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Fig. 1. We present a method to control active soft bodies using an implicit neural representation. A continuous mapping from a spatial point x in the material
space to the control parameters Ωx is established, rendering the method discretization agnostic and applicable to various soft body types (left). For faces, we
consider both actuation and jaw kinematics for articulating high-fidelity expressions (right).
Active soft bodies can affect their shape through an internal actuation mechanism that induces a deformation. Similar to recent work, this paper utilizes
a differentiable, quasi-static, and physics-based simulation layer to optimize
for actuation signals parameterized by neural networks. Our key contribution is a general and implicit formulation to control active soft bodies
by defining a function that enables a continuous mapping from a spatial
point in the material space to the actuation value. This property allows us to
capture the signal’s dominant frequencies, making the method discretization
agnostic and widely applicable. We extend our implicit model to mandible
kinematics for the particular case of facial animation and show that we can
reliably reproduce facial expressions captured with high-quality capture
systems. We apply the method to volumetric soft bodies, human poses, and
facial expressions, demonstrating artist-friendly properties, such as simple
control over the latent space and resolution invariance at test time.
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1 INTRODUCTION
Active soft bodies can deform their shape through an internal actuation mechanism and play a key role in physics-based animation.
The actuation mechanism induces an internal force that drives the
motion of the discrete mesh elements of a body, and can be driven
by artists for shape targeting problems [Klár et al. 2020], induced
by the underlying musculature in the case of human bodies and
faces [Sifakis et al. 2005], or controlled by embedded sensors in
robotics applications [Bächer et al. 2021].
In order to guide a simulation towards a target shape, an inverse
problem arises when the optimal actuation signals, which deform
the simulation mesh to match a given target surface, must be found
for each element. This problem can be solved with a differentiable
simulator, either through a neural network approach [Fulton et al.
2019] or by directly differentiating the governing equations and thus
inducing a strong physics prior [Du et al. 2022]. For the particular
application of faces, Srinivasan et al. [2021] postulates that the
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control parameters of the soft tissue actuation mechanism are lowdimensional and can be learned by a neural network that is coupled
with a differentiable quasi-static physics solver. Their actuationgenerative network is tied to a specific discretization, which requires
the re-definition of the network each time the discretization of the
input shape changes. It is thus not generally applicable to soft bodies
of arbitrary shapes and resolution inputs.
In this work, we present a general implicit physics- and datadriven formulation to control active soft bodies. We build upon the
critical assumption that we can learn a continuous function which
maps the spatial point in the material space (undeformed space) to
the actuation signal. We hypothesize that the trained model can
effectively capture the dominant frequencies of the actuation signal and reproduce them at test time. Our approach offers the core
advantage that the method is agnostic to the underlying shape representation. In other words, with our method, there is no need to
manually re-define the network architecture or retrain the model if
the underlying representation or resolution changes. These fundamental properties render the method generally applicable to arbitrary soft body inputs and reduce the required expert knowledge,
allowing artists to generate new poses and animations efficiently.
We underline our claims by showing results for volumetric soft bodies, human body motion, and facial expressions. For the particular
case of faces, the motion of the soft tissue is highly dominated by
the movement of an internal bone structure that defines Dirichlet
boundary conditions in the simulator. Therefore, our implicit model
optimizes not only actuation signals but also mandible kinematics.
The main contributions of our work are summarized as follows:
• An implicit neural method for computing actuation signals of
active soft bodies, enabling applicability to arbitrary shapes.
• Extension of the implicit method to facial animations, where
mandible kinematics are optimized and coupled with the
physics solver via Dirichlet boundary conditions.
• Conditioning of the actuation network on a continuous resolution input to enable resolution invariance at test time.
• Improved performance due to a closed-form Hessian of the
energy density function in the implicit model and a weight
matrix modulation in the network design.
• Demonstration of the effectiveness and generality of our
method on active objects of different types and resolutions.

