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Figure I. Overview of the part-wise 3D deformation field D in GenHead. We first derive deformation caused by neck pose via the Surface
Field approach [2]. The deformation of an arbitrary 3D point is obtained via tri-linear interpolation between those of pre-defined voxel
grids. Then, we eliminate the deformation caused by shape and expression variations, via weighted deformations of its nearest vertices on
the FLAME mesh. Here, we only show the derivation of the head region deformation for an illustration.

I. Overview

We first present more implementation details in Sec. II, in-
cluding those of GenHead, 4D data synthesis, and the one-
shot 4D head reconstruction pipeline. Then, we provide
evaluations of GenHead and additional results of one-shot
4D head synthesis in Sec. III. Finally, we discuss limitations
and ethics consideration in Sec. I'V.

I1. More Implementation Details
I1.1. Part-wise Generative Head Model

In this section, we describe more details about the GenHead
model, including the shape-aware canonical triplane gener-
ator, the part-wise deformation field, the image rendering
process, and the learning strategy. We also provide details
about data preprocessing and training.

Shape-aware canonical triplane generator. As de-
scribed in the main paper, our canonical tri-plane genera-
tor G, also takes the shape code « as input for synthesiz-
ing shape-related canonical appearance. To achieve this, we

simply concatenate ¢ with the random noise z, and send
them together into the mapping network of G.,’s Style-
GAN?2 backbone. Considering that the shape and appear-
ance only have weak correlations, we randomly replace o
sent into the mapping net with an arbitrary shape code at a
possibility of 50% during training to avoid overfitting.

Part-wise 3D deformation field. The part-wise 3D de-
formation field D produces observation-to-canonical defor-
mations [Axy,, Az,] for a 3D point «, for modeling shape
deformations, as well as animations of neck, face, eyes, and
mouth. [llustrations are in Fig. I and II and we describe the
details below.

We first calculate the deformation caused by neck joint
rotation vypec,. We leverage Surface Field (SF) proposed by
[2], which derives the canonical coordinate x,, via

Ty =ty - [u, v, w]T + (2 —ty - [u,0,w]T, g )0y, (D)

where t, is ’s nearest triangle on the mesh m(«, 3,7),
[u,v,w] is the barycentric coordinates of a’s projection
onto the triangle, and m._ is the surface normal. ¢}, and
nyg_ are the corresponding triangle and surface normal on
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Figure II. We further derive part-region deformations using the
cropped-out eye balls and lip meshes, to better deal with motions
of eyes and teeth.

a mesh m(a, 3,~,) with canonical neck pose, that is,
Yn = [0, Yjaw, Yeye)- In practice, we avoid direct SF calcu-
lation for every 3D point. Instead, we introduce pre-defined
low-resolution voxel grids for SF computation, and approxi-
mate the deformation of an arbitrary 3D point with tri-linear
interpolation of those of pre-defined voxel grids, as shown
in Fig. I. This approximation largely reduces the computa-
tional cost produced by nearest triangle search. Moreover,
the tri-linear interpolation serves as a low-pass filter which
largely alleviates the discontinuity of deformations around
hairs that have contact with both the face and the shoulder.

After eliminating the neck pose, we tackle the deforma-
tion produced by c, 3, and 7;4., to deform the 3D point
to the head canonical space. Specifically, for the 3D point
x,, after neck pose canonicalization, we search for its near-
est vertex v, on the mesh m(«, 3,7, ) and further obtain
the one-ring neighborhood N (v,,) of the vertex. We then
calculate the deformation of x,, via weighted summation of
the offsets produced by the neighborhood:

