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Figure 1: Five frames of a volumetric anatomical human animated with our neural deformation gradients method. The left and right models
include all the anatomical details (skeleton in yellow, muscles in red, and skin in blue), but only the surface of the skin is visible because no
protrusions occur. The second models to the left and right show only the skeleton and muscles, while the center shows only the skeleton.

Abstract

Most real-time animation techniques for digital humans are limited to deforming the outer skin surface. Geometric skinning
methods are highly efficient but struggle with artifacts such as collapsing joints or self-intersections when animating inner
anatomy along with the outer skin. Volumetric physics-based simulations, on the other hand, naturally resolve these issues by
coordinating bones, muscles, and skin, but are far too slow for interactive use.

We solve this problem by training a neural network to predict deformation gradients. Learning deformation gradients instead
of vertex displacements makes our method naturally robust to artifacts such as element inversion or volume deviation. Our
model, trained on high-quality finite element simulations, generalizes well across diverse body shapes and poses. This enables
anatomically consistent and physically grounded animation of bones, muscles, and skin at interactive frame rates.

CCS Concepts

» Computing methodologies — Physical simulation; Neural networks; Volumetric models; Mesh models;

1. Introduction

Plausible animation of virtual humans is a central topic for com-
puter games, movie production, and social VR applications, to
name just a few. Interactive animation techniques tend to show only
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the outer skin surface and either ignore the inner anatomy or ap-
proximate its effects on the skin using learned models. However,
access to the underlying anatomy, such as bones and muscles, of-
fers many benefits, for example, anatomical visualization for ed-
ucational purposes, sports science, or entertainment. Moreover, it
provides physically grounded volumetric information that can be
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used to compute internal stresses, more accurately handle colli-
sions, or infer necessary muscle activations [HCO*24].

Geometric skinning methods are unfit to handle anatomical de-
formation: Errors that are acceptable in a surface deformation can
easily lead to obvious artifacts where anatomy protrudes the outer
skin. Existing anatomical models such as SKEL [KWS#*23] and
HIT [KAD*24] rely on such computationally efficient but simplis-
tic posing models. As a result, they frequently produce penetration
artifacts, as shown in Section 5. Physics-based simulation methods
can handle the anatomical structure and produce impressive results,
but typically require multiple seconds or even minutes of optimiza-
tion per frame [KE20], making them unsuitable for interactive use.

Targeting this gap of interactive, anatomical animation, we
present Neural Deformation Gradients (NDG), a physics-inspired
neural network approach for quasi-static animation of volumetric
human bodies. NDG is trained to reproduce FEM-simulated defor-
mations computed on a large dataset of various bodies and poses.
By embedding detailed anatomical meshes into a volumetric mesh,
NDG enables interactive, coordinated animation of bones, muscles,
and outer skin while mitigating interpenetration artifacts. Unlike
vertex-based neural methods, NDG predicts per-element deforma-
tion gradients, a more physically meaningful representation. Our
experiments show that this representation leads to improved vol-
ume preservation, reduced element inversions, and robust gener-
alization, allowing NDG to animate novel body shapes and poses
without retraining. By choosing an efficient prism-based approx-
imation of deformation gradients, NDG can run at 30 frames per
second on consumer-level hardware while closely approximating
FEM results. This enables anatomically consistent human anima-
tion suitable for interactive applications.

Some existing approaches learn deformations of surfaces repre-
sented by deformation gradients [AGK*22; QSA*23; LWK*24],
but target deformations of individual surfaces only. To our knowl-
edge, our approach is the first that learns deformation gradients in a
volumetric setting, targeting consistent multi-layered deformations.

The full source code and model can be downloaded at
github.com/fabiankemper/NeuralDeformationGradients.

2. Related Work

We aim at interactive, rig-based volumetric character animations
that produce physically plausible and consistent deformations. We
specifically target stable, global volumetric deformations that are
applicable to a variety of body shapes and poses.

Surface-Based Skinning. Classic rig-based techniques such as
Linear Blend Skinning (LBS) [MLT88] and Dual Quaternion Skin-
ning (DQS) [KCZ007; KCZ008] are computationally efficient but
ignore volumetric structure, producing artifacts like joint collapse
and bulging. Several extensions reduce these issues, e.g., Delta
Mush Skinning [MDRW14; LL19] or optimized centers of rota-
tion [LH16], but they remain heuristic and limited to surface defor-
mation. Lacking awareness of the underlying anatomy, these meth-
ods cannot enforce consistency between bones, muscles, and skin,
producing volume loss and anatomy that penetrates the skin.

Data-Driven Surface Deformation. Data-driven extensions im-
prove geometric skinning by predicting per-vertex corrective
displacements. Pose-Space Deformation linearly interpolates
example-based offsets [LCF00], while more recently, neural meth-
ods are used to learn nonlinear correctives for LBS [COI1S8;
HCO*24; LAH*21; BODO18; XBZ*20; SGOC20; CPH*25]. The
widely used SMPL model [LMR*15] augments LBS with learned
pose-correctives. These works remain focused on surface deforma-
tion: Even works that animate multiple layered surfaces, such as
Han et al. [HCO*24], rely on non-volumetric, surface-based learn-
ing methods and hence are prone to anatomical artifacts, especially
when generalizing to new body shapes and poses (see Section 5).

Gradient-Based Neural Surface Deformations. Only a few ap-
proaches learn surface deformations in deformation-gradient space.
Gradient-based deformation representations have been used to ex-
plore the deformation space [TGLX18; GYQ*18] or for facial ani-
mation [WBS23]. Aigerman et al. [AGK*22] introduced Neural Ja-
cobian Fields (NJF) and showed that diverse functions, represented
by their gradient fields, can be learned by neural networks, includ-
ing surface deformations of humans. Li et al. [LWK*24] use NJFs
to learn garment deformations, while Qin et al. [QSA*23] do so
for facial animation. The aim of these methods is to predict surface
deformations that are agnostic to the underlying triangulation. Our
method shares the mathematical foundation of these methods, i.e.,
deformation gradients as a learnable representation of deformation
and Poisson solves to obtain concrete meshes. Instead of focusing
on mesh-agnostic surface deformations, our method explicitly tar-
gets physically plausible, consistent deformation of volumes.

