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Figure 1. Our proposed PerformRecast is capable of editing the facial expression of a source portrait video as well as animating a static
portrait image according to a driving video. The top part of this figure shows the expression editing results of a movie clip and a 3D
animation. The generated results exhibit high fidelity to the driving video, facilitating the production processes in film and animation
industries. For the shot with multiple characters, we can select the specific person whose facial expression we want to edit, which is
indicated by a red dashed box. The bottom-right insets on the top part show the driving frames. Please zoom in for better inspection.

Abstract

This paper primarily investigates the task of expression-
only portrait video performance editing based on a driving
video, which plays a crucial role in animation and film in-
dustries. Most existing research mainly focuses on portrait
animation, which aims to animate a static portrait image
according to the facial motion from the driving video. As a
consequence, it remains challenging for them to disentangle

the facial expression from head pose rotation and thus lack
the ability to edit facial expression independently. In this
paper, we propose PerformRecast, a versatile expression-
only video editing method which is dedicated to recast the
performance in existing film and animation. The key in-
sight of our method comes from the characteristics of 3D
Morphable Face Model (3DMM), which models the face
identity, facial expression and head pose of 3D face mesh
with separate parameters. Therefore, we improve the key-



points transformation formula in previous methods to make
it more consistent with 3DMM model, which achieves a
better disentanglement and provides users with much more
fine-grained control. Furthermore, to avoid the misalign-
ment around the boundary of face in generated results, we
decouple the facial and non-facial regions of input por-
trait images and pre-train a teacher model to provide sepa-
rate supervision for them. Extensive experiments show that
our method produces high-quality results which are more
faithful to the driving video, outperforming existing meth-
ods in both controllability and efficiency. Our code, data
and trained models are available at https://youku—
aigc.github.io/PerformRecast.

1. Introduction

Character animation with vivid facial expression is of vi-
tal importance in the film and computer animation indus-
tries [39]. However, it is quite challenging for artists to
create lifelike expression on 3D face models, and for film
actors to consistently perform satisfying facial expressions,
whether in a single take or with minimal cost. Therefore,
developing an automatic algorithm on expression-only por-
trait video performance editing would be highly meaningful
and important in the field of computer animation.

With the rapid development of deep generative models,
such as GANSs [18, 28] and Diffusion Models [23, 45, 50],
most existing studies mainly focus on animating a static
portrait image following the facial motion of a driving
video, also termed portrait animation, which is a little dif-
ferent from our target. Given a video (e.g., a movie clip),
our goal is to edit or enhance only the facial expression
based on a real actor’s time-varying facial expression, while
strictly preserving all other factors, including the original
face ID, head pose, camera motion and background. Any
other change outside facial expression is considered as a
failure. Diffusion-based portrait animation methods are typ-
ically built upon pre-trained image diffusion models [2, 45]
or video diffusion models [4, 25, 57, 72] via attaching ad-
ditional modules. But they struggle to fully disentangle the
facial expression from head pose rotation, making it diffi-
cult to accurately perform our expression editing task.

On the other hand, recent GAN-based portrait anima-
tion methods typically construct a 3D feature volume given
source and driving portrait images [13, 14, 19, 61], which
is further sent into the generator to produce the final im-
age. These methods employ motion encoder to extract cor-
responding features [13, 14] or implicit keypoints [19, 61]
to guide the computation of feature volume. However, since
the extracted features are obtained directly from raw im-
ages, they still have difficulties in disentangling face iden-
tity, facial expression and head pose. Moreover, the implicit
keypoints lack explicit physical meaning and direct super-
vision, thereby compromising the precision of facial motion

control and leading to suboptimal results.

In this paper, we propose PerformRecast, a well-
designed and effective GAN-based method tailored to our
expression-only video performance editing task. Tradi-
tional 3DMM [3] represents face identity, facial expression,
and head pose with separate parameters, naturally disentan-
gling these factors. Therefore, we improve the keypoints
transformation used in previous method to make it more
consistent with the forward process of FLAME [34], a rep-
resentative 3D Morphable Face Model. Specifically, we
employ a 3D face tracking method [17] to extract tempo-
rally continuous FLAME [34] parameters from input por-
trait videos, and select explicit 3D keypoints on face mesh
vertices to supervise the motion extractor in our model.
To further avoid the misalignment around the boundary of
the face in the generative results, we introduce a boundary
alignment module which segments each frame into facial
and non-facial regions. An additional teacher model is pre-
trained to provide the training loss for the facial region, en-
abling separate supervision for both regions. As aresult, our
method can not only edit and enhance facial expressions in
existing videos due to its disentanglement from head pose,
but also outperform many previous methods on the tradi-
tional portrait animation task. In addition, to better evaluate
expression editing performance, we construct a benchmark
using digital humans from MetaHuman [16]. For each digi-
tal human, we render multiple portrait videos with the same
head pose rotation but different facial expressions. In sum-
mary, the contributions of our paper are fourfold:

* We modify the keypoints transformation formula and uti-
lize explicit 3D keypoints on FLAME face mesh to di-
rectly supervise the motion extractor.

* We adopt a boundary alignment module to alleviate mis-
alignment between the facial and non-facial regions.

* We present a benchmark, tailored for the assessment of
portrait video expression editing, which will be publicly
available to advance the evaluation of future research.

* We propose PerformRecast, a versatile and effective
method which is expert at both expression-only video per-
formance editing and portrait animation tasks. Qualita-
tive and quantitative experiments have been conducted to
verify the superiority of our method over other existing
approaches in controllability and quality.

2. Related Work

In this section, we mainly summarize different types of por-
trait animation methods, for they are quite similar to our
expression editing task from a methodological perspective.

2.1. Non-Diffusion-based Portrait Animation

Early 3D face model-based methods [36, 54] reconstruct
high-quality geometry and appearance for rendering. With
the development of 3D Morphable Face Models [3, 34]
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and neural rendering [29, 38, 55], methods such as Por-
trait4dD [10, 11] and GAGAuvatar [8] adopt triplane or 3D
Gaussian representations for animatable head synthesis.
However, pure 3D-based representations often struggle to
capture fine details, leading to blurry results.

