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Abstract

Diffusion-based face swapping has recently demon-
strated superior visual quality compared to GAN-based
approaches; however, existing methods often suffer from
fine-grained artifacts and weak identity preservation due
to limited modeling of 3D facial structure. To address
these limitations, we propose DiffSwap++, a novel face-
swapping pipeline that leverages 3D-aware latent repre-
sentations to guide the diffusion generation process, en-
abling improved disentanglement of identity from pose
and expression. Our method conditions the diffusion ar-
chitecture on source identity embeddings and target fa-
cial landmarks, producing high-fidelity swaps that pre-
serve the source identity while maintaining target at-
tributes. Extensive experiments on three public datasets,
supported by biometric evaluations and human user stud-
ies, demonstrate that DiffSwap++ consistently outperforms
prior state-of-the-art methods in identity retention and per-
ceptual realism. Code will be made publicly available at
https://github.com/WestonBond/DiffSwap PP

1. Introduction

Face swapping is the task of transferring the identity
from a source face image onto a target face image while
preserving the background, pose, and expression of the tar-
get. Earlier methods have shown promising results, through
the use of GAN-based architectures that integrate identity
features from the source image with attribute features (e.g.,
pose, expression) from the target image [6, 39, 20, 40].
However, GAN training is inherently unstable, and quali-
tative evaluations reveal noticeable limitations in the real-
ism and consistency of generated swapped faces[26]. To
address the training challenges and generation artifacts as-
sociated with GANSs, recent approaches have explored the
use of diffusion models for face swapping, demonstrating
improved fidelity and robustness [16, 43, 1].

While diffusion-based methods generate high-fidelity
face swaps through multi-step processes using either
DDPM [13] or DDIM [35], they remain prone to fine-
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Figure 1. Comparison between Diffswap++ and previous diffusion
methods showcasing the lack of artifacts and deformations in our
swapped outputs.

grained artifacts. This limitation arises from their strong
dependence on training data that sufficiently captures such
challenging scenarios. Unlike unconditional models, which
generate data without explicit guidance, conditional dif-
fusion models enable control over the generation process
by incorporating auxiliary inputs such as text descriptions,
class labels, or images [2]. The aforementioned face-
swapping approaches such as DiffFace [16], DiffSwap [43],
and REFace [1] leverage conditional diffusion frameworks
using different identity conditioning strategies including
identity embeddings, landmark features, or pretrained CLIP
features [27]. However, these methods do not explicitly in-
corporate the underlying 3D facial structure, which can be
critical for achieving robust, controllable, and photorealis-
tic face-swapping results. Although DiffSwap utilizes 3D
facial features, their use is limited to incorporating 3D face
landmarks at inference and not directly employed to guide
the training process.

To address the lack of 3D awareness in diffusion-based
face-swapping approaches, we propose DiffSwap++, a
novel pipeline that incorporates 3D facial information dur-
ing training, yet operates without any 3D features at infer-
ence time. By integrating 3D latent features during training,
our method achieves enhanced visual realism and improved
levels of identity preservation. As shown in figure 1 This
3D supervision enables the model to more effectively dis-
entangle facial identity from pose and expression. Specif-
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ically, we leverage a 3D face reconstruction model [3] to
project 2D face images into 3D latent embeddings, which
are then rendered back into 2D views. These 3D-aware la-
tent features, capturing the structural layout of the face, are
used to guide the diffusion model during training. Our pro-
posed diffusion pipeline formulates face swapping as a tar-
get inpainting task, conditioned on both facial landmarks
and identity embeddings.

Through extensive experiments on the CelebA [19],
FFHQ [15], and CelebV-Text [41] datasets, we find that our
model consistently outperforms existing methods in pre-
serving the identity of the source face during swapping,
while also maintaining comparable performance in retain-
ing the structural attributes of the target face. Additionally,
inspired by evaluation practices in biometric recognition re-
search [25, 24], we assess the identity preservation capabil-
ities of our model and several baselines by analyzing the
trends between Impostor Attack Presentation Acceptance
Rate (TAPAR) and the False Reject Rate (FRR) across vary-
ing acceptance thresholds. This biometric-style evaluation
provides a more rigorous and quantitative understanding of
how effectively each method retains the source identity dur-
ing face swapping.

Our main contributions are summarized as follows:

* We propose DiffSwap++, the first face-swapping
framework that leverages 3D facial latent features
to guide a diffusion-based generation pipeline. Our
method incorporates 3D geometric cues during train-
ing while remaining fully 2D at inference.

* We conduct extensive experiments on three publicly
available datasets that demonstrate the superior iden-
tity preservation and structural consistency of our ap-
proach. Additionally, a user study confirms that Diff-
Swap++ produces more realistic and visually convinc-
ing face swaps compared to prior methods.

* We introduce a novel evaluation perspective for face-
swapping models by analyzing trends between IAPAR
and False Reject Rate FRR, offering a rigorous bio-
metric analysis of identity preservation performance.