2

RELATED WORK

We briefly review prior work on soft body and face simulation,
focusing on inverse problems, data-driven methods, and implicit
neural representations.
Differentiable simulation. Differentiable physics solvers enable
the use of gradient-based methods for solving complex control problems. ChainQueen [Hu et al. 2019b] and DiffTaichi [Hu et al. 2019a]
apply differentiability to the material point method. Hahn et al.
[2019] and Geilinger et al. [2020] use differentiable implicit FEM
simulators that systematically apply a combination of the adjoint
method and sensitivity analysis to derive gradients. Qiao et al. [2021]
introduces a differentiable framework to dynamically simulate a
soft body with rigid skeleton actuation. Similar to them, we consider
skeleton kinematics but restricted to the quasi-static state. Hence,
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we adopt the quasi-static skeleton position for the target shape as
the Dirichlet boundary condition in the simulation. Differentiable
Projective Dynamics (DiffPD) with implicit time stepping is used
in [Du et al. 2022]. A focus is put on optimizing the backpropagation to achieve fast gradient computations that outperform the
standard Newton’s method. In our work, we adopt DiffPD as the
backward solver for the optimization. Neural physics solvers are
naturally differentiable. An autoencoder and latent-space dynamics are used in [Fulton et al. 2019] to simulate deformable bodies,
and a graph neural network is applied to particle-based soft body
dynamics in [Sanchez-Gonzalez et al. 2020].
Inverse Modeling. Differentiable physics solvers are used to find
minimizers for inverse problems in robotics control tasks [Degrave
et al. 2019; Macklin et al. 2020], cloth simulation [Liang et al. 2019;
Qiao et al. 2020], and fluid dynamics [Holl et al. 2020; Tang et al.
2021]. In the context of digital humans, inverse problems are solved
to identify mechanical properties of the face, in particular heterogeneous stiffness and prestrain, using 3D scans and imaging
data [Kadleček and Kavan 2019]. A differentiable physics-based muscle model is applied to 3D facial poses and 2D images, alike [Bao et al.
2018]. Instead of explicitly modeling muscles, a simulation mesh is
subdivided into tetrahedral elements where each can be activated
[Ichim et al. 2017; Klár et al. 2020]. Ichim et al. [2017] additionally
includes jaw kinematics, similar to our work. However, different
from them, we explicitly build the differential connection between
the network and the kinematics. Srinivasan et al. [2021] uses a neural network in combination with a differentiable soft body solver to
learn an actuation mechanism such that a facial mesh is deformed
into a desired expression after physics-based simulation. The network depends on the input representation, and hence needs to be
manually changed if the input changes. We overcome this limitation in our work by using an implicit representation that enables a
continuous mapping from a spatial point to a control value.
Blendshapes and data-driven models. Blendshapes are widely used
for facial and human body animation [Lewis et al. 2014]. They approximate the space of valid poses, and new poses can be computed
as a linear, weighted combination of the basis shapes. These early
methods have been improved by data-driven models, which leverage
high-quality surface scan datasets [Egger et al. 2020; Klehm et al.
2015]. More recently, neural networks have been used to disentangle
the facial identity and expression, and jointly model the geometry
and appearance [Chandran et al. 2020; Li et al. 2020]. Deep learning
methods have also been applied to human bodies, either to model
soft tissue deformation as a function of body motion [Casas and
Otaduy 2018], in combination with body shapes [Loper et al. 2015;
Pons-Moll et al. 2015], or by using nonlinear subspaces to encode
tissue deformation [Santesteban et al. 2020].
Coordinate-based MLPs. Coordinate-based multilayer perceptrons
(MLPs) [Tancik et al. 2020] have recently been very successful at
generating high-fidelity representations of different visual problems.
A series of works have adopted coordinate-based MLPs for 3D scene
reconstruction [Mildenhall et al. 2020] or 3D objects [Mescheder
et al. 2019; Park et al. 2019]. Mildenhall et al. [2020] demonstrates the
effectiveness of architectures using a positional encoding scheme
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for representing high-frequency signals and presents photo-realistic
novel view synthesis. SIREN [Sitzmann et al. 2020] adopts periodic
activation functions for implicit neural representations of intricate
objects and their derivatives. Our network design is motivated by
SIREN. However, SIREN’s limited performance on high-dimensional
inputs makes their design not directly applicable to our problem
setting. A couple of works [Chan et al. 2020; Or-El et al. 2021; Zhou
et al. 2021] extend SIREN to condition on the input by using adaptive
instance normalization (AdaIN) [Huang and Belongie 2017] in the
feature space. In contrast to AdaIN, we condition the weight matrix
on the latent code, which reduces memory and enables an efficient
backpropagation.

