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Figure 1. Our method generates a photorealistic 4D head avatar via a feed-forward process of a monocular image. It allows head reenact-
ment given another driving image, with full motion control of face, mouth, eyes, and neck, as well as foreground-background separation.

Abstract

Existing one-shot 4D head synthesis methods usually
learn from monocular videos with the aid of 3DMM re-
construction, yet the latter is evenly challenging which re-
stricts them from reasonable 4D head synthesis. We present
a method to learn one-shot 4D head synthesis via large-
scale synthetic data. The key is to first learn a part-wise
4D generative model from monocular images via adver-
sarial learning, to synthesize multi-view images of diverse
identities and full motions as training data; then leverage
a transformer-based animatable triplane reconstructor to
learn 4D head reconstruction using the synthetic data. A
novel learning strategy is enforced to enhance the general-
izability to real images by disentangling the learning pro-
cess of 3D reconstruction and reenactment. Experiments
demonstrate our superiority over the prior art.

1. Introduction

Animating a portrait image for photorealistic video synthe-
sis (i.e., one-shot head avatar synthesis) is a crucial task in
computer vision and graphics, which can benefit diverse ap-
plications like video conferencing, live streaming, and Vir-
tual Reality. Compared to various approaches based on 2D
generative models [9, 20, 53, 64, 77, 80], animatable 3D
head (i.e., 4D head) synthesis yields better 3D consistency
during view changes, thus more favorable in scenarios that
require large head pose variation and free-view rendering.

Nevertheless, reconstructing an animatable 3D head
from a single image is highly challenging, and there lack of
large-scale 3D data to directly learn a deep model to tackle
it. Consequently, previous methods [35, 39, 43, 74, 79] re-
sort to monocular videos and leverage differentiable render-
ers for training with image-level weak supervisions. Since
this process is highly ill-posed, monocular 3DMM recon-
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structions [4, 8, 15, 21, 38, 46] are often involved to extract
pose, shape, or expression to facilitate the geometry learn-
ing. However, 3DMM reconstruction from a monocular im-
age is evenly challenging, which hinders the existing meth-
ods to obtain reasonable geometries for large-pose reenact-
ment. What’s more, they often neglect eye gaze and neck
pose control to simplify the problem. Besides, the monoc-
ular video setting also makes it difficult to learn foreground
and background separation.

Therefore, we wonder if it is possible to leverage syn-
thetic data that can provide extensive multi-view images
with diverse identities and expressions for training. With
them, we can fully exploit the power of advanced neural net-
works [19, 70] to learn 4D head synthesis in a data-driven
manner, avoiding errors from monocular 3DMM recon-
struction. Background isolation is also feasible with sep-
arately synthesized foreground and background data. How-
ever, synthesizing such data with enough photorealism is
extremely difficult. A recent method [60] resorts to multi-
view images generated by a 3D GAN [11] for learning static
novel view synthesis, yet it does not deal with animations.
And existing 3D GANs [3, 57, 68, 69, 73] are difficult to
generate head images with full motion control and separated
background that meet our requirements. What’s more, it is
unclear if a model learned on such synthetic data can gen-
eralize well to real image reenactment.

In this paper, we present a framework for learning one-
shot 4D head avatar synthesis by creating large-scale syn-
thetic data as supervision. Learning on the synthetic data
alone, our framework achieves high-fidelity 4D head recon-
struction of real images via a feed-forward pass, and sup-
ports motion control of the face, mouth, eyes, and neck,
given another driving image for reenactment. We also allow
independent foreground animation with background sepa-
ration. The core of our framework is two-fold: 1), a 4D
generative model (GenHead) capable of synthesizing pho-
torealistic head images with free pose and full head motion
control, trained on only monocular images. 2), a one-shot
4D head synthesis model (Portrait4D) together with its dis-
entangled learning strategy for photorealistic 4D head re-
construction from a real image while trained on synthetic
data of GenHead.

