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Plasma accelerators Cychsys

- SYSTEMS UNDERSTANDING

Radiation Tumor Therapy
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Radiation Research
in Oncology
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Plasma accelerators (), CASVS

Radiation Tumor Therapy with lons

8 X-Ray Beams 2 lon Beams
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Plasma accelerators
Accelerators can become quite big machines

~

HIF Heidelberg




Plasma accelerators CASUS
‘ SYSTEMS UNDERSTANDING
Can we make them smaller?
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Plasma accelerators (), SASYS

Lasers FTW!
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Plasma accelerators Cycnsys

Making everything very easy with levitating platic spheres

Vacuum
Feedthrough

Ground

Electric
Connections
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Plasma accelerators ), SASVS
In theory, theory is easy
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Plasma accelerators (2015 on ORNL TITAN / #1 Top 500) 1, CASUS

From 4 PByte to 100 kByte

» SYSTEMS UNDERSTANDING

OAK RIDGE | 02k RiGe =
; LEADERSHIP

ABOUT OLCF  LEADERSHIP SCIENCE COMPUTING RESOURCES  CENTER PROJECTS  SUPPORT MEDIACENTER SUMMIT  SC15

7 Simulations @ full plasma den5|ty
=60 MCPUh ¥

ORNL INCITE nghllght
18,000 GPUs, 4 PByte of h|ﬁ,_,,;: ’ 'allty data

l’\

TITAN TARGETS TUMORS

Researchers atthe German research laboratory Helmholiz-Zentrum Dresden Rossendorf are using Titan to

understand and control new methods for particle acceleration that could have big impacts on laser-driven tumor
removal.

INCITE




Plasma accelerators ), SASVS

Spanning 6 orders of magnitude in time

Z(Ti) log(l) Features on sub-ps scale remain!
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Plasma accelerators (2018 on CSCS Piz Daint, #3 Top 500)
That was in the olden days — things are surely much better now!

“Overall, this is an outstanding proposal. The High Performance Computing resources requested are appropriate.
The PIs should try to reduce the data requirements and try to find a solution that is
technically possible for CSCS.”

-.L.-L —

—— | , i
1 & s = .. ‘

simulation interval PR ‘ l-l

0.1

0.01

{ .
W
0,001

\FEL 9 o,o" QOQCPUhs
1E-5 - . : | J ‘
1E-6 O - A A ’ ' -! “A (L :

wii SEANERSI ‘ 2) 4p S " : 3

normailzed intensity

1E-7

aser pulse

time relative (o main UHI |




Validating codes on the stomic scale ), CASYS
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Towards higher energies
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Testing codes on the atomic scale ), SASVS
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Looking at plasma dynamics at atomic resolution @ HIBEF / EU-XFEL

European

XFEL
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Different instabilities create different scattering images
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Testing codes on the atomic scale Cycnsys

Inversion of data is hard — Learning from CERN

Photon Source Photon Waveauide  Target/Sample Detection Photon Data Analysis
XFEL Lenses Single particles Spectroscopy Structure determination
Synchrotron o Mirrors Solids, surfaces Imaging Electronic structure
Optical Laser Liquids Transport
Pumg-probe Plasmas Relaxation &
Thermodynamics

SIMEX_PLATFORM

- I i &A‘k&«: y :

Each system imaged is a full High Performance Computing simulation
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Testing codes on the atomic scale Cychsys

Data is coming

Storage consumption in size (per Beamline)
> spg Ryn Period ., Ryn Period , , . \Ryn Period , . . . Run Period

2015 2016 2017 2018
g 2.0PB
©) tomography (HZG)
= 1.5PB
& micro-/nanoprobe
[ 1.0PB :
© tomo & eng. mat. sci. (HZG)
A 500.0TB
macromolecular cryst.
0.0B

Date

4 Beamlines generate 80 % of the data on GPFS
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What we will (at least) need in the upcoming years ) SAsSYS
Data-intensive computing & Human in the Loop
« Low-level software stacks for heterogeneous computing
- Data dependency and data flow descriptions