]' ca
Alwn) = E/ZV‘? )wr(vi —v), )

where v{® denotes v;’s corresponding vertex on mesh
m(0,0,7c,), wi = 1/||Tn — 4|2 is the weighting coef-
ficient proportional to the inverse distance between the 3D
point and the vertices, and Z is a normalizing scalar. The
coordinate x;, in the head canonical space can then be ob-
tained via xj, = A(x,,) + x,. That is, the observation-to-
head-canonical deformation Az, = A(xz,) + x,, — .
Finally, we tackle the eye balls’ rotation as well as rela-
tive movements between lips and teeth. As shown in Fig. II,
we crop out the eye region and lip region from the FLAME
mesh. For the eye region, we search for the closest ver-
tices on the eye balls for the 3D point x,,, and follow the
same procedure as described in Eq. (II) to obtain canoni-
cal point x,;. For teeth, we notice that their motions are
related only to the jaw movements [12]. Therefore, we
derive their deformation via an expressionless lip-region
mesh m(a,0,7,). We use the offsets between the ver-
tices on this lip mesh and the corresponding vertices on the

canonical mesh m(0, 0, ., ) to derive the deformation via
Eq. (I), and obtain the canonical point x,». Therefore, the
observation-to-part-canonical deformation Az, = xp; —
or T, — T, where we use x,; — x for points inside the
bounding boxes of the eye balls, and x,» — « for the re-
mainings.

Image rendering. Given the part-wise deformations
[Axp, Axp), we can obtain the corresponding features f,
and f, from the triplanes 7}, and 7}, respectively. An
MLP then decodes the features to their radiance (o, cp,)
and (0, ¢,), where c. € R3? is a color feature and its first
three dimensions correspond to RG B, as in [4]. We per-
form volume rendering [14, 18] to obtain two feature maps
Iy, and I, via the following equation:

N
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’ 11
where 1 is the point index along ray r from near to far, and
0 denotes adjacent point distance. We blend the two feature
maps to a single foreground feature map I via the rendered
FLAME mask at the same view point:

Ir=1,01-M,)+1,®M,, (Iv)

where © is element-wise multiplication and M, is the mask
of eyes and inner mouth obtained via rasterization of the
FLAME mesh m(a, 3,~). Similarly, we can obtain the
foreground opacity image I, by setting c¢; of all points to 1
in Eq. (IIT). Then, we fused the foreground with a 2D back-
ground feature map I, generated by another StyleGAN2:

Ilr = If © Iopa + Ibg O] (1 - Iopa)- (V)

Finally, the obtained low-resolution feature map I, is sent
into a 2D super-resolution module [4] to synthesize the final
image I.

Learning strategy. We adopt the recent 3D-aware GAN
training framework [4, 22] to learn GenHead using monoc-
ular real images. During training, we randomly sample
(e, B,7) and camera pose @ extracted from the training
set, as well as noise code z from normal distribution, and
enforce the GenHead model G to generate a corresponding
image I. An extra discriminator D then takes the gener-
ated image I as well as a real one I from the training set to
conduct image-level adversarial learning [13, 15]:

)] o D
)+ AIVD(Lear)[I7],

ﬁadv = ]Eoz 8,7,z 9[ ( (Icat)
+Eirppn [F(~DLear)

where f(u) = log(l + exp (u)) is the Softplus function
and |VD(+))||? denotes the R1 regularization [17]. I..; =



[I, Iy, Iopa, U] is a concatenation of the synthesized images
1, I, the opacity image I,,,, and a rasterized correspon-
dence map from m(«, 3,~) similarly as in [22]. I.q is
the corresponding concatenation of /.,;, where I opa 18 pre-
dicted by [6] and U is obtained from a reconstructed mesh
using [3, 10] and an extra landmark-based optimization
step. The additional concatenation of the opacity images
and the correspondence maps help with better foreground-
background separation and more accurate deformation con-
trol.

Besides, we introduce a part-region density regulariza-
tion to encourage the GenHead to leverage T}, instead of T,
for generating eyes and inner mouth:

['pa'r't = Z Oh (m)a (VID

II(x)eM,

where II(x) is the 2D projection of point « in the obser-
vation space, and oy, is the corresponding volume density
obtained from 7},.

