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Abstract

Facial beautification has gained increasing attention
with the advancement of generative models and visual
editing techniques. However, existing methods, while
effective for static images, often fail to maintain struc-
tural consistency and temporal smoothness in dynamic
or multi-view scenarios, leading to noticeable artifacts
and geometric distortion. To address these challenges,
we propose MVBeautyFusion, a continuous-view fusion
framework for face structure beautification. The first
stage employs a Stable Diffusion-based generator en-
hanced with ControlNet and structural masks to achieve
high-fidelity enhancement while preserving facial geom-
etry. The second stage introduces a lightweight multi-
view feature fusion network that enforces cross-frame
structural alignment through deformable sampling and
content-aware temporal attention. Extensive experi-
ments demonstrate that MVBeautyFusion outperforms
state-of-the-art methods such as BFVR and TokenFlow
in both structural stability and visual continuity, pro-
ducing realistic and temporally consistent beautification
results with minimal computational cost.

Keywords: Face Beautification, Multi-view Feature fu-
sion, Diffusion Models, Video Face Enhancement.

1. Introduction

Facial beautification technology, as a key application
in the field of digital vision, has been widely adopted
across diverse scenarios such as social entertainment, live
e-commerce, and virtual/augmented reality (VR/AR). On
social media platforms like TikTok and Kuaishou, users
leverage real-time beautification features to enhance self-
ies and short videos, increasing content appeal. In live
streaming contexts, hosts rely on beautification software for
skin smoothing, facial feature adjustment, and dynamic fil-
ter overlays to improve audience engagement. Moreover,
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high-precision beautification techniques are increasingly re-
quired in virtual try-on systems, online education, and med-
ical aesthetic consultations to support personalized image
rendering and professional use cases. According to market
research, the global beauty technology market is projected
to reach USD 79.8 billion by 2025, with growing user de-
mand for natural, personalized, and real-time beautification
effects continually driving technological innovation.

In recent years, with the rapid advancement of deep
learning—particularly generative models—facial beautifi-
cation has evolved from traditional filters and enhancement
techniques to end-to-end generative approaches. These
methods can be roughly categorized into three main di-
rections:First, image-to-image translation-based beautifica-
tion networks treat the task as a translation problem, using
conditional generative adversarial networks (cGANs) [29]
for style transfer and facial feature enhancement. Beau-
tyGAN [24] is a representative work, achieving makeup
style transfer while preserving facial structure, balancing
identity fidelity and visual enhancement. SCGAN [28] fur-
ther introduces semantic disentanglement to independently
model key facial regions (e.g., eyes, lips), improving con-
trol and naturalness. These methods often adopt encoder-
decoder frameworks with semantic supervision and style
encoding for visually pleasing and structure-consistent re-
sults.Second, cross-frame consistency-aware methods ad-
dress the connituous stability required in video and real-
time communication scenarios. TokenFlow [42] models
consistency as temporal token tracking at the latent level,
maintaining both style and detail across frames. FateZero
[46] proposes a reference-free generative approach using
backward latent modeling to ensure editing consistency.
StyleUV [51] maps faces under different poses into a
unified UV domain for style fusion, solving style shift
and misalignment under viewpoint variation.Last but not
least, diffusion-based models with structural guidance have
shown great promise in both generation quality and con-
trollability. NNSG-Diffusion [25] incorporates nearest-
neighbor visual reference and 3D structural cues to enhance
facial aesthetics while preserving identity. DiffFAE [48]



combines 3D texture rendering and semantic integration
with consistency regularization for improved single-image
beautification. ControlNet [56], built upon diffusion models
such as Stable Diffusion [40, 34, 58], introduces structural
guidance from edge maps, depth, and pose to achieve high
structural control and visual consistency, opening new pos-
sibilities for editable and realistic facial beautification.