Volumetric Modeling of Humans. Physically meaningful anima-
tion of human bodies requires a volumetric model of the human
body. As the inner structure of humans cannot usually be ob-
served, different body models have been designed to represent the
shape space of human anatomy [KZBP22; KAD*24; KWS*23;
WKSB24; KWB21; KIL*16; SZK15]. By fitting such a model to a
given surface scan, the position of inner anatomy can be estimated.
Most of these works focus on estimating the position of the skele-
ton. Only some explicitly model the muscle structure [KAD*24;
KWB21; KIL*16; SZK15]. SKEL and HIT incorporate pose mod-
els based on SMPL [LMR*15], allowing the body shapes to be
deformed in a rig-based manner. This method is simple and fast,
but frequently produces anatomy that protrudes through the outer
skin, highlighting the need for an efficient method for consistent
volumetric deformation.

Volumetric Simulation. Physics-based methods model volumet-
ric deformations with (hyper-)elastic energies using the Fi-
nite Element Method (FEM) [KC71]. Such simulations yield
highly accurate and consistent deformations of human tis-
sue [MZS*11; SGK18] and can accurately model highly detailed
anatomy [KIL*16]. This comes at the cost of solving highly non-
linear optimization problems that are prohibitively expensive for
real-time use. To meet the requirements of interactive applications,
simplified physics-based methods have been employed. Capell et
al. [CBC*05] use a co-rotated form of linear elasticity; projective
skinning [KB18; KB19] utilizes a projective dynamics [BML*14]
approach, while others [DB13; AF15] use position-based dynam-
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ics [MHHRO7]. Hybrid approaches have also been explored, utiliz-
ing data driven methods to deform inner layers while applying sim-
plified physics-based deformation methods for the remaining outer
layers [KPP*17; ROCP20; TRPO21]. These methods are fast but
rely on a twofold simplification: They operate on non-anatomical
models and either rely on simplified energies or heuristic, position-
based formulations. NDG avoids these simplifications: Training on
FEM-simulated data allows it to produce deformations of similar
quality as full FEM simulations at interactive frame rates.

Neural Physics Simulation. Neural methods have been used to
accelerate physics simulations of elastic materials or to infer mate-
rial parameters from data [ZZG19; ZZCB21; DHG23; CG23]. In-
ferring material parameters and rest shape with neural methods can
allow for realistic animations of body and faces [KIL*16; KK19;
YZC*24]. Zheng et al. [ZZCB21] employ a neural network to ap-
proximate implicit Euler updates in dynamic simulations of volu-
metric human flesh. Neural methods in a simulation context typi-
cally target dynamic simulation with small time steps, enabling the
use of neural network models that process only local patches of the
mesh at a time. However, the local nature of these models does not
translate well to global quasi-static deformations that we target.

Our Method. To obtain a consistent representation of different hu-
man body shapes, we employ a volumetric body model derived
from InsideHumans [KWB21], enabling us to obtain compatibly
tesselated, volumetric body models of different bodies. This allows
our neural method to extend to a variety of body shapes without
retraining (see Subsection 3.1). Training data is generated from
high-quality FEM simulation of volumetric muscle and fat layers,
while the pose is controlled by rig-based geometric skinning of the
bones (Subsection 3.2). Deformations are transferred from a volu-
metric simulation mesh to high-resolution visualization meshes of
the inner anatomy by an embedded deformation approach (Sub-
section 3.3). To approximate the FEM-based results at interactive
speeds, we train a neural network, which we discuss in Section 4.
To ensure volumetrically consistent deformations, our model com-
bines two ideas from surface-based approaches: our network learns
correctives for an efficient d eformation m ethod, w hich i s stan-
dard in vertex-based neural approaches [HCO*24; LAH*21], but
does so in deformation gradient space, extending related surface-
based approaches to the volumetric setting [AGK*22]. We show
in Section 5 that this physically meaningful representation enables
NDG to outperform vertex-based neural approaches and interac-
tive, physics-based methods in a volumetric setting, considerably
improving w.r.t. volume preservation, inversion prevention, and
generalization to novel body shapes. In addition, we perform ab-
lation studies to evaluate architecture choices.

3. Volumetric Anatomical Simulation

Our approach is built on a volumetric body model that we use to
represent human anatomy, an FEM-based deformation that pro-
vides target training data for our neural network, and an embedded
deformation for transforming the detailed anatomy.
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Figure 2: Overview of the template meshes used in our method. The
left (male) illustrates the wrap surface meshes: skin S (blue), mus-
cle wrap M (red), and bone wrap B (yellow). The right (female)
shows the skin S (blue) and the corresponding high-resolution
anatomical meshes: muscles M (red) and bones B (yellow). The
skin, muscle wrap, and bone wrap surfaces serve as boundaries
enclosing the high-resolution meshes in volumetric layers.

3.1. Layered Anatomical Human Model

We base our animation method on a volumetric body model con-
sisting of volumetrically connected layers, a concept that has been
successfully applied to animation [KWB21; DB13]. Our model is
built from a skin surface S together with high-resolution bone and
muscle meshes, BB and M. These are enclosed by wrap meshes, B
for the bones and M for muscles (see Figure 2), which share the tes-
sellation of S. The skin and both wraps contain 24 k vertices each,
while B and M contain 37k and 97 k vertices, respectively.

The skin, muscle wrap, and bone wrap surfaces define a lay-
ered volume by connecting corresponding triangles across adjacent
surfaces. This volume consists of two layers: the muscle layer M
connects the bone wrap and muscle wrap, and the subcutaneous fat
layer S connects the muscle wrap and skin. By construction, the
elements in these volumetric layers are sheared triangular prisms.
We refer to these simply as prisms. We tetrahedralize the enclosed
volume of the bone wrap B using TetGen [Si06], ensuring that the
entire volume is covered, yielding a tetrahedral bone mesh B. The
muscle layer M and fat layer S will be animated using soft-body
simulation with the bone wrap B controlling the pose. Because the
head, hands, and toes contain little volume, we model them as sur-
faces rather than volumetric regions and animate them using LBS.

