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 Necessity of large-scale computing

Systems we want to study have many atoms.

The computational cost increases N3, N°, or
exponentially.(N is the number of atoms, electrons,...)

Some physical quantities needs a huge computational
cost in spite of a small system(high accuracy).

There is scientific and/or industrial significance
obtained by large-scale computing.

[t may not be clear how much computation is required before
something can be called "large-scale.” There is no strict
standard, but in practice, it is often considered large-scale
once the problem size exceeds the capacity of the computers
available within your group.




Problems caused by large-scale _—

“computing(1)
When performing large-scale computations, issues
arise that do not occur in small-scale runs.

Because huge amounts of data must be handled, very large storage and fast
[/O are required (~30 PB for the K computer, ~150 PB for Fugaku. How about
your)lab system? Do you know the specifications of the system you normally
use?).

Even at the level of shared PC clusters, problems can arise when increasing
the number of atoms, the number of k-point samples, the cutoff energy, or
other parameters.

e Data from wavefunctions in first-principles calculations can reach a few GB
per job, and high-throughput calculations may require tens of TB or more.

e Data from atomic positions in MD simulations can be ~300 GB or more (e.g.,
for one million atoms over 10 million MD steps).

e You need to monitor the remaining capaci‘?r of your home directory or
workspace—if the disk overflows, it will affect other users.

e You also need to be aware of the memory capacity of compute nodes. If your
job uses swap space, calculation speed on a PC cluster can slow down
drastically (10x or more). On most supercomputers, such jobs are
automatically terminated. i



Problems caused by = rge-sca le =

~—computing(2)

[ssues in data analysis and visualization

For atomic systems with over 1 million atoms, generating a
single snapshot takes about 30 seconds. Producing 1,000
snapshots requires more than 8 hours.

In some cases, data analysis takes longer than the
computation itself.

Data transfer becomes a serious issue when handling
massive datasets generated on supercomputers outside the

lab.

Using paid cloud services such as AWS can be extremely
costly, as transferring more than a few terabytes of data
incurs high charges.



When we perform large-scale _—

f/ /ccﬁouting,...

[t requires enormous computational time.

In some cases, massive computational resources are
needed (e.g., CPU or GPU memory, HDD, etc.).

To address these problems, software codes must be
improved to reduce both computational time and
memory usage. (The system also needs sufficient HDD

capacity.) '

Parallel computing is absolutely essential.

Many of you may not be very familiar with computing systems. However, to fully
utilize HPC systems such as supercomputers, it is important to understand as
much as possible about the system.




Methoas tor large-scale-corr

Speed-up techniques
 Vectorization—SIMD(Single Instruction, Multiple Data)
e Parallelization

e Order-N method (reduce the cost from O(N?) — O(N), with p = 1)
e Use of specialized machines or accelerators (e.g. GPU)

These methods are applied in codes depending on necessity.

The easiest way to achieve speed-up is to use proper compile
options (vectorization, automatic parallelization, optimization,
etc.).

Since code cannot be automatically accelerated to its best
performance, significant tuning is required..

You may not be very familiar with the details of the
software. However, to fully exploit its capabilities, you
should also understand the software in depth.




- Single data Multiple data

SISD
Single
instruction

MISD
Multiple
instruction

DATA

instruction ———

Instruction

V

SIMD

DATA

instruction ﬁﬁﬁﬁ

MIMD

DATA

1nstruct10n ?

SIMD: A single instruction is applied to multiple data sets.
MIMD: Multiple instructions are applied to multiple data sets.




Vectorization——= s

A vector processor, or array processor, is a CPU that
implements an instruction set containing operations

on one-dimensional arrays of data called vectors (rows,
columns, diagonals, etc.).

Vectorization is the method of programming a code

to construct regularly arrayed data and process it all at
once using the vector CPU.

Vectorization reduces CPU time.

It is basically the same concept as SIMD.



~ Vector pro ng—

multiple operations at

do i=1,imax

G once (innermost loop
b(i) = c(i) xd(i) is parallelized)
enddo

Scalar ‘ ‘ Vector processing

rocessin
P 5 a(1) =c(1) +d(v)

(1) = c(1) +d()
E(ll) = CC(II) X d(ll) f:\(z) =c(2) +d(2)

«K_»

a(2) =c(2) +d(2) . da array
1.3(2) = cl2) xd(y) a(imax) = c(imax) +d(imax)

: b(1) = c(1) Xd(1)

a(imax) = c(imax) +d(imax) b(z) =clz) xd@) i array

b(imax) = c(imax) X d(imax)

l.)(imax) = ¢(imax) X d(imax)

one operation at a time

10



Realized by algorithm

—No approximation example: Screened-KKR
Realized by approximation of Hamiltonian

— Approximation based on localization of interactions. These
methods were actively studied in the 1990s.

e Roughly speaking, matrices are block-diagonalized or treated with
similar methods.

e NXN—->NXN, ,(fixed). If N increases, N, .,; does not increase.
(similar to a tight-binding approximation)

e The accuracy of the approximation can be adjusted depending on
the required level of accuracy.

e One famous method is the Divide-and-Conquer approach (73 &t
#R¥4) . It is implemented in codes such as “OpenMX(Ozaki)”,
“DC(Kobayashi and Nakai)”, CONQUEST (Bowler, Miyazaki, Gillan),

11



Parallelization e

This method reduces the elapsed time by distributing
tasks across multiple CPUs, without changing the
processing time of each individual task.

It is also used to share large memory arrays.



W R AR A

cept of para

ranko ranki rank2  ranks
WORK: WORKi WORKi WORKi1

WORK2-1 WORK2-2 WORK2-3 WOEK2-4

Global Communication

ElaRse time

R S S |

WORK3 WORK3 WORK3 WORK3

Key point: Increase the amount of parallelizable
¥ work and reduce communication time.

Redundant

computation (all
CPUs perform
the same task)

Parallel
computation

(different CPUs

perform
different tasks)

Redundant
computation
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~ Problems in para

The ratio of the parallelizable portion of the

elapsed time in a CPU sequential job is critical
(Amdahl’s law).

When a program is parallelized, data
communication between nodes becomes necessary.
As the number of nodes increases, the
communication time can exceed the computation
time. (In classical MD simulations, this becomes a
crucial issue.)

14



Amdahls Law

tq where t; = elapsed time of a job on 1 core,

Speed up ratio @p =

ty = elapsed time of a job on N cores.
INcores Cores
1
((X p)max = P where P = fraction of execution
(1—-P)+ N time that can be parallelized.
cores

Upper bound of speedup due to parallelization
Optimize the program so that P approaches 1.

15



Non-parallelizable (1 sec.) parallelizable (99 sec.)

Execution time =1 + 0.99 = 1.99 sec. (almost 50 X speedup)

Even
does n

100 processor

We need to decrease the non-
parallelizable part as much as possible.

sec. (almost 91 X speedup)
Even with 1000 processors, the

X 11
1000 Processor speedup does not reach 100 X !!!

i\\ Execution time =1 + 0.099 = 1.099

Conclusion: The benefits of
parallelization diminish as the I
number of processors increases.