A great deal of other methods are built upon the Gen-
erative Adversarial Networks [18, 27, 28], which provide
stronger image synthesis capabilities. Early approaches di-
rectly decode latent appearance and motion features [5, 73],
while later works focus on disentangling identity and mo-
tion via specialized designs [52, 53, 58, 75]. Nevertheless,
these methods rely heavily on complex loss functions and
still face challenges in achieving complete disentanglement.

More recent portrait animation models are predomi-
nantly warping-based [47-49] methods, which estimate
motion fields using learned landmarks/keypoints and warp
source features [12, 24, 43, 66, 71, 74]. Representative
works such as LIA-X [62, 63], EMOPortrait [13, 14], Face
Vid2vid [61] and LivePortrait [19] improve motion model-
ing and controllability. However, their implicit motion rep-
resentations lack explicit physical meaning and supervision,
which restricts the control flexibility and accuracy.

2.2. Diffusion-based Portrait Animation

With the rapid development of diffusion models [23, 50], re-
cent works leverage large-scale pre-trained image and video
diffusion models [2, 4, 25, 45, 57, 72] for portrait animation.
These methods typically incorporate several plug-and-play
modules to capture identity, background content as well as
facial motion and maintain the cross-frame coherence.

Some representative approaches include Follow-Your-
Emoji [37], X-NeMo [78], Wan-Animate [7], VACE [26],
Hunyuan-Portrait [70], AniPortrait [65], SkyReels-A1 [42],
and AvatarArtist [35]. They adopt diverse motion represen-
tations such as landmarks, latent motion codes, 3D priors,
or implicit features. However, despite the various motion
representations they used, they can hardly disentangle the
face identity, facial expression and head pose. What’s more,
they struggle to guarantee temporal consistency and require
much more inference time.

3. Method

In this section, we provide a detailed explanation of our
method, PerformRecast. Our method is built upon Live-
Portrait [19], a typical warping-based portrait animation
model. The overall training pipeline of our method is shown
in Fig. 2. We change the original keypoints transforma-
tion formula used in LivePortrait to make it more consis-
tent with 3D face parametric model which is naturally ca-
pable of disentangling the face identity, facial expression
and head pose. Then, we present our boundary alignment
module which alleviates the misalignment between the fa-
cial and non-facial regions in generated images. Finally, we
elaborate on the inference process of our method.

3.1. Preliminary

We begin with a brief review of LivePortrait [19] and
3DMM-based face tracking [17], upon which our method
builds. LivePortrait [19] utilizes the self-reenactment train-
ing pipeline, which takes source and driving frames within
the same subject and video. We denote the source and driv-
ing frames as I, € R¥>*#>W and [; € R3*H*W  The
model is learned to reconstruct the driving frame 4, and the
synthesized frame is denoted as I,. The original framework
consists of an appearance feature extractor , a motion ex-
tractor M, a warping field estimator ¥} and a SPADE de-
coder [41] based generator G. F maps the source portrait
image I, to a 3D appearance feature volume f,. The mo-
tion extractor M, with ConvNext-V2-Tiny [67] backbone,
directly predicts the canonical keypoints x, € R¥*3, head
pose R € R3%3, expression deformation § € R¥*3, scale
factor s € R? and translation ¢ € R3 from both source and
driving frames. K represents the number of implicit key-
points. Then, the source 3D keypoints x, and the driving
3D keypoints x4 are transformed as follows:

{ Ts =S5 (T sRs + 05) + s,

1
g = 5q - (Tc,sRa+ 0q) + ta, M)

where the subscripts s and d denote the source and driving,
respectively. Next, JV generates the warping field using the
implicit keypoints zs and x4, and employs this flow field
to warp the source feature volume f;. Finally, the warped
features pass through the generator G, which translates them
into image space and generates a target image.

What’s more, We adopt a recently-proposed 3D face
tracking method, Pixe]l3DMM [17] to predict FLAME pa-
rameters of each frame from input portrait videos. The
FLAME parameters include face identity 8 € R3%°, expres-
sion 1) € R0 head pose € R3*4+3=15 and other camera
parameters. The head pose 6 contains four 3D rotation vec-
tors for four joints: Oneck; Gjaw; Olefi-eyeballs Oright-eyebatt and one
global rotation 6y, in axis-angle. We describe the details
of Pixe]3DMM [17] in the supplementary material.

3.2. FLAME-based Keypoints Transformation

Similar to LivePortrait [19], our method also utilize the
self-reenactment training pipeline, which reenacts both the
facial expression and head pose to reconstruct the driving
frame I; from source frame I;. We argue that the implicit
keypoints transformation used in LivePortrait can not fully
disentangle the face identity, facial expression and head
pose. The canonical keypoints z. are first multiplied by
the head pose R and then added with the expression defor-
mation . As a consequence, the learned expression defor-
mation would contain some residual head pose information.
On the contrary, the traditional 3D Morphable Face Model
(3DMM) [3], such as FLAME [34], uses separate parame-
ters to represent identity, expression, and head pose, achiev-
ing a natural disentanglement. The transformation process
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Figure 2. An overview of our PerformRecast framework. The motion extractor extracts canonical keypoints, head pose, expression
deformation, scale factor and translation from source and driving frames. The facial keypoints are obtained via our improved keypoints
transformation formula and compared with the tracking results from Pixel3DMM [17] to calculate the FLAME loss. Finally, the appearance
feature volume, source and driving keypoints are sent to the warping module, followed by the decoder to reconstruct the driving frame.

of FLAME [34] is defined as:
M(ﬂ797w) = W(Tp(ﬂ,9,¢),J(ﬂ),0,W),

This function takes different coefficients to describe shape
5, head pose 0, expression ¥ and returns N vertices. Eq. (2)
illustrates that the template mesh T, in the zero pose and ex-
pression, is first added with identity related shape variation
Bys(8; S) and expression blendshapes Bg(1); £), then mul-
tiplied by head pose rotation 6 (the pose blendshapes term
Bp(6;P) is not necessary in our task).

Therefore, we modify the keypoints transformation for-
mula used in LivePortrait to the scale orthographic projec-
tion [19], which is formulated as:

{ Tg = Sg* ((:L'c,s + 5S)RS) + tsa

Tqg=8q- ((l‘c,s + 5d)Rd) + t4,
The scale orthographic projection is more similar with
FLAME model, whose canonical keypoints are first added
with the expression deformation ¢ and then multiplied by
the head pose R, effectively avoiding information leakage
between head pose and facial expression.

