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Introduction to GPU Accelerated Computing

Feb. 17-21, 2025
Table of Contents (subject to adjustment/change):

1. Monday morning 1: General Introduction Computer
Architecture, Many-Core, GPU and others..., Access...

2. Monday morning 2/afternoon: Access to bwUniCluster, CUDA Hello,
GPU Properties, First CUDA Scalar, Simple Vector Add

3. Tuesday morning 1: More on GPU Software and Hardware

4. Tuesday morning 2/afternoon: CUDA Vector Add, Scalar Products,
Using Blocks and Threads

5. Wednesday morning: Parallelization and Amdahl's Law,
GPU Acceleration, Future Architecture

6. Wednesday morning 2/afternoon: CUDA Scalar Products cont’d
Events, Histograms, Matrix Multiplication

7. Thursday Morning: Astrophysical N-Body Code

8. Thursday Afternoon: Astrophysical Parallel N-Body Code
Using MPI and GPU

9. Friday Morning: CUDA Matrix Mult., Histograms, Wrap-Up, Q+A,
Other Lectures (Wen-Mei Hwu)




CUDA

BY EXAMPLE

An Introduction to General-Purpose
GPU Programming

2010!!

JASON SANDERS
EDWARD KANDROT

FOREWDRD BY JACK DOMNGARE A

(i)
{:Z Edited by Hubert Nguyen
nviDla Fomveved b st Kby, Macroao’s Hesearch

Literature: why NVIDIA? CUDA ... ?
easy to learn!! runs on our training system kepler

future? SYCL/openCL? HIP / HIPIFY ?

THE

CUDA

HANDBOOK

A Comprehensive Guide to
GPU Programming

WEN-MEI HWU

editor-in-chief

Parallel P

e
| | =t
e

Programming |

COMPUTING GEMS
Emerald Edition

WEN-MEI HWU

editor-in-chief




Literature continued:

—

PROGRAMMING
IN PARALLEL
WITH CUDA

A PRACTICAL GUIDE

RICHARD ANSORGE

- "CUDA is now the dominant language used for programming

GPUs, one of the most exciting hardware developments of
recent decades. With CUDA, you can use a desktop PC for
work that would have previously required a large cluster of PCs
or access to a HPC facility. As a result, CUDA is increasingly
Important in scientific and technical computing across the
whole STEM community, from medical physics and financial
modelling to big data applications and beyond. This unique
book on CUDA draws on the author's passion for and long

o experience of developing and using computers to acquire and

analyse scientific data. The result is an innovative text featuring
a much richer set of examples than found in any other
comparable book on GPU computing. Much attention has been
paid to the C++ coding style, which is compact, elegant and
efficient. A code base of examples and supporting material is

available online, which readers can build on for their own

projects"”--

New Book of 2022, Text from Book advertisement in amazon.



Literature continued:

GPU

GPU

N

The Ultimate Guide to Building High-
Performance Computing Systems

1

JAHTHM

Cobbs Walker

“GPU systems have revolutionized the fields of artificial
intelligence, data science, and high-performance
computing. Their unparalleled ability to handle massive
parallel processing tasks has made them indispensable
for industries that rely on cutting-edge computational
power. From Al model training to scientific simulations
and beyond, understanding how to design and optimize
GPU architectures is key to maximizing performance and
staying ahead in a rapidly evolving tech landscape.”

“Authored by a high-performance computing expert,
(Cobbs Walker) provides the most up-to-date, actionable
insights on GPU system design. This book is based on
years of hands-on experience building and optimizing
GPU infrastructures, paired with real-world case studies
that demonstrate successful implementations. Whether
you're designing Al systems, working on complex
simulations, or building GPU-driven applications, the
expertise shared here is reliable and practical.”

For deeper interest in GPU hardware.

Text from Book advertisement in amazon.



Introduction to GPU Accelerated Computing
Feb. 17-21, 2025

“Table of Contents” what we will NOT cover:

@ Artificial Intelligence / Machine Learning

® Graphics Rendering / Ray Tracing with GPU

® Using Tensor Cores for 3D simulations

® Other Languages such as HIP (AMD), OpenCL...

We will solely use CUDA for High Performance
Computing on GPU (many simple examples, one real
Application).

What you learn here will give you a good start for all the
applications not covered!



GPU Computing

History



History

Erik Holmberg (1908-2000)

Dissertation Univ. Lund (Schweden) (1937):

~A study of double and multiple galaxies™

Galaxies often in Groups and Pairs

Irregular Distribution of Satellite Galaxies
(Holmberg-Effect)
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http://cdsads.u-strasbg.fr/abs/1941ApJ....94..385H

HARDWARE

...before von Neumann...

