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A B S T R A C T

Facial animation on computationally limited systems still heavily relies on linear blend-
shape models. Nonetheless, these models exhibit common issues like volume loss, self-
collisions, and inaccuracies in soft tissue elasticity. Furthermore, personalizing blend-
shapes models demands significant effort, but there are limited options for simulating
or manipulating physical and anatomical characteristics afterwards. Also, second-order
dynamics can only be partially represented.

For many years, physics-based facial simulations have been explored as an alternative
to linear blendshapes, however, those remain cumbersome to implement and result in
a high computational burden. We present a novel deep learning approach that offers
the advantages of physics-based facial animations while being effortless and fast to
use on top of linear blendshapes. For this, we design an innovative hypernetwork that
efficiently approximates a physics-based facial simulation while generalizing over the
extensive DECA model of human identities, facial expressions, and a wide range of
material properties that can be locally adjusted without re-training.

In addition to our previous work, we also demonstrate how the hypernetwork can be
applied to facial animation from a sparse set of tracked landmarks. Unlike before, we no
longer require linear blendshapes as the foundation of our system but directly operate
on neutral head representations. This application is also used to complement an ex-
isting framework for commodity smartphones that already implements high resolution
scanning of neutral faces and expression tracking.

© 2024 Elsevier B.V. All rights reserved.

1. Introduction1

Currently, research in the realm of head avatars and facial an-2

imation primarily revolves around achieving photorealistic out-3

comes using neural networks[1, 2, 3, 4]. These approaches re-4

quire substantial computational resources for operation. How-5

ever, a significant challenge lies in accommodating less pow-6
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erful hardware configurations and scenarios where geometry- 7

based processing is necessary. In such cases, various adapta- 8

tions of linear blendshape models [5] remain the conventional 9

choice for production. 10

Despite decades of intensive research and refinement of lin- 11

ear facial models, they still exhibit known limitations, includ- 12

ing physically implausible distortions, volume loss, anatomi- 13

cally impossible expressions, the absence of volumetric elas- 14

ticity, and self-intersections. To address these issues, physics- 15

based simulations have been proposed, which mitigate most ar- 16
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tifacts associated with linear blendshapes and introduce a range1