After excluding the head, hands, and toes, the volumetric layers
B, M, and S contain N, ~ 53k prisms and N, ~ 40k vertices. This
template model can be fitted to human skin surfaces using a similar
approach to Komaritzan et al. [KWB21], providing us with access
to anatomical models of a variety of human bodies. We denote the
combined vertices of the simulation mesh, including the bone wrap
B, the muscle wrap M, and the skin S as

X =[x,...,xy]" e RM*3, (1)

and use X to explicitly refer to its undeformed state.
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3.2. FEM-Based Simulation

To produce physically plausible ground-truth deformations, we em-
ploy an FEM-based simulation of quasi-static elastic deformation.

The volumetric muscle and fat layers, M, and S, are modeled
using the stable Neo-Hookean energy without the barrier term
[SGK18], as recommended by Kim and Eberle [KE20]:

N,

Whesh (X) = Zp, prﬂesh (FP (X)) ) 2
p=1
A
Yo () =5 (IFIP =3) + 5 (@etF-a)’. ()

The variable o0 = 1 + % is a constant chosen to ensure stability in
volume-preserving configurations as proposed in [SGK18], ||-|| de-
notes the Frobenius matrix norm, u and A are Lamé material pa-
rameters, and V), is the volume of the prism p in the rest pose.

The deformation gradient F), is a per-prism approximation of the
continuous deformation gradient

F(x) =Vo(x), 4

where ¢: R® — R is the deformation function mapping unde-
formed to deformed body shapes. We approximate the deformation
gradient as the linear part of the affine mapping that best maps each
undeformed prism to its deformed state, integrated over the prism
interior (see supplementary material for its construction). Splitting
each prism into (at least) three tetrahedra would allow us to use
standard linear elements with constant gradients. However, as a
representation for neural network learning, the prism-based repre-
sentation is advantageous: While the deformation gradients are ap-
proximations within individual prisms, they collectively still act as
an exact descriptor of global deformation, allowing for reconstruc-
tion of meshes with almost machine precision. At the same time,
using per-tetrahedron gradients would triple the amount of informa-
tion to be learned and potentially introduce poorly shaped tetrahe-
dra. Similar approximations of the deformation gradient have been
successfully used for efficient elastic simulations [MZS*11] and
related deep learning methods [TGLX18; GYQ*18].

For the outer skin S, we apply the discrete shell energies pre-
sented by Grinspun et al. [GHDSO03] to the N, edges of the skin:

18I 512
Phena(X) = 5 ) 5 (0 =), ®)
e=]1*€
1Y o
Witretch (X) = E Z ? (le — le) . (6)
e=1"‘e

Here, ee,ée, and /e, I represent the dihedral angles and lengths of
edge e in the deformed and undeformed mesh, respectively, while
A, is a third of the rest area of the two triangles incident to e. These
energies yield smooth, inextensible skin surfaces and realistic skin
folds. Combining the volumetric and surface energies using stiff-
ness parameters k¢, kp,, and ks leads to the total energy

\P(X) = kf\Pﬂesh (X) +kp¥hend (X) + ks Wstretch (X) . (7
The simulation is driven by temporally varying pose, represented

as joint angles of the animation rig. We use LBS to deform the
bone wrap B. The vertices of the muscle wrap M and skin S are

L

Figure 3: Four subjects generated by our FEM-based simulation,
which drives the deformation of the high-resolution musculature
and skeletal anatomy, B and M. The images show the resulting
deformed anatomy, where the inner structures remain enclosed by
the outer skin mesh, S.

determined by solving for a minimum energy state of ¥ (X), with
the vertices on B acting as hard Dirichlet constraints. This is similar
to the layered animation method of Bender et al. [DB13]. We solve
for quasi-static equilibria using Newton optimization following the
principles outlined by Teran et al. [TSIFO5].

We let ks = 1 and choose ks = 3-107% and k, = 2- 107 for
the outer skin energies, letting the flesh energy dominate, while the
skin energies act as visual regularizers. We choose Lamé parame-
ters u and A from Poisson’s ratios and Young’s moduli, using the
conversion formulas detailed in [LLAF20]: We use Young’s mod-
ulus Epyscle = 45kPa for the muscle layer and Ep, = 15kPa for
the subcutaneous fat layer, which is in the range of human tissue
behavior [AMG*13; CAD*12]. We choose a high Poisson’s ratio
of 0.47 for both muscle and fat. This reflects the highly volume-
preserving nature of human tissue [SGK18] and, with A = 16y, lets
the volume-preserving term (detF — oc)2 dominate the simulation.

3.3. Embedding High-Resolution Anatomy

Given a deformation of the volumetric layers, M and S, we aim to
transfer that deformation to the high-resolution anatomical meshes
BB and M. For this problem, Komaritzan et al. [KWB21] propose an
RBF warp. However, we found this RBF warp to be inefficient: with
few kernels, the warp produced poor deformations, causing volume
changes and protrusions in the anatomical meshes, as discussed in
more detail in the supplemental material.

Instead, we embed the high-resolution meshes into the volu-
metric layers and interpolate their positions at runtime [MTGO04;
ZZCB21; SCSG18]. Our volumetric muscle layer M and fat layer
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S consist of prisms, while the interior of the bone wrap B was tetra-
hedralized as B. For each high-resolution vertex of B and M, we
find either its enclosing prism (if contained within M or S) or en-

closing tetrahedron (if contained within B). Then, we express that
vertex as a barycentric combination of the vertices of its enclosing

element. For tetrahedra, we use standard barycentric coordinates.
For prisms, we interpolate based on the FEM shape functions for
triangular prisms [ZTZ05] (see supplementary material). This em-
bedding strategy enables inference of the high-resolution anatomy
in approximately 10ms on an Intel Core i7-12700K CPU, which is
60 times faster than an RBF warp with 5000 centers. We found the
high number of centers necessary to achieve comparable perfor-
mance to the barycentric warp (see supplementary material). We
show results of our FEM-based animation with embedded defor-
mation of anatomical details in Figure 3.

4. Neural Deformation Gradients

The FEM-based animation produces physically plausible results
that preserve volume well and mitigate inversions. However, run-
times are dominated by nonlinear optimization, requiring multiple
seconds per frame, as is typical for FEM-based animation [KE20].
We aim to approximate the high-quality FEM-based animation re-
sults with a neural method.

