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Abstract. Real-time and zero-shot attribute separation of a given real-face image,
allowing attribute transfer and rendering at novel views without the aid of multi-
view information, has been demonstrated to be beneficial in real-world scenarios.
In this work, we propose an alternating optimization framework and train it on
attribute-blending (i.e., unstructured) monocular images. Our framework lever-
ages a pre-trained facial attribute encoder and a 3D-representation face synthesis
decoder (e.g., HeadNeRF) to reinforce and guide each other mutually. This allows
the facial attribute encoder to better express and separate facial attributes and the
face synthesis decoder to render faces with better image similarity and attribute
consistency.
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1 Introduction

Real-time and zero-shot attribute separation of a given real face, along with attribute
transfer and rendering at novel views without the aid of multi-view information, opens
the door to a wide range of creative applications, such as talking face animation, face
cloning and editing, training feature classifiers and generating synthetic images. In
other words, it is desirable that a face avatar model could achieve a good balance in (1)
Zero-shot, i.e., for a test image, the model does not require optimization of network
parameters or conditioned latent codes; (2) Attribute transfer, i.e., for a test image, the
model is capable of separating the attributes of the face into orthogonal spaces as much
as possible and transferring a specific attribute, such as facial identity shape, expression,
texture, illumination, hairstyle, and head pose, to another test face, without affecting
the other facial attributes of the latter; (3) Real-time, i.e., for a test image, the model
completes the facial attribute separation and novel-view synthesis via an end-to-end
forward pass; (4) Realistic, i.e., the model can render facial appearance and expression
details as rich as possible, rather than just rendering areas excluding hair, mouth interior
and ears.

We investigate the research on neural face avatars and summarize previous works in
Tab. 1. Explicit face models constructed from registered meshes have been widely used in
modeling face avatars. However, due to the limitations of the overly simplistic principal
component analysis method and the difficulty in obtaining real scans, most of these
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Table 1: A summary of current face avatar methods. A, denotes that the facial attribute transfer could not guarantee a
good attribute separation. Ao denotes that the facial attribute transfer can only be performed on expression or head pose. Ag
denotes that the facial attribute transfer requires inputting a 3D scan, including the mesh. A4 denotes that the model conducts
novel-view synthesis of a real image via an end-to-end forward pass but is unable to separate the facial attributes.

Scheme Methods Zero-shot Transfer Real-time Realistic

Explicit 3D Models [4’;1,2241’,7142,?6] p j p

[10,17,11,28,52] v

3D-aware GANs [15] v Ay v

[71,69,16,63,77] Ay v

Personalized Avatars [22,54,87,2,27] Ao v

Talking Head [60,19,45,35,64] Ao v

[32,89] v v

Implicit Face Models [ 8[12,37]6 I X3 v

Ours v v v v

methods can only model and render the facial region, excluding the hair, mouth interior,
and ears. Recent 3D-aware GANs [26] using implicit representations or StyleGAN-based
methods can synthesize realistic faces. However, most of these methods require time-
consuming GAN inversion for a real face image. For their synthesized fake face images,
some models [10,17,11,28,52] are unable to separate and transfer facial attributes, while
most of others [71,69,16,63,77] exhibit visible incompleteness in separating certain
attributes (Fig. 1). Personalized avatars and talking head methods are often trained in a
person-specific manner and can only separate facial expressions and head pose attributes.
Recent models using implicit representations either require optimizing latent attribute
codes during testing [32,89,23] or rely on mesh input for model fitting [81,76], thereby
limiting their generalization ability to unseen identities and expressions.

+ pose origin + identity

+ expression + expression

origin

DiscoFaceGAN GAN Control

Fig. 1: Recent controllable 3D-aware GAN methods have shown limitations over their synthesized fake faces in
separating a certain facial attribute from others. ‘origin’ refers to the face image synthesized from a random code by the
corresponding model. ‘+’ means changing a specific attribute code from the original random code. DiscoFaceGAN [16],
for instance, does not achieve thorough separation, as controlling for head pose noticeably impacts the expression. GAN
Control [63], when manipulating head pose or expression over the original image, significantly affects other facial attributes.
AniFaceGAN [77] exhibits a significant influence of identity (i.e., facial identity shape and texture) attribute on the expression
attribute, whereas controlling for expression sometimes affects identity.
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In this paper, inspired by the face reconstruction works [20,42], the learning of
the facial attribute encoder to separately parameterize the attributes from a real image
and the adaptation of the 3D-representation face synthesis decoder to render better
a face image based on the conditioned codes is solved jointly using an expectation-
maximization-like [13] procedure, where we train the two networks in an alternating
manner. The motivation for doing so is based on the observation that during the adaptation
of the face synthesis decoder, it optimizes the attribute labels of the face, which could
guide the facial attribute encoder to promote the semantic expressiveness of attribute
parameter prediction. Conversely, attribute parameter representation of a face with
better expressiveness and separation can, in turn, serve as better initialized conditioned
codes for the 3D-aware decoder to render a face image that has image similarity and
attribute consistency with the ground truth image. Thus, both aspects can be considered
as mutually dependent, similar to a chicken-and-egg relationship.