What’s more, instead of treating zs and x4 as implicit
keypoints, we select several explicit keypoints from ver-
tices of FLAME face mesh tracked by Pixe]3DMM [17] to
directly supervise the keypoints transformation process in
Eq. (3). Specifically, we derive three sets of explicit key-
points from the reconstructed FLAME model of source and
driving frame. The first set of explicit keypoints V, ; is ob-
tained from the canonical FLAME face mesh T ;, which
encodes only shape blendshapes by setting both head pose
0 expression 1) to zero. The second set Vi, ;, which is used
to supervise the expression deformation, is extracted from
the FLAME face mesh Ty ;. Texp,s adds expression blend-
shapes and three joint rotations Gjay , Giefr-cyeball s right-eyeball tO

2

3)

T, and keeps neck pose Ok as well as global head pose
Bneaq to zero, for facial expression often contains the orien-
tation of eyeballs and the movement of jaw, while excluding
the rotation of neck in most scenarios. The third set, Vip s
is derived from T, ;, where all FLAME parameters are en-
abled. The subscripts ¢ € {s,d} denotes the source and
driving frames, respectively. We then introduce the FLAME
loss which utilizes these three sets of explicit keypoints to
directly supervise the motion extractor. The FLAME loss is
formulated as follows:

Lriame = Wing(zc s, Ve s) + Wing(ze,q, Ve,q)
+ Wing(l‘c,s + 6, Vexp,s) + Wing(xc,d + 57 ‘/;xp,d)
+ Wing(xs, Vi(p,s) + Wing(xd,selfy ‘/kp,d)a (4)

where g el = Sq ((l“c,d + 6d)Rd) + t4, which is addi-
tionally computed to accelerate training and Wing loss is
adopted following [15]. The FLAME loss provides a much
stronger supervision to motion extractor, enabling more ac-
curate learning of keypoint transformations. It also pre-
vents the model from learning overly flexible expressions
0 as mentioned in [19]. Therefore, we discard the implicit
keypoints equivariance loss, keypoint prior loss, deforma-
tion prior loss and head pose loss used in previous meth-
ods [19, 61] for head pose R can be effectively learned via
self supervised learning. The overall training loss of our
model is similar to that of previous portrait animation meth-
ods, which is formulated as:

‘Canimate = LFLAME + LP,cascade + Ll,cascade + LGﬂcascade + ‘Cfaceidv (5)

where the cascaded perceptual 1oss £ p cascade, the cascaded
Ly loss L1 cascade> the cascaded GAN loss L cascade and
face-id [9] loss Ly,ceiq are calculated between the generated
frame fd and target frame I;. The detailed definitions of
these loss terms are available in the supplementary mate-
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Figure 3. Top: we adopt the boundary alignment module to al-
leviate the misalignment between the facial and non-facial re-
gions. Bottom: we provide some visual comparisons to demon-
strate the necessity of using boundary alignment module (denoted
as “BAM”). The red dashed circles highlight the misalignment
between the facial and non-facial regions. The bottom-right insets
show the driving frames. Please zoom in for better inspection.

rial. Moreover, due to the better disentanglement of facial
expression and head pose, we do not need to train the sec-
ond stage in LivePortrait [19], including stitching and retar-
geting modules.

3.3. Boundary Alignment Module

Another important objective of portrait video expression
editing is to maintain the smooth alignment around the
boundary of face. However, to minimize the animation loss
in Eq. (5) on global region, the learned warping field of
explicit 3D keypoints will also influence the non-facial re-
gion, resulting in misalignment on the boundary when per-
forming facial expression editing task. To solve this prob-
lem, we design a boundary alignment module to mitigate
the warping impact of explicit 3D keypoints on non-facial
region, which is shown in the top of Fig. 3. Specifically, we
firstly train a teacher model M, using the animation loss in
Eq. (5) between the generated image ffg and driving image
1;. Despite the misalignment between the facial and non-
facial regions in generative results of M, it is capable of
synthesizing precise and clear facial expression on the fa-
cial region. Therefore, given the source frame I and target
frame I;, we first employ the trained teacher model M, to
edit only the facial expression of [, obtaining an interme-
diate result fﬁ. The keypoints of this process is calculated

as:
Tsg = Sg - (xc,s + 55)Rs) + tsy
Tq = Ss * (l‘c,s + 6d>Rs) + tsa

(6)

which only replaces the expression deformation ¢ with that
of Iy while keeping all other parameters unchanged.

The student model Mj is then trained to synthesize both
the facial expression replacement results I 2 and driving
frame reconstruction result g from I,. Additional loss
terms are applied separately on each region of I 3. for fa-
cial region, we compute a perceptual 10ss Lp fcia and an
Ly loss L1 facia1 between I S and I ﬁ for non-facial region,
we also calculate a perceptual 1088 £ p non-facial and an L
1088 L1 non-facial between I 5 and the ground truth I,. These
two losses can be formulated as follows:

Leacial = L P facial + L1 facial, @)
»Cnon—facial = EP,non—facial + »Cl,non—faciala (8)

Meanwhile, the animation loss in Eq. (5) is also applied be-
tween the generated frame I 5 and driving frame [;. We
provide the detailed calculation process for the mask of fa-
cial and non-facial regions in the supplementary material.
The bottom part of Fig. 3 shows some visual comparisons
of our model trained with or without boundary alignment
module, highlighting its importance in training pipeline.

3.4. Inference

Given a source video sequence {[s;|i = 0,1,....N — 1}
and a driving video sequence {I,;|i = 0,1,..., N — 1}, we
propose two modes: replacement mode and enhancement
mode for portrait video expression editing in the inference
stage. Replacement mode directly replace the facial expres-
sion of the ¢-th frame I ; in source video with that of the
i-th frame I ; in driving video. The keypoints transforma-
tion of this mode is the same as Eq. (6).

Enhancement mode aims to enhance the facial expres-
sion in source video, whose keypoint transformation pro-
cess of the i-th frame is modified to:

{ Tsi = Ssi* ((xc,s + 6s,i)Rs,i) + ts,ia (9)
Tai =55 ((Tes + 055 + 0ai — 0a,0)Rsi) + ts,i-

which adds the facial expression of driving video on the
top of that of source video. The appearance feature vol-
ume fs; = F(I,;) is extracted from the i-th frame of
source video in both modes. For portrait animation task,
the keypoints transformation in inference stage is the same
as Eq. (3) in training stage. We provide more details in the
supplementary material.

