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Abstract—The advent of exascale computing has revolutionized
high-performance computing (HPC) and enabled unprecedented
advancements in nuclear fusion research. Simulations of plasma
turbulence dynamics, such as the GYSELA code, now achieve
unparalleled precision and complexity. However, this progress is
accompanied by significant challenges in managing the exponen-
tial growth of data generated by these simulations. Traditional
input/output (I/0) methods struggle to handle the massive data
volumes, heightened concurrency, and fault-tolerance require-
ments inherent to exascale systems.

This paper investigates the I/O bottlenecks inherent in exas-
cale computing, with a particular focus on the checkpointing
mechanisms of GYSELA. These mechanisms are critical for
ensuring fault tolerance and must handle several terabytes of data
efficiently to avoid undermining computational performance. We
analyze the current implementation of GYSELA’s checkpointing
mechanism managed via the PDI data interface, identifying
its limitations and proposing two alternative approaches aimed
at enhancing scalability and resilience. Experiments conducted
on pre-exascale architectures validate the efficiency of these
methods through both strong and weak scaling benchmarks.
We reduced the checkpointing execution time by a factor of
four, achieving near-optimal bandwidth utilisation, and we have
identified implementations well-suited for exascale architectures.
Our findings suggest the potential for notable performance
improvements and offer insights that could help optimise I/O
operations in exascale simulations.

Index Terms—Checkpointing, I/O optimisation, Simulation
code, Access Pattern optimisation

I. INTRODUCTION

Controlled fusion offers the promise of sustainable and safe
energy production on Earth, free of greenhouse gas emis-
sions. In magnetic fusion devices, the power gain increases
nonlinearly with the energy confinement time. The quality of
the plasma energy confinement thus largely determines the
size and therefore the cost of a fusion reactor. Unfortunately,
small-scale turbulence limits the quality of confinement in
most fusion devices. Hence modelling of turbulent transport
is mandatory to find routes towards improved confinement
regimes. Numerical simulations are based on a kinetic de-
scription of the plasma that can only be performed on most
powerful HPC. The gyrokinetic GYSELA [I]] code is one
of these computational tools. It runs efficiently on several
hundred thousand cores on current standard architectures. With
a consumption of 150 million CPU hours per year, the code
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makes massive use of petascale computing capacities and
manipulates petabytes of data.

The field of high-performance computing (HPC) has re-
cently transitioned into the exascale era, characterized by
systems capable of performing over 10'® floating-point oper-
ations per second (FLOPS). This extraordinary computational
capacity paves the way for simulations with a complete de-
scription of electron dynamics that has been unattainable until
now. However, there are still many challenges to overcome
particularly in the realm of data management and input/output
(I/0) operations.

In exascale systems, the volume of data generated by
simulations will increase exponentially, driven by the need for
higher resolution and fidelity to accurately capture intricate
physical processes. Simulations will frequently involve mil-
lions of computational cores operating concurrently, produc-
ing vast quantities of intermediate and final data. Efficiently
managing this data has emerged as a primary challenge,
as traditional methods for data access, storage, and transfer
struggle to meet the demands of such large-scale systems.

The challenges are not limited to data volume alone. The
extreme concurrency of exascale systems, where thousands
of processes require simultaneous access to storage resources,
has significantly increased the complexity of I/O operations.
Moreover, the need for fault tolerance in these massive systems
has underscored the importance of robust checkpointing mech-
anisms. These mechanisms, which periodically save the state
of a simulation to enable recovery in the event of a failure,
now contend with terabytes of data. Achieving efficient check-
pointing without introducing excessive delays is essential to
maintaining the computational efficiency of exascale systems.
To mitigate the overhead induced by these large I/O operations,
GYSELA employs a data interface called PDI. This interface
separates the technicalities of I/O operations from the source
code and enables GYSELA to utilise specialised I/O libraries
and adapt its I/O access patterns without requiring recompila-
tion or modifications to the source code.

This paper investigates the I/O challenges of exascale com-
puting with a focus on GYSELA and its checkpointing mech-
anisms. We begin by analysing the current implementation
and its limitations in handling the increasing data volumes
and concurrency demands. Next, we propose two alternative
approaches designed to optimise checkpointing performance



by improving scalability and resilience. Finally, we present
a detailed analysis of the results, offering broader strategies
and best practices to enhance I/O performance not only for
GYSELA but also for other large-scale simulation codes.
Our findings aim to contribute to more efficient utilisation of
exascale computing systems.

