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ABSTRACT

In the field of computational fluid dynamics, Smoothed Particle
Hydrodynamics (SPH) serves as a powerful tool for investigat-
ing complex fluid interactions and instabilities. For the practical
SPH simulation of large-scale fluid phenomena such as tsunamis,
volcanic eruptions, and planetary collisions, it typically requires
billions of particles, as the numerical resolution increases propor-
tionally with the number of particles. To efficiently conduct large-
scale SPH simulations on modern supercomputers with massive
many-core processors, we propose a novel SPH implementation
leveraging multi-level parallelism and a corresponding three-level
load balancing strategy. Our load balancing approach comprises:
(1) a process-level domain decomposition algorithm based on an
improved 1D partitioning exact algorithm; (2) an adaptive recursive
cell subdivision method; (3) a fine-grained dynamic thread-level
task scheduling strategy. Our experiment uses 1 billion particles to
simulate converging Richtmyer—Meshkov instability and verifies
the effect of load balancing on new Sunway supercomputer. As
the shockwave converges on the central interface area, our load
balancing strategy breaks the bottleneck constraints on the slow-
est node, increases the balance of computational loads between
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nodes from 30.01% to 91.48%, and achieves a 2.8X improvement in
computational performance. Finally, our implementation enables
each CPU to handle 10 million particles and scale from 1 CPU to
100,000 CPUs (in total 39 million cores with 1 trillion particles) with
a performance of 80.4% parallel efficiency.
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1 INTRODUCTION

In the field of computational fluid dynamics, the study of strongly
compressible fluid problems has always been a thorny topic. As
a particle-based simulation method, Smoothed Particle Hydrody-
namics (SPH) method, with its unique advantages, has become a
powerful tool for studying such problems [30]. Usually, the SPH
simulations of large-scale fluid phenomena typically require billions
of particles to provide high resolution [15]. Modern supercomputers
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offer powerful computational capabilities to support the extensive
computational demands of SPH simulations. However, the signifi-
cant migration and aggregation of particles during the simulation
process result in vast differences in particle density across various
regions of the computational domain, ranging from tens to hun-
dreds of times. This extreme load imbalance poses challenges for
large-scale parallel SPH simulations.

On the other hand, as the marginal effects of Moore’s Law dimin-
ish, modern supercomputers are increasingly transitioning towards
heterogeneous many-core architectures. China’s Sunway supercom-
puter is equipped with over 600,000 SW26010pro processor cores,
each featuring a parallel hierarchy composed of 6 management
processing elements (MPE) and 384 computing processing elements
(CPE). It presents a significant challenge to evenly distribute tasks
among a vast number of cores and fully utilize the parallel hierar-
chy of the Sunway system. Moreover, given the dynamic nature of
massive particle migration and aggregation occurring at the macro-
scopic scale, such as fluid instabilities under simulated converging
shock wave [34], there will be serious load imbalance between
node during the simulation [13]. Load imbalances among nodes
can have critical impacts on the computational speed, scalability,
and hardware resource utilization of applications.

Many dynamic load balancing methods [1, 2, 21-23, 32] have
been proposed. However, in the context of strongly compressible
SPH simulations, these approaches encounter the following issues:
(1) The vast differences in particle density result in some tasks
being overly burdensome, significantly slowing down the overall
computational time and adversely affecting the performance of load
balancing algorithms; (2) Many methods coarsely partition tasks or
compromise load balancing effectiveness for efficiency, while some
are too time-consuming to be suitable for our problem scale.

In this paper, we propose a multi-level load balancing strategy
suitable for large-scale parallel SPH simulations. We introduce
an adaptive recursive cell subdivision algorithm based on octrees
[14] to solve the first issue. The subdivided child cells are used as
scheduling units, reducing the granularity of task scheduling and
enhancing the partitioning results of the partitioning algorithm. To
solve the second issue, we reduce the load balancing problem in
n-dimensional space to the 1D partitioning problem by employing
the Hilbert space-filling curve mapping, facilitating rapid resolution
and producing balance partitioning results in large-scale scenarios.
We then solve the problem using our refined exact algorithm to
achieve process-level task division and load balancing. This ap-
proach allows us to distribute computational tasks evenly across
each process without constraints from spatial shapes, while pre-
serving spatial locality to a greater extent [3, 26]. Our third-level
strategy constructs task lists based on our neighbor search strategy
designed for sub-cells at different depths and dynamically allocates
tasks to each thread during runtime, allowing the thread-level task
scheduling strategy to be adjusted based on the actual execution
time of tasks.

The main contributions of this paper are as follows:

e We propose a three-level load balancing strategy that fully
utilizes the parallel hierarchy of the Sunway system and
finely divides tasks among a large number of nodes in a
balanced manner.
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(a) Kernel function (b) General governing equations

Figure 1: The SPH method employs discrete particles to de-
scribe the macroscopically continuous distribution of fluids
and (a) utilizes kernel functions to approximate the physical
problems. By discretizing the integration domain into a fi-
nite number of particles, (b) the governing and conservation
equations in physics can be discretized into numerical equa-
tions, enabling numerical solutions.

e We propose an improved exact algorithm, EXACT-BISECT +,
which effectively handles the numerous voids generated
during SPH simulations and produces more balanced parti-
tioning results than the original greedy implementation.

o To effectively addresses the issue of excessive task load dis-
crepancies under extreme load imbalances and further pro-
duces finer-grained 1D partitioning results, we introduce an
adaptive recursive cell subdivision algorithm based on octrees.

o We design a dynamic task scheduling strategy for thread-level
load balancing and task parallelism.

