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Kurzfassung

Die rasche Einfiihrung von Kiunstlicher Intelligenz (KI) in der wissenschaftlichen
Datenverarbeitung erfordert neue Werkzeuge zur effektiven Bewertung der 1/O-
Leistung. HDF5 ist eines der Datenformate, die nicht nur in HPC, sondern auch in
modernen KI-Anwendungen haufig verwendet werden. Die bestehenden Benchmarks
sind jedoch unzureichend, um die aktuellen Herausforderungen von KI-Workloads
zu bewiéltigen. In diesem Beitrag wird eine Erweiterung des bestehenden HDF5-
Benchmarks - h5bench - vorgestellt, indem die gleiche Arbeitslast aus dem MLPerf
Storage - DLIO Benchmark integriert wird. Diese Erweiterung ermoglicht es Nut-
zern, KI-Workloads zu testen, ohne dass sie Bibliotheken fiir maschinelles Lernen
installieren miissen, was die Komplexitat reduziert und die Nutzbarkeit des Bench-
marks verbessert. Die experimentelle Analyse zeigt, dass die Erweiterung in der
Lage ist, die bestehenden I/O-Muster mit leicht anpassbaren Konfigurationen zu
replizieren, um verschiedene Skalierbarkeitstests durchzufiihren.

Stichworter: HPC, Benchmarking, HDF5, 1/0, 1/O Benchmark, 1/O Kernel,
h5bench, Al Workloads, MLPerf






Abstract

Rapid artificial intelligence (AI) adoption in scientific computing requires new tools
to evaluate 1/O performance effectively. HDF5 is one of the data formats commonly
used not only in HPC applications but also in modern AI applications. However, the
existing benchmarks are insufficient to address the current challenges posed by Al
workloads. This thesis introduces an extension to the existing HDF5 benchmark,
called h5bench, by incorporating the same workload from the MLPerf Storage -
DLIO Benchmark. This extension allows users to test Al workloads without the need
to install machine learning libraries, reducing complexity and enhancing the usabil-
ity of the benchmark. The experimental analysis demonstrates that the extension
managed to replicate the existing 1/O patterns with easy-to-adjust configurations
to perform various scalability tests.

Keywords: HPC, benchmarking, HDF5, 1/O, 1/O benchmark, I/O kernel, h5bench,
AT workloads, MLPerf
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1. Introduction

Artificial intelligence (AI) has been swiftly integrated into scientific computing, driv-
ing significant breakthroughs across various disciplines. [58] [25] [5] As Al usage
grows, so does the demand for I/O systems capable of supporting these increasingly
complex workloads. Multiple new special systems are currently being developed to
accommodate this emerging AI workload [74][24] since the I/O performance bot-
tleneck problem is getting more pronounced. Despite the critical impact of 1/O
performance in Al applications, there is a limited number of benchmarks specifi-
cally targeting this problem, with Deep Learning 1/O (DLIO) Benchmark [28] now
the leading benchmark for Al workloads, and it is the kernel of the MLPerf Storage
[9] benchmark suite.

Besides the lack of options in the current /O benchmarking landscape for Al
workloads, a number of further issues have been identified that present significant
challenges to the evaluation of current systems. First, the existing AI benchmarks
require the installation of machine learning libraries that are often not directly re-
lated to the metrics that will be evaluated, such as bandwidth and throughput
scalability. Setting up the correct environment for running Al experiments is one of
the productivity challenges faced by developers and performance analysts for eval-
uating Al workloads [63]. This challenge that looks trivial at first glance can create
unnecessary complexity and overhead, making it difficult to isolate and evaluate the
I/O characteristics critical for AI workloads. Another challenge arises from the fact
that most HPC systems serve both Al workloads and traditional HPC applications
simultaneously. Setting up a system that can accommodate both workloads is an
essential task for every HPC center’s stakeholders. The result from the Al-focused
benchmark needs to have the same context as the result from the benchmark from
the more traditional workloads to produce the right conclusion for decision-making.

To address these challenges, I propose extending the existing 1/O benchmark
suite, hbbench [13], to better accommodate Al workloads. Hierarchical Data Format
version 5 (HDF5) [80] is one of the data formats that is commonly used not only in
HPC applications [15] and has great potential for use in Al applications [27] [12].
h5bench already features a configuration structure suited for testing traditional HPC
workloads, and this framework can be extended to handle AI workload scenarios as
well. In the initial prototype, an investigation was conducted into DLIO workloads
with the objective of incorporating the specific configuration requirements essential
for AI applications into the h5bench extension.



1. Introduction

This thesis begins by outlining the key challenges in benchmarking I/O compo-
nents for Al workloads in Chapter [2] followed by a detailed exploration of HDF5,
existing I/O benchmarks, AT workloads in general, and profiling tools used to gather
I/O patterns in Chapter |3| In the Chapter , I describe in detail the methods by
which I/O patterns generated by DLIO Benchmark were obtained and discuss how
to design a system based on them. This chapter also includes thoughts on how to
validate the implementation. Chapter [5| contains an information about the main
features and the most important details of the h5bench extension implementation.
The experimental setup and the results are presented in detail in Chapter [6] The
limitations of the current work and future work are discussed in Chapters [7] and [§



2. Related work

Among the existing tools for I/O benchmarking, IOR [I] stands out as the lead-
ing parallel 1/O benchmark, widely used to evaluate the bandwidth performance of
parallel file systems. IOR supports a variety of file access patterns, such as read-
/write operations, shared files, and file-per-process setups. It is compatible with
multiple I/O library interfaces (POSIX, MPI-IO, HDF5) and also integrates with
distributed computing systems like S3 and HDFS. The IOR code repository also
contains MDTest [57], which is used to assess the metadata performance of POSIX-
compliant parallel file systems. MDTest measures the performance of file, directory,
and directory hierarchy operations, including creation, stat, and removal. Users may
use IOR and MDTest to devise a multitude of I/O patterns, as seen in the 10500 [53]
benchmark suite, making this benchmark very powerful but also overwhelming for
users.

In addition to h5bench [I3] which is employed in this thesis and will be described
in detail in Section [3.3] numerous other HDF5 benchmarks exist that are based on
the application’s patterns. These have been previously listed in the work of Bez
et al.[I3]. For example, MACSio [61] (Multi-purpose, Application-Centric, Scal-
able 1/O Proxy Application), that has been developed to address a long-standing
gap in the co-design of proxy applications that test 1/O performance and evalu-
ate trade-offs in data models, I/O library interfaces, and parallel 1/O paradigms for
multiphysics HPC applications. Or AMRex [93] - a framework for massively parallel
block-structured adaptive mesh refinement (AMR) utilised in a range of scientific
disciplines, including combustion, accelerator physics, carbon capture and storage,
cosmology and astrophysics, whose access scheme can be classified as contiguous in
memory and contiguous in file representation. Other prominent members of this list
are Parallel I/O Kernel Suite [I7], FLASH-1O [47] and ChombolO [21].

In the context of Al applications and machine learning (ML) applications, with a
particular focus on performance in HPC systems, MLPerf [69] is one of the prominent
benchmarks in the field. Organized by the MLCommons working group [2], MLPerf
offers a variety of applications that employ machine learning and deep learning tech-
niques within the context of HPC environments. MLPerf encompasses a multitude
of focal areas, including Inference, Training, and Storage. DLIO benchmark [2§] is
an important part of the MLPerf for Storage [9] benchmark.

Fathom [4] was developed to study the characteristics of cutting-edge models
from the deep learning community. The collection consists of eight archetypal deep
learning workloads, including three focused on solving image classification tasks
using different models [44] [71] [52]. The remaining workloads represent models
for direct language-to-language sentence translation [75], memory-oriented neural
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system [86], speech recognition engine [43], autoencoder for dimensionality reduction
and image compression [46], and Atari-playing neural network from DeepMind [62].

In the broader context of ML benchmarking, there are several other benchmarks
listed by Thiyagalingam et al. [81], such as Deep500 [11], RLBench [48], DAWN-
Bench [22], and ATBench [34].

Considerable work has been done to describe the data-centric nature of ML appli-
cations by Noah Lewis et al. [54] This includes detailed descriptions of file formats,
common phases of the workflow, and an overview of I/O benchmarks and profilers.
This is important because the use of benchmarks plays an important role in finding
I/O bottlenecks and subsequently achieving greater efficiency. A section of the pa-
per focuses on I/O optimisation techniques for popular machine learning libraries,
highlighting their strengths and weaknesses. The paper concludes with an outlook
on future research in this area, making it an excellent overview of current trends in
I/O for machine learning on HPC systems.