The typical neural approach is to predict pose-corrective vertex
offsets [HCO*24; BODO18; LAH*21]. Applying this method di-
rectly to layered volumetric models often causes inversions of the
volumetric layers (see Section 5). We therefore employ a neural
network that predicts correctives as deformation gradients rather
than as vertex displacements. Deformation gradients provide a
more robust representation: in thin elements, a small displacement
in vertex space can induce a non-physical inversion, leading to ele-
ments with negative volume and anatomy protruding the outer skin.
In deformation gradient space, the same configuration would cor-
rectly incur a large error. This makes deformation gradients a ro-
bust basis for physically meaningful, inversion-resistant deforma-
tions [KE20], motivating them as the representation of choice for
our Neural Deformation Gradients (NDG).

Our pipeline begins by simulating a dataset of diverse poses,
which provides the training data for our model. Body shapes are en-
coded using principal component analysis (PCA) that was trained
on volumetric body models fitted to the CAESAR dataset [RDP99].
Poses are represented by joint rotations. A neural network is then
trained to predict residual deformation gradients from those inputs.
Finally, vertex positions are reconstructed by solving a Poisson
system that enforces consistency with the predicted gradients. An
overview of this process is shown in Figure 4.

4.1. Training Data

To train NDG, we generate a dataset of diverse volumetric human
bodies in diverse poses using the FEM-based simulation described
in Subsection 3.2.

Volumetric Body Shapes. We use a set of about 1500 different
male and female subjects from the European subset of the CAE-
SAR dataset [RDP99], to which we fit our template surface model
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Figure 4: Computation pipeline for our NDG deformation model.
The network takes as input the body shape parameters b and joint
angles v, and predicts residual deformations ¥ batched over
all volumetric elements. The final deformation gradient for each
prism p is then given by ¥, = R, (r)F}*S, where Ry(r) is the
quaternion-blended pose-induced rotation. The muscle wrap M
and skin S are subsequently reconstructed by solving a Poisson
system, using the vertex positions of the linear blend skinned bone
wrap B as Dirichlet boundary conditions.

to obtain compatibly tessellated skin surfaces using the approach of
Achenbach et al. [AWLB17]. From these skin surfaces, we obtain
compatible anatomical meshes B and M as well as wrap surfaces
B and M using a modified version of InsideHumans [KWB21].

If the rest shape contains degenerate or inverted elements, de-
formation gradients become unstable and lose physical meaning,
posing substantial hurdles for neural network training. We observed
that naively applying both the non-rigid surface fitting as well as the
InsideHumans methodology for inner anatomy can lead to degen-
erate prisms, especially around the armpits in A-pose, where scan
data is often unreliable and drift on one layer can lead to prisms
with excessive shear.

In the surface-fitting pipeline of Achenbach et al. [AWLB17] we
omit the PCA step from the optimization and increase the weight
of the Laplacian regularizer by a factor of 10* around the armpits,
to avoid degenerated elements. We modify InsideHumans to treat
the skin vertices as degrees of freedom, allowing it to better control
prism quality. The skin vertices are attached to their target positions
by a quadratic spring energy and the skin surface is regularized
using the Laplacian Term also used in surface fitting.

Pose Data. To obtain diverse and realistic human poses for train-
ing, we re-targeted existing motion capture sequences from the
PosePrior [AB15], EyeDatasetJapan [Ltd], MOYO [TMH*23], and
Human4D [CSB*20] subsets of the AMASS dataset [MGT*19].
These animation sequences were re-targeted to our custom anima-
tion skeleton using the damped least-squares inverse kinematics ap-
proach [WamO7], ensuring compatibility with the template of our
multi-layered volumetric body model. To curate a compact yet di-
verse set of poses, we apply farthest-point sampling [Gon85] in
pose space using as distance metric the sum, over joints, of the an-
gular differences between different poses. This discourages clusters
of near-duplicate poses and improves coverage of the pose space;
in practice, it reduces redundancy and allows us to construct a final
dataset of 15000 diverse and representative poses.
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Dataset Generation. To avoid data leakage, we split both poses
and bodies into strictly distinct training, validation, and test sets
(80 %, 10 %, 10 %). We randomly sample unique pairs of bodies
and poses. For each pair, we run our FEM-based animation, pro-
ducing a ground-truth deformation. We represent each ground-truth
deformation of an undeformed mesh X into X as the stacked defor-
mation gradients F € R*V>*3 of all Np prisms in the muscle and
fat layers, Ml and S. As we use a linear gradient operator G that is
constant within each prism (see supplementary material for more
details), the stacked deformation gradients can be obtained as:

F=[F,... Fy]" =GX. @®)

Through this data generation process, we obtain training, valida-
tion, and test sets with strictly disjoint body shapes and poses and
20k, 2.5k, and 2.5k samples each. Data generation took approxi-
mately 40 h on an Intel Core i7-12700K CPU.

4.2. Mesh Reconstruction from Deformation Gradients

To reconstruct mesh vertex positions from predicted deformation
gradients F, we find the deformed mesh X that best matches these
gradients across all elements. This requires solving a weighted
least-squares problem [SP04; BSPGO06]:

~ n 2
X = argmin HW% (F - GX) ‘ , )
X

where W is a diagonal weighting matrix, containing the prism rest
volumes. The normal equations for this optimization problem yield
the Poisson system:

<GTWG> K =G WE. (10)

The gradient operator G is highly sparse and depends on the unde-
formed mesh only, allowing the matrix to be pre-factored, requiring
only right-hand side construction and back-substitution during an-
imation, which is viable for interactive animation. As done in the
FEM simulation, we use LBS to deform the bone wrap B and use its
vertices as hard Dirichlet constraints for the system in Equation 10,
solving for the vertices in the muscle wrap M and skin S, which
span the volumetric layers M and S.

4.3. Residual Deformations

The rigid motion induced by bones is easy to model analyti-
cally, but imposes additional information to learn for a neural
network. For this reason, vertex-based neural methods typically
model them with LBS and learn only correctives, usually in the
rest pose [LAH*21; HCO*24]. We follow this approach and factor
out the bone-induced rigid rotation, such that NDG learns non-rigid
corrective deformations in the rest pose.

We estimate the bone-induced rotation at each prism p by blend-
ing up to eight adjacent bone rotations, represented as unit quater-
nions {p, using skinning weights w), , as in DQS [KCZO07]:

8 -

_ - qp
qP: pr,bqb7 qp: ||— H .
b=1 qp

an
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Figure 5: Architecture of our NDG model. Vectorized rotation ma-
trices for each joint (60 joints) and PCA encoding of the rest body
shape act as input for the first block. Each block consists of a dense
linear layer, and uses layer normalization and the GeLU as activa-
tion function. After the final block, the matrix exponential is applied
to each deformation matrix to get the final residual deformations.