2. Related Work
2.1. GAN Face-Swapping Approaches

Generative Adversarial Networks, GANs are a class
of deep learning models that can generate realistic im-
ages [11]. Earlier approaches to the face-swapping task
utilized GANSs, training them to swap the attributes of a
source face image onto a target face image while preserv-
ing the pose and expression of the face in the target im-
age [6, 39, 20, 40]. Despite promising results from many of
these GAN based approaches to face-swapping, these mod-
els continued to experience issues inherent to GAN models

such as a lack training stability and requiring careful hy-
perparameter tuning. These approaches also largely failed
to produce high fidelity results that are often desired when
performing face-swapping. More recently diffusion based
approaches to face swapping have been introduced to rem-
edy these issues.

2.2. Diffusion Face-Swapping Approaches

Diffusion models offered the training stability and high
fidelity that GANs lacked, showing promising improve-
ments on image synthesis [9]. The first face-swapping
framework utilizing a diffusion approach came in Diff-
Face [16]. The DiffFace framework proposes the training
of an ID Conditional DDPM [13], the output of which re-
quires multiple stages of guidance at inference and needs to
be progressively blended onto the original target face. Diff-
Swap [43] posed face-swapping as an inpainting task where
only the central portion of the face is considered as a can-
didate for swapping, eliminating the need for any blending
at inference. REFace [1] leverages features from an image
foundation model (CLIP [27]) in the face-swapping pipeline
to provide the model with a semantic understanding of both
the source and target face images. These methods lead to
face-swaps which either contain artifacts or make only sub-
tle modifications to the target faces and fail to transfer the
identity of the source face effectively. These issues can be
minimized by utilizing 3D features to disentangle face iden-
tity from pose and expression.

2.3. 3D Awareness in Diffusion Models and Face-
Swapping Approaches

Previous works have integrated 3D awareness in 2D
diffusion processes [36, 34, 5]. MVDiffusion [36] pro-
poses a method for multi-view image generation by inte-
grating camera pose conditioning and enforcing geometry
constraints across latent representations. The diffusion pro-
cess is further guided by cross-view attention, ensuring that
image outputs remain consistent with underlying 3D scene
structure. 3DFuse [34] conditions a pretrained 2D diffusion
model using rendered depth maps from a coarse point cloud
generated with a text prompt. This 3D structure is injected
during sampling, allowing the 2D images to better reflect
realistic shapes and poses. GeNVS [5] utilizes a learned la-
tent 3D feature volume derived from a single source image.
This latent space can then be rendered into novel views and
the result is used to condition a 2D diffusion model, allow-
ing for 3D-aware novel view synthesis with 2D outputs.

Face-swapping methods have also attempted to imple-
ment 3D features. Some GAN based models utilize 3D
features in their face-swapping pipelines. HiFiFace [39]
generates 3D reconstructions of both the source and target
faces, utilizing the shape information provided by these re-
constructions for guidance during training. 3dSwap [21]



projects 2D faces into the 3D latent space where face-
swapping is performed before the 3D swapped face is then
rendered back to 2D. However, this method requires cam-
era position information at inference to perform face swap-
ping so the results of this model are notably absent from our
comparison. The only diffusion-based approach to the face-
swapping task that is 3D aware is DiffSwap [43]. However,
in DiffSwap the use of 3D features is rather limited as 3D
face reconstruction is only used to generate landmarks that
are provided as input to the UNet at inference. Our pro-
posed method brings 3D awareness to the task of diffusion-
based face-swapping in a much more substantial way as we
utilize informative 3D latent features that are incorporated
as conditioning features during the training stage. Diff-
Swap++ does not require 3D features at inference.

3. Proposed Method: DiffSwap++
3.1. Preliminaries on Diffusion Models

To mitigate the computational expense of pixel-space
generation, DiffSwap++ operates entirely within the se-
mantic latent space of a pretrained Latent Diffusion Model
(LDM) [29]. Furthermore, to improve training and sam-
pling efficiency over standard Denoising Diffusion Proba-
bilistic Models (DDPMs) [13], we build upon Denoising
Diffusion Implicit Models (DDIMs) [35], which abandon
the Markov assumption in favor of a deterministic update to
predict the fully denoised representation 2y at each step.

3.2. Face-Swapping Task

To formulate the face-swapping task, given a source im-
age z° and a target image x!, the goal is to generate a
new image in which the facial identity matches that of the
source image x°, while preserving the pose, expression, and
background of the target image x*. In our proposed Diff-
Swap++, we train a diffusion model for conditional inpaint-
ing, where the region consisting of the face of the target
image is masked, and the face is reconstructed using condi-
tioning features in the diffusion process. These conditioning
features include the identity features of =° and characteristic
features of z¢. Along parallel lines of research, ReFace [1]
introduces CLIP [27] features of both x® and ! as condi-
tioning. However, these features fail to capture the fine-
grained expressions of the source face x° and the general
pose of the target face z° and hence result in swaps which
lack photorealism. To mitigate this, we introduce 3D latents
into the diffusion model to guide the generative process in
maintaining the pose and expression of the target face !
while preserving the identity of the source face x°.