3

INVERSE CONTROL

Active objects can affect their shape through an internal actuation
mechanism. We take an example pose of an object as input, and solve
the following inverse control problem: For each element of a soft
body mesh we want to find an activation value, such that when used
in a forward quasi-static physics solver, the rest pose of the body is
deformed into the target shape. To solve this, we follow Srinivasan
et al. [2021] and learn a low-dimensional control space, where a
latent code z is sampled to get the fine-grained actuation mechanism
corresponding to a shape. We train the model via differentiable
physics, which allows us to integrate the numerical solver into the
training of neural networks where gradient information flows from
the quasi-static simulator into the network. This general idea can
be extended to complex bodies as well, such as in facial soft tissues,
where deformations are heavily dominated by the underlying bone
movement. An overview of our complete method is shown in Fig. 2.
We can generally define an inverse problem as follows. We want
to learn simulation parameters Ω from a set of observations s such
that after optimization, a simulator using Ω can reconstruct s. To
achieve this, we first need to define the energy function 𝐸 (u, Ω),
which describes the relation between the simulation mesh vertices
u and the parameters of interest Ω. The quasi-static simulation
requires us to find the minimizer of 𝐸 over u given Ω, thereby
finding the optimal positions u∗ that make the net force become
zero everywhere:
∇u 𝐸 (u∗, Ω) = 0.
(1)
With this implicit constraint between u∗ and Ω, we can define the
inverse problem as
Ω ∗ = arg min L (u∗ (Ω), s),
Ω

(2)

where the loss function L measures the difference between the simulation and the observation. The sensitivity matrix 𝜕u∗ /𝜕Ω, which
plays a key role in the optimization, is derived by differentiating on
both sides of Eqn. (1) with respect to Ω:
𝜕∇u 𝐸
𝜕u∗ 𝜕∇u 𝐸
+
= 0.
𝜕u (u∗ ,Ω) 𝜕Ω
𝜕Ω (u∗ ,Ω)

(3)

By omitting the explicit evaluation at (u∗, Ω), we get a concise form:
 𝜕∇ 𝐸  −1 𝜕∇ 𝐸
𝜕u∗
u
u
=−
.
(4)
𝜕Ω
𝜕u
𝜕Ω
| {z } |{z}
Hu

HΩ
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This matrix is used to propagate the gradient accumulated on u∗ to
Ω by the chain rule when optimizing L:
𝜕L 𝜕L 𝜕u∗
𝜕L −1
=
=−
Hu H Ω .
𝜕Ω
𝜕u 𝜕Ω
𝜕u

4

(5)

IMPLICIT FORMULATION

Generally, we can implicitly represent any continuous mechanical
property using a neural network N that takes as input a spatial
point x in the material space (undeformed space) and outputs the
corresponding property value, e.g., Ωx = N (x), as illustrated in
Fig. 1. Here, we derive an implicit formulation of an internal actuation mechanism. To animate an active object, we control this
mechanism via a network NA , trained on target poses.
We adopt the energy density function Ψ from shape targeting
[Klár et al. 2020] for the internal actuation model, given as
Ψ(F, A) =

min ||F − RA|| 2𝐹 ,

R∈SO(3)

(6)

where F is the local deformation gradient and A is a symmetric
3 × 3 actuation matrix, whose eigenvectors indicate the muscle
contraction directions and eigenvalues the magnitudes of the local
deformation. The rotation matrix R factors away the rotational
difference between F and A and makes Ψ rotationally-invariant. We
assign an actuation matrix to every spatial point x in the object’s
material space, i.e., A(x) = NA (x).
For the following equations we first define vec(·) as row-wise
flattening of a matrix into a vector, and the expanded matrix Â as:
 A 0 0 


Â =  0 A 0  .
(7)
 0 0 A 


Using f̌ = vec(F), ř = vec(R), and Âř = vec(RA), the continuous
energy function 𝐸˜ in the simulation is defined as
∫
2
1
𝐸˜ =
f̌ (x) − Â(x)ř∗ (x) 𝑑𝑉 ,
(8)
2
D0 2
where D 0 denotes the material space of the object, and ř∗ is the
vectorized rotation matrix for point x, precomputed from the polar decomposition of FA [Klár et al. 2020]. Following the standard
practices of the Finite Element method, we discretize D 0 using tiny
elements connected by nodal vertices u:
∑︁ ∫ 1
2
˜
f̌ (x) − Â(x)ř∗ (x) 𝑑𝑉
(9)
𝐸≈
0
2
2
D𝑒
𝑒
≈