II. BACKGROUND AND RELATED WORK
A. Related Work

With the evolution of large-scale simulations and Al-based
applications towards data-centric workloads, efficient storage
access has become even more decisive. Numerous studies,
summarised in [2]], have proposed strategies for optimising I/O
operations, including data reading, result writing and check-
pointing phases. To make I/O optimisations more accessible
across diverse applications, Nicolae et al. [3] introduced the
VeloC library, which supports adaptive asynchronous check-
pointing. Other studies have focused on optimising specialised
1/0 libraries, such as ADIOS [4] and HDF5 [5].

In parallel, application-level optimisations have been devel-
oped to improve generic checkpointing performance. For ex-
ample, Gossman et al. [[6] enhanced checkpointing by grouping
MPI processes, performing intra-group MPI communication,
and then executing sequential I/O operations. Wang et al. 7]
proposed a method to mitigate I/O contention during check-
pointing by introducing random wait times, thereby reducing
simultaneous write operations. These optimisations are com-
plementary to our research, as this paper focuses specifically
on access patterns to further enhance I/O performance.

Regarding GYSELA, several research activities have al-
ready addressed the optimisation of I/O operation. For ex-
ample, Thomine et al. [8] computes the best checkpoint
frequency regarding the mean time before failure (MBTF) and
checkpoint’s duration, which allow the user to easily obtain the
best number of iterations between two checkpoints. Gueroud;i
et al. [9] implements in-situ asynchronous I/O operations by
allocating I/O nodes which communicates with PDI and the
DASK [10]] library.

Several studies have explored application-level optimisa-
tions for specific simulation codes, focusing on enhancing
I/O performance and scalability. For instance, Ross et al.[11]]
discuss the achievements and challenges associated with op-
timising I/O operations in large-scale simulation codes. Their
work also emphasises the importance of accessibility in I/O so-
lutions, aiming to make systems more user-friendly and easier
to integrate into simulation workflows. Significant improve-
ments for High-Energy Physics datasets were achieved in[[12].
Similarly, Latham et al.[13]] investigated targeted optimisations
for the FLASH simulation code, demonstrating substantial
performance enhancements. Van Gemmeren et al.[14] exam-
ined I/O strategies tailored to the ATLAS simulation code,
highlighting the impact of domain-specific approaches on
efficiency. Moreover, Sen et al. [15] explored strategies for fast
I/O throughput in large-scale climate modelling applications,
further contributing to the broader understanding of optimising
I/0 in complex simulations. However, as with this paper, these

optimisations rely on characteristics unique to their respective
simulation codes and are not directly applicable to GYSELA.

B. Background

1) GYSELA simulation code: The 1st principles 5D code
GYSELA [1] (for GYrokinetic SEmi-LAgrangian) is devel-
oped at the IRFM/CEA since 20 years to model plasma
turbulence and transport in controlled fusion devices. In terms
of numerics, the code evolves the entire 5-dimensional (3 space
coordinates xg = (r,0,¢), 2 velocity coordinates (v, 1))
guiding-centre distribution functions in a full portion of torus.
v)| represents the velocity parallel to the magnetic field. The
magnetic momentum g (proportional to the perpendicular
velocity) is an adiabatic motion invariant. The time-evolution
of the distribution function of each species fs(r,0, v, i)
is governed by a 5D non-linear gyrokinetic Vlasov equation
self-consistently coupled to a 3D quasi-neutrality equation
(electrostatic and long wavelength limit of Maxwell’s equa-
tions) and a 3D Ampere equation. One peculiarity of the
GYSELA code is to be based on a backward semi-Lagrangian
(SL) method, which is a mix between Particle-In-Cell (PIC)
and Eulerian approaches. In this approach, the phase-space
mesh grid is kept fixed in time (Eulerian method) and the
Vlasov equation is integrated along its trajectories (Lagrangian
method) using the invariance of the distribution function. From
a numerical point of view, the IRFM team has demonstrated
very good conservation properties [[16]. From a parallelisation
point of view, its Eulerian character is an advantage because
there is no problem of load-balancing. On the other hand,
the need to use a cubic spline interpolation which is non-
local is clearly a disadvantage leading to a code much more
difficult to parallelise than a PIC code. The code consists of
approximately 60,000 lines, primarily written in Fortran, and is
parallelised using a hybrid OpenMP and MPI approach. t has
benefitted from continuous improvement of its computational
scalability [17], [18] leading to efficient runs on several
hundred thousand cores on standard CPU.

