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Abstract

This paper presents a generic method for generating full
facial 3D animation from speech. Existing approaches to
audio-driven facial animation exhibit uncanny or static up-
per face animation, fail to produce accurate and plausi-
ble co-articulation or rely on person-specific models that
limit their scalability. To improve upon existing models, we
propose a generic audio-driven facial animation approach
that achieves highly realistic motion synthesis results for the
entire face. At the core of our approach is a categorical
latent space for facial animation that disentangles audio-
correlated and audio-uncorrelated information based on a
novel cross-modality loss. Our approach ensures highly ac-
curate lip motion, while also synthesizing plausible anima-
tion of the parts of the face that are uncorrelated to the au-
dio signal, such as eye blinks and eye brow motion. We
demonstrate that our approach outperforms several base-
lines and obtains state-of-the-art quality both qualitatively
and quantitatively. A perceptual user study demonstrates
that our approach is deemed more realistic than the cur-
rent state-of-the-art in over 75% of cases. We recommend
watching the supplemental video before reading the paper.

1. Introduction

Speech-driven facial animation is a highly challenging
research problem with several applications such as facial
animation for computer games, e-commerce, or immersive
VR telepresence. The demands on speech-driven facial an-
imation differ depending on the application. Applications
such as speech therapy or entertainment (e.g., Animojies or
AR effects) do not require a very presice level of realism in
the animation. In the production of films, movie dubbing,
driven virtual avatars for e-commerce applications or im-
mersive telepresence, on the contrary, the quality of speech
animation requires a high degree of naturalness, plausibil-
ity, and has to provide intelligibility comparable to a natural
speaker. The human visual system has been evolutionary
adapted to understanding subtle facial motions and expres-
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Figure 1. Given a neutral face mesh of a person and a speech signal
as input, our approach generates highly realistic face animations
with accurate lip shape and realistic upper face motion such as eye
blinks and eyebrow raises.

sions. Thus, a poorly animated face without realistic co-
articulation effects or out of lip-sync is deemed to be dis-
turbing for the user.

Psychological literature has observed that there is an im-
portant degree of dependency between speech and facial
gestures. This dependency has been exploited by audio-
driven facial animation methods developed in computer vi-
sion and graphics [4, 2]. With the advances in deep learning,
recent audio-driven face animation techniques make use of
person-specific approaches [22, 260] that are trained in a su-
pervised fashion based on a large corpus of paired audio
and mesh data. These approaches are able to obtain high-
quality lip animation and synthesize plausible upper face



motion from audio alone. To obtain the required training
data, high-quality vision-based motion capture of the user is
required, which renders these approaches as highly imprac-
tical for consumer-facing applications in real world settings.
Recently, Cudeiro et al. [8] extended this work, by propos-
ing a method that is able to generalize across different iden-
tities and is thus able to animate arbitrary users based on a
given audio stream and a static neutral 3D scan of the user.
While such approaches are more practical in real world set-
tings, they normally exhibit uncanny or static upper face
animation [8]. The reason for this is that audio does not
encode all aspects of the facial expressions, thus the audio-
driven facial animation problem tries to learn a one-to-many
mapping, i.e., there are multiple plausible outputs for every
input. This often leads to over-smoothed results, especially
in the regions of the face that are only weakly or even un-
correlated to the audio signal.

This paper proposes a novel audio-driven facial anima-
tion approach that enables highly realistic motion synthe-
sis for the entire face and also generalizes to unseen identi-
ties. To this end, we learn a novel categorical latent space
of facial animation that disentangles audio-correlated and
audio-uncorrelated information, e.g., eye closure should not
be bound to a specific lip shape. The latent space is trained
based on a novel cross-modality loss that encourages the
model to have an accurate upper face reconstruction inde-
pendent of the audio input and accurate mouth area that only
depends on the provided audio input. This disentangles the
motion of the lower and upper face region and prevents
over-smoothed results. Motion synthesis is based on an
autoregressive sampling strategy of the audio-conditioned
temporal model over the learnt categorical latent space. Our
approach ensures highly accurate lip motion, while also be-
ing able to sample plausible animations of parts of the face
that are uncorrelated to the audio signal, such as eye blinks
and eye brow motion. In summary, our contributions are:

* A novel categorical latent space for facial animation
synthesis that enables highly realistic animation of the
whole face by disentanglement of the upper and lower
face region based on a cross-modality loss.

