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DreamMakeup: Face Makeup Customization using Latent Diffusion Models
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Figure 1. We present DreamMakeup, a training-free diffusion framework that generates high-fidelity makeup results by integrating diverse
user inputs such as RGB colors, reference images, and text prompts. Our method produces high-quality, customized makeup while preserving
facial identity, without requiring any fine-tuning. Please zoom in for detailed inspection.

Abstract

The exponential growth of the global makeup market has
paralleled advancements in virtual makeup simulation tech-
nology. Despite the progress led by GANS, their application
still encounters significant challenges, including training
instability and limited customization capabilities. Address-
ing these challenges, we introduce DreamMakup — a novel
training-free Diffusion model based Makeup Customization
method, leveraging the inherent advantages of diffusion mod-
els for superior controllability and precise real-image edit-
ing. DreamMakeup employs early-stopped DDIM inversion
to preserve the facial structure and identity while enabling
extensive customization through various conditioning inputs
such as reference images, specific RGB colors, and textual
descriptions. Our model demonstrates notable improvements
over existing GAN-based and recent diffusion-based frame-
works — improved customization, color-matching capabil-

ities, identity preservation and compatibility with textual
descriptions or LLMs with affordable computational costs.

1. Introduction

The global makeup market size is valued at billions of dollars,
and virtual makeup simulation technology is considered to be
a rapidly growing sector within the beauty industry. Besides
its industrial importance, face makeup customization is also
an interesting problem in terms of generative modeling and
editing. Specifically, one may have to disentangle and stylize
each facial attirbute in their independent style, while its
composition should be well harmonized.

So far, virtual face makeup modeling is mainly driven
by generative adversarial networks (GANs) [1, 7, 9, 10, 22].
Despite its advancements, GAN-based frameworks face in-
herent instability in adversarial training, leading to several
limitations. Furthermore, existing GAN-based methods are
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Figure 2. Overview of DreamMakeup pipeline. The key principle of our framework is to apply fine-grained guidance in high-dimensional
pixel-domain during reverse sampling. After local makeup customization in pixel space, text prompts are leveraged to harmonize such local

variations with a consistent global style in latent cross-attention space.

not fully customizable and lack controllability. Specifically,
most of these frameworks only support makeup transfer tasks,
inherently requiring reference target images. In many busi-
ness contexts, users may seek to simulate facial makeup with
a more degree of freedom, e.g. test with specific RGB colors
of new cosmetic products, or linguistic descriptions such as
“Glam makeup style”, etc.

In response to these challenges, this paper explores the
adoption of diffusion models, recognized for their superior
controllability and real-image editing capabilities. Diffusion
models offer several advantages for facial beauty simulation.
For instance, we can control the reverse sampling process
using the enriched text-conditions. Moreover, it supports var-
ious style customization using LoRAs [6] supported by the
vibrant user community. By employing techniques such as
DDIM inversion [ 13, 16], diffusion models well preserve the
overall structure and subject identity of given facial images,
while retaining rich editing capabilities.

However, straightforward application of generic diffusion-
based editing algorithms is inadequate for customized
makeup, often failing to perform accurate color-matching
and natural makeup in specified facial regions (Fig. 14). Con-
sequently, while several specialized diffusion-based makeup
frameworks have been introduced [8, 11, 17, 24], many of
them still face similar constraints with GANs; many remain
limited to reference-based makeup transfer, failing to lever-
age more diverse conditioning inputs. Additionally, they
require expensive training/fine-tuning, potentially restricting

the generative capacity of powerful prior models, and often
lose structural identity (Stable-Makeup in Fig. 6).

To this end, we introduce DreamMakeup, a novel training-
free diffusion-based makeup customization distinguished by
its advanced customization and superior identity preserva-
tion. Dreammakeup is fully compatible with a variety of
conditionings to steer the makeup process, ranging from
reference images and specific RGB colors to textual descrip-
tions of desired makeup looks. As shown in Fig. 2, given
pre-trained latent diffusion models (LDM), we commence
by inverting facial images x( into latents z; through early-
stopped DDIM inversion. Subsequently, we approximate
the denoised estimate 24(t) := E[z¢|2z;] and decode it back
into the pixel space, preserving the facial structure attributed
to the inversion process. Then, we stylize these facial rep-
resentations in pixel space through transformations such
as histogram matching, RGB color matching, or warping,
toward a targeted makeup style. Finally, resuming the sam-
pling process from these transformed representations, with
advanced cross-attention control and interpolation-guided
sampling, yields harmonized and coherent makeup outcomes.
Our contributions are summarized as follows:

* We introduce DreamMakeup, a novel diffusion-based hu-
man face makeup framework that caters to a wide range
of user preferences including text descriptions, colors, and
reference images.