« Abstraction of communication and communication topologies

« A new way of thinking domain decomposition

Data-intensive

in the Loop Software Stack

« In-Memory workflow coupling

« Visual analytics combined with immersive Ul interfaces, Machine Learning & Feedback

Human

« Real time data fusion of experimental & simulation data and surrogate modeling
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The Particle-in-Cell algorithm
Domain decomposition in Super Cells

S AR
2%

n.% u é, A B devices threads
"‘[ Ex & B8, cluster on a node in a block
< 2 .t - B 0 0 e 0 0 ®
E B o E y "0 :’0 :'0 :’0 :’0
Yy JtQ .I:. A ’ﬁ. ®— ; : : ; :
i i i i i °
g’ q @’ : S i ; ; S 9
> > > : ik | : H o 1 3
N T i W T . thread S
i b 1 H ©
Il 1 . ©
______ o o
force weighting particle push ‘ : f
e 1 c
B =L EOSO) ) B - p—— :
_ , +F. | T T 2
Bpo = L B S0 +Foy S e :
H i i i H 1 I | O
. B At . N : T—— : Gaiials =od B ; ;
current : : : : : e :.:P'\J ___________ o
field solver deposition
Ey. = VUXB-j _ X=p- t/m
B,, = - VXE Vej=-0 =]

--




D
The Particle-in-Cell algorithm Cycnsys
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Particle caching via Particle Frames

frame 0  frame 1l  frame 2  frame 3 frame 4  frame 5
super cell 2 — — —

super cell 1 — — — — —

super cell 0 — — — —

attributes of position | cell | | momentum

n partiC:leS 128 Bytesl \ “r ///I‘
padding
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Abstraction Library for Parallel Kernel Acceleration Cycnsys

Single source heterogeneous many-core programming in C++

Rark System Cores (TRop/s) [TFlop/s| (kw)

1 Scererat - [8M Power Systern ACR22, 1BM FOWERS 22C 3 07GH: 297824 143500.0 2007949 9,743

#ifdef CUDA_ENABLE I
// CUDA Kernel implemen o v
/f e ’:e':s"-“ 10,649,400 930148 1254359 15371

#elif OPENMP_ENABLE e
// OpenMP impleg€ntation I
/] . = ok

#else e
tial CPU implementation lkif?fifffiiff 
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Abstraction Library for Parallel Kernel Acceleration Cychsys

Parallel, redundant hierarchy (CUDA, OpenCL, HIP) i

Grid whole parallel task

Block fully independent part of the grid

Warp group of synchronous threads

Threads executed concurrently

Elements sub-thread, sequential lock-step

alfsaka




Abstraction Library for Parallel Kernel Acceleration
Parallel, redundant hierarchy (CUDA, OpenCL, HIP)

Parallel

OO0O0O0ONMNONN

Sequential

( Thread ]

[ Element J

==== Synchronize

FUTURE:

(
VC ==

C++ SIMD
Vectorization &
Packin
" g

~N
) | |

Hierarchy Level
grid

block

warp

thread

element

Parallelism
sequential / parallel
parallel
parallel
parallel / lock-step

sequential

CASVUS
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Synchronizable

X/
X

al~aka

--



Abstraction Library for Parallel Kernel Acceleration 8y coren o sonce
Mapping the abstract hierarchy to real hardware

al~aka
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Abstraction Library for Parallel Kernel Acceleration Cychsys

Alpaka Backends

CPU: x86, Xeon Phi, ARM, ... NVIDIA GPU | AMD

OpenPM 2.0+, 4.0 CUDART

al~aka
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Abstraction Library for Parallel Kernel Acceleration Cycnsys
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Memory allocation and kernel call

// Init Host

using Host = alpaka::acc::AccCpuSerial< Dim, Size >;
using DevHost = alpaka::dev::Dev< Host »>;

using PltfHost = alpaka::pltf::Pltf< DevHost >;