* An autoregressive sampling strategy for motion syn-
thesis from an audio-conditioned temporal model over
the learned categorical latent space.

* Our approach outperforms the current state-of-the-art
both qualitatively and quantitatively in terms of ob-
tained realism.

2. Related Work

Speech-based face animation has a long history in com-
puter vision and ranges from artist-friendly stylized and
viseme-based models [11, 42, 19] to neural synthesis of
2D [29, 40, 31] and 3D [30, 22, 26] faces. In the follow-

ing, we review the most relevant approaches.

Viseme-based face animation. In early approaches, a
viseme sequence is generated from input text [ 13, 14] or di-
rectly from speech using HMM-based acoustic models [35].
Visual synthesis is achieved by blending between face im-
ages from a database. For 3D face animation, Kalberer et
al. [20] model viseme deformations via independent com-
ponent analysis. In [21], 3D face masks are projected onto
a low-dimensional eigenspace and smooth temporal anima-
tion is achieved by spline fitting on each component of this
space, given a sequence of key viseme masks. Leaning on
the concept on phonetic co-articulation, Martino et al. [9]
seek to find context-dependent visemes rather than blending
between key templates. Given the success of JALI [11], an
animator-centric audio-drivable jaw and lip model, Zhou et
al. [42] propose an LSTM-based, near real-time approach
to drive an appealing lower face lip model. Due to their
generic nature and artist-friendly design, viseme based ap-
proaches are popular for commercial applications particu-
larly in virtual reality [1, 19].

Speech-driven 2D talking heads. Many speech-driven ap-
proaches are aimed at generating realistic 2D video of talk-
ing heads. Early work [4] replaced the problem of learn-
ing by searching in existing video for similar utterances as
the new speech. Brand ef al. [3] proposed a generic ML
model to drive a facial control model that incorporates vo-
cal and facial dynamic effects such as co-articulation. The
approach of Suwajanakorn et al. [29] is able to generate
video of a single person with accurate lip sync by synthe-
sizing matching mouth textures and compositing them on
top of a target video clip. However, this approach only
synthesizes the mouth region and requires a large corpus
of personalized training data ( 17 hours). Wav2lip [25]
tackles the problem of visual dubbing, i.e., of lip-syncing
a talking head video of an arbitrary person to match a tar-
get speech segment. Neural Voice Puppetry [31] performs
audio-driven facial video synthesis via neural rendering to
generate photo-realistic output frames. X2Face [40] is an
encoder/decoder approach for 2D face animation, e.g., from
audio, that can be trained fully self-supervised using a large
collection of videos. Other talking face video techniques
[28, 7, 36] are based on generative adversarial networks
(GANs). The approach of Vougioukas et al. [36] synthe-
sizes new upper face motion, but the results are of low res-
olution and look uncanny. The lower face animation ap-
proach of Chung et al. [7] requires only a few still images
of the target actor and a speech snippet as input. To achieve
this, an encoder-decoder model is employed that discovers a
joint embedding of the face and audio. Zhou et al. [41] im-
prove on Chung et al. [7] by learning an audio-visual latent
space in combination with an adversarial loss that allows to
synthesize 2D talking heads from either video or audio. All
the described 2D approaches operate in pixel space and can



not be easily generalized to 3D.

