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Featured Application: The proposed algorithm and optimization methods can be used directly
in the high-precision and large-scale fluid mechanical algorithm of the Sunway TaihuLight
supercomputer and computing platforms with a heterogeneous many-core architecture.

Abstract: Fluid mechanical simulation is a typical high-performance computing problem. Due to the
development of high-precision parallel algorithms, traditional computing platforms are unable to
satisfy the computing requirements of large-scale algorithms. The Sunway TaihuLight supercomputer,
which uses the SW26010 processor as its computing node, provides a powerful computing performance
for this purpose. In this paper, the Sunway hierarchical parallel fluid machinery (swHPFM) framework
and algorithm are proposed. Using the proposed framework and algorithm, engineers can exploit the
parallelism of the existing fluid mechanical algorithm and achieve a satisfactory performance on the
Sunway TaihuLight. In the framework, a suitable mapping of the model and the system architecture
is developed, and the computing power of the SW26010 processor is fully utilized via the scratch pad
memory (SPM) access strategy and serpentine register communication. In addition, the framework is
implemented and tested by the axial compressor rotor simulation algorithm on a real-world dataset
with Sunway many-core processors. The results demonstrate that we can achieve a speedup of up to
8.2×, compared to the original ported version, which only uses management processing elements
(MPEs), as well as a 1.3× speedup compared to an Intel Xeon E5 processor. The proposed framework
is useful for the optimization of fluid mechanical algorithm programs on computing platforms with a
heterogeneous many-core architecture.

Keywords: high-performance computing; sunway TaihuLight supercomputer; fluid machine
algorithm; heterogeneous many-core architecture

1. Introduction

A fluid machine is a type of powerful machine that uses continuously rotating blades as its
body to convert energy between working fluids (fluid, gas, liquid or a gas–liquid mixture) and shaft
power. Fluid machines can be divided into axial flow, radial flow, mixed flow, and combined flow
machines and mainly include vane compressors, blowers, fans, and pumps. They are widely used in
the national defense military, aerospace, and national pillar industries, and they play an important role
in many national economies [1]. The fluid mechanical simulation algorithm provides a large amount
of instructive data for the fluid mechanical design, which can effectively reduce design costs. However,
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due to the development of high-efficiency, high-precision, and high-expansion parallel algorithms for
large-scale fluid machinery, the traditional computing platforms are unable to satisfy the computing
requirements of the large-scale fluid mechanical algorithm. The Sunway TaihuLight supercomputer
provides a powerful computing performance; its theoretical peak performance reaches 125.44 PFlop/s,
and its high-performance linpack benchmark (HPL) performance is 93.01 PFlop/s [2]. However, it is
difficult to obtain a good performance on SW26010 processors due to the limited local memory space of
each computing processing element (CPE). What is more, normal C/C++ and FORTRAN codes can only
use the management processing elements (MPEs) and cannot achieve the best possible performance.
Fully utilizing Sunway TaihuLight’s multilevel computing resources, in combination with the system
architecture and algorithm, to exploit the parallelism of applications and to fully utilize the powerful
computing power of its SW26010 processor is one of the main challenges in efficiently simulating
fluid machinery.

At its inception, the simulation algorithm of fluid mechanics was limited by computer hardware
performance, thereby resulting in a small parallel scale and low precision. The simulated model was
geometrically regular and simple, and it was difficult to obtain valuable results that were comparable
with those of engineering experiments. Thanks to the development of high-performance computing,
the exponential growth of computing power provides favorable conditions for the large-scale parallel
algorithm of fluid machinery. With the maturity of the parallel programming standards, such as Message
Passing Interface (MPI) and Open Multi-Processing (OpenMP), the parallelization of the high-efficiency
multiblade row and multichannel unsteady simulation have been realized [3]. The portability and
scalability of GPU speedup methods have been demonstrated in radiative heat transfer calculations [4].
The MPI-OpenMP hybrid method has been used to conduct a scalable parallelization of a pseudospectral
calculation of fluid turbulence [5]. The three-level parallel method of MPI, OpenMP, and Compute
Unified Device Architecture (CUDA) has been used to extend the finite difference method (FDM)
to solve the steady-state heat conduction equation in order to fully utilize the computing power of
multicore and CUDA cores [6]. The best MPI-OpenMP distribution to accelerate the program on Intel
Many Integrated Core (MIC) cluster has been researched [7]. In addition, in other fields of research,
a novel method and tool for Sparse matrix-vector (SpMV) multiplication has been proposed [8].
A flexible parallel merge sorting for multicore architectures has been proposed to efficiently use all
computing resources and increase the efficiency of sorting [9]. A real-time digital image correlation
(DIC) has been implemented in GPUs [10]. The GPU-based 3-D motion tracking has been implemented
to improve its computational efficiency [11]. A Spark-based parallel genetic algorithm (GA) has been
proposed to obtain the optimal deployment of the underwater sensor network [12]. A compliant parallel
mechanism (CPM) has been designed to provide a large load capacity and achieve micrometer-level
positioning accuracy [13].