16



' Gustafson-Barsig™law—

Speed-up ratio <n+(1-n)s
n: the number of cores

S: the ratio of sequential computation(this part
cannot parallelize.)

This law does not consider the
communication time between nodes.



_ Indices of paralielization-effiei

Strong scaling— The overall problem size (e.g., number of
atoms or electrons) is fixed, while the number of
processors is increased (based on Amdahl’s law).

Weak scaling—The problem size per processor is fixed, and
the overall problem size increases with the number of
processors (based on Gustafson’s law).

e The workload per processor remains unchanged.

e [deally, the computation time should remain constant as the
number of processors increases.

e If the computation time increases, it indicates the presence of
non-parallelizable parts.

e If the communication time between processors increases, it

suggests inefficiencies in the communication method.

Reference:
18
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Strong'scaling anc

easurement

Strong scaling
1 node

Weak scaling

Changing only the degree of parallelization

>, nodes 16 nodes

v 4 V4 V4

Weak scaling

16 nodes ) Ideal case

V4
1

1node 2 nodes

4

0

Execution time

Weak scaling

The number of nod;

Prepare one input dataset for each parallelization case.
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- Example of-
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Speed-up ratio o,
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Caution! The communication time is not included.
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Ordinary calculations using PC cluster
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- Example ot
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Calculations using high-end PC cluster or supercomputers

The maximum number of cores available in the supercomputer
queue is about 1,000.
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0
0 10000 20000 30000 40000 50000 60000 70000 80000 90000 100000

Fugaku: : 7,630,848 cores

Number of CPU

P=0.9999

P=0.9998

P=0.9990

Calculations using high-end supercomputers
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Perfect parallel efficiency is extremely rare and too
costly to achieve. It is more practical to aim for
reasonable efficiency and focus on collecting data.

Speed up ratio a,,

HPCeé:

3,154,520 cores

let+06
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600000

500000

400000

300000

200000

——

100000

0 =

>

Aurora:

— =().999999 9’264’128 cores

T Frontier:
9,060,176 cores

El Capitan:
11,039,616 cores

IK =0.99999

0

1
le+

Eagle: 2,073,600 cores

06

3e+H06

Number of
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5e+06

; ! ! =09959
06

6e+06 8e+06 Ge+ le
S

Fugaku: 7,630,848 cores

Sunway TaihuLight: 10,649,600 cores
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Differences i
and the Fugaku

With the K computer, software had to be tuned for a high
degree of parallelism (this was also a requirement for use).

e Parameter parallelism was not allowed.

In the Fugaku project, the use of parameter parallelism is
encouraged, reflecting the growing importance of data
science.

Development costs for achieving very high parallelization
efficiency are substantial and provide limited benetits;
therefore, excessive pursuit is not recommended.

¢ When data communication time between nodes becomes too

large, the benetfits of increasing the number of parallel
processes are lost.

24



~Even if you are just a user,

You need to be aware of the parallelization efficiency
of the software you use, since you must make effective
use of machine time (machine points or usage fees).

You need to understand the characteristics of the
computer and make efforts to improve computational
efficiency.

You need to choose the best compile options to

generate efficient executable files, ~ >
e.g., for Intel compiler: -xHost, -axCORE-AVX2, ...

You need to choose the best parameters to achieve the
highest performance of the softwaré\and to obtain
reliable scientific results.

e.g., in DFT calculations: cutoff energy, k-point sampling, model size,...
25



MPI(message passing interface)
e The most versatile method.

CPU

e Supports both core-to-core and node-to-node communication.
e Programming can be complex.

OpenMP
e Limited to communication within shared memory (core-to-
core). CPU/GPU

e Programming is generally easier than MPI.

OpenACC (primarily for NVIDIA GPUs, easier to use for non-
complex cases)

CUDA (NVIDIA’s native GPU programming model) ;P [J

Kokkos (A C++ library designed to enable efticient and
portable parallel programming across diverse hardware
architectures, including CPUs, GPUs, and other accelerators.)

26




A standardized and portable message-passing standard
for parallel computing architectures.

MPI enables communication between nodes and
cores, making it applicable to both distributed and
shared memory systems.

Typical HPC programs are parallelized primarily using
MPI.

In practice, only about 10 types of functions are
commonly used.

Programs often need to be fundamentally rewritten to
take advantage of MPI.

The format, size, destination array, and other details of
the data to be communicated must be explicitly specified.

27



Da}&ehaw’er

MPI_Allreduce MPI_Bcast MPI_Reduce
One-to-all
o 1 5 3 o One-to-all o 5 3 COMIM.
cominm.
\/sum, \ / e
product.... v e
Collective send P s
comm. Rank: an identifier number of
oll1]]lz2]]53 process in each MPI process
MPI Send MPI Isend MPI Alltoall
(0] 1 2 3 (0] 1 2 3
Blocking Non blocking Collective
One-to- One-to- comm.
one comin. one comim.
’{ 2 3 0 1 2 3
MPI_Recv MPI_Irecv Ex. FFT

The difference between blocking and non-blocking communication lies
in whether the operations are synchronized or not. 28



The program must be rewritten so each node calculates
only its share and exchanges the necessary data.

program main
include (mpif.h)

call MPI_INIT(IERR)
call MPI_COMM_SIZE(MPI_COMM_WORLD,NPROCS,IERR)
call MPI_COMM_RANK(MPI_COMM_WORLD,MYRANK [ERR)

2 ista, iend are the first array
call para_range(1, n, nprocs, myrank, ista, iend*———— pumbers allocated to each

do i=ista, iend Processor.
Each processor has only allocated elements of
a(i)=a(i)+value S VI R O
enddo
call MPI_ALLREDUCE(a,a1,n_element, <——  Sum up all elements of the array a()
& MPI_DOUBLE_PRECISION, for all processors and distributed it
& MPI_SUM, MPI_COMM_WORLD, IERR) for all processors (all processors have

the same value of a()).

call MPI_FINALIZE(IERR)

Compiler: mpifgo, mpicc, mpicxx (or mpiifx, mpiicx, mpicpx (Intel), ...)

end

Execution: mpirun (or mpiexec) -np 4(# of parallel) ./a.out 29




e A P

An application programming interface (API) for
shared-memory multiprocessing in Fortran, C, and
C++.

Since it can only be used for intra-node
communication, it cannot be applied to massively
parallel computing.

As it works by inserting directives into the program,
there is generally no need to rewrite the code.

Compiler options such as -openmp (depending on the
compiler) must be specified. Otherwise, the directives will
be ignored.

30



- Example of parallelization with

~~OpenMP

program main

implicit none

integer omp_get_thread_num,]
double precision z(100), a, x(100), b

For simple parallelization, we only need to
insert directives. If the code is compiled
without parallelization options, the directives
are ignored, and there is no need to modify the
original code.