* DreamMakeup is computationally affordable as it does not
fundamentally require fine-tuning. Moreover, we early-



stop DDIM inversion process to preserve the facial struc-
tures which further accelerates inference (< 4 seconds for
color transfer w/ SD v1.5 [15], GeForce RTX 4090).

* DreamMakeup outperforms real-world global Al makeup
services in color maekup task, and state-of-the-art
Diffusion/GAN-based frameworks in makeup transfer
tasks. Furthermore, we demonstrate that our framework
can be easily integrated with other foundational models, in-
cluding Large Language Models (LLMs), facial classifiers,
LoRAs or even other makeup diffusion models.

2. Related Works

Makeup transfer aims to modify a facial image to reflect a
chosen makeup style, with numerous approaches developed
using Generative Adversarial Networks (GANs). Beauty-
GAN [9] employed histogram matching to preserve color
from the reference image. LADN [4] used local discrimina-
tors for heavy makeup. PSGAN [7] enhanced style control-
lability through matrices and addressed pose misalignments
with attention mechanisms. SCGAN [1] tackled pose issues
with style codes. RamGAN [20] improved makeup transfer
with regional attention; EleGANt [22] controlled arbitrary
regions using attention mechanisms, reducing computations.
However, GAN-based methods typically require large
datasets of makeup and no-makeup images for training and
reference images for inference, limiting application diversity
and customizability. This is in line with recent diffusion-
based methods [8, 11, 24] which often focus on adapting dif-
fusion models for reference-based makeup with fine-tuning.
Moreover, due to the stochastic generative nature of diffu-
sion models, these works often fail to preserve the structural
identity of input images (e.g., Stable Makeup in Fig. 0).
DreamMakeup overcomes these limitations by utilizing
the powerful prior of foundational diffusion models, DDIM
inversion and open-source LoRAs for image generation, en-
abling replication of makeup styles from references, manipu-
lation via RGB or text prompts. This approach enhances con-
trollability without relying on large datasets or fine-tuning.

3. Preliminary

Diffusion models aim to generate samples from the Gaussian
noise through iterative denoising processes. Since pixel-
space diffusion models are computationally heavy, the latent
diffusion model (LDM) [15] operates the diffusion process
on latent space instead of pixel space. Given a pixel-space
clean sample @ ~ pgata(x), [15] leverages an autoencoder

E:RT 5 RF,D:RF 5 R 2 ~ D(E(z)), VT ~ Paata (),

ey
where £ is the encoder, D is the decoder, and dimension of
the latent space k < d. After training £, D, forward and
reverse diffusion process can be defined within the latent
space z = £(x).

The forward process is defined as a Markov chain, char-
acterized by forward conditional densities:

p(x|wi—1) = N (x| Brae—1, (1 — B)), )
pe(@e|@o) = N (zi|Vamo, (1 - a)l), 3)

with z; € RF representing the noisy latent variable at a
timestep ¢ < T that has the same dimension as zg = &(xg)
for €y ~ pyaa (), and B; denotes an increasing sequence of
noise schedule where a; := 1 — 3; and &y := Hﬁzlai. The
goal of training LDM is to obtain a residual denoiser €y~ :

0* = arg meinEE(mo),t,ewN(O,I) [ lleo(ze,t) — €| ] )

The reverse sampling from ¢(z;—1|2:, €9« (2, 1)) is then

1 ].*th =~
= (- e (z) + e, S
Zi1 \/@(Zt 176%69 (z4,t) ) + Bie,  (5)

where € ~ N(0,I) and By = 11_51(;1 B;. For simplicity,
we will omit * in 0*. After reverse sampling, the generated
latent 2, is decoded to the pixel space as o = D(2y).