The remainder of the paper is organized as follows: Sec. 2. in-
troduces the numerical method of SPH, succinctly summarize the
fundamental background of this study and discuss the challenges
of massively parallel implementation of SPH on Sunway super-
computer with many-core architecture. Then the refined algorithm
and implementation of our three-level load balancing strategy are
discussed in Sec.3 and Sec.4. Subsequently, the experimental evalua-
tion is presented in Sec.5. Eventually, Sec.6 shows the visualization
of the simulation result and Sec.7 summarizes the main ideas of
this work.

2 BACKGROUND

2.1 Smooth Particle Hydrodynamic Method

Smoothed Particle Hydrodynamics (SPH) is a popular mesh-free
method and has potential to be the next generation of more effective
computational methods for more complicated problems[20][25]. In
SPH simulation, the computational domain is filled with a great
number of “SPH particles”. These particles all possess physical
properties we concerned like pressure, density, energy. During
the simulation, an SPH particle moves and refreshes its physical
properties in each time step following the conservation law of mass,
momentum and energy in Lagrangian form and equation of state
of the particle’s material, based on a set of nearby particles which
forms its support domain as shown in Figure 1(b). This support
domain is determined by each particle’s location and volume, thus it
always needs to be refreshed for each particle in each time step[19].
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As for refreshing each particle’s physical properties, the SPH
method can be seen as replacing the Dirac delta function with a
smoothed kernel W as shown in Figure 1(a). Thus an SPH approxi-
mate scalar function A can be defined as:

A(x) =/A(x')W(x—x',h) dx’.

And the discretized form can be written as
n

()i = ) AWV,
J

where W;;j is W (x;—x}, hi}), h is the smoothing length of the particle
pairs, V is the volume, and the subscriptions i,j represents particle
iand j.

Unlike the Eulerian method, the grid-free nature, adaptivity,
and particle-based representation make SPH a versatile tool for
handling complex fluid flows with large deformations and free
surfaces. This flexibility allows SPH to simulate a wide range of
phenomena, from astrophysical events to impact explosions and
water dynamics. With the continued development of computing
technologies, SPH is poised to play an increasingly important role
in fluid dynamics research and applications.

2.2 Space-Filling Curves and the 1D
Partitioning Problem

2.2.1 Domain Decomposition Method. The most time-consuming
and frequent part of the particle-based methods is the pair-wise
interaction. Due to the memory wall, the computing of the inter-
actions on many-core processor are usually memory bounded. To
improve the search efficiency, some implementations [10, 12, 31]
use link-list-based methods to reduce ineffective searches by main-
taining lists of nearby particles. However, this may lead to issues
of indirect memory access. When CPEs calculates the interactions
among a group of particles, it may require a large number of ran-
dom memory accesses. This discrete access can seriously reduce the
bandwidth utilization of DMA[6, 11]. Moreover, the significant dis-
placement of numerous particles in SPH on the macro scale necessi-
tates frequent reconstruction and maintenance of this type of neigh-
bor lists, leading to considerable performance overhead. Therefore,
we adopt the method based on cell lists to solve these problems. The
entire computational domain is divided into contiguous cells, and
particles are assigned to corresponding cells based on their spatial
locations. Since particles within each cell are placed contiguously
in memory, this method significantly improves memory locality
during computations and the utilization of DMA bandwidth[11, 29].
Given that the sizes and positions of the cells are fixed, the neighbor
relationships between cells do not change with particle migration,
avoiding the overhead of rebuilding neighbor relationships.

Next, we map cells from 3D space to 1D space using the Hilbert
space-filling curve (Hilbert SFC), ensuring that cells adjacent in
the original computational domain remain close in the 1D space.
This enhances memory locality and reduces the communication
overhead for exchanging ghost regions between processes[3, 26].
The Hilbert SFC mapping transforms the problem of the domain
decomposition and load balancing between processes into the 1D
partitioning problem. The 1D partitioning method aims to divide
a series of tasks among multiple partitions in order to balance

402

ICPP °24, August 12-15, 2024, Gotland, Sweden

the computational load across multiple processors. Each partition
consists of a set of consecutive tasks, and our goal is to find a parti-
tioning scheme that minimizes the load of the heaviest partition
(corresponding to the processor with the longest execution time),
thereby minimizing the overall execution time of the system.