Data preprocessing. We re-align the FFHQ [15] dataset
to ensure that the heads have nearly identical scales and
are centered in the images. Specifically, we detect facial
landmarks of all images using [30]. Then, we re-scale and
re-center all heads in the images by performing similar-
ity transforms computed between the detected landmarks
and the canonical landmarks of BFM [19]. Finally, we
center-crop all images and resize them to a resolution of
5122, Note that we preserve roll angles of the heads in-
stead of eliminating them as done in [4, 15]. We use
Deep3DRecon [10] to extract BEM coefficients from the
images and transfer them to FLAME codes via [3]. To
improve 3D-to-2D alignment, we conduct extra landmark-
based optimization to update the 3D shapes, expressions,
eye rotations, and 3D translations. The optimized FLAME
codes as well as the camera parameters are used for im-
age synthesis and correspondence map rasterization during
training. The camera intrinsics are set identical across all
images. In addition, we re-balance the pose distribution of
FFHQ based on the estimated head rotations. We duplicate
the images by factors of 2, 4, 8, and 16 for those with yaw
angles in ranges of 15° ~ 30°, 30° ~ 45°, 45° ~ 60°, and
larger than 60°, respectively. We also flip all images and
extract the corresponding FLAME parameters. This lead
to 210K training images in total compared to the original
FFHQ with 70K images.

More training details. We randomly sample «, 3,, 0
extracted from a same image, and combine them with a ran-
dom noise z. We perform volume rendering at a resolu-
tion of 642, and use hirearchical sampling strategy [4, 18]
with 48 coarse sampling points and 48 fine points. We train

Geq and D via Lg4, and L4+ to see 256M images in to-
tal. The balancing weights for the two losses are set to
1 and 10, respectively. We use Adam optimizer [16] with
(81, B2) = (0,0.99) and learning rates of 0.0025 and 0.002
for the generator and the discriminator, respectively, and
set the batch size to 32. Experiments are conducted on
4 Tesla A100 GPUs with 40GB memory, and the training
takes around 2 weeks.

I1.2. 4D Data Synthesis

In this section, we describe the data synthesis details for
training the 4D head reconstruction pipeline.

Specifically, we follow the data preprocessing procedure
described in Sec. II.1 to extract («, 3,7, 0) from images
in FFHQ and VFHQ. For the dynamic data, we sample
« extracted from the FFHQ images and (3,~) from the
VFHQ images. For the static data, o, 3,~ are sampled
from both the FFHQ and VFHQ images. Note that for
Yneck, W€ sample it from a manually-defined distribution,
with pitch in [—0.2,0.2] rad, yaw in [—0.5,0.5] rad, and
roll in [—0.1, 0.1] rad. For the camera pose 8, we also sam-
ple it from a pre-defined uniform distribution that covers
most of the camera parameters estimated from FFHQ, with
pitch in [—0.25, 0.65] rad, yaw in [—0.78,0.78] rad, and roll
in [—0.25,0.25] rad. The camera radius are uniformly sam-
pled from [3.65, 4.45], and the camera look-at position from
[—0.01,0.01] x [—0.01,0.01] x [0.02,0.04]. We use fixed
camera intrinsics similarly as in GenHead, with a field of
view (FoV) equal to 12°.

For a certain identity («, z) with different motions and
camera poses, we use the same z to generate the back-
ground image. We maintain the intermediate outputs as ad-
ditional supervisions as described in the main paper. For
the sampled triplane features 7'(xz), we randomly choose
4000 coarse sampling points during the rendering process
and record their features fj, from the triplanes 7},. Be-
sides, for all synthesized images I,., we use an average W
space [1] vector for the modulated convolutional layers in
the 2D super-resolution module. Visualizations of the syn-
thetic data can be found in Sec. I11.2.

