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Abstract

Face animation aims at creating photo-realistic portrait videos with animated poses
and expressions. A common practice is to generate displacement fields that are used to
warp pixels and features from source to target. However, prior attempts often produce
sub-optimal displacements. In this work, we present a geometry driven model and pro-
pose two geometric patterns as guidance: 3D face rendered displacement maps and posed
neural codes. The model can optionally use one of the patterns as guidance for displace-
ment estimation. To model displacements at locations not covered by the face model
(e.g., hair), we resort to source image features for contextual information and propose
a progressive warping module that alternates between feature warping and displacement
estimation at increasing resolutions. We show that the proposed model can synthesize
portrait videos with high fidelity and achieve the new state-of-the-art results on the Vox-
Celebl and VoxCeleb2 datasets for both cross identity and same identity reconstruction.
Our code is available at https://github.com/yataoz/face_reenact_ GDPW.

1 Introduction

Face animation refers to the task of creating photo-realistic portrait videos with animated
facial motions. The task starts with a source portrait image and a sequence of driving face
poses and expressions. For each frame in the output video, a face animation model generates
a new portrait image with the same pose and expression as the driving face while still pre-
serving the source identity and appearance (see examples in Fig. 1(a)). In the early days of
research, solutions often rely on purely graphics and geometry [5, 10, 31, 32]. They utilize
face geometries such as facial landmarks and reconstructed 3D face models to guide face
deformation. However, image synthesis in those early works is non-learning based and of-
ten resorts to handcrafted image blending heuristics, hence fails to produce photo-realistic
output.

Recently with the rapid advance in image synthesis using deep neural networks, many so-
lutions switch to a learning-based paradigm where they directly operate in the feature space
of source images and warp features to achieve facial motion transfer and identity preserva-
tion. However, prior works [8, 27, 40] attempt to predict the warping displacements directly
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Figure 1: (a) Our model can be applied to several scenarios: face reenactment, face frontal-
ization and fine-grained face editing by pose, shape, expression and even eyes. (b) An
overview of the model. The left part shows the whole architecture. The right part shows
the proposed progressive warping module (PWM) at pyramid level | and how we estimate
the full displacement from the guiding geometric patterns.

from features in source image coordinates whereas the displacements are supposed to be in
the target image coordinates. This misalignment issue poses a challenge to them to generate
correct displacements.

With those considerations in mind, we ask how we can improve the quality of displace-
ment fields for face animation? We present a geometry driven model and propose two geo-
metric patterns as guidance: 3D face rendered displacement maps and posed neural codes.
The model can optionally use one of the patterns as guidance for displacement estimation.
To render the displacement maps, we first calculate the displacement vectors between cor-
responding vertices from a pair of source and driving meshes and then rasterize them to a
2-channel image. To create posed neural codes, we attach a latent embedding vector to each
vertex of the 3D face and rasterize the embedded mesh to a d-channel image, where d is the
embedding dimension. For choice of the 3D face model, we use FLAME [19], which is a
face counterpart of the blend-skinned body model SMPL [21]. Unlike other 3DMMs such
as the FaceWarehouse [3] and the Basel Face Model [26], FLAME also models articulated
jaw, neck and rotating eyeballs in addition to the disentangled shape, pose and expression
parameters, which makes it a more natural representation for face animation. To overcome
the spatial misalignment issue present in other 3DMM based models [8, 27, 40], we warp
source image features with the predicted displacement field at each pyramid scale and use
the warped features to estimate the displacement field at next pyramid scale. We repeat this
paradigm and progressively warp features and estimate displacements at increasing resolu-
tions.

To summarize, our work has the following contributions: 1) We propose a geometry
driven model whose displacement generation is guided by either displacement maps or posed
neural codes, both rendered with the FLAME face topology. 2) We design a progressive
warping module which alternates between displacement estimation and feature warping for
robust facial motion transfer. 3) We demonstrate that our method sets the new-state-of-art
through extensive experiments and provide our insight into the properties of the proposed
guiding geometric patterns by analyzing their individual impact on the model performance.
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2 Related Work

3D Face Based Warping Modelsin early research of face animation, solutions often rely
on purely 3D face models. For instance, [5, 31, 32] start with 3D face reconstruction and
parametric face models to control the face movement. However, image synthesis in tt
early works is non-learning based and often resorts to some heuristic blending techniq
hence fails to produce photo-realistic output. Later come the learning-based solutions.