The key of GenHead is a combination of a tri-plane gen-
erator [11] for canonical head NeRF [44] synthesis and a
deformation field derived from FLAME meshes [38] for an-
imation. Different from previous 3D head GANs [3, 73],
we leverage part-wise deformation fields and canonical
tri-planes to deal with complex motions around eyes and
mouth, which help with full head motion control important
to vivid reenactment. GenHead is trained on in-the-wild
real images via image-level adversarial learning [11, 24]
and successfully “turns” these monocular data to 4D syn-
thetic ones to enable learning the 4D head reconstruction.

Our 4D head synthesis model adopts a transformer-based
encoder-decoder architecture which directly reconstructs a
triplane-based head NeRF from a source image and ani-
mates it via deep motion features from a driving image.
We utilize a pre-trained motion encoder [62] for expres-
sion extraction with identity information excluded, and in-
ject it into the tri-plane reconstruction process via cross-
attention with the appearance features to achieve motion
control. This way, we get rid of the reliance on 3DMM esti-
mation for pose and expression. Our pipeline is trained end-
to-end via self-reenacting the synthetic identities and com-
paring the corresponding results at arbitrary views with their
ground truth. This differentiates us with previous methods
leveraging a monocular frame as both the driving and the
ground truth, and yields better 3D geometries.

While our synthetic data are of high photorealism, they
still have domain gaps with the real ones which influence
the model’s generalizability. To tackle it, we further intro-
duce a disentangled learning strategy that isolates the 3D
reconstruction and the reenactment process of the model to
alleviate overfitting. The core idea is to randomly switch off
the motion-related cross-attention layers and let the remain-
ing parts focus on static 3D reconstruction only. This way,
the learned model achieves faithful 3D head reconstruction
and animation on unseen real images.

We train our GenHead model on FFHQ dataset [33] at
5122 resolution and use it to generate synthetic 4D data
to learn the subsequent 4D head synthesis model. Experi-
ments show that our method achieves high-fidelity 4D head
reconstruction with reasonable geometry and complete mo-
tion control (Fig. 1), outperforming previous approaches.
We believe our method opens up a new way for scaling up
photorealistic head avatar creation.

2. Related Work
One-shot head avatar synthesis. One-shot head avatar
synthesis aims to animate a source portrait via motions from
a target image. In recent years, plenty of works have taken
advantage of 2D generative models for talking head syn-
thesis at high fidelity. For example, [20, 22, 29, 48, 53,
64, 65, 80] learn latent feature deformations and send the
deformed features to a 2D generator for face reenactment.
[7, 26, 77] map images to the latent space of a pre-trained
StyleGAN2 [34] to utilize the power of the unconditional
GAN. While these methods can produce photorealistic face
images, they struggle to preserve the 3D structures under
large pose changes due to a lack of 3D understanding. Re-
cently, several approaches [30, 35, 39, 40, 43, 79] pursue
animatable 3D head synthesis in order for better 3D consis-
tency. They often resort to monocular 3DMM reconstruc-
tions [15, 21] to provide geometry or pose guidance due
to a lack of large-scale multi-view training data. For exam-
ple, [39, 40] leverage a monocular face reconstructor [15] to
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Figure 2. Overview of our method. We first learn a 4D generative head model from monocular images to synthesize large-scale 4D data.
Then, we utilize the synthetic data to learn a one-shot 4D head reconstruction model in a data-driven manner.

predict 3DMM coefficients as guidance for learning 3D mo-
tions and canonical heads. [35] relies on reconstructed mesh
from [21] as initialization for head rigging. [43, 79] com-
bine 3DMM poses and expressions with a pre-trained 3D
GAN [11] for reconstructing animatable head NeRFs. How-
ever, estimating 3DMMs and their poses from a monocular
image can be inaccurate, thus limiting their performance
in 3D head reenactment. [54] learns 3D head geometries
and deformation from monocular videos in an unsupervised
manner, yet its synthesis quality lags further behind.