Various studies have been conducted on large-scale parallel program optimization for the
Sunway TaihuLight. A nonlinear seismic simulation, based on the Sunway TaihuLight, has been
implemented. Using register communication, SIMD and other optimization schemes, a performance of
up to 18.9 PFlops has been realized [14]. A highly scalable full-implicit solver, based on the strong
time-dependence problem of atmospheric dynamics, in which a memory-related block optimization of
the local data memory (LDM) is utilized to reduce the data movement overhead, has been designed [15].
A performance-aware model for general sparse matrix-sparse matrix multiplication (SpGEMM) to
select an appropriate compressed storage formats, according to the performance analysis of SpGEMM
kernels, has been proposed [16]. The new projected entangled pair states method (PEPS++) for strongly
correlated quantum many-body systems, based on a carefully designed tensor computation library for
manipulating high-rank tensors and optimizing them by invoking various high-performance matrix
and tensor operations, has been implemented [17]. A 50-m resolution earthquake simulation of the
Wenchuan Earthquake (Ms 8.0 China) on the Sunway TaihuLight has been performed [18]. A sparse
level tile data layout for controlling all data reuse and a producer-consumer pairing method have been
proposed [19]. The training process of convolutional neural networks (CNNs), in which customized
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deep learning (swDNN) and customized Caffe (swCaffe) by architecture-oriented optimization methods
are proposed, have been optimized [20].

However, few optimization studies have been conducted on the fluid mechanical algorithm
for the Sunway TaihuLight. The SunwayLB for the Lattice Boltzmann Method (LBM) has been
proposed [21]. However, this study only optimized LBM and did not implement a specific fluid
dynamics algorithm program.

Therefore, an efficient algorithm and framework for fluid machinery algorithm is proposed in this
paper. For the SW26010 many-core processor, according to the characteristics of the application and
based on the Athread library, an SPM access strategy-based direct memory access (DMA) and Serpentine
register communication are proposed to fully utilize the slave computing resources. In addition,
the framework is implemented and tested by the proposed axial compressor rotor algorithm on a
real-world dataset. The proposed algorithm and framework have great significance for the efficient
optimization of the fluid mechanical algorithm on computing platforms with the Sunway TaihuLight
many-core architecture.

The remainder of this paper is organized as follows: The proposed algorithm framework and the
optimization method are described in detail in Section 2. Next, Section 3 presents the results of the
results and performance comparison analysis of the algorithm and swHPFM framework. In Section 4,
comprehensive experiments are conducted to discuss and evaluate the performance of the algorithm
swHPFM parallel framework in detail. Finally, the conclusions of this work are presented in Section 5.

2. Materials and Methods

2.1. SW26010 Processor Architecture and Analysis

The Sunway TaihuLight supercomputer was developed by the National Parallel Computer
Engineering Technology Research Center. Each computer node contains a SW26010 heterogeneous
many-core processor. Each processor is composed of four core groups (CGs), as illustrated in Figure 1.
Each CG contains an MPE for latency-sensitive tasks and a CPE cluster of 64 CPEs that are organized
as an 8 × 8 mesh for throughput-sensitive tasks.
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groups (CGs). Each CG contains an management processing element (MPE) for latency-sensitive tasks
and a computing processing element (CPE) cluster of 64 CPEs, which are organized as an 8 × 8 mesh
for throughput-sensitive tasks.
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Analyzing the computing performance, both the MPE and CPE support vectorization instructions
and the fused multiply add (FMA) operation, with a frequency of 1.45-GHz. In addition, the MPE
supports dual floating-point double precision (DP) pipelines, and each slave core supports one
floating-point DP pipeline. Therefore, the peak performance of the double precision on MPE is 23.2
floating-point operations per second (GFLOPS), and the peak performance of the CPE cluster is 742.4
GFLOPS. In an SW26010 processor, the overall performance of the CPE cluster is 32× that of the MPE [18].
In addition, the MPE supports complete interruption handling, memory management, superscalar
processing, and out-of-order execution. Therefore, the MPE performs well in data communication and
task management. The CPE is responsible for data parallel computing. Therefore, with the MPE and
CPEs working together and distributing kernel functions to CPEs, the computing performance of the
SW26010 processor could fully exploited.

In terms of the memory architecture, the SW26010 processor has 32 GB of main memory, and each
CG has 8 GB of local main memory. In addition, each MPE has a 32-KB L1 data cache and a 256-KB L2
instruction/data cache, and each CPE has its own 16-KB L1 instruction cache and a 64-KB MPE, whose
access speed is equal to that of the L1 cache. The CPE has two types of memory access to the main
memory: DMA and global load/store (Gload/Gstore). According to a Stream benchmark test, when
being accessed by Gload/Gstore instructions, the Copy, Scale, Add, and Triad maximum bandwidths
are only 3.88 GB/s, 1.61 GB/s, 1.45 GB/s, and 1.48 GB/s, respectively. Correspondingly, when using
DMA PE mode, the maximum Copy bandwidth reaches 27.9 GB/s, the maximum Scale bandwidth is
24.1 GB/s, the Add bandwidth is 23.4 GB/s, and the Triad bandwidth is 22.6 GB/s [22]. According to the
above data, the DMA prefers transferring massive data from the main memory to the SPM of the CPE,
and Gload/Gstore prefers transferring small and random data between the main memory and the SPM.
Moreover, due to the space limitation of 64 KB of the SPM, redundant data cannot be stored, and a
user-controlled buffering strategy is needed to improve the data reuse rate in order to fully utilize the
LDM space. In addition, one of the key features of the SW26010 processor is that the CPE cluster offers
low-latency register data communication within the 8 × 8 CPE mesh. According to Table 1, the delay
of point-to-point communication is approximately 10 cycles, with a delay of approximately 14 cycles
for row and column broadcasts [23]. However, due to the limitations of the mesh hardware, the data in
the register can only be communicated between the CPEs in the same row or column. This type of
communication effectively reduces the delay caused by accessing the main memory. It is important to
fully utilize SPM and register communication when optimizing the slave-core in parallel.