To accelerate sampling, DDIM [16] proposes an alterna-

tive sampling method:

X _ 52 5
Zi—1 =/ O7t—1zo(t)+\/1 — a1 —1?B €q(zt,t)+npe,
(6)
where 17 € [0, 1] is a stochasticity parameter, and 2 (t) is the
denoised estimate which can be equivalently derived using
Tweedie’s formula [2]:

1
Vay
For text-guided sampling, we train the diffusion model with

textual embedding c. We will often omit ¢ from €g(xy, t, ¢)
to avoid notational complexity.

(Zt — 1-— @teg(zt,t)). (7)

ﬁo(t) =

4. DreamMakeup

Our primary focus is on daily, realistic and aesthetic makeup
(Fig. 1a), rather than complex and excessive makeup styles/-
transfer. Specifically, given an input non-makeup image x,
our main goal is to (a) customize the makeup style with
coarse (e.g. RGB color) to fine (e.g. reference makeup
image) level information, while (b) preserving the overall
facial structure and subject identity to the greatest extent.
Furthermore, we aim for applications beyond its primary
scope. It can be extended to extreme makeup styles (Fig. 17),
and its capacity to handle customized user inputs enables di-
verse applications such as hair dyeing (Fig. 18). Finally, we
are interested in integrating with LLMs or facial classifiers,
paving a new path for virtual makeup pipeline design.

To achieve this, one of our primary contributions is to
integrate a pixel-space makeup customization during reverse
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Figure 3. (a) Direct pixel-space customization results in color in-
consistencies, while SDEdit (strength=0.2) degrades the subject’s
identity. In contrast, our method applies the makeup faithfully while
preserving identity. (b) The impact of the interpolation domain
during reverse sampling. Latent-space interpolation (b-1) effec-
tively preserves fine-grained facial details, whereas pixel-space
interpolation (b-2) introduces significant visual artifacts. Further
details are provided in Sec. 4.3.

SDEdit  Ours SDEdit  Ours
LPIPS () 0.069 0.040 CLIP-I(T) 0.868 0.921

Table 1. Quantitative evaluation on preservation of facial structure.

sampling process given the decoded intermediate estimates
Zo(t) = D(20(t)). Furthermore, DreamMakeup leverages
various user preferences for conditional guidance, e.g. target
color, reference image, and textual make-up description.
As shown in Fig. 2, the customization process consists of
three main phases: (1) early-stopped DDIM inversion to
impose structural consistency, (2) pixel-space customization
to guide the sampling process towards target makeup style,
and (3) reverse sampling with cross attention composition
and interpolation guidance to accommodate complex textual
makeup descriptions simultaneously.

4.1. Early-stopped Inversion

While pixel-space editing achieves fine-grained control, the
resulting edits must be seamlessly integrated without com-
promising the subject’s identity. Standard harmonization
techniques that rely on the stochastic nature of the reverse
diffusion process, often fail at this task by degrading the fa-

cial structure and identity. For instance, performing primary
pixel-space makeup customization (Sec. 4.2) followed by
noise addition and subsequent denoising refinement (SDEdit
[12]) results in significant identity degradation (Fig. 3a-2,
Tab. 1). For successful makeup customization, the sampling
trajectory must be constrained to preserve the original fa-
cial identity, as humans are highly sensitive to subtle facial
changes. To faithfully maintain the identity of the original
face during the sampling process, we instead leverage de-
terministic DDIM inversion which is an iterative reverse
simulation of the ODE flow in the limit of small steps. By
setting n = 0 in Eq. (6), the DDIM inversion [13, 16] for z;
is defined as:

2zt = arze—1 — b€ (z1-1, 1, ¢), (8)

where a; = \)é%i)t = \/aT(\/atll —1- \/O% —1).

This relies on the linearization approximation assuming
€9(zi-1,t,¢) ~ €(z,t,c). However, the approximation
error may accumulate following inversion steps, potentially
causing identity loss. To prevent this, we terminate the inver-
sion at t* < T to reduce computational burdens and ensure
structural consistency, in contrast to the conventional process
inverts zg to zp. Fig. 2 shows that the denoised 2 (¢*) from
early-stopped z;» may decode faithfully the original sample
@o. This allows us to directly guide &o(t*) = D(20(t*)) in
a pixel space to enforce the target style. To further guarantee
the faithful preservation, we propose interpolation-guided
sampling which will be discussed in Sec. 4.3.