Quaternion antipodality is resolved by aligning signs before blend-
ing, as is standard in DQS. From q, we obtain the equivalent rota-
tion matrix Rp. Similar to SCAPE [ASK*05], we decompose each
deformation gradient as

F, = R,F;, (12)

where F)** = R F,, is the residual deformation defined in the rest-
pose. We use F™ to refer to the stacked matrix of all residual defor-
mations. Intuitively, R;, describes the rigid bone motion, while F*
captures the remaining deformation in the rest pose. Note that F ™
is not generally rotation free. Extracting the exact rotational part of
Fp is possible with polar decomposition, but problematic: Unlike
our approximate choice of Ry, the exact rotational part of F, cannot
be easily computed just from the pose at inference time. Our choice
is akin to the co-rotational method of Capell et al. [CBC*05], which
also estimates bone motion through quaternion blending and then
factors out the rotation during force computation.

4.4. The NDG Model

‘We now introduce the architecture of our neural model, NDG, and
the chosen representations of its inputs and outputs.

Pose and Body Shape Representations. Poses are represented by
avector r € RV obtained by flattening and stacking the local 3 x 3
joint rotation matrices of all N; = 60 skeletal joints. Representing
body shapes as vectors of stacked vertex positions would increase
the parameter count drastically. To reduce dimensionality, we com-
pute a PCA over all training body shapes, defining a linear mapping

PCA : RV 5 RY, (13)

with d = 300. This dimensionality retains 99.992 % of the variance
in the training data, losing almost no information while keeping
dimensionality small. Each rest body shape X is then represented

by its PCA encoding PCA(X). Formally, NDG is then a function
NDG : RV RY 5 RN X333 (14)

mapping a pose r and a body shape b to predicted residual defor-

mation gradients £ ¢ RN»X3%3

Architecture. NDG is implemented as a multilayer perceptron

(MLP) with three hidden layers of sizes 4096, 4096, and 600, each

© 2026 The Author(s).
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using LayerNorm and GeLU activations (see Figure 5). The input
pose and body shape vectors are concatenated and passed through
the network.

We use the matrix exponential as a final activation function to
ensure that the determinants of predicted matrices are positive,
thereby preventing our network from predicting physically implau-
sible elements with negative volume, which would lead to anatom-
ical protrusion artifacts. The predicted deformation gradient for
prism p is therefore given as

F° =exp(Qy), (15)

where Q) is a 3 X 3 matrix predicted by the last trainable layer of
the neural network. The positive determinant of ¥ follows from
properties of the matrix exponential [Hab18], since

det(exp(Qp)) =exp (tr (Qp)) > 0. (16)

We experimented with QR- and LU-factorizations (using posi-
tive diagonals in the triangular matrices) as alternative parameter-
izations of matrices with positive determinants. While all methods
performed similarly, the exponential proved most robust to learn,
required the minimal parameter count of 9 per 3 x 3 matrix, and
benefits from an efficient polynomial approximation available in
PyTorch [BBC19]. This leaves the Poisson solve in Subsection 4.2
as the only part of our pipeline that can produce inverted elements.
However, inversions induce a large change in the deformation gra-
dient, which is highly penalized by the objective function (see
Equation 17).

The described network configuration was found to be most ef-
fective in our experiments: larger models with more parameters per
layer overfit more quickly without improving generalization, and
deeper networks consistently showed reduced performance.

4.5. Training

The training loss is the mean squared error between the predicted
and simulated residuals, summed over all N; training examples:

N
y % || F™ (r;,X;) —NDG (r;,PCA (X)) || (17)
i=1 7P

We train the network using batches of 32 examples for 102 epochs,
at which point the validation loss plateaus. The optimization is
performed with AdamW [KB15; LH19] and a learning rate of
1.3 - 1073, The final model achieves a training loss of 6.472 - 10_4,
showing no signs of overfitting. Training was completed in approx-
imately 2h on an NVIDIA RTX 6000. We show some animation
results produced by NDG on diverse body shapes in Figure 6.

5. Evaluation

We evaluate our method in terms of accuracy, physical plausibility,
and generalization to diverse body shapes and poses. We first intro-
duce the quantitative metrics used for comparison and then bench-
mark NDG against both neural and physically-based baselines. Our
experiments indicate that NDG achieves improved volume preser-
vation and inversion avoidance, and, when compared to a vertex-
based neural approach, achieves higher fidelity, while generalizing
more robustly to out-of-distribution body shapes.

© 2026 The Author(s).
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.

Figure 6: Animation using NDG for diverse bodies. Top row:
higher BMI (> 30); Bottom row: lower BMI (< 23). Left column:
male; Right column: female. The outer skin layer is rendered in
transparent blue, the musculature in red, and the skeleton in yel-
low.

5.1. Evaluation Metrics

To assess the performance of our method, we use four key metrics.
The first two metrics quantify how close a mesh X is to the FEM
reference X, while the last two assess physical plausibility.

The first metric measures geometric accuracy in vertex space.
We compute the average Euclidean distance (in millimeters) of
each vertex to its target on the FEM-simulated mesh (excluding
bone wrap vertices, which act as hard Dirichlet constraints)

. AL R
Epos (X,X) = — ) |Ixv — & . (18)
Ny v=1
The second metric evaluates gradient-based accuracy as the
mean squared error of deformation gradients
N 1 o112
Egraa (X,X) = WHGX—GXH ) (19)
P
For physical plausibility, we focus on volume preservation and
inversion-freeness. As human tissue is nearly incompressible, in-

ner volume should be preserved during motion. We measure the
relative loss of volume

R Ny 2
Eg(XX) =Y (-—”— ) , (20)
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Method Epos Egrad Einv EVO]
[mm] [-107] [-1077]

FEM 0.00 0.00 3.10 2.05
NDG 3.19 1.11 9.22 3.75
VertexNet 3.41 3.01 25.63 13.96
Gradient Skinning 6.69 9.89 93.99 3332
LBS 7.56 15.04 167.63  40.67
Projective Skinning - - 11.31 28.05
CoRot LinFEM - - 108.18  21.99

Table 1: Quantitative comparison of our method (NDG) against
its baseline (Gradient Skinning), VertexNet, Linear Blend Skin-
ning (LBS), Projective Skinning, and Co-Rotated Linear Elastic-
ity (CoRot LinFEM) on test set bodies and poses. The target FEM
simulation (FEM) is shown for comparison. Lower values indicate
better performance; the best values are highlighted in bold.

where V), and V,, are the volume of the prism p in the deformed and
undeformed state, respectively. This measurement is an exact ver-
sion of the approximate volume term (detFp — 1)2 that is dominant
in our FEM simulation. A derivation of the analytic prism volume
is provided in the supplementary material. Inversions are measured
as the number of elements with negative volume after deformation
(Vp < 0). We call this metric Ej,,. Each metric evaluates to a single
scalar per posed body. Unless noted otherwise, we report averages
over all 2500 body/pose pairs in the test set.

