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ARTICLE INFO ABSTRACT

Article history: Offline facial retargeting, i.e., transferring facial expressions from a source to a target
character, is a common production task that still regularly leads to considerable algo-
rithmic challenges. This task can be roughly dissected into the transfer of sequential
facial animations and non-sequential blendshape personalization. Both problems are
Keywords: Facial Animation, Offfine typically solved by data-driven methods that require an extensive corpus of costly target
Performance Retargeting, Physics-based examples. Other than that, geometrically motivated approaches do not require intensive
Simulation data collection but cannot account for character-specific deformations and are known to
cause manifold visual artifacts.

We present AnaConDaR, a novel method for offline facial retargeting, as a hybrid
of data-driven and geometry-driven methods that incorporates anatomical constraints
through a physics-based simulation. As a result, our approach combines the advantages
of both paradigms while balancing out the respective disadvantages. In contrast to other
recent concepts, AnaConDaR achieves substantially individualized results even when
only a handful of target examples are available. At the same time, we do not make the
common assumption that for each target example a matching source expression must be
known. Instead, AnaConDaR establishes correspondences between the source and the
target character by a data-driven embedding of the target examples in the source domain.
We evaluate our offline facial retargeting algorithm visually, quantitatively, and in two
user studies.
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1. Introduction While deep learning predominates in various facial animation

) ) ) ) ) tasks, here, more traditional approaches retain distinct advan-
Creating high-fidelity facial expressions for human or hu-  (30eg and are commonly used in production [2]. Particularly,

manoid characters is one of the most challenging problems in  gye (o the still limited availability of high-resolution facial ex-
computer graphics apphcatlon's. T‘” that end, IL1s common prac-  pression meshes for training, the risk of generalization gaps is
tice to record a source actor with high-resolution motion capture ubiquitous [3]. The reliance on implicit representations within

technology and subsequently transfer the scanned expressions current neural telepresence applications [4, 5] underscores the
to the targeted character either frame-by-frame or via blend- |,k of suitable training data.

shapes [1]. A comprehensive corpus of research focuses on the

latter step, the so-called offline facial performance retargeting. Two main streams of work can be identified within which

most of the current non-learning methodologies can be catego-

rized. On the one hand, there are data-driven methods that have
numer mplary facial ressions of the tar.
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transfer the geometric deformations of the source actor’s face to
the target character [7, 8, 9]. Both methodologies offer comple-
mentary advantages and disadvantages. For instance, data-driven
methods can consider anatomy-specific differences between the
source and the target, whereas geometry-driven methods force
deformations regardless of the structure of the respective heads.
In return, geometry-driven methods do not rely on elaborately
recorded or artistically sculpted examples of the target charac-
ter and are, therefore, usually more efficient than data-driven
methods.

Generally, there is a trade-off between the cost and complex-
ity of data acquisition and retargeting quality. When time and
effort are not a constraint, establishing extensive corresponding
linear blendshape (LBS) systems [1] between the source and
target character can be the most reasonable approach to facial
retargeting. As such situations rarely occur in reality, the cur-
rent state-of-the-art Anatomical Local Model (ALM) [2] has
been developed. ALM requires a significantly reduced amount
of blendshapes due to replacing plain LBS with more expres-
sive patchwise LBS (PLBS). However, the authors point out
that insufficiently comprehensive PLBS nonetheless result in
severe retargeting artifacts and recognize the limitation that non-
corresponding source and target blendshapes are not supported.
Similar shortcomings in LBS can partially be overcome by em-
ploying example-based facial rigging (EBFR) [6], which sup-
plements the data-driven retargeting with a geometry-driven
deformation transfer [7]. Unfortunately, there has not been an
adaption to ALM so far.

In this work, we improve on ALM and fill this very gap by
introducing AnaConDaR, an anatomically-constrained and data-
adaptive facial retargeting. Here, corresponding PLBS systems
are derived from the available target examples and used for an
initial retargeting in a data-driven manner. The parts that are
not explainable by PLBS are retargeted by a novel anatomical
deformation transfer (ADT). In a final step, both the PLBS and
ADT results are added together and a physics-based simulation
ensures anatomical plausibility, also with combined retargeting.
Moreover, this simulation enables artistic interventions on ma-
terial properties, can incorporate external forces, and preserves
expression-specific characteristics.

