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Abstract

Talking head video generation involves animating a still face
image using facial motion cues derived from a driving video
to replicate target poses and expressions. Traditional methods
often rely on the assumption that the relative positions of fa-
cial keypoints remain unchanged. However, this assumption
fails when keypoints are occluded or when the head is in a
profile pose, leading to inconsistencies in identity and blurring
in certain facial regions. In this paper, we introduce Occlusion-
Insensitive Talking Head Video Generation, a novel approach
that eliminates the reliance on spatial correlation of keypoints
and instead leverages semantic correlation. Our method trans-
forms facial features into a facelet semantic bank, where each
facelet token represents a specific facial semantic. This bank
is devoid of spatial information, allowing it to compensate for
any invisible or occluded face regions during motion warping.
The facelet compensation module then populates the facelet
tokens within the initially warped features by learning a cor-
relation matrix between facial semantics and the facelet bank.
This approach enables precise compensation for occlusions
and pose changes, enhancing the fidelity of the generated
videos. Extensive experiments demonstrate that our method
achieves state-of-the-art results, preserving source identity,
maintaining fine-grained facial details, and capturing nuanced
facial expressions with remarkable accuracy.

Introduction
Talking head video generation aims to synthesize human face
videos by seamlessly merging the appearance and identity
of a source face image with the vivid facial expressions and
intricate head movements of a target face. This task is chal-
lenging due to the limited appearance information available
from the static source image and the considerable pose and
facial expression gaps observed between the source and target
faces. Despite these challenges, it holds significant potential
for applications in industries such as film production, virtual
reality, and teleconferencing.

The advent of Generative Adversarial Networks
(GANs) (Goodfellow et al. 2014) has led to remarkable
advancements in this task, enhancing both quality and
robustness. Mainstream approaches (Siarohin et al. 2019b,a,
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Figure 1: Existing methods (c) and (d) assume that each
facial element in the source has a matching counterpart in the
target, which fails when self-occlusion occurs. We overcome
this limitation by introducing a facelet semantic bank that
compensates for occluded regions using facelet tokens.

2021) predominantly follow a self-supervised learning
pipeline, aiming to learn accurate motion estimation and ex-
pressive representation. These methods often leverage sparse
facial keypoints to autonomously learn and characterize a
comprehensive global motion flow between the source image
and each frame within the driving video sequence.

Due to its ill-posed nature, recent approaches have be-
gun incorporating additional information, such as 3D facial
prior models (e.g., 3DMM (Blanz and Vetter 1999)) with
decoupled expression codes (Ren et al. 2021; Zakharov et al.
2019), depth facial maps (Hong et al. 2022), 3D learned land-
marks (Wang, Mallya, and Liu 2021; Gao et al. 2023), or
semantic segmentation (Chen et al. 2020) to facilitate the
generation of complex facial expressions and head move-
ments. Additionally, some efforts focus on refining motion
models for more accurate transformations. For instance, Tao
et al. (Tao et al. 2022a, 2024) refined the learning process
of global motion flow, while Zhao et al. (Zhao and Zhang
2022) proposed a thin-plate spline motion estimation method
to produce a more flexible optical flow.

However, despite precise motion estimation, these global
warping-based methods assume that all facial elements can
be well-matched between the target and source faces. Con-
sequently, globally warped features often fail to provide ad-
equate facial information where self-occlusion occurs (see
Fig.1c and Fig.1d). This results in generated face videos that
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exhibit issues such as blurry details, inconsistent identity, and
noticeable distortions in certain areas.