In our task, we construct the facial attribute encoder based on a face recognition
network, face reconstruction networks, and a hairstyle encoding network and pre-train
them. HeadNeRF [32], a 3D-aware face model based on neural implicit representation,
is chosen as the face synthesis decoder. We use these models as an example of our alter-
nating training approach in enhancing the facial attribute representation and separation
capability of the encoder and the rendering quality of the face synthesis decoder. The
alternating training in each round consists of two steps. In the first step, we update the
network parameters and conditioned attribute labels of the face synthesis decoder, while
in the second step, we update the parameters of the facial attribute encoder. We only train
our model on attribute-blending (i.e., unstructured) and non-multi-view 2D in-the-wild
datasets. Considering that lacking the aid of multi-view information for a single identity
can significantly degrade the high-frequency rendering quality of neural radiance field
(NeRF) [34], we incorporate a pre-trained blind face restoration network, DifFace [84],
as a refinement network during the inference stage. This addition aims to enhance the
rendering quality of the face synthesis decoder, making the rendering results for the
face images more realistic. In order to ensure fairness, we do not utilize refined images
during experimental testing. Instead, we qualitatively showcase them as references.
Inspired by [16,19,71,63], we employ both self-supervised disentanglement loss and
cycle-consistency loss as part of the alternating training. Through relevant experiments,
we demonstrate the results of the proposed method. In summary, our contributions can
be summarized as follows:

— We extend the alternating training algorithm to the focus that to enhance the ability of
the facial attribute encoder in representing and separating attributes, and to improve
the rendering quality of the 3D-aware face model.

— We present a model that could realize real-time and zero-shot attribute separation of
a given real face, allowing attribute transfer and rendering at novel views without
the aid of multi-view information.

— We demonstrate the proposed method through relevant experiments.



4 Zhang et al.

2 Related Works

2.1 Explicit Face Morphable Models

Explicit representation is widely used for 3D face modeling. It is typically built by
performing Principal Component Analysis (PCA) on numerous registered 3D facial
scans and represents a 3D face as the linear combination of a set of orthogonal bases.
Blanz and Vetter4] rstintroduced the concept of a 3D Morphable Face Model (3DMM).
Since then, many efforts [5,6,9,24,86] have been devoted to improving the performance

of 3DMM by either improving the quality of captured face scans or the structure of 3D
face model. However, acquiring registered 3D data is laborious, and most of the existing
methods {,5,6,9,24,43,58] can only render the texture of the facial region, excluding the
hair, mouth interior, and ears. Meanwhile, the rendered faces produced by these methods
often exhibit visible differences in identity or expression compared to the original faces,
resulting in the sense of arti ciality. In addition, most models are optimization-based for
tting a real image, requiring solving the inverse rendering equation and, therefore, not
real-time.

Recent state-of-the-art regression-based methailsi17] typically render face
images with estimated illumination, texture, and geometry of the face model using a
differentiable renderei5P,44] and compare the synthetic images with the inputs. Such an
analysis-by-synthesis strategy facilitates the demand for in-the-wild images and help to
recover geometric details. However, their separation of attributes is visibly incomplete, as
changing the parameter of one attribute would signi cantly affect other facial attributes
of the rendered face.