We evaluate AnaConDaR in two user studies and a quantita-
tive comparison. In one user study, we asked the participants to
benchmark the state-of-the-art peer group against AnaConDaR,
while the other focused on the necessity of individual algorith-
mic components. Quantitative comparisons of facial retargeting
algorithms are generally challenging, as the subjective nature
of perceiving facial expressions makes it difficult to establish
a definitive ground truth. Therefore, we quantitatively show-
case the advantages of AnaConDaR over ALM in a particularly
construed retargeting scenario.

The key novelties and contributions we present in this paper
can be summarized as follows:

* A novel hybrid approach for offline facial performance
retargeting that can leverage a small number of target ex-
amples.

* A new, fully volumetric deformation transfer for faces,
which respects anatomical and physical constraints. During

the deformation transfer, expression-specific characteristics
are retained.

* Two user studies, a quantitative analysis, and various visual
examples that evaluate and showcase AnaConDaR.

2. Related Work

2.1. Facial Retargeting in General

Besides offline performance targeting, there are several other
variants of facial retargeting, which are all related but can also
be clearly distinguished.

First, the 2D variant in which so-called deep fakes [10, 11,
12, 13, 14, 15, 16, 17, 18] swap faces directly in images almost
entirely independent of the underlying geometry [16, 19]. While
these works can generate outstanding results, they are hardly
artist-controllable, cannot integrate physics-based effects, and
lose mesh-based advantages like shading adjustments. Our ap-
proach offers all of the features mentioned above.

Second, online performance retargeting algorithms that ani-
mate characters in real time. Usually, such methods are either
of low quality [1, 20] or need time consuming training on ex-
tensive datasets [21, 22, 23, 24, 25, 26, 27]. Our approach can
handle high resolutions, is applicable without training, and only
requires a handful of expression examples.

Third, more general (neural) face models [28, 29, 30, 31, 32,
3] that capture both human identities and facial expressions in
latent spaces. Unfortunately, their generalization capabilities
usually do not meet the quality requirements of sophisticated
CGI productions [30, 32]. Moreover, many models can only
perform the facial retargeting task for low-resolution geome-
tries [29, 33, 28]. Starting from a reversed perspective, the
neural physics-based facial animation of Yang et al. [26] has
recently been extended into a more comprehensive face model
[3]. Nonetheless, this model is severely limited to only a handful
of identities and adding a novel identity requires five days of
retraining [26]. Further, they expect access to 30 seconds of
performance capture per identity while the captured expressions
must be semantically aligned. The likewise neural approach An-
imatomy [25] faces similar problems. Neither of the latter two
algorithms [3, 25] was evaluated concerning facial retargeting.

Finally, image-based face avatars primarily work on low-
resolution geometries [4, 5] and, hence, do not meet production
requirements, as well. Overall, we follow the recent assessment
of Chandran et al. [2] that deep learning for facial retargeting
still cannot fully compete with more traditional techniques.

2.2. Offline Facial Performance Retargeting

As the introduction notes, offline facial performance retar-
geting without learning can be divided mainly into data-driven
and geometry-driven methods. For data-driven methods, linear
blendshapes [1] are still the gold standard due to their sim-
plicity and computational speed. Since the nonlinear aspects
of facial expressions have a significant influence, a variety of
extensions [34, 35, 36] have been developed over the years.
Nonetheless, only minor improvements have been achieved, and
it remains common practice to model or scan a large number
of linear blendshapes to account for nonlinearity. In an effort
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to reduce costs, methods have been developed that generate ex-
tensive blendshape rigs from just a few exemplary expressions
[6, 33]. Often, however, these only exhibit weak personaliza-
tion. Recently, Chandran et al. [2] demonstrated how to gain
more expressiveness from expression samples using piecewise
linear blendshapes. To the best of our knowledge, none of the
aforementioned data-driven techniques deals with missing infor-
mation due to insufficient training data. The method we present
in this work addresses this problem by combining piecewise
linear blendshapes with a geometry-driven approach.