5.2. Comparison to Reference Animation Methods

We evaluate NDG against other viable alternatives including a
vertex-based neural deformation approach and other physics-based
approaches that can produce quasi-static solutions in real time. A
summary of the results is shown in Table 1. All results are com-
puted on our test set consisting of 2500 body/pose pairs. We ob-
serve that the FEM-based animation method performs well with
respect to volume preservation and inversion avoidance, underlin-
ing that it properly respects physical behavior, despite utilizing an
approximate deformation gradient operator.

5.2.1. Vertex-Based Neural Pose Correctives

We compare to a vertex-based neural method that predicts pose-
corrective vertex offsets for LBS instead of deformation gradients.
We implement a vertex-based neural network MLPvertex and train
it on our data. We choose the concrete neural network architec-
ture proposed by Han et al. [HCO*24] to model musculoskeletal
deformations, as it is a recent approach designed for quasi-static,
pose-driven simulations of a layered model. We condition the net-
work on the body rest shape and pose in the same way as we do for
our NDG network. The deformed mesh is given as

X = LBS (X +MLPyerex (r,PCA (X)) ,r) . @21

MLPyertex Was trained on pose-correctives that were obtained
from our FEM-simulated targets. It follows the same architecture
— including the number and size of layers — as NDG, except for
the last layer which is replaced with a PCA decoder, following Han

" e d
»

0.0cm
VertexNet NDG

Figure 7: A comparison of VertexNet and NDG with respect to
per-vertex accuracy. For each skin vertex, the average distance of
both the skin vertex and its corresponding muscle vertex to their re-
spective target position is visualized. NDG attains Epos = 1.81 mm,
while VertexNet attains Epos = 2.27 mm.

X 4 X 4

¢ ¢

g >

VertexNet NDG

Figure 8: Under stretching, the muscles predicted by the VertexNet
(left) frequently intersect the skin surface. In contrast, the deforma-
tion gradients employed by NDG avoids intersections even for this
challenging pose (right).

et al. [HCO*24]. To ensure that the network is not limited by the
PCA, we allow 680 dimensions for the PCA. The PCA explains
99.5 % of the variance in correctives. This PCA is much larger than
the one used by Han et al., but encodes correctives for a variety of
body shapes instead of a single shape only. We train on the same
data as NDG until convergence is reached after 212 epochs. Hyper-
parameters are tuned via automatic sweeps. For simplicity, we will
call this network VertexNet throughout this section.

For a complete analysis, we evaluate both the individual net-
works as well as their baselines without neural predictions. In the
case of VertexNet, this collapses to LBS. In the case of NDG, this
is equivalent to solving for gradients that closely match the quater-
nion blended bone rotations R,. This network-free baseline, which
we call Gradient Skinning for brevity, can be considered a volumet-
ric version of the method of Weber et al. [WSLGO07].

© 2026 The Author(s).
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Figure 9: Comparison of animation methods. We visualize the change in local volume (% - 1). FEM is best at maintaining volume, closely

followed by the neural methods. NDG outperforms VertexNet. The interactive physics based methods incur higher volume deviation, caused
by their lack of a proper volume term. The network-free baseline methods, LBS and Gradient Skinning perform worst.

Quantitative Evaluation. As shown in Table 1, NDG achieves
slightly better vertex accuracy and better performance in volumet-
ric metrics: It more than halves the number of inverted elements
and reduces deformation-gradient and volume errors by a factor of
three. This confirms that predicting in gradient space is better suited
for volumetrically consistent deformation than vertex offsets. The
per-vertex error is visualized in Figure 7. NDG’s robustness to in-
versions is particularly noticeable in regions of strong stretching.
One such stretching pose is shown in Figure 8. While NDG man-
ages to animate this challenging pose without inversions, the Ver-
texNet produces obvious inversions.

The performance of NDG, VertexNet, and the FEM target with
respect to volume preservation is illustrated in Figure 9. As ex-
pected, the FEM simulation excels at preserving volume. NDG also
learns to preserve volume well, losing only small amounts of vol-
ume around the upper abdominal region. VertexNet exhibits arti-
facts around joint areas, where the pose correctives fail to compen-
sate for the LBS-induced distortions.

Gradient Skinning, the baseline of NDG, is noticeably stronger
than LBS, especially with respect to volumetric measurements. It
produces considerably fewer inversions and preserves volume bet-
ter. While it does not produce convincing deformations on its own,
this improved baseline reduces the amount of information the net-
work has to learn.

Out of Distribution Evaluation. As a stress test of generaliza-
tion ability, we examine the behavior of VertexNet and NDG when
they are confronted with a body shape that is outside of their train-
ing distribution. We use an artist-generated body shape that repre-
sents a stylized yet realistic human, as opposed to the scanned body
shapes the networks were trained on. We test the performance of
both neural methods on the 2500 test poses. Quantitative results
are shown in Table 2 and a qualitative comparison is shown in Fig-

© 2026 The Author(s).
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Method Epos Egrad Einy EVOl
[mm] [-1073] [-1073]
NDG 1.06 1.94 12.89 4.43

VertexNet  1.54 14.77 149.15 4435

Table 2: Quantitative evaluation of NDG and VertexNet on the task
of animating an out-of-distribution body shape. Lower values indi-
cate better performance, best values are bold.

ure 10. Since this body shape lies outside the training distribution,
both networks incur a loss in accuracy. Notably, while its prediction
quality remains relatively stable in vertex space, VertexNet experi-
ences a steep drop in all volumetric measurements, producing many
element inversions. NDG generalizes significantly better to this un-
seen body shape, achieving results much closer to in-distribution
data. This highlights the robustness of NDG, which allows it to
handle even entirely novel body shapes without requiring expen-
sive retraining.