3D-aware portrait generation. Recent studies [10–12,
17, 25, 45, 52] demonstrate that by combining 3D represen-
tations such as NeRF with adversarial learning on monocu-
lar images, it is possible to learn a 3D-aware generator for
multi-view image generation of an object category, espe-
cially human portrait. While earlier works [10, 11, 17, 56]
focus on static portrait synthesis, recent methods [3, 57–
59, 68, 69, 73] introduce 3DMMs for extra animation con-
trol. For example, [68, 73] learn 3D deformation fields to
mimic the motions of 3DMM for driving canonical NeRFs.
[57] rasterizes 3DMM meshes with neural textures onto
the tri-planes for animatable NeRF generation. These 3D-
aware GANs serve as powerful tools for monocular head
avatar reconstruction when combined with advanced GAN
inversion techniques [18, 36, 50, 71, 78]. Nevertheless, the
inversion process also requires camera pose or 3DMM es-
timation from a single image which brings inaccuracy. In
addition, weight correction [50] of the pre-trained genera-
tor is often needed for out-of-domain images, which makes
them less practical when applied to large-scale scenarios.

Learning with synthetic data. Synthetic data are widely
used for training deep learning models in various tasks [28,
37, 47, 49, 51, 55, 63, 67, 75, 76]. Typically for human por-
traits, traditional graphics pipelines are often used to create
synthetic data for face analysis and synthesis. For instance,
[66, 67] leverage photorealistic raytracing renderer [5] to
render high-quality 3D face models for landmark detection.
[61, 83, 84] fit 3DMMs from images and train a CNN to
regress the coefficients for monocular 3D reconstruction.
[82] creates face images of various lightings via Spherical
Harmonic (SH) model [2] for portrait relighting. However,
for photorealistic image synthesis, these CG-style data en-
counter large domain gaps and often require extra adapta-

tions [16, 23, 76]. Compared to the CG data, 3D-aware
GANs [11, 57] can generate images with higher photoreal-
ism. A recent method [60] shows that images generated by
a 3D-aware GAN can be used for learning one-shot novel
view synthesis at high fidelity. Still, using synthetic data for
one-shot 4D head synthesis is largely underexplored.

3. Approach

Given a source image Is and a driving image Id, we learn
a model to synthesize a 3D head with the appearance of
Is and the motion of Id, allowing free-view rendering. We
adopt triplane-based NeRF [11] as the underlying 3D repre-
sentation for its fidelity and efficiency. To effectively learn
monocular NeRF reconstruction, we introduce a part-wise
generative model G (GenHead) to synthesize multi-view
head images of diverse identities and motions as training
data (Sec. 3.1 and 3.2). With the large-scale synthetic data,
we learn an animatable tri-plane reconstructor Ψ to directly
reconstruct 4D head NeRFs from monocular images via a
feed-forward pass (Sec. 3.3). A disentangled learning strat-
egy is introduced to isolate the reconstruction and the reen-
actment process of Ψ to improve its generalizability to real
images (Sec. 3.4). Figure 2 shows an illustration of the over-
all framework. We describe each part in detail below.

3.1. Part-wise Generative Head Model

The goal of GenHead is to “turn” accessible monocular data
into 4D ones to enable learning the subsequent 4D NeRF re-
construction in a data-driven manner. To this end, we adopt
the recent 3D-aware GAN framework [3, 57, 73] which
effectively learns NeRF synthesis via adversarial learning
on monocular images. Nonetheless, existing head GANs
are not designed for full motion control of the face, eyes,
mouth, and neck. Therefore, we introduce a part-wise gen-
erative model to deal with the complex head animation.

Specifically, the GenHead model G consists of a part-
wise tri-plane generator Gca for canonical head NeRF syn-
thesis and a part-wise deformation field D for morphing the
canonical head. Gca receives a random noise z ∈ R512 and
a FLAME [38] shape code α ∈ R300, and generates two
tri-planes for the head region as well as eyes and mouth:

Gca : (z,α) → [Th, Tp] ∈ R256×256×96×2, (1)
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where Th and Tp are tri-planes of a canonical 3D head and
its eyes and mouth regions, respectively. Following [11],
we leverage a StyleGAN2 [34] backbone for Gca. A 3D
point can be projected onto the tri-planes to obtain features
fh and fp ∈ R32 for radiance decoding and volume ren-
dering (see [11] for details). Note that the head synthesized
by Gca is aligned with FLAME’s average face shape, and
α in Eq. (1) is only for shape-related appearance but not
shape variations, without which we found quality drops due
to random combination of deformation and appearance.