3.3. Conditioning for Diffusion Guidance

For effective face-swapping, it is essential for the gener-
ated image to preserve (i) the identity of the source image x°
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Figure 2. The 3D features are extracted from an encoder trained for
3D face reconstruction and are projector into a compatible feature
dimension to be used as a conditioning feature in DiffSwap++.

and (ii) pose and expression of the target image z. To ob-
tain the identity features fip of =, latent representations of
a pretrained Face Recognition model Fip (e.g. ArcFace [7],
CosFace [38]) are projected using an MLP Pp:

fio = Pp(Fip(z®)). (D

To extract pose and expression features, the facial land-
marks obtained from a landmark extractor Fiy are pro-
jected using another MLP P, ) to obtain the landmark fea-
ture representation of the target face x‘:

foave = Pov(Fra(2h)). 2

While these landmark features capture 2D information
about the pose and expression of the target face, they are
often insufficient in challenging scenarios where the pose
or expression deviates significantly from that of the source
image. In such cases, diffusion models struggle to generate
realistic and coherent face swaps. To address these chal-
lenges, DiffSwap++ incorporates 3D latent representations
of both the source and target images to more effectively
guide the diffusion process, with the extraction of these 3D
features depicted in Fig. 2). Our overall conditioning pro-
cess can be viewed in Fig. 3.

3D Conditioning Latent. In DiffSwap++, we incorpo-
rate 3D latent features as conditioning vectors for cross-
attention with the Diffusion UNet. These 3D latents are
generated by leveraging the encoder, &, from a pretrained
GAN model. During training the encoder is used to project
an input image x into latent space W to get a 3D aware high-
dimension intermediate latent vector w,. Then the pre-
trained EG3D[3] generator G is used to generate a triplane
3D representation of x before rendering this representation
back into a final 2D reconstruction 2’ = G(w,,d) where
d is the input camera direction of = estimated by Deep3d
Face Reconstruction[8]. Additionally, the EG3D genera-
tor is used to generate another view of the input face & =
G(w,, d) where d is a random camera direction. This new
view of the input face is then fed into the encoder to get w;
and the reconstruction process is repeated once again to pro-
duce &' = G(ws, d). The overall optimization of this model
can be written as: ming{L(x, 2")+nL(x, &)+ L(wy, wz)}.
The latent representations generated by this encoder are of
a standard dimension for 3D face representations consistent
with that of EG3D[3].

The latent space is hierarchically organized by fea-
ture frequency, inherited from the underlying 3D generator
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Figure 3. Overview of the condition generation pipeline for DiffSwap++. We utilize the standard landmark and identity features alongside

our 3D features, novel to diffusion face-swapping.
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Figure 4. Our proposed feature generation pipeline. The ob-
tained features are fed as conditional input to our Diffswap++ dif-
fusion model.

structure. We categorize these into three levels of granular-
ity to analyze their specific impacts:

* Coarse-grained (Layers 1-4): These layers con-
trol low-frequency structural geometry, including head
shape, volumetric features, and pose orientation. They
provide the fundamental geometric “canvas” of the
source identity.

* Middle-grained (Layers 5-9): These layers govern
localized facial features and semantic attributes, such
as eye shape, mouth structure, and specific expression
nuances.

* Fine-grained (Layers 10-14): These layers represent
high-frequency details, including skin texture, lighting
conditions, and color schemes.

The final 3D latent f3p captures the holistic structural iden-
tity by aggregating these complementary frequencies. Thus,
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Figure 5. Training pipeline for DiffSwap++. This figure highlights
our primary DDIM training pipeline where we perform both re-
construction and face-swapping.

Here, P}, and Pjj, are MLPs to project the 3D latents of the
source and target images and L is the number of layers of the
latent features. Finally, all latent features are then combined
to create the final conditioning feature f as follows

f = wspfip + wp fip + wrm frm (6)

where wsp, wip and wp, s are weights for aggregation as
illustrated in Figure 4.