To address these challenges, we introduce Occlusion-
Insensitive Talking Head Video Generation. The rationale
behind our method is that spatially structured information
is inevitably and inherently corrupted by any local faults or
occlusions. Therefore, we eliminate the reliance on spatial
correlation of keypoints/flows and instead leverage seman-
tic correlation. Our method transforms facial features into a
facelet semantic bank, where each facelet token represents a
specific facial semantic. This bank, devoid of spatial informa-
tion, adeptly compensates for any invisible or occluded face
regions during motion warping. The facelet compensation
module then integrates the facelet tokens within the initially
warped features by learning a correlation matrix between
facial semantics and the facelet bank, ensuring precise com-
pensation for occlusions and pose changes. Additionally, we
incorporate a spatially-invariant pose code throughout the
generation process, which provides crucial hints for handling
extreme head poses. Thus, our solution remains insensitive to
any source head poses and occlusion (see Fig. 1e), generating
talking head videos with consistent and artifact-free facial
appearances.

We conduct extensive experiments on competitive face
video benchmarks such as VoxCeleb1 (Nagrani, Chung, and
Zisserman 2017) and CelebV (Wu et al. 2018). Experimen-
tal results demonstrate the effectiveness of our approach in
addressing extreme poses and occlusion. Furthermore, our
method significantly outperforms state-of-the-art techniques,
as evidenced by both qualitative and quantitative evaluations.

Related Work
Image Animation involves generating a realistic image
where the content is driven by a source image and influ-
enced by a target video. Image animation can be categorized
into subject-dependent and subject-agnostic approaches.

Subject-dependent methods are trained on a specific sub-
ject and can only animate that particular individual (Bansal
et al. 2018; Suwajanakorn, Seitz, and Kemelmacher-
Shlizerman 2017; Thies, Zollhöfer, and Nießner 2019; Wu
et al. 2018; Vlasic et al. 2006; Thies et al. 2016). For instance,
Face2Face (Thies et al. 2016) tracks facial expressions in both
the source and target videos through a dense photometric
consistency measure, employing fast and efficient deforma-
tion transfer between the source and target faces. With the
advancement of neural radiance fields (NeRF) (Mildenhall
et al. 2021), methods like AD-NeRF (Guo et al. 2021) and
NVP (Thies et al. 2020) have utilized NeRF for generating
talking head videos driven by audio input.

In contrast, subject-agnostic methods are less complex and
more general, making them applicable to a wider range of
subjects (Siarohin et al. 2018, 2019a,b; Wang et al. 2022; Tao
et al. 2022a). Monkey-Net (Siarohin et al. 2019a) was the first
to use sparse learned keypoints for estimating optical flow,
enabling the animation of various objects. FOMM (Siarohin
et al. 2019b) extends Monkey-Net by incorporating local
affine transformation. MRAA (Siarohin et al. 2021) proposed
region-based affine motion representations, while MTIA (Tao
et al. 2022a) and DAM (Tao et al. 2022b) constrained the

affine motion model with stronger priors. LIA (Wang et al.
2022) introduced a set of learned direction vectors as motion
representations, animating images by linear navigation in
the latent space. However, these methods typically assume
a locally rigid object and are primarily applied to human
bodies, resulting in limited performance when specifically
applied to human faces.

Talking Head Video Generation achieved significant de-
velopments in recent years, thanks to the advent of large
face video datasets. This field is typically divided into two
strategies: image-driven and audio-driven generation.

In image-driven methods, researchers strive to capture the
expression of a given driving image and combine it with the
facial identity from a specified source image. Keypoint-based
methods (Siarohin et al. 2018, 2019a, 2021, 2019b; Tao et al.
2022a) learn a facial motion model to characterize the mo-
tion transformations between two sets of keypoints. Several
methods (Ren et al. 2021; Doukas, Zafeiriou, and Sharman-
ska 2021; Li et al. 2017) leverage 3D information, such as
3DMM and 3D mesh, to extract expression and identity codes
from a given face. For example, SAFA (Wang, Zhang, and Li
2021) and HeadGAN (Doukas, Zafeiriou, and Sharmanska
2021) use a 3D morphable model for expression transfer.