The GYSELA code produces very large amounts of data.
A typical 5D mesh contains several hundreds of billions of
points, which leads to 5D distribution functions of the order
of 2 TB to be followed at each time iteration. Knowing that
a simulation can run on several days or weeks (representing
several tens of chained runs of more than 10,000 iterations),
it is not conceivable to store the temporal evolution of these
distribution functions fs. Only time evolutions of 0 to 3D
physical quantities (cross-section, fluid moments, ...) are saved
all along the simulation while f; are only saved at the end of
each run in temporary files to allow the restart (checkpoint-
restart). Even if the optimisation of diagnostics on exascale
computer is still an open question, we will focus here on
the checkpointing mechanism. As discussed in the following,
this huge amount of data storage is already a bottleneck for
petascale simulations. and as demonstrated by Thomine et
al. [8], the importance of checkpointing mechanisms increases
with the probability of execution failure, which grows as the
number of cores allocated to a job rises. As the number
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Fig. 1. MPI COMM WORLD communicator decomposition for two species.
In this case, the number of MPI processes is equal to 128 from the paper [1]

of cores increases on exascale architectures, the MBTF is
expected to decrease, highlighting the critical need for efficient
and reliable checkpointing strategies to ensure fault tolerance.

2) The checkpointing mechanism: The GYSELA code runs
efficiently on more than 500k CPU cores. It exhibits a relative
efficiency (as defined in subsection of 85% on more
than 500k cores and 63% on 729 088 cores for a weak scaling
from 1024 to 5696 AMD EPYC nodes (test performed on
CEA-HF supercomputer at Bruyere-le-Chatel/France) without
I/O operations. However, the relative efficiency of I/O is 55%
on 3072 nodes deteriorates very strongly when the number
of nodes is doubled and a crash occurred during the writing
on 5696 nodes. These results must be taken as preliminary
because the tests were performed when the file system was
not completely tuned. However, this maximum saving remains
an achievement in itself with 13.2 Tbytes of data distributed
in 24576 files that were simultaneously written to disk. The
checkpointing process took 1173 seconds, which is approxi-
mately one quarter of the time required for a single iteration.
This remains a significant bottleneck that needs to be removed
in order to achieve the performance necessary for exascale
simulations.

Concerning the MPI parallelisation, an MPI communicator
"MPI_COMM_SPECIES’ is defined per species. Inside each
one of the "MPI_COMM_SPECIES’ communicators, an MPI
communicator is defined for each value of the magnetic
moment . Within each *MPI_COMM_MU’ communicator, a
2D decomposition is performed such as each MPI process
contains a sub-domain in (r,6) dimensions (see Figure [I)).
Thus, a MPI process k is responsible for the subdomain
defined by Pk = f(?" = [istarty iend]y 0= [jstarta jend]a ¢ =
¥, U|| = %, 1= fvalue)s With fyarue € [0, Ny — 1]. The local
values tstart, lend, Jstart, Jend corresponds to a classical sub-
domain decomposition of (p,., py) blocks, with p,. (resp. pg)
the number of sub-domains in r (resp. ¢) direction. The local
size of the matrix uses, in practice, one fourth of the total MPI
process size, which is of the order of the GB.

As to improve this checkpointing mechanism, GYSELA
first used the open source I/O library HDF5 [19], especially
parallel HDF5 to manage the quantity of files created during
I/O operations. Two different implementations were proposed.

Vi V2 v3 v4
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Fig. 2. Scheme of a 4D-matrix decomposition with 4 MPI processes Each
color represents an MPI process, for example the blue MPI process stores the
values (V1, V2, V5, V6), corresponding to the memory PO in Fig. [I} In this
array, the data assigned to a single MPI process is not contiguous, indicating
that the local contiguity differs from the overall matrix contiguity.

The first one, usually named one file per process (1FPP),
uses HDF5 without collective features (meaning that all the
process perform I/O independently). The second version uses
Parallel HDF5 (PHDFS), which uses the MPI-IO library to
optimise and write collective I/O operations. However, these
implementations increased code complexity without delivering
satisfactory performance. In fact, the implementation using
PHDFS5 took significantly more time to complete than the
first implementation, making it unsuitable for practical use. As
a consequence, the GYSELA developers decided to transfer
the I/O management to a data interface named PDI [20],
allowing the application code to be more focused on physics
or mathematics, and making it more readable for the physics
researchers. Also, the use of PDI allows modifications of the
I/O strategies without recompiling the source code.