The deformation field D receives the shape code α, to-
gether with FLAME’s expression code β ∈ R100 and pose
code γ = [γeye,γjaw,γneck] ∈ R9, and outputs part-wise
3D deformations for a point x in the observation space:

D : (x,α,β,γ) → [∆xh,∆xp] ∈ R3×2. (2)

By adding ∆xh or ∆xp to x, it is deformed into the canon-
ical spaces of Th or Tp for feature acquisition, respec-
tively. We utilize a FLAME mesh m(α,β,γ) to directly
derive D. Specifically, we first obtain deformation between
m(α,β,γ) and an average face mesh m(0,0,γca) for
each vertex on m, where γca = [0,γjaw,ca,0] denotes a
canonical pose with mouth open. Then, for a free-space
point, we derive its deformation to the canonical spaces
via a weighted average of that of its nearest vertices on
m. For ∆xh, we do not consider the eye gaze γeye. For
∆xp, we adopt two different derivations around eyes and
mouth: for the eye region, we use the deformation between
m(α,β,γ) and m(0,0,γca) as described above; for the
mouth region, we use the deformation between m(α,0,γ)
and m(0,0,γca) without expression β, to handle relative
movements between lips and teeth caused by expression.
See the suppl. material for more details and illustrations.

After obtaining features from each tri-plane, we perform
volume rendering [32, 44] to synthesize two feature maps
from fh and fp, respectively, and blend them via a raster-
ized mask of m(α,β,γ) at the corresponding viewpoint
θ. We leverage another StyleGAN2 to generate 2D back-
ground Ibg , fuse it with the rendered foreground If , and
send the result to a 2D super-resolution module for final im-
age synthesis, as in [1]. The whole model is trained end-to-
end via adversarial loss [24] using a dual discriminator [57].

After training, GenHead is free to synthesize 4D head
data by altering the combination of (z,α,β,γ,θ).

3.2. 4D Data Synthesis with GenHead

We generate two types of data for learning the 4D head syn-
thesis model, namely “dynamic” data and “static” data. The
dynamic data are responsible for head reenactment which
contain synthetic identities (z,α) with multiple motions
(β,γ) per subject and different camera poses θ per subject
and motion. The static data are used to enhance the 3D re-
construction generalizability, which contains only a single

motion per identity with different camera views.
In particular, we extract (α,β,γ,θ) from monocular

images and videos via off-the-shelf 3DMM reconstruction
methods [6, 15] with further landmark-based optimization
to form a sample set. During training the 4D head synthe-
sizer, we randomly construct online pairs of (z,α) out of
the sample set as the dynamic identities. For each identity,
we assign random head motions and random camera poses
per motion. Note that for each dynamic identity, we sam-
ple expression β extracted from the same video clip to al-
leviate the identity leakage issue born in the linear 3DMM
model [31]. For the static data, we follow a similar proce-
dure to construct random identities with an arbitrary motion
per identity and random camera poses. We also keep inter-
mediate outputs of GenHead as extra labels, including sam-
pled tri-plane features T̄ (x), rendered low-resolution fea-
ture maps and backgrounds Īf and Ībg , depth images Īdepth,
and opacity images Īopa, to facilitate learning in Sec. 3.4.
More details and visualizations of the data are in the suppl.

Notably, although we leverage monocular 3DMM recon-
struction in building the synthetic data, we do not use the
reconstructed 3DMM codes as input to the one-shot synthe-
sis model as in [39, 43, 79]. This way, we avoid inheriting
the 3DMM reconstruction errors at inference time.

3.3. Animatable Triplane Reconstructor

Our 4D head synthesis model builds upon an animatable
tri-plane reconstructor Ψ, which takes a source image Is
and a driving image Id as input, and reconstructs a tri-plane
T ∈ R256×256×96 for synthesizing reenacted image Ire at a
camera pose θ with a renderer R:

Ψ : (Is, Id) → T, R : (T,θ) → Ire, (3)

where R consists of radiance decoding, volume rendering,
and 2D super-resolution, similar to Sec. 3.1. The tri-plane
T in Eq. (3) represents a 3D head with the identity of Is and
the motion of Id (with zero neck pose) instead of an average
head as in GenHead. To faithfully obtain T , we construct Ψ
with two appearance encoders Eglobal and Edetail, a motion
encoder Emot, a canonicalization and reenactment module
Φ, and a tri-plane decoder GT , as shown in Fig. 3.