* Konrad Zuse (1910-1995) Berlin
“"I Invented freely programmable Computer

Z1 in parental flat 1936



IHistory

Zuse Z4: 1944 Berlin, 1950 Zirich, 1954 Frankreich
1959 Deutsches Museum Miinchen

T

Computing Speed 0.03 MHz Memory 256 byte



HARDWARE

John ven Neumann (1903-1957)

Born Budapest, Lecturer Berlin, since 1930 Princeton Univ.
Eundamental Architecture of an electronic computing device(1946)

Source: https://en.wikipedia.org/wiki/Von_Neumann_architecture#/media/File:Von_Neumann_Architecture.svg

Central Processing Unit

Arithmetic/Logic Unit Output
Device



https://en.wikipedia.org/wiki/Von_Neumann_architecture#/media/File:Von_Neumann_Architecture.svg

Astronomisches
Rechen-Institut (ARI)
at Univ. of
Heidelberg, Germany

I I ”m‘&‘“




History

Tabelle 5. Zahl der gegenseitigen Umldufe,
Haufigheit des Auftretens und Kleinster
gegenseitiger Abstand D,, der engsten Paare.
(Alle engsten Paare mit mehr als zwei
vollen Umlaufen wurden notiert)

Astronomisches Rechen-Institut in Heidelberg
Mitteilungen Serie A Nr. 14

Die numerische Integration des n-Korper-Problemes Unmliufe | Hiufigkeit | Dm
fiir Sternhaufen I o 3 . 0.0102
Von 3—5 9 0.0177
SEBASTIAN VON HOERNER 5—10 5 0.0070
10—20 2 0,0141
Mit 3 Textabbildungen 20—50 1 0.0007
) . 50—100 1 0.0035
( Eingegangen am 10, Mai 1960) 100—200 1 0.0039

Astronomisches Rechen-Tnstitut in Heidelberg S.v. Hoerner,

Mitteilungen Serie A Nr, 19 Z.f.Astroph. 1960, 63

Die numerische Integration des n-Korper-Problems

fiir Sternhaufen, II. :
Von Siemens 2002

SEBASTIAN VON HOERNER N=4.8,12,16 (4 TI'X)

Mit 10 Textabbildungen
( Eingegangen am 19. November 1962)

N=16,25 (40 Trx)


http://cdsads.u-strasbg.fr/abs/1963ZA.....57...47V
http://cdsads.u-strasbg.fr/abs/1960ZA.....50..184V

IHistory

« Seymour Cray (1925-1996)

“father off supercomputing”

hitps://en.wikipedia.org/wikiAVemen_ in_computing

CRAY1: Vectorregisters (1976)
160 Mflop, 80 MHz, 8 MByte RAM
CRAY2: (1984)

1Gflop, 120MHz, 2GByte RAM



https://en.wikipedia.org/wiki/Women_in_computing

Hlstory

Supercomputer ~# |~

JUGENE

IBM Blue Gene £E JAJA

At FZ Jilich, -
Germany "gj

' ggeyinooe

Opening Ceremony June 2008



Exaflop/s

Petaflop/s

Teraflop/s

Gigaflop/s

Computational Science

...after von Neumann...

Performance

Fujitsu L.z
TMC  Numerical intet ASCI White g3y IBM
CM-5  Wind Tunnel asciRed B000KW  simijjator Blue Gene/L e |
5KN 100 kW 850 kW 12,000 kKW ~4,000 kW generating capacity
106 Gflops l l l l I _ n 300,000 kW
- _
10° Gflops e
10,000 kW
Commercial data
10% Gflops “11'3””"
102 Gflops Residential air-
conditioner
102 Glops B Problems: 15 kW
Power Consumption
10 Gflops
Efficiency for Real Applications
1Gf ——
® Joo 1995 1997 1999 2001 2003 2005 2007 2009

Figure 1. Rising power requirements. Peak power consumption of the top supercomputers has steadily increased over the past
15 years.

Thanks to Horst Simon, LBNL/NERSC for this diagram.




GPU Computing

Special Hardware
Accelerators



GRAPE-6 Gravity/Coulomb Part

o G6 Chip: 025z 2MGate ASIC, 6

Pipelines

» at 90MHz, 31Gflops/chip

o 48Tflops full system (March 2002)

o Plan up to 72Tflops full system (in
2002)

e Installed in Cambridge, Marseille,

Drexel, Amsterdam, New York

(AMNH), Mitaka (NAO), Tokyo, etc..
New Jersey, Indiana, Heidelbero




GPU: NAOC laohu cluster Beijing, China

Peter

Berczik

SilksRoad

Team




BwUnICluster 2.0

The bwUniCluster 2.0 is the joint high-performance computer system of Baden-
Wirttemberg's Universities and Universities of Applied Sciences for general
purpose and teaching and located at the Scientific Computing Center (SCC) at
Karlsruhe Institute of Technology (KIT). The bwUniCluster 2.0 complements the
four bwForClusters and their dedicated scientific areas.

