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We first provide a brief overview of our supplementary ma-
terial. This supplementary material consists of the follow-
ing sections and contents:

e Sec. 1: LLM usage claim.

e Sec. 2: The detailed process of our used 3DMM-based
face tracking method Pixel3DMM [10].

e Sec. 3: Definitions of all training loss terms used in our
model.

» Sec. 4: Describes the facial and non-facial masks calcu-
lation process of each frame.

* Sec. 5: Provides the inference process of portrait anima-
tion task.

* Sec. 6: Shows our keypoints selection strategy.

* Sec. 7: Contains the specific training settings to train our
model.

* Sec. 8: The detailed definition of each evaluation metric.

* Sec. 9: Construction pipeline of our test benchmark.

* Sec. 10: How we modify four diffusion-based methods to
support the portrait video editing task.

e Sec. 11: Provides more generated results of our Perform-
Recast, including both portrait video expression editing
and portrait animation.

* Sec. 12: Discusses the limitations of our method and fu-
ture plans.

* Sec. 13: Ethics statement of our method to avoid mali-
cious use.

1. LLM Use Claim

We employ a large language model (LLM) to assist with
the language polishing and revision of certain sections of
our paper, including the supplementary material. The LLM
is used solely to enhance grammar, clarity, and overall read-
ability by rephrasing sentences, correcting linguistic errors,
and ensuring stylistic consistency. All authors have care-
fully reviewed and approved the final manuscript and take
full responsibility for its content.

Corresponding author

2. 3DMM-based Face Tracking

To obtain temporally continuous FLAME [18] model
reconstruction results from input portrait videos, We
adopt a recently-proposed 3D face tracking method,
Pixel3DMM [10] to predict FLAME parameters of each
frame from input portrait videos. Pixe]3DMM firstly trains
two expert networks: A and U, which are built on the top
of the pretrained DINOv2 [21] backbone to predict surface
normal A (I) and UV-space coordinate U/(I) given a por-
trait image I.

Then, it optimizes for FLAME parameters [18], includ-
ing face identity 8 € R3%, expression v € R'%°, head
pose 6 € R3*4+3=15 and other camera parameters. The
head pose 6 contains four 3D rotation vectors for four
jOintS: gnecka gjawa aleft»eyeball’ aright—eyeball and one glObal ro-
tation fpe,q in axis-angle. Specifically, Pixel3DMM directly
uses MICA’s [38] identity prediction as 3. The remaining
parameters are optimized via minimizing a 2D vertex loss
and a normal rendering loss between the projection of cur-
rent estimated FLAME model and predicted UV-space co-
ordinate ¢ (1) as well as surface normal N ().

For monocular video tracking, Pixe]3DMM freezes zjq
using the average result of MICA’s [38] identity predic-
tions across all frames. Then, it sequentially optimize for
the remaining parameters for each frame. Finally, it adds a
smoothness term to ensure smoothness across all frames.

As a result, Pixel3DMM is capable of reconstructing
temporally continuous FLAME parameters and fixed face
identity of each input portrait video.

3. Definitions of Training Loss Terms

We utilize Linimae Which is described in the main
manuscript to train our teacher and student models. Lypimate
is formulated as:

Eanimate = CFLAME"‘»CP,cascude +£’ 1,cascade +»CG ,cascade +»Cfaceid )

ey



_Landmarks
Detection

_Landmarks
Expansion

Facial Mask

Non-Facial Mask

__Convex
Hull

Figure 1. The facial mask calculation process of each frame in
training dataset.

To calculate the difference between the reconstructed frame
fd and driving frame [;, we utilize three commonly-used
loss term: the perceptual loss, L; loss and GAN-loss. To
further improve the texture quality, the perceptual loss, L
loss and GAN loss are applied on both global region and lo-
cal regions of face and lip, which are denoted as a cascaded
perceptual 10ss L p cascade, @ cascaded Ly loss L1 cascade and
a cascaded GAN loss LG cascade: LG cascade CONSists of
LGN global, L£GAN face and Lgan 1ip, Which depend on the
corresponding discriminators Dgiopa, Drace and Dy train-
ing from scratch. The face and lip regions are defined using
the 2D semantic facial landmarks which are extracted by
a pre-trained landmark detector in LivePortrait [11]. And
the face-id [5] loss is used to preserve the identity of source
image I,.