3.4. Training Objective of DiffSwap++

Our training objective fuses three complementary losses
as illustrated in Fig 5, viz., denoising diffusion, identity
preservation, and perceptual similarity, optimized in two
sequential steps. In the face-reconstruction step, a U-Net
denoiser €y learns to infer the Gaussian noise € injected at
a random diffusion timestep ¢. Given the noisy sample z;,
its timestep embedding z?, a spatial mask M?", and our
fully conditioned 3D aware feature token f,ccon distilled
from the target image, the network is supervised with the
mean—squared error:

LRecon = Et,:co,e Heo(zt, Mtar7 freconat) - 6”; (7



The face—swapping step fine-tunes a DDIM sampler, so that
its intermediate latents 2;(¢ = 1... N) transmit the source
identity while blending seamlessly with the target context.
To calculate our losses the intermediate latents are pro-
cessed through a decoder D and, for Lip, an ArcFace [7]
identity encoder &:

Lip = Z (1 — <5(D(20(zi7ti)) ® Mt), g(xs ® Ms)>)

i=1

®)
where M* and M? are source and target face masks respec-
tively and (,-) denotes cosine similarity. Visual coherence
with the target background is promoted via a learned per-
ceptual image patch similarity (LPIPS) metric[42],

N
Lps = ZLLPIPS(D(%O(Zi-,ti))7xt) )
i=1

The total loss L, is thus a‘ combination of reconstruction,
identity and perceptual similarity losses denoted as

Lotal = LRecon + WLpLip + wps Lps (10)

where wip and wpg trade off identity preservation against
perceptual realism. This two-step optimization first instills
a strong generative prior through accurate face reconstruc-
tion, then aligns the model with the face-swapping objec-
tives without sacrificing realism or identity fidelity.

4. Experiments

Datasets. DiffSwap++ is trained on the CelebA-HQ [14]
dataset where the images are of high quality version of the
CelebA [19] dataset. The dataset comprises of 30k images,
of resolution 1024 x 1024, of which 28k are used for train-
ing and the remaining for evaluation. In addition, for out-of-
domain (OOD) data, we use the FFHQ dataset [15] for eval-
uation. FFHQ contains 70k high quality face images and we
utilize the last 2k images for our evaluation. For biomet-
ric evaluations for source identity consistency in swapped
faces, we use the CelebV-Text [41] dataset. We sample 50
frames from each of 20 videos from the dataset to perform
face-swapping.

Implementation Details. In all our experiments, the im-
ages are resized to 512 x 512. The denoising network (ep) is
a U-Net architecture [30]. For the 2D conditioning features,
ID features are extracted using ArcFace [7]. We obtain 68
face landmark positions from DLib [17]. The 3D condition-
ing feature latents are generated by leveraging an encoder
with a feature pyramid architecture from pSp [28] that is
pre-trained to generate 3D latent representations of 2D faces
in 3DSwap [21]. These conditioning features are integrated
into the diffusion process using cross attention [22] with
each U-Net layer.

Our model is trained on 4 NVIDIA A6000 GPUs
(48GB). We train our model for 20 epochs with a global
batch size of 4 and initialize our training for stable diffu-
sion [29]. During training, we perform 7' = 1000 noising
time-steps and N = 4 DDIM [35] steps. During inference,
50 DDIM [35] steps are used. For the weighted sum in
equation 6 to calculate f, we utilize the hyperparameters
wsp = 1.0, wp = 10.0, and wym = 0.05. For the weighted
sum in equation 10 to calculate Ly,,,, we utilize the hyper-
parameters wip = 0.3 and wps = 0.1.

Evaluation Protocol. We benchmark the face-swapping
performance of DiffSwap++ on the CelebA-HQ [14] and
FFHQ [15] test sets. Specifically, each method is applied to
an identically constructed set of 1000 source faces and 1000
target faces, yielding 1000 source—target pairs and ensuring
strictly comparable conditions across all baselines. To as-
sess the potential security risks, we report Fréchet Informa-
tion Distance (FID) [12] to indicate the difficulty of detect-
ing generated samples compared to real data. We measure
impersonation potential using top-1 and top-5 retrieval ac-
curacy, which proxies the success rate of bypassing iden-
tity verification systems. For the identity metric, ArcFace
[7] is used to embed every source and swapped face, af-
ter which cosine similarity determines the nearest neighbors
among the source set. Pose and expression measured as
the /5 distance between head-pose estimates from HopeNet
[10] and expression coefficients from DeepFace3DRecon
[8] are evaluated to ensure the contextual consistency neces-
sary to deceive human observers in dynamic environments.
All baseline methods are evaluated using their officially re-
leased code and publicly available pretrained checkpoints.
Note that the results for ReFace [1] are obtained from a
model we trained for 20 epochs using the exact hyperpa-
rameter settings reported in the original paper, to ensure a
fair comparison.

Table 1. Inference time and memory usage per image.

Method Type Time (s) VRAM (GB)
DiffFace Diffusion 37.77 8.15
DiffSwap Diffusion 5.20 8.07
FaceDancer GAN 0.80 1.65
HiFiFace GAN 0.04 2.80
REFace Diffusion 3.44 18.68
DiffSwap++ Diffusion 3.35 18.69

Inference Efficiency. Table 1 compares the compu-
tational efficiency of our method against state-of-the-art
baselines. In terms of inference speed, DiffSwap++ re-
quires 3.35s per image at inference, substantially faster than
diffusion-based baselines: ~ 11x faster than DiffFace and
~ 1.5x faster than DiffSwap, while remaining on par with
REFace. In terms of memory, DiffSwap++ uses 18.69 GB
VRAM. Although higher than lightweight methods such as
FaceDancer [31], it is comparable to high-fidelity frame-
works and fits within the capacity of modern GPUs.