'somp parallel do private(i) «——Directive of the start of parallel

do i=1, 100 processing
z(i) =a*x(@{) +b
end do
'somp end parallel do «——— Directive of the end of parallel
processiiie Execution: We do not use a special command.

""" Set environmental value
“OMP_NUM_THREADS=4" (# of parallel) . In
the bash environment,

end program main $ export OMP_NUM_THREADS=4
$./a.out

Even if more cores are available, good performance is typically achieved with 8 or 16 cores, but not more.
Although Fugaku consists of 48 cores per node, using all 48 cores in OpenMP parallel computing often results
in the worst performance.(See 5th lecture of Prof.
Katagiri.) PyTorch scales well with OpenMP. 31
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Differences betweer"MPhand OpenMF
/ afd/t/heir relationship to GPUs

OpenMP can be parallelized only across cores that share the
same memory. Therefore, large-scale parallelization cannot be
achieved using OpenMP alone.

Typical large-scale software codes are primarily parallelized
using MPI.

The role of OpenMP is to accelerate the parts of the code that are
parallelized with MPI.

Even if you are not developing the software code yourself, you
still need to understand its details in order to achieve maximum
performance.

OpenMP supports GPUs. In particular, Intel and AMD GPUs are
recommended to use either their own proprietary methods or

OpenMP

While MPI itself does not directly support GPUs, technologies
such as CUDA-Aware MPI and GPUDirect can be used in
conjunction with GPUs for efficient parallel computing.

32



The environment tordevelop parall
~computing codes using (NVIDIA) GPU

CUFFT, CUBLAS,...

e These are libraries used to accelerate specific parts of a program.

e Only the targeted routines are accelerated; the rest of the code is
not.

OpenACC

e A programming standard for parallel computing developed by Cray,
CAPS, NVIDIA, and PGI, designed to simplify heterogeneous
CPU/GPU programming.

e OpenACC is primarily supported on NVIDIA GPUs. Support for
Intel and AMD GPUs is currently limited or almost non-existent.

e Very similar to OpenMP. In the near future, OpenMP and
OpenACC may be merged.

e Supported programming languages: Fortran and C.

CUDA

e A parallel computing platform and programming model created by
NVIDIA.

o [tallows direct ]programming of NVIDIA GPUs and provides fine-
grained control over GPU parallelism.

easy

hard

33



Example of paralleli 23 t ion wi ith _—

®OpenACC =

program picalc
implicit none
integer, parameter :: Nn=1000000
integer :: 1

re.a_l(l<1nd=8) 5Pl Best results can be achieved
s by following the compiler’s

I'$acc p:arallel loop messages and feedback.
do i=0, n-1

t = (i+0.5)/n
pi = pi + 4.0/(1.0 + t*t)
end do
'sacc end parallel loop
print ¥, 'pi=', pi/n
end program picalc

https://www.olcf.ornl.gov/wp-content/uploads/2012/08/OpenACC.pdf

(Given by Dr. A. Naruse.)
(Given by Dr. A. Naruse.)
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~Hybrid parallelization™

Hybrid parallel execution can be performed with
e MPI + OpenMP (MPI (nodes), OpenMP (cores))
e MPI + OpenACC/CUDA (CPU and GPU hybrid)
e MPI + X (new architecture?)

The parallelization of MPI only is called Flat (or Pure) MPI
parallelization.

Much of the well-known software is parallelized in such a
scheme.

Using GPUs has become important, but not all software
will be faster.

35



What is Kokkos? #include <Kokkos_Core.hpp>
int main{int argc, char* argv[]) {

e C++ Performance Portability Library for HPC Kokkos::initialize(argc, argv);
* Single source code runs on CPU, GPU, and future 1

const int N = 1080608068;

architectures Kokkos: :View<double*> a("a", N);

e Unified model for parallel execution & memory management
Kokkos::parallel for{"Init", N, KOKKOS LAMBDA(int i) {

Key Benefits a(i) = i * 8.001;
1);
e Simple parallel for /parallel_reduce abstraction
* Kokkos::View manages host/device memory seamlessly double sum = @.8;
e Supports CUDA, HIR OpenMP SYCL backends bl et ErerEll el FRIllED) S L

KOKKOS_LAMBDA(Int i, double& local sum) {
local_sum += a{i);
F, sum);

H

Kokkos: :finalize();

}

* |Improves portability & maintainability

In short: Write one C++ code that runs efficiently on both CPUs and GPUs.

“Kokkos is designed not for peak, hand-tuned performance, but for performance
portability: saving developer time while still achieving high efficiency across platforms.”

(Dr. Nitadori, Introduction to Kokkos) =
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~ The cutting-edge

Avoid memory wall problem(cache control)

e Computing power>data transfer from memory to
computing unit(CPU)—reuse the data on caches

Pipeline processing
Continuous access in do loop
loop unrolling

Divide data into blocks

We need to know details
of hardware to make
highly optimized software
codes.

Use the highly-optimized libraries

Please see these sites;
(only Japanese)

27
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archical memory-—

High speed
O(ns) .
O(10 ns)

I

~ KB

cache ) 10KkB~10MB

O(100 ns) Main memory 10GB~1TB

O(10 mS) HDD 1TB~100PB
Large

capacity

CAUTION!!

[f memory exceeds physical capacity —
system uses HDD swap — extremely slow!
«Common mistake for beginners

* To perform a computation, data must
be fetched from memory.

However, the development of
memory bandwidth has not kept pace
with the growth of computing power
— this is known as the memory wall
problem.

To mitigate this, memory is organized
in a hierarchical structure.

Modern CPUs include multiple levels
of cache, such as L1, L2, and L3 caches.
The access speed of registers and
caches is much faster than that of
main memory, but their capacity is
limited.

For example, accessing data from the
L1 cache takes on the order of 10 ns,
whereas accessing data from main
memory takes about 100 ns. This
means that if cache usage is not
considered, computations can be up
to 10 times slower. -5



Old computer
Early CPUs ran at
CPU ~10 MHz (slow by

today’s standards).

Memory access is
delayed due to
latency.

In the past, both memory-to-CPU
transfer speed and computation
speed were slow, so data transfer
was not a bottleneck (data transfer
speed =~ computation speed).

Today’s computer

Computation speed:
~a few GHz (today’s
CPUs)

Memory access still
involves a fixed latency,
which has not
improved significantly.

Data transfer from memory to the CPU is
slow, while computation speed has become
extremely fast. As a result, the CPU spends
a long time idling (‘transfer speed <<
compute speed’), partly mitigated by cache.
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Important!: Data transfer is the most expensive at all levels.

Today’s computer

CPU

Memory

After data are loaded from
memory to the CPU, programs ai
to reuse them and minimize
memory accesses. Registers and
caches are fast, but limited in
capacity.

Main memory

£ )
L> cache
IXIXIXIXIXIXIXIXtX

ry ry e, e ry r ry e ry
L, L L 18 L 18 L I L

IXIXIXIXIXIXIXIX XS

L2 cache

\

Main memory |/

Without understanding CPU

architecture, program performance

cannot be optimized.

