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Figure 1. APPLE (Attribute-Preserving Pseudo-Labeling) successfully transfers the identity of a source (top left) onto a target (bottom
left) while accurately preserving target attributes (e.g. pose, expression, skin tone, lighting) across ethnicity, input variations, and gender.

Abstract
Face swapping aims to transfer the identity of a source

face onto a target face while preserving target-specific at-
tributes such as pose, expression, lighting, skin tone, and
makeup. However, since real ground truth for face swap-
ping is unavailable, achieving both accurate identity trans-
fer and high-quality attribute preservation remains chal-
lenging. Recent diffusion-based approaches attempt to
improve visual fidelity through conditional inpainting on
masked target images, but the masked condition removes
crucial appearance cues, resulting in plausible yet mis-
aligned attributes. To address this limitation, we propose
APPLE (Attribute-Preserving Pseudo-Labeling), a fully
diffusion-based teacher–student framework for attribute-
preserving face swapping. Our approach introduces a
teacher design to produce pseudo-labels aligned with the
target attributes through (1) a conditional deblurring for-
mulation that improves the preservation of global attributes
such as skin tone and illumination, and (2) an attribute-
aware inversion scheme that further enhances fine-grained
attribute preservation such as makeup. APPLE conditions
the student on clean pseudo-labels rather than degraded
masked inputs, enabling more faithful attribute preserva-
tion. As a result, APPLE achieves state-of-the-art perfor-
mance in attribute preservation while maintaining compet-
itive identity transferability.

*Equal contribution.

1. Introduction
Face swapping aims to replace the identity of a person in a
target image with that of a source image while faithfully
preserving target-specific attributes such as pose, expres-
sion, skin tone, lighting, gaze, makeup, and accessories. It
is widely applied in digital content creation, privacy pro-
tection, and film production, emphasizing the importance
of generating high-quality outputs. However, since real
face swapping data do not exist, supervised training of face
swapping models is fundamentally infeasible, making it
challenging to ensure accurate identity transfer and consis-
tent attribute preservation at high fidelity.

Early face swapping approaches [5, 13, 49, 55, 58] pri-
marily adopt GAN-based methods [14], leveraging the gen-
erative capability of GANs to perform identity replacement
through facial editing. However, these models typically rely
on two conflicting objectives: an identity loss that enforces
source identity transfer, and reconstruction or attribute-
related losses that encourage target attribute preservation.
Such indirect and competing supervision makes GAN train-
ing unstable and requires extensive hyperparameter tuning,
often resulting in copy-and-paste-like artifacts and visually
unnatural outputs [40, 52].

Recently, the strong generative priors of diffusion mod-
els [3, 12, 18, 36] have driven significant progress in var-
ious image synthesis tasks, providing high-quality synthe-
sis, precise conditional control, and reliable training stabil-
ity. Motivated by these advantages, diffusion-based face-
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Figure 2. Comparison of conditioning methods. Compared to
conditional inpainting widely used in existing works [16, 54, 57],
the proposed conditional deblurring strategy achieves largely im-
proved attribute (e.g., lighting) preservation of targets.

swapping methods [16, 54, 57] formulate the task as con-
ditional inpainting. Under this proxy training objective,
the model is trained to reconstruct the original clean tar-
get image from its masked version, given a source image
of the same identity but with different attributes. However,
this masked conditioning removes crucial cues from the tar-
get, such as lighting, skin tone, makeup, and subtle expres-
sion dynamics. Consequently, even with auxiliary attribute
information like 3DMM [4] landmarks or CLIP [33] fea-
tures, existing models often fail to preserve target-specific
attributes during face swapping.

To address the issue of misaligned attributes, we propose
APPLE (Attribute-Preserving Pseudo-Labeling), a fully
diffusion-based teacher–student framework for attribute-
preserving face swapping. The core idea is to train a teacher
model to generate high-quality pseudo-labels aligned with
the target’s visual attributes and use them as condition-
ing inputs for the student. Unlike conventional inpainting-
based methods that rely on masked conditions, the student
is conditioned on clean, unmasked pseudo-labels that pro-
vide richer attribute cues and is supervised under a direct
image-editing objective to reconstruct the original target im-
age, thereby achieving high-fidelity attribute preservation.