2.2.2  Heuristic/Exact Solutions for 1D Partitioning Problem. There
are numerous well-established algorithms for solving the 1D parti-
tioning problem. Different algorithms exhibit variations in terms
of execution time and the effectiveness of load balancing. Heuristic
algorithms perform well, but the balance of the solutions obtained
is susceptible to the influence of the input data. Oden et al. [22]
proposed a heuristic based on recursive bisection, which divides
the task array into two sub-partitions with equal loads and recur-
sively repeats the process until the desired number of partitions
is obtained. Miguet and Pierson [21] proposed two fully parallel
heuristic methods, as the computations for sub-optimal partitions
are independent of each other. In contrast, exact algorithms always
obtain the optimal solution Bypt, but they exhibit lower perfor-
mance compared to heuristic algorithms. Pinar et al. [24] provided
a comprehensive overview of existing exact algorithms. Their ex-
periments demonstrated that parametric-search algorithms exhibit
the best performance. The idea behind such algorithms is to use a
PROBE function to iteratively verify whether there exists a parti-
tion such that the load of the heaviest partition does not exceed the
given bottleneck value B and derived more precise upper and lower
bounds of B for next iteration, regardless of the success. Exact algo-
rithms repeatedly adjust and verify based on the results of PROBE
to obtain the optimal solution. The fastest exact algorithm proposed
by Pinar et al. [24], denoted as EXACT-BISECT, enhances the per-
formance of exact algorithms in three key aspects: (1) The probe
function RPROBE searches for partition boundary in a narrowed
range to achieve higher performance. (2) The search bounds for the
optimal solution are adjusted to realizable bottleneck values after
each iteration. (3) By providing a smaller initial search interval,
the number of searching steps for the optimal solution is reduced.
However, EXACT-BISECT has two issues that prevent its direct ap-
plication to solving the load balancing problem in SPH simulations:
(1) EXACT-BISECT may produce incorrect results when there are
tasks with zero workload, which can easily occur during SPH sim-
ulations with extreme load imbalances. (2) EXACT-BISECT uses a
naive PROBE algorithm to generate corresponding partitions based
on the optimal solution, but the greedy nature of PROBE might
lead to results that are not sufficiently balanced. To address these is-
sues, we propose an improvement, called EXACT-BISECT +. Some
works are dedicated to combining heuristic and exact algorithms
to leverage their advantages. Lieber and Nagel [18] proposed a hi-
erarchical algorithm, Hier, aimed at providing scalability for exact
algorithms. Hier starts by running parallel heuristic algorithms
to quickly partition tasks into G(G < P) groups. Subsequently,
within each group, we run an exact algorithm independently to
partition each group into P/G partitions. However, load balancing
occupies only a tiny portion of the total simulation time in SPH
simulations with massive particle migration, and the effectiveness
of load balancing is more crucial for performance enhancement.

2.2.3 Fine-Grained Task Scheduling on SW26010pro Many-Core
Processor. Although EXACT-BISECT+ can always find the optimal
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solution, the optimal solution itself is influenced by the distribu-
tion of the workload. When massive particles gather in a small
area as shown in Figure 11 (b.2), the density will be much greater
than the sparse area, resulting in an extremely large computational
load. In this case, even EXACT-BISECT + is helpless. Traditional
cell-based methods cannot handle the vast differences in particle
density within the computational domain. Hence, we propose an
adaptive recursive cell subdivision method based on octree, capable
of dynamically subdividing overly burdened cells into sub-cells
and recursively refining them level by level until their load falls
below the subdivision threshold. Subsequently, running the exact
algorithm on all of the sub-cells produces finer-grained partitioning
results, enhancing inter-process load balancing.

On the other hand, the threshold of cell subdivision can also take
into account the relevant parameters of the computing core, which
can not only generate sufficient parallelism for a large number of
computing cores, but also divide the task to a proper size to fit in the
local memory, thus improving the locality and utilization of data.
To this end, we conducted experiments on the Sunway platform.
Sunway supercomputer adopts a high-performance heterogeneous
many-core processor SW26010pro. And the SW26010pro processor
is composed of 6 core-groups (CGs), each of which includes one
management processing element (MPE), and one 64 computing
processing elements (CPEs) cluster arranged in an 8 by 8 grid, a total
of 390 cores. In each CG, the MPE is in charge of spawning threads
for the 64 CPEs and handle management and communication tasks.
The CPE cluster is designed to provide high aggregated computing
capability and each CPE has 256 KB scratch pad memory (SPM).
The SPM can be configured as either user-controlled local data
memory (LDM) or hardware cache for automatic data buffering.
Data transfer between LDM and main memory can be realized by
direct memory access (DMA). As the only local data memory on
CPE, effective utilization of SPM is key to achieving high levels of
parallelism.

In conclusion, each strive for performance portability, flexibility,
and scalability across architecture is by providing optimized data
structure, data layout, and data movement. While some previous
implementations of SPH [4, 5, 7, 9, 16, 27] have achieved signifi-
cant success, there is limited research addressing the deep memory
hierarchy specific to heterogeneous many-core architectures. In
order to improve the resource utilization and scalability of many-
core systems, fine-grained task partitioning and multi-level parallel
strategies are essential. In addition, due to the phenomenon of mas-
sive migration and aggregation of particles unique to the strongly
compressible model, the design of a load balancing strategy is cru-
cial. It not only needs to satisfy the load balance among CPUs but
also needs to address the load balance among the 384 cores within
each CPU. Therefore, multi-level load balancing strategies should
complement multi-level parallel strategies.

3 THE 1D PARTITIONING PROBLEM
3.1 Problem Definition

In the 1D partitioning problem, we need to divide a weight array
(wo, w1, ..., wN—1) representing the computational workload of
N tasks into P partitions. The algorithm to solve this problem
should produce a partition P = (so,s1,...,sp), where sy, for p =
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Index 0 1 2 3 4 5 P=2
B*=3

Weightw|2|1|0|l|l|1|

PreﬁxsumW|2|3|3|4|5|6|

LR-PROBE(B*) l.° L )

RL-PROBE(B") o h hy

Figure 2: An example of incorrect results generated by
EXACT-BISECT in the presence of zero load elements. The
existence of empty tasks leads to h; < [1, causing RPROBE to
search for the boundary s; in an invalid interval.

