Attribute-Preserving Pseudo-Labeling for Diffusion-Based Face Swapping

Supplementary Material

A Experimental Details 2
A.l Additional implementation details . . . . . . . ... L. 2
B Additional Experiments 2
B.1. Evaluation on additional datasets with diverse guidance scales . . . . . . . ... ... ... ... ... ... 2
B.2 Additional qualitative resultson FFHQ . . . . . . . . . . .. L 3

C Discussion and Analysis

C.1. Detailed motivation and ablation study of conditional deblurring formulation . . . . . ... .. ... ... .. 3
C.2 Design choices foridentity loss . . . . . . . . o L L L e e e e e 4
C.3. Further boosting GAN via training with our occlusion-augmented pseudo-triplet . . . . . . . ... ... ... 5
C.4 Training cost breakdown . . . . . . . . . oL e e 7
D Limitations and future directions 7
0.7 0.7 07
[} w =20 [} w =20 @ w =20
o Z o6 & Frpr =5 0s & Vep we1s | 06 o Yepo w=ts
T ‘_g @ o D¢ P o o © S w=10 @ L J T w=10
L 505 “ ® |, _.0| 05 ® ) (@] 05 ® (@]
a
0.4 0.4 0.4
< < <
03 03 03
200 175 150 125 100 75 50 25 00 55 50 45 40 35 30 25 20 15 10 18 16 14 12 10 08 06 04
FID Pose Expression
o 07 ° & w20 07 9 w=2.0 07 ) & w=20
w=15 =15 =15
I Zos ® e 06 W ! 06 @ 2k g
<l & *W:I.O ® 7/1\47“’:1»0 15 i\(w:m
o E e o 8 o © o o © ©
® 05 05 05
o 2
(O] 0.4 0.4 0.4
031 03 03
200 175 150 125 10.0 7.5 50 25 00 55 50 45 40 35 30 25 20 15 1.0 18 1.6 1.4 12 1.0 0.8 0.6 0.4
FID Pose Expression
. <> w=20 <> . w=20 <>. w =20
07 igge| 07 w=15 07 w15
. o o % o
Zos @ o w=10| oo o® w=to | | @ @ w=10
+ 5 * o ' * ) ) * ®
d E 05 05 05
L 5o ! !
=]
04 0.4 0.4
< < <
03 03 03
200 175 150 125 10.0 75 5.0 25 00 55 50 45 40 35 30 25 2.0 15 1.0 18 1.6 1.4 1.2 1.0 0.8 0.6 0.4
FID Pose Expression
@® CsCs @ SimSwap @ HifiFace @ E4S ¢ DiffFace ﬁ APPLE(Student)
@ FaceDancer @ MegaFS @ InfoSwap & DiffSwap ¢ FaceAdapter <& REFace

Figure 8. Pareto frontier visualizations across datasets. We visualize ID Sim. vs. FID, Pose, and Expression reported in Tabs. 4
to 7. Ideal face-swapping models should occupy the upper-right region—high identity similarity with low FID and pose/expression error.
APPLE(Student) consistently lies on or near the Pareto frontier across all datasets, demonstrating robust attribute preservation. For
APPLE, we present results under varying guidance scale w. Note that some baselines (REFace, CSCS, InfoSwap) are trained on CelebA-

HQ.



A. Experimental Details

A.l. Additional implementation details

We use FLUX.1-Krea [dev] [3] as the base diffusion back-
bone for all experiments, employing PullD [15] as the iden-
tity encoder and OminiControl [47] as the attribute condi-
tioning branch with a LoRA [20] rank of 64. The model
is trained on the VGGFace2-HQ [6] dataset and evaluated
on FFHQ [23]. Models are trained on images filtered by
an AES [39] > 5.1 threshold to ensure high-quality faces.
Following REFace [54], the source image is masked before
being fed into the identity encoder. The overall objective
combines identity, flow-matching losses. Identity losses are
applied to late 35% of the diffusion timesteps for teacher
model and late 50% for student model. Teacher model is
trained for 15K iterations without the identity loss and for
50K iterations with it enabled. Student model is resumed
from teacher model and trained for 15K steps with pseudo-
triplet generated by teacher model. Experiments are mainly
conducted on four NVIDIA A6000 GPUs with a batch size
of 1 per GPU, gradient accumulation of 4, resulting in an
effective batch size of 16. AdamW is used as optimizer
with learning rate le-4 and weight decay of le-3 is used.
Inference and inversion step of diffusion model is fixed to
28. Training and inference are conducted at a resolution of
512x512.