3) Specialised I/0 libraries: The PDI E] Data Interface [20]
is a lightweight library designed for efficient data management.
It provides a declarative API that exposes simulation data
without requiring users to specify how to manipulate it.
Additionally, it allows integration of external libraries via a
configuration file called specification tree.

The idea behind of PDI is to simplify the source code of the
application by keeping I/O operations simple to write and to
manage. Also, through the utilisation of a specification tree,
it permits the usage of several I/O libraries and dynamical
change of I/O parameters. In our case, the “User application”
is GYSELA, the "Events subsystems” are the checkpointing
implementations, the ”I/O library” is HDF5, with the plugin
Dec’HDF5 and the Specification tree” is a YAML file
containing the description of the implementations.

The main functions used by GYSELA to interact with
PDI, beyond the initialisation phase, are PDI_share that
shares data with PDI by creating a lock of the memory space
and triggering an I/O operation and PDI_reclaim used to
de-lock the memory space. The function PDI_expose is
equivalent to PDI_share followed by PDI_reclaim. The
function PDI__event creates an event that handles the control
transfer. This function is used to implement different types
of I/O operations (independent, collective, etc..), enabling the

1Official documentation: https:/pdi.dev/new-site/docs/



easy comparison of implementations by changing the event
name in GYSELA input file. This also allow to have adaptive
I/O operations throughout the job.

The specification tree defines the data structure, coordinates
interactions between the code and PDI, and includes the con-
figuration of plugins. This specification is provided to PDI via
a YAML file. The specification tree is divided into three main
sections: metadata, data, and plugins. The metadata section
sets various values for which PDI keeps a copy. For instance
the domain size and the domain decomposition parameters
are considered as metadata. The data section describes the
data layout, specifying the types of data expected during
I/O operations. The plugins section lists the plugins to be
loaded along with their configurations. PDI facilitates the
loose coupling of simulation codes with external libraries by
supporting libraries as plugins, which are configured through
the specification tree. For instance, the Decl’HDF5 plugin for
HDFS5 can be configured to tailor the I/O operations as needed
with variables as MPI communicators, attributes, or specific
HDFS5 features such as chunking, deflate compression, and

moreEl

III. OPTIMISING GYSELA’S I/O PERFORMANCE

As said in the previous section, when performing I/O
operations such as checkpoints, GYSELA exposes the data via
an API and shares information of the I/O operation to PDI: its
size, its quantity, its location, etc... Using these information
and some parameters set in the specification tree, PDI can
perform the operation, either using MPI functions, or other
I/0 libraries like HDFS5 via plug-ins. Thus, the lines of code in
the simulation code are solely informative, providing details
about I/O events and the initialisation of the I/O operations
inside the specification tree becomes the critical aspect to tune
the checkpointing mechanism. GYSELA offers four different
implementations of the checkpointing mechanism. In this
research, we focused on fine-tuning the writing pattern of
the checkpointing process, optimising its efficiency, while
retaining the default collective writing operation performed
by HDFS5 without modifying its underlying parameters. :

« individual, synchronous I/O with one file per process
(SYNC)

« collective I/O with small, non-contiguous writes, shared
file access (PARA)

« collective I/O with one large contiguous write, shared file
access (PACNT)

« collective I/O with smaller contiguous writes, shared file
access (PARA_R)

Originally, two checkpoint’s method were implemented
using PDI which reproduced the method written in the source
code. The first one uses the HDF5 library without MPI-IO
and is fully independent, it does synchronous writing with
one file created per process (SYNC). This method is very fast
at small scale but generates contention on larger systems (too

2More details about Decl’HDF5 can be found in the documentation
https://pdi.dev/main/Decl_HDF5_plugin.html

many concurrent streams, high load on the metadata server).
The second implementation (PARA), which uses the HDF5
library with MPI-IO enabled, is fully parallelised and creates
one output file per 4D-matrix. All the MPI processes in the
same communicator MPI_COMM_MU write collectively in the
same output file. The number of files written is lower and this
technique is known to scale well on a large number of nodes.
However, this approach is still far from the achievable peak
performance.

The poor I/O bandwidth observed is primarily due to the
configuration of the I/O operations. Specifically, to generate
easily readable output files, the 4D matrices are fully recon-
structed during the writing process. This approach results in
MPI processes writing numerous small chunks of data because
the matrices are not stored contiguously. On closer examina-
tion, each I/O operation writes data on the order of kilobytes,
but the total data size reaches several gigabytes. Consequently,
this process involves millions of individual write operations.
While HDF5 attempts to optimise these operations through
collective writes, it is unable to implement an efficient solution
for handling such a high volume of small, fragmented writes.