Table 1. Delay of the Register Communication.

Register Communication Cycles

Point-to-Point delay 10
Line broadcast delay 14

Column broadcast delay 14

2.2. Design and Implementation of swHPFM

2.2.1. Algorithm and task mapping scheme

Large fluid machinery has a physical structure that consists of multiplexers, multiblade rows,
multiblade channels, and multi-regions [24]. Correspondingly, it is necessary to communicate the
boundary data between blade rows when designing simulations. In addition, blade channel boundary
and regional boundary communication are required, as illustrated in Figure 2. In order to illustrate
the blade row and blade channel, the geometric model of the axial compressor is shown in Figure 3,
in which red blades represent rotor blades, green blades are stator blades, and the polygon stands for
the blade channel. The blade channel can be divided into blade regions. The full circle is the blade row.
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Figure 2. Parallel hierarchy of the axial compressor rotor. Large fluid machinery has a physical structure
that consists of multiplexers, multiblade rows, multiblade channels, and multi-regions.
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Similarly, the Sunway TaihuLight has a multilayer hardware architecture that consists of cabinets,
supernodes, processors, and CGs, as shown as in Figure 4. From the bottom up, the main components
are the CG of MPE+64CPEs, the SW26010 processor, which is composed of four CGs, and the super
nodes, which are composed of 256 nodes. The four supernodes constitute the cabinet. The multilevel
parallelism of the fluid mechanical model and the multilayer hardware architecture of the Sunway
TaihuLight naturally correspond to each other, which provides favorable conditions for the task
mapping of them.

Appl. Sci. 2019, 9, x FOR PEER REVIEW 6 of 20 

 

Thanks to its powerful logic control and interruption handling capabilities, the MPE on the node 
is responsible for handling complex scheduling tasks and decomposing the tasks of the blade rows 
into computing tasks of the kernel functions, shown as Equation (1), to complete the iterative 
calculation of the flow field. swHPFM distributes the kernel functions to the CPEs. Simultaneously, 
during the simulation, each CG returns data that are calculated by the CPE cluster in the main process 
to determine whether the calculation has converged and whether to exit the flow field simulation. 

 
Figure 4. Mapping scheme of swHPFM for the physical model and the hardware architecture. The 
multilevel parallelism of the fluid mechanical model and the multilayer hardware architecture of the 
Sunway TaihuLight naturally correspond to each other. 

The algorithm of the axial compressor rotor designed in this paper is suitable for the finite 
volume method. The differential form of the fluid control equations is expressed in Equation (1) 

z
H

y
G

x
FI

z
H

y
G

x
F

t
U vvvcc

∂
∂

+
∂

∂
+

∂
∂

+=
∂

∂
+

∂
∂

+
∂

∂
+

∂
∂ c

 
(1) 

where U stands for the conservation-type solving vector, cF , cG  , and cH  are the convection vectors 

along the coordinate directions x, y, and z, respectively, vF , vG , and vH  denote the viscous vectors 
along the three coordinate directions, and I represents the source term. In addition, each vector has 
six components, which represent the continuity equation, the three-directional momentum 
component equation in Cartesian coordinates, the energy equation, and the S-A (Spalart-Allmaras) 
turbulence equation [25]. The expressions of the terms are shown in Equation (2, 3). 



























Ω−
+

=



























Ω−

+
=


























+

=



























=

z

z

zz

yz

xz

z

c

y

y

zy

yy

xy

y

c

x

x

zx

yx

xx

x

c
z

y

x

wv
phw
pvw

vw
vw

w

H

wv
phw

vw
pvw

vw
w

G

wv
hw
vw
vw

pvw
w

F

v
e
v
v
v

U

~

,

~

,

~

,

~ ρ
ρ
ρ
ρ
ρ
ρ

ρ
ρ
ρ
ρ
ρ
ρ

ρ
ρ
ρ
ρ
ρ
ρ

ρ
ρ
ρ
ρ
ρ
ρ

 
(2) 



























=



























=



























=



























Ω−
Ω

=

z

z

zz

zy

zx

v

y

y

yz

yy

yx

v

x

x

xz

xy

xx

v

v

y

z HGF

I

v
v

I

α
β
τ
τ
τ

α
β
τ
τ
τ

α
β
τ
τ
τ

ρ
ρ

0

,

0

,

0

,

0

0
0

~

 
(3) 

Figure 4. Mapping scheme of swHPFM for the physical model and the hardware architecture.
The multilevel parallelism of the fluid mechanical model and the multilayer hardware architecture of
the Sunway TaihuLight naturally correspond to each other.

swHPFM adopts two levels of parallelism: coarse-grained task parallelism and fine-grained data
parallelism. Before submitting the simulation job to the Sunway TaihuLight supercomputer, the cost
of MPI communication among nodes, Costcommunication = Sizecommunication × f requency, was calculated.
The MPI tasks are allocated under the principle of minimizing the communication cost. The mapping
scheme of swHPFM for the simulation model and the hardware architecture is illustrated in Figure 4.