Importantly, the effectiveness of this training scheme de-
pends on the teacher’s ability to generate pseudo-labels that
maintain attribute consistency with the target image. With-
out the consistency, the student receives conflicting sig-
nals (e.g., in pose or lighting), which degrades attribute
preservation. To this end, APPLE first replaces the conven-
tional conditional inpainting objective of the teacher diffu-
sion model with a conditional deblurring formulation, lead-
ing to improved preservation of attributes such as skin tone
and illumination. Second, to further enhance fine-grained
attribute preservation during pseudo-label generation, we
introduce an attribute-aware inversion scheme that inten-
tionally exploits the reduced editability of inverted noise to
anchor fine-grained details. Together, these designs enable
the teacher to produce attribute-aligned pseudo-labels, al-
lowing the student to learn under a direct editing objective
and achieve reliable identity transfer with improved preser-
vation of fine-grained target attributes.

In summary, APPLE achieves state-of-the-art face-
swapping performance in terms of attribute preserva-

tion while maintaining competitive identity transferability,
yielding more coherent and photorealistic images than pre-
vious methods. Our main contributions are as follows:
• We propose APPLE, a diffusion-based teacher–student

framework that leverages improved pseudo-label quality
as the key to achieving superior attribute preservation.

• We enhance the attribute preservation of the teacher’s out-
put by replacing the conventional conditional inpainting
formulation with a conditional deblurring objective dur-
ing training and introducing an attribute-aware inversion
scheme during inference.

• We demonstrate that by training on these high-fidelity
pseudo-labels, the student model achieves state-of-the-
art attribute-preservation while maintaining high identity
similarity.

• Our framework offers high practical value for real-world
deployment, as the student model requires no complex
preprocessing for attribute conditioning at inference.

2. Related Work
GAN-based models. GANs [14] play a dominant role in
early face-swapping research [5, 13, 25, 30]. FSGAN [30]
introduces an identity-agnostic framework that fuses source
identity with target attributes through adaptive blending.
SimSwap [5] proposes an ID-injection module that embeds
identity information and applies a weak feature-matching
loss to preserve target attributes, while SimSwap++ [6] fur-
ther enhances the model’s efficiency. To improve robustness
under pose and expression variations, HiFiFace [49] incor-
porates 3D priors (e.g., 3DMM [4]) and face-recognition
constraints to achieve geometrically consistent face gen-
eration. In parallel, StyleGAN-based models [23] are
widely adopted for their high-fidelity generative capabil-
ity. Representative works, such as FaceDancer [37] and
E4S [28], further enhance visual realism by employing
adaptive feature fusion attention for hierarchical feature in-
tegration and region-based inversion within the StyleGAN
latent space. On another branch, to compensate for the ab-
sence of ground-truth supervision, recent methods such as
CSCS [22] and ReliableSwap [55] generate pseudo pairs us-
ing pre-trained GAN models to augment training data and
improve identity consistency. However, such pseudo sam-
ples often suffer from attribute misalignment and visual ar-
tifacts inherited from the GAN generator, limiting their ef-
fectiveness as reliable supervision.

Overall, GAN-based approaches still rely on complex
loss balancing and extensive hyperparameter tuning, often
failing to reproduce fine-grained details and exhibiting lo-
cal artifacts under extreme pose or expression variations,
which limit both naturalness and photorealism.
Diffusion-based models. Diffusion models [10, 18, 32,
36, 41–43, 45] have recently emerged as a powerful al-
ternative to GANs, providing superior image quality and
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Figure 3. Overall architecture of the proposed method. We propose APPLE, a diffusion-based teacher-student framework that focuses
on improving attribute preservation. (a) To improve target-attribute preservation, we propose training a teacher with conditional deblurring
rather than conditional inpainting widely used in existing works [16, 54, 57]. (b) When constructing a pseudo-label with a teacher, we
propose attribute-aware inversion which further improves fine-grained attribute preservation in inference time. Note that inversion noise
cannot be used during training due to its non-Gaussian property. (c) The student model is trained using attribute-aligned pseudo-labels
generated by the teacher. By leveraging high-fidelity attribute conditioning—clean images rather than degraded inputs—the student model
eventually outperforms the teacher, achieving state-of-the-art attribute-preservation while maintaining high identity similarity. Note that
the noised target input to the diffusion model is omitted in (c).