Eglobal and Edetail are used to extract appearance fea-
ture maps from Is for the subsequent 3D reconstruction and
reenactment, which adopt the CNN structures in [60].

Then, we introduce Φ to canonicalize the feature map
Fglobal from Eglobal as well as reenact it with the motion
from Id. Φ consists of two transformer-based modules Φde

and Φre sharing the same structure, one for neutralizing
the expression of Fglobal and the other for injecting mo-
tions of Id for reenactment, meanwhile they both serve for
3D pose canonicalization. Specifically, they contain mul-
tiple transformer blocks each with a cross-attention layer,
a self-attention layer, and an MLP. The self-attention and
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Figure 3. Architecture of the animatable triplane reconstructor Ψ. An encoder Eglobal first extracts the appearance feature map of Is. The
feature is then sent to a canonicalization and reenactment module Φ consisting of a de-expression module Φde and a reenactment module
Φre sharing the same structure, which receives motion features from either Is or Id for expression neutralization or motion injection
accordingly. The reenacted feature is then concatenated with a detail feature map from another encoder Edetail, and sent to a decoder GT

to synthesize a tri-plane T , bearing the appearance of Is and the motion of Id. With a FLAME-derived 3D deformation field Dneck to
handle neck pose and a volumetric renderer with 2D super-resolution, T can be rendered to a reenacted image Ire at an arbitrary view.

the MLP layers are for pose canonicalization. The cross-
attention layers receive additional motion features of either
Is or Id, and add them onto the global feature map of Is for
de-expression or reenactment accordingly, where the global
feature map provides queries while the motion features pro-
vide keys and values, as depicted in Fig. 3. Notably, intro-
ducing Φde for expression neutralization is important. Oth-
erwise, we find the self-attention and the MLP layers take
over the de-expression job which easily leads to overfitting.
What’s more, this architecture enables us to disentangle the
learning of 3D reconstruction and reenactment, by simply
multiplying the output of all cross-attention layers by zeros
or not. This strategy is crucial to the model’s generalizabil-
ity on real images and will be further discussed in Sec. 3.4.

Besides, the motion features provided to Φ are equally
important as they are required to capture identity-irrelevant
animations. To this end, we utilize a pre-trained motion
encoder [62] as Emot, which is learned via reconstruct-
ing large-scale monocular videos for faithful cross-identity
reenactment. Emot predicts a motion vector v ∈ R548 from
an image, which is then sent to Φ to compute the cross-
attentions. Compared to FLAME’s expression β, v is more
identity-agnostic, yielding better results when combined
with our 4D synthetic data, as we will show in Sec. 4.3.

Finally, the reenacted feature map Fre after Φ is con-
catenated with the detail feature map Fdetail from Edetail,
and sent into a decoder GT [60] to obtain the tri-plane T .
Then, T is rendered to the reenacted image Ire via Eq. (3).
Before the volume rendering process, we apply a FLAME-
derived deformation field Dneck to handle the neck pose ro-
tation similarly as in Sec. 3.1. Since the neck pose change
yields almost uniform rigid transformations, this strategy
is acceptable as it does not require highly accurate 3DMM

reconstructions (see Sec. 4.3). Besides, we use a shallow U-
Net to predict a 2D background feature map Ibg and blend
it with the foreground If for rendering.

The whole reconstructor Ψ, except the fixed motion en-
coder Emot, is trained end-to-end using the synthetic data
from GenHead, as described below.

3.4. Disentangled Learning via Synthetic 4D Data

We learn the synthesis model Ψ in a self-reenacting manner,
where we randomly choose two images of the same identity
as Is and Id, respectively, and choose another image with
Id’s identity and motion but a different camera view as the
ground truth reenacted image Īre. During training, Ψ is
enforced to synthesize an image Ire via Eq. (3) to match
the content of Īre at its viewing point, via a serial of losses
which will be described later.