// Memory allocation
auto X h = alpaka::mem: :buf::alloc<float, Size>( devHost, extent );
auto X d = alpaka::mem: :buf::alloc<float, Size>( devAcc, extent );

// Copy from host to device
alpaka: :mem::view::copy(stream, X d, X h, extent);

// Kernel creation and execution
VectorAdd kernel;
auto const exec( alpaka::exec::create< Acc >(
workDiv,
kernel,
numElements,
alpaka: :mem::view::getPtrNative(X d),
alpaka: :mem::view::getPtrNative(Y d)
))s
alpaka: :stream: :enqueue( stream, exec ); Eﬂl/ﬁ}é}t(iﬂ

--
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SIMD optimized vector addition

struct DaxpyKernel
{
template< typename T Acc >
ALPAKA FN ACC void operator()(
T Acc const & acc,
double const & alpha,
double const * const X,
double * const Y,
int const & numElements
) const
{
using alpaka;
auto const globalldx = idx::getIdx< Grid, Threads >( acc )[0u];
auto const elemCount = workdiv::getWorkDiv< Thread, Elems >( acc )[0Qu];

auto const begin = globalldx * elemCount;
auto const end = min( begin + elemCount, numElements );

for( TSize i = begin; i < end; i++ )
Y[i] = X[1] + Y[1]; // Note difference between worker and data index

b al~aka
B B D e
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Abstraction Library for Parallel Kernel Acceleration
Zero overhead (DGEMM)

Less than 6% overhead compared to native DGEMM implementation

1.2 ; N g T T g
Alpaka(OMP2) with native OMP2 style kernel on Intel E2630v3 +

Alpaka(CUDA) with native CUDA style kernel on NVIDIA K80 X
1.15 _ _ _ ~ Native implementations

1.1

1.05

0.95

0.9

speedup relative to native
—

0.85 Loovororrorirone S S S SR e e

08 | i | | | |
0 1000 2000 3000 4000 5000 6000 7000

matrix extents n=m=k
almaka
B B
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Zero overhead (Vector Addition)

Alpaka CUDA PTX Native CUDA PTX

mov.u32 %r3, %ctaid.x; mov.u32 %r3, %ctaid.x;

mov.u32 %rd, %ntid.x; mov . u32 %rd, %ntid.x;

mov.u32 %r5, %tid.x; mov.u32 %r5, %tid.x;

mad.lo.s32 %rl, %rd, %r3, %r5; mad.lo.s32 %rl, %rd4, %r3, %r5;

setp.ge.s32 %pl, %rl, %r2; setp.ge.s32 %pl, %rl, %r2;

@%spl bra BB6_2; @spl bra BB6_2;

cvta.to.global.u6d4 %rd3, %rd2; cvta.to.global.u6d %rd3, %rd2;

cvta.to.global.u64 %rd4, %rdl; cvta.to.global.u64 %rd4, Srdl;

mul.wide.s32 %rd5, %rl, 8; mul.wide.s32 %srd5, %rl, 8;

add.s64 %rd6, %rdd, %rd5; add.s64 %rd6, %rdd, %rd5;

ld.global. f64 %fd2, [%rd6]; ld.global.nc.f64 %fd2, [%rd6];

add.s64 %rd7, %rd3, %rd5; add.s64 %rd7, %rd3, %rd5;

1d.global.f64d %fd3, [%rd7]; 1d.global.f64 %fd3, [%rd7];

fma.rn.f64 %fdd, %fd2, %fdl, %fd3; fma.rn.f64 %fdd, %fd2, %fdl, %fd3;

st.global. f64 [%rd7], %fd4; st.global. f64 [%rd7], %fd4;

al~aka
B B D D




Abstraction Library for Parallel Kernel Acceleration
Heat diffusion simulation

(" ," CASUS

CENTER FOR ADVANCED
- SYSTEMS UNDERSTANDING

e alpaka gpu
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Abstraction Library for Parallel Kernel Acceleration (",CF‘SUS
CUPLA — CUDA2ALPAKA