I1.3. Animatable Triplane Reconstructor

Canonicalization and reenactment module. The canon-
icalization and reenactment module ® consists of a de-
expression module ® ;4. and a reenactment module ®,.. shar-
ing the same structure. They each has four transformer
blocks with a cross-attention layer, a self-attention layer,
and an MLP. An extra MLP is utilized to expand the spa-
tial dimension of the motion feature v for computing the
cross-attentions, as shown in Fig. 3 in the main paper. A
detailed structure of ® can be found in Fig. XVI.
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Figure III. Head images synthesized by GenHead. We can generate diverse virtual identities and support individual control over head
shapes, expressions, eye gazes, neck poses, and camera poses. Best viewed with zoom-in.

Motion feature. We utilize the motion features from [25]
as input to ®. More specifically, we use a concatenation
of the features from [25]’s expression encoder E.p, lip en-
coder E;;p, and eye encoder E.y.. This leads to a motion
vector v of dimension 30 4+ 512 4+ 6 = 548.

Background prediction. We leverage a U-Net to predict
the background feature map I, from the input image. The
structure of it is illustrated in Fig. X VII.

Image rendering. We follow a similar procedure as in
Sec. II.1 for image synthesis. Specifically, a foreground fea-
ture map I is rendered from the reconstructed triplane T’
via Eq. (III), and fused with the predicted background I,
from the U-Net via Eq. (V). Note that for the 4D head syn-
thesis pipeline, we do not use part-wise triplanes as in Gen-
Head but a single triplane 7' to represent the whole head
region and render the corresponding images.



More training details. We train the animatable triplane
reconstructor ¥ using the synthetic data described in
Sec. I1.2 and Sec. 3.2 in the main paper, as well as the train-
ing objective in Sec. 3.4 in the main paper. We initialize
the projection weights of all cross-attention layers to zeros,
and use the pre-trained weights from GenHead for the ra-
diance decoding MLP and 2D super-resolution module in
the renderer R, as well as the discriminator D. The balanc-
ing weights for each loss term in Eq. (4) in the main paper
are set to 1, 1, 0.1, 1, 0.3, 1, and 0.01 for L., Ly, Liri,
Laepth> Lopas Lid, and Lgqy, respectively. During the first
1000K images, we do not use L4, and fix the network pa-
rameters inside the renderer R. After seeing 1000K images,
we activate L4, and unfrozen the trainable parameters in
R. We discard L, Lyy;, and Lgeper, at this stage. Follow-
ing GenHead, we perform volume rendering with 48 coarse
sampling points and 48 fine points per ray. We use a volume
rendering resolution of 642 at the first 1000K images, and
gradually increase the resolution to 1282 at the next 1000K
images. During the entire training process, we use a fixed
average )V space vector from GenHead for the 2D super-
resolution module as in Sec. I1.2.

We train ¥ and R to see 12M images in total. We use
Adam optimizer with (51, 82) = (0.9,0.999) and a learn-
ing rate of 1le — 4 for all the networks. The batch size is set
to 32, half of which are dynamic data and half of which are
static data. The model is trained with 8 Tesla A100 GPUs
with 80GB memory for 10 days.

II1. More Results
II1.1. Evaluation of GenHead

Controllable head image generation. Figure III shows
the controllable head image generation results of GenHead.
We start from canonical appearances synthesized by ran-
dom noise z with an average shape and neutral expression
(ie., a,B,v = 0). Then, we introduce shape variations
as well as expression and pose control to different canoni-
cal heads. As shown, GenHead supports individual control
over head shape, expression, eye gaze, neck pose, and cam-
era pose. The synthesized images are of high photorealism
and can be directly used as training data to facilitate our
one-shot 4D head reconstruction pipeline.

