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Abstract
Face swapping, or deepfake generation, remains a chal-
lenging task that requires balancing identity preservation,
attribute consistency, and photorealistic realism. We pro-
pose a novel training-free, three-stage face swapping frame-
work that improves realism by explicitly aligning illumina-
tion and skin appearance prior to diffusion-based synthe-
sis. Our approach refines photometric consistency and skin
tone while preserving facial structure and integrates seam-
lessly with an off-the-shelf diffusion face swapping model.
Experiments on the CelebAMask-HQ dataset demonstrate
significant improvements in both visual realism and at-
tribute preservation, achieving an FID score of 7.16 com-
pared to the baseline. The proposed method provides an
efficient and robust solution for realistic face swapping un-
der varying illumination and appearance conditions without
additional model training.

Introduction
Face swapping [1, 2, 3, 4, 5, 6] has emerged as one of the
most compelling recognized applications across various do-
mains, from entertainment and social media, to data aug-
mentation, virtual reality, and augmented reality. The goal
of face swapping is to generate a synthesized facial im-
age that faithfully contains the unique identity of a source
image, while keeping other attributes such as expression,
head pose, background, and lighting conditions of a tar-
get image. Achieving both high visual fidelity and robust
attribute preservation remains a challenging problem, es-
pecially under unconstrained real-world conditions.
Early face swapping approaches have primarily relied on
generative adversarial networks, which have demonstrated
promising results but often suffer from training instabil-
ity and limited generalization [7, 3, 8]. More recently,
diffusion-based models have emerged as a powerful alter-
native, offering improved stability and superior synthesis
quality [5, 9, 6]. These methods have significantly advanced
the state-of-the-art in identity preservation and visual re-
alism.
Despite these advances, diffusion-based face swapping sys-
tems still face important limitations. In particular, per-
ceptual artifacts such as inconsistent lighting, mismatched
skin tones, and imperfect blending with the target envi-
ronment remain common. Moreover, improving attribute
preservation typically requires redesigning conditioning
mechanisms and retraining large diffusion models, which
is generally computationally expensive and impractical.

In this paper, we propose a novel zero-training face swap-
ping framework that addresses these limitations through
a modular pre-processing strategy. Our approach decom-
poses the face swapping task into three complementary
stages, explicitly aligning lighting and skin tone character-
istics prior to diffusion-based synthesis. By augmenting an
off-the-shelf diffusion face swapper with dedicated lighting
transfer and skin refinement modules, our method signifi-
cantly improves realism and attribute consistency without
any model retraining.

The structure of this paper is organized as follows. We first
review related work on face swapping and diffusion-based
image synthesis. We then describe our proposed three-
stage pipeline in the Methodology section. Experimental
results are presented and compared with state-of-the-art
methods, followed by a conclusion.

Related works
Face Swapping Methods
Despite the clear objective, face swapping remains a chal-
lenging problem due to the difficulty of desentangling iden-
tity representations from other facial attributes without de-
grading photorealistic visual quality in real-world scenar-
ios. First approaches relied on traditional computer graph-
ics and reenactment techniques, such as Face2Face [1], be-
fore the advent of deep models.

Learning-based face swapping methods have made signif-
icant advancements with the development of generative
adversarial networks (GANs). Representative GAN-based
approaches such as FaceShifter [2], SimSwap [3], and FS-
GAN [7] explicitly disentangle identity and attribute rep-
resentations to generate realistic swaps. Despite their suc-
cess, GAN-based methods often suffer from training insta-
bility, limited generalization, and artifacts caused by im-
perfect disentanglement.

Diffusion-based models have recently emerged as a pow-
erful alternative [5, 6, 9]. Owing to their stable training
process and strong generative capacity, diffusion models
achieve superior visual quality and identity preservation.
However, they may still produce perceptual artifacts un-
der unconstrained illumination conditions, and generally
require expensive retraining when modifying conditioning
mechanisms.

These limitations motivate complementary strategies that
enhance photometric consistency and attribute preserva-
tion without retraining large diffusion models.
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Figure 1: Overview of the proposed three-stage face swapping pipeline: lighting transfer, skin refinement in StyleGAN2
W+ space, and final synthesis using the REFace backbone [6].

Face Relighting and Illumination Consistency
Face relighting methods aim to improve photometric con-
sistency by decomposing images into intrinsic compo-
nents [10]. Hou et al. [11] proposed a deep intrinsic de-
composition framework that estimates geometry, albedo,
and lighting from a reference image following Eq. (1).

Lo(x,ωo) = a(x).s(x) (1)

where Lo(x,ωo) is the intensity of the pixel at the position
(x), a(x) and s(x) are the albedo and the shading at that
pixel, respectively. Their network predicts depth, albedo,
and lighting using replicated decoders and MLPs, and gen-
erates a differentiable shadow mask based on ray-tracing
principles [12]. This formulation produces shadows con-
sistent with facial geometry, enabling physically plausible
relighting.