Some warping-based approaches (Tao et al. 2022a; Zhao
and Zhang 2022; Tao et al. 2024) focus on identifying im-
proved local keypoints and corresponding affine represen-
tations or models for motion transformation parameters.
TPSM (Zhao and Zhang 2022) suggests employing local
thin-plate-spline motions as an improvement over affine mo-
tions, MRFA (Tao et al. 2024) introduces a motion refinement
module to compensate for affine motions, and FNeVR (Zeng
et al. 2022) introduces a 3D face volume rendering module
to enhance affine motions for image rendering. Additionally,
DaGAN and DaGAN++ (Hong et al. 2022; Hong, Shen, and
Xu 2023) present a depth estimator to leverage face depth in-
formation for generation, while MCNet (Hong and Xu 2023)
proposes a global facial refinement network to compensate
for warped source facial features.

Audio-driven talking head generation (Chen et al. 2019; Ji
et al. 2022; Prajwal et al. 2020) primarily focuses on produc-
ing lip motion from the audio sequence. This task is relatively
easier due to the natural disentanglement of the driving au-
dio and the source content. MakeitTalk (Zhou et al. 2020)
and ATVGnet (Chen et al. 2019) disentangle content and
identity information from audio sequences to generate talk-
ing faces. A recent method (Zhong et al. 2023) employs a
two-stage framework consisting of audio-to-landmark and
landmark-to-video rendering procedures.

In this work, our focus lies on warping-based image-driven
talking head generation. Unlike previous approaches, we
aim to resolve the problem of occlusion sensitivity in ex-
isting methods, resulting in higher-quality generation with
enhanced local detail and robustness to large head pose shifts.

Method
The proposed framework comprises three principal compo-
nents: a motion estimator conditioned on a spatially-invariant
pose code, a facelet semantic bank module, and a facelet com-
pensation network. An overview of our approach is depicted
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Figure 2: Overview of our pipeline. Our approach generates a facelet semantic bank and leverages its spatial invariance to
compensate for occlusions that occur during the generation process.

in Fig. 2. Initially, we estimate the motion flow between the
source and driving face, conditioned on the target facial pose
and the keypoints of the source and driving frames. Leverag-
ing the estimated motion flow, we warp the encoded features
in each layer, producing the initial warped features, which
might be corrupted by occlusion. Simultaneously, we learn a
facelet semantic bank from the multi-scale source features,
capturing different facial semantics. The initially warped
features are then refined through query-based compensation
from the facelet semantic bank at each resolution within the
facelet compensation network. Finally, our decoder synthe-
sizes the final animation frame by frame using all the refined
feature maps. In the following paragraphs, we elaborate on
each of these components.

Spatially-Invariant Pose Code
We first follow existing methods (Siarohin et al. 2018;
Xu et al. 2022, 2020; Siarohin et al. 2019b,a; Zhao and
Zhang 2022) by utilizing a keypoint estimator (Newell,
Yang, and Deng 2016) to predict a set of sparse facial key-
points {kl,n}Kn=1 for both the source and target faces, where
l ∈ {s, d}, k ∈ R2×K , and K is the total number of key-
points. Alongside the keypoints, we predict their affine matri-
ces {Al,n}Kn=1, where A ∈ R2×2×K . The local motion flow
Fn is then derived using the following equation:

Fn(z) = ks,n +As,n(Ad,n)
−1(z − kd,n), (1)

where z ∈ R2 indicates a location in the image. In addition
to the K part local motion flows, an extra motion field is
introduced to preserve static background information:

F0(z) = z. (2)

Given that local motion flows may not adequately cap-
ture global motion, especially in challenging cases where
the source face is partially self-occluded (e.g., a profile face
with a large angle), we introduce a spatially-invariant pose
code to better handle these scenarios. To achieve this, we
encode the target spatially-invariant pose code pt using an
encoder Ep, which is a pre-trained 3D shape model (Feng
et al. 2021) designed to extract pose information while be-
ing invariant to spatial details of the facial appearance. The
spatially-invariant pose code captures the global orientation
and pose of the target face without being influenced by the
specific texture or appearance of the face. By isolating the
pose information, the pose code enables our model to accu-
rately understand and replicate the head’s orientation and
movement even when parts of the face are occluded. This
ensures that the generated motion flow can correctly guide
the facial animation, maintaining the correct pose even under
challenging conditions.