Shape-aware canonical appearance. Figure IV shows
the synthesized canonical appearances given shape codes
« extracted from different source images as condition. In
each row, we fix the shape code and vary the random noise
z, and compute an image-space average appearance as well.
As shown, the distribution of the canonical appearance is in-
fluenced by the given shape code. In the ablation study, we
show that this strategy largely improves the image genera-
tion quality in terms of FID without sacrificing the control-

Source Shape

Canonical Appearance

Average

Figure IV. Generated canonical appearances with shape codes
from different source images.

lability. Note that at inference time, we can use different
shape codes for the appearance and the deformation field
for more diverse virtual head image generation.

Comparisons with previous head GANs. We com-
pare GenHead with existing 3D head GANs: Disco-
FaceGAN [11], AniFaceGAN [27], 3DFaceShop [23],
GNAREF [2], OmniAvatar [29], Next3D [22], and EG3D [4].
Since GNARF and OmniAvatar do not release their codes
and models for head generation, we only compare with their
reported FID. For a fair comparison, we re-train GenHead
using FFHQ images aligned by [4] instead of our new align-
ment described in Sec. II.1. We train the model at a reso-
lution of 2562 for efficiency. The following ablation study
also adopts the same configuration.

Table I shows the quantitative results. For image syn-
thesis quality, we measure the FID score between 50K gen-
erated images and all available real images in the training
set. For control accuracy, we measure APD, AED, Land-
mark Distance (LMD), Average Shape Distance (ASD),
and Average Shape Variance (ASV). For APD, we com-
pute the distance between input camera angles and those
reconstructed by [10] using 1000 generated images. For
AED, we manually extract expressions from 30 reference
images with typical and distinct expressions, and combine
them with 50 generated appearances for image synthesis.
We leverage EMOCA [9] to compute AED between the
reference images and the synthesized ones. For ASD and
LMD, we measure the vertex and landmark distances be-
tween input shapes and those reconstructed from synthe-
sized images using EMOCA, respectively. We randomly
sample 500 shape codes from the training set, and gener-
ate 10 different appearances for each shape. Since Disco-
FaceGAN, 3DFaceShop, and AniFaceGAN require BFM



Table I. Comparisons between head GANs on controllable items, generation quality&diversity (Q. & Div.), and control accuracy.

Method Independent Control Item Q. & Div. Control Accuracy
Exp. Neck Gaze Teeth BG { FID | { APD| AED|, LMD| ASD| ASV]

DiscoFaceGAN [11] v 12.9 0.031 0.829 - - 66.6
3DFaceShop [23] v v 217 0.022¢  0.865 - - 7.3
AniFaceGAN [27] v 20.1 0.039 0.687 - - 19.9
GNARF [2] v 6.6 - - - - -
OmniAvatar [29] v v v 5.8 - - - - -
Next3D [22] v v 39 0.029¢  0.868 23.1 20.8 18.6
A Baseline EG3D [4] 4.8 N/A N/A N/A N/A N/A
B + Deformation & BG v v v | 65 0.031 0.783 9.6 9.1 9.3
C + Correspondence Map v v v |78 0.030 0.757 10.5 9.9 55
D + Opacity Image v v v 195 0.030 0.722 9.1 8.7 8.1
E + Shape Condition v v v | 4.7 0.032 0.700e  9.5e 9.0e 6.40
F + Part Model (Ours) v v v v v | 46 0.028 0.699 9.1 8.5 6.1

Table II. Comparison on 3D consistency of different head GANs
using the evaluation metrics of [28].

Method | PSNRT  SSIM ¢
EG3D [4] 34.0 0.928
Next3D [22] | 34.5 0.941
Ours ‘ 34.2 0.940

shapes as condition which differ from our FLAME topol-
ogy, we only compare with Next3D for these two metrics.
For ASV, we calculate the vertex variance between recon-
structed shapes of different images synthesized with the
same shape code. Similarly, we sample 500 shape codes
and 10 different appearances for each shape.