; l::—'::l 1.; |
= https i’f\/\itkhbWhpC de/e/BWUmCIusIeraO
E '-1 i 'T —_— e

Total Number of Nodes: 848
GPU Nodes: 39 (NVIDIA Ampére A100, Volta V100)



NVIDIA Ampere A100 GPU, 54 billion transistors, 6920 cores

ACCELERATING HPC

Molecular Dynamics Physics  Engineering Geo Scien

1.6X

0.0x
AMBER GROMACS LAMMPS NAMD Chroma BerkeleyGW FUN3D

All results are measured

Except BerkeleyGW, V100 used is single V100 SXM2. A100 used is single A100 SXM4

More apps detail: AMBER based on PME-Cellulose, GROMACS with STMV (h-bond), LAMMPS with Atornic Fluid LJ-2.5, NAMD with v3.0a1 STMV_NVE
Chroma with szscl21_24_128, FUN3D with dpw, RTM with Isotropic Radius 4 1024”3, SPECFEM3D with Cartesian four material model

BerkeleyGW based on Chi Sum and uses 8xV1001in DGX-1, vs 8xA1001in DGX A100

11X More HPC Performance in Four
Years

Top HPC Apps

P100 V100 V100 V100 A100

2014 m7 208 2019 2020

Throughput - Relative Performance




NVIDIA Volta V100 GPU, 21 billion transistors, 5120 cores

47X Higher Throughput Than CPU Server on Deep
Learning Inference

MILC)

Geo Science
[SPECFEMZ2D)

# of CPU-Only Modes

CPU Server: Dual Xeon Gold 8140@2.30GHz, GPU Servers: same CPU server wi &x V100 PCle | CUDA
Version: CUDA 9.x| Dataset: NAMD [STMV], GTC [mpi#proc.in], MILC [APEX Medium], SPECFEM3D
[four_material_simple_modell | To arrive at CPU node equivalence, we use measured benchmark with up
to 8 CPU nodes. Thenwe use linear scaling to scale beyond 8 nodes.



NVIDIA Ampere A100 GPU, 54 billion transistors, 6920 cores
(Hopper H100, ...)

Al00 80GB PCle Al00 80GB SXM

FP64 9.7 TFLOPS

FP64 Tensor Core 195 TFLOPS

FP32 195 TFLOPS

Tensor Float 32 (TF32) 156 TFLOPS | 312 TFLOPS*

BFLOATI6 Tensor Core 312 TFLOPS | 624 TFLOPS*

FP16 Tensor Core 312 TFLOPS | 624 TFLOPS*
WithOUt NVLINK INT8 Tensor Core 624 TOPS | 1248 TOPS*

GPU Memory 80GB HBMze 80GB HBMze

GPU Memory Bandwidth 1,935 GB/s 2,039 GB/s

Max Thermal Design Power (TDP) 300W 400W ***



AMD Instinct™ MI250X

AMD Instinct

M|250X GPU GPU Architecture: CDNA2 Lithography: TSMC 6nm FinFET
Sp ecifications Stream Processors: 14,080 Compute Units: 220

Nov.2023 Lists: Peak Half Precision (FP16) Performance: Peak Engine Clock: 1700 MHz
) 383 TFLOPs
Used in:
Peak Single Precision Matrix (FP32) Peak Double Precision Matrix (FP64)
Performance: Performance:
95.7 TFLOPs 95.7 TFLOPs

Frontier (#1 US)
And LUMI (#5 FIN) Peak Single Precision (FP32) Feak Double Precision (FP64)

Performance: Performance:
47.9 TFLOPs 47.9 TFLOPs

Peak INT4 Performance: 383 TOPs Peak INTE Performance: 383 TOPs

Peak bfloat16: 383 TFLOPs OS Support: Linux x86_64

Requirements Total Board Power (TBP): 500W | 560W
-k

AMD{1 N



New “Grace Hopper GH200
superchip” ; GPU + CPU on
one platform; used in new

Jupiter supercomputer at JSC
Julich.

Lt et el

NVIDIA GH200 Grace Hopper Superchip

Hopper GPU

16896 CUDA cores
528 tensor cores

34 Tflop/s double prec.
67 Tflop/s single prec.

g 1 67 Tflop/s tensor core
| |

: double prec.

High-Speed

72 Armv9 CPU cores
https:/lwww.nvidia.com/en-us/data-center/grace-hopper-superchip/ RN ey

NWVIDIA GH200 Grace Hopper §



From
Nov. 2023 List

USA

USA

USA

USA

I I Italy

Rank

System

EL Capitan - HPE Cray EX255a, AMD

4th Gen EPYC 24C 1.8GHz, AMD
Instinct MI300A, Slingshot-11, TOSS,
HPE

DOE/NNSA/LLNL

United States

Frontier - HPE Cray EX235a, AMD
Optimized 3rd Generation EPYC 64C
2GHz, AMD Instinct MI250X
lingshot- HPE Cray 05, HPE
{/0Oak Ridge Mationa

aboratory
nited States

- g um
4 (]

Aurora - HPE Cray EX - Intel Exascale
Compute Blade, Xeon CPU Max 9470
92C 2.4GHz, Intel Data Center GPU
Max, Slingshot-11, Intel
DOE/SC/Argonne Mational Laboratory
United States

Eagle - Microsoft MOv3, Xeon

Platinum 8480C 48C 2GHz, NVIDIA

H100, NVIDIA Infiniband NDR
Microsoft Azure
Microsoft Azure

United States

HPC6 - HPE Cray EX235a, AMD
Optimized 3rd Generation EPYC 64C
2GHz, AMD Instinct MI250X
Slingshot-11, RHEL 8.9, HFE
EniS.p.A.

ltaly

Rmax Rpeak Power
Cores [PFlop/s] [PFlop/s] (kW)