4. Experiments

Implementation Details. We adopt a similar architecture
to LivePortrait [19], except that our appearance feature ex-
tractor F is built upon the pretrained DINOv2 [40] back-
bone. To calculate the FLAME loss Lgp amE, the number of
explicit 3D keypoints K is set to 49, which cover most of
the key regions of the face. The resolution of input frames
and output image of our model is set to 512 x 512. The
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Figure 4. The typical usage scenarios for our proposed replacement mode and enhancement mode. The bottom-right insets exhibit driving

frames. Please zoom in for better inspection.

details of keypoints selection and training settings are pre-
sented in the supplementary material.

Dataset. We utilized a combination of several publicly-
available datasets, including VFHQ[68], MEAD[59],
Nersemble[32], FEED[14], and ETH-XGaze[77]. We also
incorporate a large amount of portrait videos from the In-
ternet, including high-definition anime and film, to further
enhance the diversity and quality of our in-house dataset.
Finally, this results in a total of 597,331 video clips, which
include a variety of expressions and emotional intensities.
Evaluation Metrics. To measure the generation qual-
ity and controllability of our PerformRecast on both
video expression editing and portrait animation task,
we adopt PSNR, SSIM [64], LPIPS [76], £y distance,
Fréchet Inception Distance (FID) [22], Fréchet Video Dis-
tance (FVD) [56], Cosine SIMilarity of identity features
(CSIM) [30], Average Expression Distance (AED) [48],
Average Pose Distance (APD) [48] and Mean Angular Er-
ror (MAE) of eyeball direction [21]. Details of these met-
rics are provided in the supplementary material. All these
metrics are calculated under the resolution of 512 x 512 for
each compared method.

4.1. Portrait Video Expression Editing

We first would like to clarify the two inference modes and
discuss their respective usage scenarios. When the facial
expression in a shot does not fully satisfy the director’s cre-
ative expectations, two inference modes arise. Replacement
mode is appropriate when the actor’s overall performance is
compelling and remains consistent with the narrative con-
text. Enhancement mode is more suitable when only local-
ized improvements are needed without compromising the
performance plausibility. Fig. 4 shows the typical usage
scenarios for our proposed two inference modes.

We then conduct experiments to compare the ability of
our proposed PerformRecast with other methods on portrait
video expression editing task. Besides LivePortrait [19], we
modify several diffusion-based portrait animation methods,
including SkyReels-A1 [42], Hunyuan-Portrait [70], Fanta-
syPortrait [60] and Wan-Animate [7] to make them capable
of editing only the expressions of source video according to

Figure 5. Qualitative comparison of portrait video expression edit-
ing on replacement 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 red dashed circles highlight the misalignment between the fa-
cial and non-facial regions. Please zoom in for better inspection.

driving video. Specifically, we combine the expression in-
formation of driving frame with the head pose information
of source frame to generate the editing results. The detailed
modification of each method is described in the supplemen-
tary material. We also compare with the closed-source com-
mercial product Runway Act-Two [46].

To more accurately evaluate the performance of different
methods, we construct a test benchmark utilizing MetaHu-
man [16]. Our test benchmark contains 18 portrait videos
with diverse expression and without head pose rotation
recorded from professional facial motion actors. Then, we
select 20 digital humans from MetaHuman, and for each
digital human, we render 19 videos, of which 18 are using
the expressions of facial motion actors, and the last one is
without expression. In addition, all the videos are added
with our pre-defined head pose rotation. Further details of
our test benchmark can be found in the supplementary ma-



Table 1. Quantitative results of facial expression editing on our test benchmark on both replacement and enhancement modes. The top of
the table shows the comparison with other methods while the bottom presents our ablation studies and analysis.

Replacement Mode
Method

Enhancement Mode

PSNRT SSIMt LPIPS| £,;] CSIMf MAE(C), AED| APD| FID| FVD,  PSNRT SSIM{ LPIPS, £,] CSIM{ MAE(), AED, APD, FID, FVD|
SkyReels-Al [42] 249051 08586 0.1622 00418 07163 130791 07157 00155 502007 1249.7021 249206 0.8584 0.1612 00417 07176 113797 0.676 0016 5147 11961767
Hunyuan-Portrait [70] ~ 22.4287 07924  0.1691 0.0423 07364 104001 0.6608 0.0348 38.5997 1925.0654 227968 0.7984 0.1649 0.0406 0736  9.6267  0.6073 0.0332 39.3112 1861.9558
FantasyPortrait [60] 239456 0.8204 0.1883 00349 07338 167765 07953 00168 604381 606.6303 242032 08239 0.1848 00339 07387 122154 0.6614 00155 620027  551.448
Wan-Animate [7] 228196 08021 0.1319 00467 0614 119722 07002 00238 28.1003 849.2188 22.6417 0.8006 0.1402 0.0491 0.6062 112752 0.6847 00225 31.2186 8854313
Act-Two [46] 20.8344 07913 0.1634 00459 0.6819 159618 07901 00723 36.1933 322.0726 20.8066 0.7916 0.165 0.0458 0.685 154109 0.8019 0.0727 380579 330.5131
LivePortrait [19] 277296 0.8989 0.0591 00183 07494 104746 0.6098 00162 14.3562 165.1011 28.0103 09024 00479 00172 0796  7.6325 04915 00112 122974 114.2545
Ours 292724 09141 0.0474 0014 07613  9.1217 04986 0.0122 12.0138 1029898 30.2665 09216 0.0394 0.0128 08191 68211 04472 0.0102 107694  90.2483
Ours (KT of LP) 27.0623  0.8908 0.0968 0018 07512 87438 05733 00144 27.6785 288.8396 283379 0903 0.0548 00151 0785 72571 0473 0013 138178  139.0848
Ours (w/o FLAME loss)  24.9869 0.8726  0.0805 0.0224 07268  9.9748  0.6625 0.0324 183957 188.1082 284225 0.8977 0.0838 00159 08063 9728  0.5384 00132 19.5149 132.4458
Ours (w/o T-S) 277346 0.8976 0.0583 0.0166 07395  8.847 05749 0.0147 144061 1364097 29.6156 09148 0.0421 00135 0821  7.025 04453 00106 107291  100.7387

