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Fig. 1. Crushing concrete. Our system enables this concrete crushing simulation (inspired by the hydraulic press) on a single workstation with 4 NVIDIA
Quadro P6000 GPUs. This simulation contains 93.8 million particles on a 10243 grid, achieving a 3.9 min/frame performance. (Left) A concrete-style render.
(Middle) Coloring by GPU. (Right) Coloring by the plastic volumetric strain for visualizing the damage propagation.

Harnessing the power of modern multi-GPU architectures, we present a mas-
sively parallel simulation system based on the Material Point Method (MPM)
for simulating physical behaviors of materials undergoing complex topolog-
ical changes, self-collision, and large deformations. Our system makes three
∗equal contributions
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critical contributions. First, we introduce a new particle data structure that
promotes coalesced memory access patterns on the GPU and eliminates the
need for complex atomic operations on the memory hierarchy when writ-
ing particle data to the grid. Second, we propose a kernel fusion approach
using a new Grid-to-Particles-to-Grid (G2P2G) scheme, which efficiently
reduces GPU kernel launches, improves latency, and significantly reduces
the amount of global memory needed to store particle data. Finally, we intro-
duce optimized algorithmic designs that allow for efficient sparse grids in a
shared memory context, enabling us to best utilize modern multi-GPU com-
putational platforms for hybrid Lagrangian-Eulerian computational patterns.
We demonstrate the effectiveness of our method with extensive benchmarks,
evaluations, and dynamic simulations with elastoplasticity, granular media,
and fluid dynamics. In comparisons against an open-source and heavily
optimized CPU-based MPM codebase [Fang et al. 2019] on an elastic sphere
colliding scene with particle counts ranging from 5 to 40 million, our GPU
MPM achieves over 100× per-time-step speedup on a workstation with an
Intel 8086K CPU and a single Quadro P6000 GPU, exposing exciting possibil-
ities for future MPM simulations in computer graphics and computational
science. Moreover, compared to the state-of-the-art GPU MPM method [Hu
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et al. 2019a], we not only achieve 2� acceleration on a single GPU but our
kernel fusion strategy and Array-of-Structs-of-Array (AoSoA) data structure
design also generalizes to multi-GPU systems. Our multi-GPU MPM exhibits
near-perfect weak and strong scaling with4 GPUs, enabling performant and
large-scale simulations on a10243 grid with close to100million particles
with less than4 minutes per frame on a single 4-GPU workstation and134
million particles with less than1minute per frame on an 8-GPU workstation.

CCS Concepts:ˆ Computing methodologies � Parallel algorithms .

Additional Key Words and Phrases:Numerical methods, parallel com-
puting, GPU

ACM Reference Format:
Xinlei Wang, Yuxing Qiu, Stuart R. Slattery, Yu Fang, Minchen Li, Song-Chun
Zhu, Yixin Zhu, Min Tang, Dinesh Manocha, and Chenfanfu Jiang. 2020. A
Massively Parallel and Scalable Multi-GPU Material Point Method.ACM
Trans. Graph.39, 4, Article 30 (July 2020), 15 pages. https://doi.org/10.1145/
3386569.3392442

1 INTRODUCTION
The Material Point Method (MPM) provides signi�cant potential
and opportunities to exploit parallelism on modern computing ar-
chitectures. To date, most work on MPM performance has focused
on how to thread the algorithm on conventional CPUs and, to a
lesser extent, has attempted to exploit domain decomposition via
the Message Passing Interface (MPI). This line of work includes
threading particle and grid operations as well as handling the trans-
fer of data between particles and grids, which often results in a
bottleneck when parallelized. With the advent of modern accelera-
tor architectures such as GPUs, enough memory and bandwidth are
available on the accelerator to perform MPM simulations with the
signi�cant number of particles and grid cells needed for generating
expansive and high-resolution visual scenes. These new accelerator
performance capabilities, including advances in native support for
scalable atomic operations on �oating-point numbers, results in the
ability to perform a relatively large number of computations in a
relatively small amount of computing time on a single GPU.

