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Abstract — Here a report of a development phase of an environment of high performance computing (HPC) using general purpose
computations on the graphics processing unit (GPGPU) is presented. The HPC environment accommodates computational tasks
which demand massive parallelisms or multi-threaded computations. For this purpose, GPGPU is utilized because such tasks
require many computing cores running in parallel. The development phase consists of several stages, followed by testing its
capabilities and performance. For starters, the HPC environment will be served for computational projects of students and
members of the Faculty of Information Technology, Universitas Kristen Maranatha. The goal of this paper is to show a design of a
HPC which is capable of running complex and multi-threaded computations. The test results of the HPC show that the GPGPU
numerical computations have superior performance than the CPU, with the same level of precision.

Keywords— GPGPU; high performance computing; parallel computing.

I. INTRODUCTION

Over the past few years, improving the performance of computing systems has been made possible through several
technological and architectural advances such as:

1. Increased memory size, cache size, bandwidth, reducing latency all of which contribute to higher performance on each

computer / workstation [1].

2. Multicore architecture where one processor consists of more than one core (computing unit).

3. Cluster computing: connecting multiple computers into a cluster.

4. Between compute nodes: increase bandwidth and reduce interconnect latency.

5. Utilizing graphics processing unit (GPU) as a computing unit.

Among above, points 2 through 5, as discussed by [2] and [3], are parallel computing systems that involve more than one

computing unit.

Parallel computing systems have recently become increasingly accessible to various users. Programmers can now get high-
performance computing devices that are installed even on desktop computers. Most of the new computers sold today have
multi core central processing unit (CPU) and graphics processing unit (GPU) features that can be used to run parallel
programs. The use of such GPUs is often referred to as general purpose computations on graphics processing units (GPGPU)
[3].

HPC, which was once only the domain of theoretical scientists, computer scientists and software developers, has now
become increasingly important as a primary support tool for research in many fields of science.

The use of HPC in modeling complex physical phenomena such as forecasting and weather dynamics, fluid dynamics,
interactions between atoms and molecules, astronomical calculations, engineering designs, market economy modeling,
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interactions of brain cells, etc., are very common and have become a trend among researchers in these fields [2]. HPC is also
now used in industry to improve products, reduce production costs and reduce the time needed to develop new products.

With the amount of data generated that grows exponentially, known as "Big Data", this increases the need for massive data
analysis, where HPC is needed.

Recently the HPC is used by researchers in social media, semantics, geology, archeology, advanced materials, urban
planning, graphics, genomics, brain imaging, economics, game design, and even music. This list will continue to grow as
more and more fields of science are introduced into the possible use of HPC. The development trend of artificial intelligence
(artificial intelligence) in various fields at this time also requires the use of HPC [4]. In particular, there are many related
works, i.e., research studies utilizing GPGPU in their computations: Harmon et al. [5], researchers at NVIDIA and the National
Institutes of Health (NIH), developed GPU-optimized Al models helping researchers to study COVID-19 in CT scans of a
chest to better understanding and detecting infections; Gunraj et al. [6] developed COVID-Net CT-2 Al model, fed using a
number of large and diverse datasets, which was created over several months with the University of Waterloo. The model
was trained using NVIDIA RTX 6000 GPU, and it has 96% detection accuracy of COVID-19 detection in CT scans across a
diverse number of scenarios; Amaro et al. [7] simulated SARS-CoV-2’s spike protein movement to understand its behavior
and access mechanism to the human cell. They utilized Nanoscale Molecular Dynamics (NAMD) and the Visual Molecular
Dynamics (VMD) codes on OLCF Summit’s 24,576 NVIDIA V100 GPUs running classical MD simulation of viruses with
305 million atoms. Since their computation generated an enormous amount of data (~200 TB), they used Al to identify the
intrinsic features from the simulations and extract important information, hence they were able to simulate the virus and its
mechanisms in unprecedented detail never done before. The team won the ACM Gordon Bell Special Prize for High
Performance Computing-Based COVID-19 Research [8]. There are still many more works related with GPGPU computing,
not to be mentioned here.

Those related works, which give significant impacts to the science, knowledge and community, which are also being the
parts of the battle against COVID-19 pandemic, are the main motivation of conducting this research, hoping that it can give,
at least, a small contribution to the science and knowledge discovery.

The goal of our research is to build HPC using GPGPU, which will further investigate its computing performance and
capability, making it a useful tool for students and faculty members to support their research, particularly in doing heavy and
complex scientific computations.

Il. METHODOLOGY
Here our research methodology is described using strategy approach in brief as shown in Figure 1.

Explore Hardware ] Development ] Testing & Deploy ]
Variations Tools Performance
Compatibility Exploration Testing
Deployment

Figure 1 Research Methodology

Firstly, our strategy is to explore the variation of hardware available in the market, by looking up a reference in [9], several
choices of general-purpose computing capable (not only graphics) of GPU products were found, based on consideration of
their hardware compatibility to the system, such as PCle 3.0 x16 or newer, compatibility pair with the main CPU, and software
compatibility, such as operating system and their respective drivers.

Secondly, at this stage, the research methodology is done by an exploration of the features and capabilities of various tools
(API / Library / Applications). These tools are useful for optimal use of the GPGPU HPC system environment to be built.
The following are the results of the exploration.

A. HPC Frameworks

These are essential as main frameworks of the environments:

1) NVIDIA CUDA® Toolkit 11.3: NVIDIA CUDA® (Compute Unified Device Architecture) [10] is a parallel
computing platform and programming model developed by NVIDIA for general computing on GPUs. With CUDA,
developers can dramatically accelerate computing applications by harnessing the power of the GPU. In GPU-
accelerated applications, the sequential part of the workload runs on the CPU which is optimized for single-threaded
performance - while the intensive part of the application is calculated to run on thousands of GPU computing cores
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2)

3)

4)

5)

in parallel. With CUDA, developers can program in popular languages such as C, C++, Fortran, Python, R and
MATLAB and express parallelism through extensions in the form of several basic keywords. CUDA Toolkit version
11.3 from NVIDIA provides everything needed by developers to develop applications that are accelerated by the
GPU. CUDA Toolkit consists of libraries, compiler, development tools, and binary runtime.