#include <cuda_runtime.h>

|

#include <cuda_to _cupla.h>

kernel<<< blocks, threads »>>>( elems, n, x d, y d );

|

CUPLA_KERNEL_ELEM(kernel)( blocks, threads, elems )( n, x d, y d );

e

al~aka

El0)
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CUPLA — PIConGPU Plasma Simulation ]

Before: PIConGPU + PMacc 80k LOC (20K in kernels)

After: 50k LOC (1 year)
TEOG [ 5iﬂg|e pFECiSiGH I
double precision —
E 12% i .
£ 10 René Widera
= porting 80k LOC
S 8% .
o in 3 weeks
E 6%
§ 4% [&lp Ia
2%

Interlagos Power8 Haswell K80 Native K80 a I[(\)a ka
B B 31
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CUPLA — GAPD Diffraction Simulation
o Diffraction simulation | CUPLA-CUDA vs. native CUDA
S NVIDIA GV100, CUDA10, gcc5.4.0
0.8F 1I Ewald sphere

- : Reciprocal lattice
X 06f %' - .

L
é 04fF |
3 o

-
-05 0.2:‘ ': {
T .
-{]EJ 00 -= q, =
S oob ! |
O ’ : 'l X ‘r

-0.4} '\ ____________ y
[ AN e ———— -7
-Dﬁ' - L L 1 L
0.0 0.2 0.4 0.6 0.8

Number of atoms 1eQ




—~
In-memory coupling of two Alpaka-fied codes Cycnsys
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In-memory workflow coupling

~ Ewald sphere
Reciprocal lattice

openPMD Eco-System

github.com/openPMD/openPMD-projects

openPMD standard (1.0.0, 1.0.1, 1.1.0)

the underlying file markup and definition
A Huebl et al., doi: 10.5281/72enod0.33624

base standard extensions
general description domain-specific
e.g. ED-PIC, SpeciesType, BeamPhysics

writers & converters
simulations, frameworks, measurements
e.g. PIConGPU, Warp, SIMEX_Platform

native data tools
HDF5, ADIOS1/2, NetCDF, ...
e.g. hsls, hsrepack, hsdump, bpdump

HDF Compass readers
HDF5 & ADIOS file explorer coupled simulations, post-processing frameworks, ...
open and explore file trees e.g. SIMEX_Platform, Vislt, yt-project, openPMD-viewer

openPMD-updater openPMD-api data repositories
update to new standard I/O library abstraction exchange and long-time archival
edit in- or new file file format agnostic e.g. Zenodo, RODARE (HZDR)

ADI&s

easy-to-use, fast, scalable, and portable /0
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The bandwith hierarchy is killing us Cycnsys
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In-memory workflow coupling

] ”122 I T T T 1 T TTT0 A B
1 % ADIOS: no transform 256]1024 512| *U s . o 27 — Taurus K20x
£ : b i = . i N L
~ 100 4 £ ADIOS: zlib 64/256 *‘—’/”EI cale. time w/o 16.1 |= Taurus ML
— . E =
2. . PHDFS with T3PI0 32| 128 raw IO time stream 226)1—4 B
= . 16\[)4 / 5
= . 8132 0o
ey 10 : L_.'/ calc. time stream - ‘ 323, B
-—c'_'I "33, : |:| ‘ 47!)
= 3 s & 1160
Q ;::E’ 1 4 EI/ 160 calc. time disk - 3,767
E .g. 1|2/*/ /z ‘I 1 T Y
= 11 *_..--* D LE F—. 10 100 1,000 10,000
— - .
g_[ [} 1 _ *—- /E/ 4 Dak RIDGE LEADERSHIP COMPUTING FACILITY ' tlllle [S]
o T =
% // labels: no. of OSTs - " " ]I=@ device to host copy
aq__’.: 2nd argument: ADIOS aggregators - ] T | |Hreformat to openPMD
w 0.01 = E/ \ \ l | | | | | 1 buffer iitialization
) I " o . 0 2 4 6 8 10 12 14 16 |m serialization
1 10 100 1000 10000 time [s] B write to transport
number of GPUs N - rest