Using the spatially-invariant pose code and facial key-
points, we adopt a facial motion mask estimator to cap-
ture global and local head motion information between the
source and target faces. Using the predicted motion mask
Mn ∈ RH×W×(K+1), the final motion flow between the
driving and source images is derived as follows:

F(z) =
∑K

n=0 MnFn(z). (3)

As shown in Fig. 2, we then utilize the final motion flow F
to warp the multi-scale appearance features F i

s , where i is the
ith scale feature, to produce an initial warped feature map.
An occlusion map Oi predicted by the motion mask estimator
is used to mask out regions of the initial warped feature map
that require inpainting due to variations in head rotations.
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This process yields the warped source image feature F i
w as

follows:
F i
w = Oi × W(F i

s ,F), (4)
where W[·, ·] is the warping operation. Through this approach,
the warped features {F i

w}Ni=1, with N representing the num-
ber of feature scales, more effectively retain the identity of
the source image while ensuring consistency in facial pose
and motion between the source and target faces.

Facelet Semantic Bank
Despite accurate motion estimation, the final generated face
videos often exhibit blurred local details and inconsistency
between facial areas. This issue arises from the limitations
of the global warped representation, particularly in scenarios
where the source face is partially self-occluded or displays
delicate expression variations. To address this, our initial goal
is to construct a facelet semantic bank to ensure consistency
under occlusion.

As illustrated in the top-right of Fig. 2, given an image
Is, we employ an off-the-shelf face parsing model (Yu et al.
2018) to extract a segmentation mask Ms that encompasses
regions such as the eyes, ears, lips, and brows. For each scale
of feature F i

s , we resize the facial mask M to the same spatial
size and apply the region-wise average pooling operation
(RAP) on F i

s . We then aggregate and average each region’s
features and feed them into an MLP network (MLP) to
embed an initial facelet bank Ffb ∈ RN×C×512 of the source
image:

M j
s = (⌊Ms⌋ == j), ∀j ∈ {1, 2, . . . , C}, (5)

F i
fb = MLP(Concat(RAP(F i

s ⊙ (M j
s )))), (6)

where C is the number of regions, ⊙ is the Hadamard product,
Concat[·, ·] denotes the concatenation operation, and ⌊Ms⌋
denotes the resized segmentation mask with the same spatial
size as F i

s .
Due to the lack of interaction among the projected facial

local features, simply using the initial facelet semantic bank
cannot effectively preserve accuracy in appearance fidelity.
To address this, we feed the initial facelet bank into a trans-
former layer. In this layer, F i

fb is linearly projected to the
query, key, and value features: QF i

fb
, KF i

fb
, and VF i

fb
. For

clarity, we temporarily omit the subscript and define Multi-
head Self-Attention (MSA) as follows:

headi = Softmax

(
QW i

Q(KW i
K)T

√
dk

)
VW i

V , (7)

MSA(Q,K, V ) = Concat
(

head1, . . . , headh
)
WO, (8)

F̂ i
fb = F i

fb + FFN
(
LN
(
MSA

(
F i
fb

)))
, (9)

where WO, W i
Q, W i

K , and W i
V represent learned parameters

used for feature projections. dk denotes the hidden dimen-
sion of the projection subspace, while h signifies the total
number of heads in each MSA layer. FFN and LN refer to the
feed-forward network, comprised of linear transformations,
ReLU activation, and layer normalization. Thus, we obtain
the ultimate enriched facelet semantic bank, denoted as F̂ i

fb,
endowed with the capability for identity interaction, ensuring
better preservation of appearance fidelity and consistency.