4.2, Pixel-space makeup customization

Our next goal is to transform &((¢*) in a manner that accu-
rately emulates the desired makeup appearance indicated by
reference image or a target RGB color. To this end, we intro-
duce a pixel-space transformation 7°(-,-) : REXW>x3x X —
RAXWX3  offering multiple variants of 7 to enable fine-
grained makeup customization. Here X varies for different
references, e.g. target RGB color, reference image, etc.

4.2.1. Makeup transformation with RGB color

We first delineate an intuitive color transfer function that
imposes the color characteristics of the reference makeup
palette color on the source image. Let pgro(&0(t*)),
osre(®o(t*)) represents the RGB mean and standard devia-
tion of & (¢*) computed across spatial dimensions. Given a
reference color fi;4¢ and respective standard deviation o4,
the color transfer function 7rg g is defined as
Znew (t*) = TrcB (/Lsrc(ﬁjo(t*))a Higt; a) 9
g, (i?o t* N R
= Zere @) (1) — aaare0() ~ ] )
tgt

where 0 < o < 1 represents a transfer scale. For simplicity,
we empirically set s (o (t*)) = ot
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Figure 4. (a) Color-based makeup transformation. Mean RGB values within the masked area are adjusted with a scale a to match the target
RGB values. Output image is generated by reverse sampling from &,c.,. (b) Eyeshadow mask is reproduced from eye mask manipulation.

The proposed color transfer supports attribute composi-
tions. Specifically, we may transfer different ji;4; for lips,
eye shadow, skin foundation, etc. For this, we segment each
interested facial attribute using a segmentation model [23]
pre-trained in pixel domain. We observed that the inverted
image &, (t*) is well segmented by the pre-trained model,
owing to its high similarity with the original image x.

To prevent potential color discontinuities and ensure
seamless integration, the eyeshadow and lip masks undergo
further refinement. The eyeshadow mask is first recon-
structed from the initial eye mask using transformations such
as dilation and shifting, after which its edges are smoothed
to create a natural blend (Fig. 4). Specifically, this smooth-
ing is achieved by applying a gradient mask whose weights
increase progressively from the inner to the outer boundary.
The lip masks are also refined using a similar smoothing
process. This allows fine control, enabling users to adjust
the gradient decay rate for a more natural appearance. Any
artifacts from this color transfer process are further refined
through reverse diffusion sampling (More details in Sec. 4.3).

4.2.2. Makeup transfer with reference image

The transformation 7 can be varied depending on the down-
stream task. To demonstrate its universality, we consider
conventional makeup transfer tasks [9]. Specifically, we sim-
ulate the makeup style of reference image through warping
and histogram matching transformations.

First, histogram matching aligns the color distributions of
the lip, eye shadow, and skin with reference. Then, the eyes
of the source face are aligned with the reference through a
series of warping transformations, including segmentation,
dilation, affine, and diffeomorphic transformations, to ensure
precise registration. This ensures that every pixel within the
dilated mask area of the reference image corresponds to the

appropriate region on the source image. These steps enable
the seamless adoption of tones and styles of the reference
image, ensuring a natural makeup transfer.

4.3. Makeup harmonization in reverse sampling

After pixel-space guidance, the output &,,,, coarsely follows
the desired makeup style in the local facial attributes, e.g.
lips, eye shadow, etc, but could suffer from unnatural appear-
ances (T ey as in Fig. 4), requiring further refinement. Thus,
our next goal is to () stylize &, .., With multiple text descrip-
tions to harmonize such local variations with a consistent aes-
thetic style, e.g. “Korean K-Pop style", “fair skin", etc, while
(b) maximally preserving the facial identity. This refinement
begins with 2; = /& (Enew (t*)) + V1 — €(z4, t*, ¢),

followed by subsequent denoising.

(a): Cross attention composition. Precise control over
diverse makeup demands and facial attributes is challeng-
ing due to the need to balance multiple prompt strengths.
To address this, we refine the image by integrating seman-
tic makeup features directly into the cross-attention layer.
Specifically, let Q;; € R 7y represent the spatial query
in [-th cross attention layer of U-Net. Given context vectors
C ¢ RV*de let K,V € R%*% denote key and value
matrices, respectively, where N refers to number of to-
kens, K = CWg,; and V = CWy,; with linear maps
Wk, Wy, € R?xdi  Then, let K, represents a s-th
makeup concept key K, where K4, comes from the
prompt used in inversion, i.e. “a photo of a woman". Define
Vs, Vinain similarly. Then, we update the spatial query as:



KT .
Qnew = softmax(w)vnmn‘F (10)

Vd

M T
% > assoftmax(Q\Zs Vi (11)
s=1

The degree and direction of s-th makeup concept can be
controlled individually with ag, where oy < 0 for nega-
tive makeup prompts, e.g. ugly, blurry, low-res. This
linear combination incorporates detailed makeup descrip-
tions independently, allowing fine-grained control of prompt
strengths.