GAN Inversion-based Image Manipulation
GAN inversion-based image manipulation aims to map an
input image into the latent space of a pre-trained gen-
erative model, where semantic attributes can be edited
by traversing specific directions [13, 14]. While early ap-
proaches performed inversion in the entangled Z space [15,
16], subsequent works favored the more expressive and
disentangled W and W+ spaces introduced with Style-
GAN [14], enabling finer and more controllable image edits.

A key component of GAN inversion is the encoder used to
project images into the latent space. Tov et al. [17] pro-
posed e4e, an encoder designed to produce latent codes
that closely follow the distribution learned by StyleGAN,
resulting in improved reconstruction quality and editability
inW+. Building upon this representation, style mixing [18]
enables independent manipulation of coarse attributes (lay-
ers 1–7), such as structure and pose, and fine attributes
(layers 8–18), including texture, color, and lighting, thus
providing precise control over image synthesis.

Beyond encoder-based methods, several researches have ex-
plored direct latent space editing. InterfaceGAN [19] for-
mulates attribute manipulation as a linear traversal in la-
tent space along directions defined by the normal vectors
of SVM decision boundaries. While this approach offers an
intuitive and interpretable editing framework, it is inher-
ently limited to attributes with well-defined binary labels
and reliable external attribute predictors.

REFace: A diffusion-based framework for Face
Swapping

REFace [6] is a conditional in-painting framework built
upon latent diffusion models [20] for high-fidelity face
swapping. It formulates the task as reconstructing a com-
plete face from a masked target image while being guided
by a composite conditioning vector. This conditioning
combines identity embeddings extracted from the source
face with target attributes such as pose, expression, and fa-
cial geometry, enabling explicit control over both identity
transfer and attribute preservation. The in-painting for-
mulation further allows the model to leverage contextual
information from the unmasked regions, which improves
structural coherence and boundary consistency.

To ensure identity preservation and perceptual realism,
REFace optimizes a weighted combination of diffusion loss,
identity loss, and perceptual loss. The identity loss en-
forces similarity between the generated face and the source
identity in a deep feature space, while the perceptual loss
encourages high-level semantic consistency with the tar-
get image. This multi-term objective enables REFace to
achieve state-of-the-art visual fidelity and identity consis-
tency across diverse facial poses and expressions.

Methodology

Our proposed method is a novel post-training three-stage
face swapping pipeline that systematically handles differ-
ent aspects of the synthesis process: illumination transfer,
identity and skin attribute blending in latent space, and ul-
timately high-fidelity face synthesis, as depicted in Fig. 1.
The Lighting Transfer Module first mitigates lighting in-
consistencies between the source image Isrc and the target
one Itar, which is a common cause of unrealistic blending.
This step ensures that the source image is adapted to the
target’s lighting condition before the main synthesis oc-
curs. Then the Skin Refinement Module manipulates tex-
ture features of the image in the disentangled space W+.
This module performs perceptual identity transfer while
ensuring accurate and natural dissemination of the target
skin tone. Finally, a face swapping backbone REFace [6]
is inherited and integrated with two previous modules in
a fully-parametric-frozen scheme to synthesize high-fidelity
swapped results.
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Figure 2: Diagram of the image relighting methodology.
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Figure 3: Qualitative comparison of albedo estimation:
lighting leakage in [11] versus cleaner results from the pro-
posed Retinex-based approach.

Lighting Transfer Module
The Lighting Transfer Module (Fig. 2) is inspired by the
model introduced in [11]. It estimates the albedo Ap and
depth map Dp from the source image and extracts the tar-
get lighting condition ωt, which is then applied to compute
shading based on the source geometry Dp. The final re-
lit image is obtained by combining this shading with the
source albedo using Eq. (1).

To further reduce lighting leakage in the albedo and im-
prove intrinsic decomposition, we adopt a Retinex-based
approach [21] in the albedo estimation step. By separating
reflectance and illumination components, Retinex produces
cleaner albedo maps that better preserve the source’s in-
trinsic properties, as illustrated in Fig. 3.

We investigate the impact of the relighting process by com-
paring face swapping outputs with and without the pro-
posed Lighting Transfer Module. For each source-target
pair, a relighting error heatmap is computed, represent-
ing the absolute pixel-wise difference between the gener-
ated and target faces. Across all test cases (Fig. 4), darker
regions indicate higher errors. Results with the Lighting
Transfer Module show consistently lower errors and im-
proved lighting consistency, validating its effectiveness.