0,1,...,P—1,denotes the index of the first task assigned to partition
p. Specifically, we define sp = N. Each partition must contain
consecutive tasks, meaning partition p consists of tasks sp,sp +
L...,sp+1 — 1. We define the load Ly of partition p as the sum of
the weights of all tasks within it, i.e., Ly = ZZ ;;_
characterizes the execution time of the processor owning partition
p. We can also compute the prefix sum array W of the weight array
w, that is, W; = Zj‘:o wj, which allows us to efficiently calculate
the load of partition p by L, = Ws -1 — Ws,—1 in O(1) time. The
maximum load of all partitions, B(P) = maxo<p<p Lp, is defined as
the bottleneck of partition P, since the execution time of the entire
system depends on the execution time of the partition with the
maximum load.

The goal of the 1D partitioning problem is to find the optimal
partition Popt with the minimum bottleneck value Bopt = B(Popt)-
When the loads of all partitions are equal, the bottleneck value of
that partition is the ideal bottleneck B*. Clearly, the ideal bottleneck
B* is a lower bound for the optimal bottleneck Bopt.

! wj, thereby L,

3.2 Issues in EXACT-BISECT

In the EXACT-BISECT exact algorithm by Pinar et al. [24], we
begin by running two functions, LR-PROBE and RL-PROBE, to
construct the search range [SLp, SHp] for each partition boundary
sp, where LR-PROBE is the straightforward implementation of the
PROBE function mentioned above, and RL-PROBE is the reverse
implementation of LR-PROBE, conducting the search for partition
boundaries from right to left. Subsequently, EXACT-BISECT exe-
cutes a heuristic to obtain a bottleneck By and performs a binary
search for Bopt using RPROBE within the interval [B*, By].

As mentioned in Section 2.2, EXACT-BISECT faces two issues
that prevent its direct application in SPH simulations:

(1) EXACT-BISECT may produce incorrect results when zero-
load tasks are present because LR-PROBE and RL-PROBE
could construct incorrect search ranges [SLp, SHp] for some
partitions. The strongly compressible SPH method often cre-
ates transient local vacuum areas, preventing us from using
EXACT-BISECT to handle cells that contain no particles.
Note that we cannot simply remove these cells, as this might
result in the loss of some particles in subsequent simulations.
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Algorithm 1: Algorithm LR-PROBE and RL-PROBE
along with their modified versions LR-PROBE-NG and
RL-PROBE-NG
Function LR-PROBE(B, W, N, P):
so «— 0;sp «— N
forp «— 1,P-1do
Btgt — Wsp—l_l +B
sp < UPPER-BOUND (W, 5,1, N, Bigt)

Function LR-PROBE-NG(B, W, N, P):
so < 0;sp — N
forp «— 1,P-1do
Bigt <~ Ws,_,-1+B
sp ¢ LOWER-BOUND (W, s—1, N, Bygt)
if sp # N and W, = Bigt then
L sp—sp+1

Function RL-PROBE(B, W, N, P):

sp < N; Btgt < Wn-1— B

forp — P—-1,0do
sp < LOWER-BOUND (W, 0, 51, Bygt) +1
Bigt <~ Ws,—1 — B

Function RL-PROBE-NG(B, W, N, P):
sp <= N; Bigt < Wn_1 — B
forp «<— P—-1,0do
sp < UPPER-BOUND (W, 0, 51, Begt)
if sp > 0 and Ws,—1 = Bigt then
L sp—sp—1
Bigt Wsp —B;sp —sp+1

(2) EXACT-BISECT obtains the final partitioning result by sim-
ply invoking PROBE(Bgpt), which may lead to imbalanced
outcomes due to the greedy nature of PROBE.

Figure 2 provides an example to illustrate the first issue. In this
instance, we partition 6 tasks (N = 6) into 2 partitions (P = 2),
with an ideal bottleneck of B* = 3. Running LR-PROBE(B*) yields
a partition P; = (0, 3, 6), and running RL-PROBE(B*) yields P, =
(0,2,6). So we have SL; = 3 and SH; = 2, which implies that
RPROBE will attempt to search for the boundary s; of partition
1 in the interval [3, 2], which is clearly incorrect. Regarding the
second issue, consider we need to divide 101 tasks (N = 101), each
with a load of 1, among 100 processors (P = 100). EXACT-BISECT
identifies the optimal load as Bopt = 2. According to the algorithm,
we then run PROBE(2) to generate the partition result. However,
since PROBE is greedy, it initially allocates 2 tasks to each of the
first 50 processors, leaving 49 processors idle after assigning the last
task to the 51st processor. Although the overall system’s execution
time depends on the slowest processor, task load isn’t the sole
determinant of processor execution time; other factors also play
a role. Therefore, having the vast majority of tasks executed by
the first 50 processors may not be an optimal choice. A preferable
strategy would be for one processor to handle 2 tasks, while the
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Algorithm 2: Algorithm BAL-PART
Function BAL-PART (Bopt, B*, W, N, P):
s" « LR-PROBE (Bopt, W, N, P)
s! « RL-PROBE(B*, W, N, P)
for p < 0,P do
L Sp — min{so,sll,}

remaining 99 processors manage one task each, promoting a more
balanced workload distribution.