(b): Interpolation-guided sampling. While cross-attention
composition effectively steers ODE sampling toward desired
makeup styles, facial identity may degrade due to accumu-
lated errors in DDIM inversion. As shown in Fig. 3b, DDIM
inversion may fail to preserve fine-grained skin texture (e.g.,
pores, micro-blemishes), leading to an unnatural, plastic
skin—an issue widely recognized in the SD community. To
mitigate this, we regularize the sampling trajectory to remain
closer to the original facial latents:

Zo(t) = argmin ||z — Z(1)[|* + 1= Sz - E(T (o)) |I?

= (1= X)2o(t) + AE(T (20)), (12)
Zi—1 = \/aio(t) + vV 1-— O_ZtEQ(Zt,t,C),

where z{, = £(T (x()) represents the makeup-transformed
input latent. Serving as a pivotal reference, z{, helps retain
photorealistic skin details, ensuring both realism and iden-
tity preservation (Fig. 3b-1) while maintaining the intended
makeup from 7 (-). Conversely, performing this interpola-
tion directly in the pixel space via (1—X\)D(2(¢))+ AT (xo)
introduces undesirable visual artifacts, as shown in Fig. 3b-2.
We observe that the latent space is a more suitable domain for
this operation, facilitating a seamless interpolation between
the denoised estimate and the transformed source. This ap-
proach strikes a superior balance between preserving the
source’s identity and applying the custom makeup require-
ments. Notably, applying this regularization in just 1-2 early
sampling steps significantly enhances identity preservation,
with a moderate level of A = 0.15.

5. Experimental Results

5.1. Experiment Settings

During inference, we used the Makeup Transfer (MT) dataset
[9] for both source and reference images. Additionally, we
employed artificially generated images for Asian women as
a non-makeup source image. We used Stable Diffusion (SD)
v1.5 and SDXL [14] as our base model, and further leveraged
additional public LoRA weights and pre-trained models re-
leased in CivitAl, an open-source generative Al community.
For facial segmentation, we utilized BiSeNet [23]. For cross
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Figure 5. The virtual skin, lip, eye shadow makeup, and their
combination by DreamMakeup (SD 1.5).

attention composition, we set the scaling factor for each
makeup concept o ranging from 0.1 to 0.7. For compari-
son, we tested state-of-the-art GAN-based makeup transfer
methods, PSGAN [7], SCGAN [1], EleGANt [22], and CSD-
MT [19], alongside SHMT [18] and Stable Makeup [24],
which are recent diffusion-based makeup transfer frame-
works. More experimental details are in appendix.

Makeup Artists Non Artists

Method LPIPS | CLIP-I1

Detail T Quality T Detail T Quality T

PSGAN 0.1879 0.7421 1.49 1.74 2.64 2.82

SCGAN 0.0819 0.7253 2.00 2.11 3.03 2.95

EleGANt  0.1877  0.7662 3.04 3.12 3.67 3.72

Ours 0.0667 0.7694 342 342 3.95 4.00

(a) Quantitative results on makeup transfer tasks.
Method Beauty Makeup Artists Non Artists

SCOI®  Detail ¥ Quality 7 Detail Quality 1

Service A 2.90 4.08 1.97 3.69 2.77

Service B 3.27 3.75 2.61 3.14 2.83

Ours 3.38 4.22 4.19 3.93 4.27

(b) Comparisons with global Al makeup services.

Table 2. Quantitative comparisons on makeup transfer task and
color-based makeup transformation.

5.2. Results

5.2.1. Qualitative Results

Fig. 5 illustrates the RGB color-based makeup transforma-
tions applied to both synthetic and natural images. First
three rows reflect the application of the eye shadow, skin,
and lip colors indicated in the bottom right corner. Bottom
row presents the combined results for each column’s cor-
responding colors. DreamMakeup effectively applies the
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Figure 6. Qualitative comparison of reference image based makeup using references with diverse poses and makeup styles. GAN-based
models exhibit artifacts and cropping issues (row 1,3,4). SHMT incorrectly transfers reference color and Stable-Makeup struggles with

identity preservation, likely due to the stochastic nature of diffusion models.
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Figure 7. DreamMakeup integrated with Stable Makeup [24].

specified RGB colors to the respective facial regions.

