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Figure 1: Our method simulates deformation effects, including external forces and collisions, 300x to 5000x faster than stan-

dard offline simulation.

ABSTRACT

Data-driven methods for physical simulation are an attractive op-
tion for interactive applications due to their ability to trade precom-
putation and memory footprint in exchange for improved runtime
performance. Yet, existing data-driven methods fall short of the
extreme memory and performance constraints imposed by mod-
ern interactive applications like AAA games and virtual reality.
Here, performance budgets for physics simulation range from tens
to hundreds of micro-seconds per frame, per object. We present
a data-driven physical simulation method that meets these con-
straints. Our method combines subspace simulation techniques
with machine learning which, when coupled, enables a very effi-
cient subspace-only physics simulation that supports interactions
with external objects — a longstanding challenge for existing sub-
space techniques. We also present an interpretation of our method
as a special case of subspace Verlet integration, where we apply
machine learning to efficiently approximate the physical forces of
the system directly in the subspace. We propose several practical
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solutions required to make effective use of such a model, including
a novel training methodology required for prediction stability, and
a GPU-friendly subspace decompression algorithm to accelerate
rendering.
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1 INTRODUCTION

Many visual effects in feature films rely on realistic simulations
of the interaction and motion of deformable objects. Reproducing
these convincing and costly numerical simulations in the context
of interactive graphics applications remains an open challenge.
Progress in this area has relied on both the increasing processing
power of commodity hardware, and fast and stable simulation meth-
ods such as Position Based Dynamics (PBD) [Bender et al. 2017;
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Macklin et al 2016; Mdiller et al2007]. The performance of these
methods, while signi cantly faster than o ine methods employed
in Ims, still often exceeds the extreme constraints of modern AAA
video games and virtual reality applications: here, only a fraction
of each frame's time budget is available for simulation, most often
in the range of 10s to 100s of microseconds. For simulations with
e ects like self-collision (e.g., cloth), collisions between arbitrary
geometries, or volume preserving softbody deformation, PBD meth-
ods often either require GPU acceleration or a large percentage of
the CPU's capacity to maintain interactive performance. Given this
gap, the latest AAA games rely on simpler, coarse-scale physical
simulation with heavily simpli ed collisions [Vaisse 2016].
Promising avenues to improve performance in this domain in-

Holden, D. et al

scheme with a constraint projection step to simulate realistic char-
acter rag-dolls [Jakobsen 2001]. Position Based Dynamics [Muller
et al. 2007] methods are unconditionally stable, using a constraint
solver that limits extrapolation with an explicit/semi-implicit time
integration scheme that constrains the system to only physically-
valid states. Many frameworks tailored for industrial-caliber appli-
cations, such as Bullet, PhysX, Havok Cloth and Maya nCloth [Stam
2009], leverage the many extensions and improvements built atop
of PBD [Kim et al 2012; Macklin and Mdller 2013; Macklin et al
2016; Miller and Chentanez 2011; Muller et2014]. Interested
readers may refer to a more comprehensive review by Bender et
al. [2017].

More recently Projective Dynamics [Bouaziz et 2014; Liu

clude subspace simulation and data-driven methods. Subspace meth-et al 2013] has appeared as a competing method for fast and stable

ods aim to perform simulation in a reduced or compressed subspace
where only the relevant deformation modes are accounted for. This
can lead to massive performance gains, however no current sub-
space approaches support interaction with external objects without
resorting to costly partial deprojection into the full space. This
precludes their use under such tight compute budgets. Data-driven
methods trade runtime memory usage (and potentially costly pre-
processing, including data acquisition) for runtime performance.
Despite their promise, so far such methods have not lead to the
several orders-of-magnitude performance increases (over full simu-
lation) needed to bridge the required performance gap.

We combine subspace simulation with data-driven methods to ef-
ciently simulate the motion and interaction of deformable objects
as such we bene t from the strengths of both of these approaches

(while inheriting some of their weaknesses). One can therefore view
our method in two lights: either as a subspace simulation method

that e ciently resolves interactions with external objects using

a data-driven function approximator (i.e., parameterized using a
neural network),or as a data-driven method that relies on subspace

simulation to build a compressed representation of the simulation

state. For consistency, in the rest of this paper we adopt the second
of these views, and provide further discussion on this alternative

perspective in Section 8.