B. Additional Experiments

B.1. Evaluation on additional datasets with diverse
guidance scales

Guidance scale ablation on FFHQ. Since our model v;(-)
accepts source identity feature idg,. and target attribute fea-
ture attys; as conditions, classifier-free guidance (CFG)
with scale w can be applied to the identity condition to
strengthen identity transferability:

’Dt = V¢ (Zt, @, atttgt)

. &)
+ w(vt(zu idgre, attegr) — ve(2e, 2, atttgt)>~

We report results of FFHQ across varying guidance
scales w in Tab. 5 and Fig. 9. Starting from the default set-
ting w = 1.0, increasing w improves identity transferability
at the cost of moderate degradation in attribute preserva-
tion, demonstrating inference-time control over the trade-
off. Thus, user can flexibly adjust w to prioritize either
identity transfer or attribute preservation based on specific
application needs.

Note that while other diffusion-based baselines (Diff-
Face, FaceAdapter, REFace) are evaluated using their re-
spective tuned hyperparameter w, we report our main re-
sults without hyperparameter tuning (w = 1.0).

Table 5. Ablation study of guidance scale w on FFHQ. Unless
otherwise specified, all results in the main paper use w = 1.0 by
default. Increasing the guidance scale enhances identity similarity
and retrieval performance, albeit with a moderate trade-off in at-
tribute preservation metrics, such as pose and expression.

Model FID, ID Sim.} ITDOKF;"/";:;'; Pose| Expr.|
90.40/9650 184  0.63
94.60/9830 215 072
96.00/9840 238  0.79

APPLE (Student), w=1.0 2.19 0.54
APPLE (Student), w=1.5 345 0.58
APPLE (Student), w=2.0 4.74 0.60

Table 6. Quantitative results on CelebA-HQ. Note that some
baselines (REFace, CSCS, InfoSwap) are trained on CelebA-HQ,
while APPLE is trained solely on VGGFace2-HQ.

Model FID, ID Sim.t ITDOI:‘?/";’J;'; Pose] Expr.|
SimSwap 999 0.6l 97.70/99.00 218 123
cscs 1097 067  97.70/9950 336 131
FaceDancer 5.47 0.53 92.60/98.50 2.18 0.67
InfoSwap 544 055 93.10/97.50 385 137
E4S 1441 052 8350/9230 415 114
DiffSwap 2008 023 18.94/3507 754  2.08
DiffFace 1875 031 4630/47.30 1084  1.88
FaceAdapter 1150 0.5l 85.10/90.80 4.88  1.30
REFace 804 069  99.10/99.90 333  1.00

APPLE (Student), w=1.0 3.24 0.58
APPLE (Student), w =15 4.99 0.62
APPLE (Student), w=2.0  6.55 0.63

95.80/98.60 1.68 0.56
97.00/99.30 1.96 0.64
97.30/99.50  2.17 0.70

Table 7. Quantitative results on FaceForensics++.

Model FID| ID Sim.} ITDOl}{ft/rﬁ?l; Pose, Expr.|
SimSwap 616 067  97.89/99.00 194 078
cscs 1358 072 9470/97.50 286  1.23
FaceDancer 548 057  90.77/9840 216  0.72
InfoSwap 1262 062  9720/9890 374 172
E4S 1929 063  9430/97.50 348 134
DiffSwap 953 036 10.10/57.10  2.10  0.86
DiffFace 1597 0.66  98.08/99.04 288  1.05
FaceAdapter 8.62 0.59 89.46/91.61 4.13 1.44
REFace 1203 074 98.60/99.10 335 129