OpenCL 3.0: OpenCL™ (Open Computing Language) [11] is a standard for cross-platform, accelerating parallel
programming for supercomputers, cloud servers, desktop computers, laptops, smartphones, and embedded platforms.
OpenCL 3.0 aligns the OpenCL roadmap to provide the functionality needed by developers to be widely used by
hardware vendors, and significantly increases deployment flexibility by empowering OpenCL implementations that
are appropriate to focus on functionality relevant to the current computing market. OpenCL 3.0 also integrates parts
of functionality into the main specifications, with the new OpenCL 3.0 programming specification, uses the new
integrated specification format, and introduces extensions for asynchronous data copy for embedded processors.
NVIDIA HPC SKD™ with OpenACC: Open Accelerators (OpenACC) [12] is a programming standard for parallel
programming created by Cray, CAPS, NVIDIA and PGI. OpenACC was created to simplify parallel programming
on heterogeneous CPU / GPU systems. NVIDIA HPC SDK [13] with OpenACC gives scientists and researchers the
convenience of high-performance computing more easily by inserting a "hint" or directive compiler into C11, C++
17 or Fortran code. With the NVIDIA OpenACC compiler, program code can be run on GPU and CPU. Besides, the
NVIDIA HPC SDK has a library for the GPU complete with its development tools. With this, researchers can focus
more on their science/research while developing their scientific computing programs.

NVIDIA DirectCompute: DirectCompute [14] is an API created by Microsoft for GPGPU, which is part of DirectX
as a layer for direct access to GPU hardware. DirectCompute is supported by NVIDIA for GPUs equipped with
DirectX 10 and DirectX 11 capabilities.

NVIDIA cuDNN: NVIDIA CUDA® Deep Neural Network library (cuDNN) [15] is a library that uses GPUs for deep
neural networks. cuDNN provides tuned-up implementations for standard routines such as forward & backward
convolution, pooling, normalization, and activation layers.

B. HPC Libraries

These libraries are advanced computing toolkits. They are most popular, readily available and suitable for GPGPU
accelerated computing environments.

1)

2)

3)

4)

Tensorflow: TensorFlow [16] is a powerful library for numerical computing, specifically and optimized for Machine
Learning projects. TensorFlow was created by the Google Brain team and is used in many services such as Google
Cloud Speech, Google Photos, and Google Search. TensorFlow is an open source that began in November 2015 and
is currently the most popular library for Deep Learning. TensorFlow is used for many things such as image
classification, natural language processing, time series forecasting, etc.

Keras: Keras [17] is a high-level Deep Learning API that can be used easily to build, train, evaluate, and run various
types of neural networks. Keras runs on top of the libraries that can be selected, namely TensorFlow, Microsoft
Cognitive Toolkit (CNTK), and Theano.

PyTorch: PyTorch [18] is a tool and framework for Machine Learning and Deep Learning created by Facebook's
artificial intelligence division. One of the PyTorch applications is for large-scale image analysis. PyTorch can be used
to implement complex algorithms. PyTorch can process computing in a GPU environment.

GROMACS: GROningen MAchine for Chemical Simulations (GROMACS) [19] [20] is a molecular dynamics
application designed to simulate Newtonian equations of motion for systems containing hundreds to millions of
particles. GROMACS is designed to simulate biochemical molecules such as proteins, lipids, and nucleic acids that
have many complex bond interactions. GROMACS can be used in an HPC environment that utilizes a combination
of GPU-CPU performance.

Lastly, performance testing is done to the GPGPU system to measure its capability, especially for scientific computation
which is the main purpose of the research. Here is the strategy:

(i) Testing CPU numerical computation performance of integer and floating points operations: native arithmetic

510

operations, General Matrix-to-matrix Multiply (GEMM), data compression, and cryptographic computations.

(i) Testing GPU numerical computation performance of integer and floating points operations and comparing it with the

CPU: GEMM, Fast Fourier Transform (FFT), N-Body Simulation (SNBODY), linear system solvers (non-iterative
and iterative), dynamic parallelism, binomial options pricing computation, convolution, sorting algorithms, and
particle dynamics.
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Il. SET-UP

The GPU is installed in relatively powerful hardware, utilizing a quite fast and state-of-the-art AMD Ryzen 9 3900X CPU,
clocked at a frequency of 3.8 GHz (4.6 GHz Max Boost), which is manufactured using 7-nm lithography technology. The
CPU has 12 computing cores and is capable of running 24 simultaneous threads (simultaneous multithreading (SMT) capable),
with 64-bit instruction set extension. The system is equipped with 64 GB high-clocked rate (3200MHz) DDR4 random access
memory (RAM), thus capable to handle multiple requests simultaneously. A very fast 1 TB large capacity solid state drive
(SSD) M.2 PCle NVMe is installed to enhance I/O high data streams. This high specification hardware will ensure the system
to run smoothly even under high load.

With consideration of price per performance measure and our research budget, the decision was ended up by choosing
NVIDIA GeForce® RTX 3080 Specification and GPU with brand iGame GeForce RTX 3080 Advanced OC 10G-V, as
shown in Figure 2.

Name

GPU Chipset
Architecture
GPU Code Name

Manufacturing Process

iGame GeForce RTX 3080 Advanced OC 10G-V
NVIDIA GeForce® RTX 3080

NVIDIA second generation RTX architecture
GA102-200-KD-Al

8nm lithography process

CUDA Cores 8704

Core Clock Base: 1440 MHz: Boost: 1710 MHz
One-Key OC Base: 1440 MHz: Boost: 1785 MHz
Memory Clock 19 Gbps

Memory Size 10 GB

Memory Bus Width 320 bit

Memory Type GDDR6X

Memory Bandwidth 760 GB/s

Power Connector 3*8 Pin

Power Supply 10+6+4

Thermal Design Power (TDP) 370 Watts

Display Ports 3*DP+HDMI

Fans Type 13 blades automatic
Heat Pipe Number/Spec 5-8
Power Max 800 W

DirectX

NV technology Support
Slot Number

Size

Weight

DirectX 12 Ulumate/OpenGL4.6

NVIDIA DLSS. NVIDIA G-SYNC, 2*¢ Gen Ray Tracing Cores
3 slots

315.5%131%60 mm

1.6 kg (N.W)

ADVANCED

Figure 2. iGame GeForce RTX 3080 Advanced OC 10G-V Specification and GPU [21]
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For the scientific computing purpose, NVIDIA CUDA Toolkit version 11.3 [10] is installed, enabling the GPU to perform
general purpose computation (GPGPU) using the application programming interface (API) provided.