We present several contributions to e ectively combine these

two paradigms into a practical, end-to-end solution: rst, we de-

physics simulation. In Projective Dynamics the constraint projec-
tion step is decoupled into local and global steps which are solved
separately. The local step is performed independently for each con-
straint and hence can be more easily parallelized. Due to this it has
quickly been applied to many domains such as cloth, elastic body
simulation, and uids [Narain et al2016; Weiler et aR016]. How-
ever, in both Position Based Dynamics and Projective Dynamics the
computational cost usually scales with the number of vertices and
constraints, which can grow large for high resolution cloth. This
can make it inaccessible within the time constraints imposed by
games, in particular when these constraints become expensive to
compute such as self-collisions and collisions on arbitrary meshes.

Subspace SimulatioBubspace, or model reduction methods
project the equations of motion into a reduced subspace with the
hope of solving them more e ciently. This can work particularly
well in constrained systems, where one could expect the e ective
degrees of freedom of a system to be far smaller than the dimension-
ality of the full state space. Many works explore the construction
of e cient and e ective subspace bases [Harmon and Zorin 2013;
Huang et al 2011; Sifakis and Barbic 2012; von Radziewsky.et al
2016; von Tycowicz et a2013; Wang et aR015; Yang et a015,
2013], however a standard PCA basis remains an e ective choice
(for a linear basis) in the presence of a representative set of defor-

velop a novel neural network training procedure that back-propagates mation examples [Barbif and James 2005; Treuille.€2G16]. One

errors through the entire simulation integration step, leading to
stable long term predictions; second, we devise several important
runtime algorithms and optimizations, including e cient GPU-
based decompression, an e cient method for computing vertex
normals for shading, and an approach for avoiding visual inter-
penetration artifacts. We additionally present an interpretation of
our method as a special case of subspace Verlet integration, with a
machine-learned approximation of the subspace forces, which we
believe is useful for motivating future work in this area.

2 RELATED WORK

We discuss work in three areas most related to our approach: fast
and stable simulation methods appropriate for interactive applica-
tions, subspace techniques, and data-driven physics simulation.

Fast and Stable SimulatioBne of the rst fast, stable simulation
methods used in a AAA game combines a simple Verlet integration

interesting extension to this is presented by Fulton et al. [2019]
who build a more compressed non-linear subspace on top of the
PCA subspace using an auto-encoder to accelerate the solution of
the implicit integration step of the simulation.

Given a basis, projecting the equations of motion is simple, but
incorporating other operations can be challenging. Previous work
has focused on applying these methods to elastic deformation and
FEM solvers [An et al2008; Barbif and James 2005; Kim and James
2009; Pan et a2015], cloth simulation [Hahn et a2014], articulated
characters [Galoppo et 22007, 2009; Kry et.£2002; Xu and Barbif
2016], and collisions [Teng et al. 2015, 2014].

These approaches are di cult to incorporate with PBD-based
methods due to the di culty in formulating the PBD constraint
projection as a subspace operator and so implicit Euler integration
remains a popular subspace integration scheme. However, Brandt
et al. [2018] apply subspace methods to Projective Dynamics by
leveraging a separate subspace for the constraints and sampling
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Figure 2: Overview we acquire training data X and Y o line using Maya's nCloth, and perform PCA to obtain compressed

representations Z and W, before training a neural network

to recurrently predict the compressed state of the object

Z ,given

the previous state of object z ,, and the compressed state of external objects w . Simulation object positions x and normals

n are computed directly from the models output, for rendering.

constraint projections to approximate their subspace representation
with a least squares t.

Handling internal and external collisions e ciently is particu-
larly challenging for subspace methods due to the geometric opera-
tions involved. Teng et al. [2015; 2014] manage self-collisions by
applying forces on a sparse set of deprojected simulation points.
They support external collisions by allowing partial, albeit costly,
full-space simulation in areas of the mesh involving collisions. We
propose an alternative solution to e ciently compute the e ects
of such external objectdirectly and entirelyn the subspace (i.e.,
without any deprojection during simulation.)