3. Background

3.1. Brief ML overview

Since the hbbench extension aims to simulate Al workloads to measure I/O per-
formance, it is essential to provide a brief overview of the typical machine learning
(ML) workflow and the unique aspects of working with data and data formats. This
information is outlined in the following sections.

3.1.1. Workflow

A typical machine learning workflow involves four key phases: data generation,
dataset preparation, model training, and inference [65]. Figure the result of
the work of Noah Lewis et al. [54], provides a complete taxonomy of the operations
and data management characteristics of these stages. The data generation phase
involves acquiring data from sources such as simulations, web scraping, or publicly
available datasets. Critical decisions are made at this stage regarding the dataset’s
modality, file format, and storage location.

Next is the dataset preparation phase, which involves steps such as transforming,
augmenting, and splitting the data. In the training phase, the taxonomy outlines
the input-output operations linked to commonly used learning algorithms, along
with checkpointing tasks that preserve model states.

The output phase mirrors the training phase in terms of data operations, involving
similar data management processes. Overall, the taxonomy emphasizes the central
role of data throughout the ML lifecycle, underscoring its importance at every stage
of model development and deployment. This close relationship between data and
machine learning highlights the importance of efficient I/O management, which is
discussed in the following section.

3.1.2. 1/0 in ML

In machine learning, I/O operations are crucial because they dictate how efficiently
data flows between storage and the computing resources that process it. As machine
learning models grow in complexity and datasets expand, managing I/O performance
becomes increasingly critical. This is especially true during training phases, where
large volumes of data must be read continuously, placing a heavy load on storage
systems. One algorithm that exemplifies the I/O challenges in machine learning is
gradient descent.
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Figure 3.1.: A taxonomy of data management during the ML lifecycle.

7] >
o £ £
£ S £
s 5 &
[7) X
§ 8 3
g 5 3 & &
5§ 8§ & > &
5 7 S 4 &
s £ F § & ¢
e S 5 £ § N
s 5 ¥ & &
& s F 5 ¢
= @
5 o ¢ & ¥ <®
g ® K3 °§ &
Jaf 2 N Q?Q
& s o R 3¢
s . S K
S & &
& [ ) &
o S Q¢ g
o \s\\\q e‘(\
& o S
¥ o & &
[ ] &
’os\\t .‘:
QO\Q ’ &
s S
-
o 0 &
5o
o
o® "
s
pre N
a\aso R
&
i
ipg
o™
@
o image -prg
.bmp
-mp3
Audio
Oy, 99
.% -flag
s
%@
%
4 i
Mg
s
AUy
%
St
2
%& RS
e ;
2 X %
E %
a3 %, %
. &
e B 4
e 3 % °
O,
e 9 3 %
E % El
2 %
g 3 %
g 3 2
T & =
ER-
g B
(=}

Gradient descent, particularly mini-batch gradient descent - commonly known as
stochastic gradient descent (SGD) - is one of the most widely used algorithms for
optimizing deep neural network (DNN) parameters. Its high learning speed and
low memory consumption make it a preferred choice. Nevertheless, despite these
advantages, there are several challenges associated with the efficient utilisation of

storage resources.



3.1. Brief ML overview

Increasing mini-batch size

An increase in the mini-batch size may be beneficial. The success of SGD has
prompted the development of numerous optimisations designed to capitalise on the
increasing computational power. One key strategy is to increase the mini-batch
size during each training iteration, allowing for the simultaneous processing of more
input samples. It has been demonstrated in numerous studies [90] [60] [91] that
significant improvements can be made in terms of learning speed. In these studies,
the mini-batch size has increased from 256 [44] to 80.000 [90] over the past few
years. However, increasing the mini-batch size requires a corresponding boost in
throughput, as more samples must be processed with each iteration. Furthermore,
the utilisation of substantial batch sizes has the potential to impair the quality of
the model. This is due to the fact that methods employing large batch sizes tend
to converge to sharp minimizers of the training objective function, which can have
a detrimental impact on the model’s generalisation capabilities. [50]

Small random samples

A further challenge in the training of deep learning models is the necessity to handle
a large number of training samples, which often arrive in a random order. [67] The
randomness inherent in such data helps to speed up convergence and reduce errors
caused by fixed input sequences. However, many datasets consist of many small
samples. [20] This poses storage problems, as small random samples often result
in random read operations, which do not work well in traditional storage systems
optimised for large sequential 1/O operations.

Pre-processing smaller samples into larger ones can alleviate issues with small
random [/O operations, but this approach comes with its own limitations. For
instance, extant sample shuffling techniques are incapable of supporting global shuf-
fling of data, and the size of the shuffling buffer further constrains the efficiency
of shuffling. [89] To illustrate, when utilising TFRecord files, each file is read se-
quentially into a fixed-size shuffle buffer. If the buffer size is insufficient, only a
proportion of the samples will be shuffled, which may have a detrimental impact
on the accuracy of the training process. Therefore, the size of the shuffle buffer
represents a crucial bottleneck in guaranteeing the efficient shuffling of samples and
the maintenance of optimal model performance.

3.1.3. Data formats

As data represents the most crucial element of any machine learning workload, the
choice of file formats for the storage of training and inference data is of equal im-
portance. In the context of HPC, it is crucial that the file format employed is
capable of supporting efficient distributed data storage. Notable examples of such
formats include HDF5 [80], RecordlO [7] and Apache Parquet [§]. HDF5 and Recor-
dIO, in particular, offer unique features such as chunking and partial compression
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mechanisms. These will be discussed in greater detail in section 3. Both features
permit data loaders to write and read only subsets of a file, negating the necessity to
fully load them. Given that ML applications frequently read numerous small data
fragments, this represents a significant advantage for the aforementioned formats.
Furthermore, the capacity to compress subsets of data enables more efficient data
storage, which may result in faster I/O by reducing the overhead associated with
transferring data while it is being read by the ML program. In the next sections,
the HDF5 file format will be discussed in detail.

3.2. HDF5

HDF5 [80] is a comprehensive framework that includes a data model, library, and
file format. It is designed for storing and managing data in high-performance sys-
tems. The HDF5 architecture efficiently handles various data types using adaptable
I/O operations, making it ideal for managing large and complex datasets. HDF5
also provides portability and scalability, allowing applications to grow with user
needs. [32] Additionally, the suite includes a range of tools and applications for
controlling, modifying, visualizing, and exploring data.

Section provides an overview of HDF5’s hierarchical structure, which is its
defining characteristic (as reflected in its name: Hierarchical Data Format v5). Sec-
tion discusses the parallel version of HDF5, widely used in high-performance
systems and integral to my h5bench extension. The following Section will
describe the HDF5 workflow, which is the key to understanding concepts such as
Virtual File Driver (VFD) and Virtual Object Layer (VOL), described in more de-
tail in Section and Section [3.2.5] respectively. Section [3.2.0] explains the key
features of HDF5, such as chunking and compression, which can greatly impact the
performance of ML applications. While these features are included in my extension,
they are not available in the original DLIO Benchmark.

3.2.1. Data structure

HDF5 files contain components aligned with the HDF5 data model terminology,
including array variables, groups, and types, which correspond to HDF5 datasets,
groups, and data type objects, respectively. Datasets represent multidimensional
arrays with logically organized data elements. Each HDF5 dataset is defined by its
data space, which encapsulates attributes such as its rank (dimension count) and
the present as well as the maximum size in each dimension. It is noteworthy that the
HDF5 dataset is capable of expansion and contraction within the limits defined by
its maximum size, which may even be unbounded, depending on the storage layout
approach.

HDF5 groups function like directories in a file system, defining relationships be-
tween HDF5 datasets, other groups, and data type objects. Every HDF'5 file contains
a root, group, which serves as the top-level entity.
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The HDF5 array variable type is based on two principal components: the HDF5
data space, which defines its structure, and the HDF5 data type, which defines the
nature of its data elements. At the time of writing, the HDF5 array variable type
is supported by eleven different data type classes, as follows: Integer, Float, String,
Bitfield, Time, Opaque, Compound, Reference, Enumeration, Variable Length se-
quence, and Array. [42] These data types are significant in defining HDF5 datasets
and attributes, and may also be associated with HDF5 groups, which in such cases
are called HDF5 data objects or HDF5 named data types.