semantic controllability. Following this trend, various
studies have adopted diffusion-based frameworks for face-
swapping tasks. DiffFace [24] first introduces an identity-
conditional DDPM [18] that incorporates multiple facial
guidance signals, including semantic parsing and gaze di-
rection. However, these cues are only applied during
training and are not utilized at inference time, resulting
in noticeable noise artifacts, particularly around the eyes.
To alleviate this issue, subsequent approaches, such as
FaceAdapter [16], DiffSwap [57], and ReFace [54], refor-
mulate the task as conditional inpainting, where the tar-
get facial region is masked and structural priors such as
facial landmarks are used as conditioning signals. Al-
though this strategy helps prevent identity leakage from
the target, masking out the entire face inevitably removes
critical visual cues such as illumination, makeup, and ac-
cessories, making it difficult to preserve the target’s fine-
grained attributes. More recently, DreamID [52] addresses
this issue by constructing pseudo datasets using a GAN-
based face-swapping model [37] and training a diffusion
network for identity transfer. While effective, it offers

limited exploration into how to build high-quality pseudo
triplets, particularly regarding attribute preservation. In
contrast, our framework progressively mitigates these limi-
tations through a teacher–student design. Crucially, we fo-
cus on improving the diffusion teacher itself so that it can
generate high-fidelity, attribute preserving pseudo triplets,
achieving significantly better performance than simply re-
lying on an off-the-shelf face-swapping model.

3. Preliminaries
Rectified flow. Diffusion models [19, 44] learn to gener-
ate data by gradually denoising samples drawn from a Gaus-
sian prior through a stochastic process. More recently, rec-
tified flow [27] reformulated this process as a deterministic
flow, simplifying sampling while maintaining distributional
expressiveness. Specifically, it defines a linear interpola-
tion between a noise sample ω → N (0, 1) and a real sample
x0 → p0(x) at a timestep t ↑ [0, 1] as:

zt = (1↓ t)x0 + t ω. (1)

The model learns to predict the velocity vt(x) that trans-
ports x0 toward ω (or vice versa) along this linear path using
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a conditional flow-matching objective:

Lflow = Et,x0→ p0(x)

[
↔(ω↓ x0)↓ vt(zt)↔2

]
. (2)

For the rectified flow models, intermediate prediction x̂0 is
obtained by following equation:

x̂0(zt) = zt ↓ t vt(zt). (3)

Note that we omit the VAE encoder–decoder [35] for nota-
tional simplicity.
Diffusion inversion. Inversion maps a real image back to
its underlying Gaussian noise representation. When per-
formed correctly, it yields an initial noise vector that can
faithfully reconstruct the reference image, providing a reli-
able starting point for subsequent editing or manipulation.
For rectified flow models, this can be accomplished simi-
larly to DDIM inversion [42]. The latent trajectory is esti-
mated by iteratively adding noise according to

zt+!t = zt +!t · vt(zt), (4)

where vt(·) denotes the learned velocity or score field. By
anchoring the generative path to real observations, inversion
provides a crucial foundation for a wide range of image edit-
ing tasks [8, 17, 29, 38, 51].

4. Methodology
4.1. Overview
Sec. 4.2 formalizes the conventional conditional diffusion
formulation for face swapping and defines the identity and
attribute conditioning that our models follow. Sec. 4.3
presents our attribute-preserving diffusion teacher, trained
with conditional deblurring. Sec. 4.4 introduces attribute-
aware inversion scheme to improve fine-grained attribute
preservation. Sec. 4.5 then describes how a student diffu-
sion model is trained with pseudo-label in a direct image-
editing setting, leading to improved attribute fidelity while
maintaining identity consistency.