𝐸 (u, A) =

𝑁
∑︁ 𝑉𝑒 ∑︁
2
1
f̌ (x𝑒,𝑖 ) − Â(x𝑒,𝑖 )ř∗ (x𝑒,𝑖 )
2
𝑁 𝑖 2
𝑒

(10)

𝑁
∑︁ 𝑉𝑒 ∑︁
1
2
G(x𝑒,𝑖 )u𝑒 − Â(x𝑒,𝑖 )ř∗ (x𝑒,𝑖 )) 2,
𝑁
2
𝑒
𝑖 |
{z
}

(11)

Ψ𝑒,𝑖

where A denotes all the sampled actuation matrices A from the
network NA , i.e., A(x) = NA (x), 𝑒 denotes an element, and D𝑒0
indicates the continuous region inside 𝑒 while 𝑉𝑒 is its volume.
We sample 𝑁 points inside each D𝑒0 to approximate the integral
(Eqn. (10)). The deformation gradient f̌ at each point can be approximated by the concatenated nodal vertices u𝑒 , associated with the
ACM Trans. Graph., Vol. 41, No. 4, Article 122. Publication date: July 2022.
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Fig. 2. Overview of our method. Using a set of observations s (target poses) we learn actuation signals A and mandible kinematics u𝑑 (for faces only), such
that when using these parameters in a forward pass the simulation output ŝ matches ground truth. We implicitly represent the two mechanical properties
using the networks NA and NB , and couple them with a differentiable quasi-static soft body simulator to allow gradient information to flow from the solver
to the networks. The encoder is a global shape descriptor and outputs a latent code z.

element 𝑒 where x𝑒,𝑖 resides, via the corresponding mapping matrix
G (Eqn. (11)). We adopt hexahedral elements and use projective
dynamics [Bouaziz et al. 2014] for minimizing 𝐸.
Ψ𝑒,𝑖 in Eqn. (11) is the key for deriving Hu in Eqn. (4), since
Hu is the accumulation of all Hessians ∇2 Ψ𝑒,𝑖 . We omit (x, 𝑒, 𝑖, ∗)
except u𝑒 for simplicity. As a result of projective dynamics, ∇Ψ =
G⊤ (Gu𝑒 − Âř). Taking the derivative of ∇Ψ, we get
𝜕∇Ψ
𝜕ř 𝜕 Âf̌
= G⊤ G − G⊤ Â
𝜕u𝑒
𝜕 Âf̌ 𝜕u𝑒
𝜕ř
ÂG
= G⊤ G − G⊤ Â
𝜕 Âf̌
= G⊤ G − G⊤ ÂHR ÂG.

(12)
(13)
(14)

Note that ř comes from the polar decomposition of Âf̌, HR is the
rotation gradient, namely the derivative with respect to Âf̌. Luckily, the closed form for HR has already been derived in [Kim and
Eberle 2020], which can be constructed from its off-the-shelf three
Í
eigenvectors q and eigenvalues 𝜆, i.e., HR = 𝑖 𝜆𝑖 q𝑖 q𝑖⊤ . Similarly,
we have 𝜕∇Ψ/𝜕ǎ as
𝜕∇Ψ
= −G⊤ ÂHR F̂ − G⊤ R̂,
(15)
𝜕ǎ
which can be used for constructing HΩ in Eqn. (4) (Ω denotes actuation A here). The definition for the expanded matrices F̂ and R̂,
and more details on the derivation can be found in Supplemental
Material. The sensitivity matrix will be used to calculate the gradient accumulated on the sampled actuation matrices, building the
connection between the network NA and the simulator. Compared
to [Srinivasan et al. 2021] where Hu and HΩ are evaluated with 9
iterations of sensitivity analysis, our closed form requires a single
iteration only. In general, the key advantage of our implicit formulation is that it is agnostic to the shape representation, which renders
the technique widely applicable.