3.3 EXACT-BISECT+: An Improvement to the
EXACT-BISECT Algorithm

To address these two issues, we propose an improved algorithm for
EXACT-BISECT, denoted as EXACT-BISECT +. We introduce two
new probe algorithms called LR-PROBE-NG and RL-PROBE-NG
to solve the first problem, which are modifications of LR-PROBE
and RL-PROBE, named for their Non-Greedy behavior of leaving
all zero-load tasks at the partition boundary to the next partition.
EXACT-BISECT+ utilizes these four probing functions to construct
the search boundaries of each partition for RPROBE. Specifically, we
execute LR-PROBE-NG(B*) and RL-PROBE-NG(B™) to obtain two
partitions (sg,s(l], .. .,sg) and (sé,s}, el s})), respectively. We also
run LR-PROBE(By) and RL-PROBE(Bp) to obtain two partitions
(sg, sf, e 5123) and (sg, sf, el 5133), respectively. Subsequently, the
lower bound and upper bound for boundary s, of partition p are
set as SLp = max{s?, 513,} and SH), = min{s), slz,}, respectively.

Algorithm 1 presents the probing functions as described. Within
the algorithm, LOWER-BOUND(W, b, e, tgt) performs a binary
search within the index range [b, €) in the non-decreasing array
W to find the smallest index i such that W; > tgt. Conversely,
UPPER-BOUND(W, b, e, tgt) binary searches for the smallest in-
dex i where W; > tgt. Both of them set i = e if an element that
meets the requirement does not exist.

The idea of the algorithm is to efficiently locate the start and end
positions of zero elements at the partition boundary using a combi-
nation of LOWER-BOUND and UPPER-BOUND. This is because if
such zero elements exist, there will be multiple consecutive identical
elements Bigt in the prefix sum array W, and these elements will fall
within the range [I, h), where [ = LOWER-BOUND(W, b, e, Bgt)
and h = UPPER-BOUND(W., b, e, Bgt). It’s worth noting that our
improvements to the algorithm do not increase its complexity or
introduce additional search efforts. All PROBE functions in Algo-
rithm 1 maintain a complexity of O(Plog N), as explained in the
work by Pinar et al. [24]. Our improvements to the algorithm en-
able us to quickly differentiate special elements at the partition
boundaries without needing to traverse all elements with a value
of 0 or introducing additional search efforts.

To address the second issue mentioned earlier, caused by the
greedy nature of PROBE, we propose the algorithm BAL-PART,
as demonstrated in Algorithm 2. The idea of BAL-PART is that
calling PROBE with the ideal bottleneck B* as a parameter results
in the most balanced partitioning. Therefore, combining the out-
comes of PROBE(Bopt) and PROBE(B*) can produce a more bal-
anced partition. Once the optimal bottleneck Bopt is identified,
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Figure 3: Utilizing the Hilbert space-filling curve for domain
decomposition: (a) partitioning without executing the subdi-
vision algorithm; (b) refining the bottleneck regions using
the adaptive recursive cell subdivision algorithm; (c) travers-
ing all leaves in the octree forest according to the Hilbert
order; (d) partitioning using the EXACT-BISECT + algorithm
and then distributing; (e) an exploded view of the parallel
domain after executing recursive subdivision, with different
colors representing different processes.

EXACT-BISECT+ invokes BAL-PART (Bopt, B*) to obtain the final
partitioning result, instead of calling PROBE(Bopt) as in the algo-
rithm EXACT-BISECT.

4 IMPLEMENTATION AND OPTIMIZATION

4.1 The Adaptive Recursive Cell Subdivision
Algorithm

In scenarios of extreme load imbalance, the number of particles
contained in different cells can also vary significantly. There are
three reasons to further reduce the load of each cell: (1) The maxi-
mum value in the load array, wmax, is one of the lower bounds for
the optimal solution Bopt, because this task must be completely as-
signed to a specific partition. (2) Cells with excessive loads can lead
to significant disparities in the load between different partitions,
especially when they occur near partition boundaries as shown in
Figure 3(a). (3) When scheduling cells to CPE threads for processing,
coarse-grained cell partitioning methods result in an imbalance of
load among threads.

Our adaptive recursive cell subdivision strategy is capable of
identifying cells with excessive loads and subdividing them into
sub-cells. Specifically, cells with a load exceeding a given threshold
are subdivided into 2 X 2 X 2 sub-cells, and this process is recur-
sively repeated for all sub-cells until their loads do not exceed the
threshold, or a certain recursion depth is reached. The top-level
cell and all its subdivided sub-cells form an octree, where each
cell’s 8 sub-cells correspond to its 8 child nodes. All top-level cells
form an octree forest. We are interested in the sub-cells on the leaf
nodes of all octrees, whose volumes adaptively vary according to
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Figure 4: The structure of the cell ID, where TX,TY, TZ repre-
sent the x, y, z-dimension indices of the top-level cell, respec-
tively, SC is the index of the sub-cell at each level, and N is
the length of the SC segment.

the particle density in their respective spaces as shown in Figure
3(b) and Figure 3(c).