Qualitative comparison with reference-based makeup
baselines is presented in Fig. 6. Our approach demonstrates
superior performance over competing models. Most GAN-
based methods - PSGAN, SCGAN, and CSD-MT produce
noticeable artifacts, including identity loss and color bleed-
ing. While EleGANt performs competitively, it fails on chal-
lenging cases, exhibiting dark artifacts in occluded regions
(row 1) or generating weaker eye makeup. Among diffusion-
based methods, SHMT struggles with inaccurate color trans-
fer, and Stable Makeup exhibits poor identity preservation.
Our method consistently produces clean, artifact-free results
that faithfully replicate the reference makeup style.

As a training-free framework, DreamMakeup can be
seamlessly integrated with other generative models. We
demonstrate this modularity by incorporating our core com-
ponents such as inversion, pixel-space customization, and
interpolation guidance, into two backbones: the diffusion-
based makeup transfer framework Stable Makeup [24] and
the recent flow-based Stable Diffusion 3.0 [3]. In Fig. 7, inte-

Source Reference DreamMakeup Reference DreamMakeup
o

Figure 8. DreamMakeup integrated with Flow-based models.

grating DreamMakeup improves structural consistency and
reduces artifacts compared to the original Stable Makeup
model. Furthermore, Fig. 8 illustrates that our framework is
compatible with Diffusion Transformer architectures, high-
lighting its potential for synergistic applications across dif-
ferent model families.

5.2.2. Quantitative Comparison

We evaluate DreamMakeup against baselines on both color-
based and reference image-based makeup tasks. For refer-
ence based makeup, we assess identity preservation using
LPIPS and CLIP image similarity. Additionally, 10 expert
makeup artists and 24 non-experts ranked 10 random out-
puts based on style accuracy and overall quality (scale: 1-5),
where DreamMakeup consistently excelled (Tab. 2a).

For color-based makeup, we further compare against two
global Al makeup services (50M+ downloads) while ensur-
ing anonymity. Despite their widespread use, these services
exhibit limitations in customization, such as restricted color
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Figure 9. Ablation study for early-stop timestep ¢, interpolation
scale « and text guidance.

presets. Using 100 images per service, we evaluate beauty
scores [21] and conduct a broader user study (300 images).
DreamMakeup consistently outperforms others (Tab. 2b).
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Figure 10. (a) DreamMakeup with integration with a classifier and
an LLM. (b) From the source image, we can apply makeup based
on the solution provided by the classifier and LLM. The color chips
represent the color of lips, skin, and eye shadow from top to bottom.

5.2.3. Ablation Study

We conducted an ablation study on the key hyperparameters,
with results shown in Fig. 9. Varying the early-stop timestep

t* for DDIM inversion allows for a balance between faithful
identity preservation and stylistic variation. The transfer
scale o, defined in (9), governs the intensity of the applied
makeup. As « approaches 0, the output progressively re-
sembles the original source image, effectively reducing the
makeup’s opacity (Fig. 9(b)). Notably, this parameter can be
adjusted independently for distinct facial regions (e.g., lips,
eyes), enabling fine-grained control over the final look. The
effect of textual guidance, implemented via cross-attention
composition, is shown in Fig. 9(c). The inclusion of descrip-
tive prompts harmonizes the local makeup applications with
a cohesive global aesthetic, demonstrating the significance
of text conditioning in achieving a polished result.

5.3. Integration with LLM

DreamMakeup can demonstrate improved performance by
integrating with Large Language Models (LLMs) for per-
sonalized makeup recommendations. By harnessing the
exceptional inference capabilities of LLMs, DreamMakeup
selects makeup colors that are harmonious with the character-
istics of the source image. We provide a pipeline in Fig. 10.
This pipeline involves an initial extraction of facial attributes
such as skin tone and facial structure from the source image
via a classifier. This information is then conveyed to the
LLM, which determines the most appropriate makeup colors
for various facial regions, including the skin, eyes, and lips.
DreamMakeup subsequently utilizes these recommendations
to generate the final makeup-enhanced image.