3.2.2. Parallel HDF5

To fully exploit the potential of parallelism in high-performance computing, HDF5
offers a specialized configuration known as Parallel HDF5. This configuration uses
the Message Passing Interface (MPI) standard for interprocess communication and
incorporates the standard parallel I/O interface (MPI-IO)[79]. One of the key ben-
efits of this approach is that HDF5 files created in parallel mode remain compatible
with serial HDF5, as they conform to the established HDF5 file format specifica-
tion [41]. The Parallel HDF5 API comprises two major components: the standard
HDF5 API and a parallel "wrapper". This wrapper opens files via the MPI Commu-
nicator, allowing different files to be opened with different communicators. Notably,
parallel access requires synchronization across all MPI processes, with operations
coordinated in accordance with the collective Parallel HDF5 API. This includes es-
sential tasks such as modifying namespace and structural metadata. Collective I/O
consolidates multiple small I/O operations into fewer, larger ones. In independent
mode, individual MPI processes perform I/O operations autonomously, without in-
terference from other MPI processes in the same application accessing an identical

HDF'5 file.

To enable Parallel HDF5 during the compilation process, it is merely necessary to
use the optional -—enable-parallel flag. When creating an HDF5 file in collective
mode, users must configure a file access property to regulate how each MPI process
accesses the file. This is achieved through the function call H5Pset_fapl mpio(),
which takes MPI Communicator and MPI Info objects as parameters. Importantly,
no further configuration is required for basic operations such as creating, opening,
or closing a dataset, as these tasks are performed collectively by all processes within
the MPI Communicator by default.

Regarding dataset access, users are granted considerable flexibility in determining
how write and read operations are conducted. The necessary configuration can
be achieved through the dataset transfer property, which can be accessed via the
function H5Pset_dxpl mpio(). In this way, Parallel HDF5 seamlessly integrates
with MPI to optimize data access in parallel environments. Additionally, it retains
backward compatibility with traditional serial HDF5, ensuring that files created in
parallel can be used in serial workflows without modification.
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3.2.3. HDF5 workflow

When reading or writing data to an
HDF5 file, the HDF5 library manages
the data’s flow through a series of
stages called the HDF5 data pipeline
(see Figure [3.2). This pipeline han-
dles various operations on data in mem-
ory, including byte swapping, align-
ment, scatter-gather, and hyperslab se-
lections. It is noteworthy that the
HDF5 library autonomously determines
the necessary operations and controls
the execution of memory-related tasks,
such as the extraction of specific ele-
ments from a data block. Each mod-
ule in the data pipeline processes data
buffers sequentially, transferring them
to the next stage. The process be-
gins with the initiation of I/O via the
H5Dwrite and H5Dread functions, re-
sponsible for writing and reading data
in the user program. The processing
stages in the data pipeline are cate-
gorised as follows:

I/0 Initiation

HS&Dread HEDwrite

i !

Memory Hyperslab Operation

Scatter Gather

~ .7

Datatype Conversion

N

File Hyperslab Operation

Gather Scatter

i

Filter Pipeline

!

WVirtual File Driwver

Grosmx 1) (Z D (D (o D

—

Figure 3.2.: The processing order in the
HDF5 data pipeline. [37]

o Operation of memory hyperslab — A hyperslab is a portion of a dataset,
which can be a contiguous block of points or a regular pattern in the data
space. At this stage, data is placed (for reading) or retrieved (for writing)

from the memory buffer.

« Datatype conversion — In certain instances, it may be necessary to convert
datatypes in accordance with their storage in the file and memory. One ex-
ample of such a conversion is the conversion from big-endian to little-endian

and vice versa.

o File hyperslab operation: This stage is analogous to the memory hyperslab
operation stage, with the sole distinction being that data is now placed (during
reading) or read (during writing) from the file buffer.

o Filter pipeline — HDF5 permits the transmission of data in the form of chunks
through filters that have been defined by the user and arranged in a pipeline,
either to or from the disk. One example of such filters is zlib [33], a gener-
alisation of the DEFLATE data compression algorithm used in the gzip data

compressor.
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3.2. HDF5

« Virtual File Layer — Virtual file drivers manage the transfer of data between
memory and disk. More details on these drivers can be found in Section [3.2.4]

o Actual I/O — At this stage, the file driver employed by the library (e.g. MPIO
or STDIO) is initiated.

In order to delete an HDF'5 array variable, it is necessary to sever all connections
or links to HDF5 groups. The space released by this deletion can be recovered,
provided that the HDF5 file remains open in its underlying state.

3.2.4. Virtual File Drivers

HDF5 maps internal data structures and source data to a linear address space via
the HDF5 library’s API. However, the HDF5 specification does not dictate how this
address space is translated into physical storage. In earlier HDF'5 versions, the entire
address space was mapped to a single file.

As user needs evolved, the HDF5 address space had to accommodate various
storage options, such as single or multiple files, local or distributed storage, and
network protocols. This flexibility addresses multiple use cases. To illustrate, some
users are required to work with exceptionally large data sets within operating sys-
tems that impose limitations on file size. In such cases, partitioning the address
space into equal-sized segments, with each stored in a separate file, is an effective
solution. Others seek to optimise I/O performance by dividing the address space by
data type (e.g. source data, object headers, global heap) and storing each type in a
separate file.

As the specific storage configurations that may be required are inherently un-
predictable due to the vast array of potential scenarios, a virtual file-level API has
been developed. The aforementioned API permits HDF5 users to design and imple-
ment custom mappings between the HDF5 address space and underlying storage.
Such mappings assume the form of individual file drivers, which may be constructed
upon existing drivers, thus affording enhanced flexibility. Figure illustrates the
position of VFDs within the HDF5 hierarchy.

Subfiling VFD

One illustrative example of such a driver is the HDF5 Subfiling Virtual File Driver
(Subfiling VFD) introduced in version 1.14.0. [45]. This MPI-based driver allows
HDF5 files to be distributed into smaller subfiles. Each subfile is constituted of data
segments of equal size, designated as "stripes'. The subfiling VFD works with a
system of "I/O Concentrators' to direct I/O operations to the appropriate subfile in
a configurable pattern.

The subfiling VFD permits the user to define specific parameters, including the
dimensions of the data segment and the number of subfiles. In this manner, the
user is able to achieve an equilibrium between the two well-established parallel I/O
methodologies: the utilisation of a single shared file and the implementation of a
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HDFS5 API

Virtual Object Layer (VOL)

Virtual File Driver (VFD) Y
: ; - Remote system(s)

File System

Figure 3.3.: HDF5 architecture and the position of VFD and VOL within it. [14]

file-to-process approach, with the objective of optimising the performance of the
specific machine on which the HDF5 application is running.

The subfiling functionality is based on two principal components: the Subfiling
VFED itself and the underlying 1/O Concentrator VFD. The Subfiling VFD is re-
sponsible for the management of configuration data and metadata that are specific
to the subfiling process. Furthermore, it divides I/O requests into suitable offset-
length pairs in accordance with the established subfiling parameters. Subsequently,
these requests are conveyed to the I/O Concentrator VFD, which is situated beneath
the Subfiling VFD within the virtual file driver stack, as illustrated in Figure
The I/O Concentrator VFD is responsible for receiving offset-length pairs from the
Subfiling VFD and directing each I/O request to the appropriate I/O concentra-
tor (typically an MPI rank, dedicated thread, etc.) that manages the appropriate
section of the HDF5 logical file.

When an HDF5 file is created with Subfiling VFD, multiple files are generated.
The first is a stub file, resembling a standard HDF'5 file but containing only a small
portion of the metadata. This file is used by HDF5 to ascertain when the file was
created with the Subfiling VFD. The second file is a configuration file, which defines
the Subfiling settings. Finally, the individual subfiles are created.

Log VFD

Log VFD [38] (distinct from Log VOL) is another VFD designed to ensure that file
access is occurring correctly and to log HDF5 file access patterns, detailed infor-
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Figure 3.4.: Subfiling VFD architecture. [45]

mation about file operations, memory allocations, dataset reads and writes. This
information will be used in Section to analyse I/O patterns in ML. The Log
VFD is capable of functioning in real time, obviating the necessity for recompilation
of the application or recreation of the HDF'5 file with which it is to be employed. It
is sufficient to set the environment variable HDF5_DRIVER to the value log in order
to enable the necessary functionality. The default output is directed to the standard
error stream, where it appears as a list of records in the format:

16- 95 ( 80 bytes) (H5FD _MEM_SUPER) Read

IThe first two digits represent the range of bytes being accessed or allocated in the
HDF'5 file, followed by the byte count in parentheses. Next, the type of memory ac-
cessed is shown, as in the above example, where it’s indicated as superblock memory
(HSFD_MEM_SUPER). In addition, the type of operation performed on the file fragment
is indicated, including whether it was read, written to, or allocated. Furthermore,
it is possible to modify the file access property within the source code by utilising
the H6Pset_fapl_log() function.