The most widely used geometry-driven facial retargeting ap-
proach is deformation transfer [7, 8, 9]. This approach extracts
deformation gradients from a source expression and applies
them to the neutral target face. Closely related is delta transfer,
which transfers deformations in the form of (scaled) per-vertex
displacements. However, neither deformation nor delta transfer
can prevent the retargeting of character-specific details. Fur-
ther, many known artifacts arise, such as loss of volume, self-
collisions, and incorrectly transmitted deformation amplitudes.
A body of related work is therefore concerned with explicitly
distinguishing expression-specific from character-specific details
[9, 37, 38]. For instance, Onizuka et al. [9] propose a locally
scaled deformation transfer to keep facial contours consistent,
Xu et al. [37] use an adapted deformation transfer for edges to
focus on lip and eye contours, and Bhat et al. [38] show how to
transfer lip contours to humanoid aliens. In contrast to previous
work, we design facial features that aim to retain not only con-
tours but also other facial proportions. Furthermore, we use a
fully volumetric approach to avoid artifacts like volume loss and
self-collisions.

3. Method

3.1. Problem Statement & Method Overview

The input to offline facial performance retargeting is a facial
animation of a source character captured as a set S =FS, igé\;o of
N+ 1 surface meshes with identical tessellation. The overall goal
is to curate a corresponding set of surface meshes T ='I‘T,~g§V:0
for a different target character, such that each expression T;
exhibits the same characteristics as S;. These characteristics are
primarily rooted in human perception and, therefore, difficult to
capture through formal means.

To achieve this goal, we present AnaConDaR (Section 3.2),
a mainly data-driven approach to facial retargeting, which is
supplemented by a geometry-driven component (Section 3.3)
whenever the available data is not sufficiently expressive. More-
over, anatomical plausibility and expression characteristics are
ensured through a quasi-static physics-based simulation (Sec-
tion 3.4).

In the ensuing formal derivation of AnaConDaR, we follow
a top-down scheme in which we first explain the fundamental
functionality of our approach (Section 3.2). Afterward, individ-
ual constituents are explained in more detail (Sections 3.3, 3.4,
and 3.5). To ease the reading flow, Table 1 gives a summary
of the notation. We slightly abuse the notation by denoting a
surface mesh and the corresponding vector of stacked vertex
positions with the same symbol.

Notation  Description

M Surface mesh and stacked vertex positions
ST Source and retargeted animation

Se;Te Source and target examples

S:T Neutral head surfaces

Siy T; Source expression and AnaConDaR retargeting
SiL; TiL Reconstruction and retargeting of S; with LBS
SfJ ; TiP Reconstruction and retargeting of S; with PLBS
wllf; wf Optimal LBS and PLBS reconstruction weights
SM;TM  Missing delta blendshapes

S?’I ; TiM Missing blendshapes

S;M Template soft and muscle tissue tetrahedra meshes
Hg;Hr Source and target heads

F; Facial characteristics

Table 1: An overview of the notation of AnaConDaR.

Fig. 1: The patch layout (80 patches) we use has been automatically determined
with METIS [39].

3.2. Anatomically-Constrained Data-Adaptive Facial Retarget-
ing
3.2.1. Data-Driven Component
For the derivation of the data-driven component of AnaCon-
DaR, we initially assume to have access to a set of target ex-
amples Tg with corresponding expressions Sg S. This as-
sumption will be lifted in Section 3.5. Further, we expect the
neutral head surfaces S and T of both characters to be known.
In such situations, a variety of blendshape concepts can be ap-
plied for data-driven facial retargeting. For example, plain linear
blendshapes (LBS) [1] first approximate each source expression
S; 2 S by a linear combination
st=s5+ wi(S; S)
s;2sg

ey

of the source examples Sg.  The optimal blending weights

wh = :::;wiLj; ;0 are the solution of the linear least squares
problem
2
W{TZaIgnvlvin S+ Wl‘j(Sj S S; )
i $;2SE 2
+ Ireg le' k2 )

where the first term draws the blended surface St to the targeted
expression S;. Since this reconstruction is underconstrained,