Despite the early success of traditional image beautifi-
cation methods, their limitations have become increasingly
evident with the growing complexity of application scenar-
ios. These shortcomings are primarily reflected in the fol-
lowing three aspects:First, existing approaches show lim-
ited performance in maintaining detail fidelity and natu-
ralness. Many GAN-based or image translation methods,
such as BeautyGAN [24] and SCGAN [28], are capable of
learning style mappings but often produce overly smoothed
skin textures or visual artifacts, especially in facial details.
Furthermore, GAN models [13] are highly dependent on
the training data distribution and tend to generalize poorly
to unseen poses or lighting conditions, resulting in insta-
bility in real-world applications.Second, most mainstream
methods focus on single-frame processing without mod-
eling temporal information, leading to inconsistencies in
multi-view or video scenarios. For instance, in cases of
head turning, fast movement, or frequent lighting changes,
these methods may suffer from misaligned facial features
or abrupt changes in editing style, seriously affecting vi-
sual smoothness and user trust.Third, some beautification
techniques involve high computational costs during infer-
ence. Methods that process each frame independently or
rely on large generative models, such as TokenFlow [42],
face significant trade-offs between inference speed and real-
time processing requirements, making them unsuitable for
deployment in mobile or live streaming scenarios.

To tackle the aforementioned challenges, inspired by the
remarkable performance of diffusion models in image gen-
eration and editing, we propose MVBeautyFusion, a novel
framework with multi-view feature fusion for continuous
smoothing face beautification. This approach follows a
two-stage pipeline of structure-constrained generation fol-
lowed by continuous smoothing feature fusion, enabling
stable propagation of facial details and stylization across
dynamic sequences, thereby significantly enhancing edit-
ing consistency and smoothness under varying viewpoints
and motions.In the first stage, each frame is processed us-
ing a diffusion model guided by ControlNet [56], combined
with a binary skin mask obtained through dual fusion of
SAM-based structural segmentation [22] and skin detec-
tion in the YCrCb color space [23, 43, 21, 8]. This setup
produces base beautified images with accurate facial con-
tours and lighting restoration. By incorporating both Canny
edge [4] and monocular depth [38, 39] branches in Con-
trolNet, the model’s perception of edge geometry and 3D

Figure 1. The first-stage beautification results generated by the
ControlNet-guided diffusion model. Incorporating refined skin
masks based on SAM and skin color detection further improves
naturalness and structural fidelity.

facial structure is enhanced, resulting in more natural and
realistic beautification, as illustrated in Figure 1.In the sec-
ond stage, to ensure continuous smoothing of appearance
across consecutive frames, we introduce a feature-level fu-
sion network that combines a deformable alignment mod-
ule with a temporal attention mechanism. The temporal at-
tention [45], as an extension of self-attention [47], captures
long-range dependencies across time, supporting consistent
semantic propagation. The deformable alignment module
leverages learnable offsets over standard convolution [9] to
accommodate non-rigid facial motion across views. To fur-
ther refine frame-wise smoothness, a visibility-guided strat-
egy [2, 26] is integrated, adaptively emphasizing salient fa-
cial regions under motion and occlusion. Together, these
components enable seamless feature fusion across frames,
achieving high-level multi-view consistency and stylistic
smoothness in the beautification results.
In summary, our contributions are threefold:

* We propose MVBeautyFusion, a framework for multi-
view continuous smoothing face beautification. By
combining structure-guided diffusion generation with
temporally-aware feature fusion, our model signifi-
cantly improves visual consistency and realism.

* We design a cross-frame appearance consistency mod-
ule, which leverages deformable feature sampling and
temporal attention to enhance the model’s ability to
align and fuse facial regions across multiple frames
and views.

» Extensive experiments on portrait datasets such as FN-
pic and Facevid demonstrate that our approach outper-
forms baseline methods in terms of image reconstruc-
tion quality and multi-view continuous smoothness.

Overall, MVBeautyFusion offers a unified beautification
solution that effectively balances editing quality, continuous



smoothing, and computational efficiency. It is well-suited
for a variety of practical applications, including multi-view
video processing, facial editing, and special effects render-
ing. Experimental results demonstrate that our approach
significantly outperforms existing methods across multiple
real-world datasets, achieving high-quality and controllable
portrait beautification without requiring additional training.

2. Related work
2.1. Diffusion Models for Image Generation and Editing

In recent years, diffusion models [40, 35] have emerged
as a core approach for image generation, demonstrating
outstanding performance particularly in text-to-image (T2I)
generation tasks [0, 32, 37]. For example, Imagen [41]
achieves high-quality text-driven image synthesis by pro-
gressively refining image resolution through a cascaded dif-
fusion structure.To improve inference efficiency and scala-
bility, Stable Diffusion [40] transfers the diffusion process
to the latent space, significantly reducing memory and com-
putational cost. While text-prompt-driven image editing en-
ables personalized and semantically guided control, early
approaches often lack precise structural guidance, leading
to content drift or loss of details.To address this, ControlNet
[56] extends Stable Diffusion by incorporating structural
condition branches. By introducing controllable priors such
as edge maps [4], depth maps [38, 39], and human poses [5],
ControlNet enables more accurate editing while preserving
the original image structure.Subsequent studies, including
T2I-Adapter [30] and Prompt-to-Prompt [17], further en-
hance local controllability in editing scenarios, supporting
structure-preserving synthesis under multimodal input con-
ditions.