5

NETWORK ARCHITECTURE

For the actuation network NA we adopt SIREN [Sitzmann et al.
2020] due to its excellent representational power. The most effective
part of SIREN is its sine activation function h ↦→ sin(Wh+b), where
ACM Trans. Graph., Vol. 41, No. 4, Article 122. Publication date: July 2022.

h is the output hidden vector from a previous layer, and W and b
are trainable parameters in the current layer. Since we found that
SIREN does not handle high-dimensional inputs well, i.e., directly
concatenating the latent code z and spatial point x as input, we
instead condition W on z as
W𝑖,𝑗 = 𝑎𝑖 · Ŵ𝑖,𝑗 ,

(16)

where 𝑎𝑖 is the modulating coefficient decoded from z with a tiny
MLP, Ŵ is the shared weight matrix in this layer, and 𝑖 and 𝑗 enumerate the dimensions of input and output feature vectors, respectively.
The motivation for this conditioning mechanism is that a signal
(actuation) can be approximated as the linear combination (W) of a
set of basis functions (the output h of the previous SIREN layer). One
advantage of modulating the weight matrix W instead of h is to save
memory. Since we aim at sampling a large number of points (∼ 268k
in our case) all at once for the simulation, modulating h will cache
a hidden vector for each sampled points used in backpropagation;
modulating W on the other hand entails only one such operation,
which will be shared for each sampled point.

5.1

Training Strategy

Similar to [Srinivasan et al. 2021], we use a two-stage training strategy. In the first stage, we calculate a plausible approximation of the
actuation from the target poses, which will be used to pretrain NA
without the differentiable simulator. Specifically, we approximate
the actuation by dragging our volumetric simulation mesh into the
given target shape with virtual zero-rest-length springs. The resulting local deformations are used to initialize the actuation tensors A,
as in [Srinivasan et al. 2021]. This pretraining serves as a warm-up
and can be used to identify the appropriate dimension of the latent
code z.
In the second stage, we fine-tune the parameters of NA using our
simulator-integrated pipeline. The loss function L for the inverse
problem is defined as
L=

∑︁
𝑖

|ŝ𝑖 − s𝑖 | + 𝛼 |1 − n̂𝑖⊤ n𝑖 |,

(17)
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where 𝑖 refers to the vertices in the observation space, s and n
indicate the observed vertex positions and normals, ŝ and n̂ are the
vertex positions and normals mapped from the simulation space u,
and 𝛼 ∈ R is a control weight.

5.2

Continuous Resolution

The main motivation for our presented model is its generalization
capability across shapes and resolutions. Resolution invariance is a
prerequisite for practical use, as it enables a decision on the resolution at test time depending on the given requirements on speed or
geometric fidelity. Our network captures the dominant frequencies
of the signal, and thus transfer learning on a different resolution
(1 epoch) would be sufficient to make the network consistent with
the new discretization. Alternatively, we propose to condition the
actuation-generative network NA on a continuous resolution input,
such that we only need one forward pass to get the optimal actuation. To do so, we add another small MLP on top of NA , that takes
as input the resolution value, and adds up the output to the shape
latent code z. A detailed overview of the final architecture can be
found in the Supplemental Material.

6

FACIAL ANIMATION

For the specific application of our method to faces, we have extended
the underlying geometry with bone structures. We can articulate
diverse expressions by only considering the relative motion between
the skull and the mandible. Thus, the skull is fixed all the time, and
we include the mandible kinematics in the optimization.

6.1

Bone Kinematics

Different from the actuation mechanism acting on the inside of the
soft tissue, the bone structure is located at the boundary and defines
the Dirichlet condition in the simulation. We introduce a second
network NB , which takes a spatial point on the bone region of the
object as input and outputs the transformed position.
For learning the parameters of NB , we divide the simulation vertices u into two parts u = [u𝑐 , u𝑑 ], where u𝑐 denotes the nodal
vertices located inside the soft tissue, and u𝑑 those on the bone
region which defines the Dirichlet condition. Given that u𝑑 is calculated with NB , a quasi-static solution for u𝑐∗ satisfies
∇u𝑐 𝐸 ([u𝑐∗, u𝑑 ], A) = 0.