4. Facial Mask Calculation

As shown in Fig. 1, to obtain masks of facial and non-facial
regions, we also utilize the pre-trained 2D facial landmark
detector in LivePortrait [11] to extract 203 landmarks of
each frame from our dataset. Then, we expand the detected
2D facial landmarks of source frame I, outward and com-
pute their convex hull as the facial region, while the remain-
ing area in I, is regarded as the non-facial region.

5. Inference Process of Portrait Animation

In the inference phase of portrait animation task, we first
extract the appearance feature volume f, = F(I,) from the
source image I,. Given a driving video sequence {Iy;|i =
0,1,...,N — 1}, the source and driving explicit keypoints
are transformed as follows:

{ Ty = Sg - ((mqs + 5S)Rs) + ts,

2
Tai = Sdyi+ ((Te,s + 04,0)Rayi) + tais @)

Figure 2. The specific location of each keypoint used in our
method. Please zoom in for better inspection.

which utilizes the same formula as training stage.

6. Keypoints Selection

We select K = 49 keypoints from the reconstructed
FLAME face mesh in total to supervise our motion extrac-
tor. Fig. 2 shows the specific location of each keypoint.
We select as few keypoints as possible, covering important
facial regions such as the forehead, eyebrows, eye sockets,
eyeballs, nose, lip, and jaw.

7. Training Settings

We train our model from scratch using 128 NVIDIA H20
GPUs for approximately one week with a batch size of 8
per GPU. We adopt the Adam [16] optimizer with different
learning rates for different modules. Specifically, the ap-
pearance feature extractor is trained with a learning rate of
5 x 1072, while the motion extractor, warping module, and
decoder are assigned a higher learning rate of 1.2 x 10™%.
To further stabilize adversarial training, we set the learning
rates of the image, face, and lip discriminators to 1 x 1074,
2.5 x 107°, and 1.5 x 1072, respectively. To improve the
robustness of training process, we further add random gaus-
sian noise with small variance on extracted keypoints z s and
x4, but not during inference stage.

8. Evaluation Metrics Details

LPIPS. For potrait video expression editing and self-
reenactment, we calculate the perceptual similarity metric
LPIPS [36] based on AlexNet [17] between the animated
images and ground truth images.

Fréchet Inception Distance. For portrait video expres-
sion editing and self-reenactment, FID compares the distri-
bution of generated images with the distribution of ground
truth images. The formula for FID is defined as:

FID = |11y — NTHQ +Tr(3y + 2, — 2(27“251)1/2)7 3)
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Figure 3. Construction pipeline of our proposed test benchmark.

where g and r denote the features of the generated image
and ground truth images, which is extracted by Inception-
v3 model [25]. p and X denote the mean and covariance
matrices of each image set. A lower FID indicates better
generation quality.

Fréchet Video Distance. For portrait video expression
editing and self-reenactment, FVD compares the distribu-
tion of generated videos with the distribution of ground
truth videos. The formula for FVD is similar to FID, which
is defined as:

FVD = ||y — || + Te(Zg + 2 — 2(2,59)2), @)

where g and r denote the features of the generated videos
and ground truth videos, which is extract by the pre-trained
Inflated 3D ConvNet [2]. i and ¥ denote the mean and co-
variance matrices of each video set. A lower FVD indicates
better generation quality.

Cosine SIMilarity of identity features. We utilize CSIM
to measure the identity preservation between two im-
ages, through the cosine similarity of two embeddings
from a recently proposed pretrained face recognition net-
work AdaFace [15]. For portrait video expression edit-
ing and self-reenactment, the CSIM is calculated between
the animated image and ground truth image. For cross-
reenactment, the CSIM is calculated between the animated
and the source images.

Average Expression Distance. AED is the mean L, dis-
tance of the expression parameters between the edited and
driving images in expression editing task as well as the ani-
mated and driving images in portrait animation task. These

parameters, which include expression coefficient, eyelid
and jaw pose parameters, are extracted by the state-of-the-
art 3D face reconstruction method SMIRK [23].