APPLE (Student), w=1.0 3.25 0.64
APPLE (Student), w=1.5 437 0.68
APPLE (Student), w=2.0 5.39 0.69

97.69 /98.90 1.97 0.76
98.29/9890  2.23 0.81
98.49/9930 243 0.86

Extended evaluation on CelebA-HQ and FaceForen-
sics++. To address the concern that evaluation on FFHQ
alone may not fully reflect generalization, we further eval-
uate APPLE on CelebA-HQ and FaceForensics++ (FF++).
Compared to FFHQ, these datasets present broader varia-
tions in image quality, appearance, and real-world artifacts,
providing a more challenging benchmark for jointly assess-
ing identity transfer and attribute preservation.

As shown in Tabs. 6 and 7 and visualized via Pareto fron-
tiers in Fig. 8, APPLE consistently remains on or near the
Pareto frontier (upper-right) across all datasets. This perfor-
mance is particularly notable as it is achieved through train-
ing solely on VGGFace2-HQ, whereas several competing
methods benefit from dataset-specific training on CelebA-
HQ. Furthermore, APPLE demonstrates superior robust-
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ness. While baselines such as REFace and CSCS show se-
vere FID degradation on low-quality datasets like FF++, our
method maintains high-quality synthesis and identity con-
sistency.

B.2. Additional qualitative results on FFHQ

We present additional qualitative results of APPLE (Stu-
dent) in Fig. 14-17.

C. Discussion and Analysis

C.1. Detailed motivation and ablation study of con-
ditional deblurring formulation

In Sec. 4.3, we introduce conditional deblurring as a re-
placement for the conventional masking strategy used in
diffusion-based face swapping. This design choice arises
from a fundamental constraint of face swapping task:
ground-truth face-swapped pairs do not exist in practice.
Self-supervised training in GAN-based methods. GAN-
based face swapping models [5, 25, 37] sidestep this inher-
ent limitation by self-supervised training with pairs of im-
ages from different identities. Given a source image /2. of
identity A and a target image Ift of identity B, the generator
is trained with two explicit objectives applied to the gener-
ated result iy An identity loss encourages Iieqy to share
identity with I;?c, typically by maximizing the cosine sim-
ilarity between features extracted from a pretrained iden-
tity encoder (e.g., ArcFace [7]) applied to both images. An
attribute-related loss encourages I.qy t0 preserve appear-
ance attributes of Igl, commonly implemented by align-
ing attribute-related features from a custom attribute extrac-
tor [25], a GAN discriminator [5], or empirically identified
attribute-sensitive layers of the identity encoder itself [37].
Because a GAN produces a clean image in a single forward
pass, these feature-based losses can be applied directly to
the final output, enabling self-supervised learning without
real swapped pairs.

Why self-supervised paradigm of GAN is inadequate

for diffusion models? This self-supervised paradigm
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Figure 9. Ablation study of guidance scale w on FFHQ. Guidance scale w enables inference-time control of the identity-attribute trade-
off. From our default w = 1.0, increasing w boosts identity transferability at the cost of moderate attribute preservation degradation.
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widely used in GAN methods cannot be directly applied
to diffusion-based face swapping. Identity and attribute-
related features are typically extracted from clean images.
During training, the diffusion model predicts zy from noisy
image z; at various noise levels. At high noise levels
(early timesteps), the predicted zg is far from clean, making
feature-based identity and attribute-related losses unreliable
or undefined, which leads to training infeasible. While such
losses could in principle be applied at low noise levels, this
would require excluding high noise levels (early timesteps)
from training, severely limiting the model’s ability to de-
noise from initial gaussian noise.

The proxy formulation in diffusion-based methods. To
address this, existing diffusion-based face swapping ap-
proaches adopt inpainting as a proxy training task . Instead
of using images from different identities, they use same-
identity pairs: a source image I and a target image Iét of
the same person A. The target image is degraded in a way
that suppresses its identity information, while the source
image provides identity features from the same person. The
diffusion model is then trained to reconstruct the original
clean target I[gAt from its degraded version, conditioned on
features from IZ.. At inference time, replacing the source
with an image from a different identity B, while keeping
the target from identity A, yields a face-swapped result.