(18)

With such an implicit constraint between u𝑐∗ and u𝑑 , we can derive
the sensitivity matrix 𝜕u𝑐 /𝜕u𝑑 by taking the derivative of Eqn. (18)
on both sides with respect to u𝑑 :
 𝜕∇ 𝐸  −1 𝜕∇ 𝐸
𝜕u𝑐∗
u𝑐
u𝑐
=−
,
𝜕u𝑑
𝜕u𝑐
𝜕u𝑑
| {z } | {z }
H𝑐𝑐

(19)

H𝑐𝑑

where H𝑐𝑐 and H𝑐𝑑 are the submatrices of the Hessian Hu (which
we derive in the Sec. 4). They can be constructed by only keeping
the relevant rows and columns of Hu . We use the sensitivity matrix
to calculate the gradient accumulated on the evaluated Dirichlet
condition, building the connection between the network NB and
the simulator.

6.2

•
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Extended Architecture

The architecture for facial animation consists of three parts as illustrated in Fig. 2; an encoder, an actuation-generative network NA ,
and a jaw-generative network NB . The encoder outputs a latent
code z representing an input face shape s. NA is conditioned on z to
generate the actuation matrix A for each input point in the soft tissue domain. NB is also conditioned on z to produce the transformed
bone position for each input point in the mandible domain.
For NB , we assume rigid motion, and use an MLP to regress the
transformation matrix T, from z such that NB (x, z) = T(z)x. Note
that T is shared for each input point but differs from expression
to expression. During the first training stage, we approximate the
mandible position using the tracking method presented in Zoss et
al. [2019]. The second stage then includes NB in the optimization.
More details can be found in the Supplemental Material.

7

IMPLEMENTATION

The two main designs of our pipeline are the differentiable quasistatic physics solver and the conditional coordinate-based network. For the simulator, we use a hexahedral mesh, leveraging
the advantage that the discretization is straightforward and can
be robustly applied. We explicitly handle non-manifold topological
features by duplicating vertices [Mitchell et al. 2015] around a cut,
e.g., around the lips to enable mouth opening. We use Projective
Dynamics [Bouaziz et al. 2014] as our forward solver, and differentiable Projective Dynamics [Du et al. 2022] as backward solver.
Specifically, we uniformly sample 8 points inside each hexahedron
to estimate the energy function 𝐸. We employ a highly optimized
singular value decomposition method [McAdams et al. 2011] for
polar decomposition, and use cuSPARSE from CUDA Toolkit to
solve large sparse linear systems on the GPU. As in [Du et al. 2022]
we utilize the adjoint method to avoid the explicit calculation of
Hu −1 HΩ , and adopt the scalability optimization from [Srinivasan
et al. 2021] to implicitly evaluate HΩ . The optimization is terminated
when either the relative progress is less than 1e-6 or if the maximum
of 300 iterations is reached.
For the network architecture, we use our proposed modulated
SIREN layer as the backbone for the actuation-generative network
NA . For the other layers of NA and NB we use a fully connected
layer with a LeakyReLU nonlinearity. We have chosen 𝛼 = 0 for
the normal weight in the loss function of Eqn. (17) for both the
starfish and human body examples, and 𝛼 = 1 for the face examples,
as we found that the inclusion of the normal constraint positively
affects the fidelity of the resulting wrinkles and facial details. We use
ADAM optimizer [Kingma and Ba 2015] to jointly train our networks.
For resolution invariance, we use the number of sampled points
on the simulation mesh as the resolution indicator. We adopt the
network pretrained on one resolution (268K), and use our simulator
integrated pipeline to enable continuous resolution conditioning
via transfer learning. We uniformly sample 20 resolutions from 42K
to 268K for training and 25 different resolutions for testing. We
run all the experiments using PyTorch [Paszke et al. 2019] on an
NVIDIA RTX 2080Ti with the simulator integrated as a layer. For
additional information on the architecture and training we refer to
the Supplemental Material.
ACM Trans. Graph., Vol. 41, No. 4, Article 122. Publication date: July 2022.
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Fig. 3. Training results using the starfish, human body and face datasets.
From left to right: target pose, simulation result, reconstruction error, optimized actuation magnitudes.

Fig. 5. Simulation of unseen target poses. From left to right: target pose,
simulated result, reconstruction error, optimized actuation magnitudes.
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used as input to the encoder. Training takes about 1 day, and testing
takes about 10s for 1 forward pass.

EXPERIMENTS

We demonstrate our results using different soft body types. We first
describe the datasets, followed by a discussion of the results.