3.2.5. Virtual Object Layer

The Virtual Object Layer (VOL) in the HDF5 library acts as an abstraction layer,
intercepting HDF5 API calls that access objects in the HDF5 container and per-
forming operations like caching, mirroring, and more. These calls are then forwarded
to the VOL connector, which performs the actual storage operations through the
aforementioned VFD. This enables users and applications to employ the familiar
HDF5 data model and APIs, and to translate the physical storage of HDF5 files
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and objects into storage systems that are better aligned with the data requirements
of the application.

Located directly beneath the public APT (see Figure for details) the VOL ini-
tiates a series of fundamental input verification processes when a storage-associated
public API call is initiated. The library then calls upon a VOL callback that corre-
sponds with the selected VOL connector implementation, which was designated at
the time the file was initially opened or created. Subsequently, the VOL connector
executes the requisite operations, after which control is returned to the library. At
this stage, any concluding operations, such as the assignment of identifiers to newly
created or opened datasets, are conducted prior to the function’s return. This
structure implies that for calls that utilise VOL, the majority of the functionality is
managed by the VOL connector, with the HDF5 library performing only a limited
set of tasks. It thus follows that the majority of HDF5 caching layers (e.g. metadata
and chunk caches, page buffering, etc.) are not accessible, given that they are im-
plemented in the native VOL connector for HDF5 and cannot be readily exploited
by external connectors.

It is important to note that not all public HDF5 API calls are routed through
VOL - only those calls that are related to storage manipulation. This necessitates
the implementation of an appropriate callback by the author of the VOL connector.
Calls pertaining to data space, property lists, error stacks, and so forth are not
associated with storage manipulation or queries and, as a consequence, do not utilise
VOL.

Furthermore, it is important to note that not all VOL connectors will support the
entirety of the public HDF5 API. It should be noted that the development of certain
features may not yet have been completed, or that there may not be an equivalent
in the target storage system. Moreover, a considerable number of the HDF5 public
API calls are particular to the native HDF5 file format, and therefore may not be
applicable to alternative VOL connectors.

Async VOL Connector

The HDF5 Asynchronous I/O VOL connector [77] [76] was designed with the ob-
jective of supporting asynchronous I/O operations. This can result in a notable
reduction in 1/O time and the overall performance of data-intensive applications,
due to the fact that I/O operations can be overlapped with computation and com-
munication processes. In write applications, write operations do not overlap at any
stage; in analysis applications, they only overlap at the initial read stage. There-
fore, the observed 1/O overhead is almost negligible if the overhead of managing
asynchronous I/0 is minimal.

Figure illustrates the operational principle of the framework. UWhen asyn-
chronous 1/O is enabled, a background thread is automatically started for each
application process. It intercepts all I/O operations and creates corresponding asyn-
chronous tasks. These tasks are stored in a queue for dependency evaluation and
subsequent execution. The background thread is continuously monitoring the status
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of the main thread of the application. It initiates the execution of accumulated tasks
only when it detects that the application is no longer engaged in 1/O operations.
Upon termination of the application, the asynchronous I/O framework ensures the
completion of all outstanding I/O operations, releases the allocated resources, and
terminates the background thread.

Application = T M~ I I e i ooy

thread |Fcreate || Dcreate || Dwrite || Dclose || Fclose | Compute

Async task queue

Background | Wait

ckgound {wat e | Wait

Figure 3.5.: Demonstration of how the Async VOL Connector works. [77]

Two ways of using asynchronous 1/O are implemented: implicit and explicit
modes. Implicit mode requires minimal code changes, but has performance limita-
tions. To use it, it’s only need to set the HDF5_PLUGIN PATH and HDF5_VOL_CONNECTOR
environment variables. Unlike implicit mode, explicit mode requires some code
changes, but allows to take full advantage of asynchronous execution by grouping
asynchronous 1/0 operations into EventSets.

3.2.6. Chunking and compression

In the HDF5 format, datasets may be represented as multidimensional arrays with
up to 32 dimensions. [40] Nevertheless, within an HDF5 file, these datasets are re-
quired to be stored as part of a one-dimensional data stream, which is referred to
as a low-level file structure. The process of mapping a multidimensional dataset
into a sequential data stream is referred to as its layout. The most straightforward
approach to achieve this mapping is to flatten the dataset in a manner analogous
to the storage of arrays in memory. This entails serialising the entire dataset into a
continuous block on disk, which can then be directly mapped to a memory buffer cor-
responding to the dataset’s size. This layout method is referred to as the contiguous
layout.

Another approach is the chunked layout. Unlike contiguous datasets, which are
stored as a single large entity, chunked datasets are divided into smaller units stored
in different locations within the HDF5 file. These chunks can be placed arbitrarily
without a specific sequence. One of the principal advantages of chunking is the
capacity to read or write chunks independently, which can notably enhance perfor-
mance, particularly when working with subsets of a dataset rather than the entire
dataset.

The division of chunks in a partitioned dataset is based on logical boundaries
within the dataset’s array structure, as opposed to their position in the serialised file.
By selecting the appropriate chunk size, it is possible to optimise 1/O performance
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Figure 3.6.: Reading a column of data in both a contiguous and chunked layouts.

for a range of access patterns (see example in Figure . The capacity to modify
the chunk size enables users to adapt the data layout to suit particular applications,
thus guaranteeing efficient reading and writing.

A further crucial element of the chunking strategy is the chunk cache, which serves
the function of storing chunks of the dataset within memory. The chunk cache has
the potential to notably enhance performance when the same chunks are accessed on
multiple occasions, as it can reduce the necessity for the HDF5 library to repeatedly
read from or write to the disk. However, the current implementation of the chunk
cache requires manual adjustment of its parameters to achieve optimal performance,
as it lacks the capacity to automatically adapt to usage patterns. The chunk cache is
maintained for each open dataset, and thus exists as a discrete entity. Consequently,
the caching behaviour is specific to the dataset in question.

Another important element of chunking is the chunk cache, which stores chunks
of the dataset in memory. The chunk cache can significantly improve performance
when the same chunks are accessed multiple times, reducing the need for the HDF5
library to repeatedly read from or write to disk. It is therefore crucial to select
appropriate chunk sizes and cache settings in order to achieve optimal performance,
particularly when utilising filtered datasets. The calibration of these parameters in
an appropriate manner ensures the efficient processing and storage of data, partic-
ularly in scenarios where compression or other 1/O filters are employed.

3.3. hbbench

h5bench [55] [13] s an HDF5 benchmark suite developed to provide a comprehensive
set of 1/O kernels that accurately reflect the functionality of applications using the
HDF5 APL. It also aims to enhance 1/O performance by leveraging the latest HDF5
features, such as VOL connectors and VFDs.

The following sections discuss the baseline I/O modules used in h5bench to assess
the performance of read and write operations on the target system. In my implemen-
tation, these modules serve as reference points for the results generated, and their
outputs and metrics will also be reviewed. I will also describe the architecture and
workflow of the hbbench benchmark suite, along with a detailed explanation of the

16



3.3. h5bench

’ Benchmark ‘ SYNC ‘ Async VOL ‘ Cache VOL ‘ Log VOL ‘

h5bench write yes yes yes yes
h5bench read yes yes yes yes
Metadata stress yes no no no
AMReX yes yes no no
Excerciser yes no no no
OpenMD write yes no no no
OpenMD read yes no no no
E3SM-10 yes no no yes
MACSio yes no no yes
DLIO yes no no no

Table 3.1.: Benchmarks available in h5bench

configuration files used. These files follow a standard format across all benchmarks,
including the one I developed, with only minor differences in parameter names.

3.3.1. 1/0 access patterns

The flexible modular system allows for the addition of new modules representing
various I/O patterns. Currently, nine modules are available (details in Table [3.1]),
but this thesis focuses on the first two baseline I/O modules introduced in h5bench.

The primary modules entail read and write benchmarks based on the existing
VPIC-10 and BD-CATS-IO kernels. VPIC [16] is a scalable particle physics simula-
tor developed at Los Alamos National Laboratory. It was originally derived from a
plasma physics simulator used to study magnetic reconnection phenomena, such as
those found in space weather events like solar flares interacting with Earth’s mag-
netosphere. The VPIC-1O [87] module generates a file, writes eight variables, and
then terminates the file. The particle data generated in the kernel is composed of
random floating-point data.

In contrast, BD-CATS-IO [66] has its origins in the parallel DBSCAN (Density-
based spatial clustering of applications with noise) algorithm, which has been specif-
ically adapted to read particle data generated in VPIC simulations.