As shown, GenHead achieves the best overall control ac-
curacy, with competitive image generation quality. What’s
more, our method supports full control over expression,
neck pose, eye gaze, relative motions between lips and
teeth, and background separation, which cannot be achieved
by previous methods. Figure V shows a comparison be-
tween GenHead and Next3D for separate teeth control. Ide-
ally, lip motions should not influence the position of the up-
per teeth. However, the upper teeth synthesized by Next3D
move with the lip variations. By contrast, our method
maintains the position of the upper teeth during expression
changes, which is more consistent with reality.

In Tab. II, we further compare the 3D consistency of our
method with EG3D and Next3D. We use the evaluation met-
ric from GRAM-HD [28] which measures the reconstruc-
tion fidelity of a 3D reconstruction method NeuS [26] on
multi-view images generated by different generators. As
shown, our method yields comparable results with the two
baselines. The high 3D consistency of GenHead guaran-
tees reasonable synthetic 4D data for learning the subse-
quent one-shot 4D head synthesizer. For further improve-
ment of the 3D consistency, a possible way is to use the

Next3D

Ours

Figure V. GenHead better captures the relative movements be-
tween lips and teeth, where the upper teeth should stay steady un-
der expression changes.

3D-to-2D imitative strategy proposed by Mimic3D [5] to
generate high-resolution tri-planes for direct volume render-
ing. This way, the synthetic 4D data of GenHead will have
even higher 3D consistency which can further facilitate the
learning of the 4D head synthesizer.

Ablation study. We conduct ablation studies to validate
different components in GenHead. A is a baseline identical
to EG3D. B adds the deformation field (non-part-wise) and
the background network on top of A. C introduces the cor-
respondence map condition to the dual discriminator and D
further introduces the opacity image condition. E leverages
the shape condition for synthesizing canonical appearance.
F utilizes the part-wise deformation field and canonical tri-
planes which is our final configuration.

Table I and Fig. VI show the comparisons between dif-
ferent configurations. Naively introducing the 3D defor-
mation (B) cannot achieve satisfactory motion control ac-
curacy as indicated by the relatively higher AED, LMD,
ASD and ASYV, as well as the blurry image-space average
of the canonical appearance in Fig. VI. Adding the corre-
spondence map condition (C) improves the alignment of
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Figure VI. Ablation study. Top: synthesized canonical appear-
ances and their image-space averages. Bottom: synthesized im-
ages under expression and gaze variations.

the canonical appearances and leads to better controllabil-
ity in terms of AED and ASYV, but sacrifices image qual-
ity and leads to transparent foregrounds. These artifacts
also lead to inaccurate shape reconstruction results as in-
dicated by the higher LMD and ASD. Further introducing
the opacity image (D) resolves the transparency issue and
improves the overall controllability, but leads to a further
quality drop in terms of FID. Conditioning the canonical
appearance on shape code (E) largely improves the image
quality and maintains competitive control accuracy. Finally,
adopting the part-wise deformation and canonical tri-planes
(F) improves the controllability of eye gaze and the quality
of inner mouth, and yields the best overall control accuracy.

I11.2. Synthetic 4D Data

We showcase our synthetic data for training the one-shot
4D head synthesis pipeline in Fig. X and XI. As shown,
the dynamic data contain virtual identities each with differ-
ent motions and camera poses, while the static data contain
pose variations only. The static data have a wider range of

Config C Config E (Ours)

Figure VII. Reconstruction results by switching off all cross-
attention layers in ®4. and ®,..

identity distribution to enhance the model’s generalizability.
Backgrounds are fixed for each identity to facilitate learning
the foreground-background separation.

I11.3. One-Shot 4D Head Synthesis

We provide additional one-shot 4D head synthesis results
in Fig. XII and XIII. Our method can faithfully reconstruct
head avatars from the given portraits and control their ex-
pressions and poses for photorealisitic image synthesis.