Table 2. Comparison on CelebA [19] dataset.

Table 3. Comparison on FFHQ [15] dataset.

Method FID, ITDOI)rfltr‘;z;'_g Pose] Expr.] Method FID, ITDopr_elt“;Z:'_g Pose| Expr.]
HiFiFace [39] 13.97 86.4% 93.9% 3.01 1.19 HiFiFace [39] 11.85 74.0% 86.3% 3.20 1.39
FaceDancer [31] 12.25 79.0% 92.9% 2.32  0.65 FaceDancer [31] 945 759% 87.6% 243 0.70
DiffFace [16] 949 93.0% 97.2% 3.19 1.01 DiffFace [16] 8.72 86.9% 94.0% 3.67 1.30
DiffSwap [43] 829 169% 349% 213 0.76 DiffSwap [43] 6.21 349% 557% 243 1.03
SimSwap [6] 10.61 90.3% 93.3% 221 0.78 SimSwap [6] 948 77.8% 81.7% 239 0.92
REFace [1] 7.01 92.7% 96.9% 3.30 1.01 REFace [1] 6.45 91.0% 955% 3.69 1.07

DiftSwap++ (w/o 3D) 8.80 86.0% 94.1% 3.48 1.06
DiffSwap++ (NeRF Feat.) 9.64 92.0% 96.9% 4.16 1.12
DiffSwap++ (e4e Enc.) 724 91.4% 97.0% 3.94 1.05
DiffSwap++ 6.42 94.7% 98.2% 3.29 1.00

DiftSwap++ (w/o 3D) 995 842% 924% 3.56 1.09
DiffSwap++ (NeRF Feat.) 10.75 93.4% 98.1% 5.32 1.16
DiffSwap++ (e4e Enc.) 574 941% 97.6% 4.07 1.09
DiffSwap++ 6.57 951% 98.4% 3.70 1.07

4.1. Comparison with the State-of-the-Art

Face-Swapping on CelebA-HQ and FFHQ. In Ta-
ble 2, we compare DiffSwap++ against state-of-the-art
face-swapping methods, as well as a variant of Diff-
Swap++ trained without 3D features, using 1,000 source—
target pairs from CelebA-HQ [14]. In Table 3, we fur-
ther evaluate DiffSwap++ under out-of-domain (OOD) face
swapping on the challenging FFHQ [15] dataset. Across
both datasets, DiffSwap++ achieves the highest top-1/top-5
identity retrieval accuracy and the lowest Fréchet Informa-
tion Distance (FID), demonstrating that it produces swaps
that are both photorealistic and highly effective at induc-
ing false acceptances in recognition systems. Importantly,
pose and expression similarity remain competitive with the
strongest baselines, indicating that improved identity fi-
delity is not obtained at the expense of geometric or affec-
tive consistency.

We note that identity retrieval is inherently at odds
with pose and expression preservation: methods that min-
imally modify the target face typically achieve strong
pose/expression scores but fail to transfer the source iden-
tity. Consequently, approaches reporting low identity re-
trieval often exhibit favorable pose and expression metrics,
as they avoid the structural changes required to preserve the
source identity in the swapped result. This trade-off is re-
flected in our results: DiffSwap [43], SimSwap [6], and
FaceDancer [31] largely preserve the target pose and ex-
pression, yielding strong scores on those metrics, but their
limited identity transfer leads to higher FID and substan-
tially lower identity-matching performance. In contrast,
DiffSwap++ strikes a more balanced compromise, achiev-
ing state-of-the-art identity preservation while maintaining
the target’s pose and expression with minimal degradation.

In Table 2 and Table 3, we further observe that our 3D-
aware latent features are more effective for training than
alternative 3D feature extraction strategies. Specifically,
we evaluate (i) replacing our 3D features with NeRF fea-
tures extracted using a pi-GAN [4] model pretrained on
CelebA [19], and (ii) substituting the pSp [28] encoder in
our 3D pipeline with an ede [37] encoder. Although both
variants converge faster (8 epochs for ede and 10 epochs

for NeRF) and improve ID retrieval, further supporting the
robustness of our 3D guidance, their overall performance
remains inferior to DiffSwap++.

Biometric Evaluation for Deepfake Detection. To gauge
how faithfully a face swapping method propagates source
identity under a biometric lens, it is natural to analyze
the Impostor Attack Presentation Acceptance Rate (IAPAR)
metric across different acceptance thresholds [25, 24]. Bio-
metric security systems use IAPAR to estimate their ef-
fectiveness in identifying fraudulent faces instead of incor-
rectly accepting them as genuine users. We utilize JAPAR
to strictly evaluate the impersonation success of the swap
acting as a presentation attack, distinguishing this metric
from standard detection metrics like AUC.