The h5bench baseline I/O suite is designed under the assumption that simulations
or analyses occur over multiple time steps, with alternating phases of computation
and 1/0. This mirrors the conventional patterns in physics simulations, where ex-
tensive numerical computation occurs across many time steps to simulate a physical
phenomenon. It is common practice to record the state of the simulation in memory
for the purposes of monitoring its progress or providing a checkpoint to eliminate
the possibility of failure.

No actual computation is carried out in the baseline 1/O suite; instead, the
sleep() function is employed to simulate computation time. The data generated in
the write benchmarks is randomized, with the current time serving as a seed. The
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read kernel then utilizes the data generated in the write kernel and emulates the
data analysis time through the use of the sleep() function. The duration of the
emulated computation time can be specified in the configuration file.

The baseline 1/O suite generates a CSV
output file (see Figure[3.7|/for an example).

metric, value, unit
operation, write,

This file includes details about the tested ranks, 64,

operation, such as whether it was a read collective data, YES,

or write, the number of MPI ranks used, collective meta, YES,

and whether metadata, collective mode i“:filing’ fo,t‘ 2000 .
(described in Section or subfiling tZtZl ::221,1 Zo.éﬁg: aB seconds
VFD (described in Section [3.2.4)) were em- raw time, 2152.177, seconds
ployed. A detailed examination of the raw rate, 19.040, MB/s

metrics provided is warranted, as the na- metadata time, 0.001, seconds

ture of the data produced by this module observed rate, 18.613, MB/s

had a significant impact on the output of observed time, 2204.507, seconds

the hbbench extension. This is discussed

in further detail in Chapter Figure 3.7.: Exagn pl(f. ouic})gckcsv lﬁ te
or baseline ernels.

Additionally, the CSV file presents numerical characterisations of the total time
spent on simulated computations and the total size of written/read data. It also
provides raw time, defined as the time in seconds spent directly on the H5Dwrite
and Hb5Dread calls, and raw rate, calculated as the total amount of written/read
data divided by raw time. The metadata time metric provides information about
the duration of metadata operations in seconds. This includes operations related to
opening and closing a dataset or group, but excludes operations related to opening
and closing a file containing a dataset, as well as creating or closing a data space
when writing or reading a dataset.

The observed time and observed rate are key metrics. Observed time represents
the total time in seconds to complete the benchmark. However, the observed rate
is not simply the total write/read size divided by the observed time. Instead, it
is calculated by dividing the total write/read size by the difference between the
observed time and the total compute time. It seems reasonable to posit that this
approach was taken by the benchmark creators in order to display only the rate
associated with 1/O. However, no precise information has been found regarding this
hypothesis. Additionally, it is important to note that the data presented represent
values that are specific to MPI rank 0 and should be interpreted accordingly.

3.3.2. Running h5bench

To understand the operational principles of hbbench and how to use it, it’s helpful
to examine its workflow, as shown in Figure |3.8. The program receives a config-
uration file as input, which determines which benchmark to run and prepares the
environment. This step is especially important when using VOL connectors that
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Figure 3.8.: The workflow of h5bench suite.

require specific environment variables. In the event that the measurements are con-
ducted on a Lustre system and the configuration file contains system parameters,
the benchmark will set the file system striping. Subsequently, an MPI launcher,
such as srun, mpiexec or mpirun, is selected and the benchmark is executed. The
result of the benchmark’s work is then collected and stored in the appropriate files
and directories.

The sample JSON configuration file for h5bench is shown in Figure [3.9 and in-
cludes five main sections: mpi, vol, file-system, directory, and benchmarks. Each
property must be defined, even if its body is empty. The configuration allows users
to specify the MPI launcher and the desired number of MPI ranks to execute. In
the event that a more complex configuration is required, or precise control over
job parameters is necessary, users are able to define a "configuration" property that
h5bench will utilise when executing experiments with the provided "command" prop-
erty. In the event that a configuration parameter is specified, hbbench will disregard
the "ranks" property.

As previously stated, h5bench is compatible with HDF5 VOL connectors. Never-
theless, as not all benchmarks in h5bench are compatible with VOL connectors, it is
necessary for users to incorporate the pertinent information into the configuration
file in order to regulate the VOL configuration at runtime. In order to achieve this,
it is necessary to specify absolute paths to the requisite libraries by utilising the
"library" property. Furthermore, the path to the VOL connector must be specified
and configured within the "connector"' property. The following example illustrates
the configuration of the HDF5 asynchronous VOL connector.

h5bench generates a dedicated catalogue for each workflow, wherein all generated
files and logs are stored. It is possible to apply additional options, such as data
striping for Lustre, to this directory if the relevant configuration is completed. The
"file-system" property may be employed by users to configure specific file system
options. At present, this property may be employed for Lustre in order to define the
number and size of striping for a catalogue that stores data generated by hbbench.
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The "benchmarks" property allows users to specify which benchmarks h5bench
should run, their order and configuration options. For each h5bench run, the user
needs to specify the appropriate configuration. In the event that multiple bench-
marks and configurations are indicated within the "benchmarks" section, they will
be executed in a sequential order.

In order to execute the hbbench program, the following command must be entered:

hb5bench configuration. json
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"mpi": {
"command": "srun",
"ranks": "384",
3,
"vol": {
"library": "/vol-async/src",
"path": "/vol-async/src",

"connector": "async under_vol=0;under_info={}"

1,
"file-system": {
"lustre": {
"stripe-size": "1M",
"stripe-count": "4"

3,
"directory": "storage",
"benchmarks": [
{
"benchmark": "write",
"file": "test.hb",
"configuration": {
"MEM_PATTERN": "CONTIG",
"FILE_PATTERN": "CONTIG",
"TIMESTEPS": "5",
"DELAYED_CLOSE_TIMESTEPS": "2",
"COLLECTIVE_DATA": "YES",
"COLLECTIVE_METADATA": "YES",

"EMULATED_COMPUTE_TIME_PER_TIME_ STEP":

"NUM_DIMS": "1",

"DIM_1": "4194304",
"DIM_2": "1",

"DIM_3": "1",

"CSV_FILE": "output.csv",
"MODE": "SYNC",

Figure 3.9.: Example hbbench configuration file.

3.3. h5bench
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3.4. DLIO

The Deep Learning I/O (DLIO) Benchmark [2§] is the leading benchmark for Al
workloads [12], developed to replicate the 1/O patterns and behaviors typical of
deep learning applications. It is also part of MLPerf Storage [9]. These factors
led to my decision to use DLIO to extract and analyze I/O patterns from Al work-
loads. DLIO is delivered as an executable and can be adapted to various I/O models
through a customizable interface. Its modular architecture allows for the integra-
tion of different data formats, datasets, and configuration parameters using modern
design patterns, creating a transparent and extensible framework. According to the
developers, DLIO’s design goals can be summarized into three key objectives: fi-
delity, configurability, and extensibility. Fidelity refers to accurately replicating 1/O
behavior, configurability allows simulation of a wide range of usage scenarios, and
extensibility enables the modification of the benchmark by incorporating custom
data loaders or data generation algorithms.

DLIO is implemented in Python 3.6 and utilizes existing /O interfaces for various
data formats, including TFRecord [78], HDF5 (which I will use in my extension),
CSV, NPZ [64] etc. It uses the sleep() function to simulate the overlap between
computation and I1/O operations.

3.4.1. Configuration

DLIO can be configured to support different data loaders, data formats, dataset
structures, and training parameters, all through a YAML file.

DLIO’s configuration has six main components: workflow, dataset, reader, train,
evaluation, and checkpoint. The workflow section specifies which stage of the ma-
chine learning process to emulate (data generation, training, or evaluation), along
with options for checkpointing and profiling. The dataset covers data setup for the
stage specified in the workflow, which includes sample size variation, number of files
for training and evaluation, samples per file, chunking settings for HDF5, and so
on. The reader covers the batch size, the number of read threads needed to load
the data, the transfer size, the shuffle size, and the preprocessing time. In train, the
epochs, training steps, and computation time, including its variation, are configured.
Evaluation covers the time for the evaluation and the epochs between evaluations.
Finally, checkpoint handles the configuration related to the checkpointing. These
configurations are integrated into our hbbench extension except the checkpointing
and will be discussed in more detail in Chapter [§

3.4.2. Presets with ML models emulation

DLIO Benchmark provides several ready-to-use configurations based on real-world
deep learning applications, such as CosmoFlow or ResNet, available in the DLIO
code repository. [6] I have compiled some notable workloads listed in the DLIO
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examples in Table to give an overview of the configuration that I use in my
experiments and how it differs from the configurations of the other Al applications:

‘ Benchmark ‘ CosmoFlow ‘ BERT ‘ UNET3D ‘
backend tensorflow | tensorflow | pytorch
record-length 2828486 2500 146600628
num-files-train 524288 500 168
num-samples-per-file | 1 313532 1
batch-size 1 48 7
read-threads 4 1 4
epochs 5 1 5

Table 3.2.: Configurations of various deep learning kernels in DLIO

In Table [3.2]T only include parameters that play a significant role in the runtime
duration of AI applications and have different values between applications. The
DLIO Benchmark is provided with a summary of the main components that differ-
entiate the Al workloads from one application to another, which are mainly driven
by the component in the dataset and the reader sections in the configuration.