Thanks to its powerful logic control and interruption handling capabilities, the MPE on the node
is responsible for handling complex scheduling tasks and decomposing the tasks of the blade rows into
computing tasks of the kernel functions, shown as Equation (1), to complete the iterative calculation
of the flow field. swHPFM distributes the kernel functions to the CPEs. Simultaneously, during
the simulation, each CG returns data that are calculated by the CPE cluster in the main process to
determine whether the calculation has converged and whether to exit the flow field simulation.

The algorithm of the axial compressor rotor designed in this paper is suitable for the finite volume
method. The differential form of the fluid control equations is expressed in Equation (1)

∂U
∂t

+
∂Fc

∂x
+
∂Gc

∂y
+
∂Hc

∂z
= I +

∂Fv

∂x
+
∂Gv

∂y
+
∂Hv

∂z
(1)

where U stands for the conservation-type solving vector, Fc Gc, and Hc are the convection vectors
along the coordinate directions x, y, and z, respectively, Fv, Gv, and Hv denote the viscous vectors
along the three coordinate directions, and I represents the source term. In addition, each vector has six
components, which represent the continuity equation, the three-directional momentum component
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equation in Cartesian coordinates, the energy equation, and the S-A (Spalart-Allmaras) turbulence
equation [25]. The expressions of the terms are shown in Equations (2) and (3).

U =



ρ
ρvx

ρvy

ρvz

ρe
ρṽ


, Fc =



ρwx

ρwxvx + p
ρwxvy

ρwxvz

ρwxh
ρṽwx


, Gc =



ρwy

ρwyvx

ρwyvy + p
ρwyvz

ρwyh−Ωp
ρṽwy


, Hc =



ρwz

ρwzvx

ρwzvy

ρwzvz + p
ρwzh−Ωp
ρṽwz


(2)

I =



0
0

ρΩvz

−ρΩvy

0
Iṽ


, Fv =



0
τxx

τxy

τxz

βx

αx


, Gv =



0
τyx

τyy

τyz

βy

αy


, Hv =



0
τzx

τzy

τzz

βz

αz


(3)

where ρ stands for the density, vx, vy, and vz mean the absolute velocity component in three coordinate
directions, wx, wy, and wz represent the absolute velocity component in three coordinate directions, e is
the ratio of the total energy, and ṽ is the eddy current viscosity variable. The physical meanings and
expressions of the other items can be seen in reference [26].

To increase the convergence speed, the solver uses the Runge-Kutta (R-K) explicit time method to
simulate the flow field. The convection term and the diffusion term in the solver are discretized via
the central differential scheme. In addition, to improve the accuracy and efficiency of the algorithm,
redundant terms were constructed. The local time step method and implicit residual smoothing method
are used to accelerate the convergence. Among them, since the second-order explicit central scheme
of the non-convective diffusion equation is unstable, the R-K method constructs an explicit artificial
viscous smoothing numerical oscillation. The implicit residual smoothing replaces the original residual
value by weighting the residual at the nodes and the adjacent nodes, accelerating the smoothing of the
residual and enlarging the stability range of the time step. In addition, to smooth the residual, while
reducing the calculational burden, the residual smoothing is performed only at odd steps in the R-K
time marching method [24].

In this paper, a multigrid method, namely, the full multigrid (FMG) method, was used to accelerate
the algorithm, which is illustrated in Figure 5. First, the iteration was performed on the coarse grid
(Level 3) until the error satisfied convergence criteria, and the iteration process on this layer was
completed. Then, the numerical solutions and errors were interpolated to the medium grid (Level
2), where they were iterated via the V-cycle approach, until the convergence criterion was satisfied.
Finally, the results were interpolated to the fine grid (Level 1) [27]. This process was iterated, until the
convergence of the numerical solution on Level 1 was obtained.
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The algorithm flow chart in each node is illustrated in Figure 6. First, the flow field was initialized
by reading the input grid file, which specifies the number of grids, the grid coordinates, the grid values,
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and various physical parameters. Then, the core iteration process of the algorithm, namely, the R-K
explicit time marching method, was executed, whose main objective was to solve the equation via
iteration, until the results converged. At the same time, multiple nodes were executed in parallel,
and the data between nodes communicated through MPI.Appl. Sci. 2019, 9, x FOR PEER REVIEW 8 of 20 
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parallel, and the data between nodes communicate through message passing interface (MPI).

Correspondingly, the swHPFM simulation computing on each CG of SW26010 processor is
illustrated in Figure 7. As previously analyzed in this paper, the MPE is responsible for judging and
controlling the whole simulation cycle, including calling the file reading module to read the grid data
and communicating the boundary data by using the MPI. The CPE is responsible for data parallel
computing. Therefore, kernel functions, such as the original quantity, residual, and source term,
are distributed to exploit the computing performance.

For the structured grid fluid mechanical simulation algorithm, the main computing characteristic
is regular memory access. In detail, the access mode is continuous access and regular stride access.
However, in the innermost part of the array, although it is regular, the stride size is so large that the
mode is close to discrete access, and the memory access cost is high [28].