For each model, we construct a face-swap corpus on
CelebV-Text [41] by randomly selecting 20 videos, sam-
pling 50 frames per video as targets. We replace each tar-
get face with a single source frame drawn from a different
video, yielding 1000 swapped frames per method. FaceNet-
512 [32] embeddings are extracted from every swapped
frame and its corresponding source image, and cosine sim-
ilarity scores are thresholded over the full [0, 1] range; IA-
PAR is then the fraction of swapped frames whose similar-
ity exceeds the threshold, i.e., the rate at which an imposter
presentation (the swap) is incorrectly accepted as the gen-
uine source. We compute the False Reject Rate (FRR) in
an analogous way, but using 50 original frames from the
same video as the source image. In Fig. 6, we plot the per-
centage of ground truth frames that fail to match the iden-
tity of the corresponding source image at thresholds ranging
from 0 — 1. DiffSwap++ maintains a high threshold demon-
strating high-fidelity face-swaps that preserve the source
face identity. SimSwap [6] demonstrates a higher threshold
than DiffSwap++. However, qualitative inspection in Fig. 7
shows that SimSwap generates visually implausible swaps
failing to properly integrate the source identity onto the tar-
get features, leading to swaps which are similar in identity
to the source. On the other hand, DiffSwap++ generates
swaps that maintain realism.



1.0 -- FRR
DiffFace
DiffSwap
FaceDancer
HiFiFace
Ours
REFace
SimSwap
No3D

Rate

0'%.0 0.2

0.4 0.6 0.8 1.0
Threshold

Figure 6. A comparison of IAPAR for all models at different
thresholds against FRR.

Source Target Ours SimSwap

Figure 7. Comparison between DiffSwap++ and SimSwap on
CelebV-Text video frames.

4.2. Ablation Analysis

To understand how the 3D conditioning latent should
be incorporated into the face-swap network, we experiment
with five integration schemes for the 14 x 512 feature tensor
produced by the 3D Feature Extractor [3]. The first strat-
egy performs a global average over the layer axis, yield-
ing a single 512-D descriptor (‘Avg. Pool’). The next three
strategies pool only over specific layer groups that roughly
correspond to ‘Coarse’ (layers 1-4), ‘Middle’ (5-9), and
‘Fine-Grained’ (10-14) geometry and appearance, respec-
tively. Finally, we replace pooling with a learnable linear
projection that selects a weighted combination of all 14 lay-
ers. Each variant is trained for five epochs under identi-
cal hyper-parameters, and its quantitative performance on
FFHQ[15] is reported in Table 4. This table reveals the spe-
cific influence mechanisms of different granularity levels.

Impact on Identity: The “Coarse” variant yields the
lowest identity retrieval (44.30%), indicating that while
head shape is necessary, it is insufficient for robust recog-
nition without textural details. The “Fine-Grained” variant
performs better (64.40%) by capturing skin texture, yet fails
to achieve state-of-the-art results without the structural sup-
port of the coarse layers. The superior performance of “Avg.
Pool” (79.30%) confirms that identity is a composite of both
structural geometry and textural appearance.

Impact on Pose Consistency: Notably, the “Coarse”
variant results in higher pose error (/2 distance of 3.88) com-
pared to “Fine-Grained” (3.56). We attribute this to the en-

tanglement of source pose within the coarse layers; rely-
ing exclusively on coarse source latents creates a geometric
conflict with the target’s pose mask. By utilizing the full
hierarchy, “Avg. Pool” balances structural identity transfer
while mitigating these geometric conflicts, as evidenced by
its robust performance across all metrics.

We additionally provide results for variants of our model,
each trained for five epochs, in Table 4 where it is evident
that 4 DDIM steps provide the best balance during training
and that both identity and landmark features are required for
training a face swapping model of this nature.

Table 4. Ablation studies on 3D Condition Generation and DDIM
Steps/Loss Components on FFHQ dataset.

Method FID| Tl(f:)_rlet“e;zjs Pose| Expr.
3D Condition Generation

Avg. Pool 572 78.80% 90.20% 4.40 1.04
Coarse 6.59 46.90% 6590% 4.11 1.04
Middle 721 5420% 73.80% 4.12 1.09
Fine-Grained 5.68 65.60% 79.80% 3.85 1.04
Linear Proj. 6.27 50.90% 69.80% 3.88 1.05
DDIM Steps and Loss Components

DiffSwap++ 5.72 78.80% 90.20% 4.40 1.04

DiffSwap++ (w/o ID Feat.) 15.84 0.10% 0.70% 5.88 1.15
DiffSwap++ (w/o LM Feat.) 42.19 0.30% 0.60% 20.84 2.54
DiffSwap++ (2 DDIM Steps) 9.28 32.30% 50.30% 5.58 1.27
DiffSwap++ (6 DDIM Steps) 27.7 11.40% 27.30% 491 1.40