‘an-Animate

LivePortrait ~ FantasyPortrait

Ours
Figure 6. Qualitative comparison of self-reenactment portrait ani-
mation. We show the source frame, driving frame and generative
results. These source-driving paired images are from official test
split of VFHQ dataset [68]. Please zoom in for better inspection.

terial. For replacement mode, we randomly select one of the
18 expressions as source video, and select another different
expression from facial motion actors as driving video for
each digital human. For enhancement mode, we select the
video without expression as source video. As a result, for
each mode, we obtain 20 source-driving-ground truth video
triplets, one for each digital human. We will release our
constructed test benchmark to facilitate the future research.
Qualitative results. The top of Fig. 5 presents some
qualitative results generated by different methods on re-
placement modes. LivePortrait [19] performs poorly and
tends to generate inaccurate eyeballs direction. Act-
Two [46] fails to accurately preserve the head pose of source
video and struggles to synthesize the fine-grained expres-
sion details from the driving video. On the contrary, our
method is capable of faithfully preserving both the head
pose of source video and facial expressions in driving video.
More visual comparisons on the enhancement mode are
provided in the supplementary material.

Quantitative results. We provide the quantitative com-
parison with different methods at the top part of Tab. 1. Due
to the delicate design of expression and head pose disentan-
glement, our method outperforms all other methods on all
metrics. Diffusion-based methods inherently lack the ca-
pability of expression-only video editing, and their perfor-
mances are still of low quality even after our modification.
Therefore, we do not conduct qualitative comparison with
them in the main manuscript.

4.2. Ablation Studies and Analysis

Keypoints Transformation Formula. We first analyze
the importance of using our improved keypoints transfor-
mation instead of that of LivePortrait. We train an addi-

tional model using the keypoints transformation of Live-
Portrait on expression editing task. The third-to-last row
of Fig. 5 and Tab. 1 (denoted as “KT of LP”) shows the
generated results. This variant tends to synthesize relatively
blurry videos, and exhibits suboptimal quantitative metrics.
Essentials of FLAME Loss. We then verify the effec-
tiveness of FLAME loss Lg amg in our training pipeline
by training a PerformRecast variant without FLAME loss,
which is reported at the second-to-last row of Fig. 5 and
Tab. 1. Without the supervision from FLAME loss, the per-
formance of our model drops markedly, due to the inaccu-
racy of the motion extractor.

Essentials of Boundary Alignment Module. Finally, we
provide the performance of our model trained without
boundary alignment module at the last row of Tab. |
and Fig. 5 (denoted as “w/o BAM”). From which we can
conclude that boundary alignment module effectively alle-
viates the misalignment between the facial and non-facial
regions in generated images and leads to the improvement
on pixel-level evaluation metrics (such as PSNR, FID, etc.).

4.3. Portrait Animation

We further investigate our model’s ability on portrait ani-
mation task, which aims to animate a static portrait using
both the facial expression and head pose from a driving
video. We compare our model with several non-diffusion-
based methods, including GAGAvatar [8], EDTalk [52],
LivePortrait [19], together with other approaches mentioned
in Sec. 2.1. We also compare against recent diffusion-based
models, such as AniPortrait [65], X-NeMo [78], Wan-
Animate [7], as well as some other methods in Sec. 2.2.
Finally, we compare our model with Act-Two [46].

4.3.1. Self-reenactment

Self-reenactment portrait animation task uses the first frame
as the source image and animate it using the whole frames
in the same video. All the methods are evaluated on official
test split of VFHQ dataset [68], which consists of 50 videos.

Qualitative results. Fig. 6 provides some qualitative re-
sults on the same source-driving paired frames by different
methods. LivePortrait [19] is likely to move other object
in the source frame, such as the microphone in the second
case. Other diffusion-based methods tend to produce unsta-
ble results and struggle to capture subtle facial expression,



Table 2. Quantitative comparisons of different methods on portrait animation task. The top of the table shows the results of non-diffusion-

based methods while the bottom presents diffusion-based methods.

Self-reenactment

Cross-reenactment

Method PSNRt SSIMt LPIPS| £;/ CSIMf MAEC), AED| APD| FID| FVD,  CSIM{ MAEC), AED] APD|
GAGAvatar [8] - - - - 07878  8.1317 04057 0.014 - - 0.6871 122879 0.8144 0.0256
Portrait4D-v2 [11] 143781 05601 04877 0.1268 07525 84331 04434 00262 550744 506.1298 0.6702 134384  0.8385 0.0321
PD-FGC [58] 164477  0.62 04252 00936 03282 119368 0.6345 00322 762318 628.5279 02181 150314 0.8988 0.0417
EMOPortrait [14] 187677 0.6979 02711 00648 0.6297  7.7967 04676 00179 432991 4445448 03483 103905 0.8012 0.0245
EDTalk [52] 200771 07272 03054 00648 0.674 163315 0572 00252 60.5285 369.9713 05435 225909 1.018 0.0531
LIA-X [63] 18249 06711 02763 00731 07416 10.6918 05797 00768 351192 317.5413  0.8270 27.6757 12581 0.2083
LivePortrait [19] 228809 07891 0.165 0.0433 0.8008 6595 03419 00095 213192 1920196 0.6595 12.6259 0.8264 0.0295
FYE [37] 20.1905 0.7168 02118 00564 07618 11.8316 05676 00273 30.0686 34332 07187 154403 1.1178 0.0482
AniPortrait [65] 210342 07334 0.1809 0.0499 0.7654 10.0084 04143 0015 266765 2109606 0.6894 18.6912  1.117 0.0444
X-NeMo [78] 165234 05666 03404 0096 07472 103959 04102 00152 34.3514 373.0014 0.6555 12.8173 07997 0.028
ReliPA [20] 161173 0.6264 03702  0.103 05317 125351 05572  0.021 41.1397 470.7546 0553  28.4037 12146 0.199
SkyReels-Al [42] 174286 0.6644 03332 0087 07103 13.1925 05291 00306 349209 363.1019 05856 21.6549 1.0562 0.1058

Hunyuan-Portrait [70] 16.97 0.6366  0.3291 0.0873 0.7741 9.9504
FantasyPortrait [60] 16.8794 0.6321 0.3394 0.0963 0.7368  9.9752