Skin Refinement Module
The aim of the Skin Refinement Module is to transfer the
skin tone from a target image xtar to a source image xsrc

while preserving the unique identity of the source. Both
images are embedded into their respective latent codes
within W+ space using a pre-trained e4e encoder (see mid-
dle block of Fig. 1). Style mixing [18] is then applied: the
shallow layers (1–7) of the source latent code, which encode
structural identity, are concatenated with the deeper layers
(8–18) of the target latent code, which control fine-grained
attributes such as texture and color. This hybrid latent
vector is subsequently fed to the pre-trained StyleGAN2
generator to produce the skin-refined output image xsrc′ .

To improve the accuracy of skin tone transfer, we adopt at-
tribute direction-based image manipulation introduced in
[19]. Nevertheless, this framework was originally designed
for binary, well-annotated attributes, whereas skin color is
continuous and lacks explicit labels in most public datasets.

Figure 4: Relighting error heatmaps illustrating improved
consistency with the proposed Lighting Transfer Module
on four sample pairs.

To mismatch limits the applicability and reliability of ex-
isting approaches, motivating us to propose an extension
for manipulating undefined continuous attributes.

Specifically, to identify the skin direction in the absence of
explicit annotations, we adopt a proxy score. We first sam-
ple 20,000 image-latent code pairs from StyleGAN2 and
apply the 3D Morphable Model (3DMM) [22] to extract
attribute coefficients for each sample. We retain only the
texture coefficients, denoted by δ ∈ R80, and discard the
remaining components. These texture coefficients serve as
a high-dimensional proxy for skin tone, enabling us to sort
and group images along the corresponding feature axis.

Training a linear SVM to extract the normal vector of a
semantic boundary, as in InterfaceGAN [19], is not appli-
cable in our settings due to the continuous and undefined
nature of skin tone. Instead, we define the skin tone di-
rection as a vector n connecting the centroids of the two
clusters in latent space W+, obtained by applying K-means
clustering in the proxy coefficient space D.

Given the latent codes of the source zsrc and the target ztar,
we obtain the skin-transferred latent code by projecting the
displacement ztar − zsrc onto the direction n and moving
along this direction starting from zsrc:

zedit = zsrc+αedit×n with αedit = ⟨ztar − zsrc,n⟩ ∈ R (2)

where ⟨·, ·⟩ denotes the dot product operator.

Fig. 5 visualizes the clustering results using the first two
principal components of the texture coefficients δ, where
the two clusters naturally separate faces into lighter and
darker skin tone groups. The resulting direction n serves
as a robust manipulation axis not only for skin tone ad-
justment but also for other continuous attributes, enabling
precise and controllable edits by moving any latent code z
along this direction by a signed distance αedit.

Qualitative experiments confirm the effectiveness of the
proposed method for skin tone manipulation (see Fig. 6).
The results show that the approach consistently produces
skin tones that perceptually match those of the target
faces. In contrast, omitting the skin tone direction leads
to intermediate color blending, with the generated results
retaining noticeable influence from the source skin tone.
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Figure 5: The idea of identifying the skin direction in our
project (left) and illustration of the skin direction derived
from K-Means clustered 3DMM texture coefficients (right).

Optimization-free REFace Module
The face swapping pipeline concludes by leveraging the pre-
trained REFace diffusion model [6]. The modified source
images are directly fed into the reverse diffusion process,
without any fine-tuning of either the main network or the
conditioning adapter F . Unlike prior approaches that rely
on parameter updates, which introduce additional com-
plexity and potential instability, the proposed method pre-
serves the injected lighting and skin information without
modifying the model parameters. Despite the induced do-
main shift, experimental results show no detrimental im-
pact on performance. This strategy retains the strong gen-
erative priors and stability of the baseline model while
aligning source and target information into a more com-
patible representation, enabling accurate and robust face
swapping.

Experiments
Experimental Setup
Dataset Following the baseline approach [6], we evalu-
ate our method on the CelebAMask-HQ dataset [23]. This
is a large-scale and high-resolution dataset consisting of
30,000 1024× 1024 face images with pixel-level segmenta-
tion masks. Without any fine-tuning, all our experiments
only consider the fixed test partition of 1,000 images as
designed in [6]. This test set allows us to assess the gener-
alization capability of our proposed approach.

Evaluation Metrics The evaluation of face swapping
methods encompasses multiple dimensions, reflecting var-
ious aspects of performance and fidelity. For evaluating
identity preservation between the swapped faces and the
source faces, inspired by FaceShifter [2], we employ Arc-
Face [24] to extract ID features from both the source and
swapped images. These features are then used to compute
cosine similarity, yielding the ID feature similarity score,
where values close to 1.0 indicate strong identity preserva-
tion.In addition, for each swapped result, we identify the
most similar face among all source images and report Top-
1 and Top-5 matches as the ID retrieval score. As with
ID feature similarity, higher values reflect better preser-
vation of identity.