Architecture of the NVIDIA “Ampere” RTX 3xxx is shown in Figure 3 which shows a block diagram of each Streaming
Multiprocessor (SM) that consists of CUDA cores, Tensor cores and Ray Tracing (RT) cores. It can be seen on the figure that
the architecture has single precision integer (INT32) and single precision floating points (FP32) registers along with their
tensor cores. The double INT32 and double FP32 serve as double precision integer (INT64) and floating point (FP64),
respectively. It also has hybrid floating point-integer (FP32+INT32) registers [22].
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[ WarpScheduler (32threadiclik) | || [ Warp Scheduler (32 threadiclk) |
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Register File (16,384 x 32-bit) Register File (16,384 x 32-bit)
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Figure 3. NVIDIA Ampere Streaming Multiprocessor Architecture [22]

IVV.RESULTS OF PERFORMANCE TESTING AND ANALYSIS

Because the HPC system that was built is intended for scientific computing, the tests carried out were CPU and GPU
performance to perform numerical operations on integer, floating point and cryptography. The performance of the HPC
environment is a combination of CPU and GPU performance as well as memory bandwidth. The following is the analysis of
performance of the components.

A. CPU

In this HPC system, as stated before, the CPU used is the AMD Ryzen 9 3900X which has 12 cores [23]. This processor
has the AMD Zen2 (Matisse) architecture with Simultaneous Multi-Threading (SMT) technology [24] [25], where each core
can run two logical threads, so this processor has a total of 24 logical threads. The working frequency of this CPU is 3.8 GHz
(default), and can be boosted up to 4.6 GHz.

The test was carried out using a synthetic benchmark from Geekbench 4.0 [26], namely Single Precision General Matrix-
to-matrix Multiply (SGEMM), performing matrix multiplication operation as follows:
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Cij « C’-J + ZAikBk]' (1)
k=1

with i = [1,n] and j = [1,n], where A, B and C are square matrices with size n = 512. The test result shows the CPU
performance is 820.0 GFLOPS (Giga (10°) Floating Point Operations Per Second) of running operation (1).

The next test was performed using SiSoft Sandra software [27] to measure the performance of native arithmetic operations
using the highest performing processor's instruction sets (AVX2, FMA3, AVX), which gave the following results:

® Aggregate Native Performance: 410.17 GOPS

® Dhrystone Integer Native AVX2: 549.8 GIPS

® Dhrystone Long Native AVX2: 557.70 GIPS

® \Whetstone Single-float Native AVX/FMA: 339.99 GFLOPS

® \Whetstone Double-float Native AVX/FMA: 281.87 GFLOPS
where GOPS stands for Giga Operations Per Second, and GIPS stands for Giga Instructions Per Seconds.

To measure the performance of integer operations in real world applications, a data compression application was also
conducted using 7-Zip [28] to measure the integer instruction rate using the ZIP algorithm, with the results: 81,238 GIPS for
the compression process and 88,411 GIPS for the decompression process.

The performance in cryptography was tested using VeraCrypt [29], which is based on TrueCrypt software, which uses the
Advanced Encryption Standard (AES) encryption algorithm [30] [31], in which embedded in the processor, known as AES-
NI extension [32]. The test result shows that the CPU performance for data encryption is 8.9 GB/s.

B. GPU

The main component in this HPC system, as described above, is the NVIDIA GeForce RTX 3080 GPU with GA102
graphics processor (GA102-200-KD-A1) which has the Ampere architecture. This GPU has 8704 CUDA (FP32) cores
(shading units), 272 texture mapping units (TMU), 96 render output units (ROP) and 68 raytracing acceleration cores (RT).
There are also 272 tensor cores to accelerate machine learning or deep learning computations. The working frequency of this
GPU is 1.44 GHz (default), and can be boosted up to 1.71 GHz. The tests carried out included the performance of
cryptography, integer, floating point and memory bandwidth using SiSoft Sandra software. The test results show that the
encryption performance with Crypto AES-256 algorithm is 92 GB/s, Crypto SHA256 [33] is 317 GB/s. Meanwhile, the
floating-point test result for FP32 with SGEMM computation shows 12590 GFLOPS performance, Single Precision Fast
Fourier Transform (SFFT) computation shows 889 GFLOPS performance, and Single Precision N-Body Simulation
(SNBODY) computation shows 11317 GFLOPS performance. The memory bandwidth test results show 622 GB/s internal
performance, 18.7 GB/s upload performance, 19.8 GB/s download performance, and 157 ns global latency (In-Page Random
Access).

Fast Fourier Transform (FFT) [34] [35] is an optimized algorithm of Fourier Transform, which computes a transformation
of signals or time series from time domain into frequency domain, w = 2mv, as follows:

X(w) = L fx(t)e‘f‘“tdt 2
Vor J.

and the inverse transform

x(t) = X(w)e/“tdw (3)

%)

where x(t) and X(w) are the signal, or time series, and its transform, respectively, and here j =+ —1 is the imaginary
number. Then the FFT is performed by discretizing the signal into N evenly spaced time series x,, and applying the discrete
version of Eq. (2) in the form of

N-1

Xe= ) xR (@)

n=0

and decompose Eq. (4) into even and odd indices of x,, into
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N/2-1 N/2-1
_2nj . _2mj _2nj. _2nj
X = Z Xyme N2 | e e Z Xymire V2™ | =E, +e ZN]kOk (5)
m=0 m=0

Here E, and O, are the even and odd part of the transform, respectively, which are calculated recursively for every E;, and
0, by decomposing the transform by half (N/2) in every recursion step until only one data point left (details of the computation
are given in [34] and [35]). For our testing purpose, the computation was done using single precision floating point.

The N-Body Simulation [36] performed is based on the computation of the Newtonian gravitational interaction of N
particles. The gravitational potential arising on the i-th particle from the j-th with mass m; and m;, respectively, is

Gmimj

V(r)=-

Therefore, the force acting on every particle is the gradient of the potential, which is computed using

(6)

Tij

.0 _a 0
F = VV(TL'J') = (.X'& + y@ + ZE) V(Ti'j) (7)

Every particle moves according to the Newtonian law of motion, governed by the gravitational force according to Eq. (7), a
vector F = (F,, F,, F) in three dimensions acting on every particle (see [36] for details of the computation). In our case, the
simulation was computed using single precision floating point.