Data-Driven SimulationData-Driven methods use data, typically
precomputed o ine using accurate simulation techniques, to ideally
enhance, accelerate or approximate physical simulations at runtime.
This is popular in character clothing due to the cost of resolving
collisions with the cloth and character. Kim et al. [2013] precompute
and compress all possible secondary cloth motions on a character
and e ciently query this database at runtime. Xu et al. [2014] use
example cloth shapes to deform a character's cloth based on its
pose. Wang et al. [2010] similarly layer wrinkles on top of a coarse
simulation mesh and while these methods produce high quality
results, they tend to have large memory footprints as much of the
training data must be kept resident. Luo et al. [2018] propose a
neural network specialized in modelling non-linear deformation
for full-space simulated objects while Edilson de Aguiar et al. [2010]
instead rely on PCA, as we do, to compute a cloth subspace and train
a simple linear model of the cloth dynamics within this subspace.
Although their performance and memory usage is similar to ours,
their approach does not scale to more complex deformations as
their linear model is too simple.

Data-driven methods have also been applied to uid simula-
tion [Kim et al. 2018; Wiewel et ak018]. Regression forests can
predict the movement of uid particles based on global information,
such as spatially-varying pressure [Ladicky et2017; Ladicky et al
2015]. Since these models predict individual particle velocities, an
e cient GPU implementation is required to achieve the best per-
formance. Data-driven methods can also be employed selectively

to accelerate components of the physics pipeline: Thompson et
al. [2016] use a highly specialized deep neural network to solve the
incompressible Euler equations of a uid simulation.

Alternatively, one can use data-driven methods to add ne de-
tails to coarse-scale simulations. Chu et al. [2017] parameterize a
feature descriptor using a Convolutional Neural Network (CNN)
to match simulation datasets, whereas Xie et al. [2018] use Gen-
erative Adversarial Networks for uid ow super resolution. Jin
et al. [2018] use texture coordinates and a pixel based representa-
tion for producing the cloth's wrinkles via a CNN. More recently,
Lahner et al. [2018] combine a coarse simulation with a Generative
Adversarial Network which adds high frequency details such as
wrinkles to cloth. Unfortunately, evaluating CNNs is expensive and
memory intensive, and so it is di cult for these techniques to reach
the multiple orders-of-magnitude gains needed for incorporation
in modern game engines (even with GPU acceleration).

The inherent challenge of data-driven methods typically lies in
striking a balance between runtime performance, memory usage,
accuracy, and model capacity/expressiveness. Ours is the rst data-
driven method for deformable objects that performs well in all of
these domains.

3 OVERVIEW

Fig 2 outlines our method: we rst collect high-quality simulation
data using Maya's nCloth before computing a linear subspace using
PCA. We then devise a machine learning approach, including a
neural network model and a novel training methodology. We inte-
grate this model into an interactive runtime algorithm that includes
several optimizations, such as an e cient GPU decompression al-
gorithm and a vertex normal approximation method.

4 TRAINING DATA

Generally speaking, almost any simulation method is suitable for
acquiring the data for our method, as the only input to our training
procedure is a raw time-series of frame-by-frame vertex positions.
We detail the exact data acquisition process we use for our results.
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Table 1: Training data acquisition parameters and timings.

Scene Material | #Verts #Frames\ FPS| Time
Ball & Sheet| T-Shirt 2601| 1,000,000 7.6 36h
Four Pins T-Shirt 2601| 1,000,000 15.5 18h
Flag T-Shirt 2601| 1,000,000 10.9| 25h
Skirt Denim 3000f 650,000 3.1 60h
Cape T-Shirt 2601| 650,000 1.9 95h
Bunny Rubber 2503| 200,000 0.4| 129h
Dragon Rubber| 3000{ 500,000 1.0/ 138h