To efficiently distribute data to the CPEs, the SPM access strategy, which is based on the
computing characteristics, serpentine register communication, and SIMD was proposed to improve
the computing performance.
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Figure 7. Parallel computing of master-slave cores in CGs. The MPE is responsible for judging and
controlling the whole simulation cycle, including calling the file reading module to read the grid data
and communicating the boundary data by the MPI. The CPE is responsible for data parallel computing.

2.2.2. SPM Access Strategy Based on DMA

In the structured grid axial compressor rotor algorithm, the array structure can be divided into
two regions, namely, an outer layer and an inner layer, as illustrated in Figure 8. For many functions,
such as the original quantity, residual, and source item, only the inner layer is calculated, without
communicating the outer-layer data. Since the size of the SPM is only 64 KB, it is wasteful to transmit
redundant data to the SPM. The proposed SPM access strategy (SAS) can effectively overcome this
problem by only reading the valid data.
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Figure 8. Array structure. In the algorithm, the array structure can be divided into two regions, namely,
an outer layer and an inner layer.

When the SW26010 processor transfers data from its main memory to the its CPE’ SPM of its CPE,
it is limited in four aspects: space, transmission efficiency, mapping, and data dependence. The space
limitation refers to the SPM space of the CPE being only 64 KB, and the user-available space in the
LDM being limited to about 60 KB, namely, LDMsize ≤ 60 KB. The transmission efficiency limitation
refers to the peak performance of the DMA access being reached only if the main memory address
of the data is 128-byte-aligned, and its size being a multiple of 128 bytes. To ensure transmission
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efficiency, Blocksize%128 = 0 should be guaranteed on the premise of the alignment of the main memory
addresses. The mapping and data dependence limitations means that the amount of transferred data
must guarantee the integrity of a kernel function.

Blocking rules that are based on the space, transmission efficiency, mapping, and data dependence
limitations are presented, as shown in Equation (4), in which Totalsize denotes the size of the data to be
transferred, and core_number represents the total number of computing cores, whose value is 64, if all
the slave cores are used. Block denotes the total number of blocks that are required for transmission.

Block =

⌈
Totalsize

210 × LDMsize × core_number

⌉
(4)

To effectively utilize the space of the SPM, only the valid data of the inner layer can be transmitted;
hence, the stride access method was used.

First, when executing the data transmission, the stride on the main memory should be calculated,
according to the outer and inner data sizes. For double-precision data, Stride = Boundarysize × 8 bytes,
wherein Boundarysize denotes the number of boundary layers in the three-dimensional array of the
fluid machinery algorithm. Then, Carrysize, which denotes the amount of data that are passed by the
DMA, is calculated via Equation (5), wherein Valid_Datasize represents the size of the valid data of the
inner part.

Carrysize =
Valid_Datasize

Block
(5)

Finally, the data on the CPE are tiled based on the mapping rules, as expressed in Equation (6).
When CPE initiates a load/store data request, it is necessary to map each required datum to the main
memory address. Our method enables continuous data blocks to be executed in the same time step.
In Equation (6), Bias represents the offset of the main memory, Blockindex denotes the index of the
current data block, and Threadindex denotes the current number of threads of the CPE.

Bias = Blockindex × 64 + Threadindex (6)

Meanwhile, to achieve an overlap between the computing and data transmission between the
MPE and the CPE cluster, double buffering technology, which doubles the required space from the
CPE’s SPM, is used to load/store data. The SPM access strategy can fully utilize the SPM and improve
the CPE’s computing performance.

2.2.3. Serpentine Register Communication

When analyzing the structured grid rotor solver algorithm, in many kernel functions, such as the
viscous flux, convective flux, and parameter rotation, stencil computing is used. There is a backward
or forward dependence on the x-, y- and z-axes of the neighboring data. For instance, in the function
viscous flux, the absolute velocity components, namely, vx, vy, and vz, the original conserved quantity,
and the derivatives of the flow parameters at the interface are needed in order to update the value of
the function.