I11.4. Comparisons with the Prior Art

Figure XIV and XV shows more visual comparisons on
one-shot head reenactment with previous methods. Our
method yields the best visual quality, and can well preserve
the identities and geometries of the source images under
large pose variations compared to the alternatives.

ILS5. &, in Different Configurations

Figure VII shows the reconstruction results of an input im-
age by switching off all cross-attention layers in ®4. and
®,.. in different configurations (corresponding to the abla-
tions in the main paper). Without cross-attentions, config. A
and C still canonicalize expression of the input, which indi-
cates that the self-attention and feed-forward layers in ® 4,
take the responsibility of expression neutralization. By con-
trast, ours handles expression neutralization only through
the cross-attentions thus the reconstructed expression is un-
changed under this circumstance.

II1.6. Out-of-Distribution Results

We show reenactment results on out-of-distribution subjects
in Fig. VIII, where the sources are generated from Stable
Diffusion [20] and the drivings from Unity Engine. Our
method produces reasonable results on these cases.

IV. Discussions
IV.1. Limitations and Future Works

While our method can synthesize high-fidelity 4D head
avatar at a single shot, it still has some limitations.

Our method cannot well handle complex accessories and
makeups as shown in Fig. [X. It also struggles to reconstruct
high-frequency details in the background (e.g., last row in
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Figure VIII. Reenactment results on out-of-distribution subjects.

Figure IX. Limitations of our method. It can produce inferior re-
sults for input with heavy makeups and large viewing angles.

Fig. XII). We believe this problem can be mitigated by in-
creasing the volume rendering resolution to allow for more
intricate information flow. This would also help with the
texture flickering issue brought by the 2D super-resolution
module. Learning with synthetic data of more diverse ap-
pearance can also be helpful.

When the input image is nearly profile with large yaw
angles, our method can produce inferior results due to out-
of-distribution issue (see Fig. [X). We are also aware of
artifacts under certain expressions such as eye blink, as
the GenHead model for data synthesis is learned on FFHQ
dataset with relatively less images of closed eyes. It is pos-
sible to leverage data with more diverse expressions and
poses to improve the model’s generalizability.

Currently, the synthetic data from GenHead relies on
3DMM for expression control which can be less vivid com-
pared to that of real data, and thus restricts the motion con-
trol ability of our method. Besides, the data synthesis pro-
cess requires training an animatable 3D-aware GAN in ad-
vance which is also challenging and can suffer from loss of
modality issue of GAN. Learning on 4D synthetic data also
encounters more severe overfitting issue compared to learn-
ing on static 3D data as in [24]. Therefore, synthesizing 4D
data of better quality and diversity to facilitate the one-shot
reconstruction pipeline is a key problem to be solved. Al-
ternatively, it is worth exploring an effective way to incor-
porate real data and 3D priors into an end-to-end training
framework. Apart from that, extending the current pipeline
to support few-shot cases is also an important direction.

IV.2. Ethics Consideration

The goal of this paper is to create animatable head avatars
for virtual communications. However, without a proper su-
pervision, it can be misused for creating deceptive contents
to people. We do not condone any such harmful behavior.
Incorporation of advanced deepfake detectors [7, 8, 21] is a
possible way to prevent the potential misuse.
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Figure X. Synthesized dynamic data from GenHead for learning one-shot 4D head synthesis.
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Figure XI. Synthesized static data from GenHead for learning one-shot 4D head synthesis.
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Figure XII. One-shot 4D head synthesis results by our method.
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Figure XIII. One-shot 4D head synthesis results by our method.
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Figure XIV. Comparison on one-shot head reenactment with previous methods. Best viewed with zoom-in.
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Figure XV. Comparison on one-shot head reenactment with previous methods. Best viewed with zoom-in.



TransformerBlock( dim=1024, num_heads=4, mlp_ratio=2, sr_ratio=1 ):

Figure XVI. Network structure of the canonicalization and reenactment module ®.



Figure XVII. Structure of the background U-Net.
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