Average Pose Distance. APD is the mean L, distance of
the pose parameters between the edited and source images
in expression editing task as well as the animated and driv-
ing images in portrait animation task. The pose parameters
are also extract by SMIRK [23].

Mean Angular Error. The mean angular error is used to
measure the eyeball direction error between the edited and
driving images in expression editing task as well as the an-
imated and driving images in portrait animation task. It is
adopted as: MAE(I,, ;) = arccos(%), where b,
and by are the eyeball direction vectors of the generated
image I, (including the edited image and animated image)
and the driving image I; respectively. Both of them are
predicted by a pre-trained eyeball direction prediction net-

work [1].

9. Construction of Our Test Benchmark

Fig. 3 visualizes the construction pipeline of our proposed
test benchmark. Given a input video, our pipeline first uti-
lize MetaHuman [9] to extract the expression and head pose
parameters of each frame. The detailed information of this
process are shown at the top of Fig. 3. The extracted param-
eters of each frame are saved in a json file. Among them, the
keys of parameters related to facial expressions start with
“CTRL_expressions”. The three keys “HeadYaw”, “Head-
Pitch” and “HeadRoll” describe the head pose rotation.
Then, we combine the parameters with keys starting with
“CTRL_expressions” in the json files extracted from facial
motion actors and “HeadYaw”, “HeadPitch”, “HeadRoll”
in the json files extracted from our pre-selected videos con-
taining large head pose rotation to Rigl.ogic system to drive
the ditigal human in MetaHuman and create final videos.
For enhancement mode, all parameters with keys starting
with “CTRL_expressions” are set to zero.

The resolution of original videos synthesized from
MetaHuman are set to 2560 x 1440, which is the default
setting. Each video contains 150 frames and is recorded
with 30 frames per second (FPS). We crop all the videos
into squares to maintain the face at the center and resize
them to the resolution of 512 x 512 for further training.

10. Modification of Diffusion-based Methods

We modify several diffusion-based portrait animation meth-
ods to make them support the task of editing the facial ex-
pression of source video according to the driving video. All
these four methods leverage large-scale pre-trained video
diffusion models to animate the input static portrait image



from the driving video. However, our portrait video expres-
sion editing task needs to utilize the i-th frame I ; in driv-
ing video to edit the expression of ¢-th frame I ; in source
video. Therefore, we expand each frame of the driving
video into a short static video clip, which is then used to
animate the i-th frame of the source video, thus conform-
ing to the video input formula required by video diffusion
models. For the source and driving video of N frames, we
repeat this animation process for N times, and concatenate
N animated images to form the edited video.

To realize expression editing instead of portrait anima-
tion, the key idea is to combine the facial expression of
driving frame with the head pose of source frame, and use
this combined signal to animate the source frame. We then
describe the detailed modification of each method.

SkyReels-A1l. SkyReels-A1 [22] utilizes SMIRK [23] to
extract FLAME [18] parameters of each frame in driving
video. In our task, we replace the head pose parameters in
FLAME model of driving frame with that of source frame
to animate the source frame.

Hunyuan-Portrait. Hunyuan-Portrait [35] utilizes pre-
trained motion encoder MegaPortraits [7] to extract fa-
cial motion representations of driving video. Specifically,
these representations consist of the explicit head rotations
R, translations ¢, and the latent expression descriptors z.
Therefore, we replace the head rotations R and translations
t of driving frame with those of source frame to animate the
source frame.

FantasyPortrait. FantasyPortrait employs a pre-trained
implicit expression motion extractor PD-FGC [27] to en-
code the driving frame into latent features. These latent fea-
tures include lip motion ey;;,, eye gaze and blink e, head
pose epeqq and emotional expression ee,,,. And we replace
the head pose parameters epeqq Of driving frame with that
of source frame to animate the source frame.

Wan-Animate. Wan-Animate uses VitPose [34] to ex-
tract the facial skeleton for the character in portrait video
as head pose representations. Then, it adopts an encoder
structure identical to that of LIA [30] to extract expression
features from driving frame. Therefore, we combine the fa-
cial skeleton of source frame with expression features from
driving frame to animate the source frame.

11. More Results

We provide more generated results of our PerformRecast in
this section.
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Figure 4. Qualitative comparison of portrait video expression edit-
ing on enhancement mode. The top of the figure shows editing re-
sults of different methods. The bottom presents our ablation stud-
ies and analysis. The bottom-right insets exhibit driving frames.