In this proxy formulation, the degradation applied to the
target image is the mechanism determining how much iden-
tity information is removed and how much attribute infor-
mation remains. Prior works [16, 54, 57] typically employ
full-face masking, replacing the facial region with black im-
age to ensure strong identity suppression. However, such
masking discards most attribute cues including lighting,
skin tone, makeup, gaze, and expression—which forces the
diffusion model to ’imagine’ these details during genera-
tion. This leads to severe attribute misalignment at infer-
ence time, even when identity transfer succeeds.

Key design questions. Once we recognize that masking is
an unsuitable degradation strategy, adopting an alternative



degradation approach requires addressing two key consid-
erations. First, what degradation operator should be applied
to the target face in order to reliably suppress identity infor-
mation. Second, how strong should this degradation be so
that identity cues are removed while attribute cues such as
lighting, pose, expression, makeup, and accessories remain
exploitable by the model. The degradation design must bal-
ance two competing objectives. If the degradation is too
weak, identity information from the target is still visible,
and the diffusion model can solve the proxy task by recon-
structing the target identity, rather than by learning to rely
on the source identity. This results in poor identity trans-
fer when the source and target identities differ at inference
time. If the degradation is too strong, most appearance cues
are destroyed and the model observes little about the target’s
attributes, which leads it to hallucinate lighting, expression,
or makeup in a target-agnostic manner. In that case, even if
identity transfer is successful, attribute preservation deteri-
orates.

Ablation study design. To validate our design choices and
systematically compare alternatives, we conduct ablation
experiments across two dimensions: (1) degradation type
and (2) degradation strength. Natural candidates for degra-
dation type include: (1) (fully) masking (2) downsampling—
upsampling, (3) Gaussian blurring, and (4) None, as shown
in Fig. 10. For downsampling—upsampling and Gaussian
blurring, we explore multiple degradation strengths cali-
brated so that the resulting degraded faces appear qualita-
tively comparable in terms of visual severity. All teacher
models are trained under a unified protocol for fair com-
parison: we use a two-phase schedule (training without
identity loss followed by training with identity loss), fix-
ing the global step to 5K for each phase, with an effec-
tive batch size of 8. In our notation, Downsample—{N}
refers to downsampling the target face to NV x N res-
olution followed by upsampling back to the original
size. GaussianBlur—{R} denotes Gaussian blur ap-
plied using PIL.ImageFilter.GaussianBlur with
radius=R. We report quantitative results in Tab. 8 and
qualitative results in Fig. 11.

The results reveal a clear trend. As the degradation
strength increases, identity leakage from the target is re-
duced, which helps the model rely more consistently on the
source identity. This yields higher identity similarity and
stronger identity retrieval performance at inference time. In
contrast, using a clean, non-degraded target as the condi-
tional input leads to extremely low identity similarity, con-
firming that explicit identity suppression is necessary.

Increasing degradation strength introduces a moderate
drop in pose and expression performance, reflecting the in-
herent trade-off between identity suppression and attribute
preservation. Nonetheless, these metrics remain consis-
tently higher than those obtained with masking-based base-

Increasing Degradation Strength

N =28 N 16
(b) Downsample-upsample

R =32 R =16 R=38
(c) Gaussian Blur

Figure 10. Example of considered degradation types and
strengths for ablation study of conditional deblurring formu-
lation.

lines. At first glance, pose and expression scores may
appear only marginally different across degradation types.
However, it is important to note that these geometric cues
are already provided to the model through landmark con-
ditioning. Qualitative results in Fig. 11 further demon-
strate that both downsampling—upsampling and Gaussian
blur preserve a wider range of target attributes (particularly
lighting) far more faithfully than masking. This observation
is reinforced by FID, which captures overall visual realism:
masking-based baselines exhibit substantially worse FID
scores because they must hallucinate attributes that are oth-
erwise preserved when using downsampling—upsampling or
Gaussian blur degradations.

We also find that, for a matched degradation level, the
choice between downsampling—upsampling and Gaussian
blur has a smaller impact than the overall strength of degra-
dation itself. Both operators achieve similar identity sup-
pression when calibrated to comparable visual degradation.