Accessing aata ITOM main memory

takes about 100 times longer than
accessing data from registers.

Large
capacity
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k Righ-performance-Python and-ulia

In place of Fortran and C/C++, which have long been used
in scientific computing, HPC software development in the
USA has advanced significantly by adopting Python.

Python offers outstanding code readability compared to
Fortran and C/C++, making maintenance easier and less
dependent on domain experts.

We do not need to write everything in Python. If another
language performs better for certain parts, we can keep
those parts in the original language.

By combining Python with other languages, we can improve
performance while maintaining readability. (Python is often
called a glue language because it connects programs written
in different languages.)

Julia is a high-level, general-purpose dynamic programming
language. Its design makes it particularly suitable for
numerical analysis and computational science. .



Today’s supercomputers



Classes of pamﬂeLcomputers/

Multicore computing OpenMP

e A processor that 1ntegrates multlple execution units (“cores”)
on the same chip.

Symmetric multiprocessing | MPI | | OpenMP

e A computer system with multiple identical processors that
share memory and are connected via a common bus.

Distributed computing | mp;

e A distributed-memory computer system in which the
processing elements are connected through a network. (e.g.
cluster computing, massively parallel processing, gri
computing)

Specialized parallel computers | OpenACC | | OpenMP | | CUDA

e Within parallel computing, there are specialized devices that
serve niche applications. (e.g., GPGPUs, application-specific
integrated circuits (ASICS vector Processors)

In the past, ‘many-core’ and ‘multi-core’ were distinguished by the large difference
in the number of cores, but now the distinction has almost disappeared.

From http://en.wikipedia.org/wiki/Parallel_computing 43



HPE Cray

HPE Cray

HPE Cray

HPE Cray

HPE Cray

HPE Cray

GPU

GPU

GPU

GPU

GPU |

GPU

GPU

GPU

GPU

| [PFlogi's] [l

NVIDIA and AMD are fiercely
competing.

Japanese supercomputers ranked
10th or lower

15th ABCI 3.0 (AIST), 22" CHIE-3
(softbank). 24t CHIE-2 (softbank),
27t ABCI-Q(AIST), 36t FPT Al
Factory Japan(FPT Al Factory
Japan), 37t Miyabi-G (JCAHPC (U
Tokyo and U Tsukuba) ), 46t
TSUBAME4.0 (Science Tokyo), 49th
SAKURAONE(SAKURA Internet),
734 Wisteria /BDEC—-01(Odyssey,
93rd AOBA-S(Tohoku U), 96th TOKI-
SORA (JAXA)
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Highlights from the List

= A totzl of 237 systems on the list are using accelerator/co-processor technology, up from 210 six months ago. 82 of
these use 18 chips, 68 use NVIDIA Ampere, and 27 systems with NVIDIA Valta.
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NVIDIA A100

NVIDIA H100 SXMS 0GB
MNVIDIA H100

NVIDIA Tesla V100

NVIDIA A100 SXM4 40 GB
MNvidia H100 SXM5 84Gb
AMD Instinct MIZE0X
NVIDIA GH200 Superchip
NVIDIA H100 B0GE

AMD Instinct MIZ00A
NVIDIA A100 SXM4 B0 GB
NVIDIA H200 SXMS 141 GB
NVIDIA Tesla V100 SXM2
NVIDIA Tesla A100 40G
NVIDIA Tesla A100 80G
NVIDIA Tesla P100

NVIDIA Voita GWV100
NVIDIA H200

Intel Data Center GPU Max 1550
NVIDIA HGX H100

NVIDIA A100 B0GE
NVIDIA Tesla K40

AMD Instinct MIZ10 64 GB
NVIDIA H100 PCle 80GE
NVIDIA A100 SXM4 64 GB
Intel Data Center GPU Max
NVIDIA H100 B0GE HEM3
AMD Instinct MIZ00X
NVIDIA H100 84GE
NVIDIA Tesla KED

Deep Computing Processor
Intel Xeon Phi 5110P
NVIDIA Tesla K20x
Matrie-2000

NVIDIA H100/H200
NVIDIA A40

NVIDIA Tesla K40m

Count
24
24

System Share (%)
42
48
2z
3z
3z
25
25
25
24

2

z
16
18
14
12

1
08
08
0.4
0.4
0.4
0.4
0.4
0.4
0.4
0.4
0.z
0.2
0.z
0.2
0.z
0.2
0.z
0.2
0.z
0.2
0.z

Rmax (TFlops)
322,530
788,878
836,112
119,452
180,778
186,828

2,383,728
1,871,704
206,400
2,140,927
70,534
452,035
54,025
56,581
114,400
42,803
120,830
56,460
24,848
12811
47,840
7.154
83,207
2,205
244,705
1,028,121
4,363
3,100
175,300
2,502
4,325
2,539
3,138
61,445
15,050
4,018
2,478

Rpeak (TFlops)
435,605
1,160,805
1,425.210
176,230
253,436
284340
3443002
2492377
320,171
3,300,102
24,314
681,883
120,227
81,126
148,289
60,653
161,770
20,742
66,435
25,123
55,188
12,264
118,489
12,641
311,283
2,007,953
8,545
5271
240,436
3,788
8,134
3,388
4,605
100,679
24,986
8.685
4047

Cares
3,272,680
2,884,812
2,170,608
2,137,032
1,836,152
753,448
18,274,880
10,402,368
TIT.424
13,230,578
587,424
1,572,018
1,456,144
505,644
283,520
830,200
1,882,504
287,744
189,872
85.248
382,024
145,600
580,608
77,752
1,840,824
8,413,588
14,208
20,005
683,040
56,000
163,840
184,618
72,000
4,081,760
34,502
206,304
54,334

Intel continues to provide the processors for the largest share [58.80 percent] of TOPS00 systems, down from 61.80 3%

six months ago. 173 [34.60 %) of the systems in the current list used AMD processors, up from 32.40 % six months ago.

The entry level to the list moved up to the 2,44 Pflop/s mark on the Linpack benchmark.

The last system on the newest list was listed at position £56 in the previous TOPS00.

Total combined performance of all 500 exceeded the Exaflop barrier with now 13.84 exaflop/s [Eflop/s) up from 11.72

exaflop/s [Eflop/s] 6 months ago.

The entry point for the TOP100 increased to 16.59 Pflop/s.
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The GDP ranking matches the TOP500
ranking. However, Germany does not
produce CPUs. As for Chinese-made CPUs,
only the former No. 1 machine remains
within the top 100, and machines with new
CPUs are ranked below 20o0.