of additional capabilities [6, 7, 8, 9, 10, 11, 12]. Researchers2

have explored applications in fields such as medicine, involv-3

ing the visualization of weight changes, paralysis, or surgical4

procedures, as well as visual effects like aging, zombifications,5

gravity alterations, and second-order effects. Moreover, recent6

work has demonstrated that simulations incorporating detailed7

material information result in significantly more realistic facial8

animations compared to linear models [10].9

However, it is important to note that physics-based facial an-10

imation models typically impose a substantial computational11

burden, leading to a considerable body of literature dedicated to12

acceleration techniques. Much of this research has focused on13

evaluating simulations within manually constructed subspaces14

[13] or learned subspaces [14, 15] and corrective blendshapes15

[7]. Among these approaches, learned subspace methods have16

proven to be more versatile and adaptable [14], which is why17

they have already found successful application in full-body ani-18

mations [15]. Nevertheless, there is currently no method that ef-19

fectively extends these advancements in fast physics-based sim-20

ulations to facial animations. The principal contribution of this21

work is closing this gap with a deep learning approach which22

we call SoftDECA.23

SoftDECA introduces an innovative neural network designed24

to animate facial expressions while closely adhering to a dy-25

namic physics-based model. Our approach possesses uni-26

versal applicability, as it can accommodate a wide range of27

physics-based facial animations. However, our specific empha-28

sis lies in approximating a combination of cutting-edge anatom-29

ically plausible and volumetric finite element methods (FEM)30

[6, 7, 8, 16]. For this, we propose a novel adaption of hy-31

pernetworks [17] which yields inference times of about 10ms32

on consumer-grade CPUs and has the same programming in-33

terface as standard linear blendshapes. More precisely, we train34

SoftDECA to be applied as an add-on to arbitrary human blend-35

shape rigs that follow the Apple ARKit system .36

Furthermore, SoftDECA offers straightforward deployment37

without the necessity for intricate customizations or retraining38

efforts due to our extensive compilation of training examples.39

This comprehensive dataset encompasses a substantial domain40

of the intended FEM model and amalgamates data from var-41

ious sources. These sources include CT head scans to cap-42

ture head anatomy, 3D head reconstructions representing di-43

verse head shapes (utilizing DECA as outlined in [18]), and44

facial expressions recorded as ARKit blendshape weights from45

dyadic conversational scenarios. The resulting training dataset46

ensures SoftDECA’s capacity for robust generalization across47

a spectrum of human identities, facial expressions, and the ex-48

tensive parameter space of the targeted FEM model. In con-49

trast to earlier methods [14, 15], the ability to generalize across50

simulation parameters makes extensive and efficient artistic in-51

terventions possible, with SoftDECA even supporting localized52

material adjustments.53

As an additional contribution, we present a novel layered54

head model (LHM) that represents all training instances in55

a standardized way. Unlike fully or partially tetrahedralized56

volumetric meshes conventionally used for FEM, the LHM57

has additional enveloping wraps around bones, muscles, and 58

skin. Based on these wraps, we describe a data-driven fitting 59

procedure that positions muscles and bones within a neutral 60

head while avoiding intersections of the various anatomic 61

structures. A characteristic that was mostly not of concern in 62

previous manually crafted physics-based facial animations but 63

can otherwise lead to numerical instabilities in our automated 64

training data generation approach. 65

66

This paper is an extension to the previously presented 67

SoftDECA [19]. Here, we additionally introduce the adapted 68

SparseSoftDECA, which maps sparsely observed facial land- 69

marks into plausible facial expressions with respect to the 70

foundational physics-based simulation. Again, SparseSoft- 71

DECA is trained to exhibit a high degree of generalization, 72

accommodating a variety of head shapes and landmark posi- 73

tions. As before, we present a pipeline for generating extensive 74

training data that densely samples the input domains. 75

The animation via facial landmarks offers the advantage of 76

eliminating the need for blendshape generation entirely. All that 77

is required for animating a person’s face is SparseSoftDECA 78

and the neutral head shape which can be easily obtained. For 79

instance, Wenniger et al. [20] have demonstrated the quick ac- 80

quisition of a neutral head shape in just a few minutes solely 81

based on smartphone videos. 82

Furthermore, SparseSoftDECA inherently supports person- 83

alized animations when facial landmarks can be reliably 84

tracked. Achieving this level of personalization, such as 85

through linear blendshapes, typically demands several of ad- 86

ditional scans for each individual. 87

2. Related Work 88

2.1. Personalized Anatomical Models 89

Algorithms for generating personalized anatomical models 90

can be categorized into two main paradigms: heuristic-based 91

and data-driven. In the realm of heuristic-based approaches, 92

Anatomy Transfer [21] employs a space warp on a template 93

anatomical structure to conform to a target skin surface, de- 94

forming the skull and other bones only through an affine trans- 95

formation. A similar approach is presented by Gilles et al. [22], 96

incorporating statistical validation of bone shapes derived from 97

artificially deformed bones. In both [7] and [23], an inverse 98

physics-based simulation is utilized to reconstruct anatomical 99

structures from multiple 3D expression scans. Saito et al. 100

[24] focus on simulating the growth of soft tissue, muscles, 101

and bones. In [25], a complete musculoskeletal biomechani- 102

cal model is fitted based on sparse observations, however, no 103

qualitative evaluation is conducted. 104

Primarily, concerns such as data privacy or potential radia- 105

tion exposure keep the number of data-driven anatomy fitting 106

approaches small. The recent OSSO method [26, 27] predicts 107

body skeletons from 2000 DXA images. These images do not 108

contain precise 3D information and bones are placed within the 109

body by predicting solely three anchor points per bone group. 110

Additionally, intersections between skin and bones are not re- 111

solved. In [28], skin-bones intersections are addressed and also 112
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the musculature is fitted. Instead of fitting anatomical struc-1