8.1

Datasets

Volumetric soft body. We generate a synthetic dataset using a
starfish surface mesh consisting of 25K vertices and 50K faces. The
voxelized representation contains 27K hexahedra and 32K vertices,
which we use as our simulation mesh. The dynamic sequence used
for learning is generated following the method of DiffPD [Du et al.
2022], where the constitutive model consists of the co-rotational
elasticity and the volume-preserving term. We generate 200 frames
in total, from which 180 are used for training and 20 for testing. We
sample 216K points at once to evaluate the actuation values for the
simulation. We use PCA dimensionality reduction to express each
shape of the sequence as a 16 dimensional vector, which is then

> 5mm

Initialization

Ours

Difference

Fig. 4. Optimized jaw position (middle) and color-coded magnitude of the
movement (right) compared to the initialization (left).
ACM Trans. Graph., Vol. 41, No. 4, Article 122. Publication date: July 2022.

Human body motion. We use a dancing sequence of the AMASS
dataset [Mahmood et al. 2019]. We sample 1600 frames for training
and 100 frames for testing. We create a voxelized version of the
template body mesh, containing 42K hexahedra and 51K vertices.
We sample 336K points at once to evaluate the actuation values
for the simulation. We use the provided skeleton positions to get
the Dirichlet boundary conditions in the simulation, but do not
optimize the kinematic chain for simplicity. The skeleton vertices
on the simulation mesh can be obtained by forward kinematics. We
directly use the 63 dimensional SMPL body pose parameters [Loper
et al. 2015] as the global pose descriptor, which is followed by 3
fully connected layers. Training takes about 5 days. Testing takes
about 15s for 1 forward pass.
Facial expressions. We use a subset of the facial performance
dataset introduced in Zoss et al. [2020]. This subset contains 23
expression blendshapes and 641 frames of diverse dialog and facial
workout performances for one subject. We extract 100 frames as testing set and use the remainder for training. As this dataset contains
only surface meshes, we create a voxelized version of the reference
(neutral) mesh, containing 33K hexahedra and 46K vertices. In our
experiments with this dataset we sample 268K points at once to
evaluate the actuation values for the simulation. We use the 23 expression blendshapes to fit a per-frame blendweight vector which
we use as input to our encoder. We fit a template mandible mesh
to the neutral face following the method proposed by [Zoss et al.
2018] and approximate the mandible position for each expression
using the tracking method presented in [Zoss et al. 2019]. Training
takes about 3 days. Testing takes about 11s for 1 forward pass.
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Fig. 6. Latent space interpolation between two selected expressions.

8.2

Results

Target shape matching. Fig. 3 shows the training results for the
three datasets. In all examples, our model can reliably reproduce
the target shapes with the optimized parameters, as indicated by
the low reconstruction error. The actuation signals are color-coded
on the hexahedral mesh on the right, where blue and red indicate a
low and high value, respectively. Note that the network contains
only 0.3M parameters but has the representational power to reliably
reproduce fine details such as wrinkles. In contrast, the number
of parameters of explicit models depends on the simulation mesh
(discretization) and is typically two orders of magnitude larger. For
example, Srinivasan et al. [2021] uses about 43M parameters in the
first three layers of the decoder (not including the final and sparse
layer with custom connectivity).
For the face we optimize both actuation signals and mandible
kinematics. Thanks to the jaw-generative network we are able to
directly compute a jaw position that is compatible with the actuation (Fig. 4). This was not possible in previous work [Srinivasan
et al. 2021], where the boundary conditions associated with skeletal
attachments are presumed known at all time instances. As expected,
the differentiable connection between the jaw and simulator reduces
the error (see the Ablation Study below) and even successfully resolves collision artifacts (highlighted in the red box) of the given
initialization [Zoss et al. 2019].
New poses. With our trained model we can fit new expressions
by keeping the weights of NA and NB fixed and optimizing for the
latent code that yields the best fit, as in [Srinivasan et al. 2021]. To
do so, we first use our encoder to get an initialized latent code, then
optimize it for 10 iterations. Fig. 5 illustrates the result for unseen
target poses and the associated low errors.
In Fig. 6 we interpolate between two selected expressions, i.e., from
smiling to angrily surprised, indicating smooth transitions despite

the non-linearity of the deformation. The actuation and jaw position
are also consistently interpolated.