However, the memory and compute power of a single GPU is not
limitless. To the best of our knowledge, no prior work has attempted
to develop a performant algorithm for MPM that utilizes multi-GPUs
in a shared memory context. Given numerous multi-GPU platforms
being deployed by vendors both in server and workstation con�g-
urations, algorithm development for multi-GPUs will enable us to
perform even larger-scale simulations at a signi�cantly reduced
computing time on what could be considered commodity hardware.
Re-designing MPM algorithms for multi-GPUs is non-trivial. First,
as a hybrid simulation method, MPM involves complex operations
on particles, grids, and the transfer of data between them. Compared
to developing a scalable single GPU algorithm, algorithms utilizing
multi-GPUs require inter-GPU communications to program the ma-
jority of these operations. Second, MPM simulations usually target
scenarios with explosions, fractures, highly deformable solids, and
�uids. For such highly dynamic problems, the particle population
will �uctuate in time as a function of space and therefore incur load
imbalance when multiple devices are used.

To further increase the computational power available to per-
form MPM simulations in both single- and multi-GPU execution
contexts, we make three novel contributions. First, we reformulate

the conventional GPU-based MPM pipeline with a fusedG2P2G
kernel function, which not only enables both single- and multi-GPU
performance gains, but is also generalizable to prior MPM designs
[Fang et al. 2019; Wolper et al. 2019]. Secondly, we develop a spe-
cialized Array-of-Structs-of-Array (AoSoA) particle data structure
tailored for ourG2P2Gkernel utilizing the delayed-ordering tech-
nique that maximizes bandwidth e�ciency. Finally, we propose a
domain-decomposition-invariant computation scheme tailored for
multi-GPUs, which signi�cantly reduces the additional memory
overhead due to PCIe connections among GPUs. As a result, our
method outperforms the heavily optimized state-of-the-art single-
GPU MPM implementation [Gao et al. 2018b; Hu et al. 2019a] with
a 2� speedup and achieves almost linear scaling on multi-GPUs.
Moreover, we accomplished large-scale MPM simulations with truly
enormous particle and grid cell counts.

We organize this paper as follows. We review related work in
Section 2, serving as the basis for our comparisons to the state-of-the-
art. In Section 3, we introduce our improved single-GPU algorithm
and outline the kernel fusion procedure and data structure details.
In Section 4, we present the new multi-GPU algorithm and include
a discussion of memory management and communication, while
details on the implementation of our code are provided in Section 5.
In Section 6, we present results on an extensive selection of bench-
marks using a variety of materials. We also include an analysis of
both strong and weak scaling of our algorithm as a function of the
number of GPUs, which shows signi�cant performance improve-
ments over the state-of-the-art in GPU implementations as well as
signi�cant performance gains when using the GPU algorithm rela-
tive to a highly optimized CPU implementation. Finally, in Section 7,
we conclude the paper with a discussion of the limitations of our
new algorithm and the resulting avenues for future work.

2 RELATED WORK

2.1 HPC-based Simulations in Computer Graphics
Parallelized Solvers.The rapid development of modern CPU and

GPU architectures makes it possible to accelerate physics-based sim-
ulation by parallelizing existing algorithms using threads, domain
decomposition, or some combination thereof. A basic approach to
parallelism executes an algorithm using multiple threads on mul-
tiple CPU cores on a single node, supported by shared memory
programming models such as Intel TBB [Willhalm and Popovici
2008] and OpenMP [Dagum and Menon 1998]. Recent examples in-
clude Li et al. [2019], which performs domain decomposition within
an optimization time integrator for CPU-based parallel evaluation
and factorization of subdomain Hessians.