Speech-driven 3D models. Approaches to drive 3D face
models mostly use visual input. While earlier works map
from motion captures or 2D video to 3D blendshape mod-
els [10, 37, 15], more recent works provide solutions to ani-
mate photo-realistic 3D avatars using sensors on a VR head-
set [23, 26, 39, 6]. These approaches achieve highly realis-
tic results, but they are typically personalized and are not
audio-driven. Most fully speech-driven 3D face animation
techniques require either personalized models [5, 22, 26] or
map to lower fidelity blendshape models [24] or facial land-
marks [12, 16]. Cao et al. [5] propose speech-driven anima-
tion of a realistic textured personalized 3D face model that
requires mocap data from the person to be animated, of-
fline processing and blending of motion snippets. The fully
speech-driven approach of Richard et al. [26] enables real-
time photo-realistic avatars, but is personalized and relies
on hours of training data from a single subject. Karras et
al. [22] learn a speech-driven 3D face mesh from as little as
3-5 minutes of data per subject and condition their model
on emotion states that lead to facial expressions. In con-
trast to our approach, however, this model has lower fidelity
lip sync and upper face expressions, and does not gener-
alize to new subjects. In [30], a single-speaker model is
generalized via re-targeting techniques to arbitrary stylized
avatars. Most closely related to our approach is VOCA [8],
which allows to animate arbitrary neutral face meshes from
audio and achieves convincing lip synchronization. While
generating appealing lip motion, their model can not syn-
thesize upper face motion and tends to generate muted ex-
pressions. Moreover, the approach expects a training iden-
tity as conditional input to the model. As shown by the
authors in their supplemental video, this identity code has a
high impact on the quality of the generated lip synchroniza-
tion. Consequentially, we found VOCA to struggle on large
scale datasets with hundreds of training subjects. In contrast
to the discussed works, our approach is non-personalized,
generates realistic upper face motion, and leads to highly
accurate lip synchronization.

3. Method

Our goal is to animate an arbitrary neutral face mesh us-
ing only speech. Since speech does not encode all aspects of
the facial expressions — eye-blinks are a simple example of
uncorrelated expressive information — most existing audio-
driven approaches exhibit uncanny or static upper face ani-
mation [8]. To overcome this issue, we learn a categorical
latent space for facial expressions. At inference time, an
autoregressive sampling from a speech-conditioned tempo-
ral model over this latent space ensures accurate lip motion
while synthesizing plausible animation of face parts that are
uncorrelated to speech. With this in mind, the latent space
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Figure 2. System overview. A sequence of animated face meshes
(the expression signal) and a speech signal are mapped to a cate-
gorical latent expression space. A UNet-style decoder is then used
to animate a given neutral-face template mesh according to the en-
coded expressions.

should have the following properties:

Categorical. Most successful temporal models operate on
categorical spaces [33, 32, 34]. In order to use such models,
the latent expression space should be categorical as well.
Expressive. The latent space must be capable of encoding
diverse facial expressions, including sparse events like eye
blinks.

Semantically disentangled. Speech-correlated and speech-
uncorrelated information should be at least partially disen-
tangled, e.g., eye closure should not be bound to a specific
lip shape.

3.1. Modeling and Learning the Expression Space

Let X117 = (X1;:::;X7); Xt 2 RY 3 be a sequence of
T face meshes, each represented by V vertices. Let further
a;t = (ar;:::;ar);ar 2 RP be a sequence of T speech

snippets, each with D samples, aligned to the corresponding
(visual) frame t. Moreover, we denote the template mesh
that is required as input by h 2 RV 3.

In order to achieve high expressiveness of the categori-
cal latent space, the space must be sufficiently large. Since
this leads to an infeasibly large number of categories C for
a single latent categorical layer, we model H latent classi-
fication heads of C-way categoricals, allowing for a large
expression space with a comparably small number of cate-
gories as the number of configurations of the latent space is
CH and therefore grows exponentially in H. Throughout
this paper, we use C = 128 and H = 64.

The mapping from expression and audio input signals to



the multi-head categorical latent space is realized by an en-
coder E which maps from the space of all audio sequences
and all expression sequences (i.e., sequences of animated
face meshes)toa T H  C-dimensional encoding

enciTHac = E(xeT;ant)2RT H S

This continuous-valued encoding is then transformed into
a categorical representation using a Gumbel-softmax [18]
over each latent classification head,
h i
CiT:1:H = Gumbel €nNCt;h;1:C 2)
1:T;1:H

such that each categorical component at time step t and in
the latent classification head h gets assigned one of C cate-

encoding function, i.e., E followed by categorization, as E.
The animation of the input template mesh h is realized
by a decoder D,

Air =D(h;crran); 3)

which maps the encoded expression onto the provided tem-
plate h. Tt thereby generates an animated sequence At
of face meshes that looks like the person represented by
template h, but moves according to the expression code
C1.1:1:H - See Figure 2 for an overview.