Additionally, since some diffusion-based face swapping
methods [16, 54] inject target CLIP features as an auxil-
iary attribute cue, we also evaluate a masking variant con-
ditioned on target CLIP features. However, even with CLIP
conditioning, masking fails to adequately preserve target at-
tributes, as shown in Fig. 11.

In practice, we adopt the downsampling—upsampling
strategy at 8 X 8 resolution as our default. This choice of-
fers a favorable balance between identity suppression and
attribute preservation while being simple, stable, and com-
putationally efficient to implement.

C.2. Design choices for identity loss

As discussed in Sec. C.1, applying identity loss directly in
diffusion models is nontrivial because they do not produce
clean images in a single forward pass. Standard practice
in face swapping is to use a pretrained identity embedding
encoder such as ArcFace [7] to enforce similarity between
the source identity embedding and the embedding of the



N =16

) downsample-upsample

E\ e\
Yy 7 A

(b) Target (d) Masking R =8
(+ target CLIP)

Figure 11. Qualitative results of ablation study on condi-
tional deblurring formulation. ‘Masking’ fails to preserve tar-
get attributes (e.g., lighting) due to excessive degradation, even
when target CLIP [34] features are provided. Without degrada-
tion (‘None’), the model simply copies the target image, failing to
transfer identity. Moderate degradation (‘Downsample-Upsample’
or ‘Gaussian Blur’) successfully alters identity while preserving
target attributes. Note that stronger degradation improves identity
transferability at the cost of precise attribute preservation.

Table 8. Ablation results of conditional deblurring formu-
lation. We compare multiple degradation types and strengths
used for conditional deblurring. Both downsample—upsample and
Gaussian blur exhibit a consistent trend: stronger degradation
increases identity suppression, improving identity transfer while
weakening attribute preservation. Nevertheless, either degradation
method achieves a substantially better identity—attribute balance
than masking-based degradation or no degradation at all.

Degradation type & strength FID| ID Sim.t ID Retrievalt Pose| Expr.]

Masking 793 0.51 87.40/9590  2.59 0.88
Masking (+ target CLIP [34]) 7.87 0.42 68.10/83.60  2.47 0.83
Downsample-8 3.86 0.51 87.40/9420 242 0.78
Downsample-16 2.68 0.47 80.00/90.70  2.04 0.71
Downsample-32 2.16 0.44 69.50/85.40 L.71 0.64
GaussianBlur-32 3.60 0.48 83.70/91.70  2.28 0.76
GaussianBlur-16 2.62 0.46 79.80/90.50 1.95 0.70
GaussianBlur-8 2.08 0.45 74.50/87.90 1.72 0.65
None 0.19 0.07 0.10/0.50 0.27 0.18

generated result. However, these pretrained encoders are
typically trained on clean images and are not designed to
handle the noisy intermediate predictions produced during
diffusion training.

Existing approaches to identity loss in diffusion models.
Prior diffusion-based face swapping methods [54, 57] em-
ploy various strategies to enable identity supervision. Diff-
Swap [57] introduces midpoint estimation, in which the
model takes two denoising steps from the current noisy la-
tent to obtain a cleaner prediction zg, computes the iden-
tity loss on this prediction, and backpropagates the gradi-
ent. REFace [54] applies identity loss to the final output
zp obtained after running N DDIM steps from an initial
noise. While these approaches enable identity supervision
throughout training, they incur substantial memory over-
head due to the additional denoising steps required at each
training iteration. This makes them difficult to scale to large
modern models such as FLUX.1 [3].

Table 9. Ablation study of identity loss application across dif-
ferent timestep ranges. Expanding the range of timesteps at
which identity loss is applied improves identity transferability but
reduces attribute preservation.