To improve performance, the initial approach was to write
contiguously rather than in small chunks of data. One efficient
way to achieve this is by partitioning the data differently when
writing to the output file. Similar to subfiling in HDFS, the
idea is to introduce an additional outer dimension that stores
each MPI process’s data contiguously. In this scheme, the first
dimension is incremented for each MPI process, following
a linear partition. With this parallelised and contiguous im-
plementation (PACNT), each MPI process performs a single
large write operation, as opposed to the millions of small
writes in the previous implementation (PARA). As a result, we
expect PACNT to outperform PARA. However, the duration
of this implementation compared to the independent approach
execution time is unclear. Indeed, this implementation writes
fewer files, especially on cases with huge parallelisation. The
overhead of collective writing may slow it down too much,
making it potentially longer than the independent implemen-
tation.

For this reason, we implemented another method
(PARA_R), which is similar to PACNT, but instead of
creating one file per p matrix, we create one file per u
and 0 values. Thus, this feature only parallelises in the r
direction using the communicator MPI_COMM_R, creating
mu x Nbproc_theta files, which is of the order of 1 000
files. That case, the number of files created is bigger than in
the PACNT implementation, resulting in smaller collective
writing to the same output file.

To conclude, since we do not perform our experiments at
full scale, we expect the first independent implementation to
achieve near optimal bandwidth, but we already know that it
will not be a sustainable solution for future architectures. How-
ever, we have good expectations that the new implementations,
which we believe are scalable on future architectures, will
achieve performance comparable to the independent imple-
mentation. Additionally, these new implementations generate
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Fig. 3. Representation of each checkpointing implementation using the
scheme in Fig. [2| The top left represents the SYNC implementation, the top
right the PARA implementation, the bottom left the PACNT implementation
and the bottom right the PAR_R implementation.

Nbproc (= 10k) is the total number of MPI processes, IV, (= 60) is the
number of p communicators and Nbprocy (= 10) is the number of
processes regarding the dimension 6 in each MPI process communicator.
Niocaql (several MB) is the size of the multi-dimensional array store locally
for each MPI processes and N, _;,. (= 100) is the local size regarding a
dimension, except N, ;o (< 1KB) which is the size of the inner
dimension’s contiguous array. Finally, number of blocks represents the
number of operations by MPI process, with Eq. representing
N’UG”_lOC X N¢$_loc X NG_loc (= 1000Kk).

Implementation file number block length | number of blocks
SYNC Nbproc Niocal 1
PARA Ny Ny ioc Eq.
PACNT Ny Niocal 1
PAR_R N, X Nbprocy Niocal 1
TABLE I

SUMMARY OF ALL CHECKPOINTING IMPLEMENTATIONS IN GYSELA.

fewer output files, improving data manageability and is an
important consideration for non-computer science researchers
using GYSELA in their work. Fig. [3] and Table [l summarise
all the chekcpointing implementations of GYSELA.

IV. EVALUATION AND RESULTS

In this section, we investigate the four checkpointing meth-
ods implemented via PDI, utilising the French pre-exascale
system, Joliot-Curie. To evaluate their performance, we con-
ducted two types of benchmarks: weak scaling and strong
scaling. We then compared the results across the different
methods, analysed the outcomes, and derived conclusions
regarding checkpointing mechanism for GYSELA in future
exascale HPC systems.

A. Experimental methodology

To evaluate the performances of the different PDI imple-
mentations, weak scaling and strong scaling were conducted.
Each test was repeated multiple times, and the results are
presented as the mean and standard deviation corresponding

to 90% of the data, providing a robust evaluation of the
performance variability.

A key aspect of Weak Scaling is maintaining a constant
memory footprint per process. This translates to a linear
increase in problem size and compute resources. In our tests,
we modified the size of the dimension p, which affects
the number of p-communicators. Therefore, the number of
processes writing to the same file remains constant across
all test cases and the primary difference observed during this
weak benchmark is the overall amount of data being stored
simultaneously and the number of output files generated. We
conducted two tests: one benchmark with 4 threads per MPI
process to artificially increase the number of MPI processes
while using fewer nodes, and another benchmark with 16
threads per MPI process to closely resemble production cases.

In Strong Scaling tests, the overall size of the problem is
fixed while the compute resources increase. In our tests, we
increased the number of MPI processes along (r,6). Hence,
the number of MPI processes increases inside 1 communi-
cators, creating a heavier parallelisation or more output files
depending of the checkpointing method.