5.2.2. Comparison to Interactive Animation Methods

Instead of neural methods, some physics-based methods can be
used to meet interactive requirements. These methods simplify the
physical energies, whereas NDG approximates higher quality phys-
ical deformations. We compare two interactive, physics-based ani-
mation methods that are well suited for quasi-static simulation.

Co-Rotated Linear Elasticity. An early approach to interactive,
physically-based skinning uses linear elasticity [CBC*05], using
the energy

A 2 2
5 tr(e)” +utr <e ) (22)
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Figure 10: When confronted with a body shape outside of the train-
ing distribution, VertexNet (left) produces noticeable protrusion ar-
tifacts much more frequently. In contrast, the deformation gradient
based NDG remains robust.

based on the linear small strain tensor €
1
¢(F) =5 <F+FT) L (23)

As the small strain tensor is inaccurate under large rotations, a rota-
tion Ry is estimated per vertex and factored out during force com-
putation. Given these rotations, a quasi-static solution can be found
solving a linear system.

We compare NDG to animation computed using this co-rotated
linear energy. We drive the pose using the same skeletal constraints
as NDG and compute rotations R, using quaternion blending for
up to eight surrounding bones, matching Capell et al. [CBC*05].

Projective Skinning. Projective dynamics [BML*14] can be used
to animate volumetric humans [KB18; KB19]. This approach
models flesh with the elastic rotation strain energy proposed
by [CPSS10]:

N,
. 2
min F,—R . 24
p;lRpeme » =Ryl (24)

While designed for dynamics, this energy can be solved for a quasi-
static solution with minimal changes to the solver.

We compare NDG with deformations produced using the energy
and a CPU version of the local-global solver as used in projective
skinning. The pose is driven in the same way as for NDG. We run
the iterative local-global solver of projective skinning for a maxi-
mum of 30 iterations, allocating three times as much computational
budget as the original, interactive implementation [KB18].

Quantitative Evaluation. As shown in Table 1, NDG substan-
tially outperforms both projective skinning and co-rotated linear
elasticity with respect to volume preservation. Both co-rotated elas-
ticity and projective skinning show pronounced difficulties in pre-
serving volume, caused by the lack of a proper volume term in
their formulations [KE20]. NDG also reduces the number of inver-
sions, achieving slightly fewer inversions than projective skinning,
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Method  Frames w/  Frames w/  Avg. protrusion
intersection  protrusion magnitude
[%] [%] (mm]
NDG 17.2 0.0 0.0
HIT 100.0 100.0 3.4
SKEL 100.0 100.0 4.1

Table 3: Percentage of frames in which the muscles and the skele-
ton intersect the outer skin and protrude through the outer skin
together with the average amount of protrusion. NDG significantly
reduces interpenetration and the average protrusion amount com-
pared to SKEL and HIT.

while at the same time approximating more complex deformations
at lower computational cost.

The lack of volume preservation is visualized in Figure 9, where
both methods can be seen to incur relatively large changes in vol-
ume while NDG keeps the volume well preserved.

5.3. Comparison to SKEL and HIT

We compare our approach to SKEL [KWS*23], a joint model of
both outer skin and an anatomical skeleton that derives a biome-
chanically plausible skeleton from an OpenSim-based simulation.
SKEL shares the animation model of SMPL, which combines LBS
with pose corrective offsets that depend linearly on pose parame-
ters. This is structurally similar to our VertexNet but uses a linear
model instead of a neural network. This model is not volumetric.
As aresult, SKEL’s bones frequently protrude through the skin sur-
face, even in relatively neutral poses.

We also compare to HIT [KAD*24], which learns an implicit
representation of human tissues from the data and is conditioned
on the space of the SMPL parameters. As HIT does not explicitly
enforce non-penetration constraints for the internal tissue and the
outer skin, internal iso-surfaces can intersect the outer skin mesh.
NDG manages to properly fit both the bones and the surrounding
muscles within the skin mesh. The comparison to SKEL and HIT
is illustrated in Figure 11.

Quantitative Evaluation. We evaluate anatomical layer separa-
tion of NDG, SKEL, and HIT using N = 500 body-pose pairs
uniformly sampled from AMASS (Human4D, Eyes Dataset Japan,
PosePrior, and MOYO), pre-filtered for shape-pose mismatches via
collision checks across five coarse body partitions (arms, legs, torso
with head). We exclude the head, hands, and toes from the analysis,
as InsideHumans lacks volumetric modeling for the head, hands,
and toes. We benchmark NDG (high-resolution skeleton and mus-
culature) against SKEL (skeleton) and HIT (bone and lean tissue)
using a naive intersection count derived from triangle-triangle in-
tersection test between the skin and internal tissues. We report the
frequency of these intersections as frames with intersection. Be-
cause this metric accumulates internal joint overlaps that may exist
within the skin volume, we differentiate surface protrusions using
a winding number test [JKS13] to isolate internal vertices located
outside the skin surface boundary. We report the frequency of these

© 2026 The Author(s).
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11of 14

$

(h) NDG

(e) HIT (f) SKEL (g) NDG

Figure 11: Qualitative comparison of anatomical reconstructions: HIT (a, e), SKEL (b, f), NDG with hidden high-resolution muscles (c, g),
and NDG with high-resolution skeleton and muscles (d, h). In these examples, HIT’s reconstructed implicit meshes of the bone tissue (yellow)
and the muscle (red) tissue intersect the skin (transparent blue), while SKEL’s skeleton (yellow) penetrates the skin surface (transparent blue)
at the rib cage and the lower legs. In contrast, NDG keeps the inner structures within the skin, thereby avoiding penetration artifacts.

outliers as frames with protrusion and quantify the severity as pro-
trusion magnitude in Table 3. Notably, NDG skin intersections oc-
cur in joint regions only, are internal to the skin surface and hence
do not protrude. Thus, we report a protrusion magnitude of 0.0.

5.4. Runtime Evaluation

While NDG enables more robust volumetric animation than Ver-
texNet, it requires a additional Poisson solve (see Equation 10) at
each step. In contrast, VertexNet relies only on LBS.