C++ JIT compilation and Jupyter Notebook integration ), CASYS
Cling and clang for Python-like C++ with GPUs and more

- C++ solutions:
— Jupyter CUDA_COIJY (autosaved) C’ing + CUDA, Logout

File Edit View nsert Cell Kernel Widge! Alpaka + Cupla, xeus-C++14-cuda O
B o+ 3 & B 4 ¢ Hrn B C » c XeUS, Xtensor, ...

In [ ]: template <typename T>
~ global void copy kernel(T * in, T * out, unsigned int N){
int id = blockIdx.x * gridDim.x + threadIdx.x;
if(id < N)
out[id] = in[in];

) k our cling

contribution )

https://developer.nvidia.com/gtc/2020/video/s21588

--
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Strongly-coupled visualization of data with ISAAC Cychsys

Visual analytics combined with immersive Ul, ML & Feedback

Post Processing In-Transit Processing In-Situ Processing
HPC Software
-
_rj‘/ i =] oear:ﬁe
~ 10 MBX/Node T|tan ~ 6 ©B/s/Node (Tltan) ~ 16 CB/s /Node (PC'E)
lPIConGPU

(]
= ISAAC
a 1
)
)
(]
O
o 0.5
)
£
l_

0

128 1024 2048 4096

Number of GPUs

--




Next up: Creating task graphs from data dependencies
REsource-based, Declarative task-GRAphs for Parallel, Event-driven Scheduling

>

CASVUS
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Example Code

rg::I0Resource< int > a,
for( ... ) {
task([]( auto a ){ =a
a.write());

a.read());

a.read(),

b.write());

b.write());

b;

by

task([]( auto a ){ printf("%d", =a);

task ([] ( auto a, auto b ){ *b = =*a;

task([]( auto b ){ *b += 1; },

by

I

Declarative Task Dependencies

Possible Schedules

Runtime

(rw Task 2 } [ Task 3
. . (—,\ YW,

& NUVAN

v Program Precedence Graph

Execution
Queue 0

Task 1
/"\'_/

Task 23}]

Execution
Queue 1

Execution Execution

Queue 0 Queue 1

Task 1
@/

Task 3 [ Task2_ }
\_{/r\‘; w ‘\L_r/
P

Task 1 Task 4

(-
-y -
| Task2_
(0 Task 3
\—fi\ w
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Next up: Creating task graphs from data dependencies Cychsys

- SYSTEMS UNDERSTANDING

redGrapes — Data flow much more complex than data dependencies

MPI Rank 0 ' MPI Rank 1

Calculate Core

Deserialize

Accelerator Copy Host — Accelerator

(Copy Accelerator — Host)

MPI Receive

MPI Gather

Filesystem



Next up: Parallelism needs performant memory access ), SASVS

Low Level Abstraction of Memory Access

||

S t Tuc t { X X X X position momentum
int 4
float X, y; 4 elements
} Pos;
. X y 4 u w
POS pOS [ 8 ] ! float float float  double double bool
. 3 elements 2 elements 4 elements
u Se r C O d e u S e r V I eW m e m 0 ry 4 hierarchical Element Domains

Data Analysis Framework
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Next up: Parallelism needs performant memory access
Parallel object-like memory allocation & optimized deep copies

- S_UP_er_BIGCk | /|chunksize count bitfield

- 128 6

- Al /ichunksize count bitfield
- Super Block | 32 A7

[ Region Information J ’ 10001000100011101
Page Usage Table “{ | 01000010001111001

4 00100101000111001

Pages 10000010000010001

11111001010010101
A01010010011101101

1 \ 001/ 101 011 010 001
Blocking Padding J 2 i ™ 1 vor a0t 110 010 101
i Q00| 101 001 011001 101 001 000

— 000 111 010 101 100 110 101

Super Block 110 m 001
| 001011 100 101 101 111 101 111
l--——— " 100 101 010 001 111 101 001 101
I \‘ v \l \ 1"
,mallocMC




Modularizing code becomes more important ), SASYS
Exascale programming is not and should not be for everyone

Interactive User Interface

Python input control, in situ and post-processing,
Browser Live-Rendering, Jupyter notebook integration, ...