11,039,614 1,74 g 7 IE 29,

GPU AMD Instinct

2,066,175 1,353.00 2,055.72 24,607

GPU AMD Instinct

9,264,128 1.012.00 1,980.01 38,698

Intel Data Center GPU

2,073,600 961.20 B46.84

GPU NVIDIA Hopper

3,143,520 477.90 606.97 8,461

GPU AMD Instinct



https://www.top500.org/

Nov. 2024 List

Japan

USA

Finland
(EuroHPC)

USA

USA

Rank

&

System

Supercomputer Fugaku -
S rcomputer Fugaku, A&64FX 48C

2.2GHz, Tofu interconnect D, Fujitsu

s S5
et =
L 4
|
d
= o0 T
= o T
v M
M
P
1
=

Finland

Leonardo - BullSequana XH2000,

NVIDIA ATO a4 GB Ti
NVIDIA HDR10D Infiniband, EVIDEN
EurcHPC/CINECA

Italy

Tuolumne - HPE Cray EX255a, AMD

gth zen EFYL 240 HGHz AMD
: R g % 72 e
ctice+ MIZANA Slinne ot TOSS
Instinct MIS00A, Slingsheot-11, TOSS,

HPE

DOE/MNMNSA/LLNL
United States

Wduad-rait

Rmax Rpeak Power
Cores [PFlop/s] [PFlop/s] (kW]

7,630,848 442.01 237.21 29,899

Fujitsu Arm
2.121,600 £34.920 a74.84 7124

GPU NVIDIA GH200 Grace

2,752,704 379.70 531.91 7,107

GPU AMD Instinct

1,824,768 241.20 306.31 7,494

GPU NVIDIA Ampere

1,161,216 208.10 2B8.88 3,387

GPU AMD Instinct



https://www.top500.org/

Top 500 List November 2023 -
Performance Share of Countries From https://www.top500.0rg

Countries - Performance Share

United States Japan Italy
|_| Switzerland . Germany . Finland

. China France . Spain

South Korea Tamwan . Metherlands

B saudi Arabia United Kingdom Russia


http://www.top500.org/

L U M | Supercomputer, Kajaani, Finland

Using only
Hydroelectric
Power and its

Heat used for
heating buildings.

No. 5 in top500
No. 7 in green500

2.2 million cores
~12.000 AMD GPUs

“| EuroHPC and LUMI consortium:

Finland, Belgium, Czech Republic, Denmark, Estonia,
Iceland, Norway, Poland, Sweden, and Switzerland.




RIKEN, Kobe, JAPAN
(—
=i

Mt. Fuji

Nature s Secrety

The world's fastest Super Computer 2020 12021
7.6 million cores, 442 Pflop/s

source nytimes
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e%‘.\"i\‘\ﬁ

'i!;-' B ‘l ;";_ &
l| \‘| ’l‘-{"‘

Fugaku extends its reign as champion of supercomputers
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JUWELS Booster 936 nodes (AMD CPU, 4x Ampere GPU)

G C S ~450.000 AMD cores, 25 million NVIDIA Ampere GPU cores
~ 70 Pflop/s SP ~ 44 Pflop/s DP

No. 18 in top500 list, No. 3 in green500 list

Jilich Wizard for Euroean Leadership Science

Gauss Centre for Supercomputing

& I i

L || . » ' . - ey s B

) oL

FORSCHUNGSZENTRUM

Watch out for new Exascale System at Jiilich (JSC): JEDI /| JUPITER !

Copyright:

— Forschungszentrum Jiilich




10 EFlop/s
1 EFlop/s
100 PFlop/s
10 PFlop/s
1 PFlop/s
100 TFlop/s
10 TFlop/s
1 TFlop/s
100 GFlop/s
10 GFlop/s
1 GFlop/s

100 MFlop/s

Performance Development

Moore’s Law?
From https://

Bend in Curve due to = RPN
Accelerators .I.i' ks

Y pu BN
pm mm

[ .
& aa .  Green: Cumulative
' s
Orange: Top System
Blue: Average of 500

1995 2000 2005 2010 2015 2020 2025



http://www.top500.org/

Energy

TOPS0D Rrmax Power Efficiency
Rank Rank System Cores |PFlop/s] (kW] [GFlops/watts)
GREEN 500 IISt NOV' 2024 222 JEDI - B juana Xl T Hop 19,584 4.50 &7 72733

Power Efficiency e GPU NVIDIA

(Gflops/Watts), '-..:.F'a.r_e:.-"E"JIEIE-\J Grace Hopper
see also top500 webpage ey =

nght 1_5 2 122 ROMED-2025 - [ i , 47,328 .86 160 70.912
below: 6-10 . L R
=|."...r:\|1|L=F.:I\ B .E -. 1 T. .- e o - ‘ - inux EVIDEN ) l GPU NVIDIA

GPU NVIDIA i ' Grace Hopper

.:‘arTec_E\-"IZEN . Grace HOQQer France

o 3 440 Adastra 2 - HPI (2553, AMD 4 16128 253 37 69.098
Helios 6PU - HPE Cray E VIDI 9 2g0 1914 k1Y 469 | 24C 1.8GHz, AM t