In this paper, a scenario in which both forward and backward data are needed was considered
as an example, as illustrated in Figure 9. The green cube stands for the current grid that needs to be
updated. The red cubes represent the adjacent grids, on which the green one depends. When updating
the green grid data block, it is necessary to simultaneously read the forward data and the backward
adjacent red blocks of other data. When executing the data transmission, the x-axis data are continuous;
hence, the x-axis data must be completely transmitted. When the data on the discontinuous latitude in
the y-axis direction are distributed to the CPE, only one datum value can be updated for every three
data blocks, and the data utilization rate is so low that the parallel computing performance is severely
degraded. In this case, serpentine register communication (SRC) is proposed to improve the data
utilization and reduce the number of invalid communications.
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In each SW26010 processor, register communication is designed to directly communicate only
between the same row or the same column. To briefly explain the serpentine method used in this
paper, it is supposed that there are 9 CPE resources, which form a 3 × 3 mesh. As in the actual scenario,
the registers can only communicate within the same row or the same column. Data blocks 1–27
must be updated, and being limited by the SPM space, the SPM for each CPE can store up to 4 data
blocks. Simultaneously, each calculation requires one forward data block and one backward data block.
The data layout of the original register communication is illustrated in Figure 10a, in which the first
CPE and the last CPE receive four data blocks: 1, 2, 3, and 4, as well as 25, 26, 27, and 28, respectively.
The middle CPEs store three data blocks. Before communicating, the intermediate data are updated,
such as data 5 in CPE1 and data 8 in CPE2. Then, forward communication is performed, and the
data of the non-first column are sent forward in the same row. For example, data 4 are transmitted
to the CPE0, and the location of data block 0 is covered to update data 3. However, the data in the
first and last column, such as CPE3 and CPE2, must be diagonally communicated. Then, backward
communication is executed, and the data of the non-last column are sent backward in the same row.
For example, data 15 are transmitted to CPE5 to update data 16. The last-column data, such as CPE5
and CPE6, must be diagonally communicated.Appl. Sci. 2019, 9, x FOR PEER REVIEW 12 of 20 
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However, diagonal communication, such as the communication of CPE2 and CPE3, is limited
by its design. It must communicate in the same row, initially to transmit data from CPE2 to CPE0,
and subsequently to communicate with CPE3 via column communication. This communication
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method is complicated and time-consuming. For this scenario, serpentine register communication
was proposed. By changing the logical CPE thread number to a snake-like consecutive number, as
illustrated in Figure 10b, the number of communications was effectively reduced.

To complete the serpentine register communication, first, the thread numbers of the serpentine
CPE are reordered by mapping the number of CPE threads to snake-type number to build the list
of neighbors that must be communicated. The neighbor list builder pseudo-code is presented as
Algorithm 1, in which row_front denotes the thread number of the previous CPE, row_back represents
the thread number of the next CPE, column_front is the previous column of the CPE, and column_back
denotes the thread number of the next column of the CPE. When the serpentine neighbor list is built,
the data distribution will change accordingly, as illustrated in Figure 10.

Algorithm 1. Serpentine Neighbor List Builder.

Initialize the original thread ID of CPE
Get the thread number of the current CPE, thread_id← athread_get_id(−1);
Obtain the row number of the CPE, row← thread_id / 8;
Obtain the row number of the CPE, column← thread_id % 8;
if row%2==0:

serpentine_column← 7-column;
else serpentine_column← column;
end if
Update the thread ID of the serpentine CPEs, Serpentine_CPE_thread← row*8+serpentine_ column;
row_front← serpentine_column −1;
row_back← serpentine_column +1;
if row_front==−1:

column_front← row+1;
end if
if row_back==8:

column_back← row−1;
end if

Finally, register communication was executed according to the neighbor list. Since the calculation
relies on the forward and backward data, it is necessary to communicate forward and backward.
The pseudo-code of the serpentine register communication is presented, as shown in Algorithm 2.
In this way, diagonal communication can be executed directly, without intermediate routing registers,
and the register communications can be effectively reduced.

2.2.4. Vectorization

In the SW26010 processor, each CPE has a 256-bit-wide SIMD floating-point unit, whose instruction
pipeline is fixed to up to 8 stages. To analyze its main cost, an aligned vectorized and nonvectorized
test set was designed, in which 512-cycle addition, subtraction, multiplication, and division operations
were compared. The results demonstrate that, for the aligned SIMD vectorized program, the computing
performance can be accelerated by as much as 3.956x, compared to the scalar operation, as listed in
Table 2.

Table 2. Aligned vectorization performance.

Instruction Non-Vectorized (Cycles) Vectorized (Cycles) Speedup

vaddd 3342 846 3.950
vsubd 3417 917 3.726
vmuld 3417 846 4.039
vdivd 18169 4436 4.096
vmad 6159 1551 3.971
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Algorithm 2. Serpentine Register Communication.

Initialize serpentine neighbor list
while completing false target data communication:

if serpentine_column != 0:
send target data to the row_front via row communication;

else if Serpentine_CPE_thread != 0:
send target data to column_front via column communication;

end if
waiting for the transmission to complete and receiving the data;
if serpentine_column != 7:

send target data to the row_back via row communication;
else if Serpentine_CPE_thread != 63

send target data to column_back via column communication;
end if
waiting for the transmission to complete and receiving the data;

end while

However, to use simd_load/simd_store for vectorization, it is necessary to ensure that the
standard-type variable is 32-byte-aligned (for floatv4, only 16-byte-aligned). The compiler can only
guarantee that the head address of the array is aligned. The remainder of the data address is required for
a programming guarantee. If unaligned memory access is executed, the MPE automatically degenerates
into unaligned access, executed by simd_loadu/simd_storeu extension functions. However, a higher
price will be paid. However, the CPEs will directly output the “Unaligned Exception” error.

In the CPEs, it is necessary to explicitly use the simd_loadu/ simd_storeu extension functions or
the vldd_ul/vldd_uh/ vstd_ul/vstd_uh instructions to execute the unaligned operation. Comparing the
unaligned vectorized and nonvectorized 512-cycle addition, subtraction, multiplication and division
operations, the results demonstrate that the unaligned SIMD vectorized program only realizes an
average speedup of 1.822×, compared to the scalar operation, as listed in Table 3.

Table 3. Unaligned vectorization performance.

