di-
versity in skin tone, raising bias and social fairness con-
cerns. Consequently, we collect a new dataset with a wider
variety of skin tones consisting of selfie images, serving as
non-makeup source images, as well as curated stock im-
ages, serving as reference makeup images (Sec. 4.1). We
show that our method achieves significantly better identity
preservation compared to the state-of-the-art on public and
our private benchmarks, while preserving the makeup on
makeup-specific regions (Sec. 4.2). Next, we show a de-
tailed ablation study of our design choices (Sec. 4.3). Fi-
nally, we show how we optimize the latency of our method
for real-world deployment (Sec. 4.4).

4.1. MakeupSelfies Dataset Collection

To enable a fair and bias-free evaluation of our method
which mimics an online shopping use-case, we curate two
sets of imagery, which we denote as MakeupSelfies.

First, we recorded a set of images of faces without
makeup, serving as input images. The goal is to recreate the
in-store try-on experience, enabling customers to virtually
try on products from the comfort of their own home. To this
end, we collected about 1% frontal-view selfies from smart-
phone cameras in indoor and outdoor environments from a
diverse group of people, cf. samples in Fig. 3a.

Second, we collected a set of visually elevated images
with makeup, serving as makeup reference images. To this
end, we leveraged high-quality licensed stock images. To
collect these images, we used an LLM to generate ~ 100
makeup related search queries. Next, we crawled stock
websites with these search queries to get about 50k ini-
tial thumbnail images. However, these images can con-
tain multiple humans, small faces, or non-frontal viewing
faces. Consequently, we used heuristics to identify frontal-
view face close-up images and remove images with multiple
faces. Finally, as many stock images tend to show the same
person, we used face-embeddings to de-duplicate identities,
resulting in a shortlist of about 5.5k images. To ensure di-
versity, we used a skin tone prediction model, to group these
images into monk scale skin tone buckets. Finally, human
curators select a balanced set of 880 images from these skin
tone buckets. Example images can be seen in Fig. 3b.

To highlight the diversity of our dataset, we ran the same
skin tone analysis on public datasets [9, 12, 20] and com-
pare the skin tone distribution (Fig. 4c) with that of the self-
ies (Fig. 4a) and reference looks (Fig. 4b). As shown in
Fig. 4c, these public datasets tend to predominantly display
individuals in lighter skin buckets, making a bias-free eval-

uation virtually impossible, while MakeupSelfies displays a
more balanced distribution over skin tones in both subsets.

4.2. Comparison to the State-of-the-Art

In this section, we show that our method quantitatively
and qualitatively outperforms the state-of-the-art Stable-
Makeup [45] on two public datasets, i.e. CPM-Real [20],
and Makeup Wild [9], as well as our MakeupSelfies dataset.

To this end, we follow existing evaluation protocols [45],
and sample 2,000 makeup and non-makeup pairs for each
of our datasets. As CPM-Real does not have non-makeup
images, we use the non-makeup images of the Makeup
Transfer [12] dataset to construct these pairs. To evaluate
on MakeupSelfies, we follow a similar protocol, and sam-
ple non-makeup selfies with corresponding licensed stock
makeup images for evaluation.

To measure identity preservation, we use a skin tone pre-
diction model, as well as a face verification model [29].
More formally, given source image [, and transferred out-
put image I,, we extract their monk scale us and p, and
compute Ay = |ps — o|- The lower the monk scale dif-
ference, the more accurately the transfer method preserves
the skin tone. For face similarity, we extract FaceNet512
embeddings via DeepFace [29]. Similarly, the higher the
similarity between the source image and transferred output
image, the more we preserve the facial identity.

To measure makeup fidelity, we leverage DINOvV2 [21]
embeddings. As there is an inherent trade-off in preserv-
ing facial identity and makeup fidelity, we compute these
features on the full face (Dv2-F), as well as on makeup-
specific regions (Dv2-M), i.e. the eye region and mouth
region. More specifically, we measure similarity between
makeup reference image I,,, and transferred makeup im-
age I,. To extract makeup-specific regions, we warp our
makeup transfer mask (Sec. 3.3) on the makeup and out-
put image, and compute DINOv2 features only on the non-
masked regions (i.e. eyes, lips).