After updating the positions of particles, we need to determine
their residing sub-cells based on their spatial locations. In the naive
implementation, it is necessary to locate the top-level cell the parti-
cle belongs to and then calculate its way down the corresponding
octree from the top-level cell through intermediate sub-cells to
the leaf sub-cell. This process requires a considerable amount of
floating-point coordinate calculations. We propose a strategy that
benefits from our carefully designed cell ID system, allowing the
determination of the leaf sub-cell a particle resides in with just a
single level of floating-point coordinate calculations and a few bit
operations. We represent a cell’s unique ID with a 64-bit integer,
as shown in Figure 4. The high 30 bits of the cell ID denote the
three-dimensional index of the top-level cell to which this cell be-
longs, with each 10 bits storing an index for one dimension, thereby
capable of representing 230 top-level cells. The SC segment in the
figure uses 30 bits to store the within-level index of the cell and
all its ancestor cells in the octree. Since we subdivide a cell into
8 sub-cells at each level, we use 3 bits to represent the index of
each level of sub-cell, allowing for the representation of all cells
generated by up to 10 levels of recursive subdivision. The remaining
4 bits are used to indicate the used length of the SC segment, i.e.,
the depth of the cell within the octree.

To calculate the ID of the cell to which the particle belongs based
on its spatial coordinates, it is necessary to gather the maximum
depth D of the recursive subdivision performed by all processes
and the side length (wy, wy, wy) of the sub-cells at that depth in ad-
vance. We need to calculate the three-dimensional index (cx, ¢y, cz)
of the cell the particle is in, as if there were an imaginary com-
putational domain division in which all cells have the same size
(wx, wy, wz) and the particle belongs to an imaginary cell with
coordinates (cx, ¢y, ¢z). Then we directly construct the cell ID id; of
this imaginary cell using Algorithm 3 based on (cx, ¢y, ¢z), where
all arithmetic operations can be efficiently performed using cor-
responding bitwise operations. We only need to binary search for
the largest cell ID id, satisfying id, < id; in the ordered sequence
of cell IDs composed of all real cells’ IDs, and id, will be the ID of
the cell containing the particle. The principle behind this algorithm
is that the actual cell id, where the particle resides must be the
same as the imaginary cell id; or one of its ancestors. The design
of our cell ID ensures that if one cell is the ancestor of another, the
higher bits of their IDs are identical, and the closer two cells are,
the more identical bits they have. This means that id, and id; share
the maximum number of identical high bits, making id, the closest
ID to id;.
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Algorithm 3: Algorithm for directly constructing the cell
ID from its 3D coordinates
TX — |ex /2P|, TY < |_cy/2DJ; TZ « |c;/2P];SC 0
ford «— 0,D—-1do
Extract the d-th bit xy4, y4, z4 of cx, Cys Czs respectively
L SC = SC + x4 x 2382 4y x 23441 4 7, % 23d

SC — SCx239-3D; N D
Construct the cell ID from (TX,TY,TZ,SC,N)

4.2 Dynamic Thread-Level Task Scheduling
Strategy Based on Task List

We propose a dynamic task scheduling strategy based on a task
list to further balance the computational tasks assigned to each
process among all CPE threads. We treat the interaction computa-
tion between a cell and all its neighbors as a single task, aiming to
enable different tasks to be executed in parallel without data races
as shown in Figure 5(2). Since we cannot predict the computational
cost of each task in advance due to the support domain varying
with particle density, leading to some particle pairs being ignored
in actual calculations, a static scheduling approach that pre-assigns
tasks cannot balance the load across each CPE evenly. In our strat-
egy, we maintain a task queue shared by all CPEs. After completing
its current task, each CPE autonomously retrieves a new task from
the queue, thus dynamically scheduling tasks based on their actual
execution times. We use a global counter to manage tasks that have
been executed in the task queue and efficiently update this counter
using atomic instruction provided by Sunway, to prevent conflicts
when multiple CPE threads update the counter simultaneously.

CPE Cluster

N ® oE.HE-EEEE
Ct{fﬁig:':T‘ ° ° 256KB SPM of CPE :I_J" t_| |_‘_| J:
i % (hid BEkE T :
[egldist} cutoff ! Cache  LDM :‘:/E %@EH@EHQEH :

Sol e 7 ) 3 1 T

g° °fc ° ° H 00, 00,00
EI_J"I__I"l_:_l |_:JE

@ lz::lleeltask E 00O :|¢$|: ]@Ej E

Sorted particles in ,
main memory == 7 ~TTTT777
co,[co, [ co ) en 7 @
Counter task
< @ O] Busy cPE

Append task Atomic Increment “
Task Task Task Task Task Task

Time Line

Figure 5: Dynamic thread-level task scheduling for load bal-
ancing and task parallelism: 1. excluding cells outside the
cut-off radius and create tasks; 2. 64 CPEs act as workers,
using atomic increment instructions to acquire ready tasks
from the task queue and perform computations; 3. utilizing
scratch-pad memory to enhance the spatial and temporal
locality of data.