0.4218 0.0355 28.0526 266.6914  0.5939  17.7903  0.9142 0.0899
0.4743  0.0393 425995  446.281 0.7694 18.581  0.9745 0.1475

‘Wan-Animate [7] 18.3191 0.6505 0.2825 0.0768  0.7327 9.5602  0.4797 0.0186 26.8861 302.6864 0.5812  14.7004 0.9231 0.0405
VACE [26] 11.1789  0.5398 0.5259 02117 04311  13.0378 0.6314 0.0248 99.9335 918.8369  0.4001  19.5828  0.9737 0.0396
AvatarArtist [35] 13.3046 0.5414 0.5791 0.1524 0.4025 16.3325 0.6983 0.0443 91.3534 1043.3879 0.5073  14.8549  0.9374 0.0338
Ours 227117 0.7895 0.1593  0.0409 0.8434 49976  0.2606 0.009 20.1612 164.1895 0.6966 10.9564 0.7025 0.0303

Source Driving Ours. LivePortrait FantasyPortrait ~ X-NeMo AniPortrait  SkyReels-Al

ReliPA LIA-X EDTalk Wan-Animate Act-Two Hunyuan-Portrait FYE EMOPortrait

Figure 7. Qualitative comparison of cross-reenactment portrait animation. We show the source image, driving image and the generative
results. The source images are from FFHQ dataset and driving frames are from VFHQ dataset.

such as eye gazes and lip movements. On the contrary, our
model faithfully reconstructs the fine-grained expressions
and head pose of the driving frame.

Quantitative results. The left part of Tab. 2 reports the
comparison of each metric between PerformRecast and
other methods on self-reenactment. Since GAGAvatar [8]
can only produce results with black background, we do not
calculate pixel-level metrics for it. From Tab. 2 we can ob-
serve that our method obtains the best performance on all
metrics except PSNR, outperforming all other methods.

4.3.2. Cross-reenactment

For cross-reenactment portrait animation, we select 50 im-
ages from FFHQ dataset [27] as source portraits. The of-
ficial test split of VFHQ dataset [68] are used as driving
videos. We only adopt CSIM, MAE, AED and APD as eval-
uation metrics due to the lack of ground truth target images.

Qualitative results. Fig. 7 visualizes the generated re-
sults of different compared methods on the same source-
driving paired images. LivePortrait [ 19] exhibits severe arti-
facts on the third case. Other diffusion-based methods gen-
erally produce overly exaggerated facial expression, such
as wrinkles on the forehead and the wide smiles around the
lips. In contrast, our method is capable of faithfully trans-
ferring the subtle facial expression, direction of eyeballs and
head pose rotations from the driving image to source image.

Quantitative results. The right part of Tab. 2 presents the
quantitative results of the cross-reenactment comparisons.
Our model outperforms all previous methods in terms of fa-
cial expression accuracy. While EMOPortrait [14] reports
lower MAE and APD than ours, its generated results suf-
fer from severe background blur and distortion as shown
in Fig. 7. What’s more, although FantasyPortrait [60] and
FYE [37] attain higher facial identity similarity, they lag
significantly behind on all other metrics. Therefore, we can
conclude that our PerformRecast achieves state-of-the-art
overall performance on the cross-reenactment task. In addi-
tion, our method is able to generate six images per second
on the consumer-grade GPU device, which significantly re-
duces the complexity of deployment in practical scenarios.

S. Conclusion

In this paper, we propose PerformRecast, a versatile and
effective method tailored for expression-only video perfor-
mance editing and portrait animation tasks. We improve
the original keypoints transformation formula in LivePor-
trait [19] to make it more consistent with 3DMM. As a re-
sult, our PerformRecast is much better at disentangling the
face identity, facial expression and head pose rotation. Ex-
perimental results demonstrate that our method is capable
of editing the expression of a portrait video as well as ani-
mating a static portrait image, offering great convenience in
the film and computer animation industries.
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We first provide a brief overview of our supplementary material.
This supplementary material consists of the following sections and
contents:

e Sec. A: LLM usage claim.

e Sec. B: The detailed process of our used 3DMM-based face
tracking method Pixel3DMM [17].

¢ Sec. C: Definitions of all training loss terms used in our model.

e Sec. D: Describes the facial and non-facial masks calculation
process of each frame.

* Sec. E: Provides the inference process of portrait animation task.

¢ Sec. F: Shows our keypoints selection strategy.

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

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

¢ Sec. [: Construction pipeline of our test benchmark.

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

e Sec. K: Provides more generated results of our PerformRecast,
including both portrait video expression editing and portrait an-
imation.

* Sec. L: Discusses the limitations of our method and future plans.

* Sec. M: Ethics statement of our method to avoid malicious use.

A. LLM Use Claim

We employ a large language model (LLM) to assist with the lan-
guage polishing and revision of certain sections of our paper, in-
cluding the supplementary material. The LLM is used solely to
enhance grammar, clarity, and overall readability by rephrasing
sentences, correcting linguistic errors, and ensuring stylistic con-
sistency. All authors have carefully reviewed and approved the
final manuscript and take full responsibility for its content.

B. 3DMM-based Face Tracking

To obtain temporally continuous FLAME [34] model reconstruc-
tion results from input portrait videos, We adopt a recently-
proposed 3D face tracking method, Pixel3DMM [17] to predict
FLAME parameters of each frame from input portrait videos.
Pixel3DMM firstly trains two expert networks: N and U, which
are built on the top of the pretrained DINOv2 [40] backbone to pre-
dict surface normal N (I) and UV-space coordinate /() given a
portrait image I.

Then, it optimizes for FLAME parameters [34], including face
identity 3 € R3%, expression 1» € R, head pose § €
R3*4+3=15 and other camera parameters. The head pose 6 con-
tains four 3D rotation vectors for four joints: Oneck, Gjaw ; Gieti-eyeball»
Oright-eyebail and one global rotation fheq in axis-angle. Specifically,
Pixel3DMM directly uses MICA’s [79] identity prediction as .
The remaining parameters are optimized via minimizing a 2D ver-
tex loss and a normal rendering loss between the projection of cur-
rent estimated FLAME model and predicted UV-space coordinate
U(I) as well as surface normal N/ (I).