3.5. Profiling tools

In high-performance computing, understanding I/O patterns is crucial for improv-
ing application performance and efficiently using computing resources. To achieve
this, specialized tools are often used to collect and analyze these patterns. Among
the tools commonly used for this purpose are Darshan and DXT, which have be-
come an integral part of the performance analysis workflow. These tools provide
invaluable data on I/O behaviour, enabling researchers and engineers to identify in-
efficient processes, optimise system performance and make informed decisions about
system configuration. However, when it comes to DLIO Benchmark, another pro-
filing tool worth mentioning is DFTracer, which comes with the benchmark and is
recommended by developers for a detailed study of the generated 1/O patterns.

3.5.1. Darshan

Darshan [72] is an I/O characterization tool developed at Argonne National Lab-
oratory that features transparent collection and analysis of I/O access patterns in
high-performance computing applications. By providing critical insights into ap-
plication 1/O behavior, Darshan helps improve performance and understand 1/0
patterns.

Darshan is designed to operate with minimal overhead, thus avoiding interference
with the underlying computational processes of applications. It provides an accu-
rate profile of 1/O workloads in petascale systems, detailing the patterns of read,

23



3. Background

write, and metadata operations performed by applications. Darshan is capable of
distinguishing between different access types, particularly MPI and POSIX-based
accesses, as well as key HDF5 and PNetCDF [31] functions. It provides a compre-
hensive view of both intra-file and inter-file access patterns.

Darshan is a transparent user interface that exhibits robust scaling properties,
which are crucial for petascale functionality. Implemented as a set of user-space
libraries, Darshan integrates easily with applications at the linking stage, replacing
standard I/O calls with its own library calls [I8]. By intercepting these function
calls, Darshan collects comprehensive information about the number of operations
(such as open, read, write, stat, etc.), data types, hint usage, alignment, sequencing,
access sizes, and timing parameters, storing it in file records for each process. The
data collection is conducted independently for each process, with a constrained
amount of memory, and does not entail any communication or storage operations
during the execution of the application. At the conclusion of the application, the
results are aggregated and compressed through the utilisation of MPI reduction
operations, collective I/O, and zlib parallel compression. This approach serves to
minimise the log file size and reduce overhead, even in the context of large-scale
computations. This integration does not necessitate alterations to the source code
of the application, thereby streamlining the process for users.

The Darshan command-line component comprises tools for parsing and analysing
log files generated by the runtime library. To illustrate, the darshan-job-summary
utility furnishes a summary of the application’s /O behaviour in the form of a PDF
file (see Figure [3.10). Such summaries may highlight noteworthy details, including
discrepancies between the number of MPI-IO collective calls and the number of
POSIX calls to MPI-1IO records and POSIX record calls, total access sizes, and the
distribution of I/O operations over time.

3.5.2. DXT

Darshan eXtended Tracing (DXT) [88] traces application I/O operations, enabling
the exploration of diverse workload behaviors. FEngineered as a comprehensive
I/O profiling instrument, DXT is compatible with the majority of underlying file
systems. By default, DXT remains inactive and can be activated by setting the
DXT_ENABLE_IO_TRACE environment variable to 1. A comprehensive experimental
investigation of the overhead introduced by DXT in different I/O access models
revealed that the overhead is less than 1%.

DXT comprises a tool that enables the parsing, analysis and visualisation of logs
in an offline environment (see example in Figure . The aforementioned offline
analysis is conducted on the specific system or node on which the job was executed,
thereby mitigating any potential impact on the performance of the application. DXT
is capable of intercepting calls to the most common I/O APIs, including POSIX
and MPI-1O, thereby facilitating comprehensive analysis. The analysis tool offers a
range of features that facilitate the extraction of valuable insights into the patterns of
application 1/O access and the relative performance of these operations in relation
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Figure 3.10.: Example of data from the Darshan pdf report. [73]

to the underlying file system. Such features include the capacity to detect non-
contiguous /0O, analyse data distribution, generate reports on I/O bandwidth, and
identify outliers.

3.5.3. DFTracer

DFTracer [26] (formerly DLIO Profiler until June 2024) is an open-source profiler
that has been endorsed by the developers of DLIO Benchmark for the analysis of
simulations conducted by the benchmark. DFTracer’s main advantage is its ability
to perform both application-level and low-level I/O profiling, unlike other tools
such as Darshan [72], which are limited to low-level profiling. This dual capability
is particularly advantageous for the analysis of complex workloads involving deep
learning.

One of the most notable characteristics of DFTracer is its straightforward instal-
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Figure 3.11.: Example of a diagram obtained using DXT. [30]

lation process, as it is readily available as a Python module. In the context of the
DLIO Benchmark, DFTracer is invoked for all profiled functions, with the objective
of collecting comprehensive data including the function name, the time at which the
function was initiated, the duration of the function’s execution, the thread within
which the function was called, and the arguments that were passed to the function.
This data is stored in a .pfw file, which is a JSON-formatted list of objects that can
be decoded and analyzed post-execution using tools such as Google’s PerfettoUI
[56], an open source stack for performance and trace analysis tools.
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This section describes the methods I used to extract 1/O patterns from the DLIO
Benchmark. The tools used, as described in Chapter [3] include Log VFD, DF Tracer,
and the combination of Darshan and DXT. To obtain a comprehensive view of I/O
performance in machine learning applications, I cross-referenced profiler results with
framework documentation and the observed behavior.

Additionally, I analyze the potential design of the h5bench implementation for the
extension, based on the extracted I/O pattern information. Finally, I discuss possible
methods to compare the equivalency of the DLIO Benchmark and my extension in
providing performance insights for the systems they run on.

4.1. DLIO 1/0 patterns extraction

While extracting 1/O patterns from the DLIO Benchmark, I analyzed nearly all the
available tuning parameters, which fall into two main groups:

« Dataset settings representing sample sizes, number of samples per file, number
of files used, etc.

o Training and evaluation process settings, the main ones responsible for multi-
processing settings for data preparation, the order in which the data will be
read, number of epochs, batch size and emulated computation time.

Additionally, the latest version of DLIO Benchmark (v1.1) offers the option to select
the machine learning library utilized for training and evaluation simulation, includ-
ing PyTorch and TensorFlow. Given the potential impact of the selected library on
I/O patterns, an analysis was conducted to evaluate the effect of different configu-
rations using distinct libraries. The following sections will provide a more detailed
account of the extraction of I/O patterns using different tools.

4.1.1. Early Hurdles

In my initial attempt to extract 1/O patterns, I used the Darshan and DXT profilers,
which are frequently employed for this purpose. As the developers have indicated,
Darshan, in addition to providing information about POSIX and MPIO calls, also
supports HDF5 [72]. This further reinforced my conviction that this tool should be
employed. However, after running darshan-runtime with DLIO Benchmark for the
first time, I was getting
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symbol lookup error: libdarshan.so: undefined symbol: H5FDperform_init
symbol lookup error: libdarshan.so: undefined symbol: Hb5Eset_auto2

errors depending on the version. After discussing the error with the Darshan devel-
oper [29], the problem was solved by kludge: adding the path to the HDF5 library to
the LD_PRELOAD variable, which specifies which libraries should be preloaded when
the program is launched.

Running profiling for DLIO Benchmark again I found that it would not generate
a section containing HDF5 call data, only a POSIX section. According to my as-
sumption, absence of HDF5 section in Darshan log is due to the fact that Darshan
was designed for low level I/O and not application level profiling and thus could
not catch the corresponding calls from the machine learning libraries used by DLIO
Benchmark that read from HDF5 files.