Method FID| ID Sim.t ID Retrievalf Pose| Expr.|

Teacher (30%) 4.03 0.47 81.70/92.50 2.57 0.79
Teacher 35%) 4.12 0.48 83.50/94.20  2.55 0.80
Teacher (40%)  6.26 0.57 94.60/97.90 2.88 0.89
Teacher (50%) 7.01 0.58 94.60/98.00  3.03 0.93

Student (35%)  1.92 0.49 82.80/92.00 1.81 0.61
Student (50%)  2.47 0.53 87.50/95.60  2.07 0.65
Student (75%)  3.91 0.58 94.00/98.10  2.52 0.74

Our approach. Following PortraitBooth [31], we adopt a
simpler strategy: applying identity loss only at low noise
levels (late timesteps), where the predicted 2 is sufficiently
clean for reliable feature extraction. The key hyperparam-
eter in this approach is the threshold that defines the low
noise level. We conduct an ablation study on both teacher
and student models to tune this hyperparameter, fixing the
training steps to 5K for all configurations. Note that for the
teacher model, we initialize from a checkpoint pretrained
on FFHQ [23] without identity loss, which differs from the
teacher setting used in the main paper. The student model
configuration remains identical.

For notation, we use model (num%), where num de-
notes the percentage of late timesteps (low noise levels) at
which identity loss is applied. For example, Teacher (30%)
indicates that the teacher model was trained with identity
loss applied to the latest 30% of timesteps. As expected,
there is a trade-off between identity transferability and at-
tribute preservation. Expanding the range of timesteps at
which identity loss is applied improves identity similarity
but introduces a moderate drop in attribute-related metrics
such as pose and expression accuracy. We select a thresh-
old of 35% for the teacher model and 50% for the student
model, balancing identity transfer and attribute preserva-
tion.

C.3. Further boosting GAN via training with our
occlusion-augmented pseudo-triplet

Although diffusion models offer superior generative fi-
delity, GAN-based face swapping remains widely used in
practical applications due to its substantially faster infer-
ence speed, as shown in Tab. 10. Improving GAN perfor-
mance therefore remains an important and complementary
research direction.

Beyond improving diffusion-based models within the
teacher—student framework, our attribute-aware pseudo
triplets can serve as strong supervision for GAN-based face
swapping models also. While some previous works [22, 55]
rely on proxy data generated by older face-swapping mod-
els [13] or reenactment systems [50] to compensate for the
lack of real supervision, such proxy pairs frequently suf-
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Figure 12. Example of applying occlusion augmentation in
pseudo-triplets.

Table 10. Comparison of inference speed between GAN and
Diffusion model. Speeds are evaluated on RTX A6000.

Model Second/Sample |
GAN (CSCS-0) 0.011
Diffusion (APPLE) 19.858

fer from noise-like artifacts, inconsistent lighting or gaze,
and weak attribute alignment, which ultimately reduces
their usefulness as training signals. In contrast, our pseudo
triplets preserve target attributes with substantially higher
fidelity, providing both qualitatively and quantitatively su-
perior supervision compared to GAN-generated proxies.

Table 11. Quantitative results of CSCS-O on FFHQ, which
is trained with occlusion-augmented pseudo-triplets generated
by APPLE (Teacher). Original CSCS [22] reports abnormally
high identity similarity and retrieval scores due to its copy—paste
behavior, which comes at the cost of substantially degraded FID,
pose, and expression performance. CSCS-O, which is trained
with our occlusion-augmented pseudo-triplets, exhibits markedly
stronger robustness to occlusion while maintaining high identity
transferability, attribute preservation, and visual fidelity. This
demonstrates that our pseudo-triplets provide effective training
signals not only for diffusion models but also for GAN-based face
swapping.

Model FID| 1IDSim.t ID Retrievalt Pose] Expr.|
SimSwap [5] 18.54 0.55 94.10/ 99.00 3.11 1.73

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 90.70/9590  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
CSCS [22] 11.00 0.65 99.00/99.50  3.64 1.44

CSCS-O (w/o LPIPS) 598 0.52
CSCS-O (w/ LPIPS) 4.55 0.54

90.20/97.10  2.04 1.23
90.40/96.40  2.12 1.30

CSCs-0 CsCs-0
w/o LPIPS w/ LPIPS

Source CSCs

(a) Hands

(b) Objects

Results of CSCS trained with our occlusion-
CSCS-0O, which is variant of
CSCS [22] trained with our occlusion-augmented pseudo-triplets,
exhibits greatly improved robustness to occlusions compared to
baseline (CSCS), especially when trained with LPIPS [56] loss.