We summarize our results in Table 1. Compared to
the baseline Stable-Makeup [45], our method preserves fa-
cial identity significantly better across all datasets — about
—50% for AMonk, +60% for Face Sim, and flat for Dv2-
M - while preserving makeup fidelity in makeup-specific
regions. In regions such as cheeks, nose, forehead, efc., our
method compares unfavorably to our baseline in terms of
DINOV2 similarity (Dv2-F). We hypothesize that a high DI-
NOv2 similarity in these regions typically also corresponds
to saturated makeup and betrays unintentional skin tone
change, and thus a loss in identity fidelity. Existing metrics
conflate makeup coverage with accuracy, leaving precise,
scalable makeup evaluation an open challenge.

Further, we illustrate qualitative results in Fig. 5. We
see that our approach preserves the facial identity signifi-
cantly better compared to Stable-Makeup. To quantify any



(a) Sample of selfies without makeup in MakeupSelfies.

bl AR

(b) Sample of stock images used as reference looks in MakeupSelfies.

Figure 3. Sample images (source images and reference makeup image) from the herein collected MakeupSelfies dataset.

critical defects of our method, we also performed a manual
human audit on about 2%k samples pairs with 3 beauty ex-
pert annotators/sample. Specifically, we focus on detecting
(1) defects on the lip region, (2) defects in the eye region
(e.g. eye crease disappearing), (3) eyebrow quality (e.g. du-
plicated eyebrows), and (4) change of skin tone. Overall,
we have found that our solution achieves a pass rate of 94%
across these defects.

4.3. Ablation Study

Here, we show the effectiveness of each of our contribu-
tions quantitatively and qualitatively on our MakeupSelfies
dataset. In Table 2 we see that introducing additional
depth and Canny ControlNets already improves facial iden-
tity preservation (+0.177) as well as monk scale difference
(-0.277), while maintaining makeup fidelity in makeup-
specific regions. We achieve further improvements, when
we add our novel skin tone preservation method, improving
the face similarity (+0.203), and reducing the monk scale
difference (-0.428).

As we qualitatively see in Fig. 5, our baseline, i.e. Stable-
Makeup, tends to change the thickness of lips, and ge-
ometry of eyes and nose. While some of these changes
might appear subtle, VTO applications are very personal
experiences. People easily notice subtle changes to their
own facial geometry, making these methods not suitable for
real-world applications. By introducing depth- and edge-
conditioned ControlNets, we significantly reduce these ad-
verse qualitative effects. More prominently, the baseline
tends to copy the skin tone of the makeup reference im-

age on the source face, resulting in unnatural looks which
people would not want to wear in real-life. Our second con-
tribution addresses this problem, significantly reducing skin
tone change and yielding more realistic makeup transfer. In
a perceptual study, a low transfer threshold was generally
found to produce the most favorable results. However, for
makeup looks that include cheek-applied products such as
blush, the adaptive skin tone transfer mechanism proposed
in our work yields better perceptual outcomes. Notably,
viewer tolerance for skin tone transfer intensity varies es-
pecially when input and output images are viewed side by
side.

4.4. Reducing Latency for Production

Real-world VTO GenAlI experiences for online shopping
benefit from low latency and low operational cost. To this
end, we reduce the inference time of our approach by lever-
aging recent advances in few-step inference approaches.
More specifically, we evaluate a Latent Consistency Models
LoRA (LCM) [17] and a few step Levenberg-Marquardt-
Langevin (LML) sampler [36].