The light green circles highlight the misalignment between the fa-
cial and non-facial regions. Please zoom in for better inspection.

11.1. Portrait Video Expression Editing

We first compensate for the missing visual comparisons
on the enhancement mode in Fig. 4 as mentioned in the
main manuscript. LivePortrait [11] generates inaccurate lip
movements on the enhancement mode. Act-Two [24] tends
to synthesize exaggerated mouth movements, leading to less
realistic facial animations. On the contrary, our method suc-
ceeds in enhancing the facial expressions via adding the ex-
pressions of driving video on the top of that of source video.

We then show qualitative results of all the compared
methods on our proposed test benchmark in Fig. 5. The
four modified diffusion-based methods perform extremely
poorly on portrait video expression editing task. They all
produce incorrect facial expressions with severe artifacts
and distortions. As a result, our carefully designed Per-
formRecast achieves the best performance on both replace-
ment and enhancement modes compared to all previous ap-
proaches. We also provide all the original videos in Fig. 5
under Comparison folder in our supplementary material.

Furthermore, we also uncuratedly select 10 well-known
movie clips from different countries, and use the driving
videos in our test benchmark captured from facial motion
actors to edit the expressions of them. Among them, five
are edited with replacement mode and the remaining five
are edited with enhancement mode. These results are in-
cluded in Movies folder in our supplementary material.
The source video, the edited results of LivePortrait and



Source

Act-Two

LivePortrait

v

(s e
e flivel
Replacement Mode

Enhancement Mode

Figure 5. Full qualitative comparison with all the methods mentioned in the main manuscript on our proposed test benchmark. The bottom-
right insets exhibit driving frames. Please zoom in for better inspection.

Table 1. Quantitative comparisons of self-reenactment portrait animation on MEAD [28] dataset. The top of the table shows the results of
non-diffusion-based methods, while the bottom presents diffusion-based methods.

Method PSNRT SSIM{ LPIPS, £,/ CSIMt MAEC), AED|, APD| FIDJ| FVD/
GAGAvatar [4] - - - - 0.8946  5.1074 03781 0.0101 - -
Portrait4D-v2 [6] 20.0907 0.7746 03358 0.0617 0.8793 54329  0.4353 0.0149 85.3589  460.7595
PD-FGC [27] 20.8419 0.7824 0341 0.0573 03256 83772  0.7156 0.0202 92.8886  1276.3855
EMOPortrait [8] 26.1748  0.8729  0.1544 0.0287 0.5959  6.6994  0.4992 0.0128 37.5216  443.7428
EDTalk [26] 26.9246 0.8964 0.1443 0.0319 0.8592 6218 04333 0.0077 434199  343.9973
LIA-X [31] 226439 0.8232 0.1816 0.0386 0.8957 53919  0.4633 0.0636 32.4902  323.2831
LivePortrait [11] 32.9063 0.9464 0.0527 0.0148 0.9379  3.5497 02471 0.0041 104759  84.3131
FYE [20] 27.1819  0.8963 0.1039 0.0243 0.8767  5.6658  0.527 0.0109 30.5002  350.4705
AniPortrait [32] 29.0281 0.9125 0.081 0.0198 0.8904  4.8224 03989 0.0077 19.9857  191.8255
X-NeMo [37] 224136 0.7313  0.1916 0.0551 0.8594 104812 0.4168 0.0097 50.6639  409.2123
ReliPA [12] 24.0052 0.8525 0.1601 0.0409 0.8212 63512 05174 0.0117 35.1439  455.0235
SkyReels-A1 [22] 25.9931 0.8825 0.1182 0.032 0.8668 57577  0.594 0.0105 22.6852  278.6554

Hunyuan-Portrait [35] 26.4138 0.8779  0.0941  0.0309
FantasyPortrait [29] 22.6155 0.7789 0.1498 0.0634

0.922 4.7961  0.3348 0.0101 18.896 139.2772
0.8622 6.606 0.5147 0.0116 357586  258.8542
0.827 57592  0.5307 0.0144 249683  465.8136
0.5472  10.0836  0.745  0.021 118.5134 870.7917
0.7402  6.5339 05571 0.0194 83.5354  815.3565