Following an unsuccessful attempt to obtain data on HDF5 calls, an analysis was
conducted on POSIX call information for HDF5 files, which were used in the train-
ing and evaluation process. This included an examination of the number of times
the file was opened, the number of read operations performed on it, and the total
and maximum number of bytes that were read. Furthermore, the utilisation of DXT
facilitated the acquisition of data pertaining to the number of instances in which
data of varying sizes were accessed. This data was categorised into ranges 0-100
bytes, 100 bytes to 1 Kilobyte, 1 Kilobyte to 10 Kilobytes, and so on. Addition-
ally, the timestamp and duration of the read operations were recorded in seconds.
Although this information provided insight into the DLIO Benchmark’s interaction
with HDF5 files, it remained limited and incomplete: the data was insufficient to
form a comprehensive understanding of the interaction. Moreover, it would have
been impossible to further design the extension based on the obtained data due to
the complex patterns produced by HDF5 calls, so after the unsuccessful experience
with Darshan and DXT I switched to other ways of benchmark profiling.

4.1.2. Log VFD

To capture only the HDF5 calls made during DLIO Benchmark runs, I used the
Log VFD, which can be enabled by setting the HDF5_DRIVER environment variable
to "log" in the command line. For further analysis of the obtained data (which will
take place in Chapter @ it is necessary to consider in detail what types of memory
exist and what operations can be performed on the data in terms of HDF5. All
memory types corresponding to the different sections of the HDF5 file are described
in Table 4.1l Operations on these sections include reading, writing, and allocating
of memory. It should be noted that there are other operations, but they are not
relevant to the interpretation of the data obtained and therefore their description
can be omitted.

In addition to identifying the relationship between the various DLIO Benchmark
parameters and the resulting I/O patterns, it is also necessary to identify whether
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Memory type | Description |

H5FD_MEM_SUPER Management structure, including the signature identifying the file as an
HDF'5 file and the address of the first block of the file, which helps

locate other data structures.

H5FD_MEM_DEFAULT | Indicates that the memory type has not yet been set. Can also be the
datatype set in a larger allocation that will be suballocated by the library.
H5FD_MEM_OHDR An object header that provides dataspace, datatype, and other information
that the library uses to speed up access to the object’s data.
HS5FD_MEM_LHEAP A local heap is a collection of small pieces of data related to metadata, such
as small attribute names and values.

H5FD_MEM_GHEAP A global heap containing various information common to all datasets.
HS5FD_MEM_BTREE Contains a B-Tree search tree that stores various addresses in a file as the
last level leaves to quickly search for objects in the file.

HS5FD_MEM_DRAW Raw data such as the contents of datasets.

Table 4.1.: Description of different HDF5 memory types and file partitions

there is a difference when using the PyTorch and TensorFlow libraries. In particu-
lar, the pattern analysis should demonstrate whether there is a discrepancy in the
implementation of workers for different libraries that allow parallel sample reading
and model training or estimation with respect to HDF5 calls.

4.1.3. DFTracer

To gain a deeper understanding of the training and evaluation simulation of deep
learning models in DLIO Benchmark, I also employed the DFTracer profiler. The
principal distinction between this and Log VFD is that it records not merely the
HDF5 library calls, but all functions invoked within the context of DLIO Benchmark.
Additionally, it logs the POSIX calls responsible for generating these functions, in-
cluding file operations like opening, closing, reading, and writing. This can provide
deeper insights into the architecture and implementation of the benchmark, which
will undoubtedly influence its further development. An additional benefit of DF-
Tracer is that the .pfw files it generates can be plotted to offer a comprehensive
illustration of the benchmark’s operational mechanisms and its access patterns to
HDF5 files and their constituent parts. As with Log VFD, this profiler will allow
for the observation of any discrepancies in the implementation of multiprocessing
by workers when utilising disparate ML libraries.

4.2. Implementation design

Once the I/O patterns - both for accessing HDF5 files and the data within them -
are obtained, they can be used to develop an extension for h5bench. As hbbench
is designed with future extensibility in mind, it already possesses a sufficient de-
gree of flexibility, as well as clear instructions for implementing new features. This
extension would consist of a separate module containing one main C file and, op-
tionally, several auxiliary ones. These files would emulate the process of training
and evaluating deep learning models based on the extracted patterns. Following
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the construction of hbbench with the CMake utility, the module files will undergo
compilation and subsequently be made available in the form of an executable. This
executable file will be invoked by a Python script, representing the primary file of
the benchmarking suite. The implementation, therefore, involves the creation of a
module that reproduces the identified patterns and measures performance with a
variety of metrics. A more detailed account of this implementation is presented in
Chapter [5

The extension does not need to import machine learning libraries, which would
otherwise result in a large call stack. Therefore, the extension is expected to run
faster by avoiding unnecessary overhead. Furthermore, the extension can be adapted
to include support for HDF5-specific features, such as various VOL Connectors and
VFDs not present in the DLIO Benchmark. This would make the extension a unique
tool for researchers, offering valuable insights into the performance of Al workloads
that utilize the HDF5 format.

4.3. Implementation validation

Once the extension for h5bench has been developed, it must be evaluated against the
DLIO Benchmark. The two principal aspects that will be subjected to examination
are as follows. The first test will assess the equivalence of access patterns to HDF5
files using the same extensions and DLIO Benchmark settings. If the settings are
identical, the patterns are anticipated to be identical. The Log VFD output will
be used to test the feasibility of this criterion. However, since Log VFD does not
provide runtime-related metrics, the second test will compare the execution times of
both programs, focusing on the time spent simulating training and evaluation. This
criterion is especially important, as the main goal of the extension is to establish a
faster benchmark for evaluating I/O and scalability in Al workloads. In contrast,
the DLIO Benchmark requires installing and executing the entire Al pipeline, in-
cluding PyTorch and TensorFlow. To meet the second criterion, the extension must
demonstrate results proportional to those of the DLIO Benchmark under the same
configurations, but with a shorter runtime.
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This section provides a detailed account of key implementation aspects. In Sec-
tion I describe the general workflow of the benchmark and highlight some of the
most important parameters (a complete list is available in Appendix . Section
covers the implementation of multiprocessing to manage workers. Next, Section [5.3
will detail the main function of the benchmark, which is responsible for generating
the I/O pattern. Finally, Section discusses the performance metrics generated
by the benchmark.

5.1. Workflow

The workflow of the extension mirrors the basic structure of most machine learning
applications, as shown in Figure [5.1]

Data generation Training Evaluation

Figure 5.1.: A sketch of the hbbench extension workflow.

If the user does not have a suitable dataset for emulating the training and evalu-
ation processes, one can be generated. In the process of generating the dataset, two
directories are created (named "train' and "valid" by default, although the names
can be modified using the train-data-folder and valid-data-folder settings). These
directories contain HDF5 files. The number of files is determined by the settings
designated as num-files-train and num-files-eval, respectively. All MPI ranks are
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engaged in the generation of files, with each thread assuming responsibility for the
creation of a designated number of HDF5 files, except in instances where a connected
Subfiling VFD is in use. In such cases, all files are generated collectively in a sequen-
tial manner. Each generated file comprises two datasets: records and labels (the
latter of which can be configured via the records-dataset-name and labels-dataset-
name settings, respectively). The labels dataset is populated with 64-bit zeros,
corresponding to the number of samples per file. Notably, this dataset is not used
in the training or evaluation simulations. It has been incorporated solely for the
purpose of emulating the I/O DLIO Benchmark patterns in their entirety. The
records dataset is a three-dimensional dataset comprising two-dimensional samples.
The size of each sample is given by +/record-length x \/record-length. The number of
samples in the file corresponding to the third dimension is defined by the parameter
num-samples-per-file. A random number buffer of up to 2 GB is generated for the
dataset. In the case of a records dataset with a size of less than 2GB, the requisite
number of values will be generated. Fach random number is represented by an 8-bit
integer value. Upon completion of the generation process for all HDF5 files, the
training simulation process commences.

The training simulation involves sequentially opening and reading HDF'5 files and
their samples by distinct MPI ranks, repeated for the specified number of epochs.
The sequence of accessing files and samples is randomized via the shuffle parameter,
and regenerated with each epoch. Following the reading of each sample, computa-
tions are simulated by the sleep() function, the duration of which is configured
by the preprocess-time parameter. In some instances, it may be preferable for the
emulated running time to vary, in order to more closely align with the actual com-
putational process. In such instances, the preprocess-time-stdev parameter may be
employed to establish the standard deviation associated with the final simulation
time of preprocessing samples. Once the sample batch has been read (the size of
which is also configurable via the batch-size parameter), the model training sim-
ulation is initiated. This is also implemented through the sleep() function and
configured by the computation-time and computation-time-stdev parameters. In the
event that the user does not require the simulation of model training on the entirety
of the data set, the total number of sample reads for all MPI ranks can be limited
through the utilisation of the parameter total-training-steps.