Some test code samples of NVIDIA CUDA Toolkit package, which are coded in C++, were compiled. The source code is
compiled using Visual Studio 2019 C++ compiler [37]. Some of the important test code samples were executed on the system,
resulting in the following.

Tests utilizing cuBLAS library [38], which is a highly optimized implementation of BLAS (Basic Linear Algebra
Subprograms) on top of the NVIDIA CUDA runtime, were performed using single precision GEMM (SGEMM) and double
precision GEMM (DGEMM), which results shown in Figure 4. However, the test utilized not all SMs of the GPU hence
resulted in lower performance GFLOPS than using SiSoft Sandra software.
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PS C:\ProgramData\NVIDIA Corporation\CUDA Samples\vll.3\bin\win64\Debug> .\batchCUBLAS

batchCUBLAS Starting...

GPU Device 0: "Ampere

Running single kernels ====

esting sgemm
gs: ta=0 tb=0 m=128 n=128 k=128
#### args: 1da=128 1db=128 T1dc=128
A elapsed = 0.00 GFLOPS=
@ sgemm test OK
esting dgemm
ta=0 tb=0 m=128 n=128 k=128
G4 arg b

alpha

130 sec .24803

alpha
g 1da=128 1db=128 1dc=128
A elapsed = 0.00008470 sec
@ dgemm test OK

GFLOPS=49.5195

==== Running N=10 without streams

esting sgemm

#### arg ta=0 tb=0 m=128 n=128 k=128

Hit## arg 1da=128 1db=128 1dc=128
elapsed = 0.00020270 sec GFLOPS=206.922
sgemm test OK
ng dgemm
args: ta=0 tb=0 m=128 n=128 k=128
args: 1da=128 1db=128 1dc=128
elapsed = 0.00069610 sec GFLOPS=60.2543

@ dgemm test OK

alpha

alpha

= Running N=10 with streams
esting sgemm
#i### arg ta=0 tb=0 m=128 n=128 k=128
#i## args: 1da=128 1db=128 1dc=128
AAAA eTapsed = 0.00019120 sec GFLOPS=219.367
[@@@@ sgemm test OK
esting dgemm
ta=0 tb=0 m=128 n=128 k=128
1da=128 1db=128 1dc=128
GFLOPS=156.562

alpha

alpha

Running N=10 batched =—===

esting sgemm

rgs: ta=0 th=0 m=128 n=128 k=128 alpha
1da=128 1db=128 1dc=128

GFLOP:

27

. 847
@ sgemm test OK
esting dgemm
ta=0 tb=0 m=128 n=128 k=128
args: l1da=128 1db=128 1dc=128
elapsed = 0.00025880 sec GFLOPS=162
dgemm test OK

alpha

summary
0 error(s)

with compute capability 8.6

£800000, -1) beta= (0x40000000, 2)

(0x0000000000000000, 0) beta= (0x0000000000000000, 0)

(0xbf800000, -1) beta= (0x00000000, 0)

xbff0000000000000,

(0x40000000, 2) beta=

(0xbff0000000000000,

(0x3f800000, 1) beta=

(0xbff0000000000000,

-1) beta= (0x0000000000000000, 0)

(0x40000000, 2)

-1) beta= (0x0000000000000000, 0)

(0Oxbf800000, -1)

-1) beta= (0x4000000000000000, 2)

Figure 4. cuBLAS performance of GEMM computation

In this test, cuBLAS Integer, FP32 and TensorFloat-32 GEMM computation using Warp Matrix Multiply and Accumulate
(WMMA) API were performed on the GPU’s tensor cores, as shown in Figure 5.
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>

PS C:\ProgramData\NVIDIA Corporation\CUDA Samples)\vll.3\bin\wi \Debug> .\immaTensorCoreGemm.exe
Initializing... )
GPU Device 0: "Ampere" with compute capability 8.6

M: 4096 (16 x 256)
4096 (16 x 256)

= 4096 (16 x 256)
Preparing data for GPU...
Required shared memory size: 64 Kb
Computing... using high performance kernel compute_gemm_imma
Time: éSg;GSGSGF ms

- 0.53

PS C:\ProgramData\NVIDIA Corporation\CUDA Samples\vll.3\bin\win64\Debug> .\cudaTensorCoreGemm.exe
iInitializing. .. ) . )
GPU Device 0: "Ampere" with compute capability 8.6

M: 4096 (16 x 256)
4096 (16 x 256)
(16 x 256)
ing data for GPU...
Required shared memory size: 64 Kb
Computing... using high performance kernel compute_gemm
i 340.036621 ms
0.40
:\Programbata\NVIDIA Corporation\CUDA Samples\v11l.3\bin\win64\Deb _\tf32TensorCoreGemm. exe

Tnitializing...
GPU Device 0: "Ampere" with compute capability 8.6

M: 8192 (16 x 512)
8192 (16 x 512)
4096 (8 x 512)
ing data for GPU...
Required shared memory size: 72 Kb
Computing using high performance kernel = 0 - compute_tf32gemm_async_copy
i 3731.863 ms

Figure 5. Integer, FP32 and TensorFloat-32 GEMM computation on GPU’s tensor cores

Here simple matrix multiplications were performed using CUDA kernel and cuBLAS (see Figure 6), in the form of

-
Cij = Z AikBkj (8)
k=1

with i = [1,m] and j = [1,n], where matrices A, B, and C have sizes mxr, rxn, and mxn, respectively. The results show
cuBLAS outperformed CUDA kernel.

>

PS C:\ProgramData\NVIDIA Corporation\CUDA Samples\v1l.3\bin\win64\Debu JmatrixMul. exe
[Matrix Multiply Using CUDA] - Starting...
GPU Device 0: "Ampere” with compute cap

MatrixA(320,320), MatrixB(640,320)

Computing result using CUDA Kernel...

done

Performance= 140.29 GFlop/s, Time= 0.934 msec, Size= 131072000 Ops, WorkgroupSize= 1024 threads/block
Checking computed result for correctness: Result = PASS

NOTE: The CUDA Samples are not meant for performancemeasurements. Results may vary when GPU Boost is enabled.
PS C:\ProgramData\NVIDIA Corporation\CUDA Samples‘\v1ll.3\bin\win64\Debu \matrixMulCUBLAS. exe

[Matrix Multiply CUBLAS] - Starting...