PiCon GPU

hierarchical domain decomposition, data flow
management & events, containers, common algorithms

mallocMC

parallel memory
management

alpaka
performance-portable
kernels

CUDA, OpenMP, TBB,
HIP, C++11 threads, ...




When going to Exascale, take babysteps inbetween

Using Summit/ORNL as a testbed

PICon@i!)m. weak scaling on Summit

efficiency * [%]

105 v || || v v 1
Run profile: ~10 min run time, 1000 iterations, ~0.6s/iteration; Scaling: 27 to 4600 nodes / 162 to 27600 GPUs
Minimal node count of reference run is chosen to assure 3D-internode communication in all scaling runs.
100 f=-eomeXex xx<:;::;*::;;;;>Xa:;;:::'""""""""""' """""""""" 7
i | ——X X
27 \ >|< X ! \600
95 — - ~-~---- I I JTT-TTTTTTTTT ST ST TS TS TS "F _________ x ''''' -
O - - oo -
8 7
* based 'on single runs ideal ===~
PIConGPU setups similar to FOM run. | l PICONGPU = X =
80 1 i 1 1 | M M ' 1 1

32 128 512 2048
number of nodes

Weak scaling from 27 nodes to 4600 on the #1 HPC system Summit

(' CASVUS

Q’ CENTER FOR ADVANCED
- SYSTEMS UNDERSTANDING

PICon@i!)m’ alﬁa ka
B B
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When going to Exascale, take babysteps inbetween (ychsys
But think before you simulate

Summit Total Power
8 MW —

PIConGPU on FULL Summit
Peak power: SMW -~
Sustained power: 5.8MW -l ||H||HHH\ ) [ r— I

12:00 16:00 00:00 08:00

Summit Total Power \

8 MW
# NODES : 4600 6 MW
# GPUS : 27600 -~ "l | I
# particles :  1.01e13 R I |||||.____

# cells : 4.04ell 22:56 22:58 23:00 23:02 23:04 23:06 23:08 23:10

== Summit Total Power

6 MW

== Summit Total Power

PICon@i!)m' d I[ﬂ}a ka

43
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When going to Exascale, take babysteps inbetween (' Yy Srron v
- SYSTEMS UNDERSTANDING
GPUs are pretty cool
®
0300 ®
n ® ° SPARC64
3 . o MIC FP32 cores 5120 6912
© 0.20 1 ¢ ® @ Sunway
T Memory BW 900 GB/s 1555 GB/s
® x86
§ ® . VRAM 32 GB 40 GB
+ 0.10 - . e . . Interconnect 300 GB/s 600 GB/s
% %e o
o ® e ... .'.$~~%
0-00 I I 1 I
0 20 40 60 O 25
HPCG Rank count

PICon@i!)ml alﬁa ka
B B




Exascale System Readiness Ny v som s
ORNL Center for Accelerated Application Readiness (Exascale)

<3

NVIDIA.
CUDA

%OA K RIDGE

Nati« nal Labor: tory

OC___;AY 44_‘—_—-—

AMDZ

https:/www.olcf.ornl.gov/caar/Frontier-CAAR/

PICon@iﬂ)ml d If}a ka
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Exploring Petabytes in real time
Visual analytics combined with immersive Ul, ML & Feedback

Laser-driven lon Acceleration with PIConGPU & ISAAC
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Make your code Exascale-ready Cychsys




Abstraction Library for Parallel Kernel Acceleration By cov om s
Meet us on Github!

https://github.com/alpaka-group/alpaka
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