“Cn GPU NVIDIA - A ams e

oonet Grace Hopper ensif - Centre Informatique Na
a3 il s bt o B288 288 4 693 f:rance. | S GPU AMD InStinCt
Uit Sses Hopper 4 155 isambard-Al phase 1- HPE Cray EX25in, 34272 7.42 M7 6883

338 HoreKa-Teal - T 665-N V3, 13,616 3.12 50 62.9 t-11. HPE

" GPU NVIDIA oo GPU NVIDIA
Hl_QDzQ& 368 28§ 51 f::.|.:_>!:,..-. : ni Dé&&5-N GI:BCG,EHODQ eITSE.CIEE

ietsoes GPU AMD e I‘-‘EIE[:'IF;‘.."A:QE N
instinct sl GPU NVIDIA Hopper

Germany




GPU Computing

More on GPU



Graphics Processors as General Purpose

Pascal 2016:
Quadro P6000

X1d 3JH0439

2008...

GeForce 9800 GTX, 128 Stream Proc., 512 MB
GeForce 9800 GX2, 256 Stream Proc., 1 GB

GeForce 9800 GT, 64 Stream Proc., 512 MB

[..]

2009: Tesla ~200 Proc., 4GB

2010: Fermi ~400 Proc., 4GB

2013: Kepler K20, ~2500 Procs., 6GB

2016: Kepler K80, ~5000 Procs.

2016-18: Pascal, Volta, Turing > 5000 Procs., 40 GB
2019-25: Ampere, Hopper, ... > 10000 Procs. 240 GB



https://www.mdbg.net/chinese/dictionary?page=worddict&email=&wdrst=0&wdqb=laohu#

Peak Floating Point Operations per Second

And Peak Memory Bandwidth for CPU and GPU

Peak Memory Bandwidth (GB/s) Peak Double Precision (GFLOPs)

100 - GPU 16000
1400 = CPL 14000
1200 12000
1000 10000
200 8000
B0 G000
400 4000
200 2000

ﬂ / u

2006 2008 2010 2012 2014 2016 2018 2020 2022 2006 2008 2010 2012 2014 2016 2018 2020 2022

Chip to chip comparison of peak memory bandwidth in GB/s and peak double precision gigaflops for
GPUs and CPUs since 2008. Data for Nvidia “Volta” V100 and Intel “Cascade Lake” Xeon SP are
used for 2019 and projected into 2020. From:

https://www.nextplatform.com/2019/07/10/a-decade-of-accelerated-computing-auqurs-well-for-gpus/



https://www.nextplatform.com/2019/07/10/a-decade-of-accelerated-computing-augurs-well-for-gpus/

Input Assembler

Thread Execution Manager
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Load/store

Global Memory

)
I E
=1y
1

Parallel Data Cache

Each core
8 functional units
SIMD 16/32 “warp”
8-10 stage pipeline
Thread scheduler
128-512 threads/core
16 KB shared memory

Total #threads/chip

16 * 512 = 8K

These are the physical parameters! The software (“runtime system?”)
sees a “virtual GPU” which is MUCH larger!!

GeForce 8800 GTX:

575 MHz * 128 processors * 2 flop/inst * 2 inst/clock = 333 Gflops



CPU and GPU; from CUDA NVIDIA Developer Zone at
http'//docs nvidia. com/cuda/cuda-c-programming-guide/index.htmI

L1 Cache L1 Cache

“The GPU devotes more transistors to computing”
“favours data parallel operations”

L1 Cache L1 Cache




GPU Structure https://docs.nvidia.com/cuda/parallel-thread-execution/index.html

Block (1, 0)

Block Block
(1,0) (2, 0)

Thread (0,0)  Thread (1,0)  Thread (0,0) Thread (1, 0)

'y

The host issues a succession of kemel invocations to the device. Each kemel is executed as a baich
of threads organized as a grid of thread blocks



https://docs.nvidia.com/cuda/parallel-thread-execution/index.html

NVIDIA V100 FP32

NVIDIA A100 Tensor Core TF32 with Sparsity
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https://www.nvidia.com/en-us/data-center/tensor-cores/
https://blogs.nvidia.com/blog/2020/05/14/double-precision-tensor-cores/
https://www.nvidia.com/en-us/gpu-accelerated-applications/

CUDA Optimized Libraries: Integrated CPU + GPU
math.h, FFT, BLAS, ... C Source Code

NVIDIA C Compiler

NVIDIA Assembly
for Computing (PTX) CPU Host Code
CUDA Debugger _
Driver Profiler Standard C Compiler

GPU CPU



GPU Computing Applications

Libraries and Middleware

cuFFT
CuDNN CUBLAS VSIPL MATLAB

TensorRT cuRAND o S::fM t Mathematica
CUSPARSE e

Programming Languages

Loz Directives
C C++ Fortran Python DirectCompute (e.g. OpenACC)
Wrappers HEL o

. Hopper... Blackwell ... X \ /| CUDA-Enabled NVIDIA GPUs

NVIDIA Ampere Architecture Tesla A Series
(compute capabilities 8.x)

NVIDIA Turing Architecture GeForce 2000 Series Quadro RTX Series Tesla T Series
(compute capabilities 7.x)

(compute capabilities 7.x) AGX Xavier
NVIDIA Pascal Architecture Tegra X2 GeForce 1000 Series Quadro P Series Tesla P Series

(compute capabilities 6.x)

‘/I;m bedded .