2.2 3D-aware Implicit Models

3D-aware methods aim to learn a model that can explicitly control the camera view-
points of the synthesized content. Neural implicit functions have been used in numer-
ous works p3,46,68,67,47,51] to represent 3D scenes or faces. In contrast to explicit
representationse(g, meshes or voxel grids), neural implicit representation is well-
suited to model complex surfaces and realistic textures. Recent advances in 3D-aware
GAN s [26] have enabled the synthesis of realistic multi-view fake faces. Some of these
approaches][1,10,17,52,28,50] utilize neural implicit representations but do not fo-
cus on separating facial attributes. Additionally, rendering novel views of real images
requires time-consuming GAN inversioal[37] to optimize the input codes. Very re-
cently, some work15] trained an encoder for the GAN.]] to map a real image to
the corresponding latent code. However, it does not address the limitation of real-time
separation of facial attributes and attribute transfer. Some implicit$,41,62,72] or
2D-based [6,63,71,49,8,38,25,55] 3D-aware controllable GANs incorporate 3DMM
priors to achieve attribute separation control of generated fake faces. However, as shown
in Fig. 1, these models often exhibit visible de ciencies in attribute separation control.
Recent works focused on rendering animatable personalized
avatars 12,54,87,2,90,27,3,8¢] or talking head animation3[),45,19,60,35,64,65,79)
often need to train a speci ¢ model for one or two persons from monocular videos and
can only separate facial expressions and head pose attributes. Other Wigskkdould
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render static personalized avatars from multi-view images with high delity but could
not separate facial attributes.

[37 propose the rst 3D-aware NeRF-base#] parametric face model, which
controls the facial identity shape, expression, texture, illumination, and head pose of the
rendered face by corresponding latent code%2[3] propose a model in a similar way.

[89) is unable to render the hair region and control the illuminatiGf] s incapable

of rendering the hair, mouth interior, and ear regions, and it does not further divide the
identity attribute into facial identity shape and texture attributes. Although these models
enable identity and expression editing by adjusting the associated 3DMM parameters,
the limited representation ability of latent parameters bound their ability to recover some
facial details in the original frames and their generalization ability to unseen identities,
expressions, and head poses. Moreover, to t a real face image, these methods require
time-consuming optimization for the initialized latent attribute cod&s] propose
i3DMM, a deep implicit 3D morphable model that can be animated by learned latent
codes. 6] de ne the deformation led by standard linear blend skinning (LBS), which
allows the avatars to be directly animated by FLAME parameters. However, to t a real
face image, both methods require the simultaneous acquisition of the face image and its
corresponding mesh to perform latent attribute code optimization and render the face.

2.3 Disentanglement Representation Learning

Disentangled representation learning (DRL) for face images has been vividly studied in
the past. Compared to the real-time attribute separation of a real face, most 3D-aware
controllable GANs emphasize seeking an interpretable and highly disentangled latent
space of the generator, allowing for explicit control over the facial attributes of the
synthesized fake faces. A common tactic is to hallucinate or render synthetic images
varying in different attributes and then jointly learn the attribute differences from these
images. {9 disentangles head pose and identity with unsupervised learning using
3D convolutions and rigid feature transformationst][proposes imitative-contrastive
learning to mimic the 3DMM rendering process by the generative model. A similar
strategy has also been adopted with concurrent and follow-up wakkso[71,70,8].
[3€] uses a custom 3D image rendering pipeline to generate an annotated synthetic
dataset. This dataset is later used to acquire controls matching the synthetic ground truth,
allowing [38] to add controls.§J] utilizes a pairwise contrastive loss to understand the
positive and negative relationships between synthetic training pairs for different attribute
spaces. One-shot talking head modeéel|[employs a similar contrastive learning strategy
to separate expression and head pose from other facial attributes.

Following [16], the implicit representation/[7,69 mimics mesh deformation to
achieve direct control of the identity, expression, and head pogeexplicitly models
the deformation elds to enforce the disentanglement between geometrydentity
shape and expression) and appearaneegtexture and illumination).52,89,80,76,23]
rely on attribute-disentangled multi-view annotated datasets to learn the attribute separa-
tion of the latent space, with the training data for the rst ve models being collected
professionally in a laboratory setting. For a real face image, some regression-based
face reconstruction methodsd21] predict the parameters of facial attributes through
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end-to-end unsupervised training or further incorporating the designed consistency
losses.

3 Method

Fig. 2: Method overview. Our model consists of a facial attribute encoder, E, composed of seven facial attribute prediction
heads (PH), and a face synthesis decoder, D. E takes in a given face image | and projects it into the latent space divided into
separate attribute sub-spaces, generating 1-D feature wedthe conditioned attribute codesare fed to the volumetric-
representation face synthesis decoder D to render a reconstrifctie alternately trained the decoder D and encoder E

using an EM-like heuristic algorithm, enabling them to synergize and provide each other with informative guides or priors.
See text in Sec. 3 for details.