Facelet Semantic Compensation
The obtained facelet semantic bank is spatially invariant and
consists solely of semantic information, making it ideal for
recovering occluded regions. For example, an occluded right
eye can be reconstructed using the facelet token for the left
eye. Specifically, we use the facelet semantic bank to pro-
duce the key and value features, KF̂ i

fb
and VF̂ i

fb
respectively,

through two dynamic layers. This approach ensures that the
key and value features encapsulate fine-grained facial details
and are tailored for occlusion recovery.

First, we flatten and project F i
w as a query feature QF i

w
.

The attention map is then computed as:

A = Softmax

(
QF i

w
(KF̂ i

fb
)T

√
dk

)
, (10)

where A denotes the attention map, indicating the relevance
of the facelet token to each pixel. Finally, the refined warped
feature maps F i

rw are obtained as follows:

F i
rw = F i

w +AVF̂ i
fb
. (11)

Ideally, the attention maps of each facial region token
should focus solely on their respective facial feature areas,
avoiding the blending of irrelevant facial features and pre-
venting their spread across the entire facial image. Motivated
by (Chefer et al. 2023), we localize the cross-attention map
by utilizing the target segmentation mask. Let M j

d represent
the segmentation mask of the target face image in the j-th
facial region, and Aj denote the cross-attention map of the
j-th facelet token. We enforce the cross-attention map Aj to
closely match the segmentation mask M j

d .
We employ a localization loss Lloc to minimize the dis-

tance between the cross-attention map and the segmentation
mask, formulated as a balanced L1 loss:

Lloc =
1

C

∑C
j=1

(
µ(Aj⌊ ¯

M j
d⌋)− µ(Aj⌊M j

d⌋)
)
, (12)

where µ(·) denotes the mean operation, ¯
M j

d = 1−M j
d , and

C denotes the number of target face regions. As a result, our
facelet compensation module effectively addresses the issue
of inadequate preservation during occlusion, ensuring high
fidelity and consistency in the generated facial features.

Talking Head Generation
We have now obtained the warped and compensated feature
maps {F i

rw}Ni=1. To further enhance the generation of facial
details, our approach extends facelet compensation across
multiple layers. To improve the ability to generate content
that does not exist in the source, we introduce a facial pose-
aware decoder. The process begins by treating F 1

rw as F 1
g .

Subsequently, F 2
g is generated from F 1

g through an upsample
convolution block and an AdaIN block, conditioned on the
target spatially-invariant pose code pt. At each level, the com-
pensated feature map F i

rw is concatenated with the generated
feature F i

g to produce the next level feature F i+1
g . Finally,

the last layer applies a sigmoid function to generate the final
facial image Ig, ensuring high fidelity and consistency with
the target facial pose and expressions.
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Same-identity Reenactment Cross-identity Reenactment on
Methods on VoxCeleb1 VoxCeleb1 CelebV

SSIM↑ L1↓ PSNR↑ LPIPS↓ AKD↓ AED↓ CSIM↑ ARD↓ AUH↓ CSIM↑ ARD↓ AUH↓
FOMM 0.851 0.0415 23.95 0.169 1.384 0.129 0.745 2.416 0.243 0.695 2.497 0.252
MRAA 0.860 0.0391 24.41 0.163 1.377 0.126 0.749 2.938 0.297 0.699 2.891 0.301
DaGAN 0.862 0.0383 24.69 0.164 1.368 0.123 0.751 2.583 0.241 0.689 2.583 0.232
TPSM 0.879 0.0351 25.62 0.150 1.217 0.121 0.759 2.256 0.236 0.707 2.341 0.222
MRFA 0.889 0.0329 26.26 0.143 1.177 0.106 0.732 2.219 0.232 0.684 2.276 0.215
FNeVR 0.876 0.0367 25.35 0.154 1.246 0.119 0.748 2.319 0.237 0.691 2.422 0.236
MCNet 0.882 0.0347 25.83 0.148 1.243 0.110 0.743 2.206 0.243 0.681 2.366 0.235

Ours 0.896 0.0306 26.88 0.136 1.156 0.098 0.779 2.124 0.217 0.711 2.265 0.201

Table 1: Comparisons with state-of-the-art methods on same-identity reenactment on VoxCeleb1 dataset and cross-identity
reenactment on VoxCeleb1 and CelebV datasets.