Fig. 7. Results with four unseen input resolutions used at test time (from
left to right: 51K, 117K, 192K, 258K).

Continuous resolution. As demonstrated in Fig. 7, our method
successfully generalizes to continuous resolution input. We show
results for four different, unseen input resolutions ranging from 51K
to 258K. More results are shown in the supplemental video. The
resolution invariance property paves the way for efficient practical
use where the resolution can be chosen at test time depending on
the requirements at hand.
ACM Trans. Graph., Vol. 41, No. 4, Article 122. Publication date: July 2022.
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Table 1. Average vertex error (mm) for different methods

Method
Error

Baseline-Stage1
0.88

Baseline-NDiffJaw
0.42

Ours
0.37

Comparison with Blendshapes. Fig. 8 compares our method with
blendshapes. The error maps show clearly the superiority of our
method, which can be accounted to the non-linearity of our model.
Visually, this property is important for reproducing geometric details
and wrinkles, which in this example are conspicuous on the cheek.

Fig. 8. Comparison of blendshapes (left) and our method (right).

Ablation Study. We first show the necessity of our normal constraint in the loss function for the face example. For this, we train
a network without the normal constraint (Baseline-NNorm). Fig. 9
shows the difference between Baseline-NNorm and ours. The inclusion of the normal constraint positively affects the fidelity of the
resulting wrinkles and facial details.
We examine the importance of our simulator-integrated pipeline
using the face dataset. To do this, we train two more networks with
different simplifications: one trained with only stage 1 (BaselineStage1) and another trained without the differentiable connection
between bone and simulator (Baseline-NDiffJaw). Average vertex
error is reported in Table (1). It can be seen that our full model produces the best accuracy. Note that the error difference between our
full model and Baseline-NDiffJaw is not trivial, since we average the
error over 44K vertices. The differentiable connection between the
bone and simulator mainly reduces the error around the mandible
region, as shown in Fig. 10.

GT

Baseline-NNorm

Ours

Fig. 9. Comparison with Baseline-NNorm (without the normal constraint).
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CONCLUSION

In this work, we have presented a physics- and data-driven method
for computing control parameters of actuated soft bodies. We have
demonstrated that the implicit representation offers the unique
ACM Trans. Graph., Vol. 41, No. 4, Article 122. Publication date: July 2022.

Baseline-NDiffJaw

Ours

Baseline-NDiffJaw

Ours

Fig. 10. Comparison with Baseline-NDiffJaw. We show two different examples.

advantage of being shape invariant. This property enables the application of the method to different soft body input meshes, as demonstrated for three different datasets. Moreover, it renders the method
agnostic to the discretization resolution used during training and
testing, which is often a prerequisite in practical settings. For shapes
that require an internal bone structure, such as the human face, we
can additionally use an implicit formulation to parameterize the
bone kinematics. Putting rigorously derived physics priors into the
core of the learning facilitates the model to reproduce non-linear
deformations and fine geometric details like wrinkles.
While our implicit formulation is general across soft body models,
it relies on some specific design choices. First, the derived closedform Hessian matrices are specific to the shape targeting constitutive model and thus not generally applicable to other models.
Similarly, the actuation initialization would need to be changed
with a different constitutive model. Second, our implicit model of
bone kinematics is targeted for the mandible and thus only supports
a single rigid transformation. In the human body examples, we use
the provided skeleton position to define the boundary conditions
in the simulation but do not optimize for the kinematic chain. Our
method could be extended to multiple bones and non-rigid transformations in future work. Third, our method only considers actuation
and bone kinematics. Additional mechanical parameters could be
taken into account, such as in Kadleček and Kavan [2019] where
heterogeneous stiffness and prestrain are optimized for the face.
As discussed by Srinivasan et al. [2021], another noticeable limitation of our model is that there are no explicit guarantees that
the optimized mechanical parameters have an anatomical meaning.
However, the chosen design alleviates the need for an anatomically
correct geometric model and thus substantially reduces manual modeling labor, while still generating physically plausible deformations.
In accordance with related work, our method does not generalize
well across different subjects as the implicit function encodes the
actuation for a specific shape. While we can map the optimized
actuation signals to another input shape, this will yield larger errors
than if we were to retrain the model with the respective facial input
scans or body poses. Therefore, future work is needed to support
important downstream applications such as expression retargeting.
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