Instruction Non-Vectorized (Cycles) Vectorized (Cycles) Speedup

vaddd 3405 2315 1.471
vsubd 3407 2316 1.471
vmuld 3408 2317 1.471
vdivd 17895 5819 3.075
vmad 6154 3794 1.622

Comparing Tables 2 and 3, the unaligned SPM access severely degraded the vectorization
performance. The absolute latency of the unaligned access was even higher. In addition, the latency of
the vectorization operation, which includes the arithmetic and permutation operations [22], is listed in
Table 4.

Table 4. Absolute and pipeline latencies of the SIMD instructions.

Category Instruction Absolute Latency (Cycles) Pipeline Latency (Cycles)

Arithmetic

vaddd, vadds, vsubd,
vsubs, vmad, vmas 7 1

vsqrtd/vsqrts 32/18 28/14

vdivd/vdivs 34/19 30/15

Permutation vinsw, vinsf, vextw,
vextf, vshff, vshfw 1 1
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The instruction prefix ‘v’ stands for the vector operations. The instruction suffixes ‘d’/‘s’ and ‘w’/‘f’
represent double/single-precision and word/ floating-point vectors, respectively. The permutation
instructions ‘ins’/‘ext’/‘shf’ correspond to insertion/ extraction/shuffle operations. Therefore, to fully
utilize the SW26010 vectorization, the kernel array was converted from an array of structures (AOS)
into a structure of arrays (SOA) to facilitate the alignment operation in the CPE. In addition, since the
shuffling operation has a lower latency than unaligned access, a fine-grained shuffling operation is
used to generate data to reduce the number of unaligned loadu/stroeu operations.

3. Results and Analysis

Based on the swHPFM framework, the axial compressor rotor algorithm was implemented to
evaluate the performance of the framework. First, the 2340-core-scale program, which simulates one
blade channel per process and communicates between each process via MPI, was evaluated. Then,
each blade channel was divided into 12 subdomains, with each process simulating a subdomain, and
the 28080-core-scale program was implemented. In addition, the accuracy of the numerical simulation
in this experiment was determined by using the numerical algorithm. Therefore, the residuals were
platform-independent. To ensure the accuracy of the experimental results, each job was submitted
10 times, and the average of these tests was taken as the final result.

3.1. swHPFM Validation and Algorithm Results

Both the 2340-core-scale and the 28080-core-scale programs of the swHPFM converged at −10,
after about 9429 iteration steps, as shown in Figure 11. While the residual convergence curve
fluctuated slightly, the residual declined. What is more, these trends are the same as those of the
Tianhe-2A supercomputer, whose processors are Intel Xeon E5-2692v2. The residual convergence of
hydromechanics corresponds to the accuracy of the swHPFM parallel framework. 

2 

 

11 Figure 11. Residuals of the algorithm of a whole blade row of the axial compressor. The trends are
the same as those of the Tianhe-2A supercomputer. The residual convergence of hydromechanics
corresponds to the accuracy of the swHPFM parallel framework.

In addition, the simulated generated mash and press data were processed by postprocessing the
software, Tecplot, to obtain the results of the flow field simulation, which are presented in Figures 12
and 13. All of these results prove that the swHPFM framework is accurate.
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3.2. swHPFM Performance Results and Analysis

In addition, to evaluate the performance and scalability of the fluid mechanical algorithm and the
swHPFM parallel framework, the parallel computing scale is expanded by 12 times, which means that
the total number of computing cores is expanded from 2340 to 28,080. After fully utilizing the CPE
computing resources, our methods achieved an average speedup of 11.231× for the kernel functions
and achieved a parallel efficiency of 93.3%; hence, the algorithm and swHPFM framework has a
satisfactory scalability, as shown as Figure 14.
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4. Discussion

In this section, to discuss the optimization effect in more detail, comprehensive experiments are
conducted to evaluate the performance of the swHPFM parallel framework, and the kernel functions,
namely, the Original quantity, Residual, Source term, Parameter rotation, Viscous flux, and Convective
flux functions, were optimized and executed on the Tianhe-2A supercomputer, which uses Intel Xeon
E5-2692v2 12-core 2.2-GHz processors, and on the Sunway TaihuLight under two different workloads.

First, without any optimization, the algorithm program was run on the Tianhe-2A supercomputer
and on the Sunway TaihuLight supercomputer. If the codes run directly on the SW26010 processor,
then only the MPE can be used. As shown in Table 5, under the workload of 393,216 grids of each node,
compared with the Intel Xeon E5-2692v2 processor, the kernel functions have an average performance
reduction of 6.058×, in which the convective flux decreases to 7.119×. These data demonstrate the
urgency of optimizing the code, according to the features of the SW26010 processors.

Table 5. Kernel function runtimes on 393,216 grids.