For monocular video tracking, Pixel3DMM freezes ziq using
the average result of MICA’s [79] identity predictions across all
frames. Then, it sequentially optimize for the remaining parame-
ters for each frame. Finally, it adds a smoothness term to ensure
smoothness across all frames.
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_ Landmarks
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Facial Mask

Non-Facial Mask
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Figure 8. The facial mask calculation process of each frame in
training dataset.

As a result, Pixe]3DMM is capable of reconstructing tempo-
rally continuous FLAME parameters and fixed face identity of
each input portrait video.

C. Definitions of Training Loss Terms

We utilize Lanimae Which is described in the main manuscript to
train our teacher and student models. Lapimate 1S formulated as:

Lanimate = EFLAME + »CP,cascade + ﬁl,cascade + EG,cascade + [rfaceich

(10)
To calculate the difference between the reconstructed frame I and
driving frame 14, 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 ap-
plied on both global region and local regions of face and lip, which
are denoted as a cascaded perceptual loss £ p cascade, @ cascaded Ly
1088 L1 cascade and a cascaded GAN loss L cascade: L£G,cascade €ON-
sists of LGan,global, £GaN,face and Lgan,lip, Which depend on the
corresponding discriminators Diiobal, Drace and Dyyp training from
scratch. The face and lip regions are defined using the 2D seman-
tic facial landmarks which are extracted by a pre-trained landmark
detector in LivePortrait [19]. And the face-id [9] loss is used to
preserve the identity of source image /5.

D. Facial Mask Calculation

As shown in Fig. 8, to obtain masks of facial and non-facial re-
gions, we also utilize the pre-trained 2D facial landmark detector
in LivePortrait [19] to extract 203 landmarks of each frame from
our dataset. Then, we expand the detected 2D facial landmarks
of source frame I outward and compute their convex hull as the
facial region, while the remaining area in I is regarded as the
non-facial region.

E. Inference Process of Portrait Animation

In the inference phase of portrait animation task, we first extract
the appearance feature volume fs = JF(I,) from the source image
I,. Given a driving video sequence {4 ;| = 0,1,..., N — 1}, the



Figure 9. The specific location of each keypoint used in our
method. Please zoom in for better inspection.

source and driving explicit keypoints are transformed as follows:
Ts = Ss ((xc,s + 65)Rs) + t57 (11)
Tai = Sdyi+ ((Te,s + 04,i)Rayi) + tais

which utilizes the same formula as training stage.

F. Keypoints Selection

We select K = 49 keypoints from the reconstructed FLAME face
mesh in total to supervise our motion extractor. Fig. 9 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.

G. 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 [31] optimizer with different learning rates for
different modules. Specifically, the appearance feature extractor is
trained with a learning rate of 5 x 10~°, 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 gaussian
noise with small variance on extracted keypoints xs and x4, but
not during inference stage.

H. Evaluation Metrics Details

LPIPS. For potrait video expression editing and self-
reenactment, we calculate the perceptual similarity metric
LPIPS [76] based on AlexNet [33] between the animated images
and ground truth images.

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

FID = ||ty — pir| > + Tr(Sy + £, — 2(5,5,)2),  (12)

where g and r denote the features of the generated image
and ground truth images, which is extracted by Inception-v3
model [51]. p and ¥ denote the mean and covariance matrices of
each image set. A lower FID indicates better generation quality.

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

FVD = |ug — oo |* + Tr(S, + 20 — 2(2.5,)"/%),  (13)

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 [6]. 1 and 3 denote the mean and covariance 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 images, through
the cosine similarity of two embeddings from a recently proposed
pretrained face recognition network AdaFace [30]. For portrait
video expression editing and self-reenactment, the CSIM is cal-
culated 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; distance
of the expression parameters between the edited and driving im-
ages in expression editing task as well as the animated and driv-
ing 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 [44].

Average Pose Distance. APD is the mean L, distance of the
pose parameters between the edited and source images in expres-
sion editing task as well as the animated and driving images in
portrait animation task. The pose parameters are also extract by
SMIRK [44].

Mean Angular Error. The mean angular error is used to
measure the eyeball direction error between the edited and driv-
ing images in expression editing task as well as the animated
and driving images in portrait animation task. It is adopted as:
MAE(ly, I4) = arccos(Hb:-‘ﬁ:ﬁ)7 where by and by are the eye-
ball direction vectors of the generated image I, (including the
edited image and animated image) and the driving image I4 re-
spectively. Both of them are predicted by a pre-trained eyeball
direction prediction network [1].

I. Construction of Our Test Benchmark

Fig. 10 visualizes the construction pipeline of our proposed test
benchmark. Given a input video, our pipeline first utilize MetaHu-
man [16] to extract the expression and head pose parameters of
each frame. The detailed information of this process are shown
at the top of Fig. 10. The extracted parameters 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”, “HeadPitch” 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
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Figure 10. Construction pipeline of our proposed test benchmark.

actors and “HeadYaw”, “HeadPitch”, “HeadRoll” in the json files
extracted from our pre-selected videos containing large head pose
rotation to Riglogic system to drive the ditigal human in MetaHu-
man and create final videos. For enhancement mode, all parame-
ters with keys starting with “CTRL_expressions” are set to zero.

The resolution of original videos synthesized from MetaHu-
man are set to 2560 x 1440, which is the default setting. Each
video contains 150 frames and is recorded with 30 frames per sec-
ond (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.

J. Modification of Diffusion-based Methods

We modify several diffusion-based portrait animation methods to
make them support the task of editing the facial expression of
source video according to the driving video. All these four meth-
ods leverage large-scale pre-trained video diffusion models to an-
imate the input static portrait image from the driving video. How-
ever, our portrait video expression editing task needs to utilize the
i-th frame I, ; in driving video to edit the expression of ¢-th frame
I5,; in source video. Therefore, we expand each frame of the driv-
ing video into a short static video clip, which is then used to an-
imate the i-th frame of the source video, thus conforming 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 animation, 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 ani-
mate the source frame. We then describe the detailed modification
of each method.

SkyReels-A1l. SkyReels-A1 [42] utilizes SMIRK [44] to ex-
tract FLAME [34] 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.

Figure 11. Qualitative comparison of portrait video expression
editing on enhancement mode. The top of the figure shows edit-
ing results of different methods. The bottom presents our abla-
tion studies and analysis. The bottom-right insets exhibit driv-
ing frames. The light green circles highlight the misalignment be-
tween the facial and non-facial regions. Please zoom in for better
inspection.