Objective Function
We train our method using a combination of three losses.
First, following FOMM (Siarohin et al. 2019b), we use the
perceptual loss Lp to align the human-perceptual similarity
between the generated frame and the driving frame. Second,
we introduce the equivariance loss Leq to ensure the stability
of the Facial Pose-aware Motion Estimator. Additionally,
we incorporate the localization loss Lloc (Eq. 12) to learn
the facelet semantic compensation code. The overall loss
function is formulated as follows:

L = λpLp + λeqLeq + λlocLloc, (13)

where λp, λeq, and λloc are the weights for the respective
loss functions.

Experiments
We follow existing works (Siarohin et al. 2019b, 2021) to
employ Hourglass network architecture for keypoint esti-
mation (Newell, Yang, and Deng 2016). Our facial mask
estimator comprises three Downsample ResBlocks, fol-
lowed by an AdaIN ResBlock and three Upsample
ResBlocks. Similarly, the encoder and facial pose-
aware decoder consist of four Downsample and AdaIN
Upsample ResBlocks. We set the number of keypoints
K as 10, in line with established methodologies (Siarohin
et al. 2019b; Zhao and Zhang 2022). Our model is trained
for 100 epochs using two RTX 4090 GPUs in an end-to-end
training manner, taking up to approximately 5 days in total.
The Adam optimizer (Kingma and Ba 2015) is adopted with
learning rate with 2e−4, β1 = 0.5 and β2 = 0.999.

Experimental Setting
Datasets. In our experiments, we use two commonly used
datasets for the validation of talking head generation: Vox-
celeb1 (Nagrani, Chung, and Zisserman 2017) and CelebV
dataset (Wu et al. 2018). Voxceleb1 consists of videos of
different celebrities talking in different scenarios, collected
from YouTube and cropped to a resolution of 256×256, with
various lengths ranging from 64 to 1024 frames. CelebV con-
tains 200K images of celebrity faces, each annotated with 98
landmarks. We follow the same data pre-processing protocol
and train-test split strategy in (Siarohin et al. 2019b; Hong
et al. 2022) for evaluation. To assess the model’s general-
ization ability, we adopt the test set sampling strategy from

DaGAN (Hong et al. 2022), training our model on VoxCeleb1
while evaluating it on CelebV.
Metrics. We assess the reconstruction quality using struc-
tured similarity (SSIM), L1 distance (L1), Peak Signal-to-
Nosie Ratio (PSNR), and LPIPS (Zhang et al. 2018). To
evaluate the pose quality of the generated videos, we follow
previous studies (Siarohin et al. 2019b; Zhao and Zhang 2022;
Hong et al. 2022) that compute the Average Keypoint Dis-
tance (AKD) between the generated and ground-truth video
frames. The identity preservation capability is measured by
the Average Euclidean Distance (AED) between identity fea-
tures. Additionally, for cross-identity video face reenactment,
we use the cross-identity similarity (CSIM) (Wang, Mallya,
and Liu 2021) to evaluate the quality of identity preservation.
The average rotation distance (ARD) (Doukas, Zafeiriou, and
Sharmanska 2021) and the facial action unit hamming dis-
tance (AUH) (Doukas, Zafeiriou, and Sharmanska 2021) are
respectively used to measure errors of head poses and facial
expressions. For comparison with them, we adopt the motion
model (Tao et al. 2024) to compute our motion flow, while
we also employ the motion models (Siarohin et al. 2019b;
Zhao and Zhang 2022) in the section of model ablations.
Competitors. We compare our method with a variety of
state-of-the-art methods, FOMM (Siarohin et al. 2019b),
MRAA (Siarohin et al. 2021), DaGAN (Hong et al. 2022),
TPSM (Zhao and Zhang 2022), FNeVR (Zeng et al. 2022),
MRFA (Tao et al. 2024), and MCNet (Hong and Xu 2023).
All reported results are obtained by evaluating these methods
with their official code implementation and publicly available
pre-trained models.