4.2. Problem formulation
Given a source and target image pair {Isrc, Itgt}, the face-
swapping model aims to generate a swapped image Î that
reflects the identity of Isrc and the attributes of Itgt, ensuring
both identity fidelity and attribute consistency.

Recent diffusion-based face swapping methods [16, 52,
57] commonly follow a conditional diffusion framework in
which identity and attribute information are injected into the
model through separate conditioning pathways. To formal-
ize this conventional design and establish a unified notation,
we define two independent conditioning functions, each re-
sponsible for identity and attribute representation:

idsrc = Fid(Isrc), atttgt = Fatt(Itgt), (5)

where Fid(·) extracts identity-related features (e.g., identity
embeddings from a face recognition network), and Fatt(·)
encodes attribute-related representations from the target
(e.g., structural cues such as pose, expression, or lighting).

During training, source-target image pair shares the same
identity. Formally, the diffusion process for the face-
swapping task is parameterized by a velocity field vt(·)
trained under a flow-matching objective that drives the
model to reconstruct the target image conditioned on the
source identity and target attributes:

Lflow = Et, I, ω

[
↔(ω↓ Itgt)↓ vt(zt, idsrc, atttgt)↔22

]
, (6)

where ω→N (0, I) represents Gaussian noise, and zt is the
interpolated latent between Itgt and ω at timestep t.

Following prior diffusion-based face swapping methods,
we employ an identity loss to encourage the swapped output
to match the source identity. The identity loss is defined as:

Lid = 1↓ cos
(
Fid

(
x̂0(zt)

)
,Fid

(
Isrc

))
, (7)

The overall training objective for the diffusion model com-
bines the flow-matching loss with the identity loss:

Ltotal = Lflow + εid Lid. (8)

During inference, face swapping is achieved by using a
source-target image pair with different identities.

4.3. Teacher learning via conditional deblurring
In our framework, the attributes include pose, facial ex-
pression, gaze direction, skin tone, makeup style, illumi-
nation, accessories, and background appearance. To ensure
faithful preservation of these attributes, our framework in-
troduces a carefully designed conditioning mechanism, en-
abling the teacher to preserve the aforementioned attributes
while maintaining identity transferability.
Conditional deblurring. Most diffusion-based face-
swapping models [16, 54, 57] formulate the task as con-
ditional inpainting, where the facial region of the target
image is masked and supervised to reconstruct target with
source identity. Motivation for masking is to suppress iden-
tity information from the target image. Without masking,
the model tends to reconstruct the target identity rather than
learning to transfer the source identity. While masking ef-
fectively prevents identity leakage, it also removes impor-
tant attribute cues—such as lighting, skin tone, makeup, and
accessories—that are crucial for faithful attribute preserva-
tion. As a result, inpainting-based diffusion models often
fail to reproduce fine-grained target styles and yield incon-
sistent attribute appearance in the swapped face.

To overcome this limitation, we reformulate the train-
ing objective as a conditional deblurring task. Instead of
masking the entire facial region, we replace it with a blurred
version of the target image, which removes high-frequency
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identity details while retaining low-frequency but informa-
tive attribute cues, including pose, lighting, and expres-
sion. This reformulation allows the model to exploit the tar-
get’s contextual attribute information more effectively dur-
ing training, leading to superior preservation of lighting,
skin tone, and structural attributes while maintaining strong
identity transferability, as shown in Fig. 2