37] rst render synthetic face images with predicted texture and lighting, which are th
used as input to deep networks to create images with better realism. PIRender [27] enc
the 3DMM pose parameters into an embedding vector and uses that as modulation in Ac
layers [14] to estimate the displacement eld for face deformation. HeadGAN [8] shar
a similar idea but uses a 3D face image as the source of modulation in SPADE layers
for displacement generation. [40] creates an approximate ow with the 3D face model
initial warping and the warped image is re ned by another generator to create a more reali
image.

Keypoint Based Warping Models.Warp-Guided GANs [11] track the facial landmarks
and use them to create a global displacement map for image warping. Subsequently
warped image is fed to a face re nement network to generate nal image. Facial landma
are also used in MarioNETte [12] to create a global displacement map, but here warping
erates in the feature space instead of image pixels. Another line of work under this cate
includes an ad hoc keypoint detector in the model, which is trained without direct supel
sion [28, 29, 35]. The keypoints are implicitly learned by the model and may not convey ¢
interpretable meaning to humans. The displacement between each pair of keypoints cor
a local motion transformation. A dense motion network is used to predict the weighti
coef cient of each keypoint displacement in order to create a global warping eld. Mor
keyNet [28] is one of the rst works that go in the direction of latent keypoint representatio
Follow-up works such as FOMM [29] and 3D-FOMM [35] improve MonkeyNet [28] with
rst-order motion modeling and extend it from 2D to 3D respectively.

Pose-to-Face Mapping ModelsPose-to-Face refers to a class of models that transfor
input directly from pose encoding to face images without considering the geometry suct
facial landmarks or 3D face models. They share the same spirit of pix2pix [15] and vid2y
[33, 34]. X2Face [36] is one of the rst works in this direction. They have an embeddir
network that encodes the source identity and a driving network that uses the driving p
and embedded source face to synthesize the new face image. Bi-layer model [39] st
the similar idea of embedded face, but they have a two-stage implementation for coarse
ne re nement. [38] encodes an image drawn with landmarks of driving face and uses t
source image features injected in AdalN [14] to generate output. Similar to [38, 39], L
[22] is also driven by a landmark encoded image, but LSR uses a second network traine
semantic segmentation to guide the decoder to generate better quality images. Head?2
[18] proposes a person-speci ¢ model that goes directly from driving 3D face to outp
image without any feature extraction from source identity. Therefore, their model does
generalize.

3 Proposed Method

We start by tting the FLAME face model [19] to the input images (Sec. 3.1). To embe
FLAME in our model and utilize its geometric information to guide facial motion transfe
we use one of the geometric patterns: the FLAME mesh rendered displacement map o
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posed neural codes. Either acts as guidance to estimate the full displacement eld used f
feature warping (Sec. 3.2). Afterwards we apply a novel progressive warping module an
alternate between feature warping and displacement estimation to generate output imag
(Sec. 3.3).

3.1 3D Face Representation

To obtain full control over the animated facial motions, we need a latent face descriptor the
is compact yet expressive. In this work, we employ FLAME [19] as the underlying face
representation due to its capability of modeling articulated joints (jaw, neck and eyeballs
and disentangled parameterization of shbpposeq and expressioy . FLAME deforms

face geometry by vertex based linear blend skinning (LBS) with corrective blendshapes. W
refer readers to [19] for detailed explanation of the FLAME formulation.

Given a source portrait image that we want to animate, we use DECA [9], an off-
the-shelf 3D face reconstruction model, to t the FLAME face geometry. The output of the
tting pipeline is the shapds, posegs and expressiow s for the source imagk, with which
we can reconstruct a FLAME meshs. In order to animate the source face with customized
facial movement, we can change the valuebHfgs andy s to obtain the target shap®g,
poseqq and expressiow 4. By substituting the updated parameters into the FLAME model,
we now have the target 3D face medh that will drive the movement of source face. In the
case of face reenactment where we want to transfer the facial motion from a driving portra
imagely to the source imagk, we do an additional FLAME tting toly to generate the
driving 3D face mesiMg.