tures directly, encapsulating wraps are placed within a body.2

However, this approach relies on a BMI regressor rather than3

accurate medical imaging [29]. Also in [27], skeletons do not4

intersect but are not placed based on medical imaging either.5

A more accurate facial model, developed by Achenbach et al.6

[30], combines CT scans with optical surface scans using a mul-7

tilinear model (MLM) that maps between skulls and faces bidi-8

rectionally. Despite its accuracy, this model does not prevent9

self-intersections and solely focuses on fitting bones. Building10

upon the data from [30] and extending the concept of a layered11

body model [28], we formulate a statistical layered head model12

encompassing musculature while mitigating self-intersections.13

2.2. Physics-Based Facial Animation14

Various paradigms for animating faces have been developed15

in the past [31, 32, 33, 34]. Dominating the field are data-16

driven models [5, 7, 35], which have witnessed significant ad-17

vancements with the application of deep learning techniques18

[36, 37, 1, 18, 38, 3]. Linear blendshapes [5] remain prevalent19

in demanding applications and scenarios lacking computation-20

ally rich hardware due to their simplicity and speed. Physics-21

based simulations, although addressing issues of blendshape22

models like implausible contortions and self-intersections, are23

less commonly used due to their inherent complexity and com-24

putational demands. Sifakis et al.’s [39] pioneering work repre-25

sents the first fully physics-based volumetric facial animation,26

employing a personalized tetrahedron mesh with limited res-27

olution due to an involved dense optimization problem. The28

Phace system [6] successfully overcame this limitation through29

an improved simulation. Art-directed physics-based facial ani-30

mations additionally employ a muscle representation based on31

B-splines [16, 40, 8]. Animations can then be controlled via32

trajectories of spline control points. A solely inverse model for33

determining physical properties of faces is presented in [41].34

Hybrid methodologies incorporate surface-based physics35

into linear blendshapes to enhance the intricacy of facial ex-36

pressions [11, 42, 9, 43]. Nevertheless, due to their design,37

these approaches are unable to represent volumetric effects. The38

introduction of volumetric blendshapes [7] represents a hybrid39

solution that amalgamates the structure of linear blendshapes40

with volumetric physical and anatomical plausibility. However,41

achieving real-time performance necessitates the utilization of42

extensive personalized corrective blendshapes.43

Considering soft bodies in general, deep learning approaches44

have been investigated to approximate physics-based simula-45

tions. For instance, in [15, 44] the SMPL (Skinned Multi-46

Person Linear Model) proposed in [45] was extended with sec-47

ondary motion. Recently, [12, 10, 9] developed methods to48

learn the particular physical properties of objects and faces.49

However, these approaches must be retrained for unseen identi-50

ties and are slow in inference. A fast and general approach for51

learning physics-based simulations is introduced in [14]. Un-52

fortunately, they focused on reflecting the dynamics of single53

objects with limited complexity. We present a real-time capable54

deep learning approach to physics-based facial animations that55

does not need to be retrained and maintains the control structure56

ST , ŜT MT , M̂T BT , B̂T

Fig. 1: All components of the layered head model template T . Skin ST , skin
wrap ŜT , muscles MT , muscles wrap M̂T , skull BT , and the skull wrap B̂T .

of standard linear blendshapes. Additionally, none of the pre- 57

viously described deep learning methods tackle the challenging 58

creation of facial training data, which we also address in this 59

work. 60

3. Method 61

The cornerstone of the SoftDECA animation system lies in a 62

novel layered head representation (Section 3.1). Building upon 63

this foundation, we formulate a physics-based facial animation 64

system (Sections 3.2 & 3.3) and illustrate how to distill it into a 65

defining dataset (Section 3.4). Utilizing this dataset, we train a 66

newly devised hypernetwork (Section 3.5) capable of real-time 67

approximation of the animation system. In addition to our pre- 68

vious work [19], we enhance SoftDECA to be directly address- 69

able by sparse landmarks, rendering it entirely independent of 70

linear blendshapes if desired (Section 3.6). 71

3.1. Layered Head Model 72

3.1.1. Structure 73

We define a head H = �H (T ) with a neutral expression 74

through a component-wise transformation �H of a layered head 75

model template 76

T =
�
S T ; BT ;MT ; Ŝ T ; B̂T ; M̂T

�
; (1)

comprising six triangle meshes. S T delineates the skin surface, 77

encompassing the eyes, mouth cavity, and tongue. BT denotes 78

the surface of all skull bones including the teeth. MT represents 79

the surface of all muscles, along with the cartilages of the ears 80

and nose. Ŝ T is the skin wrap, i.e. a closed wrap that envelopes 81

S T . B̂T is the skull wrap that encloses BT and M̂T is the mus- 82

cle wrap that encloses MT . For simplicity, other anatomical 83

structures are omitted. The template structures S T ; BT , and 84

MT were artistically designed, while the skin, skull, and mus- 85

cle wraps Ŝ T ; B̂T , and M̂T were generated by shrink-wrapping 86

the same sphere as closely as possible to the corresponding sur- 87

faces without intersections. The complete template is depicted 88

in Figure 1. 89

The shared triangulation among the wraps of the LHM al- 90

lows to also define a soft tissue tetrahedron mesh ST (between 91

the skin and muscle wraps) and a muscle tissue tetrahedron 92

mesh MT (between the muscle and skull wraps). For this 93
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