Specifically, we downsample the target image to a res-
olution of 8 ↗ 8 and then upsample it back to the origi-
nal size, effectively eliminating fine-grained identity details
while preserving low-frequency appearance such as color
tone and lighting. A facial mask extracted from a face pars-
ing model [48] is then used to apply the blurring only to
the facial region, ensuring that background and contextual
information remain unaffected.
Enriching semantic conditions. To maintain structural
consistency and realism, we enrich the semantic conditions
by incorporating multi-level structural cues beyond stan-
dard 3DMM [4] landmarks. While gaze is a critical fac-
tor, existing diffusion-based models often struggle to pre-
serve gaze alignment or introduce artifacts when using gaze
loss as sampling guidance. To address these limitations, we
overlay eye landmarks derived from a gaze estimator [1]
and glass segmentation masks obtained via face parsing [53]
onto the blurred target condition. This integrated approach
provides the diffusion model with both coarse attribute con-
text and fine structural details, enabling the faithful preser-
vation of pose, gaze, and accessories during face swapping.

4.4. Pseudo-label generation with inversion
Although the proposed deblurring strategy and semantic
condition used in training the teacher model effectively im-
prove attribute preservation, there remains room to enhance
further the reconstruction of fine-grained details such as
makeup and accessories. This is because the model is re-
quired to implicitly infer high-frequency details that are not
explicitly present in the blurred inputs.
Attribute-aware inversion. To address this issue, we draw
inspiration from inversion-based editing techniques [8, 17,
29, 38, 51], which enable more precise control over fine-
grained attributes by aligning the generation process with
latent representations. Recent studies have shown that noise
obtained through diffusion inversion deviates from the ideal
Gaussian prior [2, 46] and retains residual semantic infor-
mation from the input, such as image structure or prompt-
related signals [26, 46]. While prior work seeks to sup-
press this residual information due to its negative impact
on editability [46], we instead exploit it. In face swapping,
where the goal is to modify identity while preserving target-
specific attributes, retaining such information in the noise is
beneficial rather than detrimental.

Motivated by this insight, we propose attribute-aware
inversion which inverts the target image under attribute-

None Iden'ty-only A"ribute-only 
(Ours)

Full

Diffusion 
Inversion

Random

Inversion Noise Visualiza9on (PCA)

Source

Target

Figure 4. Comparison of conditioning configuration for inver-
sion. (Top) PCA visualization of target-inverted noise and ran-
dom Gaussian noise. When attribute-only conditioning is used,
inverted noise encodes more semantic information compared to
the others. (Bottom) Results of face swapping when each inverted
noise is used. Using attribute-only conditioned noise yields the
most makeup preserved results without introducing artifacts.

only conditioning, yielding noise representations that are
enriched with target attributes but free from target identity
bias. Using these attribute-aware noise at inference time
enables the model to better preserve fine-grained appear-
ance characteristics that are often lost due to blurring, while
maintaining strong identity transferability.

To validate our choice, we conduct an empirical analy-
sis comparing four conditioning configurations that can be
used in inversion, formally defined as

(Fid(I),Fatt(I)), (⊋,Fatt(I)), (Fid(I),⊋), (⊋,⊋)

where each element corresponds to full conditioning,
attribute-only conditioning, identity-only conditioning, and
non-conditioning.

We first analyze how each configuration affects the in-
verted noise by performing PCA on the resulting noise rep-
resentations. The non-conditioned and identity-only con-
figurations produce noise distributions with little semantic
structure, similar to random noise. In contrast, configura-
tions that incorporate attribute conditioning yield noise pat-
terns that exhibit clear facial semantics, indicating that at-
tribute information is effectively retained during inversion.

We additionally compare the swapped outputs obtained
from each inversion configuration. Both attribute-only and
full conditioning preserve fine-grained attributes such as
makeup more reliably than the other variants. However,
full conditioning often produces artifacts in the swapped
images. We attribute this to residual identity information
embedded in the full-conditioned inverted noise, which re-
stricts editability and interferes with identity replacement.
In contrast, attribute-only conditioning (⊋,Fatt(I)) avoids
identity-related biases while still embedding meaningful at-
tribute cues. This allows the model to preserve target at-
tributes better during swapping, without introducing arti-
facts. Based on these observations, we adopt attribute-only
conditioning as our inversion strategy.
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4.5. Student learning with pseudo-triplet
We employ the teacher model to synthesize a pseudo-label
with the attribute-aware inversion scheme. Specifically, by
performing face swapping on a target image IAtgt of identity
A with another subject B via the teacher model, we obtain
a pseudo-label ÎA↑B

tgt that is used to construct the pseudo-
triplet (IAsrc, Î

A↑B
tgt , IAtgt). The triplet is then used to train the

student under an explicit editing objective. Specifically, the
student takes an identity feature from source image IAsrc and
an attribute feature from pseudo-label IA↑B

tgt as input and
learns to reconstruct the original target IAtgt.