To achieve even better performance, researchers have developed
parallel simulation algorithms for the GPU, which enables more
�oating-point operations on a per-Watt and per-dollar basis when
compared to traditional multi-core CPU architectures. In literature,
parallelization of large-scale simulations in �uid dynamics, such as
Eulerian �uids [Chentanez and Müller 2011, 2013; Cohen et al. 2010;
Pfa� et al. 2010], Lagrangian �uids [Amada et al. 2004; Goswami
et al. 2010; Macklin et al. 2014; Vantzos et al. 2018; Winchenbach
et al. 2016], and the hybrid Eulerian-Lagrangian solvers [Chentanez
et al. 2015; Wu et al. 2018], have all been implemented on a single
GPU. For GPU simulations of solid mechanics, Gao et al. [2018b] and
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Fig. 2. Bomb falling. We run thebomb fallingtest on 8 GPUs with 134M particles (6,688 bombs with nonlinear finite-strain hyperelastic constitutive models)
and grid resolution512� 2048� 512. On average, each frame is finished within 1 minute, indicating the scalability of our proposed multi-GPU MPM pipeline.

Hu et al. [2019a] implement the high-performance Moving Least
Squares MPM [Hu et al. 2018], and Bernstein et al. [2016] and Hu
et al. [2019a] explore Finite Element Method (FEM) parallel methods.

Due to the ever-increasing demand for computational resources
and new hardware releases by vendors, developing multi-GPU solu-
tions is an inevitable trend for physics-based simulations to utilize
modern computing hardware e�ectively. Recent work, such as multi-
GPU-based Smoothed Particle Hydrodynamics (SPH) [Domínguez
et al. 2013; Rustico et al. 2012; Verma et al. 2017; Xiong et al. 2013],
FEM [Li et al. 2020], and parallelized Poisson equation solvers
[Ament et al. 2010; Liu et al. 2016], has demonstrated the plausibility
of physics-based simulation on multi-GPU platforms.

Another stream of high-performance physics-based simulation
utilizes distributed platforms,i.e., cloud-based simulation. Early
work commonly makes use of MPI to assign computing tasks to
distributed nodes automatically. To better adapt to large topological
changes that can occur during a simulation, methods for �uid load
balancing in cloud-based simulations are proposed [Mashayekhi
et al. 2018; Shah et al. 2018], showing signi�cant potential to achieve
high-performance distributed �uid animations.

E�cient Data Structures.From the Eulerian viewpoint, the MPM
simulation domain is represented by a discretized structured grid
where the volumetric data involved is often spatially sparse in large-
scale 3D simulations due to dynamic particle populations. This fact
has inspired extensive studies on hierarchical and sparse data struc-
tures [Hoetzlein 2016; Liu et al. 2018; Museth 2013; Setaluri et al.
2014] to create e�cient data access patterns that mitigate the e�ects
of sparsity. For instance, OpenVDB [Museth 2013], one of the most
popular sparse storage schemes in computer graphics, dynamically
arranges blocks of a grid in a hierarchical manner similar to B+ tree.
Hoetzlein [2016] extends this idea further on GPU and proposes
GVDB Voxels with an e�cient memory pooling architecture to sup-
port dynamic topology changes. Alternatively, SPGrid [Gao et al.
2018b; Setaluri et al. 2014] has proven to be a promising data struc-
ture in both MPM [Aanjaneya et al. 2017; Hu et al. 2018] and other
�uid simulations [Aanjaneya et al. 2017; Liu et al. 2016; Setaluri
et al. 2014]. Additionally, methods such as spatial-temporal coher-
ent spatial hashing are also explored to take advantage of the spatial
sparsity [Tang et al. 2016; Wang 2018; Weller et al. 2017]. Recently,
Hu et al. [2019a] introduces the Taichi programming model, which

exposes high-level interfaces for developing and processing spa-
tially sparse multi-level data structures and bene�ts researchers by
eliminating redundant work in data and performance management.