First, in Sec. 3.1, we present the model architecture that can perform zero-shot facial
attribute separation and transfer at novel views from a real face image after training. Then,
in Sec. 3.2, we introduce how to train our model using an EM-like heuristic training
algorithm. In Sec. 3.3, we show the model parameters initialization of the EM-like
alternating training procedure. Finally, in Sec. 3.4, we demonstrate how to re ne the
rendered face image using an additional pre-trained face restoration network and clarify
its role in our paper.

3.1 Model Architecture

As illustrated in Fig. 2, our model consists of a facial attribute encoder E that takes
in a face image | and projects it into the latent space divided into separate attribute
sub-spaces, generating a 1-D feature VEZtsr [ Zshaps Zexp; Ztex; Zillu ; Zhair; Zrot; Ztran]

about attribute facial identity shape, expression, texture, illumination (lighting) under the
Spherical Harmonics illumination modél{], hairstyle (hair shape), face pose rotation
and translation under the standard perspective camera model for projecting a point in 3D
space onto the image plane, respectively. The feature veédded as a condition code

to a volumetric-representation face synthesis decoder D to render a reconstflction |
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Facial Attribute Encoder. As illustrated in Fig. 2, the facial attribute encoder E com-
prises seven prediction headknapefor identity shapePHey, for expressionPHey

for texture,PHy, for illumination, PH,; for hairstyle,PH, for face pose rotation,
andPHya, for face pose translation. THRHspapeutilizes Adaface §6], a face recogni-

tion network with ResNet503[1] as its backbone. The prediction hed®ig.y,, PHeex,

PHiu, PHcot, andPHa, all employ single image reconstruction network, R-Net, from
Deep3DFaceld]. Many previous methods3p,89,23,18,21,17] for parameterizing and
rendering a real face image at novel views did not consider a speci ¢ representation
and rendering of the hairstyle. Recently, there have been meth6@s][that collect

or utilize full photogrammetric attribute-disentangled head scans, including mesh, for
training purposes, enabling the inclusion of the hair component during rendering. How-
ever, GANHead [ 6] is unable to parameterize hairstyle through latent attribute code,
and the hairstyle latent code of i3DMM ] can only take discrete values - short, long,
capl, or cap2, which to some extent restricts the expressiveness of hairstyle latent code
in rendering the real face hairstyle. We adopt the shape encoding network of the 2D
hair editing GAN CtrlHair P9] as the predicting healdH; for hairstyle, which allows

us to avoid using professional handcrafted 3D face scan data and instead train on a
large number of easily accessible unstructured 2D face images. Although CtrlHair's
shape encoding network cannot attribute separate the hairstyle and head pose, meaning
that the feature vector obtained from the network for the same hairstyle under different
head poses often has signi cant differences, our experiments demonstrate that after
training the entire model, this entanglement can be canceled out. The dimensions of the
latent attribute codes are as followsiape2 R%?, Zeyp 2 R, Zex 2 R®, z, 2 R?,

Znair 2 R, /ot 2 R®, andzyan 2 R, where rotation is de ned using Euler angles.

Face Synthesis DecoderThe face synthesis decoder D utilized is HeadNeRi, a

model that integrates 3DMM with the NeRF representation and is capable of synthesizing
3D-aware faces conditioned on 3DMM attributes - identity shape, expression, texture,
illumination, and head pose. The modi cation we made was to adjust the dimensions
of the conditioned attribute code to match the output dimensions of the facial attribute
encoder E instead of using the previous dimension of HeadNeRF, which was set to
facilitate initializing the latent codes with the solution obtained by solving inverse
rendering optimization based on4]. We additionally include the hairstyle attribute
codezy,r into the conditioned latent codes of HeadNeRF.

Next, we brie y introduce the architecture of the face synthesis decoder D that
we have employed. D is a NeRF-based parametric model, which can render an im-
age 1° with speci ed attributes for the given condition codes. It is formulated as:
1= D(Zshaps Zexp: Ztex; Zillu; Zhains Zrot; Ztran), Wherezo; is then transformed to a rotation
matrixR 2 R® 3. The MLP-based implicit neural functidn of NeRF is formulated
as:

h : ( (X); Zshapé Zexp; Ziex, ZiIIu;Zhair) 7! ( ;F ); (1)
where represents the network parameters) is the positional encoding in NeRE{],

andx 2 R®is a 3D point sampled from one casted camerahagutputs the density
value atx and an intermediate feature veckofx) 2 R?%%. Then the 2D feature map