GPU Device 0: "Ampere" with compute capability 8.6

GPU Device 0: "NVIDIA GeForce RTX 3080" with compute capability 8.6

MatrixA(640,480), MatrixB(480,320), MatrixC(640,320)

Computing result using CUBLAS...done.

Performance= 9014.09 GFlop/s, Time= 0.022 msec, Size= 196608000 ops
Computing result using host CPU...done.

Comparing CUBLAS Matrix Multiply with CPU results: PA

NOTE: The CUDA Samples are not meant for performance measurements. Results may wvary when GPU Boost is enabled.

Figure 6. CUDA kernel and cuBLAS simple matrix multiplications
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Operations of matrix transpose

were performed using various methods utilizing all of the CUDA cores. The GPU performed very well with very high
throughput, 36 GB/s up to 350 GB/s (see Figure 7).

X

PS C:\ProgramData‘\NVIDTA Corporation\CUDA Samples‘\v11l.3\bin\winb4\Debug> .\transpose.exe
Transpose Starting...

GPU Device 0: "Ampere"™ with compute capability 8.6

Device 0: "NVIDTIA GeForce RTX 3080"

SM Capability 8.6 detected:

[NVIDIA GeForce RTX 3080] has 68 MP(s) x 128 (Cores/MP) = 8704 (Cores)
ompute performance scaling factor = 1.00

Matrix size: 1024x1024 (64x64 tiles), tile size: block size: 1

transpose simple copy , Throughput = . 8 GB/s, Time = 0.02227 ms, Size = 1048576 fp32 elements, NumDevsUsed

{ 1, Workgroup = 256

transpose shared memory copy, Throughput = 40.9742 GB/s, Time = 0.19067 ms, Size = 1048576 fp32 elements, NumDevsUsed =
1, Workgroup = 256

transpose naive , Throughput = 281.4236 GB/s, Time = 0.0 Si 3576 fp32 elements, NumDevsUsed
1, workgroup = 256

transpose coalesced , Throughput = 42.0028 GB/s, Time = 0.18600 , Size 3576 fp32 elements, NumDevsUsed
1, Workgroup = 256

transpose optimized , Throughput 8.1546 GB/s, Time = 0.20476 , Size 3576 fp32 elements, NumDevsUsed

1, Workgroup = 256

{tanspEse coarse- qtawned , Throughput 3.6123 GB/s, Time = 0.20233 , Size = 1048576 fp32 elements, NumDevsUsed

Workgroup =

(transpose fine- qtawned , Throughput .4821 GB/s, Time = 0.18833 , Size = 1048576 fp32 elements, NumDevsUsed

1, Workgroup = 256

transpose diagonal , Throughput .3651 GB/s, Time = 0.21484 , Size = 1048576 fp32 elements, NumDevsUsed

1, Workgroup = 256

Test passed

Figure 7. Matrix transpose operations using various methods

A linear system solver cuSolverDn was performed to solve a large and dense linear system
Ax=Db (10)

which performs QR factorization and LU with partial pivoting applied to a matrix A (general matrix, sparse or dense,
symmetric or non-symmetric), as shown in Figure 8. For symmetric or Hermitian matrices, there is Cholesky factorization,
while for symmetric indefinite matrices, Bunch-Kaufman factorization is provided [39]. The computation of the solver using
the GPU produces remarkably a very precise solution (with negligible residual in the order of 10-6).

X

sdkFindFilePath <gr_900_900_crg.mtx> in . .. /6_Advanced/cuSolverDn_Linearsolver/
sdkFindFilePath <gr_900_900_crg.mtx> in . UDALibraries/cuSolverDn_LinearSolver/
Using default 1nptt file [../ CHDAL1brar1e /cusolverdn_LinearSolver/gr_900_900_crg.mtx]
sparse matrix A is 900 x 900 w1th 744 nonzeros, base=1

2: convert CSR(A) to dense matrix

3: set right hand side vector (b) to 1

: prepare data on device
: solve A*x = b
g: cholesky = 0.005963 sec
’: e"a1uate residual
= 1.136868E-13

= 3.013701E-16

Figure 8. Solving a dense linear system using cuSolverDn
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A test to compute the solutions of sets of relatively large (100 million matrix elements) sparse linear systems by fast re-
factorization (LU factorization) using CPU and GPU [39] was performed. Remarkably, the result shows that both CPU and
GPU produce the same results (with a negligible difference in the order of 1017 due to machine precision, see Figure 10).

In Figure 9 CUDA dynamic parallelism was performed on the GPU applying recursive fashion.

>

PS C:\ProgramData\NVIDIA Corporation\CUDA Samples\v1ll.3\bin\winb4\Debug> .\cdpSimplePrint.exe
starting Simple Print (CUDA Dynamic Parallelism)
GPU Device 0: "Ampere" with compute capability 8.6

The CPU launches 2 blocks of 2 threads each. On the device each thread will
launch 2 blocks of 2 threads each. The GPU we will do that recursively
until it reaches max_depth=2

In total 2+8=10 blocks are launched!!! (8 from the GPU)

Launching cdp_kernel () with CUDA Dynamic Parallelism:

BLOCK 1 launched by the host
BLOCK 0 launched by the host
| BLOCK 4 Taunched by thread
| BLOCK 5 launched by thread
| BLOCK 2 launched by thread
| BLOCK 3 launched by thread
I BLOCK g launched by thread
| 8
| 9

block
block
block
block
block
block
block
block

BLOCK launched by thread
BLOCK launched by thread
BLOCK launched by thread

HEHEROOOO
COHHOOHE

Figure 9. Recursive CUDA dynamic parallelism

L

sdkFindFilePath <lap2D_5pt_nl00.mtx> in ../../../6_Advanced/cuSolverrRf/
sdkFindFilePath <lap2D_5pt_nl00.mtx> in ../../../7_CUDALibraries/cuSoclverRf/
Using default input file [../../../7_CUDALibraries/cuSolverRf/lap2D_5pt_nl100.mtx]
WARNING: cusolverRf only works for base-0
sparse matrix A is 10000 x 10000 with 49600 nonzeros, base=0
2: set right hand side vector (b) to 1
reorder the matrix to reduce zero fill-in
Q = symrcm(A) or Q = symamd(A)
B = QFA*QAT
solve A*x = b by LU(B) in cusolverSp
create opaque info structure
analyze LU(B) to know structure of Q and R, and upper bound for nnz(L+U)
workspace for LU(B)
compute Ppivot*B = L*U
check if the matrix is singular
solve A*x = b