Quantitative Comparison
Comparison with SOTAs. For same-identity face reenact-
ment, we conduct the comparisons on VoxCeleb1 dataset,
in which the source and the driving images share the same
identity, and the quantitative results are reported in the left
part of Table 1. We can see that our method consistently
outperforms other approaches across all metrics. Particularly
noteworthy are the substantial improvements in reconstruc-
tion metrics such as SSIM, L1, PSNR, and LPIPS, which
underscore our method’s proficiency in capturing finer facial
details and achieving superior visual quality. That should
attributed to the introduction of facelet semantic compensa-
tion, as it compensates the initially warped feature with the
learned facelet semantic bank, which effectively leverages
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Figure 3: Comparison of same-identity video reenactment results on the VoxCeleb1 dataset. Our method consistently outperforms
multiple state-of-the-art approaches. Please zoom in for more details.

Same-identity Reenactment
Methods SSIM ↑ PSNR ↑ LPIPS ↓ L1 ↓ AKD ↓ AED ↓

FOMM 0.791 21.20 0.245 0.0606 1.600 0.246
MRAA 0.779 20.98 0.253 0.0613 2.042 0.271
DaGAN 0.795 21.34 0.249 0.0635 1.805 0.253
TPSM 0.829 22.63 0.216 0.0542 1.430 0.220
MRFA 0.823 22.69 0.220 0.0519 1.381 0.218
FNeVR 0.812 21.99 0.230 0.0567 1.456 0.253
MCNet 0.821 22.64 0.222 0.0524 1.427 0.212

Ours 0.837 23.28 0.202 0.0477 1.326 0.207

Table 2: Comparisons with state-of-the-art methods on a set
of images with self-occlusion occurring on source face.

semantic facial information to refine facial regions where
self-occlusion occurs. Furthermore, our method achieves su-
perior facial motion quality as evidenced by the highest AKD
score, showcasing the effectiveness of our facial pose-aware
motion estimator and facial pose-aware decoder in repre-
senting spatially-invariant pose and capturing facial motion.
Leveraging our facelet semantic bank, we also achieve the
best identity preservation, as indicated by the highest score
on the AED metric. We also conduct cross-identity face reen-
actment experiments on both the VoxCeleb1 and CelebV
datasets. This task involves using source and driving images
from different identities. As shown in the right part of Table 1,
our method achieves the best ARD and AUH metric scores,
which indicates the superior facial expression and accurate
head pose quality of our method. Additionally, the highest
CSIM score illustrates our method’s ability to maintain high
appearance fidelity during face animation. This capability is
further supported by the qualitative results (Fig. 3 and Fig. 4).

Variants SSIM↑ L1↓ PSNR↑ LPIPS↓ AKD↓ AED↓
Baseline 0.889 0.0329 26.26 0.143 1.177 0.106
+ PAM 0.890 0.0326 26.40 0.141 1.172 0.111
+ PAD 0.891 0.0322 26.44 0.141 1.168 0.108
+ IR 0.895 0.0311 26.79 0.137 1.160 0.099

+ Lloc 0.896 0.0306 26.88 0.136 1.156 0.098

FOMM 0.851 0.0415 23.95 0.169 1.384 0.129
FOMM ++ 0.881 0.0341 25.86 0.147 1.209 0.114

TPSM 0.879 0.0351 25.62 0.150 1.217 0.121
TPSM ++ 0.890 0.0336 26.35 0.142 1.174 0.108

Table 3: Quantitative comparison of various variants.

Occlusion Evaluation. To further assess the efficacy of our
proposed methodology under challenging scenarios involv-
ing self-occlusion in the source face image, we constructed a
specialized benchmark dataset tailored for self-reenactment
tasks. This dataset consists of 1,300 image pairs, each con-
taining a source image with self-occlusion, manually curated
from the VoxCeleb1 test set. The comparative analysis, pre-
sented in Table 2, indicates that our approach outperforms
existing techniques in terms of both image quality and the
accuracy of head pose and expression transfer fidelity.