3.2 Geometric Patterns as Guidance

Our model is driven by facial geometry. We propose two geometric patterns that can guic
the displacement learning process. One is a 2-channel image rendered from the displa
ment vectors between a pair of source and target face meshes, which we gaibthetric
displacement eld The other is th@posed neural codes d-channel image rendered from a
face mesh whose vertices are embedded with a stlohensional latent vectors. We now
describe the formulation of each of the geometric patterns.

Geometric displacement eld Given the source and driving face mesiMysand Mg,
we calculate 2D displacement vectdfs = P(Ms) P (Mg), whereP () projects a mesh
to image space. For each veriewe takeVy i as its vertex attribute. Since the médhis
already triangulated, we can follow the conventional graphics pipeline for rasterization. Not
that we render the displacement vectors using the topology of driving Mg&lecause our
goal is to warp features from the source image coordinates and place them in the target ime
coordinates. We also do back-face culling to ignore any triangles that are invisible from th
viewing direction.

Posed neural codesGeometric displacement eld can assist with the full displacement
estimation but it mostly transfers the relative motion from source to target and does nc
explicitly incorporate facial semantics. To enforce the full displacements conditioned or
facial semantics, we propose the posed neural codes.

For a FLAME model withN vertices, we de ne a set ad dimensional latent vectors
E=feee3; ;engwithg 2 RA. We attach each vecter to vertexi and obtain a mesh
embedded ifRN 9. Similar to geometric displacement eld, we rasterize-ehannel image
from the embedded mesh. Because the mesh topology is prede ned and xed, each vert
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comes with semantic meaningfulness, hence the assigned latent vector too. A visualiz
of the learned latent codes is available in Fig. 2. As can be seen, the front and back |
have symmetric coloring. The left and right possess similar color distribution patterns. Tt
suggest the facial semantics being well captured by the latent codes.
As opposed to geometric displacement
eld, posed neural codes does not encode
relative motion directly. To recover this in-
formation, we render the latent codes with
the source and target meshes respectively
and provide both as input to the model. The
source rendered latent codes are concate-

nated with the source image as input to the

encoder. The target rendered latent codEigure 2: Visualized latent codes on the
are used as guidance in the decoder (Fi LAME manifold. Color encoding is obtained

1(b)). The rendering process is fully dif- rom t-SNE. Similar colors indicate closer dis-

ferentiable and the latent codes are learn&yce in the embedding space.
along with the neural network parameters.

Learning the full displacement eld. Although both geometric patterns encode accu
rate facial geometry and motion transfer information, they do not model any surround
pixels outside the face or head region (e.g. hair). To address this issue, we propose tc
the geometric patterns as guidance to estimate the full displacement eld. Imagine that
already have the spatially re-aligned features from a preceding warping module (which
will touch later in Sec. 3.3). Since the input features have been warped to align with -
driving pose in target image space, we adopt them for contextual information to Il in ar
missing pieces that are not modeled by the 3D face. To accomplish this, we use eithel
rasterized geometric displacement eld or the posed neural codes as the modulation inp
a SPADE block [25] to guide the estimation of full displacement eld (Fig. 1(b)).

3.3 Progressive Warping Module

The goal of estimating displacements is to warp the source features and rearrange the
the target image space. However, many existing works often fail to generate displacen
vectors that point to the correct source locations because of the spatial misalignment i
discussed in Sec. 1. We propose a plug-in feature re-sampling block that can warp
source features to create new ones that are spatially aligned with the driving pose in te
image coordinates. The re-sampling block is repeatedly applied at increasing pyramid sc
to nally create a high-resolution displacement eld. We term it {s@gressive warping
module or PWM for short.

Fig. 1(b) shows an overview of the model architecture. Unlike existing methods tt
employ a number of dedicated deep networks for feature extraction, displacement estima
image generation and image re nement and operate in a multi-stage pipeline, our mc
implements a simple encoder-decoder structure. The decoder part adopts a sequen
progressive warping modules for iterative feature warping and re-alignment, which ass
full displacement estimation at increasing resolutions.