While the training process relies solely on synthetic data,
we introduce a disentangled learning strategy to generalize
the learned model to real data. Specifically, we find that
the model’s generalizability highly depends on the function
of all non-cross-attention layers in Φ. By default, Φ is in-
clined to use the self-attention and MLP layers in Φde to
handle both the expression neutralization and pose canoni-
calization of Is (see the suppl. for an illustration), causing
the network to quickly overfit to the synthetic identities.

To tackle this problem, our intuition is to disentangle the
self-attentions and MLPs to focus on pose canonicalization
only and let the cross-attention layers to deal with all the
motion-related processes. We achieve this by simply multi-
plying zeros by the outputs of all the cross-attention layers
at a fixed probability, and using the static data described in
Sec. 3.2 to execute the self-reenacting process at the same
time. This way, the training process randomly degenerates
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Figure 4. Qualitative comparison on one-shot head reenactment with previous methods. Best viewed with zoom-in.

to a static 3D reconstruction process for the remaining lay-
ers in Φ, meanwhile, all the cross-attention layers will be
trained normally in a default reenactment process leverag-
ing the dynamic data. Empirically, this strategy largely im-
proves the reconstruction fidelity on real images (Sec. 4.3).

The overall training objective is as follows:

L = Lre +Lf +Ltri +Ldepth +Lopa +Lid +Ladv, (4)

where Lre calculates the perceptual difference [81] and L1
distance between Ire and its ground truth Īre. Lf calcu-
lates the L1 distance between If , Ibg and their correspond-
ing ground truth. Ltri computes the L1 difference between
sampled tri-plane features T (x) and T̄ (x). Note that we
do not calculate the difference between T and [Th, Tp] in
Eq. (1) directly as in [60] because the tri-planes represent
different geometries in Ψ and in GenHead. Ldepth com-
putes the L1 difference between Idepth and Īdepth. Lopa

is the L1 difference between Iopa and Īopa. Lid calculates
the negative cosine similarity between face recognition fea-
tures [14] of Ire and Īre. Ladv is the adversarial loss be-
tween Ire and Īre leveraging the discriminator of GenHead.

4. Experiments
Implementation details. We train GenHead with a re-
aligned version of FFHQ [33] at 5122 resolution. For 4D
data synthesis, we use 3DMM parameters extracted from
FFHQ and VFHQ [72]. The camera poses are sampled from
a pre-defined distribution. See the suppl. for more details.

Evaluation of GenHead. We leave the evaluation of Gen-
Head in the suppl. material.

4.1. One-Shot 4D Head Synthesis Results

Figure 1 shows our one-shot head synthesis results on real
images in FFHQ (more in the suppl.). Our method faith-
fully reconstructs a 3D head with rich details from a monoc-
ular image. The proxy 3D shapes extracted via March-
ing Cubes [42] depict reasonable 3D geometry recoveries,
which is the key for 3D-consistent reenactment. We can
freely change the neck pose of the reconstructed 3D heads,
as well as varying their expressions given different driving
images. We also support novel view synthesis thanks to the
underlying 3D representation. Besides, backgrounds can be
well separated during foreground animations. Our inference
pipeline runs at 10 FPS on a single A100 GPU.

4.2. Comparison with Prior Arts

Baselines. We compare our method with existing one-
shot head avatar synthesis methods, including 2D-based
ones: PIRenderer [48], Face-vid2vid [64], and Style-
HEAT [77]; and 3D-based ones: ROME [35], OTA-
vatar [43], and HideNeRF [39].
Metrics. We conduct self-reenactment and cross-identity
reenactment on 100 test video clips in VFHQ. We use
LPIPS and Fréchet Inception Distances (FID) [27] to mea-
sure the image synthesis quality, ID to measure the iden-
tity similarity [14] between the reenacted results and the ap-
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Table 1. Self-reenactment results on VFHQ at 5122. LPIPSh is for head region. , , and denote the 1st, 2nd and 3rd places, respectively.