= b - A*x (result on CPU)
.547474E-12

= 8.000000E+00

= 7.513384E+02

- A*x|/(lAal*Ix|) = 7.565621E-16
extract P, Q, L and U from P*B*QAT = L*U
L has implicit unit diagonal
671550, nnzu = 681550
form P*¥A*QAT = L*U
.1: P = Plu*Qreroder
.2: Q = Qlu*Qreorder
create cusolverRf handle
set parameters for cusolverRf
2 assemb]e P*A*Q = L*U
: analyze to extract parallelism
import A to cusolverRf
refactorization
solve A*x = b
: evaluate res1dua7 r=h - A*x (result on GPU)
\b - A*x| = 4.433787E- 12
|a] = 8. 000000E+00
|x|] = 7.513384E+02
Ib — A*x]/CIAl*1x]) = 7.376480E-16

nnz(A) = 49600, nnz(L+U) 1353100, zero fill-in ratio = 27.280242

H@ooo~aoo |
S s

timing prof11e
0.003088 sec
B = QFA*QAT : 0.000799 sec

cusolversp LU analysis: 0.000292 sec
cusolversp LU factor : 0.116882 sec
cusolversp LU solve : 0.002247 sec
cusolversp LU extract : 0.008907 sec

cusolverRf assemble : 0.008381 sec
cusolverRf reset : 0.000072 sec

cusolverRf refactor : 0.102956 sec
cusolverRf solve : 0.134819 sec

Figure 10. Computing solution of sets of sparse linear systems by fast re-factorization using CPU and GPU.
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A computation of binomial options pricing model [40] [41] for the valuation of options was performed, using CPU and
GPU, as shown in Figure 11. The algorithm uses a "discrete-time" tree-based model of the price variation over time of the
underlying financial instrument, i.e., stocks, ETF, etc., with cases where the Black-Scholes closed-form formula [42] [43] is
wanting.

2

g : b4\Debug> .\binomialOptions.exe
[C:\Programpata\NVIDIA Corporation\CUDA Samples} \bin\wi \Debug\binomialoptions.exe] - Starting...
GPU Device 0: "Ampere" with compute capability 8.6

henetat1nq input data.
Running GPU binomial tree
Options count
Time steps 8
binomialoptionsGPuU() t1me
0pt1ons per second
Running CPU binomial tree...
Compal1nq the results.

. Black-scholes

Shutting down .

NOTE: The CUDA Samples are not meant for performance measurements. Results may vary when GPU Boost is enabled.

Test passed

Figure 11. Computation of binomial options using CPU and GPU

The Black-Scholes option pricing model computation is based on a partial differential equation describing the evolution of
option price over time, V(t), on the relationship with the underlying asset price, S(t), asset volatility, g, and the force of
interest (continuously compounded annualized risk-free interest rate), r, which is expressed as

aV(t) 9%V (t) av(t)
;07 sz T W55 T

5t 2 V() =0 (11)
The solution of Eq. (11) is V (S, t), as a function of the underlying asset S, at time ¢t; in particular C(S, t) is the price of a
European call option and P (S, t) the price of a European put option; T, time of option expiration, with T = T — t, the time to
maturity; and K, the strike price (exercise price) of the option. Black and Scholes solved Eq. (11) (see [42] and [43] for the
details) using boundary conditions: (i) C(S,t) = 0, (ii) C(S,t) » SasS — oo, and (iii) C(S,T) = (S — K, 0) , to get the value
of a call option for a non-dividend-paying underlying stock in terms of the Black—Scholes parameters,

C(S(t),t) = N(d,)S(t) — N(dy)Ke™T=9 (12)
and its corresponding put option price, based on put-call parity with discount factor e =778,
P(S(t),t) = Ke T + C(S(t),t) — S(t) = N(—dp)Ke "T=9 — N(—d)S(t) (13)
where
d; = ! (ln (S(t)) + (r + J—2> (T - t)> (14)

oVT —t K 3
and

d,=d, —oVT —t (15)
with N (z) denotes the standard normal cumulative distribution function, that is,
N(z) = L f " ez gy (16)
V2m) o
Both fair call and put prices for a given set of European options as in Egs. (12) and (13) were computed in CPU and GPU for
eight million options. The throughputs of CPU and GPU are 0.375 GOptions/s and 5.7548 GOptions/s, respectively, showing

that the GPU is more than 15 times faster than the CPU. Remarkably, both CPU and GPU produce approximately the same
result, with negligible difference in the order of 10~ (see Figure 12).
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A computation of iterative solver algorithm of N X N linear system Eqg. (10), namely conjugate gradient method [44], was
also performed (see Figure 13). In this case, the coefficient matrix A is symmetric, AT = A, and positive-definite, xTAx > 0,
for all non-zero vectors x € R™. The algorithm is to minimize the function

fx) = %XTAX —xTb a7

when its gradient is zero,
Vi(x) =Ax—b=0 (18)

which is actually Eq. (10). This iterative solver is efficient, particularly using parallel implementation in the GPU. The details
of the derivation of the algorithm are presented in [45] chapter 10, and [46] chapter 2.

2

PS C:\ProgramData\NVIDIA Corporation\CUDA Samples\vll.3\bin\winb4\Debug> .\BlackScholes.exe
[C:\ProgramData\NVIDIA Corporation\CUDA Samples\v1l.3\bin\win64\Debug\Blackscholes.exe] - Starting...
GPU Device 0: "Ampere" with compute capability 8.6

Initializing data...

...allocating CPU memory for options.
...allocating GPU memory for options.
...generating input data in CPU mem.
...copying input data to GPU mem.
Data init done.

Executing Black-Scholes GPU kernel (512 iterations)...
Options count : 8000000

BlackScholesGPU() time : 1.390155 msec

Effective memory bandwidth: 57.547551 GB/s

Gigaoptions per second r 5.7 55

BlackScholes, Throughput = 5.7548 GOptions/s, Time = 0.00139 s, Size = 8000000 options, NumDevsUsed = 1, Workgroup = 128
Reading back GPU results...