By designing the student model to accept pseudo-labels
in their raw image format as attribute conditioning in-
puts, we achieve two significant benefits. First, during the
training phase, the model leverages these high-fidelity, un-
masked inputs instead of the degraded images used in con-
ventional approaches. This allows the student model to
learn superior attribute-preservation more effectively. Sec-
ond, this design removes the need for auxiliary networks or
complex preprocessing pipelines for attribute conditioning,
thereby improving practicality in real-world deployment.

5. Experiments
5.1. Experimental setups
Implementation details. We use FLUX.1-Krea [dev] [3]
as the base diffusion backbone for all experiments, em-
ploying PulID [15] as the identity encoder and OminiCon-
trol [47] as the attribute conditioning branch with LoRA
rank of 64. The model is trained on the VGGFace2-HQ
dataset [6] which is filtered with AES [39] to ensure high-
quality faces, with threshold 5.1. Following REFace [54],
the source image is masked before being fed into the iden-
tity encoder. Teacher model is trained for 15K iterations
without the identity loss and an additional 50K iterations
with it enabled. Student model is trained for 15K iterations,
resuming from teacher. Experiments are conducted on four
NVIDIA A6000 GPUs with a batch size of 1 per GPU, gra-
dient accumulation of 4, resulting in effective batch size 16.
Evaluation protocol. Following previous studies [21, 52],
we select 1,000 source faces and 1,000 target faces from
the FFHQ dataset [23], and generated 1,000 correspond-
ing face-swapped results. To assess image fidelity, we
compute Frechet inception distance(FID) between the face-
swapped images and the real FFHQ images. For pose
and expression consistency, we employ HopeNet [11] and
Deep3DFaceRecon [9], respectively, and measure the L2
distance between each target image and its corresponding
swapped image. To evaluate identity preservation, Arc-
Face [7] is to extract identity embeddings, and the co-
sine distance is calculated between the embeddings of the
swapped and source faces. To compute ID Retrieval, we
find the most similar source faces based on cosine similar-

Table 1. Ablation of teacher model. Applying the proposed
components sequentially leads to gradual performance improve-
ments. In particular, the attribute-aware inversion module substan-
tially improves FID, pose, and expression metrics while maintain-
ing identity similarity at a comparable level.

Model FID↘ ID Sim.≃ ID Retrieval≃ Pose↘ Expr.↘Top-1 / Top-5
Inpainting (Baseline) 11.00 0.54 92.80 / 96.90 3.37 1.01
Deblurring 4.20 0.53 89.50 / 96.20 2.58 0.79
Deblurring + Inv. 3.68 0.54 90.40 / 96.70 2.07 0.70

Table 2. Ablation of conditioning configurations for inversion.
For inversion, using attribute-only condition improves FID, pose
and expression effectively while not sacrificing identity transfer-
ability. Applying the other conditions does not robustly improve
FID, pose or expression.

Condition config. FID↘ ID Sim.≃ ID Retrieval≃ Pose↘ Expr.↘Top-1 / Top-5
Baseline 4.20 0.53 89.50 / 96.20 2.58 0.79

+ None 6.20 0.52 87.90 / 95.80 2.03 0.74
+ Identity-only 10.02 0.53 90.50 / 95.90 2.57 0.83
+ Attribute-only 3.68 0.54 90.40 / 96.70 2.07 0.70
+ Full 10.51 0.53 89.10 / 93.80 3.13 0.99

Table 3. Ablation of pseudo-label quality. We compare the per-
formance of student models trained on pseudo datasets generated
by FaceDancer [37] and by our teacher model. The model trained
on our pseudo-triplet achieves superior attribute-preserving results
indicated by lower pose and expression consistency, while main-
taining comparable identity similarity. Results indicate that our
teacher model serves as a more effective teacher.