LetL be the number of feature pyramid levels dride index of thd-th level. The PWM
starts from the lowest resolution at levet 1 in the decoder and gradually moves to the
highest resolution dt= L. As shown in Fig. 1(b), at each pyramid leVethe guidance map
(geometric displacement eld or posed neural codes) is resized to match the resolutio
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levell and injected into a SPADE block [25] to modulate the re-aligned feaﬁ,ﬁléﬁom a
preceding PWM. The SPADE output is followed by a convolutional layer to predict the full

displacement eldD(, which is up-sampled and used to warp the shortcut feafedéd
from encoder. The warped features are concatenated with the other route of the SPAL

output to create a set of new spatially re-aligned featE;( +sl), which will be used by the
PWM at next level. A nal convolutional layer is added on top of the last PWM to synthesize
the output imagé,.

A sequence of PWMs are employed so that we are able to generate high resolutior
displacement elds and features to animate portraitimages. A special case is the initial PWI
at the lowest resolution, where no re-aligned features from a preceding PWM is availabl
We go around this by skipping the SPADE and displacement estimation components. If tt
guidance map is the geometric displacement eld, we directly adopt it (resized to match th

corresponding resolution) to warp the encoder featﬁéé)s which are concatenated with

the originaIFs(l) to produceFr(l). If the guidance map is posed neural codes, weﬁéé)eto

produceFr(l) without any warping in between.

3.4 Implementation

During training, we perform self-reenactment and same identity reconstruction. For eac
video, we randomly sample a pair of source and driving frames and train the model witl
VGG-19 [30] based perceptual loss [16], Patch-GAN [15] and Hinge loss [20] based advel
sarial loss, and discriminator feature matching loss between the real images and the syntl
sized images. We usk= 16 as the latent code dimension and 5 pyramid levels for feature
warping and re-alignment. We enable spectral normalization [23] for all convolutional layer:
in the model (including discriminator). We optimize the model with ADAM for RT@ra-
tions. The training starts with an initial learning rate of 20 * and decreases to 210 °

at 8k iterations and to 2 10 © at 16(k iterations. Implementation details of network archi-
tecture and training loss functions can be found in the supplementary material.

4 Experiments

4.1 Datasets and Baselines

We use the VoxCelebl dataset [24] for training, which contains more than 20k talking-hea
videos of over 1000 celebrities. We use the original train/test split provided by the authors t
train and evaluate the proposed model. As a pre-processing step, we follow [27, 29] to crc
the face and resize it to 256x256. We also t the FLAME face model of ine to all videos
using DECA [9]. We also evaluate the VoxCelebl trained model on the VoxCeleb2 datas
[4], which contains 5 times more identities than VoxCelebl. We go through the same stey
for data pre-processing and use the test split of VoxCeleb?2 for evaluation.

The proposed model has two main variants depending on the geometric pattern in us
geometric displacement eld or posed neural codes, denoté¢®WM + geom. disp.”and
“PWM + neural codes’respectively. We compare both model variants with the state-of-the-
arts including HeadGAN [8], PIRender [27], FOMM [29], 3D-FOMM [35], Bi-Layer [39],
LSR [22] and X2Face [36]. For all models except HeadGAN and 3D-FOMM, we adopt
their of cially released models for evaluation. Since no pre-trained model is available for
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HeadGAN, we follow its implementation details in [8] and train the model with FLAME
as the underlying 3DMM. For 3D-FOMM, we use an unof cial implementation from [1]
However, as noted by [1], they improve the original 3D-FOMM [35] by adding SPADI
blocks [25] in the decoder. Some baselines [22, 27, 36, 39] are originally designed for fe
shot scenarios. To match our test con guration, we tested their models in one-shot set
using a single frame without netuning on test subjects. All models except Bi-Layer [3
are trained on VoxCelebl, which is trained on the larger VoxCeleb2 dataset. We benchn
all models on both VoxCelebl and VoxCeleb2.