We perform all simulation using Maya's nCloth, capturing data
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Figure 3: Basis size impact on complex geometry and dy-
namics. There is a subtle loss of ner wrinkles as we reduce

at 60 frames per second, with between 5 and 20 substeps and 10the size of the basis. The skirtis the most challenging to com-

and 25 constraint iterations, depending on simulation stability. For
cloth-like objects we primarily use the T-Shirt material preset with
small increases in weight and stretch resistance. For deformable
objects we use the solid rubber material preset with reduced friction
to allow objects to slide easily over the surface. We perform external
collisions against the triangles of the external geometry, while self-
collisions use vertex-on-vertex collisions for cloth, and triangle-on-
triangle collisions for deformable objects. In both cases we use a
fairly large collision thickness of 5 cm to ensure stability and
prevent the cloth snagging and breaking during simulation. This
additionally allows for some leniency during prediction without
immediate visual intersection artifacts appearing (see Section 6.4).

For simple interaction objects (e.g., pins, spheres) we gener-
ate their movement in the training data randomly by keyframing
random positions at random times to produce di erent kinds of
interaction. For cloth-character interactions we use a large motion
capture database of 6:5 1P animation frames, stitched together
to form one large animation. We then simulate the entire series.
After simulation we check the data and exclude any frames where
unstable or bad behavior was seen. For the skirt scene we remove
the character's arms because they intersect frequently with the leg
mesh geometry, causing the cloth to break.

Generally, we attempt to acquire betwedit® and 1 frames
of training data. We found in most cases1® was su cient for
testing, while the best results were achieved with closer td®®
frames. For further details on the data acquisition please see Table

5 TRAINING

We discuss how we train our model, including its parameterization,
the network architecture, and our training methodology.

5.1 Parameterization

Given the simulation data gathered in the previous section, we
construct our training set by rst attening the vertex positions

at each framd into a single, large vector; 2 R, wherec is

the number of vertices. We then concatenate these vectors into
a single large matrixX = >xo; X1; :::;Xn 1¥42 R N This matrix
represents the states of the simulated object, after which we must
build a representation of the states of the external objects at each
frame. For simple objects, such as balls, we can use their 3D position;
while, for complex objects like full characters, we use the positions
of every joint relative to a reference fame (in the case of the skirt
we use the hip joint as the reference frame, and in the case of

1.

press, su ering from more substantial degradation.

cape we use the neck joint as the reference frame) attened into a
large vector, ignoring the joint rotations. For objects with a moving
reference frame, we also include the position of the ground relative
to this frame so our system knows the gravity direction and oor
location as well as the velocity, acceleration, rotational velocity,
and rotational acceleration of this frame. For the ag, we include
wind speed and direction. After building this parameterization, we
have a single large vector representing the state of the external
objects for each framg; 2 R®, wheree is the number of degrees
of freedom of the external objects, which we also concatenate into
a single large matrixy = syo;y1;::5;yn 1¥2 R® M.

We now apply PCA to bothX and Y and use the computed
transformation matrices to construct subspace representatidns
UX x O%W = VIY y ° whereU 2 RY ¥,V 2 R €y
is the number of subspace bases (in our results we use 64, 128
and 256)y is the number of bases used to compress the external
object representation. Here, is the mean value of ak's, and
y is the mean value of al}'s. As we require no compression of
the parameterization for the external objects in our examples, we
typically setv = e. If the memory usage is too large to perform
PCA we subsample the data before applying it.

PCA compression inevitably causes a loss in detail, particularly
for objects with many potential states, such as ne folds; however,
we found that 256 bases generally preserved the majority of details.
For a visual comparison, see Fig 3.

5.2 Initial Model

Given subspace dataandW, our goal is to devise a model capable
of predictingz from z 1,z 2 andw;. Since simulated objects
generally express inertia, with a tendency toward some average
rest state (represented by zero after PCA), a good initial model for
7t (denoted here ax) is:

Zy = 71+ tzo1 oz 25

@
where and are parameters of the model andis component-
wise multiplication. We obtain the values of these parameters by
solving a linear least squares equation individually for each dimen-
sion of and , denoted bym:

2w @
Zt Im Zt 2m
with t 2 >2;n® and wherey denotes the matrix pseudo-inverse.

m m = Zt;m
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Figure 4: Visual illustration of our training method stan-
dard procedures target the most accurate result on a per-
frame basis (left). These predictions are unstable due to
high velocities produced by aggressive over-correction. Our
method targets an accurate prediction across an window of
frames (right), resulting in less aggressive and more stable
corrections.