These components (classifier, LLM, and DreamMakeup)
operate sequentially during inference but are trained inde-
pendently. The classifier was trained using ResNet50 on
a dataset of 1,000 artificially generated images of Asian
women, annotated with facial information. The LLM
is trained on the dolly-v2-3b model with a specialized
QnA dataset from beauty professionals. As illustrated in
Fig. 10(b), the LLM adeptly matches skin, eye shadow, and
lip colors to the source image, facilitating the application of
these colors by DreamMakeup. The process ensures that the
selected colors are well-suited to the source image, leading
to an effectively applied makeup look. This demonstrates
the potential of integrating classifiers and LLMs in Dream-
Makeup to provide customized makeup solutions based on
in-depth analysis of facial features, thereby enhancing the
personalization and effectiveness of makeup applications.

6. Conclusion

We introduced DreamMakeup, a novel training-free makeup
framework utilizing powerful priors. Our method ensure
precise makeup customization with rich conditions. We
demonstrated DreamMakeup’s global effectiveness and effi-
ciency in various tasks and verify compatibility with other
frameworks.
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A. Pseudo Code

We provide the pseudo-code of DreamMakeup for RGB and
textual guidance in Algorithm 1. Makeup transfer based on
a reference image can be easily implemented using the same
method, substituting the transformation Trgp With Tres
and employing warping and histogram matching algorithms
instead of RGB matching.

Algorithm 1 DreamMakeup with RGB and text guidance
Input: Source image x, early-stop timestep t* < T', RGB
scaling coefficient 0 < o < 1, target RGB color pg,
reference makeup image .y, textual prompts for (inver-
sion, editing) Ciny, {Ceait,s } Y1, degree of composition
{as}iy.
Output: Image with makeup transformation Z.

L 20 = & (:130)

1
2:
3: 1. Early-stopped DDIM inversion

4: fort =1tot* do

5: 2z = DDIM-Inv(z;_1, t, ¢) (Sec. 4.1)
6

7

8

9

: end for
é = (Zt* — \/1 — dt*etg(zﬁ,t*)).

: 20(t*) ,
: ﬁ:o(t*)

3

D(20(t*))
10:
11:
12:
13:
14:
15:
16:

2. Pixel-domain Diffusion Guidance
Cf3new = TRGB (ﬂsrc(io(t*))a Higts a)

it* = \/C_ktg(ii?new) + \/1 - C_VtE(Zt*,t*, C)

3. Reverse sampling with cross attention composition
fort =t"to1do
Zi_1 ReverseDDIM(

Z; t, Composition ({avs } L1, {Cegir,s 1214 ))
end for
Zo = D(Z)

17:
18:

B. Additional analysis

We provide in-depth analysis on the core components of
DreamMakeup. Additional qualitative results are also pro-
vided in Fig. 19.

B.1. Ablation studies

Effects of gradation smoothing. In the generating process
of eye mask, gradation smoothing is essential. Without
gradation smoothing, the edges of eye masks are accentuated,
resulting in an unnatural outcome. Fig. 11 demonstrates that
graduation smoothing makes the edge of the eye shadow
natural and realistic.

10

Source

Figure 11. The effect of the gradation smoothing of eyeshadow
mask. Please zoom in for detailed inspection.

After DDIM Inversion After Color Transformation

»
»
—

Input

Output

Figure 12. Ablation study on DDIM inversion, coloring, and reverse
sampling. Text prompts guide the harmonization of unnatural color
transitions into a cohesive aesthetic style during sampling.

B.2. LoRA variation

We mainly utilized Dreamshaper', ArienMixXL 2, and
BKG1® LoRA weights. Fig. 13 shows the experimental
results of using other LoRA weights. For comparison, asian
beauty v2* , Korean Alike’, Asian Cute Face®, koreanDoll-
Likeness v157, PMN 28 are used. The results are made with
only text guidance, where the prompts are "deep red lip”
and "heavy eye makeup”. The results demonstrate how
diverse makeup styles can be achieved by varying LoRA
weights. In this paper, we mainly leverage BKG1 LoRA
which shows better identity preservation and semantic align-
ment.