Teacher model FID↘ ID Sim.≃ ID Retrieval≃ Pose↘ Expr.↘
FaceDancer [37] 2.47 0.53 87.50 / 95.60 2.07 0.65
APPLE (Teacher) 1.98 0.53 88.60 / 95.80 1.77 0.62

ity, and report Top-1 and Top-5 accuracy. All experiments,
including training and inference, are performed on images
of resolution 512↗ 512.

5.2. Comparison with other models
We compare our method both diffusion-based and GAN-
based approaches. Across all experiments, our model deliv-
ers substantially stronger attribute preservation while main-
taining identity similarity competitive with the best existing
methods. It is worth noting that several baselines, includ-
ing DiffSwap [57], DiffFace [24], and E4S [28], are trained
directly on FFHQ and therefore benefit from favorable do-
main alignment with the evaluation benchmark.
Qualitative comparison. We present qualitative results in
Fig. 5. Our model maintains subtle cues such as tongue-
out expressions, fine-grained makeup details, and accessory
(e.g. glass), while still performing reliable identity trans-
fer. Competing diffusion-based methods often fail in these
scenarios by either erasing attributes or inventing new ones.
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Figure 5. Qualitative results on FFHQ. Compared to existing baselines, APPLE effectively preserves the target image’s attributes while
faithfully transferring the source identity.

Table 4. Quantitative results on FFHQ. While maintaining iden-
tity transferability, APPLE achieves superior attribute preserving
performance, which is evidenced by lowest pose and expression
error.

Model FID↘ ID Sim.≃ ID Retrieval≃ Pose↘ Expr.↘Top-1 / Top-5
SimSwap [5] 18.54 0.55 94.10 / 99.00 3.11 1.73
CSCS [22] 11.00 0.65 99.00 / 99.50 3.64 1.44
MegaFS [58] 12.83 0.49 79.6 / 86.3 4.40 1.11
FaceDancer [37] 3.80 0.51 89.70 / 96.50 2.23 0.74
HiFiFace [49] 11.81 0.50 85.40 / 93.40 3.20 1.34
InfoSwap [13] 5.00 0.54 91.40 / 97.50 4.33 1.40
E4S [28] 12.13 0.49 78.30 / 87.80 4.39 1.29

DiffSwap [57] 6.84 0.34 41.92 / 63.09 2.63 1.20
DiffFace [24] 8.59 0.54 90.70 / 95.90 3.67 1.24
FaceAdapter [16] 13.03 0.52 87.00 / 93.20 5.12 1.38
REFace [54] 7.22 0.60 97.60 / 99.40 3.67 1.08

APPLE (Teacher) 3.68 0.54 90.40 / 96.70 2.07 0.70
APPLE (Student) 2.18 0.54 90.50 / 97.00 1.85 0.64

GAN-based models preserve attributes better than existing
diffusion-based models because their generators observe the
full target image during self-supervised training. However,
their outputs frequently contain artifacts, color inconsisten-
cies, and unnatural textures due to the inherent limitations
of adversarial training. In contrast, our method produces
clean and realistic results while retaining the attribute fi-
delity even better than GAN based models.
Quantitative comparison. The quantitative results re-
ported in Tab. 4 follow the similar trend observed in the

qualitative results. Our method achieves the lowest FID
among all baselines, indicating cleaner and more realistic
synthesis, and shows clear improvements in pose and ex-
pression consistency while maintaining competitive iden-
tity similarity. Although CSCS [22] and REFace [54] report
notably high identity similarity, this comes with a substan-
tial drop in attribute preservation, evidenced by the copy-
paste–like artifacts visible in their qualitative outputs in
Fig. 5. Identity transfer and attribute preservation inherently
trade off against each other, so a well-designed method
should balance the two. However, they are strongly biased
toward identity matching, leading to poor attribute fidelity,
which is an undesirable behavior for face swapping. In con-
trast, APPLE achieves a more balanced trade-off, deliver-
ing reliable identity transfer while consistently preserving
target attributes across diverse scenarios.