5.3 Extended Model

Sincez; is only a very rough approximation of;, and does not
take into account the e ects of external objects, we know it will
not be capable to accurately model our training data. We therefore
train a neural network to approximate the residual e ects of the
model, such that:
_ T

Zt =7t + Zt Zt 1 Wt (3)
Here, we parameterize by a standard feed-forward neural network
with 10 layers, each layer (except the output layer) using the ReLU
activation [Nair and Hinton 2010]. Excluding the input and output
layers we set the number of hidden units at each layerts the
PCA basis size, which we found struck a good trade-o between
capacity and performance.

5.4 Network Training

The standard way of training would be to iterate over the dataset
in mini-batches and to train the network to predict the value zt
for all t. While this approach will produce a low training error, the
auto-recurrent nature of , and the coupled velocity step of Equa-
tion (1) results in unstable behaviour when predictions are fed back
into the network at the next time step. Due to this, previous work
has proposed to feed back the prediction into the neural network at
the next time-step for correction [Dollar et aR010; Kanazawa et.al
2017; Oberweger et.82016]. Inspired by this, we present a training
algorithm which predicts motion over a window of frames, and
back-propagates errors through the complete integration procedure
described by Equation (3) to ensure stable long term prediction. For
a detailed algorithmic explanation please see Algorithm 1.

At a high level our training procedure is as follows: given a small
window of values forz andw from the training set, we take the
rst two frames zp, z; and add some small noise, r1 to perturb
them slightly o the training trajectory. From these initial states,
we repeatedly use Equation (1) and Equation (3), to predict the
following frames, feeding back in previous predictions at each new
time step. Once the full trajectory is predicted, we compute the
average positional error and velocity error across the window of
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Algorithm 1: Our training algorithm for . Given a short win-
dow of s frames, we predict the subspace state of the physical
object, and use the error to update the network parameters
While we present this procedure for a single training sample
here, we apply it to each element in the mini-batch individually
and average the result when updating

Function Train( z,w, s, ):

/* Sample two noise vectors rg, rp */
ro, ri N1Qr ©
/* Add noise to initial states 20, Z1 */
Zyy 21 Zp+ro Z1+r1
/* Predict values of z over a short window s */
for i 2to sdo
* Predict z; using and */
Z; Z .t 'z 7y
[* Predict z using */
T
5 Zpt oz 5 g Wi
end
/* Compute LossL using Mean Absolute Error */
L pos s Zys
L Zys Zpnse Zs sy
vel dt dt 1
L L pos+ Lvel
/* Update network parameters */
AmsGrad ;rL°

end

motion. We pass this error to thdmsGradoptimizer [Reddi et al
2018], using automatic derivatives computed from TensorFlow.

To motivate this training procedure, consider the case where the
network predicts a large change in position from one time step to
the next. This di erence will be used in the next time step by Equa-
tion (1) to produce a large initial guess which, itself, may require
aggressive correction from the network back toward the training
data. As this is repeated, the correction sizes increase and the pre-
diction becomes unstable. If we, however, train over a window of
frames, the network will only produce corrections that improve the
result over the entire window, encouraging smaller, more stable
corrections. Another way to view our training procedure is as a
variant of Back-Propagation Through Time [Rumelhart et 2986],
where errors are not only back-propagated through the network
but also through the integration step of Equation (1). Fig 4 provides
visual intuition.

We repeat this training procedure on mini-batches of size 16,
using overlapping windows of size 32, for around 100 epochs or until
training converges. We use a learning rate@0001 and a learning
rate decay ratio 0D:999 We use a noise standard deviation of
0:01, which we found by visualizing the result of this perturbation
inthe rst 3 components of the PCA space. Training takes between
10 and 48 hours depending on the complexity of the setup and the
number of PCA bases used. We include more discussions on the
importance of this training method in Section 7.2.
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