Checking the results...
...running CPU calculations.

Comparing the results...
L1 norm: 1.787 E-07
Max absolute error: 1.192093e-05

shutting down...
...releasing GPU memory.
...releasing CPU memory.
Shutdown done.

[BlackScholes] - Test Summary

NOTE: The CUDA Samples are not meant for performance measurements. Results may vary when GPU Boost is enabled.

Test passed

Figure 12. Computation of Black-Scholes option pricing model
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4

PS C:\ProgramData\NVIDIA Corporation\CUDA Samples\vll.3\bin\win64\Debug> .\conjugateGradient.exe

GPU Device 0: "Ampere" with compute capability 8.6

> GPU device has 68 Multi-Processors, SM 8.6 compute capabilities

, residual 4.

, residual

, residual

, residual

, residual
residual

iteration
iteration
iteration
iteration
iteration
iteration
iteration residual
literation 8, residual .61

Test Summary: Error amount = 0.000000

PS C:\ProgramData\NVIDIA Corporation\CUDA Samples‘vll.3\bin\winb4\Debug> .\conjugateGradientCudaGraphs.exe
GPU Device 0: "Ampere" with compute capability 8.6

3
P
P
1.
1.
1
1

> GPU device has 68 Multi-Processors, SM 8.6 compute capabilities

.451374e+01

iteration 4
3.24865
P
P

iteration
iteration
iteration
iteration
literation

iteration 7, residual
iteration = &, residual =

summary: Error amount

S C:\ProgramData\NVIDIA Corporation\CUDA Samplesivll.3\bin\winb4\Debug> .\conjugateGradientMultiBlockCG.exe
Starting [conjugateGradientMultiBlockCG]...
IGPU Device 0: "Ampere" with compute capability 8.6

, residual
, residual
, residual
, residual
residual
residual

.69 -01
.314586e-02
4e-03

> GPU device has 68 Multi-Processors, SM 8.6 compute capabilities

GPU Final, residual = 1.618583e-06, kernel execution time = 57.421825 ms
Test Summary: Error amount = 0.000000
cohjugateGradientMultiBlockCG PASSED

Figure 13. Computation of conjugate gradient method of N X N linear system

Computation of FFT-based 2D convolution was also performed [47]. The 2D convolution, denoted as C = A = B, which is
expressed as

Clx,y) = f f A(x —u,y —v)B(u,v) du dv (19)
and in discrete form
m-1n-1
CP.Q = Z Z ap—r,q—sbr,s (20)
=0 5s=0
which can be done efficiently by using 2D FFT:
C = FFT~Y(FFT(A) - FFT(B)) (21)

where FFT(X) and FFT~1(X) denotes 2D FFT and its inverse, respectively, with input X as two-dimensional array, and the
“ - ” operator denotes element wise multiplication.
The computation took a 2048 x 2048 pixels image as the input data and convolved it with a convolution kernel, running on
GPU and CPU as reference. Both GPU and CPU produced approximately the same result, with negligible difference in the
order of 1077 (see Figure 14).

Various sorting algorithms, namely quick sort, merge sort and radix sort were also tested. The radix sort is using Thrust, a
highly optimized parallel algorithms library applied to GPU [48] [49], which was the best performance (see Figure 15).

JuTIS|

Jurnal Teknik Informatika dan Sistern Informasi



Jurnal Teknik Informatika dan Sistem Informasi p-ISSN
Volume 7 Nomor 2 Agustus 2021 e-ISSN

>

PS C:\ProgramData\NVIDIA Corporation\CUDA Samples‘\vll.3\bin\win64\Debug> .\convolutionFFTZ2D.exe
[C:\ProgramData\NVIDIA Corporation\CUDA Samples\vll.3\bin\win64\Debug\convolutionFFT2D.exe] - Starting...
GPU Device 0: "Ampere" with compute capability 8.6

Testing built-in R2C / C2R FFT-based convolution
...allocating memory
..generating random input data
..creating R2C & C2R FFT plans for 2048 x 2048
..uploading to GPU and padding convolution kernel and input data
..transforming convolution kernel
.running GPU FFT convolution: 8708.904639 MPix/s (0.459300 ms)
-.reading back GPU convolution results
-.running reference CPU convo]ut1on
..comparing the results: rel L2 = 8.572742E-08 (max delta = 6.966646E-07)
L2norm Error OK
-shutting down
Te5t1ng custom R2C / C2R FFT-based convolution
-.allocating memory
..generat1ng random input data
..creating C2C FFT plan for 2048 x 1024
..uploading to GPU and padding convolution kernel and input data
..transforming convolution kernel
..running GPU FFT convolution: 2711.680490 MPix/s (1.475100 ms)
.reading back GPU FFT results
-.running reference CPU convolution
..comparing the results: rel L2 = 1.034519e-07 (max delta = 1.050242e-06)
L2norm Error OK
-shutting down
Test1ng updated custom R2C / C2R FFT-based convolution
-.allocating memory
..generat1ng random input dat
..creating C2C FFT plan for 2048 x 1024
..uploading to GPU and padding convolution kernel and input data
..transforming convolution kernel
..running GPU FFT convolution: 3602.954268 MPix/s (1.110200 ms)
..reading back GPU FFT results
-.running reference CPU convo]ut1on
..comparing the results: rel L2 = 1.031850E-07 (max delta = 8.533214E-07)
L2norm Error OK
.shutting down
Test Summary: 0 errors
Test passed

Figure 14. Computation of FFT-based 2D convolution

2

PS C:\ProgramData\NVIDIA Corporation\CUDA samples\vll.3\bin\win64\Debug> .\cdpSimpleQuicksort.exe
GPU Device 0: "Ampere" with compute capability 8.6

Tnitializing data:

Running quicksort on 128 elements

Launching kernel on the GPU

validating results: OK

PS C: \ProgramData\NVIDIA Corporation\CUDA Samples\vll.3\bin\win64\Debug> .\cdpAdvancedQuicksort.exe
GPU Device 0: "Ampere" with compute capability 8.6

GPU device NVIDIA GeForce RTX 3080 has compute capabilities (sM 8.6)
Running gsort on 5000 elements with seed 100, on NVIDIA GeForce RTX 3080
cdpAdvancedquicksort PASSED
(sorted 5000 elems in 1.072 ms (4.664 Melems/sec)
PS C:\ProgramData\NVIDIA Corporation\CUDA Samples\v11.3\bin\win64\Debug> .\mergeSort.exe
C:\ProgramData\NVIDIA Corporation\CUDA Samples\v1l. 3\h1n\w1n64\Debug\mergeSort.exe Starting. - .