General Trends

Installations by countries/regions:
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United States
China
Germany
Japan
France

taly

South Korea
Canada
United Kingdom
Brazil
Morway
Sweden
Taiwan
Poland
Metherands
Russia

Saudi Arabia
ndia
Singapore
Australia
United Arab Emirates
Switzerland
Czechia
Spain
Finland
Thailand

27 Ireland

Slovenia
Turkey
Bulkgaria
Ausiria
sragl
Denmark
celand
Morocco
Luxembourg
Belgium
Portugal
Argentina

Hungary

Count
175
a7

System Share (%)
a5
a4
82
7.8
5
24

El

26
26
1.8
1.8
1.8
1.6
1.4
1.4

12

1.2
1.2
1
0.8
0.8
0.3
0.8
0.6
0.6
0.4
0.4
0.4
0.4
0.4
0.4
02
02
0.2
02
02
02
0.2
02
02

Rmax (TFlops)
6,598,805
281,270
1,185,267
1.220.010
327.544
874,884
323118
78,800
304,528
67.812
44,075
60,450
116.601
63.413
291,208
71.457
23,712
20,412
28,288
55,227
122,281
471,169
17,881
221,873
391,388
21,806
8,687
5,012
7.386
7.045
34,586
41,500
66,500
10,530
3,152
10,520
2,776
3.056
5,300
3.105

Rpeak {TFlops)
10,642,850
471,807
1.518.208
1,621,301
508,820
1,128,304
442277
138,730
540,015
122,168
52,086
28,508
170,124
101,087
438,421
Q8,726
140,854
38,541
52,482
73.108
201,731
828,265
21,788
308,102
544,102
35,450
13,180
10,047
10,101
8,154
57,518
52,672
100,820
17.015
5,015
15,288
3,887
5,014
12,582
4,508

Cores
58,120,200
18,820,568
5,842,758
12,787,024
4,676,430
T.730,430
2788412
1,051,472
3.152,734
874,720
842,528
401,648
753,218
401,120
1,402,286
721,488
2,435302
785,400
315,424
408,032
816,200
2883712
380,182
1,542,018
2,116,902
134,658
152,320
156,480
59,760
164,224
109,200
74,880
223,088
36,208
71,232
00,200
23,200
78,338
43,008
27,776

46



HPC manufacturer:

1 Lenovo

Mvidia

Fujitsu
NEC
Microsoft Azure

ISR T - = R I

MEGWARE

Inspur

12 Supermicro

ASUSTek | ASUS Clowd { Taiwan Web Service

Corporation

14 1BM

15 Sugon

16 ACTION

17 HPE, GALAXY
18 =xFusion

19 Ligid

2

o

21 YANDEX, NVIDIA
2

5}

Mebius Al

23 ASUSTeK

24 Self-made

25 Formatsp. z o.o.
26 T-Platforms

27 NEC/DELL

)

28 Inted
28 MNscale

30 ClusterVision f Hammer

31 Lenovo/IBM
3

r

34 MEGWARE / Supermicro

35 NRCPC

26 Metwsb Technologies
3
3
3

=]

Koi Computers
NVIDIA, Inspur
40 Afipa Technology
41 eSlim Korea

42 NUDT

4
4

©

W

Fujitsu / Lenovo
ParTec/EVIDEM

=

Penguin Computing, Inc.

IBM § NVIDIA S Mellanox

Quanta Computer / Taiwan Foeed Network / ASUS Cloud
32 Amazon Web Services

Huawei Technologies Co., Lid.

Count System Share (%) Rmax (TFlops) Rpeak (TFlops)

136
132
55
41
27
17
14

P ]

w

R3OR)ORIORDORRD R RD B G

27z
6.4
"
82
5.4
34
23
16
1.4
1.4
1
0.3

06

06
06
0.4
0.4
0.4
0.4
0.4
0.4
0.4
0.4
02
02
02
02
02
02
02
02
02
02
02
02
0.2
02
02
02
02
0z
02
02
02

713,200
6,626,535
1,733,742
353,818
758,605
681,177
20,975
757,180
23,425
T6.141
13.638

123,770

22718

20,387
8,307
5978

10,202
5,617
5383

112,240

37.550

243,040

92,470
3.307
5,051
2478
6.708

1,012,000
7.401
2980
2314
9,000
2,250
9,087

23,015
2,500
3,534
4,356

12,810
2538

15,040

G1.445
9,254
4,504

1,202,383
0.644,181
2,302,188
560,317
1,113,657
853,738
125,878
1.127 989
38,351
118,348
24,842
180,324

31,587

40,663
14,388
10,730
33,224
7.608
7518
143,758
50,051
425,282
136,785
4,897
7708
4,947
7.627
1,880,008
12,380
4,335
3.578
15,208
15,107
19,344
125,438
13,170
5,880
6,107
20,029
3388
17,815
100,678
15,142
5132

Cores
14,072,638
51,288,848
15,802,138

4,330,744
3,845,104
10,080,628
047,688
3,540,430
775,672
444 656
237,218
032,608

122,084

403,024
262,784
135,168
80,128
82672
102,144
1,880,788
328,352
837,728
285,600
80,512
47,618
54,384
125,440
0,284,128
86,528
54,512
86,018
170,352
172,602
06,768
10,642,600
21,244
83,360
107,648
130,844
184,616
115,072
4,081,780
204,032
18,584

Interconnect Technologies:

[ T R R

Processor Technologies:

Infiniband

Gigabit Ethernet
Omnipath

Custom Interconnect
Proprietary Metwork
Ethemnet

Intel Cascade lake

Intel Sapphire Rapids
AMD Zen-3 (Milan)
AMD Zen-2 (Rome)}
Intel Skylake

AMD Zen-4 (Genoz)
Intel lce Lake

Intel Broadwell
MWIDIA Grace CPU
Intel Emerald Rapids
Fuiitsu ARM

Intel Haswell

Intel lvyBridge

MEC Vector Engine
AMD Zen-5 (Turin)
Intel Xeon Phi
Power

Intel Granite Rapids
AMD Instinet
XS6_84

ShenWei

Count
27T
164
33
21
8
3

Count

17
13
10

R e onon o @@

System Share (%)
542

328

88

42

18

08

System Share (%)
17.8
15.8
142
16

3.8
T8
6.8
34
26

2
1.8
1.8
1.2

1

1

1
oe
0.4
0.z
0.2
02

Rmax (TFlops)
5,576,008
7,224,400

175.548
271,786
530,838

58.851

Rmax (TFlops]
AT5 457
3.455.733
2,804,208
475,088
200,027
2.521.081
413,408
61,314
1.871,704
350,433
534,785
47,788
BOBE2
57,803
35,508
46,554
139,030
10,608
31,008
4325
82,015

Rpeak [TFlops)
TeTETTT
11,272,703
251,428
285,803
541,021
82417

Rpeak {TFlops)
678,418
5,844,045
4,048 406
845,104
314,455
2,818,281
601,647
T4.758
2402377
467,788
§48,035
65,588
128,536
72,420
43,086
84,556
184,817
18.545
44 185
6,134
125,436

Cores
43,262 418
61,736,268
3.832.,508
18,515,738
8,105,408
253,538

Cores
5,580,134
20.000 464
25,456,578
10,601,834
3.856.644
17.044,228
4,830,172
1.812,180
10,402,368
1,323,168
8182744
1.381,020
5,866,452
230,188
530,672
1,801,172
2,281,782
47518
151,200
163,840
10,648,600
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A software library for performing numerical linear
algebra on digital computers.