Kernel Function SW26010 (s) Intel Xeon E5 (s) Performance Degradation

Original quantity 0.160477 0.029675 5.407818
Residual 0.612526 0.088771 6.900069

Source term 1.021608 0.164854 6.197023
Parameter rotation 0.174760 0.032232 5.421941

Viscous flux 1.386930 0.261435 5.305065
Convective flux 0.884039 0.124187 7.118611

Figure 15a plots the runtimes of the kernel functions, Original quantity, Residual, and Source
term, on the Intel and SW26010 processors under the 393,216-grid workload. A common feature of
these functions is that they only update inner data and have no data dependence in their instructions.
For the Original quantity function, the SAS optimization achieves 5.343× speedup, compared to
the unoptimized codes, which can only run on the MPE of the SW26010 processors. On this basis,
vectorization optimization obtains 8.362× speedup, compared to the unoptimized code. Finally, the
swHPFM is 1.546 times faster than the Intel Xeon E5 processor. For the Residual function, SAS achieves
4.615× speedup, compared to the unoptimized codes. On this basis, after vectorization, a speedup of
7.966× is developed, compared to the unoptimized code. Overall, the swHPFM is 1.154 times faster
than the Intel Xeon E5 processor. For the Source term function, SAS obtains a 4.923× speedup. On this
basis, vectorization obtains a 8.315× speedup. The swHPFM is 1.342 times faster than the Intel Xeon E5
processor. Since the Original quantity function requires fewer parameters, it achieves a higher speedup.

Figure 15b plots the runtimes of the kernel functions Parameter rotation, Viscous flux,
and Convective flux, on the Intel and SW26010 processors under a 393,216-grid workload. The
common feature of these functions is that they are used for stencil computing. For the Parameter
rotation function, the SRC achieves 4.262× speedup, compared to the original codes. On this basis,
vectorization yields a 6.955× speedup compared to the unoptimized code. Overall, the swHPFM is
1.283 times faster than the Intel Xeon E5 processor. For the Viscous flux function, SRC obtains a 4.043×
speedup compared to the unoptimized codes. On this basis, vectorization obtains a 5.616× speedup,
compared to the unoptimized code. Finally, the swHPFM is 1.059 times faster than the Intel Xeon E5
processor. For the Convective flux function, SRC yields a 4.676× speedup. On this basis, vectorization
obtains a 7.336× speedup. The swHPFM is 1.031 times faster than the Intel Xeon E5 processor. Since
the Original quantity function requires fewer parameters, it realizes a higher speedup.
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type of kernel functions are optimized by SAS+VEC, and (b) the second type of kernel functions are
optimized by SRC+VEC.

To evaluate the performance and scalability of the algorithm and swHPFM framework in this
paper, we extended the parallel scale by 12 times to reduce the computing load on each node. Figure 16
plots the runtimes of the kernel functions under a 49,152-grid workload. According to Figure 16a,
in the case of a 12× reduction in the workload, for the Original quantity, Residual, and Source term
functions, the swHPFM still realizes an average speedup of 8.212×, compared to the unoptimized
codes, and is 1.326 times faster than the Intel Xeon E5 processor.
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According to Figure 16b, in the case of a 12× reduction in the load, for the Parameter rotation,
Viscous flux, and Convective flux functions, the swHPFM realizes an average speedup of 6.921×,
compared to the unoptimized codes, which can only run on the MPE of the SW26010 processors, and
is 1.170 times faster than the Intel Xeon E5 processor.

The results demonstrate that the algorithm and swHPFM framework proposed in this paper are
far beyond the previous state of the art.
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In our future work, we will continue modifying our algorithm and framework to develop a
more general framework for optimizing algorithms on the Sunway many-core processor. The main
objective is to refine the algorithm and the optimization strategies to obtain more suitable mappings
of the algorithms and the architecture and increase the fluid mechanical algorithm speed on the
Sunway system.

5. Conclusions

In this paper, an algorithm and swHPFM framework are proposed and used to optimize the
structured grid fluid mechanical algorithm on the Sunway TaihuLight supercomputer. In this
framework, a suitable mapping of the application and the underlying system architecture is developed.
In addition, to effectively utilize its 64K SPM, which must be explicitly controlled by the user, an SPM
access strategy based on DMA, is proposed in order to optimize the data transmission between the main
memory and SPM. In addition, serpentine register communication is designed by changing the logical
CPE thread number into a snake-like consecutive number to reduce invalid communications. Moreover,
by experimenting with the alignment and unalignment vectorization performances, the vector cost is
analyzed, and the kernel array is converted from AOS into SOA to facilitate the alignment operation in
the CPEs. Fine-grained shuffling operations are used to generate data in order to reduce the loadu/stroeu
operations. Finally, the axial compressor rotor simulation program is implemented to evaluate the
framework. The proposed optimization methods and the algorithm can be used directly in the
high-precision and large-scale fluid mechanical algorithm on the Sunway TaihuLight supercomputer.

The main contributions of this paper are as follows:

(1) A layered swHPFM framework is proposed. In the framework, task mapping from the algorithm
model to the computing node is solved by combining the model characteristics of large fluid
machinery with the architecture of the Sunway TaihuLight supercomputer.

(2) For the SW26010 many-core processor, according to the characteristics of the application and
based on the Athread library, the SPM access strategy and Serpentine register communication are
proposed to fully utilize the slave computing resources.

(3) By building a test set of alignment and misalignment load and store operations, the vectoring
cost is analyzed, and the fine-grained method is used to accelerate the vectorization of the
kernel functions.

(4) Based on the algorithm and swHPFM parallel framework, the axial compressor rotor algorithm
program for the Sunway TaihuLight is optimized. In addition, the performance of the swHPFM
is evaluated.

The proposed algorithm and framework have major significance for the efficient optimization
of the fluid mechanical algorithm on computing platforms with the Sunway TaihuLight
many-core architecture.
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