In our experiments, we evaluated the benchmarks using
three key metrics: the total duration of checkpointing, the
mean bandwidth (calculated as the total memory size of I/O
operations divided by the duration), and relative efficiency. The
relative efficiency is defined as the ratio of the mean bandwidth
per MPI process for a given case to the mean bandwidth per
MPI process of the smallest case. By construction, the relative
efficiency will always be 100% for the smallest case.

The benchmarks were conducted on Joliot Curie, partic-
ularly the Rome partition. This partition consists of 2,286
dual-processor AMD Rome (Epyc) compute nodes at 2.6 GHz
with 16 cores per socket and 8 sockets per node, for a total
of 292,608 computing cores and a power of 11.75 Pflops.
Each nodes has 228Go memory. The interconnection follows
a DragonFly topology. The compute nodes are grouped into
racks, each containing 96 nodes and two LI1-switches, with
100 Gbits/s InfiniBand technology for the interconnection
(HDR100). Six racks form an islet, each islet contains six L2-
switches, all of them are connected to the L1-switches. And
each L2-switch is connected to an L2-switch of the others
islets. In total, there is four complete islets and the last one is
shared with another partition. Lastly, the parallel file system
uses Lustre [21]], with a maximum bandwidth of 300GB/SEI
During the tests, we use the defaults stripe parameters, with a
stripe count of 1, a stripe size of 1IMB and no offset.

B. Weak Scaling with 4 threads per MPI process

For this benchmark, only the number of 4 communicators
is increased. Thus, the mesh grid stays constant in each
compute nodes, but it induces a constant increase in the total
memory footprint, as shown in Table([[l] The number of threads
allocated per MPI process is 4, and there is 32 MPI processes
per node.

3More details about the architecture can be found in the documentation:
https://www-hpc.cea.fr/tgcc-public/en/html/tgcc-public.html



Each lines represents a test case. The columns, from left to right, states the
number of MPI processes, the number of allocated nodes, p+ dimension
points, the number of MPI processes allocated in each p communicator

along (r, 0), the size of the distribution f and the local memory footprint of

f in an MPI process. The mesh grid used regarding
(Nr x Ng X Ny x N“cu X Ny) is 512x1024x128x128. The number of
threads per MPI process is 4.

MPI proc. | nodes | Ny, | pr,pg | total mem. | local size
1024 32 8 8x16 0.5 TB 500 MB
2048 64 16 8x16 1 TB 500 MB
8192 256 64 8x16 4TB 500 MB
12288 384 96 8x 16 6 TB 500 MB

TABLE II

OVERVIEW OF THE WEAK BENCHMARK CONFIGURATIONS.

Weak scaling of the checkpoint on ROME (TGCC) with NThread=4, mean of 3 runs
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Fig. 4. Weak scaling plot with 4 threads per MPI process, averaged over three
runs. The y-axis indicates the number of MPI processes, the x-axis shows the
duration of each checkpoint in the top plot and bandwidth in the bottom plot.
Each bar represents an implementation, from left to right, SYNC (in blue),
PARA (in orange), PACNT (in green) and PAR_R (in grey). The number of
output files created for each simulation is displayed on each bar.

The weak scaling shown in [4] presents optimisitic results.
As expected, for the smallest case (1024 MPI processes), the
independent implementation is achieving the best performance
and we observe a fluctuating but high bandwidth around 125
Gb/s. But as the size of the problem gets bigger, time and
variance start to increase, and as we have seen in Section
this implementation is bound to fail for larger scale.

As for the first collective implementation (PARA), we can
see that this implementation takes longer than the others. At
this moment, it cannot be taken as a sustainable option as its
bandwidth does not exceed 25 Gb/s, even if it shows a good
scalability.

However, contiguous collective implementation (PACNT)
has better results. It takes between 4 to 5 times less duration
than the PARA implementation, and in the efficiency plot in
Fig.[3] it shows a good efficiency (75% for the maximum num-
ber of MPI processes). Also, its bandwidth keeps increasing as
the number of MPI processes grows, reaching almost 100 Gb/s
for the biggest case. Since the last result can be considered as
a pre-exascale I/O operations, we see that the runtime is still
longer than the SYNC implementation. But, for the case using

Weak scaling of the checkpoint on ROME (TGCC) with NThread=4, mean of 3 runs

JN
I\
N\

Checkpoint type \
® sync \
20 para
pacnt \‘0——~__‘.

par_r

100

Efficiency (%)
)
S

&
S

1024 4096 8192 12288
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12288 MPI processes, the SYNC method writes in 12288 files
whereas the PACNT method only writes in 96 files.