4.3. Qualitative Evaluation

Qualitative comparisons between all models are pro-
vided in Fig. 8. Three recurrent failure modes observed
in prior works are highlighted in Fig. 9 and compared to
the face-swaps produced by DiffSwap++. First, visual ar-
tifacts hallucinated eyeglass rims, hollow pupils, or irregu-
lar chin textures are prominent in the REFace [1] outputs.
These irregularities serve as clear indicators for forgery
detection algorithms. In contrast, DiffSwap++minimizes
these cues, producing anatomically consistent geometry
that significantly complicates the task of distinguishing syn-
thetic content from authentic. Second, several methods
synthesize anatomically implausible faces that break fa-
cial geometry; this is readily apparent in the face-swaps
generated by HiFiFace [39], but is absent in the ones by
DiffSwap++, whose structure adheres to plausible facial
morphology. Third, approaches such as DiffSwap often
leave the target face intact, effecting only superficial alter-
ations; although this strategy yields high pose and expres-
sion scores, it fails to convey the source identity and there-
fore fares poorly on retrieval metrics. By contrast, Diff-
Swap++ achieves a more balanced transformation, preserv-
ing identity while respecting target pose and expression, and
doing so without introducing artifacts or geometric distor-
tions.

User Study for Face-Swap Evaluation. To evaluate
the risk of deceiving human moderators, we conducted a



Figure 9. Comparison highlighting issues with other models (arti-
facts highlighted in red).

Table 5. User Study Results

Metric Method | Mean | Var 95% CI
Ours 346 | 0.32 | [3.06, 3.86]
Identity REFace 3.20 | 0.23 | [2.86, 3.54]
Hifi 2.58 | 0.26 | [2.22,2.94]
DS 246 | 0.33 | [2.05,2.87]
Ours 3.14 | 0.32 | [2.74, 3.54]
Expression REFace 3.22 | 0.19 | [2.91, 3.53]
Hifi 2.72 | 0.39 | [2.27, 3.17]
DS 3.57 | 042 | [3.11,4.03]
Ours 3.65 | 0.29 | [3.26, 4.04]
Pose REFace 348 | 0.04 | [3.33,3.63]
Hifi 3.08 | 0.29 | [2.70, 3.46]
DS 4.11 | 0.25 | [3.75,4.47]

user study involving 10 volunteer participants. As human
inspection remains a primary layer of defense in media
verification, assessing the perceptual convincingness of the
output is crucial. Each participant was presented with 10
sets of face-swapped images along with their corresponding
source and target images. Each set included one face swap
from DiffSwap++, REFace [1], HifiFace [39], and Diff-
Swap [43]. Participants were asked to rate each face swap
on three criteria: identity preservation, expression preser-
vation, and pose preservation using a 5-point Likert scale,
where 1 indicates the lowest quality and 5 indicates the
highest. To eliminate bias, the order of face swaps within
each set was randomized, and the names of the models
were not disclosed. The quantitative results, summarized
in Table 5, demonstrate that DiffSwap++ achieves the high-

est mean perceptual quality in identity preservation (3.46).
While the performance gap with the strong baseline REFace
(3.20) is not statistically significant (p = 0.26), indicat-
ing comparable reliability between the two methods, the
95% confidence interval for DiffSwap++ ([3.06, 3.86]) ex-
tends higher than that of REFace (][2.86, 3.54]), suggesting
a higher upper bound for identity preservation. In contrast,
our method significantly outperforms HifiFace (p = 0.006)
and DiffSwap (p = 0.014), the latter of which sacrifices
identity retention (2.46) for expression. Regarding sta-
bility, DiffSwap++ maintains a balanced variance profile
(62 ~ 0.32) across all metrics. This stands in contrast
to DiffSwap, which exhibits higher instability in expres-
sion (02 = 0.42), and REFace, which, while highly stable
(0% = 0.04 in pose), fails to reach the high-fidelity peaks
achieved by our method in both Identity and Pose. Thus,
DiffSwap++ offers the most effective balance of high mean
fidelity and consistent generation quality.

5. Conclusion

In this work, we propose DiffSwap++, a diffusion-based
face-swapping pipeline that incorporates 3D facial features
during training to effectively disentangle identity from pose
and expression, enabling more accurate identity preserva-
tion in face-swapped images. Our approach is efficient at
inference and achieves state-of-the-art performance in iden-
tity preservation, while maintaining comparable levels of
pose and expression fidelity. We validate the effectiveness
of our method through extensive experiments on three pub-
lic datasets, including a biometric-style evaluation designed
to rigorously assess identity preservation capabilities.
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A. Overview
The Supplementary material is organized as follows:
* Section B: Additional Quantitative Results

¢ Section C: Additional Qualitative Results

B. Additional Quantitative Results
B.1. Ablation Studies

Additional results for variants of our model, each trained
for five epochs, are provided in Table 6. It is further evident
that 4 DDIM steps provide the best balance during training
and that both identity and landmark features are required for
training a face swapping model of this nature.