Learning the Latent Space. At training time, ground-
truth correspondences are only available for the case where
(a) template mesh, speech signal, and expression signal are
from the same identity, and (b) the desired decoder output
ﬁl;-r is equal to the expression input X1.1. Consequentially,
training with a simple “, reconstruction loss between f 1T
and Xj.7 would lead to the audio input being completely
ignored as the expression signal already contains all infor-
mation necessary for perfect reconstruction — a problem that
leads to poor speech-to-lip synchronization, as we show in
Section 4.1.

We therefore propose a cross-modality loss that ensures
information from both input modalities is utilized in the la-
tent space. Let X1.7 and aj.7 be a given expression and
speech sequence. Let further hy denote the template mesh
for the person represented in the signal X1.7. Instead of a
single reconstruction A 1:T » We generate two different recon-
structions

AP =D hyEQeT;a11)  and 4
AP =D hy; E(xy7;a17) ; ®)
where X;1.7 and &;.7 are a randomly sampled expression

and audio sequence from the training set. In other words,
AL s a reconstruction given the correct audio but a

random expression sequence and ﬁ(fﬁ)r) is a reconstruction

given the correct expression sequence but random audio.
Our novel cross-modality loss is then defined as

I—xMod = MSIU pper) kﬁg:?i(/pr) Xt;v k2 +
t=1v=1
X % .
Ms/mouth) kﬁiz’lg i0) Xtov k2 : (6)
t=1v=1

where M©PPeD i5 3 mask that assigns a high weight to ver-
tices on the upper face and a low weight to vertices around
the mouth. Similarly, M™°"™" assigns a high weight to ver-
tices around the mouth and a low weight to other vertices.
The cross-modality loss encourages the model to have an
accurate upper face reconstruction independent of the audio
input and, accordingly, to have an accurate reconstruction of
the mouth area based on audio independent of the expres-
sion sequence that is provided. Since eye blinks are quick
and sparse events that affect only a few vertices, we also
found it crucial to emphasize the loss on the eye lid vertices
during training. We therefore add a specific eye lid loss

XK
I—eyelid =
t=1v=1

Msyelid) kf}|t;v Xt;vk2 ; (7)

where M©°lid) i a binary mask with ones for eye lid ver-
tices and zeros for all other vertices. The final loss we op-
timize is L = Lxmod + Leyeliac: We found that an equal
weighting of the two terms works well in practice.

Network Architectures. The audio encoder is a four-layer
1D temporal convolutional network similar to the one used
in [26]. The expression encoder has three fully connected
layers followed by a single LSTM layer to capture temporal
dependencies. The fusion module is a three-layer MLP. The
decoder D has a UNet-style architecture with additive skip
connections, see Figure 2. This architectural inductive bias
prevents the network from diverging from the given tem-
plate mesh too much. In the bottleneck layer, the expres-
sion code C1:7:1:H is concatenated with the encoded tem-
plate mesh. The bottleneck layer is followed by two LSTM
layers to model temporal dependencies between frames fol-
lowed by three fully connected layers remapping the repre-
sentation to vertex space.
See the supplementary material for more details.

3.2. Audio-Conditioned Autoregressive Modeling

When driving a template mesh using audio input alone,
the expression input Xp.1 is not available. With only one
modality given, missing information that can not be inferred
from audio has to be synthesized. Therefore, we learn an
autoregressive temporal model over the categorical latent
space. This model allows to sample a latent sequence that
generates plausible expressions and is consistent with the



reconstruction  autoregr. model

encoder inputs decoder loss  error (in mm) perplexity
expression "2 1:156 1:853
expr. + audio "2 1:124 1:879
expr. + audio L xMod 1:244 1:669

Table 1. Different strategies to learn the latent space and their im-
pact on the autoregressive model.