Lastly, PARA_R implementation also shows good results.
Compared to the SYNC implementation, PARA_R has a
longer duration in smaller cases (1024 and 2048 MPI pro-
cesses) but requires less time in the larger cases (8192 and
12288 MPI processes), with a bandwidth near 150 Gb/s. For
the 12288 MPI process case, PARA_R method writes in 1536
files which positions it as an in-between alternative compared
to SYNC and PACNT methods. However, its efficiency de-
creases faster compared to the PACNT feature. Indeed, since
it creates more and more files, this implementation is more
subject to file system congestion.

To conclude, the results are satisfying. Indeed, the PACNT
implementation has proven to be a viable method with a
small number of files, and PARA_R performs better than the
sequential implementation on large enough cases.

This benchmark highlights that a collective implemen-
tation (PARA_R) can achieve execution times comparable
to SYNC implementation, and that implementations min-
imising the number of files opened concurrently maintain
higher efficiency.

C. Weak Scaling with 16 threads per MPI process

Each lines represents a test case. The columns, from left to right, states the
number of MPI processes, the number of allocated nodes, © dimension
points, the number of MPI processes allocated in each p communicator

along (r, 0), the size of the distribution f and the local memory footprint of

f in an MPI process. The mesh grid used regarding
(Nr x Ng x Ny x NUGH X Np,) is 512x1024x128x128. The number of
threads per MPI process is 16.

MPI proc. | nodes | Ny, | pr,pg | total mem. | local size
1024 128 8 8x16 0.5 TB 500 MB
2048 256 16 8x16 1 TB 500 MB
4096 512 32 8x16 2 TB 500 MB
8192 1024 64 8x16 4TB 500 MB

TABLE III

OVERVIEW OF THE WEAK BENCHMARK CONFIGURATIONS.

Similarly to the first weak scaling benchmark, this test also
increases the number of ;1 communicators. However, unlike



the previous benchmark, each MPI process is allocated 16
threads, resulting in 8 MPI processes per node.

We tested only the independent implementation and the two
collective, contiguous implementations (SYNC, PACNT, and
PAR_R) because this benchmark uses a large number of nodes,
and the PARA implementation performed poorly in the first
weak scaling benchmark.

As shown in Fig. [6] the results are similar to those of the
previous weak scaling benchmark, especially for the collective
methods (PACNT and PAR_R). The SYNC implementation,
as in the previous benchmark, is very fast for smaller cases.
However, for larger cases, such as the one involving 4096 MPI
processes, the bandwidth variation is significant. Specifically,
the execution time in this case varies from 1.15 second for
the fastest to 35.12 seconds for the slowest, resulting in a
variation factor of approximately 30. While I/O operations
inherently exhibit some variability, this level of fluctuation
makes the implementation highly unstable. The results suggest
that SYNC’s performance depends heavily on external factors
such as file system load, which are beyond our control, making
it unreliable for larger cases.

Conversely, the PACNT implementation maintains a consis-
tent execution time with minimal variation across all test cases,
similar to the previous weak scaling benchmark. Additionally,
as shown in Fig. its efficiency remains close to 100%
across all cases, demonstrating excellent scalability. However,
its bandwidth, at approximately 80 Gb/s, is notably below the
file system’s maximum bandwidth.

The PAR_R implementation also produces results consistent
with the previous benchmark. Its execution time increases
gradually with the number of MPI processes, and its rela-
tive efficiency reaches up to 80% for the largest case. The
observed bandwidth is approximately 350 Gb/s, approaching
the maximum bandwidth of the parallel file system.

In summary, this benchmark confirms the trends observed in
production runs. The SYNC implementation’s execution time
increases significantly for larger cases, with high variability
making it unreliable. In contrast, the collective implementa-
tions demonstrate scalable performance, with one (PAR_R)
achieving a bandwidth close to the maximum capacity of the
file system.

This benchmark highlights the variability of the SYNC
implementation, with a variation factor of approximately
30 for one test case. It also highlights that the PARA_R
implementation’s bandwidth is close to the file system
maximum bandwidth.