Table 6. Ablation studies on 3D Condition Generation and DDIM
Steps/Loss Components on CelebA dataset.

ID retrieval 1
Top-1 Top-5

3D Condition Generation

Method FID| Pose| Expr.]

Avg. Pool 578 79.30% 90.40% 3.73 0.99

Coarse 646 4430% 66.70%  3.88 0.97

Middle 724  5440% 74.60%  3.87 1.05

Fine-Grained 553 6440% 82.70%  3.56 0.99

Linear Proj. 6.20 55.00% 75.60% @ 3.71 1.01
DDIM Steps and Loss Components

DiffSwap++ 578 79.30% 90.40% 3.73 0.99

DiffSwap++ (w/o ID Feat.) 10.6  0.60% 0.20% 5.05 1.09
DiffSwap++ (w/o LM Feat.)  60.19  0.60% 1.20%  21.03 2.50
DiffSwap++ (2 DDIM Steps) 11.29  30.50% 53.10%  5.06 1.25
DiffSwap++ (6 DDIM Steps) 36.89 12.20% 33.50%  4.46 1.39

B.2. Facial Recognition Evaluation Beyond ArcFace

To further validate the robustness of our identity preser-
vation, we expand our face recognition evaluation by incor-
porating the CosFace [38] recognition model. As shown
in Table 7, DiffSwap++ achieves a 96.80% Top-1 retrieval
accuracy, providing additional evidence for the robustness
of our identity preservation. Although DiffFace [16] and
REFace [1] achieve marginally higher retrieval accuracies
under this specific metric, their generated face swaps ex-
hibit noticeably lower visual realism. This is corroborated

by the FID results in the main manuscript, where Diff-
Swap++ achieves the lowest FID compared to REFace and
DiffFace.

Table 7. Identity retrieval accuracy utilizing the CosFace recogni-
tion model.

Metric Ours DiffFace REFace DiffSwap HifiFace SimSwap FaceDancer

Top-1 (%) 96.80 98.20 98.02 61.80 95.50 93.90 88.20
Top-5 (%) 99.10 99.40 99.67 79.81 97.80 94.80 96.30

B.3. Dataset Illumination Variance

Table 8 displays extracted spherical harmonics lighting
coefficients using SfSNet [33]. We measured standard de-
viations across the X, Y, and Z axes, alongside overall direc-
tional intensity representing lighting contrast and harshness.
We display that the primary datasets utilized in our method-
ology (CelebA [19] and FFHQ [15]) exhibit significantly
greater spatial variances than CFD [23], a controlled face
dataset where each image has the same flat lighting. These
metrics empirically confirm that our chosen in-the-wild test
datasets successfully capture real-world illumination condi-
tions.

Table 8. [llumination variance across datasets measured via spher-
ical harmonics.

Dataset Lateral (X) Vertical (Y) Depth(Z) Intensity (o)

CFD 0.0596 0.0342 0.0711 0.0353
CelebA 0.1044 0.1119 0.0856 0.0973
FFHQ 0.1245 0.1254 0.0893 0.1100

C. Additional Qualitative Results
C.1. Extended Baseline Comparisons

Qualitative comparisons for images generated from the
AFLW2000-3D dataset [18], which feature more extreme
pose and expression, are provided in Figure 1. We also pro-
vide extended comparisons from the CelebA [19] dataset
in Figure 2. These figures highlight the capability of Diff-
Swap++ to produce face swaps which are consistently more



realistic and better preserve the identity of the source face
compared to other popular models.

Furthermore, Figure 3 provides a visually prominent
comparison specifically between DiffSwap++ and Sim-
Swap [6] on the CelebV-Text [41] dataset. As highlighted in
the figure, SimSwap results often feature minimal changes
to the target faces and introduce visual artifacts. This fail-
ure to properly integrate the source identity directly corre-
sponds to their lower identity retrieval scores compared to
DiffSwap++.

Source Target SimSwap

Figure 3. Targeted visual comparison highlighting artifact gener-
ation and lack of identity transfer in SimSwap compared to Diff-
Swap++.

C.2. User Study Examples

Figure 4 provides a representative visual sample of the
interface and images used in our user study. To ensure a
fair and consistent evaluation, we confirm that all images
presented to participants were of identical quality, including
the exact same resolution, aspect ratio, and display settings.

Source Target Model A Model B Model C Model D
—

Figure 4. A representative example of the presentation format uti-
lized during the human evaluation user study.



Source Target Ours DiffSwap FaceDancer HifiFace SimSwap REFace DiffFace

Figure 1. Qualitative comparison for extreme pose and expression.
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Figure 2. Qualitative comparison of all models on CelebA.