It is used for the performance assessment of
supercomputers. In practice, High-Performance

Linpack(HPL) is used.

[t makes use of the BLAS libraries for performing basic
vector and matrix operations.

The benchmark used in the LINPACK Benchmark is to
solve a dense system of linear equations.

This benchmark shows nothing more than
one side of performance of supercomputers.
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LINPACK is a software library for performing
numerical linear algebra on digital computers.

It is widely used to assess the performance of
supercomputers. In practice, the High-Performance
Linpack (HPL) benchmark is employed.

HPL relies on the BLAS libraries to perform basic
vector and matrix operations.

The LINPACK benchmark measures performance by
solving a dense system of linear equations.

Only one aspect of supercomputer performance
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" HPCG Benchmark{From 2044y

The High Performance Conjugate Gradients (HPCG) Benchmark project is an effort to create
a new metric for ranking HPC systems. HPCG is intended as a complement to the High
Performance LINPACK (HPL) benchmark, currently used to rank the TOP500 computing
systems. The computational and data access patterns of HPL are still representative of some
important scalable applications, but not all. HPCG is designed to exercise computational and
data access patterns that more closely match a different and broad set of important
applications, and to give incentive to computer system designers to invest in capabilities that
will have impact on the collective performance of these applications.

HPCG is a complete, stand-alone code that measures the performance of basic operations in
a unified code:

LINPACK: Dense matrices

eSparse matrix-vector multiplication.
*Vector updates.

*Global dot products.

eLocal symmetric Gauss-Seidel smoother.
*Sparse triangular solve (as part of the Gauss-Seidel smoother).

*Driven by multigrid preconditioned conjugate gradient algorithm that exercises the key kernels
on a nested set of coarse grids.

*Reference implementation is written in C++ with MPl and OpenMP support.
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HPE Cray

HPE Cray

HPE Cray

HPE Cray

HPE Cray

HPE Cray

HPE Cray

TOPS00
Rank

System

Cores

Rmax
[PFlop/s]

HPCG
[TFlop/s)

El Capitan - HPE Cray EX255a, AMD 4th Gen EPYC 24C

1.86Hz, AMD Instinct MIZ00 T ENREERITT e Hee

DOE/NMNSA/LLNL
United States

Supercomputer Fugaku - Supercomputer Fugaku,
ABAFX 48C 2.2GHz, Tefu interconnect D, Fujitsu
RIKEM Center for Computational Science

Japan

11.039.815

7,630,843

1.742.00

442.01

17406.90

1600450

Frontier - HPE Cray EX235a_AMD Optimized 3rd
Generation EPYC &4C 2GHz, AMD Instinct MI230X,
Slingshot-11, HPE Cray 0S, HPE

DOE/SC/0ak Ridge Mational Lebaratory

United States

9.065,175

1,353.00

14£054.00

Aurora - HPE Cray EX - Intel Exascale Compute Blade,
Heon CPU Max 9470 52C 2.4GHz, Intel Data Center GPU
Max, Slingshot-11, Intel

DOE/SC/Argonne Nationzl Laboratory

United States

9,264,123

1,012.00

5461260

LUMI - HPE Cray EX2353, AMD Opti d Zrd
Generation EPYC &4C 2GHz, AMD Instinct MI230X,
Slingshot-11, HPE

EurcHPC/CSC

Finland

Alps - HPE Cray EX234n, NVIDLA Grace 72C 3.16Hz,
NVIDLA GH200 Super TR oo oo 05,
HPE

Swiss Mational Supercomputing Centre [CSCS)
Switzerland

Leonarde - BullSequana ¥H2000, Xeon Platinum 8338
32C 2.6GHz, NVIDIA A100 SXM& &4 GB, Quad-rail
NVIDLA HIFERE | DEN

EuncHPC/CINECA

Italy

ABCI 3.0 - HPE Cray XD&T0, Xeon Platinum 8338 4BC
2.1GHz, NVIDIA H200 5XM5 141 GB, Infiniband MDR200,
Ry T———

Mational Institute of Advanced Industrizl Science and
Technalogy [AIST]

Japan

2,732,704

2,121,600

1.824,768

479,232

379.70

43490

261.20

14£5.10

438593

el ek

311394

264367

23

Perlmutter - HFE Cray EX 233n, AMD EFYC 7753 84C

2.45GHz, NVIDIA A100 5XM4 40 "WEEREEG—_— o
DOE/SC/LBNL/NERSC
United States

£83,832

79.23

1905.00

20

Sierra - IEM Power Systam AC922, IEM POWERS 220
3.16Hz, NVIDIA Vialts GV100, Dusl-rail Mellanox EDR
Infinibznd, IBM / NVIDIA. / Mellanax

DOE/NNSA,/| ENFE—

United States

1,372,480

F464

1795.67

https://www.tops00.org/lists/hpcg/2025/6/

USA

Japan

USA

USA

USA

USA

GPU

R

GPU

GPU

GPU

GPU

GPU

GPU

GPU

GPU
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The purpose of the Greensoo0 is to provide a ranking of the
most energy-efficient supercomputers in the world. For
decades, the notion of "performance” has been
synonymous with "speed" (as measured in FLOPS). This
particular focus has led to the emergence of
supercomputers that consume egregious amounts of
electrical power and produce so much heat that
extravagant cooling facilities must be constructed to ensure
proper operation. In addition, the emphasis on speed as the
ultimate metric has caused other metrics such as reliability,
availability, and usability to be largely ignored. As a result,
there has been an extraordinary increase in the total cost of
ownership (TCO) of a supercomputer.
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Ereensod Date

TOPSSY
Rark  Rasik System

Encryy Efficiency

Cores kW] [EFlopswatis]

[PFlop/st

i =5 JEDI - BullSequana XHI0M, Grace
Hopper Superchip 720 3GHz, NVIDIA

GH200 Superchip, Duad-Rail VIO

InfimiBand NCAZO0, ParTeg/EVIDEN
EuraHPCFLY

ROMED-2025 - BullSoquana XHI0N0, 0.2
Grace Happer Sumerchip 7IC 30Hs,

VIO GHIM Saiperchin, Ousd-Rail

MWWIDIA InfiniBand MORZO00, Red Hat

Etorpeise Linus, EVIDEN

ROMED HPC Cemer - Champagne

Arenne

Francz

e _________________________________________|
Adnsira 2 - HPE Cray EX3550, AMD Lth t6,128 253 7 &9.0%
Gen EPYC 24C 1.8GHz, AMD Instinct

MI3004, Slingshct-11, RHEL, HPE

Grand Equipement Kational de Caloul

Intengd - Contre Informtique National de

| Enzoignament Supricur [GENCH-CINES|

Franco

41328 RAEs tal

E

Isamiiard-Al phass 1 - HPE Croy EX254n, 42 17 4035
KVIOU Grace T2C 3:1GHz, MVIDIA GH20D

Superchip, Slingshat-11, HPE

University of Bristal

United Hingdam:

4,272

Otues [EPU anly] - ThinkSysterm SOLAS-N
VI, AMD EFYC J455 96 2.4GHz, NVIDA
HAD 5405 BOGE, infiriiand NOR, Rocky
Lirans .4, Lenava

Universitast Padarbom - P2

Bermany

Capelia - Lenowo ThinkSystom SD645-N
V3, AMD EPYC 1334 32C 27GHz, Shidia
100 SHMS 945k, Infinkiond NORZOH,
Asmalinux 9.4, MEGWARE

TU Drezdan, 211

Bermny

S5C-24 Encrgy Madule - HPE Cray #0470 7.251
Yoo Gald 6430320 21GHz, KVIDLA H10D

SXMS B0GE, Infirvhand NDRAEE, RHEL 92,

HPE

Samsung Electramics

Scxtth Karca

1,200 282 a9

Helios GPU - HPE Cray EXZ56n, NVITHA 1914 ny BE.968
Grace 720 1. 15Hz, WVIDLA SHEOD

Superchip, Siingshot-11, HPE

Cyfrones

Poland

B9, 7u0

AMD Quranes - BulSequana KH3000,
Akl 4zh Gon EFYE 240 FBGHz, AMD
Instinct MI0A, Infiniband NDRZHE,
RedHat Entesprize Linux, EVIDEN
Moz

France

Hensi - ThinkSystern SREPD V2, Inied ¥oon
Platiram 8143 33 2.0GHz, NVIOLA H100
BOGE FCle, Infinihand HOR, Lenow
Flatiren (nstitute

United States

https://www.tops00.org/lists/greens00/2025/6/

Germany

France
This list changes

dramatically every
time. The focus is
on technological
development.

France

Germany

Germany

France

USA 53
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ShenZhen

Explore the entire
Breadth—First Search (1125 £ %) | graph and determine
the level (distance)
of each vertex

*Purpose: Visit all vertices in the graph and record the order
of visitation.

*Traversal method: Start from the source; visit all adjacent
vertices at the same level before moving on to the next level.
«Output: Return each vertex’s visit level (distance from the
source)—i.e., which vertices were visited and in what order.
*Time complexity: O(V+E)O(V + E)O(V+E), where VVV is
the number of vertices and EEE is the number of edges.

https://graphsoo.org/

Single—Source Shortest Path (B —15 &=
*Purpose: Find the shortest path from the
source to each vertex.

*Traversal method: Typically, algorithms such
as Dijkstra’s algorithm or the Bellman—Ford
algorithm are used to compute the shortest
distance to each vertex.

*Output: Return the shortest distance and the
actual shortest path from the source to each
vertex.

*Time complexity: Depends on the algorithm.
For example, Dijkstra’s algorithm runs in
0O(V2)O(V"2)O(V2), or O((V+E)logV)O((V + E)
¥log V)O((V+E)logV) when using a heap.

I Japan
BEEH)

Find the shortest
distance from
the starting point
to each vertex.
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HPL-MXP MIXED-PRECISION BENCHMARK

The HPL-MxP benchmark seeks to highlight the emerging convergence of high-performance computing (HPC) and artificial intelligence (Al) workloads. While traditional
HPC focused on simulation runs for modeling phenomena in physics, chemistry, biology, and so on, the mathematical models that drive these computations require, for
the most part, 64-bit accuracy. On the other hand, the machine learning methods that fuel advances in Al achieve desired results at 32-bit and even lower floating-point
precision formats. This lesser demand for accuracy fueled a resurgence of interest in new hardware platforms that deliver a mix of unprecedented performance levels and
energy savings to achieve the classification and recognition fidelity afforded by higher-accuracy formats.

HPL-MxP strives to unite these two realms by delivering a blend of modern algorithms and contemporary hardware while simultaneously connecting to the solver
formulation of the decades-old HPL framework of benchmarking the largest supercomputing installztions in the world. The solver method of choice is a combination of
LU factorization and iterative refinement performed afterwards to bring the solution back to 64-bit accuracy. The innovation of HPL-MxP lies in dropping the requirement
of 64-bit computation throughout the entire solution process and instead opting for low-precision (likely 16-bit) accuracy for LU, and a sophisticated iteration to recover
the accuracy lost in factorization. The iterative method guaranteed to be numerically stable is the generalized minimal residual method (GMRES), which uses application of
the L and U factors to serve as a preconditioner. The combination of these algorithms is demonstrably sufficient for high accuracy and may be implemented in a way that
takes advantage of the current and upcoming devices for accelerating Al workloads.

HPL-MxP

[TOP500] & THPCG] TiE. B — AT EEGIERRETI 72D TEELE. EESERFEETETESRIROR TE < ALnSnNTER
FREERE (10EETLITOFINESE) OATHEI 2D EHIL-ILICESSNTVELRE. FE. GPUP ATHSERITOERF v I TEEEEE
(10EETHT. BLLF1047) OEEREESEL. SHSEELEEESf2EmNTVEY, INSOSHEEEERENS [TOPS00] [CEMENZL
EOEENBD. Drwd . FLASEEERLICLUNPACKA L F VU2 MR VEREEE CE< C EFEBOEF LWL F v —/7 THPL-ALl (3BiE
[HPL-MxP] JA'2019E118(CIRIESNZE Lz [THPL-MxP] (FLINPACKE — /N AETEZLUSERIZAL TE EIEEETETERd 2o &%
BEOTVEY. LLans. SEESTELNEERESS - TLESEY. SISk sEERRP I il cEEEtEcAE0REILT AT

EFRROHTNET. DED. 2RBOHERE TR NN FY—UTY.
HPL-MxPEOA L F IO T0OH5 ), 0 (F, S5 0F0CHE > TEI ERIERRT LY — (R-CCS) MMELTEOTSD. A—Tv—
AZELABLTVWET.,

https://www.riken.jp/pr/news/2023/20230522_3/index.html

This is a ranking to come, as there are not many

machines participating yet.
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June 2025

Rank Site Computer Cores HPL-MxP (Eflop/s) TOPS00 Rank HPL Rmax (Eflop/s) Speedup
1 DOE/SC/LLML El Capitan 11,039,616 16.680 1 1.7420 9.6
2 DOE/SC/ANL Aurcra 8,159,232 11.643 3 1.0120 11.5
3 DOE/SC/ORNL Frontier 8,560,640 11.390 2 1.3530 8.4
4 AIST ABCI 3.0 479,232 2.363 15 0.1451 16.3
5 EuroHPC/C5C LUMI 2,752,704 2.350 9 0.3797 6.2
] RIKEM Fugaku 7,630,848 2.000 7 0.4420 4.5
7 EuroHPC/CINECA Leonardo 1,824,768 1.842 10 0.2412 7.6
8 Cll, Institute of Science TSUBAME4 172,800 0.641 46 0.0396 16.2
9 NVIDIA Selene 555,520 0.630 30 0.0635 9.9
10 DOE/SC/LBML Perlmutter 888,832 0.590 25 0.0792 74
1 FZl JUWELS BM 449 280 0470 43 0.0441 10.7
12 SAKURA/Prunus SAKURAONE 11,760 0.340 49 0.0340 10.0
13 GENCI-CINES Adastra 319,072 0.303 40 0.0461 6.6
14 Pawsey Supercomputing Centre Setonix - GPU 181,248 0.175 58 0.0272 6.4
15 University of Flonda HiPerGator 138,880 0.170 a4 0.0172 8.9
16 SberCloud Christofan Meo 98,208 0.123 125 0.0120 10.3
17 DOE/SC/ANL Polaris 256,592 0.114 60 0.0258 4.4
18 ITC Wisteria 368,640 0.100 HE 0.0221 4.5
19 NSC Berzelius 59,520 0.050 240 0.0053 9.5
20 Cyfronet Athena 47616 0.050 248 0.0051 9.9