The presence of leaf sub-cells at different subdivision depths
increases the difficulty of locating their neighboring cells, due to
their varying volumes and irregular positions. To address this, we
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implement a strategy based on shared neighbor lists, where each
cell is associated with a list composed of all its neighboring cells.
We consider that if two sub-cells are within neighboring top-level
cells, there exists an interaction relationship between these two
sub-cells, enabling us to construct the neighbor list based on the
top-level cells. The advantage of this method is that all sub-cells of
the same top-level cell within the same process can share the same
neighbor list, which reduces the frequency of constructing neighbor
lists and the overhead of storing them. We dynamically construct
the complete task list based on the neighbor list that has been built.
Since we may inadvertently include some cells beyond the support
domain in the neighbor list due to the smaller support domain radii
in high-density particle areas, we compare the distances between
cells and remove from the task list those neighbor cells that fall out-
side the support domain as shown in Figure 5(1). Benefiting from
the recursive subdivision strategy, our method can dynamically
adjust the number of cell pairs involved in interactions with fine
granularity based on particle density. Especially in areas where par-
ticles are heavily aggregated, our method can significantly reduce
the overhead of searching for neighboring particles.

5 EXPERIMENTAL EVALUATION

In this section, we implement our load balancing strategy on the
new Sunway supercomputer, based on the work of Zhang et al.
[33]. We evaluate the effects of our strategy on load balancing
between processes and threads, as well as the scalability of our
implementation across different parallel scales.

5.1 Process-Level Load Balancing Performance
Evaluation

In this experiment, we compare the process-level load balancing
effects of EXACT-BISECT+, EXACT-BISECT + combined with the
recursive cell subdivision strategy, and the heuristic used in the
work of Zhang et al. [33]. Our experiments simulate the converging
Richtmyer-Meshkov instability using 1 billion particles. As the
shockwave converges towards the central interface area, particle
aggregation causes the particle density in the central region to
be tens to hundreds of times higher than in other areas. Figure
6 shows our experimental results on small-scale tasks involving
27,000 top-level cells and up to 2000 processes.

Running time and bottleneck. Figure 6 demonstrates a high
consistency between the bottleneck values and the overall compu-
tational time of the system, indicating that the bottleneck values
accurately reflect the computational costs of the slowest process.
Moreover, under scenarios of extreme load imbalance, the heuristic
algorithm significantly underperforms compared to the exact algo-
rithm, suggesting that heuristic algorithms are susceptible to data
distribution and are less suitable for SPH simulations. Using only
the exact algorithm can achieve approximately a 1.3X performance
improvement.

On the other hand, as the number of target partitions increases,
the effectiveness of the exact algorithm gradually declines, as indi-
cated by the optimal bottleneck values Bopt no longer decreasing
when the number of partitions is high (1200 to 2000 partitions). This
“bottleneck limit” results in a persistently high load on the slowest
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Computational Time with Load Balance
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Figure 6: Load balancing effects and computational time of SPH simulations using different strategies for dividing 27,000
top-level cells containing a total of 1 billion particles across 400 to 2000 processes. The computational time is measured based
on the slowest process. The bottleneck and load balance derive from the output of the 1D partitioning algorithm. We use the
ratio of the average computational time of all processes to the runtime of the slowest process as another metric to assess the

load balancing effectiveness.
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Figure 7: Load balancing effects and computational time of
SPH simulations using different strategies for dividing 1 mil-
lion top-level cells across 1200 to 4000 processes. The com-
putational time is measured based on the slowest process
and the load balance is calculated as the ratio of the average
computational time of all processes to the computational
time of the slowest process.

partition, preventing further reduction in computation time by in-
creasing the parallel scale when the number of processes exceeds
1200. The recursive cell subdivision strategy can break this limit
and restore good scalability to the system. Our experiments show
that a four-level cell subdivision can yield approximately a 2.8x
performance improvement.

Load balance. We record the computational times of each pro-
cess and calculate the balance of execution times across different
processes. The experiments demonstrate that the load balance cal-
culated by the 1D partitioning algorithm almost accurately reflects
the load balance measured by actual execution times. It is noted that
using either heuristic or exact algorithms alone results in a trend
of decreasing load balance as the number of target partitions in-
creases, because the rate of reduction in bottleneck values is slower
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Figure 8: Performance speedup of the MPE-only and CG-
accelerated version on a single node.

than the rate of increase in the number of partitions. In contrast,
the recursive cell subdivision strategy enables EXACT-BISECT+
to partition tasks with finer granularity, thus maintaining a nearly
constant level of load balance regardless of the number of target
partitions.

Figure 7 shows the load balancing performance of our algorithm
on large-scale tasks involving 1 million top-level cells and up to
4,000 processes. Due to the significant increase in top-level cells,
which makes each cell’s load more even—as if several levels of
cell subdivision had been pre-executed—the algorithm’s effective-
ness is not as pronounced as in smaller-scale settings. The exper-
iments demonstrate that our strategy can deliver about a 1.25x
performance improvement and produce a load balancing effect that
remains nearly constant regardless of the number of partitions, mak-
ing our process-level load balancing strategy particularly suitable
for scenarios with a large number of partitions.
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Figure 9: Strong scaling results with 100 billion particles on
2,500 to 100,000 CPUs
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Figure 10: Weak scaling results with 10 million particles per
process, scaling form 1 to 100,000 CPUs

5.2 Single Node Evaluation

Figure 8 exhibits the performance speedup of our implementation
on a single node. This experiment evaluated the execution time
of simulations involving particle counts ranging from 1 million to
10 million on a single CPU. By carefully adjusting the grid sub-
division threshold, the particle data within a task was optimized
to fit perfectly within a 128KB cache, maximizing computational
performance. The experiment recorded the total execution time for
both MPE-only computations and those accelerated by 384 CPEs.
The results indicate that, in comparison to the MPE-only version,
the CPE-accelerated version delivered a remarkable performance
speedup of 210 times and 213 times for simulations with 1 million
and 10 million particles, respectively.