Ig'—--—-- - __f-.};,/:/.?‘ _"‘\
PPofessional 1 ( Center

Workstation




Python + CUDA = PyCUDA

» CUDA C Code = Strings

» Generate Code Easily
ﬁ pqthon » Automated Tuning
,f » Batteries included:

GPU Arrays, RNG, ...
» Integration; numpy arrays,
» All of CUDA in a modern Plotting, Optimization, ...
scripting language

7 B yes
Edr | 4 Cache? =

» Full Documentation G

Riin P {-:’H"'lpli i s GPA Blnary

» Free, open source (MIT)

» Also: PyOpenCL

GPL Source Madule —— Upleaad to GRU +
| Pyl LILA

Run an GPUI
P

@5 BROWN
Tl E‘

S https://developer.nvidia.com/cuda-python . e AT
' http:/mathema.tician.de/software/pycuda https://documen.tician.de/pycuda/” ~ g




Parallel Computing

Some basic ideas



Amdahl's Law (Gene Amdahl 1967)

Evolution according to
Amdahl's Law Amdabhl's law of the
theoretical speedup of
the execution of a
program as function of
the number of processors
p executing it, for
different values of p. The
speedup is limited by the
serial part of the program.
For example, if 95% of
the program can be
parallelized, the

........... theorgtical r_naximurr|1I |
lllllllllll computing would be 20

times.

By Daniels220 at English Wikipedia - Own work based on: File:AmdahlsLaw.png, CC
BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=6678551



https://commons.wikimedia.org/w/index.php?curid=6678551

Calculate Amdahl's Law:

Let X be the part of my program (in terms of computing time) which can be parallelised.
The sequential computing time Ty Is nermalized to unity (1), and can be expressed as:

T. =1=X+(1-X)

Se

The parallel computing time Tpar under ideal conditions (ideal load balancing, ultrafast

communication):
TIoalr = Xip + (1-X)
with processor number (core number) p ;

Then the speed-up of the program S = T, [T
S = 1 [ (1-X+XIp) ;

par

Note: TparlTseq = 1/S (sometimes also plotted)

Note the limit of S for p>>1 and X~1 is very large: S = 1/(1-X).
Withicommunication everhead:

T =XIp+ (1-X) + T = S=1/(1-X+XIp+T__ )

p comm

It T . independent of p we have for large p: S=1/(1-X+T___) = const.
If Teomm = C p* (k>0) we get: S=1/(1-X+cp¥) - 0 forlarge p!!



Parallel code on cluster
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Strong and Soft Scaling

Strong Scaling: Fixed Problem size, increase p
Soft Scaling: Increase Problem size, increase p
(constant amount of work per processing element)

Ansatz for Soft Scaling (T..nm Neglected here):
T...=p (X +(1-X))
T =X +p (1-X)

par

S=T_ /T =p [ (X+p (1-X))

seq

If X~1: S=p; T . =X = const.

r
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https://ui.adsabs.harvard.edu/abs/2013hpc..conf...52B/abstract
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M Regq. m Comm.R.
m lrr. lm Send.l.
m Pred. B Send.R.
1 Init.B. B Barr.
1 Adjust
m KS
m Move
m Comm.l.
Table 1 Main components of NBODY6 ++
_ Timing Expected scaling
Description skl N N, Fitting value [sec]
Regular force computation ~ Treg =~ O(Nyeg - N) O(N; ) (2.2-10 7 - N 1 1043) <N, *
Irregular force computation Tirr  O(Nirr - (Nnb)) O(Np_l) (3.9 1077 - N**® _ 16:47) : Np_l
Prediction I O(N*"») O(N;kpp) (1.2-107¢ - N'*' —3.58) - N;°°
Data moving Toew  (O(NMml) O(1) 3 T | e i
MPI communication (regular) Tiner O(N*™er)  O(kper - Nir:) (3.3-107%. N"'® 1 0.12)(1.5 - %)
MPI communication (irregular) Tmei O(N*"ei)  O(kpe: - Eﬁr;—l) (3.6 10" N-*4.0.56)(1.5- lﬁ;—l)
Synchronization B O(N*™s) O{N;Ps) (4.1-107% . N3 10.07) - N,
Sequential parts on host /. O(N*mr) O(1) g 105« N1 91
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https://ui.adsabs.harvard.edu/abs/ZOlGRA‘&....16...11H/abstract
Huang, Berczik, Spurzem, Res. Astron. Astroph. 2016, 16, 11.

Fig.2 The speed-up (S) of NBEODY&++ as a function of particle number (V) and processor

number ( N;). Solid points are the measured speed-up ratio between sequential and parallel wall-
clock time, dash lines predict the performance of larger scale simulations further. The symbols

used in figure have the magnitudes: 1k = 1,024, 1M = 1k? and 1G = 1k3,




http://crd.lbl.gov/departments/computer-science/PAR/research/roofline

Arithmetic Intensity

The core parameter behind the Roofline model is Arithmetic Intensity.
Arithmetic Intensity is the ratio of total floating-point operations to total
data movement (bytes).