Figure 13.
augmented pseudo-triplets.

In addition, our pseudo triplets can be further extended
with occlusion augmentation, enabling direct supervision
for training models to be robust under real-world occlusions
such as hands, accessories, or objects covering the face. As
show in Fig. 12, we overlay hand and random object oc-
clusions on the target images in our pseudo-triplets and use
these occluded pairs as supervision, following [48]. A key
challenge here is that the identity loss encourages the gen-
erator to reconstruct the source identity across the entire fa-
cial region, which causes the model to overwrite occluding
objects with hallucinated face components. To prevent this
undesired behavior, we additionally employ an LPIPS [56]
loss between the generated image and the occluded pseudo
target. This perceptual loss encourages the generator to re-
spect the structure and texture of the occlusion, preventing
it from being incorrectly “corrected” to a facial region. As



Table 12. Training cost breakdown. Cost is calculated assuming
4xRTX A6000 GPUs. The full training pipeline takes approxi-
mately 13 days, which is reasonable even compared to single-stage
methods. For example, REFace reports 18 days of training cost on
2xA100 GPUs.

Stage Time (days)
Teacher training (65K steps) 4.3
Pseudo-triplet generation (50K images) 5.78
Student training (15K steps) 2.4
Total 12.78

a result, LPIPS stabilizes fine-tuning under occlusion, en-
abling the model to maintain identity similarity where ap-
propriate while faithfully preserving the occluding objects.

We evaluate the effectiveness of our occlusion-
augmented pseudo-triplet by fine-tuning a representative
GAN-based model, CSCS [22], and report quantitative re-
sults in Tab. 11 and qualitative results in Fig. 13. We denote
the model trained with our occlusion-augmented pseudo-
triplets as CSCS-O. Qualitatively, CSCS-O demonstrates
markedly improved robustness to occlusions compared to
models trained with conventional proxy data, particularly in
settings where LPIPS loss is used. Quantitatively, it yields
substantial gains in FID, pose, and expression consistency
while maintaining strong identity transferability.

C.4. Training cost breakdown

We report the training cost breakdown of our teacher-
student framework in Tab. 12. The teacher model is trained
for 15K iterations without identity loss and 50K iterations
with identity loss, while the student model is trained for
15K iterations with pseudo-triplet generated by the teacher
model. The overall training time is approximately 13 days
on 4xNVIDIA A6000 GPUs.

D. Limitations and future directions

While our teacher—student framework generally performs
robustly, it still relies on several external modules such
as 3DMM landmarks, gaze landmarks, and segmentation
maps, when constructing pseudo-triplets for student train-
ing. Errors introduced by these modules may propagate into
the pseudo-triplet, which may influence the downstream
student training. Reducing this dependency, or designing
architectures that are more resilient to errors of external
module, is an important direction for future work. Addition-
ally, improving the inference efficiency of diffusion mod-
els and extending the framework to video face swapping
present promising avenues for further research.
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Figure 14. Qualitative results. Face swapping results on the FFHQ dataset [23] compared with existing baselines. APPLE effectively
preserves the target image’s attributes while faithfully transferring the source identity.
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Figure 15. Qualitative results. Face swapping results on the FFHQ dataset [23] compared with existing baselines. APPLE effectively
preserves the target image’s attributes while faithfully transferring the source identity.



APPLE(Ours) SimSwap CSCS FaceDancer InfoSwap DiffSwap Diffface FaceAdapter REFace

Target

Source

Naturalness / Quality

Figure 16. Qualitative results. Face swapping results on the FFHQ dataset [23] compared with existing baselines. APPLE effectively
preserves the target image’s attributes while faithfully transferring the source identity.
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Figure 17. Qualitative results. Face swapping results on the FFHQ dataset [23] compared with existing baselines. APPLE effectively
preserves the target image’s attributes while faithfully transferring the source identity.
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