Method All Yaw Diff. < 15◦ Yaw Diff. 15◦ ∼ 30◦ Yaw Diff. > 30◦

LPIPSh↓ LPIPS ↓ FID ↓ ID ↑ AED ↓ APD ↓ ID ↑ AED ↓ APD ↓ ID ↑ AED ↓ APD ↓

PIRenderer [48] 0.214 0.325 61.0 0.820 0.031 1.245 0.647 0.052 2.483 0.536 0.077 9.326
Face-vid2vid [64] 0.187 0.290 52.6 0.848 0.025 0.778 0.665 0.048 4.035 0.502 0.098 24.99
StyleHEAT [77] 0.224 0.321 67.3 0.649 0.050 1.392 0.524 0.068 2.727 0.420 0.106 10.89

ROME [35] 0.327 0.598 110 0.671 0.034 0.960 0.589 0.046 1.279 0.497 0.076 1.671
OTAvatar [43] 0.291 0.557 112 0.448 0.077 3.306 0.339 0.089 7.396 0.251 0.177 8.157
HideNeRF [39] 0.281 0.418 80.5 0.820 0.032 1.762 0.642 0.060 6.001 0.516 0.084 7.879
Ours 0.181 0.320 43.0 0.790 0.030 0.560 0.668 0.051 0.811 0.580 0.074 1.340

Table 2. Cross-reenactment results on VFHQ dataset at 5122.

Method FID ↓ ID ↑ AED ↓ APD ↓

PIRenderer [48] 78.0 0.582 0.146 3.241
Face-vid2vid [64] 78.6 0.606 0.179 7.771
StyleHEAT [77] 81.1 0.499 0.165 5.932

ROME [35] 107 0.532 0.148 2.936
OTAvatar [43] 107 0.350 0.194 6.509
HideNeRF [39] 104 0.491 0.165 4.208
Ours 54.8 0.620 0.164 1.020

pearance images, Average Expression Distance (AED) [41]
for expression control accuracy, and Average Pose Distance
(ADP, ×1000 by default) [11] for pose control accuracy.
Qualitative results. Figure 4 shows visual comparisons
on samples from VFHQ and FFHQ. Our method synthe-
sizes head images with higher fidelity and definition com-
pared to the alternatives. What’s more, our method consis-
tently yields better results compared to the others when the
head pose differences between the sources and the drivings
are significant, where we largely preserve the identities and
head shapes. By contrast, the 2D-based methods experience
large shape distortions. In addition, although HideNeRF,
ROME, and OTAvatar also adopt 3D representations, their
learning on monocular real data with imperfect 3D estima-
tion impairs the geometry accuracy. More results can be
found in the suppl. material.
Quantitative results. Table 1 and 2 show the quantitative
comparisons on self-reenactment and cross-reenactment,
respectively. In the self-reenactment, we divide the source
and driving pairs into three groups based on their yaw angle
differences. From Tab. 1, our reconstruction fidelity largely
outperforms other 3D-based methods, and even surpasses
two 2D-based approaches: PIRenderer and StyleHEAT. We
also obtain comparable results with Face-vid2vid. Besides,
our method yields the best pose accuracy, and achieves
the highest identity similarities under large pose variations.
This is inline with the visual results that our reconstructed
geometries are more reasonable. We also demonstrate com-
petitive expression control ability in terms of AED, whereas
we solely learn on synthetic data without seeing real videos.

In the cross-reenactment in Tab. 2, we obtain the best
image quality, identity similarity, and pose accuracy, with

Source

Driving Ours ROME PIRenderer

Figure 5. Reenactment results with different driving targets.

competitive expression accuracy. Note that although PIRen-
derer and ROME achieve lower AED, they tend to stretch
the source geometry to match the absolute shapes of the
drivings, leading to undesired identity changes, as shown
in Fig. 5. This is a known identity leakage issue of the lin-
ear 3DMMs [38, 46], and can influence the AED metric
which is also based on 3DMM coefficients. By contrast,
our method is more robust to shape variations of the driv-
ings, thanks to the identity-agnostic motion feature of [62].

4.3. Ablation Study

We conduct ablation studies on self-reconstruction and
cross-reenactment using the first 1K identities in FFHQ to
validate the efficacy of different components. A is a base-
line that removes the cross-attention layers in Φde, the dis-
entangled learning strategy, and the static data. B adds the
learning strategy back by randomly selecting 50% identi-
ties in the dynamic data for static 3D reconstruction. C uses
the complete structure of Φde. D combines B and C with
both the above two components. E is our final configura-
tion, with extra static data for the 3D reconstruction pro-
cess during disentangled learning. F replaces the motion
features of [62] with the FLAME codes [β,γeye,γjaw]. G
uses opacity images extracted via [13] instead of the ren-
dered ones from GenHead for Lopa. H utilizes monocular
real data in FFHQ and VFHQ for training instead of the
multi-view synthetic data. For efficiency, all configurations
are trained to see 5000K images in total.