D. Strong Scaling

For this scaling, only the MPI processes partitioning along
(r,0) is increased. Thus, the memory footprint of an MPI
process is divided by two between each case, as shown in
Table

Since we have 16 threads per MPI process, each nodes
contains 8 MPI processes and a job running on 768 MPI
processes corresponds to one rack, 1536 MPI processes cor-
responds to two racks, 3072 MPI processes corresponds to
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Fig. 6. Weak scaling plot with 16 threads per MPI process, averaged over
3 runs. The y-axis indicates the number of MPI processes, the z-axis shows
the duration of each checkpoint in the top plot and bandwidth in the bottom
plot. Each bar represents an implementation, from left to right, SYNC (in
blue), PACNT (in green) and PAR_R (in grey). The SYNC implementation
creates one file per process. The PACNT implementation creates one file per
w1 points, between 8 to 64 output files. Finally, the PAR_R methods creates
sixteen times more files than the PACNT methods, between 128 to 1024, one
per nodes.
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A

Each line represents a test case. The columns, from left to right, state the
number of MPI processes, 1+ dimension points, the number of MPI processes
allocated in each p communicator along (r, 8), the size of the distribution f,
the local memory footprint of f in an MPI process and the number of racks
allocated for the simulation. The mesh grid used regarding (N X Ng X Ny, X
Ny a| X N, u) is 512x1024x128x128. The total size of the distribution function
is 3 TB across all cases.

MPI proc. | nodes | N, | pr X pg | local size | racks
768 96 48 4x4 4 GB 1
1536 192 48 x4 2 GB 2
3072 384 48 8x8 1 GB 4
6144 768 48 8x16 500 MB 8

TABLE IV

OVERVIEW OF THE STRONG BENCHMARK CONFIGURATION.

four racks and 6144 MPI processes corresponds to 8 racks,
which means two different islets. We can assume this because
the SLURM scheduler generally attempts to reserve adjacent
nodes to minimise communication costs, with a few exceptions
such as in the case of node failure.

Looking at all the implementations, we observe:
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implementation, from left to right, SYNC (in blue), PARA (in orange), PACNT
(in green) and PAR_R (in grey). The number of output files created for each
simulation is displayed on each bar.

o For the SYNC implementation, bandwidth improves,
especially for the largest case (6144 MPI processes).
However, efficiency drops significantly from case 1 to
3 due to metadata overhead, likely caused by the high
number of output files, before recovering to 85% in the
last case with two islets.

« For the PARA implementation, we could not execute the
first case because of a SLURM limitation. For the other
cases, we can see that from 2 to 4 racks, there is no time
difference, then, from 4 racks to 8, the time is almost
cut in half. The execution time is still at least four times
higher than other implementations.

o For the last two implementations, we observe approx-
imately the same behavior, from one rack to two, the
time is cut in half, then from two to four racks, we do
not observe any improvements, then from one islets to
two, the time decreases again.

The efficiency metric, shown in Fig. 0] varies significantly
across test cases compared to weak scaling. The efficiency
of a single method does not follow a monotonic trend, indi-
cating that the optimal parameters for maximum bandwidth
depend on the number of nodes used. Choosing the best
implementation involves balancing the number of files written
simultaneously and the number of MPI processes writing col-
lectively. While collective writing overhead remains constant,
the overhead and variance from the number of written files
depend on scaling size, with variance influenced by the number
of islets used.

This benchmark underscores the role of the underlying
architecture of the HPC center. Achieving an optimal
balance between heavy collective writing and synchronous
file writing depends on the system’s architecture. Specif-
ically, the architecture has an impact on the metadata
performance, particularly on the overhead when writing
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on multiple files concurrently.

V. CONCLUSION

We have successfully identified effective methods for check-
pointing, and the methodology outlined in this paper can be
readily reproduced for use in other simulation codes. More-
over, in earlier tests, checkpointing took around 1,100 seconds,
with a 55% efficiency, accounting for one-quarter of the total
simulation time. In our tests, we reduced checkpointing time
by 50% for the largest case between SYNC and PAR_R
implementations. While we can’t predict its performance at
larger scales, we expect an improvement of up to 12.5% and,
more importantly, less variation between checkpoints.

Further research can focus on optimising checkpointing at
various levels. A key step is improving adaptability in the
number of files created. This study aimed to balance the
number of output files and the number of MPI processes writ-
ing collectively. One potential solution is to use the subfiling
function in HDF5, which could be added to the existing plugin.

Another area for optimisation is the use of Lustre variables
and HDF5 properties. We could better tune the file system
variables and optimise the collective operations performed by
HDFS5 using MPI-IO.

Lastly, adaptive checkpointing is a promising direction. By
calculating the optimal frequency for checkpoints, we could
schedule them during periods of low parallel file system
utilisation, reducing variability and improving overall I/O
efficiency.
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