5.3 Strong and Weak Scaling

Figure 9 demonstrates the strong scalability of our SPH implementa-
tion with our load balancing strategy on the Sunway supercomputer.
We evaluate our implementation using a test case with 100 billion
particles on 2,500 to 100,000 CPUs, assessing computational, com-
munication, and other operational overheads. Experimental results
indicate that our implementation can achieve nearly 90% parallel
efficiency on up to 100,000 nodes.
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Figure 10 illustrates the weak scalability demonstrated by our
implementation. This experiment involves each CPU handling 10
million particles, scaling from 1 CPU to 100,000 CPUs, with a total
ranging from 10 million to 1 trillion particles. The results indicate
that our implementation can maintain a parallel efficiency of 80.4%
at a parallel scale of up to 100,000 nodes.

6 VISUALIZATION

The case is characterized by an inward-moving spherical air shock
impacting a 40 X 40 X 40 cubic SFs gas located at the the center
of a spherical domain whose radius ry equals 500mm. Similiar to
the work of Huang [17], the initial spherical shock is generated by
isodensity air with an initial pressure discontinuity at r; = 300mm.
The initial shock takes a Mach number 1.045, which corresponds to
an initial pressure ratio of 1.229 between the high-pressure and low-
pressure zones. The initial particle spacing is chosen as Iy = 0.8mm
and the total particle number is around 1 billion.

While the initial physical properties of the low pressure air and
SFg are listed in the Table 1. p is mass density, ¢ is sound speed, and
y is specific heats of ideal gas.

Table 1: Parameters corresponding to gas properties

Gas v plkg/m®) c(m]s)
Air 14 1.19 345
SF¢ 1.094 5.79 135

In order to decrease the kelvin-helmholtz instability effect by
initial particle distribution, the density and pressure are smoothed
between different zones. The initial specific heat of gas of Air-SF
is also smoothed within a limited area using the following formula:

15700\
o(r) = 1.4 — 0.306 (l+e % )
3’ (1)

r = min(|x|, [yl. |z])

Here ry is the distance from the origin to the geometric center of
the square SFq surface. Figure 11 plots the results of the simulation at
dimensionless time 7 = t/t, = 0.94, 1.40, 2.18, 10, where t. = L/Wjo.
L is the distance from the origin to the apex of SFe-Air interface, and
Wi is the shock speed when the shock arrives at the apex. As Figure
11 shows, the inward spherical shock first arrives at the geometric
center of the square surface, thus pushes the affected area move
inward and creates spikes at the apex and the edge of the cubic, as
is seen in (a.1) and (b.1). The post-shock fluids move inward, and
thus the interior SF is continuously compressed, which indicates a
considerable compressibility for the converging RMI, therefore the
unbalance of load. As the shock approaches the origin, the surface
gradually develops into bubbles, as is shown in (a.2), and in the
section in (b.2) the interface looks like a shining star. Meanwhile
the density in the origin area has exceeded 8 times the bottleneck
value, thus triggering recursive subdivision. After arrival of shock
at the origin, the reflected transmitted shock interacts with the
evolving interface again, and the bubbles move outward and then
reverse into spikes (a.3). The interface in sections (b.1), (b.2), (b.3)
is analogous to the 2d experimental results [28]. At dimensionless
time 7 = 10, the spike head develops into a mushroom structure
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Figure 11: The plots for SF¢-Air interface evolution at dimensionless time 7 = 0.94, 1.40, 2.18, 10. (a) is 3d snapshots of SF¢ gas. (b)

is section of 3d SF at x € [0, ]

(a.4) similar to that of the single-mode RMI[8]. As shown in the
Figure 11(b), our adaptive refinement strategy dynamically adjusts
the size of the cell as the shock wave evolves, thereby achieving
dynamic load balancing.

7 CONCLUSION

In this paper, we propose a three-level load balancing strategy to
address the issue of extreme load imbalances in large-scale SPH sim-
ulations. The improved 1D exact partitioning algorithm efficiently
distributes cells to be processed among processes. The adaptive
recursive cell subdivision strategy breaks up heavily loaded cells,
enhancing the effectiveness of the 1D partitioning algorithm and
reducing the granularity of task division. The thread-level task
scheduling strategy dynamically assigns tasks to each CPE based
on the actual execution time of tasks, regardless of the subdivision
depth of the leaf cells.

Our implementation on the Sunway system demonstrates excel-
lent load balancing capabilities for both small-scale and large-scale
tasks. Notably, our strategy’s ability to break the bottleneck limit
and maintain stable load balancing makes it particularly suitable
for large-scale load balancing tasks. The thread-level load balancing
strategy efficiently utilizes parallel resources and results in signif-
icant performance improvements. Our experiments indicate that
the strategy we propose exhibits good scalability under large-scale
parallelism across one hundred thousand nodes.
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