To assess the realism and quality of the swapped faces,
we use the Fréchet Inception Distance (FID) [25], which

Source
(identity)

Target
(skin tone)

e4e

e4e with
skin 

direction

Figure 6: Comparison between skin refinement utilizing
e4e encoder only (third column) and with skin direction
approach (last column).

compares high-level statistical features between the target
faces and swapped results. Lower FID values indicate that
the generated faces more closely resemble real images in
terms of both realism and diversity.

For evaluating fidelity and target attribute preservation,
we measure pose and expression errors using HopeNet [26]
and the 3DMM face reconstruction model [22]. Lower er-
ror indicates better preservation of these attributes. Ad-
ditionally, the Structural Similarity Index (SSIM) [27]
is used to assess the visual quality of the reconstructed
area and detect potential artifacts. SSIM evaluates lumi-
nance, contrast, and structural similarity between target
and swapped images, with higher values corresponding to
higher fidelity and perceptual quality.

Implementation Details We implement our method
using the PyTorch framework and conduct all experiments
on Quadro RTX 6000 GPUs (24GB) hosted on the CRI-
ANN server1. The size of input images is set to 512×512 to
accommodate computational constraints. To ensure a fair
and reproducible comparison with the baseline, we adopt
the same publicly available ArcFace [24] face recognition
model and the CLIP L14 [28] foundation model. This setup
allows consistent evaluation while leveraging the computa-
tional resources provided by the CRIANN structure.

Experimental results
Our evaluation results are reported in Tab. 1. For FID,
Pose, Expression, lower values indicate better perfor-
mance, whereas higher values correspond to better perfor-
mance for all other metrics. The REFace baseline returns
the best performance in terms of identity preservation,
achieving the highest scores for ID feature similarity
(0.632) and ID retrieval (96.3% and 98.6%). However,
this high identity performance comes at a cost to other
critical aspects of the face swapping task, such as facial ar-

1Normandy Regional Center for Computing and Digital Ap-
plications
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Table 1: Quantitative comparison between the baseline and our proposed pipeline (Ours) on CelebAMask-HQ dataset.

Method
ID Feature
Similarity ↑

ID Retrieval ↑
FID ↓ Pose ↓ Expression ↓ SSIM ↑

Top 1 (%) ↑ Top 5 (%) ↑
Baseline 0.632 96.3 98.6 7.435 3.184 0.95 0.743

Ours 0.498 81.6 90.7 7.160 3.089 0.94 0.767

Source Target Baseline Ours Source Target Baseline Ours

Figure 7: Qualitative comparison between the whole
pipeline (Ours) and the baseline model.

tifacts, lighting conditions, and skin tone discrepancies as
illustrated in Fig. 7). By combining the lighting transfer
and skin refinement modules, the proposed pipeline inten-
tionally trades a slight reduction in identity similarity for
improved realism and attribute fidelity, yielding the best
overall results. As a result, our system achieves the best
performance across multiple metrics: an FID of 7.160, a
pose error of 3.089, an expression error of 0.94, and the
highest SSIM score of 0.767. These results indicate that,
although the baseline better preserves identity, the pro-
posed pipeline offers a superior trade-off by significantly
enhancing perceptual quality, visual coherence and faith-
ful attribute transfer.

Figure 7 presents qualitative examples that are consis-
tent with the trends observed in our quantitative analysis.
While the REFace baseline produces competent swaps, our
method consistently generates more natural and coherent
images. The key difference lies in the superior handling
of lighting and skin tone, which are better matched to the
target environment thanks to our preprocessing modules.
Our final proposed method provides the most visually ap-
pealing and realistic results. It successfully transfers the
source identity while faithfully preserving the target’s ex-
pression and pose. The seamless blending and absence of
major artifacts highlight the performance of the proposal.

Conclusion
This paper introduces a novel plug-and-play three-stage
face swapping pipeline that requires no optimization be-
yond publicly available weights, enabling practical and ef-
ficient deployment. A Lighting Transfer Module aligns the
source image to the target illumination, a Skin Refine-
ment Module blends identity and skin attributes in the

disentangled W+ latent space, and a final synthesis stage
leverages the pretrained REFace diffusion backbone. Ex-
perimental results demonstrate that the proposed modular
approach significantly improves visual realism, photomet-
ric consistency, and overall fidelity compared to the base-
line, achieving a FID of 7.16. While the baseline exhibits
stronger identity preservation, the proposed method at-
tains superior perceptual quality by disentangling lighting
and skin tone challenges into dedicated preprocessing mod-
ules. Without additional training or fine-tuning, the pro-
posed framework provides a robust and effective solution
for high-fidelity face swapping.
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