0.1-1.0 flops per byte Typically < 2 flops per byte O(10) flops per byte

r'—/k—"ﬁ.

SpMv
BLAS1.2 Particle
Stencils (PDEs) FFTs. m—— Methods
Lattice Boltzmann Spectral Methods Linear Algebra
Methods (BLAS3)

O(1) O( log(N} ) O(N)



http://crd.lbl.gov/departments/computer-science/PAR/research/roofline
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http://lorenabarba.com/wp-content/uploads/2012/01/roofline_slide.png

Eriday, Feb. 21:
Matrix Multiplication

HlStOg I'alllS (from Jason Sanders’ book; see our webpage link)

https://developer.nvidia.com/cuda-example
Download source code of examples in Jason Sanders’ book

(Includes also HANDLE_ERROR routine)
Timing and Debugging
Wrap-Up of CUDA/Outlook


https://developer.nvidia.com/cuda-example

Error Handler used in Jason Sanders’ book examples

static void HandleError( cudaError_t err,
const char *file,
int line ) {
if (err != cudaSuccess) {
printf( "%s in %s at line %d\n", cudaGetErrorString(

err ),
file, line );
exit( EXIT_FAILURE );
)
}
#define HANDLE_ERROR( err ) (HandleError( err, __ FILE__,
__LINE__ ))

Make sure that this code appears somewhere in your source,
or somewhere in a header you #include.



Matrix Intuitive Multiply

EWe 1ei W. Heau and David Eirl/ NVIDIA,

Berkeley, January 24-26, 2011
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Tiled Multiply

X
012 TILE_ WIDTH-1

+ Each computes one
square sub-matrix Pdg,,of size
TILE_WIDTH

- Each thread computes one
element of Pd,

—y

0
1
ly j
TILE_WIDTH, ; i : .

€©Wen—-mei W. Hwu and David Eiwk/INVIDIA, 4
Berkeley, January 24-25b, 2011




Speed-Up Ratio
GPU speed-up over CPU
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IHistogram Computation

8 _histo

Task:

100 million integers 0 = n; < 256;
Randomly distributed with equal probability;
What is the frequency (number) with which every integer occurs?

Expect: equal distribution again, with fluctuations.

Histogram of 15000 uniform random number

Source:
261392752 FPGA_based_RNG_for_random_WOB_method_in_unit_cube_capacitance_calculation
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https://www.researchgate.net/publication/

This Timing APl is used in 8_histo/histo.cu !

Timing with CUDA Event API

int main ()

i CUDA Event API Timer are,

cudakEvent_t start, stop;
float time;

- OS independent
cudabEventCreate (&start);

cudaEventCreate (&stop); - High resolution

- Useful for timing asynchronous calls
cudaEventRecord (start, @);

cudaEventRecord (stop, @); .
cudaEventSynchronize (stop); e=- Ensures kernel execution has completed

cudaEventElapsedTime (&time, start, stop);

cudakEventDestroy (start);
cudakEventDestroy (stop);

printf ("Elapsed time %f sec'n”, time*.0@1);

4 retum 1 Standard CPU timers will not measure the

timing information of the device.

m“:‘}l " Office of Introduction to CUDA Programming - Hemant Shukla 16
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CUDA - GNU Debugger - CUDA-gdb

do not forget: nvcc -g -G ... before running ...
(not possible on kepler, login node has no GPU!)

http://docs.nvidia.com/cuda/cuda-gdb/index.html \

A DEVELOPER CUDA TOOLKIT DOCUMENTATION Q
nyvinia ZOMNE

CUDA Toolkit v7.5

CUDA-GDB (EDE) - v7.5 (older) - Last updated September 1, 2015 - Send Feedback - B4 E4 03] =2

CUDA-GDB

1. Introduction CUDA-GDB
2. Release MNotes

- 3. Getting Started 1. Introduction

b e b LB BRI This document introduces CUDA-GDB, the NVIDIA® CUDA® debugger for Linux and Mac OS.

=5, Kernel Focus

&= 6. Program Execution 1.1. What is CUDA-GDB?

= 7. Breakpoints & ebugging CUDA applications running on Linux and Mac. CUDA-GDB is an extension to the x86-64
Watchpoints : r. The tool provides developers with a mechanism for debugging CUDA applications running on

&= 8, Inspecting Program State es developers to debug applications without the potential variations introduced by simulation and emulation

&= 9, Event Notifications environments.

= %Eéﬁgigogmﬂ“c Error CUDA-GDB runs on Linux and Mac OS ¥, 32-bit and 64-bit. CUDA-GDB is based on GDB 7.6 on both Linux and Mac 05 X,

b SRR g amEias 1.2. Supported Features
t-12. Advanced Settings CUDA-GDB is designed to present the user with a seamless debugging environment that allows simultaneous debugging of both GPU
A Supported Platforms and CPU code within the same application. Just as programming in CUDA C is an extension to C programming. debugging with
B. Known Issues CUDA-GDE is a natural sion to debugging with GDB. The existing GDE debugging features are inherently present for debugging
the host code, and additional features have been provided to support debugging CUDA device code.