GPU Device 0: "Ampere" with compute capability 8.6
Allocating and initializing host arrays...
Allocating and initializing CUDA arrays...
Initializing GPU merge sort...
Running GPU merge sort...
119.877602 ms
sort results...
.inspecting keys array 0K
.inspecting keys and values array: OK
..5tabﬁ1ﬁty property: stablel!

Shutting down.. .
PS C:\ProgrambData\NVIDIA Corporation\CUDA samples\vll.3\bin\win64\Debug> .\radixSortThrust.exe
C:\Programbata\NVIDIA Corporation\CUDA samples\vll.3\bin\win64\Debug\radixSortThrust.exe Starting...

GPU Device 0: "Ampere” with compute capability 8.6

sorting 1048576 32-bit unsigned int keys and values

radixSortThrust, Throughput = 145.7115 MElements/s, Time = 0.00720 s, Size = 1048576 elements
Test passed

Figure 15. Computation of various sort algorithms
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The N-body simulation of particle dynamics was also tested using the compiled NVIDIA sample code (CUDA N-body)
running on the GPU. The simulation computed 69632 particles dynamics, including their interactions, governed by Newtonian
laws of force and gravitation, Egs. (6) and (7). A snapshot of the particle dynamics is captured and shown in Figure 16.

Velocity Damping
Softening Factor
Time Step

Cluster Scale
Velocity Scale

Figure 16. A snapshot of N-body particle simulation. The color is inverted.

Simulation of many particle dynamics under earth gravity is also performed, where every particle is a ball and can collide
with other particles and the confined walls. The particle dynamics are governed by Newtonian laws of motions under earth
gravity, rigid body kinematics, and conservation of energy and momentum [50]. A snapshot is shown in Figure 17.

| CUDA Particles (16384 particles): 126.9 fps — O =
3] I

Figure 17. A snapshot of simulations of ball particles under earth gravity
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V. DISCUSSION

The results of tests performed on GPU and CPU confirm that the performance of the GPU is superior to the CPU. What it
means is the performance in term of scientific/numerical computation, i.e., computations which involve “number crunching”,
with massive streams of numerical data (integers or floating points), and their operations in standard arithmetic and some
elementary mathematical functions, such as trigonometric functions, transcendental functions, hyperbolic functions,
logarithmic functions, powers and roots. Other advanced functions can be computed using optimized algorithms involving
many elementary functions. However, it does not mean that the GPU can replace the CPU, because the CPU can do many
things that the GPU cannot, like 1/0 managements, threads scheduling, branch predictions, memory management, and many
more complex tasks. The superiority of the GPU over CPU is only on massive parallel numerical computations, because it is
designed to do so in the first place, that is, graphics operations are just mathematical operations acting on numbers.

TABLE 1.
SUMMARY OF NUMERICAL COMPUTATION TEST RESULTS
Test Result
GEMM The GPU is more than 15 times faster than the CPU performance. The GPU’s tensor
cores utilization greatly improves the performance.
Options pricing model computation The GPU is more than 15 times faster than the CPU performance.
Cryptographic computation The GPU is more than 10 times faster than the CPU performance.
FFT, convolution, linear system solvers GPU and CPU produce similar precision.
N-body, particle dynamics simulations The GPU can handle computation involving a large number of objects at once.

Computational capabilities of the GPU were tested using various numerical algorithms, as summarized in Table 1. The
GEMM computation is essential, since matrix-to-matrix multiplication is the important operation in linear algebra, and being
a part in many advanced algorithms, such as deep learning (neural networks) [51], machine learning (SVD, regressions, etc.)
[52], signal processing and time series analysis [53], finite element analysis [54], differential equations solvers [46], molecular
dynamics simulations [19] [7], physics simulations [36], bioinformatics [55], computer graphics [56], image processing and
computer vision [57], computational finance [58], and many more. Most linear system solver algorithms use GEMM as a part
of them. The linear system solver algorithms themself are building blocks of many other complex algorithms [46]. As the
computation of FFT and convolution were tested on the GPU, the results were accurate with good precision, implying the
capability of the GPU to do computations involving FFTs. The FFT is widely used for applications in science, technology,
engineering, mathematics, music and multimedia. There are many important applications of the FFT [59]. According to
Strang, the FFT is the most important algorithm of our lifetime [60]. Even IEEE magazine Computing in Science &
Engineering included the FFT into the “Top 10 Algorithms of 20" Century” [61]. The tensor cores utilization greatly improves
our GPU performance, suitable to run applications using libraries which can take advantage of tensor cores, namely NVIDIA
cuDNN [15], TensorFlow [16], Keras [17] and PyTorch [18]. Simulations of particles dynamics and N-body in the GPU show
that the GPU is able to handle many body complex simulations involving a large number of objects at once, thus capable to
run applications such as molecular dynamics simulations, such as GROMACS [19], etc.

The availability of many libraries which support the GPU is also an advantage, opening a great opportunity to utilize the
GPU to its maximum potential. Most of the libraries are highly optimized for massive parallelism and multithreaded
computations provided by the GPU computing cores. Additionally, the continuous support from the GPU manufacturer are
very beneficial, as the drivers and toolkits are updated regularly to address bugs issues and to improve the performance.

With the reason for those advantages and benefits, deployment of our HPC using the GPGPU system is ready, which serves
as a scientific computing platform that will be used to accommodate computational projects of students and members of the
faculty.

V1. CONCLUSION

The HPC using GPGPU system is developed, which is capable of running computations with massive parallelism taking
advantage of many cores it has. The performance testing to the GPU, applying various important algorithms was successfully
passed. The test showed that the GPU has superior performance than the CPU, in terms of numerical computations, hence the
CPU-GPU tandem pair will be beneficial for the HPC system. Our HPC using GPGPU as a scientific computing platform is
readily deployed.

Our future works are to add access for users to run their computational jobs on the system, locally or remotely, and adding
user management and job scheduler. More importantly, our HPC system will be able to facilitate computational tasks of
research projects of faculty members and students.
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