Module structure and learning strategy. From Tab. 3
and Fig. 6, the baseline setting leads to poor identity recon-
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Table 3. Ablation study of our framework on FFHQ.

Configurations Recon. Cross-Reenact.
LPIPSh ↓ ID ↑ AED ↓ APD ↓

A Baseline 0.244 0.239 0.179 0.963
B + Disen. learning 0.238 0.281 0.182 0.994
C + Φde 0.247 0.227 0.179 0.963
D B + C 0.212 0.441 0.183 0.947

E D + Static (Ours) 0.188 0.703 0.193 1.022

F with FLAME mot 0.213 0.451 0.150 0.879
G with Detected Īopa 0.198 0.552 0.189 1.080
H with Real data 0.123 0.960 0.263 7.537

Input Config A Config D Config F Ours

S
o

u
rc

e
D

ri
v
in

g

Figure 6. Reconstruction and driving results of different settings.

Input ActivateDeactivate         and ActivateΦde Φre Φde Φre 

Figure 7. Function of learned Φde and Φre.

struction results. Directly adding the disentangled learn-
ing strategy on top of the baseline slightly improves the re-
construction fidelity. Further introducing the de-expression
module ensures a better disentanglement between 3D recon-
struction and reenactment and effectively improves model’s
generalizability to real images. Finally, adding static data
with more diverse identities for the 3D reconstruction pro-
cess yields further improvement, with only minor influence
to the reenactment accuracy. Figure 7 illustrates the func-
tion of the learned Φde, which turns the face into a canon-
ical expression with mouth slightly open. Further sending
the source motion to the reenactment module Φre after the
de-expression step can faithfully recover the input image.

Influence of motion feature. As shown in Tab. 3, using
the FLAME codes as motion feature leads to better AED
and APD, yet the reconstruction fidelity largely decreases.
This alternative encounters a similar issue as other 3DMM-
based methods in Fig. 5. If the driving image has very dif-
ferent face features with those of the source, this setting can
lead to a semantic change of the given expression or even
identity change, as shown in Fig. 6. We conjecture that such
identity leakage issue confuses the model during training,

Input OursConfig H OursConfig H

Figure 8. Comparison between models learned on different data.

Input Ours 20% to Avg. 50% to Avg. Avg.

Figure 9. Neck pose control given different FLAME shapes.

leading to inferior generalizability for reconstruction.

Synthetic data vs. real data. From Tab. 3, using de-
tected opacity images is detrimental to the reconstruction
fidelity. We conjecture that these detected results are not
3D-consistent across different views compared to the ren-
dered synthetic ones, and thus increase the burden of the
model to learn reasonable 3D reconstruction. What’s more,
if we replace the mult-view synthetic data with the monocu-
lar real ones, the learned geometry dramatically degenerates
as indicated by the large APD and as shown in Fig. 8. This
validates the importance of multi-view data with precise la-
bels for learning reasonable 3D geometries.

Robustness of neck pose. Figure 9 demonstrates the ro-
bustness of our neck pose control given different FLAME
shapes to derive Dneck. We gradually deform an accurate
FLAME mesh to an average shape. As shown, this process
has negligible impact to the final synthesis quality.

5. Conclusions
We presented a framework for learning high-fidelity one-
shot 4D head synthesis via large-scale synthetic data. The
core idea is to first learn a 4D generative model on monocu-
lar images via adversarial learning for multi-view data syn-
thesis of diverse identities and full motion control; then uti-
lize a transformer-based animatable tri-plane reconstructor
to learn 4D head reconstruction via the synthetic data. A
disentangled learning strategy is also introduced to enhance
model’s generalizability to real images. Experiments have
demonstrated our superiority over previous works, and re-
vealed our potential for large-scale head avatar creation.

Limitations and ethics consideration. We leave the dis-
cussions in the suppl. material due to space limitation.
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