Japan

Japan

Japan

Japan

Japan
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Fugaku is workingon.24h/365¢

K computer was operated 24hours/365 days for public use.
Fugaku is also being done in the same way.

e Different from Fugaku, almost all the top-class machines of
the tops00 ranking are for closed users and are used for
limited purposes.

The several rankings showed that Fugaku is almighty:.

Users could optimize their code for Fugaku easier than for
the other ones(in the sense that it did not use a special
architecture like GPU).

However, as Post-Fugaku will be equipped with accelerators,
applications must be GPU-enabled at minimum to make use
of them.

7



Future direction of large-scale
computing
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~ From the above rankings——==" -

From now on, both performance and energy efficiency will be
important.

Ener%y efficiency = Lower-frequency CPUs — Compensated by
parallelization techniques for effective use.

The trend toward many-core (or multi-core) systems with relatively
low-frequency CPUs continues.

e The number of cores per CPU is increasing, and the distinction between
many-core and multi-core has largely disappeared.

Following this trend, many supercomputers are adopting GPUs, and
their number is growing.

The computers we use on a daily basis will also likely be equipped with
GPUs. — Who will rewrite programs for GPUs?

Since GPUs are prominent in Al and machine learning, this
architecture is likely to continue being adopted in the future.

However, it is not clear whether GPU-based supercomputers are
effective for all scientific fields.

It is likely that many supercomputers specifically designed for data
analysis and Al will appear in the future.
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The effective performance measured by LINPACK or HPCG does
not necessarily reflect the performance of real scientific
applications.

In practice, researchers invest significant effort to achieve higher
performance on supercomputers than on standard PC clusters.

Fugaku was co-designed to deliver better performance for
scientific applications, not just for benchmark programs.

(At the same time, winning first place in the Top500 may have
been a national mission for taxpayers—and this was achieved.)

Such performance optimization requires not only physicists,
chemists, and biologists, but also collaboration with computer
scientists and numerical mathematicians.

Fugaku is a general-purpose system and can be less efficient than
domain-specific machines (e.g., Anton for molecular dynamics,
which is 100-1000 X faster than general-purpose supercomputers).

Should users really be required to perform so much tuning
themselves? NVIDIA is actively optimizing GPU software, which
clearly contributes to the growing number of GPU users. 60



~ Future direc

For the foreseeable future, architectures with computing accelerators
such as GPUs will remain mainstream.

It is difficult to fully utilize all cores, nor is that the goal anymore (unlike
during the era of the K computer).

What is important now is to develop highly efficient hybrid parallelism
between CPUs and GPUs (which may yield at most a few-fold speedup).

The next flagship supercomputer will undoubtedly be equipped with
accelerators such as GPUs.

Software developers themselves must make effective use of GPUs to
accelerate their codes.

e This is not trivial: many well-known software packages overseas are tuned
for GPUs by NVIDIA. Can other vendors achieve the same level of support?

Consistent and systematic research is required to keep up with the latest
architectures.

To make systems more user-friendly, cloud services and GUI-based
operations are being promoted (with hardware and software details
increasingly concealed).

e While this is beneficial for users, training developers remains a different and
equally critical challenge. 61



Future direction2 ="

The United States is rapidly advancing both architectures and
programming frameworks, consolidating its position as a

lobal leader. If we do not actively engage, we risk falling
%ehind and losing influence in this critical field.

It is unrealistic to expect physicists and chemists to fully cover
computer science or numerical analysis on their own.

— We need to establish systems that facilitate collaboration
with computational scientists, computer scientists, and
numericaﬁ)analysis experts. This is currently underway, as
exemplified by the establishment of the Computational
Materials Science Forum ( ).

Even now, ensuring numerical precision remains insufficient.
For example, there is no universal standard for data
summation across cores (threads) in MPI or OpenMP. Such
issues must be handled carefully; otherwise, the reliability of
calculations may be compromised.
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The expertise accumulated through the K computer and
Fugaku can be utilized for the next decade.

However, expertise in GPU programming and optimization has
not yet been fully established.

The development of supercomputers may reach its limits in
the near future (Prof. Hiraki suggested around 2029), due to
factors such as enormous power consumption and the end of
Moore’s law.

We must explore new ideas to achieve high performance in
both software and hardware as soon as possible. A paradigm
shift may occur in the near future.

For the time being, data transfer will remain the most costly
factor at all levels.

Research on quantum computers is also progressing and will

become an important focus in the future.
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News [ Hands-on [ Event List of Apps Search Apps Keywords Research Showcase Concierge

Try the app without installing TMateriApps LIVE}

Search by category

Electronic structure Electronic structure

(solid state physics) {guantum chemistry) Molecular dynamics

Visualization/modeling

Strong correlation/effective Data analysis/supplementary
models tool

Continuum models Database Integrated Environment

Machine learning

NeWS / Event News Event

This portal site provides the information of applications that are used in materials
science. You can find your desired application. “MateriApps LIVE” gives you an
environment to perform open-source software codes without any installation
process.



We should promote the development of human resources
to effectively use HPC machines, including
supercomputers.

The relationship between the Tops00 rankings and the
performance of the software we actually use is not
necessarily clear.

To maximize the performance of our codes, it is essential
to understand the architecture of supercomputers and
HPC systems.

We should cultivate specialists capable of developing
advanced software to drive cutting-edge research.

We should also train users who can effectively utilize
scientific software packages to advance their research
(through CMD workshops, distance learning, etc.).




| I Masaaki Geshi Fditor asaaki Gechi F
HERSOHOHPCHI 1 HEHSORBOHPCHER 2 The Al’t Of ngh ThE‘ .I!||,[t l]f ngh
“ | Performance | Performance
Computing for Computing for
Computational Computational
Science, Vol. 1 | Science, Vol. 2
Techniques of Speedup and Advanced techniques and examples for
Parallelization for General Purposes materials soienie

* These books are for developers.

 Integrates techniques for development on massively parallel computers
such as supercomputers.

* Lecture videos and texts are available on the following site(Japanese only).

* The introductory lecture is given in edX.

https://www.edx.org/bio/Masaaki-Geshi 66
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