On the other hand, from the Lagrangian viewpoint, particle infor-
mation is generally unstructured and stored in an Array-of-Structure
(AoS) [Hu et al. 2019a] or Structure-of-Array (SoA) [Gao et al. 2018b]
compact layout.SoApromotes coalesced memory accesses of particle
data when sequential threads access sequential memory addresses.
However, the particles need to be re-sorted after each time step to
maintain such an e�cient data access pattern [Gao et al. 2018b].
SoAis less e�cient in gather/scatter operations such as serialization,
where long strides in memory are needed to access all data for a
single particle, resulting in the use of multiple memory pages. In
contrast,AoSmaps more readily to the concept of a particle and
performs well in cases of un-coalesced memory access patterns
due to the locality of the data for a single particle. However, such
a memory layout prevents coalesced reads and writes of particle
data, thereby signi�cantly inhibiting both GPU and vectorized CPU
performance when coalescing is possible. To exploit both the advan-
tages mentioned above and mitigate the disadvantages, we propose
an MPM-centric Array-of-Structs-of-Array (AoSoA) data structure
for better performance, which possesses the qualities of bothSoA
andAoS. Inspired by the Hierarchical Particle Buckets introduced
by Hu et al. [2019a] and Bailey et al. [2013], we store particles'
data in a hierarchical manner withAoSoA. The particles are reor-
ganized in low-level bins and high-level block-buckets to conserve
the e�ciency of both the memory access and the data transfer.

2.2 The Material Point Method in Computer Graphics
Introduced by Sulsky et al. [1994, 1995], MPM is an extension of
Hybrid-Fluid-Implicit-Particle (FLIP) [Brackbill and Ruppel 1986;
Zhu and Bridson 2005] from �uid animation in hydrodynamics to
general elastoviscoplastic materials simulation in solid mechanics.
As one of the most promising discretization choices in physics-based
simulation, MPM has been used for simulating numerous materials
and diverse phenomena. Prior work includes snow [Gaume et al.
2018; Stomakhin et al. 2013], granular materials [Daviet and Bertails-
Descoubes 2016; Gao et al. 2018b; Klár et al. 2016; Zhao et al. 2019],
viscoelastic solids [Fang et al. 2019], cloth [Fei et al. 2018; Guo et al.
2018; Jiang et al.2017; Montazeri et al.2019], hair [Fei et al.2018; Guo
et al. 2018; Jiang et al. 2017], and non-Newtonian �uids and foam
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[Nagasawa et al. 2019; Ram et al. 2015; Yue et al. 2015, 2018]. Addi-
tionally, other complex phenomena have been simulated with MPM
including melting [Gao et al. 2018b; Stomakhin et al. 2014], baking
[Ding et al. 2019], topological changes and fracture [Wang et al.
2019; Wolper et al. 2019; Wretborn et al. 2017], multiple-material
interaction [Gao et al. 2018a; Han et al. 2019; Hu et al. 2018; Tam-
pubolon et al. 2017; Yan et al. 2018], frictional contact and collision
[Ding and Craig 2019],etc. Recently, GPU-based acceleration [Gao
et al. 2018b; Hu et al. 2019a], as well as spatially [Gao et al. 2017; Yue
et al. 2018] and temporally [Fang et al. 2018] adaptive methods have
been proposed to improve the computational e�ciency of MPM.

Prior work on GPU MPM has focused on the design of GPU-
tailored data structures for both particles and grids, as well as the
corresponding mathematical operations to achieve better perfor-
mance; each sub-step is redesigned for GPU (largely using CUDA
up to this point). For instance, both Gao et al. [2018b] and Hu et al.
[2019a] reduce write con�icts during theParticles-to-Grid (P2G)
transfer, either by CUDA warp-level reductions [Gao et al. 2018b] or
the random-shu�ing of particles inside each block [Hu et al. 2019a].
As reported in these papers, using GPUs can considerably improve
performance compared to traditional CPU-based MPM.

2.3 Data Structures and Simulations in HPC
AoSoA.Particle data structures are largely responsible for CPU

and GPU performance as they dictate memory access patterns when
parallelizing codes via threading or vectorization. The most com-
monly adopted memory layouts in HPC areSoAandAoS. Speci�cally,
in terms of particle data layouts,SoAstores all particle data com-
ponents (e.g., mass, each velocity direction,etc.) in separate arrays,
ensuring coalesced memory access when reading/writing the same
component of adjacent particles. However, when performing non-
coalesced operations like particle-grid transfers, additional sorting
methods are required to maintain particle order to guarantee that
consecutive thread indices access consecutive particle indices [Gao
et al. 2018b]. In contrast,AoSreduces the need for sorting in non-
coalesced operations, since its improved memory locality has better
performance when randomly accessed. However, the same data com-
ponents of adjacent particles are no longer adjacent in memory [Hu
et al. 2019a], resulting in a non-coalesced data access pattern even
when coalescing would otherwise be possible. To take advantage of
both theAoSandSoAlayouts, researchers have proposedAoSoAto
achieve both coalescing/vectorizing data access patterns whenever
possible and to improve performance via memory locality when it
is not [Wald 2010; Weber and Goesele 2014]. Section 3.2 discusses
the implementation ofAoSoAin greater detail.