CUDA-GDB supports debugging C/C++ and Fortran CUDA applications. (Fortran debugging support is limited to 64-bit Linux operating
system) All the C++ features supported by the NWVCC compiler can be debugged by CUDA-GDB,

CUDA-GDB allows the user to set breakpoints, to single-step CUDA applications, and also to inspect and modify the memory and
variables of any given thread running on the hardware.




Run Window Help

i Bl #vy0+Qeq | wn » BN 3D e e (4l @ Q
=ji'a'*l;.'«ai:rug_ pxi - i» ¥ = 8 ®-variables % Breakpoints | I CUDA 22 . =\ Modules ] B
| ¥ B vectorAdd {D}_[dewce lr_:j-lhTﬂ[ﬁ-}j“{Bre;kpﬁi'nE} - &+ = 2] =

| o - =

» & CUDA Thread (0,0,0) Block (0,0,0)

: % CUDA Thread (1,0,0) Block (0,0,0) |l = | [Qs: - . : =

1 - T >
¥ (% All CUDA Threads v i (0,0,0) | SM 11 | 256 threads of 256 are runt
¥ % Block (0,0,0) [sm: 11] # (0,0,0) | Warp OLane 0 |[€ vectorAdd.cu:36 (0x9a653¢
> & CUDA Thread (0,0,0) [warp: 0 lane: 0] (vectorAdd.cu:36) # (1,0,0) I Warp 0 Lane 1 il_c. vectorAdd.cu:36 (0x9a653(
[§ vectorAdd.cu = O| 8t outline | it Registers &2 # B M ¥ =0
J4 0 WeEL Ll Hlll.ll._l-ull?..lll. TLwglt A, LUIaBL ITwdat "D, Tuvatk ", L0t Jumnc = | ) : Ty |
33 { Mame T(0,0,0)B(0,0,0) T(1,0,0)B(0,0,0)
34 int i = blockDim.x * blockIdx.x + threadIdx.x; wiRsS a 4
35 1608
% 36 if (i < numElements) oigl RG 3149824 3149824
37 { i R7 4 4
38 C[1] = A[1] + B[1); W RS 0 1
39
20 ) } HHET 0 1
N 41 - i R10 1060608 -271911904
e ) il R11 0 2
El console 8 ¥ Tasks | [2! Problems | @ Executables| @@ Memory e RE | BB | =t B v 3~ 70

vectorAdd [C/C++ Application] gdb traces - _

0x400300880"}, {name="C" ,value="0x400301000"}, {name="numElements"”,value="588"}], file="../src/vectoraAdy -
d.cu”, fullname="/home/eostroukhov/cuda-workspace/vectorAdd,/src/vectorAdd. cu”, line="36"}

470,340 (gdb)

476,340 157~done, register-values=[{number="15",value="0x0"}]

470,340 (gdb) Linux Terminal commandline:
470,346 158*done,register-values=[{number="15",value="6"}]
470,340 (gdb) nsys (nsys --help)

Click to zoomdshrink
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WrappingUp 1

Exercises afternoons

. hello, device- first kernel call, hello world, GPU properties
. add - vector addition using one thread in one block only
. add-index - vector addition using blocks in parallel,
one thread per block only.
. add-parallel - vector addition using all blocks and threads in parallel

. dot - scalar product using shared memory of one block
only for reduction
. dot-full - scalar product using shared memory and
atomic add across blocks
dot-perfect - scalar product; fat threads and final reduction on host.

. matmul - matrix multiplication with tiled access shared memory.
e - histogram using fat threads and atomic add

on shared and global memory, timing



Wrapping Up 2

Elements of CUDA C learnt:

threadld.x , blockld.x, blockDim.x, gridDim.x Threads, Blocks

(threadld.y, blockld.y, blockdim.y, gridDim.y

kernel<<<n,m>>> (...) kernel calls
Kernel<<n,m,size>>(...) kernel call with dyn. alloc. size
kernel<<<dimBlock,dimGrid>>>(...)

__global device code

__Shared shared memory on GPU
cudaMalloc [/ cudaFree manage global memory of GPU
cudaMemcpy / cudaMemset copy/set to or from memory
cudaGetDeviceProperties get device properties in program

cudaEventCreate, cudaEventRecord,

cudaEventSynchronize, cudaEventElapsedTime,

cudaEventDestroy CUDA profiling
AtomicAdd (on global or shared mem.) atomic functions



What we have not yet learnt...

___constant___ constant memory on GPU
__device_ functions device to device

Intrinsic Functions ( __ device  type)
https://docs.nvidia.com/cuda/cuda-math-api/group_ CUDA __MATH__ SINGLE.html#group_ CUDA__MATH__ SINGLE

__host__ functions host to host
More atomic functions
cudaBindTexture using texture memory

fat threads for 2D and 3D stencils thread coalescence opt.



https://docs.nvidia.com/cuda/cuda-math-api/group__CUDA__MATH__SINGLE.html#group__CUDA__MATH__SINGLE
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