Qualitative Comparison
We conducted experiments on both the same-identity video
reconstruction and cross-identity face reenactment similar
to prior studies (Siarohin et al. 2019b; Hong et al. 2022;
Hong and Xu 2023). The qualitative outcomes are visually
depicted in Fig. 3 and Fig. 4. Notably, our method consis-
tently demonstrates enhanced robustness against extreme
changes in head pose (illustrated in 1st, 2nd, 4th samples of
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Figure 4: Cross-identity face reenactment on VoxCeleb1 (first three rows) and CelebV (last two rows). Our method consistently
achieves higher fidelity than existing techniques. Please zoom in for details.

Fig. 3 and 2nd, 5th rows in Fig. 4), delicate expression vari-
ations (see 3rd, 5th samples in Fig. 3 and 2nd, 4th samples
of Fig. 4), and challenging occasions where source face is
partially occluded (3rd, 4th samples of Fig. 3 and 1st, 3rd

rows in Fig. 4), etc. Furthermore, our approach outperforms
competing methodologies in maintaining appearance fidelity
and capturing diverse facial expressions with intricate details,
notably within fine-grained facial regions such as the eyes,
lips, and ears, while circumventing prevalent artifacts. Our
method can effectively learn the occlusion-insensitive facelet
semantic bank for compensation and enhance facial pose re-
targeting, thereby manifesting a notable advancement over
existing approaches that often exhibit constraints in maintain-
ing identity consistency and facial local details.

Ablation Studies
We conducted an ablation study to evaluate the effectiveness
of each component in our model. We began by removing the
pose retargeting strategy to assess the performance of the
pose-aware motion estimator and the proposed pose-aware
decoder. Next, we evaluated the facelet compensation ap-
proach by incrementally adding Pose-Aware Motion (PAM),
Pose-Aware Decoder (PAD), and Identity Refinement (IR).
Finally, we introduced the Lloc loss during training to validate
its impact. Quantitative results for all variants are presented
in Table 3. Both the Pose-Aware Motion and Pose-Aware De-
coder significantly improve the L1 and AKD metrics, leading
to more accurate head pose and global motion estimation.
Adding Identity Refinement further enhances all metrics, par-
ticularly SSIM, L1, AED, and PSNR, reflecting improved
identity consistency and overall visual quality, demonstrat-
ing the effectiveness of our facelet compensation approach.

Including Lloc helps mitigate identity blending among facial
features, resulting in superior performance across all tasks.

Moreover, we integrated our full components into
FOMM (Siarohin et al. 2019b) and TPSM (Zhao and Zhang
2022), leading to the variants FOMM++ and TPSM++. As
shown in Table 3, these integrations substantially improve
all metrics, confirming the adaptability, transferability, and
generalization capability of our proposed method.

Conclusion and Discussions
In this paper, we introduce an occlusion-insensitive method
for talking head video generation. Unlike traditional ap-
proaches that rely on keypoint correlations for motion flow,
our method uses semantic correlations to address artifacts
from global warping, especially in occluded areas. We esti-
mate motion flow to warp source features, creating an initial
warped feature, which is then refined using a facelet semantic
bank. A decoder processes this refined feature to generate the
final animated faces. Experiments in same-identity and cross-
identity reenactment demonstrate that our method excels in
preserving identity, fine details, and facial expressions.
Limitations. One limitation of our method is that facial
shapes may experience minor adjustments to better align
with the driving frame. This is due to keypoints capturing fa-
cial shape information, which can lead to subtle deformations
beyond expressions, particularly in cross-identity animation.
While relative motion transfer (Siarohin et al. 2019b, 2021)
can help mitigate this effect, it may result in slightly less
precise motion portrayal. Alternatively, incorporating prior
models to capture facial shape nuances could further enhance
our method’s accuracy.
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