Wan-Animate [3] 21.9017 0.8105 0.2159  0.054
VACE [13] 15.0009 0.5046 0.4083 0.1587
AvatarArtist [19] 18.7405 0.7173  0.3891 0.0774
Ours 33.7235 0.9501 0.0491 0.0125

0.9521 3.1576  0.1971 0.0038  10.132 71.58

the edited results of our PerformRecast are concatenated
together. It can be clearly observed that our method can
effectively edit facial expressions of characters with vari-
ous styles, generating temporally continuous and smooth
videos, and markedly outperforms existing approaches such
as LivePortrait [11]

In addition, to verify the ability of our method to be ap-
plied to humanoid characters, we randomly choose a 3D
animation and use our model to edit the facial expressions
of characters in it. We select 20 video clips in total. The
source video clips and the edited results are concatenated
together and placed in 3D_Animation.mp4. After edit-
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Figure 6. More generated results on self-reenactment task of different methods. The first two source-driving paired images are from VFHQ
dataset [33] and the last two source-driving paired images are from MEAD dataset [28].
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Figure 7. More generated results on cross-reenactment task of different methods. The source images are from FFHQ dataset and the driving

frames are from famous films and television clips.

ing with our model, the expressions of characters in the 3D
animation become more vivid, demonstrating the applica-
bility of our model in practical scenarios.

11.2. Self-reenactment

We also report the quantitative results of self-reenactment
portrait animation on MEAD dataset [28] in Tab. 1. All
the methods are evaluated on a random split of MEAD
dataset, which consists of 70 videos. As shown in Tab. 1,
our method achieves the best performance across all met-
rics on MEAD dataset [28], highlighting its superiority over
other existing approaches.

What’s more, we also present more qualitative results
of different compared methods in Fig. 6. LivePortrait [11]
tends to generate blurred results around the eyes in the first
and third cases. It also struggles to preserve the subtle ex-
pressions in the second and fourth cases. Other diffusion-
based methods are prone to generating unstable results and

exaggerated facial expressions. On the contrary, our Per-
formRecast faithfully recovers the driving frames with fine-
grained details.

11.3. Cross-reenactment

We provide more cross-reenactment portrait animation re-
sults generated by our PerformRecast and some other
methods in Fig. 7. The source images are from FFHQ
dataset [14] and we use some famous films and television
clips as driving frames. From which we can conclude that
our method is capable of preserving the head pose, facial ex-
pressions and eyeball directions in the driving frames with
high fidelity, while generating clear and high-quality im-
ages. Although our method does not achieve best perfor-
mance on all evaluation metrics as reported in the main
manuscript, it markedly outperforms all other methods in
visual effects. This is most likely because our used quan-
titative evaluation metrics mainly rely on some pre-trained
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Figure 8. A typical failure case when our method generating teeth
while the mouth is closed in source video.

networks, whose inherent priors may limit their ability to
faithfully reflect the actual performance of each method in
some scenarios. Developing more evaluation metrics which
are capable of accurately assessing the accuracy of head
pose, facial expressions and gaze direction is an interesting
research direction in the future.

12. Limitations and Discussions

In portrait video expression editing task, our method tends
to produce blurry results in regions that are not visible in
the source video, especially when generating teeth while the
mouth is closed in source video. Fig. 8 presents a typical
failure case of this scenario. This is mainly because our
model is GAN-based, and unlike diffusion-based models, it
has limited ability to imagine and synthesize unseen objects.
In the future, we are planning to combine the disentangling
capability of 3D Morphable Face Model with the generative
power of large-scale pre-trained image diffusion models or
video diffusion models, aiming to further improve the fi-
delity and clarity of synthesized videos.

13. Ethics Statement

This work advances portrait animation and portrait video fa-
cial expression editing for virtual avatars. Our methods are
not intended for malicious use, and all synthesized content
should clearly indicate its artificial nature. We acknowl-
edge potential misuse, such as deepfakes, and are develop-
ing tools to help detect synthetic videos. At the same time,
our technology can support education, communication as-
sistance, and therapeutic applications, reflecting our com-
mitment to responsible and ethical Al development.
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