Hunyuan-Portrait. Hunyuan-Portrait [70] utilizes pre-
trained motion encoder MegaPortraits [13] to extract facial
motion representations of driving video. Specifically, these repre-
sentations consist of the explicit head rotations R, translations ¢,
and the latent expression descriptors z. Therefore, we replace the
head rotations R and translations ¢ of driving frame with those of
source frame to animate the source frame.

FantasyPortrait. FantasyPortrait employs a pre-trained im-
plicit expression motion extractor PD-FGC [58] to encode the
driving frame into latent features. These latent features include lip
motion ey;;, eye gaze and blink ecye, head pose enecqq and emo-
tional expression ecmo. And we replace the head pose parameters
€heaq Of driving frame with that of source frame to animate the
source frame.

Wan-Animate. Wan-Animate uses VitPose [69] to extract the
facial skeleton for the character in portrait video as head pose
representations. Then, it adopts an encoder structure identical to
that of LIA [62] to extract expression features from driving frame.
Therefore, we combine the facial skeleton of source frame with ex-
pression features from driving frame to animate the source frame.

K. More Results

We provide more generated results of our PerformRecast in this
section.

K.1. Portrait Video Expression Editing

We first compensate for the missing visual comparisons on the en-
hancement mode in Fig. 11 as mentioned in the main manuscript.
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Figure 12. 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 3. Quantitative comparisons of self-reenactment portrait animation on MEAD [59] 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 [8] - - - - 0.8946  5.1074 03781 0.0101 - -
Portrait4D-v2 [11] 20.0907 0.7746 03358 0.0617 0.8793 54329  0.4353 0.0149 85.3589  460.7595
PD-FGC [58] 20.8419 0.7824 0341 0.0573 03256 83772  0.7156 0.0202 92.8886  1276.3855
EMOPortrait [14] 26.1748 0.8729  0.1544 0.0287 0.5959  6.6994  0.4992 0.0128 37.5216  443.7428
EDTalk [52] 26.9246 0.8964 0.1443 0.0319 0.8592 6218 04333 0.0077 434199  343.9973
LIA-X [63] 226439 0.8232 0.1816 0.0386 0.8957 53919  0.4633 0.0636 32.4902  323.2831
LivePortrait [ 19] 32.9063 0.9464 0.0527 0.0148 0.9379  3.5497 02471 0.0041 104759  84.3131
FYE [37] 27.1819  0.8963 0.1039 0.0243 0.8767  5.6658  0.527 0.0109 30.5002  350.4705
AniPortrait [65] 29.0281 0.9125 0.081 0.0198 0.8904  4.8224 03989 0.0077 19.9857  191.8255
X-NeMo [78] 224136 0.7313  0.1916 0.0551 0.8594 104812 0.4168 0.0097 50.6639  409.2123
ReliPA [20] 24.0052 0.8525 0.1601 0.0409 0.8212 63512 05174 0.0117 35.1439  455.0235
SkyReels-A1 [42] 25.9931 0.8825 0.1182 0.032 0.8668 57577  0.594 0.0105 22.6852  278.6554

Hunyuan-Portrait [70]  26.4138 0.8779  0.0941  0.0309
FantasyPortrait [60] 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 [7] 21.9017 0.8105 0.2159  0.054
VACE [26] 15.0009 0.5046 0.4083 0.1587
AvatarArtist [35] 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

LivePortrait [19] generates inaccurate lip movements on the en-
hancement mode. Act-Two [46] tends to synthesize exaggerated
mouth movements, leading to less realistic facial animations. On
the contrary, our method succeeds in enhancing the facial expres-
sions via adding the expressions of driving video on the top of that
of source video.

We then show qualitative results of all the compared meth-
ods on our proposed test benchmark in Fig. 12. The four modi-
fied 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 PerformRecast achieves the best performance
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Figure 13. More generated results on self-reenactment task of different methods. The first two source-driving paired images are from
VFHQ dataset [68] and the last two source-driving paired images are from MEAD dataset [59].
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Figure 14. 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.

on both replacement and enhancement modes compared to all pre-
vious approaches.

K.2. Self-reenactment

We also report the quantitative results of self-reenactment portrait
animation on MEAD dataset [59] in Tab. 3. All the methods are
evaluated on a random split of MEAD dataset, which consists of
70 videos. As shown in Tab. 3, our method achieves the best per-
formance across all metrics on MEAD dataset [59], highlighting
its superiority over other existing approaches.

What’s more, we also present more qualitative results of dif-
ferent compared methods in Fig. 13. LivePortrait [19] tends to
generate blurred results around the eyes in the first and third cases.
It also struggles to preserve the subtle expressions in the second
and fourth cases. Other diffusion-based methods are prone to gen-
erating unstable results and exaggerated facial expressions. On the
contrary, our PerformRecast faithfully recovers the driving frames
with fine-grained details.

K.3. Cross-reenactment

We provide more cross-reenactment portrait animation results gen-
erated by our PerformRecast and some other methods in Fig. 14.
The source images are from FFHQ dataset [27] 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 expressions and eyeball directions in the driving
frames with high fidelity, while generating clear and high-quality
images. Although our method does not achieve best performance
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 quantitative evaluation metrics
mainly rely on some pre-trained 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.
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Figure 15. A typical failure case when our method generating teeth
while the mouth is closed in source video.

L. Limitations and Discussions

In portrait video expression editing task, our method tends to pro-
duce 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. 15 presents a typical failure case of this sce-
nario. This is mainly because our model is GAN-based, and un-
like diffusion-based models, it has limited ability to imagine and
synthesize unseen objects. In the future, we are planning to com-
bine the disentangling capability of 3D Morphable Face Model
with the generative power of large-scale pre-trained image diffu-
sion models or video diffusion models, aiming to further improve
the fidelity and clarity of synthesized videos.

M. Ethics Statement

This work advances portrait animation and portrait video facial ex-
pression editing for virtual avatars. Our methods are not intended
for malicious use, and all synthesized content should clearly indi-
cate its artificial nature. We acknowledge potential misuse, such
as deepfakes, and are developing tools to help detect synthetic
videos. At the same time, our technology can support education,
communication assistance, and therapeutic applications, reflecting
our commitment to responsible and ethical Al development.
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