Table 1: Quantitative results. Best performing metric is shown in blue

VoxCelebl

Same Identity Reconstruction Cross Identity Reconstruction

FID#| CSIM" | AKD # | AED# | APD# | FID# | CSIM" | AED # | APD #

X2Face 36.02| 0.532 | 10.94 | 0.201 | 5.189 | 51.14| 0.437 | 0.297 | 7.421
Bi-Layer 79.05| 0.580 | 3.11 | 0.129 | 0.866 | 87.54| 0.461 | 0.230 | 1.493
LSR 20.53| 0.311 | 2.73 | 0.153 | 1.012 | 28.04| 0.229 | 0.217 | 1.606
FOMM 10.87| 0.788 | 2.25 | 0.087 | 0.688 | 30.84| 0.562 | 0.218 | 1.612
3D-FOMM 547 | 0.792 2.23 | 0.091 | 0.770 | 22.34| 0.605 | 0.247 | 2.149
HeadGAN 10.72] 0.779 3.80 | 0.087 | 1.097 | 25.79| 0.505 | 0.234 | 1.849
PIRender 9.47 | 0.745 3.41 | 0.119| 1.148 | 23.82| 0.530 | 0.222 | 1.916
PWM + NMFC 557 | 0.784 2.32 | 0.091| 0.786 | 15.73| 0.647 | 0.225| 1.641
PWM + geom. disp. 3.95| 0.794 | 2.29 | 0.081 | 0.756 | 14.19| 0.653 | 0.228 | 1.668
PWM + neural codes 3.93 | 0.793 2.15 | 0.067 | 0.670 | 14.32| 0.584 | 0.174 | 1.214
PWM + geom. disp. + neural codes 433 | 0794 | 2.14 | 0.066 | 0.664 | 15.39| 0.590 | 0.173 | 1.224
PWM + geom. disp. + neural codes (BFM)4.80 | 0.779 4.04 | 0.087 | 1.110 | 16.78| 0.546 | 0.233 | 1.956

VoxCeleb2

Same Identity Reconstruction Cross Identity Reconstruction

FID#| CSIM" | AKD # | AED# | APD# | FID# | CSIM" | AED # | APD #

X2Face 30.34| 0.538 | 21.66 | 0.188 | 7.780 | 41.31| 0.379 | 0.280 | 9.757
Bi-Layer 57.26| 0.541 2.84 | 0.138 | 1.153 | 66.22| 0.436 | 0.221 | 1.780
LSR 12.43| 0.275 | 2.66 | 0.156 | 1.388 | 18.17| 0.217 | 0.214 | 1.928
FOMM 832 | 0.718 | 2.69 | 0.118 | 1.291 | 26.00| 0.475 | 0.231 | 2.545
3D-FOMM 349 | 0.723 | 3.11 | 0.118 | 1.498 | 14.52| 0.567 | 0.240 | 3.189
HeadGAN 8.59 | 0.704 3.87 | 0.112 | 1.665 | 19.47| 0.473 | 0.227 | 2.647
PIRender 7.77 | 0.677 3.47 | 0.144 | 1.758 | 19.15| 0.508 | 0.229 | 2.852
PWM + NMFC 417 | 0.725 264 | 0.118 | 1.162 | 10.68| 0.601 | 0.230 | 2.142
PWM + geom. disp. 3.14 | 0.732 269 | 0.111| 1.203 | 9.83 | 0.612 | 0.234 | 2.564
PWM + neural codes 3.29 | 0.723 2.37 | 0.087 | 0.954 | 10.15| 0.528 | 0.177 | 1.498
PWM + geom. disp. + neural codes 3.18 | 0.726 2.36 | 0.088 | 0.954 | 9.97 | 0.541 | 0.178 | 1.533
PWM + geom. disp. + neural codes (BFM)3.63 | 0.721 | 3.70 | 0.109 | 1.552 | 11.15| 0.516 | 0.227 | 2.569

4.2 Evaluation Metrics

We adoptFrechet Inception Distancé-ID) [13], Cosine Similarity(CSIM) [6], Average
Keypoint Distanc€AKD), Average Pose Distand@&PD) andAverage Expression Distance
(AED) as our evaluation metrics. FID measures the realism of the generated images
CSIM measures the capability of identity preservation. AKD, APD and AED evaluate tl
geometry accuracy in terms of facial landmarks, head pose (yaw, pitch & roll) and the
pression parameters obtained from FLAME. More details of evaluation metrics can be fot
in the supplementary material.

For same identity reconstruction, we perform self-reenactment where the source por
image and the driving portrait image come from the same video clip. During evaluation,
randomly sample pairs of source and driving frames from each video and do both forw
and backward reconstruction. This is to ensure that we always cover the dif cult cases.
instance, synthesizing a frontal face from a pro le face is always harder than the rever
due to severe occlusions in pro le face.

For cross identity reconstruction, we perform face reenactment where the source por