HPC Simulation Frameworks.For scienti�c simulations in HPC,
accelerators are already being adopted broadly with a number of the
current top supercomputers leveraging GPU hardware to achieve
the majority of their performance [TOP500.org 2019]. In these types
of supercomputing con�gurations, thousands of accelerators are
combined with a high-speed interconnect with the goal of reaching
exascale-class levels of �oating-point operations in the next few
years. To achieve portability across the variety of accelerator archi-
tectures in use in modern supercomputers, several programming
models, libraries, and frameworks have been developed to allow for

the manipulation of data structures (e.g., AoSvs. SoA) and paral-
lel loop patterns based on the underlying hardware. Examples of
performance portability programming models include Kokkos [E.
et al. 2014] and its derivative libraries Cabana [Slattery et al. 2019],
a portable library for writing multi-GPU particle simulations via the
AoSoAdata structure as well as multi-GPU grid-based simulations
which can be used to implement hybrid particle-in-cell algorithms
such as MPM. Other examples include SMILEI [Derouillat et al.
2018], an open-source multi-purpose Particle-In-Cell (PIC) imple-
mentation that has been applied to a wide range of physics studies,
from astrophysical plasma to relativistic laser-plasma interaction.

An analysis of the accelerated machines on the TOP500 list, as
mentioned above, and a review of the computational patterns in
libraries (such as Kokkos and Cabana) reveal that multi-GPU pro-
gramming on such machines is relegated mainly to a single GPU per
MPI rank. Such a programming model allows for a more straightfor-
ward description of parallelism and more accessible programming.
However, in the case of many simulation algorithms such as MPM,
it forces the application more quickly into the strong scaling limit
by further subdividing the problem into smaller pieces. By develop-
ing a multi-GPU shared memory programming model in this work,
we aim to gain additional performance on modern supercomputers
by reducing the number of subdomains needed for parallelization,
thus increasing the number of GPUs per MPI rank and reducing the
dependence on the performance of the network, including its band-
width and latency. The multi-GPU advancements in this work are
particularly important for machines such as Summit [Facility 2018]
as a subset of the GPUs on each compute node has a signi�cantly
faster local interconnect than the PCI connection and therefore
would strongly bene�t from the MPI-free algorithm presented here.

3 IMPROVED SINGLE-GPU ALGORITHM
Before introducing our algorithmic improvements, we �rst sum-
marize the essential steps of a conventional �rst-order MPM time
integration scheme for incremental dynamics fromtn to tn+1 (� t =
tn+1 � tn ).

(1) Particles-to-Grid (P2G) . Transfer mass and momentum from
particles to grid nodes:fmp;mpv n

p g ! f mi ;mi v n
i g;

(2) Grid Update . Update grid velocities with either explicit or im-
plicit time integration:v n

i ! v n+1
i ;

(3) Grid-to-Particles (G2P) and Particle Advection . Transfer
velocities from grid nodes to particles, evolve particle strains, and
project particle deformation gradients for plasticity (if any). Up-
date the particle positions with their new velocities:fv n+1

i g !
fv n+1

p ; Fn+1
p g, fpn

p ;v n+1
p g ! f pn+1

p g;
(4) Partition Update . Maintain the sparse data structure topology

by updating the active-block array and the mapping from block
coordinates to array indices.

Typically, each particle has several attributes including massmp ,
positionxp , velocityv p , deformation gradientFp , initial volume
V0

p , and the a�ne matrix Cp , which is the same as the velocity
derivative matrix in MLS-MPM [Hu et al. 2018]. On the grid, each
node generally stores the grid massmi and the momentummi v i ,
from which the nodal velocityv i can be calculated.
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