Figure 3. Autoregressive model. Audio-conditioned latent codes

are sampled for each positian, in the latent expression space,

where the model only has access to previously generated labels agnd and face meshes are t_rac'ked fi@gsynchronized cam-
de ned in Equation (8). eras surrounding the subject's head. We use a face model

with 6; 172 vertices that has a high level of detail including

eye lids, upper face structure, and different hair styles. In to-
audio input. Following Bayes' Rule, the probability of a tal, our data amounts tb3h of paired audio-visual data, or
latent embedding1.7.1.4 given the audio inpuf;.t can 1:4 million frames of tracked 3D face meshes. We train our

be decomposed as model on the rst40 sentences a200 subjects and use the
remainingl0 sentences of the remainiB subjects as val-
_ Y ¥ _ idation (LO subjects) and test set subjects). All shown
p(CuTunjarT) = . P(Coh JC<t; 1:1 i Cuch 5@ 1) qualitative and quantitative results are obtained using the
=1 h=1

held-out subjects and sentences in the test set.

8

(©) Speech Features.Our audio data is recorded &gkHz.
Note that we assumed temporal causality in the decomposi+or each tracked mesh, we compute the Mel spectrogram
tion, i.e., a categoryc., attimet only depends on current of a 600ms audio snippet starting00ms before and end-
and past audio informatioa ; rather than on past and fu- ing 100ms after the respective visual frame. We ext@@t
ture contexta;.t. We model this quantity with an autore- dimensional Mel spectral features evd@ms, usingl; 024
gressive convolutional network similar to PixelCNN [33]. frequency bins and a window size &d0for the underlying
Our autoregressive temporal CNN has four convolutional Fourier transform.
layers with increasing dilation along the temporal axis. The . . i )
convolutions are masked such that for the predictiog.of ~ 4-1- Disentangling Audio and Expression
the model only has access to information from all categor- |, this section, we show that our model successfully

ical heads in the past.; 1.1, and the preceding categori- |earns a latent representation that allows to control upper
cal heads at the current time steps, , see yellow blocks  tace motion and lip synchronization from different input
in Figure 3. To train the autoregressive model, we gen- noqajities. Speci cally, we aim to answer these questions:
erate training data using the pretrained encdgewhich (1) In Figure 2, the encoder maps a sequence of audio fea-

maps the expression and audio sequertggs ;a11) in  yres and face meshes to the latent space. At training time,
the training set to their categorical embeddings, see Equame expression input..1 is exactly the target signal that

tion (1). The autoregressiye model is ther_1 optimized on \,,5,1d minimize the loss at the output of the decoddthy
these correspondences using teacher forcing and a crosss jt crycial to have audio as input to learn the latent space?

entropy loss over the latent categorical labels. At inference 2) Many multi-modal approaches suffer from the problem
time, a categorical expression code is sequentially sample hat the weaker modality is ignored [ How can this

for each positiorzy, using the trained audio-conditioned  gtect he avoided, considering that the expression input is
autoregressive network. already signal-complete?

(3) Given the issues discussed above, it is interesting to
investigate the structure of the latent spacAre latent
space and animated mesh regions semantically disentan-
eqled across modalities?

4. Evaluation

Dataset. Existing works are typically trained on less than
a dozen subjects [22, 30, 26] and available datasets ar
tracked with low delity [8], e.g, notincluding eye lids, fa- (1) Multi-modal encoder inputs. We start with a discus-
cial hair, or eyebrows, and therefore render un t to demon- sion on learning a latent space from audio and expression
strate high delity full-face motion from speech generaliz- inputs. One straightforward way to learn a latent space is
ing over arbitrary identities. to omit the audio inputo the encoder in Figure 2. Limited

In this work, we use an in-house datasePb0subjects, capacity of the latent space and the inductive bias of the de-
each of which is reading a total 60 phonetically balanced coder, speci cally its skip connections, make sure that even
sentences. The sequences are capturgdfeames per sec- in this case, suf cient information is used from the tem-