The left-hand side of the Poisson solve is constant; each frame
performs only right-hand side assembly and back-substitution. This
takes 20-25ms per frame on a consumer-level Intel Core i7-
12700K CPU. Inference of the neural network runs in 5-7 ms on
an NVIDIA 3070 GPU. On the same hardware, NDG is faster than
both Projective Skinning and corotational linear elasticity. Projec-
tive Skinning takes 20 ms per iteration, while corotational linear
elasticity takes 130 ms per frame. To find optimal rotations in Pro-
jective Skinning, we use the AVX-accelerated rotation-fitting pro-
posed by Zhang et al. [ZJA21]. Despite the Poisson overhead, NDG
can run at 25-30 fps on consumer-level hardware and yields fewer
artifacts (inversions, volume preservation) than vertex-based neural
methods — an attractive accuracy/robustness trade-off for anatomi-
cal animation.

5.5. Ablation Studies

To assess the contribution of the key components in our method,
we conducted a series of ablation studies by altering three aspects
of the model and comparing their effects to the full version. Specif-
ically, we examined the effects of (i) enforcing a positive determi-
nant on residual deformations, (ii) removing the rotation offset pro-
vided by the basic underlying skinning, and (iii) removing the body
shape information in the input data. In all cases, the ablated models
underperformed relative to our model, highlighting the necessity of
each component. The results are summarized in Table 4.
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Enforcing Positive Determinants NDG explicitly enforces that
all predicted deformation gradients have positive determinants by
applying a matrix exponential to its output (see Equation 16). For
comparison, we also trained a neural network with the same ar-
chitecture as NDG, but without the matrix exponential, predicting
3 x 3 deformation gradients directly for each prism. This neural
network reaches a slightly lower training loss than NDG, which
is a consequence of the network being less constrained. However,
the increase in training performance does not translate well to test
performance. Accuracy on the test set is equivalent for both net-
works and average inversions increased by over 30 % compared to
the original NDG (measured on the test data). This underlines that
enforcing positive determinants leads to more robust deformations.

Learning Residual Deformations NDG is trained to predict
residual deformations F;* per prism, such that F;, = R,F*. Alter-
natively, the network could be trained to predict deformation gra-
dients p directly. Both methods are equally expressive; they differ
only in how well the representation is suited for neural network
training. We trained a neural network with the same architecture as
NDG, but configured to predict deformation gradients directly. This
variant proved less stable and more difficult to optimize, converging
to a 50% higher training loss. These findings support the expec-
tation that forcing the neural network to also learn pose-induced
joint rotations introduces unnecessary complexity and hinders ef-
fective training. Consequently, all evaluation metrics worsened (see
Table 4).

Incorporating Body Shape Information NDG is conditioned on
the rest-pose body shape, represented as a low-dimensional PCA
encoding b of the vertex positions of the body’s rest shape (see
Figure 4). To examine the effect of this conditioning, we trained a
variant of NDG without access to any information about the body
shape. This model performs noticeably worse, reaching a training
loss almost triple that of NDG. Consequently, almost all evaluation
metrics worsen: The number of inverted elements increases by 50%
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Method Epos Egrad Einy Evol
[mm] [-1073] [-1073]
NDG 3.19 1.11 9.22 3.75
NDG no matrix exp 3.19 1.10 12.45 4.04
NDG no rotation 3.39 1.38 11.23 4.42

NDG no body shape  3.69 1.93 14.02 5.23

Table 4: Quantitative evaluation of NDG variants. Lower values
indicate better performance, the best value is highlighted in bold.

and the deformation gradient error almost doubles. This underlines
the importance of conditioning the network on the body shape.

6. Conclusion

We presented a neural network-driven method for the skeletal-
driven animation of human models. By embedding anatomical de-
tails in a volumetric mesh and animating using our proposed Neu-
ral Deformation Gradients (NDG) method, outer skin and detailed
anatomy can jointly and consistently be animated.

Our NDG model is trained on FEM simulated deformations
of a variety of different poses and body shapes, approximating
them with high fidelity at a fraction of the simulation’s cost. We
showed that, by learning in deformation gradient space, NDG out-
performs vertex-based deep-learning approaches in the particular
setting of volumetric animation: It produces fewer inverting ele-
ments, preserves volume better, and generalizes more robustly to
novel body shapes. This enables robust volumetric animation of dif-
ferent bodies without retraining. By building on a body model sim-
ilar to InsideHumans, volumetric bodies can be automatically fitted
to scanned surfaces and then animated using our method. These
benefits come at the cost of solving a constant Poisson system at
each frame. By employing an efficient per-prism approximation of
the deformation gradient field, our animation method can reach at
25-30 frames per second on consumer hardware.

Despite these advantages, our method also has limitations that
we want to address in future work. One core limitation of our model
lies in the deformation of the skeleton. Currently, LBS is used to
deform the bone wrap, from which the high-resolution skeleton is
interpolated. While simple and efficient, this heuristic is not phys-
ically grounded and leads to bones that are not perfectly rigid. As
NDG is fundamentally compatible with any method that deforms
the bone wrap, finding a more suitable method to deform the bone
wrap will improve bone rigidity and overall deformation results.
Furthermore, since the head, hands, and toes are not volumetri-
cally modeled, the embedded deformation combined with LBS may
sometimes produce minor artifacts around these areas. Modeling
these areas volumetrically would address these shortcomings.

Another limitation lies in the lack of anatomical ground truth
data. Accurate data of human anatomy is hard to obtain, especially
when diverse poses are required. Incorporating medical data, sim-
ilar to [KAD*24], could enhance biological plausibility and pro-
vide a realistic baseline to evaluate against. In the absence of med-
ical ground truth, improvements could be made to our simulated
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dataset. Notably, it lacks self-collision handling. Collision con-
straints would add realism [HCO%*24], but likely require additional
treatment as most current neural deformation methods, including
ours, do not naturally handle collisions.

Moreover, NDG is unable to change, e.g., material parameters
at inference time. Changing animation settings requires re-training
which takes considerable efforts, in particular with respect to data
generation.

Finally, our current body shape space is based on a simple PCA
model. A richer shape representation could better capture anatomi-
cal variability. In particular, a jointly trained body and pose model
could unlock synergistic effects.
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