5.3. Ablation studies
In this section, we analyze the effectiveness of our teacher-
student framework through component-wise ablations.
Inpainting versus deblurring. We compare the conven-
tional inpainting with our deblurring formulation. The qual-
itative and quantitative results are presented in Fig. 6 and
Tab. 2. Qualitative results show that transition from inpaint-
ing to deblurring substantially improves attribute preserva-
tion. Deblurring produces noticeably more consistent skin
tone, lighting, pose, and expression, since the model is no
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Source Target Inpain/ng APPLE(Student)Deblurring
Deblurring
+ inversion

Figure 6. Qualitative ablation results of proposed method. The
inpainting method fails to preserve the target image’s attributes.
Applying deblurring (4th column) and attribute-aware inversion
(5th column) progressively better maintain the target attributes.
Overall quality, including attribute-preserving is maximized on
student (6th column).

longer required to synthesize these cues. These qualitative
gains are reflected in quantitative metrics, which show huge
improvements in pose and expression consistency.
Effect of attribute-aware inversion. We additionally study
the impact of attribute-aware inversion qualitatively and
quantitatively, presenting results presented in Fig. 6 and
Tab. 2. When proposed attribute-aware inversion is used,
the model better reconstructs fine-grained attributes such as
makeup, jewelry, and accessories, which are difficult to re-
cover from blurred observations alone. Quantitative results
confirm that attribute-aware inversion further improves pose
and expression without sacrificing identity transferability.
Various inversion strategies. We conduct a quantitative
ablation on the conditioning configurations used during the
inversion process. Specifically, we evaluate the result of
teacher model using four types of inversion conditions and
report the results in Tab. 2. The results show that using
attribute-only condition (⊋,Fatt(I)) yields the robust per-
formance, whereas the other variants introduce noticeable
side effects such as increased FID, pose or expression.
Quality of pseudo-label. We further evaluate the quality
of our pseudo-triplet by comparing student models trained
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Figure 7. Qualitative ablation results of pseudo-label quality.
We compare two student models trained on pseudo-triplet gener-
ated by FaceDancer [37] and APPLE (Teacher). Results demon-
strate that student trained by APPLE (Teacher) more faithfully pre-
serves the target attributes.

on different pseudo-triplets. Since DreamID [52] adopts
FaceDancer [37] as a teacher due to its strong attribute
preservation, we compare a student trained on FaceDancer-
generated pseudo-triplet with one trained on pseudo-triplet
produced by our teacher. Both 50K pseudo-triplets are gen-
erated from VGGFace2-HQ [6], and all models are eval-
uated at 5K training steps. While the FaceDancer-based
student achieves slightly higher identity similarity, the stu-
dent trained on our pseudo-triplet performs better on pose,
expression, and fine-grained attribute metrics. Qualitative
results in Fig. 7 further show that our pseudo-triplet leads
to more accurate preserving of attributes such as makeup,
gaze, accessories etc. This demonstrates that pseudo-triplet
generated by our teacher provides stronger supervision for
training high-quality face-swapping models.

6. Conclusion

In this work, we introduced APPLE, a diffusion-based
teacher–student framework that tackles the challenge of at-
tribute preservation in face swapping. We designed a train-
ing and inference strategy that produces attribute-preserving
pseudo-labels, enabling the student to learn in a direct
image-editing setting with a clean attribute condition im-
age. This allows the student to retain fine-grained details
more faithfully than its teacher and existing diffusion- and
GAN-based methods, while maintaining competitive iden-
tity transferability. Our results demonstrated that the pro-
posed teacher–student design provides an effective path to-
ward high-fidelity, attribute-preserving diffusion face swap-
ping without sacrificing identity transferability.
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