2.2. Portrait Editing and Style Consistency Modeling

Portrait image editing, an important subtask in gener-
ative modeling, is widely applied in virtual avatars, so-
cial media, and short video platforms. Early face editing
methods typically relied on GAN-based feature spaces for
style transfer and attribute manipulation. For example, Star-
GAN [7] and AttGAN [16] achieved cross-domain multi-
attribute translation and controllable semantic editing, re-
spectively, but struggled to handle pose variations and con-
tinuous smoothing in editing scenarios.

To address these limitations, DECA [12] and IMavatar
[59] employed 3D facial meshes or implicit representations
to build motion-driven facial models, improving multi-view
consistency to some extent. However, their complex 3D
fitting procedures lead to low training and inference effi-
ciency. More lightweight alternatives like FaceVerse [53]
fuse 2D and 3D information but remain limited in style ex-
pressiveness.

Recently, diffusion-based methods such as InstantID

[49] and PhotoMaker [54] have gained attention by inte-
grating multiple reference facial images and text prompts,
enabling local detail control while preserving identity con-
sistency. Additionally, some approaches incorporate con-
trol signals into the diffusion process to achieve controllable
editing effects, exemplified by DragGAN [31].

Another research direction focuses on modeling contin-
uous smoothing. TokenFlow [42] transforms style preser-
vation along the temporal dimension into temporal token
mappings within feature space, enhancing video genera-
tion consistency through cross-frame token tracking. Sub-
sequent works like Tune-A-Video [52] and VideoComposer
[20] introduce conditional guidance and cross-frame con-
tent fusion mechanisms to further improve multi-frame con-
sistency and local reconstruction.

3. Method
3.1. Fusion Mask-Guided Single-View Image Beautifica-
tion

In the first stage, we propose a refined control mecha-
nism that combines ControlNet [56] with a skin segmenta-
tion strategy, as illustrated on the left side of Figure 2. This
approach aims to enhance structural preservation and aes-
thetic consistency in single-view facial image beautification
at the basic enhancement phase. The overall pipeline is built
upon the Stable Diffusion framework, incorporating multi-
ple ControlNet conditioning signals to guide the generation
process, while leveraging facial semantic information to en-
force region-specific constraints.

3.1.1 ControlNet Input Design

To better guide Stable Diffusion in preserving facial
structure and contours during the beautification process, we
introduce two ControlNet [56] conditioning inputs: edge
information (Canny) [4] and depth information [38, 39].
These inputs respectively capture facial contour edges and
3D structural details.

Canny Edge Guidance Features Edge information is ex-
tracted from the image | using the Canny algorithm [3] im-
plemented via OpenCV:

Ecanny = Cann)’(l; low high) (D

Where oy and pign are the dual-threshold parameters for
edge detection. This operation highlights strongly struc-
tured edge regions such as the eyebrows, jawline, and nasal
wings.

Depth-Guided Features The depth map is extracted us-
ing a pretrained Transformer-based depth estimation net-
work [39], which captures the spatial distribution and depth



Figure 2. Architecture of MVBeautyFusion framework.The rst stage performs single-view beauti cation using ControlNet combined
with re ned skin masks from skin segmentation.The second stage builds a feature-level fusion network based on temporal attention and
deformable alignment to perform multi-view smoothing beauti cation on the results from the rst stage.

relationships of the facial region in image I: foreground (facial) region mask §Awm:

D gepth = DepthEstimator(l) (2) Msam = SAM(I) (3)

Where higher intensity values indicate regions closer to the

camera (e.g., the nose tip and forehead), while lower val- Skin Color Detection Re nement Mechanism To fur-

ues correspond to farther areas (e.g., behind the ears or thther eliminate interference from non-skin regions (such as

background). hair and clothing), we employ a skin color detection method
Finally, the two feature maps &y D gepth are fed into based on the YCrCb color space [33] to generate a coarse

separate ControlNet branches, which operate in parallelskin region mask M,. This mask is then fused with the

with the main backbone of Stable Diffusion, serving as SAM mask through intersection to produce the nal region

structural and geometric guidance. mask used, denoted asiV:

3.1.2 Skin Region Mask Extraction and Fusion Mtace = M sam \ M skin (4)

To prevent beauti cation effects from propagating to  gpecj cally, by taking the intersection of the two masks,
non-facial regions (e.g., background or clothing), we fur- e construct a binary skin mask that is used to directly
ther introduce a ne-grained skin region mask, which is di- ¢gnstrain the diffusion sampling region. This mask oper-
rectly imposed as a hard constraint on the diffusion genera-gtes in conjunction with the ControlNet guidance signals
tion process.The mask is generated by combining structuralduring the diffusion process, effectively suppressing the
segmentation using the Segment Anything Model (SAM) propagation of generative effects to the background and
[22] with skin color detection in the YCrCb color space other non-target regions, while preserving ne structural
[23, 43,21, 8]. and textural details within key facial areas. As a result, this

hard-constrained mechanism substantially improves tempo-
SAM-Based Base Region Segmentation The SAM ral consistency, beauti cation stability, and the overall vi-
model processes the input image | to generate an initial sual naturalness of the generated results.



Figure 4. Multi-view Feature Fusion module architecture in the
cross-frame appearance fusion network.

3.2.2 Multi-view Feature Fusion Module

Figure 3. The encoder and decoder architecture of the cross-frame This feature fusion module aims to achieve cross-frame
appearance fusion network. Figure (a) (left) shows the Feature En-alignment and information integration along the temporal
coder module, while Figure (b) (right) presents the Decoder mod- dimension. It comprises two core submodules:First, the De-
ule. formable Sampling module extends standard convolutional
sampling by introducing learnable offsets to the kernel po-
sitions, effectively adapting to geometric deformations and
spatial misalignments between frames [9, 60].Second, the
The original image |, along with the guidance features Temporal Attention mechanism acts as a temporal extension
E canny@nd Dyepths is fed into the ControlNet-augmented Sta- of the self-attention mechanism [47] over video frame se-

3.1.3 Beauti ed Image Generation Process

ble Diffusion model for generation: guences, enabling adaptive weighting based on the semantic
relevance of features across frames.By explicitly modeling
(beauty= StableDiffusion(l; E canny D depts Mtace) ~ (5) the correspondence between facial regions across frames,

this module effectively mitigates cross-frame inconsisten-
Where the ControlNet branches respectively perform cies caused by viewpoint variation, occlusion, and lighting
feature extraction and control weight prediction for the two discrepancies, thereby enhancing the continuous smoothing
modalities, guiding the diffusion process to preserve facial gnd coherence of the editing results.

structure and ensure consistency in the beauti cation direc-

tion. Deformable Sampling Mechanism As shown in Fig-

ure 4, for each frame feature map, fve employ a small
convolutional network O( ) to estimate offset elds, obtain-
3.2.1 Feature Encoder Module ing N deformable sampling offset maps™ 2 R2ZHW

d where n = 1;:::; N denotes the index of sampling points.
The offset output has dimensions [B; N; 2; H; W], recon-
structed from 2N channels generated by a three-layer con-
volutional network. Here, B represents the batch size, H
and W denote spatial resolution, N is the number of sam-
Fe=E( (), Fy2RCHW (6) p!ing p(_)ints per location, and 2 correqunds to the two-
dimensional offsets ( x; y) for each sampling point. In

The encoder consists of two 3 3 convolutional layers fol- Other words, for every spatial position in each frame, O()

3.2. Cross-Frame Appearance Fusion Network

As shown in Figure 3(a), the input sequence is de ne
asl =1y jt=1;::T, where each frameJ 2 R3HW
is an RGB image. The encoder E() maps each frame to a
corresponding feature map F

lowed by ReLU activation: predicts N offset vectors indicating the 2D displacements
of the N sampling points at that position.
F¢ = ReLU(Conv,(ReLU(Conw(1+)))) ) To achieve inter-frame structural alignment, we rst

de ne a standard normalized 2D grid coordinatg g2
This module extracts local semantic information from each [ 1;1] 2, representing the center position of the grid cell at
frame, providing a uni ed semantic space for cross-frame row i and column j in the H W spatial resolution. This
feature fusion. grid is static and applicable to all image frames, serving as






