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1. Training Details
The training stage consists of two stages. We first train
our model without MotionModule and train it for 10w steps
with a batch size of 16 using 8 A100 GPUs. Then we freeze
the pretrained model weights and train MotionModule for
2w steps with video length of 24 and a batch size of 8. The
MotionModule are initialized with AnimateDiff [3] simi-
lar to AnimeAnyone [6]. Referring to the Hallo2 [1] long-
duration generation, we improved the temporal consistency
of generated video clips by integrating 3 previously gener-
ated frames as temporal reference frames. During inference,
we utilize the DDIM sampler [8] and set the classifier-free
guidance scale [5] to 3.5.

2. One-Step Reconstruction
Given the latent embedding z0, the noised latent embedding
zt at timestep t, the learned conditional score ϵθ, we can
recover latent embedding ẑ0:

ẑ0 =
zt −

√
1− ᾱtϵθ√
ᾱt

(1)

Then it is decoded into an denoised video sequence Îd using
VAE decoder. Benefiting from pixel-level supervision, the
generated images exhibit improved identity consistency.

3. Application
Owing to the framework design that decouples ID, expres-
sion, and background, our approach facilitates not only head
swapping but also extends to various video editing capa-
bilities, such as video background replacement, expression
editing, and hair generation control.
Video background replacement. By replacing the back-
ground of the driving video during the inference stage,
our method can generate seamless driving videos against
the target background, achieving cohesive foreground-
background integration. The results is shown in Fig.1.
Expression editing. Benefiting from the design of the
expression-aware retarget module, we are able to modulate
the intensity of expressions by adjusting the proportions of
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Figure 1. The results of video background replacement.

ID Pose Expression ID Pose Expression

Figure 2. The results of id, pose and expression composition.

face features, as shown in Fig.3. Moreover, this design fa-
cilitates the decoupling of identity, expression, and pose,
enabling the transfer of expressions from a third person to
produce the final output. The results are shown in Fig.2.

Hair generation control. By adjusting the size of the
shoulder mask, we can control the hair generation scope for
long-haired portraits. The results are shown in Fig.4.
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Figure 3. The results of expression editing.
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Figure 4. The results of hair generation control.
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Figure 5. The comparison results with portrait animation methods

4. More Results

4.1. Portrait Animation
Fig.5 shows the portrait animation results comparing our
method to others. Our method outperforms Follow-Your-
Emoji [7] and AniPortrait [9] in terms of expression trans-
fer. The scale-aware retargeting strategy allows better
preservation of identity under extreme expressions. Fur-
thermore, the neutralization of the input image’s expression
enhances the accuracy of expression transfer.

4.2. Consistent Lighting
With the aid of data augmentation strategies, our method
demonstrates a certain level of capability in harmonizing
lighting, leading to visually plausible and natural-looking
synthesis results, as shown in the supplementary material.
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Figure 6. The reference image is relit using IC-Light to match the
lighting conditions of the target image.
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Figure 7. The results of large head movement.
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Figure 8. The results of dynamic background.

Method ID Similarity ↑ Pose ↓ Expression ↓
LivePortrait 0.890 20.1 0.029
X-Portrait 0.842 9.92 0.017

FaceAdapter 0.604 3.51 0.011
Ours 0.895 9.83 0.014

Table 1. The quantitative results.

While not perfect, the outputs are generally acceptable un-
der most conditions. Additionally, state-of-the-art relight-
ing techniques, such as IC-Light [11], can be used to modify
the lighting conditions of reference images to ensure consis-
tency with driving video, as illustrated in Fig.6.

4.3. Dynamic Background

Fig.7 and Fig.8 present the generated results under large
poses and dynamic backgrounds, indicating that our method
can reasonably transfer facial expressions under large poses
and produce plausible head-swapping results in dynamic
background settings.

4.4. Comparison with SOTA methods

We have included comparative experimental results with
LivePortrait [2], X-Portrait [10] and FaceAdapter [4], as il-
lustrated in Tab.1. Our method shows promising results in
both facial expression transfer accuracy and the naturalness
of head-swapping results.
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