For a fair comparison, we used TensorRT (TRT) to speed
up inference of the three variants of the model, and deploy
them on NVIDIA L40S GPUs. We summarize the latency,
and number of model invocations (NFEs) of all approaches
in Table 3. TRT already reduces the latency from 3.2s to
2.0s for the base model. The LCM and LML optimizations
bring significant speed-ups but also introduce approxima-
tions in inference and alter the outputs of the models. To
compare the quality of our methods, we performed a manual



CPM-Real Makeup Wild MakeupSelfies
Method Dv2 (M) Dv2 (F) A Monk Face Sim. |Dv2 (M) Dv2 (F) A Monk Face Sim. | Dv2 (M) Dv2 (F) A Monk Face Sim.
StableMakeup [45]| 0.418  0.614  0.701 0.523 0.249  0.631 0.741 0.590 0.583  0.627 1.132 0.487
MakeupMirror 0416  0.392  0.349 0.886 0.251  0.503  0.320 0.893 0.5631 0452  0.427 0.867

Table 1. Our method preserves facial identity significantly better compared to our baseline, as measured in monk scale difference (A Monk)
and face similarity (Face Sim.). It preserves makeup on makeup-specific regions, as measured in DINOv2 similarity (Dv2 (M)).

Normalized Histogram Method Dv2(M) Dv2(F) A Monk Face Sim.
Baseline 0.583 0.627 1.132 0.487
+ ControlNets 0.574 0.584 0.856 0.664
+ Skin Tone 0.563 0.452 0.427 0.867
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(b) Skin tone distribution in our licensed stock image collection.
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(c) Skin tone distribution in public datasets [9, 12, 20].

Figure 4. Skin tone distributions of our datasets (top, middle) com-
pared to existing public datasets (bottom). Our datasets have a
more balanced skin tone distribution, enabling a fairer and bias-
free evaluation.

human audit on 500 samples via pairwise preference scores,
as well as measure their defects. More specifically, we com-
pare each method with our MakeupMirror model and rate if
its output is better (+1 points), equal (£0 points), or worse

Table 2. Our contributions consistently improve makeup transfer
in terms of face similarity and monk scale difference, while pre-
serving the makeup accuracy in makeup-specific regions.

MakeupMirror NFEs Latency Preference A Defects
with TensorRT 30 2.0s - -
with LCM+TRT 4 0.45s —5/500 +5/500
with LML+TRT 10 0.70s +0/500 +3/500

Table 3. Evaluation of latency optimization approaches for our
makeup transfer method. While not the fastest, using LML yields
a 2.8 speed-up without compromising on output quality.

(-1 points) compared to MakeupMirror. Overall, the LML
sampling method achieves slightly lower defects (3 / 500
vs 5/ 500) and higher preference compared to the LCM
method (£ 0 / 500 vs -5 / 500), with a significant 2.8x
speed-up in inference time.

5. Conclusion

In this work, we present MakeupMirror, a diffusion-based
method for makeup transfer that marks a significant im-
provement in preserving skin tone and facial features from
source images over Stable-Makeup. These improvements
are achieved by extending Stable-Makeup with three
contributions: 1. additional geometric conditioning in
the ControlNet branch, namely with depth and low-level
edge maps; 2. region-specific makeup strength control by
leveraging face segmentation and adjusting transfer weight
and clamped time-steps based on the region; 3. modulating
the transfer strength to take into account the difference of
skin tone between the reference and the source images.
4. leveraging Levenberg-Marquardt-Langevin sampling to
achieve 2.8x speed-up of the makeup transfer pipeline.
Our experiments on public datasets and a newly collected
one with more balanced skin tone distribution shows an
improvement in relative facial similarity (+60%) and
reduction of skin tone alteration (—60%) compared to
Stable-Makeup, leading to a pass rate of 94% accord-
ing to an audit by beauty experts. This high pass rate
confirms the viability of the approach for a production-
ready VTO experience for online beauty shopping.
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Figure 5. Qualitative results of each of our improvements compared to StableMakeup (column 5). StableMakeup suffers from changing
facial geometry (e.g. lip thickness, nose, eye shape, efc.) and skin tone, especially when copying makeup between different ethnicity. Our
contributions alleviate these effects in large part.
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