B.3. Additional Results

To demonstrate the robustness of our method, we test its per-
formance on a variety of challenging conditions, including
images with low resolution, occlusions, and dark lighting,
etc with results shown in Fig. 16. Although our primary fo-
cus is on generating natural, daily makeup, the framework’s
flexibility allows it to be applied to more extreme and artistic
makeup styles as well (Fig. 17). Furthermore, the user can
customize the target region for color transformation, extend-
ing the application of DreamMakeup beyond facial makeup
to related tasks such as hair, eyebrow, and pupil coloring
(Fig. 18).

Uhttps://civitai.com/models/4384/dreamshaper
Zhttps://civitai.com/models/118913/sdxl-10-arienmixxl-asian-portrait
3https://civitai.com/models/203947/beautiful-korean-girl-bkgv 1
“https://civitai.com/models/76883/273 1 -pretty-asian-face-asian-
beauty-faces
Shttps://civitai.com/models/193777/korean-alike-by-noerman
Shttps://civitai.com/models/26914?model Versionld=32215
"https://civitai.com/models/26124/koreandolllikeness-v20
Shttps://civitai.com/models/106028/korean-beauty



BKG1

asian_beauty_v2

Korean_Alike

Figure 13. Results of using various LoRA weights.

Source PnP Pix2pix-zero

Figure 14. comparison with diffusion editing methods.

Input Service A DreamMakeup

Figure 15. Comparisons of DreamMakeup with other global mobile
Al makeup services.

C. Experimental details

We use DDIM scheduler and set the early-stop inversion
step ranging from ¢* = 200 to t* = 400. The number of
reverse steps is set to 30. LoRA scale s is set to 0.2. To
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Source
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Occlusion

Different
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Figure 16. DreamMakeup results on extreme conditions.

Source Reference Reference Ours

Figure 17. DreamMakeup results on extreme makeup. Reference
images are from the LADN[5] dataset.

smooth eye shadow masks, we employed a cross-shaped
kernel with the size of (12, 7) and performed 2 iterations of
mask dilation. The textual prompts commonly used in cross
attention composition are as follows:

* natural lips, natural makeup, fair skin, asian skin

» korean makeup, korean style, korean beauty, (A Classy
and Cute Korean girl:1.3), cute, (Korean idol), K-pop,
skm_misoo, beautiful

* 32K, high-res, (masterpiece:1.3), best quality, SK.HDR,
smooth face, 1 girl,close up face, (photorealistic:1.6), [:(de-
tailed face:1.2):0.3]

* (Glossy lips:1.6), Gleaming lips, (fair skin:1.4), sharp fo-
cus, blusher

¢ (Goddess smile:1.3)



Source

Hair Eyebrow

Eyebrow +

Eyebrow +
Hair + Pupil

Figure 18. DreamMakeup results on RGB matching for eyebrows,
pupils, and hair. We transform the color of each facial attribute
within segmentation mask area.

* (worst_quality:2.0) low quality, blur, deformed ugly, pixe-
lated, cgi, illustration, cartoon, deformed, distorted, disfig-
ured, poorly drawn

The directional degree of s-th composition, ag < 0, is as-

signed 0.1,0.1,0.3,0.7,0.1, —0.1 for each prompt.
C.1.LLM

To train the language model, we constructed a QnA dataset
containing information matching makeup and facial at-
tributes. The dataset consists of 460, 000 pairs of questions
and answers. Below is an example of the makeup dataset.
### Instruction: Which lip colors are suitable
for women with the following condition? \nbronze
skin, square face, angular jaw
### Response: deep red or vivid red or dark red.
As a base model, we utilized dolly-v2-3b9 and fine-tuned
the model for 3 epochs using the makeup dataset. To prevent
the model from forgetting language proficiency during fine-
tuning, we also incorporated the natural language dataset
used to train this base language model. The training objective
is to generate the subsequent tokens based on the tokenized
instructions in an autoregressive manner.

D. Limitations

While our proposed method offers an efficient, training-free
framework for face makeup application via early-stop DDIM
inversion, it requires multiple sampling timesteps to generate
the final output. Since our method utilizes BiSeNet [23] for
facial segmentation and a pre-trained diffusion model for the
generative process, our approach may inherit the intrinsic
limitations of these foundational models.

9Databricks, Free dolly: Introducing the world’s first truly open
instruction-tuned 1lm, https://github.com/databrickslabs/dolly, 2023.
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Figure 19. Addition results on makeup transfer.
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