In contrast to the training simulation, the model evaluation simulation is not
required to occur at each epoch. Its configuration is determined by the epochs-
between-evals parameter, which stipulates the number of epochs over which the
estimation process will be simulated. This process, like the training process, in-
volves the sequential reading of batches of samples from different HDF5 files in a
specific sequence, with the preprocessing occurring after each reading. The sole dis-
tinction between the two lies in the utilisation of the eval-time and eval-time-stdev
parameters, which are employed to define the simulation computation time.
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5.2. Multiprocessing

A key feature of the implementation is multiprocessing, which enables parallel read-
ing, preparation, and packing of samples into batches before training or evaluation
simulation. Consistent with the emulated PyTorch and TensorFlow frameworks used
in DLIO Benchmark, the default Unix fork () method is utilised for multiprocessing.
[3] Before the benchmark starts, if the read-threads parameter is set to a non-zero
value, a specified number of new processes are created independently for reading
data during both the training and evaluation phases for each MPI rank. Thus, if
the benchmark utilises eight MPI ranks and the read-threads parameter is set to
four, the total number of processes created will be 32. Communication pipes are
established between the child processes and the main process. Subsequently, each
worker receives sequences of samples to read and performs an independent simu-
lation of the reading and preprocessing. After reading and preparing the sample
batches, the worker signals the parent process, which commands it to prepare the
next batch. Meanwhile, the worker itself performs the computation simulation. The
distribution of tasks pertaining to the reading of batches between the workers is
conducted in accordance with the principles of the thread pool design pattern. It
is worth noting that the case in which the read-threads parameter is equal to zero
is particularly noteworthy. In such cases, no new processes will be created, with
all operations pertaining to reading, data preparation and computation simulation
instead being performed solely by the parent process - various MPI ranks.

5.3. read_sample()

The fundamental aspect of the implementation is the process of reading a specific
sample from a designated file. The read_sample() function is responsible for all
interactions with HDF5 files, emulating 1/O patterns. The code of the function is
presented in Listing[I] The function takes a file path string, representing the path to
the HDF5 file, and an integer specifying which sample in the file to read. For clarity,
the function can be divided into three parts. Initialisation of the resources is the
first stage of the process. This involves opening the relevant HDF5 file and dataset,
preparing the filespace and memoryspace, and allocating memory for the data to
be read. Subsequently, the data is read directly using the H5Dread() function.
After that the memory allocated for reading is freed, and in the final stage the
resources associated with the opening of the HDF5 file are released. The function
returns two variables: read_time out = t4 - t3, representing the execution time
of the H5Dread () function and metadata_time out = (t2 - t1) + (t6 - t5),
which contains the time spent on preparing and closing the HDF5 file, namely on the
HSFopen, H5Dopen, H5Dget _space, H6Screate, Hb6Sselect_hyperslab, H5Sclose,
H5Dclose, and H5Fclose functions. These two values that are involved in most of the
system performance summary calculations and called raw read time and metadata
time, as detailed in Section [5.4]
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void read_sample(
file_path, sample, *metadata_time_out, *read_time_out

) {
/* (1) Initialization */
offset = [sample, 0, 0]
count = [1, DIM, DIM]
tl = get_current_time_in_microseconds()
file_id = H5Fopen(file_path, H5F_ACC_RDONLY, FAPL)
dataset_id = H5Dopen(file_id, RECORDS_DATASET_NAME, DAPL)
filespace = HbDget_space(dataset_id)
memspace = HbScreate_simple(3, count, NULL)
H5Sselect_hyperslab(
filespace, H5S_SELECT_SET, offset, NULL, count, NULL
)
t2 = get_current_time_in_microseconds ()
data = allocate_memory(DIM * DIM * size_of(uint8_t))
/* (2) Collecting read information */
t3 = get_current_time_in_microseconds()
H5Dread (
dataset_id, H5T_STD_USLE, memspace, filespace, DXPL, data
)
t4 = get_current_time_in_microseconds ()
/* (3) Releasing resources */
free_memory(data)
t5 = get_current_time_in_microseconds ()
H5Sclose (memspace)
H5Sclose(filespace)
H5Dclose(dataset _id)
H5Fclose(file_id)
t6 = get_current_time_in_microseconds()
}

Code 1: Source code of the read_sample() function responsible for reading data.
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5.4. Understanding the output

This section provides a detailed description of the performance metrics generated
by the benchmark, along with an explanation of the calculations used to derive
them. Upon completing the benchmarking process, a CSV report is generated that
contains the average performance for each MPI rank. Additionally, reports for each
individual MPI rank can be generated by enabling the output-ranks-data parameter.
Table [5.1] shows an example of the report in tabular form, which will be explained

in detail.

[ metric | value [ unit
operation dlio
ranks 16
read threads 0
subfiling NO
chunking NO
collective meta YES
collective data YES
train total size 63.000 GB
train size per rank 3.938 GB
train emulated compute time per epoch 2.907, 2.907, 2.907 S, 8, S
train emulated compute time 8.721 S
train metadata time per epoch 0.559, 0.502, 0.434 S, S, S
train metadata time 1.495 s
train raw read time per epoch 4.205, 3.835, 3.767 S, S, S
train total raw read time 11.807 S
train raw read rate per epoch 958.749, 1.026, 1.045 MB/s, GB/s, GB/s
train avg raw read rate 1.003 GB/s
train observed time per epoch 8.709, 8.125, 7.789 S, S, S
train observed time 24.623 S
train observed rate per epoch 694.948, 772.636, 825.826 | MB/s, MB/s, MB/s
train avg observed rate 764.47 MB/s

train throughput samples per second per epoch

7.234, 7.753, 8.088

samples/s, samples/s, samples/s

train throughput avg samples per second 7.692 samples/s

train throughput stdev samples per second 0.351 samples/s

train io avg 492.267 MB/s

train io stdev 22.485 MB/s

eval total size 16.000 GB

eval size per rank 1.000 GB

eval emulated compute time per epoch 2.584, 2.584, 2.584 S, 8, S

eval emulated compute time 7.752 S

eval metadata time per epoch 0.214, 0.151, 0.162 S, S, S

eval metadata time 0.527 S

eval raw read time per epoch 0.925, 0.913, 0.875 S, S, S

eval total raw read time 2.713 S

eval raw read rate per epoch 1.080, 1.095, 1.143 GB/s, GB/s, GB/s
eval avg raw read rate 1.106 GB/s

eval observed time per epoch 4.120, 3.904, 3.881 S, S, S

eval observed time 11.905 S

eval observed rate per epoch 666.574, 775.895, 789.646 | MB/s, MB/s, MB/s
eval avg observed rate 744.038 MB/s

eval throughput samples per second per epoch 3.883, 4.099, 4.123 samples/s, samples/s, samples/s
eval throughput avg samples per second 4.035 samples/s

eval throughput stdev samples per second 0.108 samples/s

eval io avg 258.24 MB/s

eval io stdev 6.907 MB/s

Table 5.1.: Example of csv file with benchmark results.

35



5. Implementation

The first seven lines, following the format of other hbbench kernels, display the
benchmark’s name along with key configurations, such as the number of MPI ranks,
the number of read threads, and whether Subfiling VFD, chunking, or collective MPI
mode were used.Next, the report shows the total amount of data used to emulate
the training process, along with the data volume processed by each MPI rank. It
then provides the total emulated computation time for each epoch (in this example,
three epochs) and for all epochs combined. The next four lines present data on the
time required to process metadata and raw reads for each epoch and for all epochs
combined. This information was previously discussed in Section[5.3] From this data,
the raw read rate is calculated as:

Amount of data used to emulate the training

Raw read rate =
Raw read time

In addition to the average raw read rate across all epochs, the observed read time
is considered. This represents the total time spent on the entire training simulation
process. The observed time is calculated similarly to the raw read rate:

Amount of data used to emulate the training

Observed read rate =
Observed read time

The training process statistics are finalized with the metrics throughput and training
IO, calculated using the following formulas:

Trainine st .
Throughput = Batch size x Talling steps per ran

Observed read time
Training IO = Throughput x Record size

These metrics provide insight into the IO throughput, expressed in both samples per
second and megabytes per second. All the formulas and counting methods described
above are also valid for the model evaluation simulation process.
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This section presents a description of the experimental setup and a discussion of the
I/O patterns obtained using Log VFD and DF Tracer. I will then investigate whether
the I/O patterns of my implementation are equivalent to the DLIO Benchmark
patterns, thus closing the first criterion for a valid solution. Once the runtime of
both programs has been compared and it has been established that the difference
is constant and that the extension is more efficient, the second criterion will be
satisfied, thereby confirming the validity of the implementation. Both criteria were
described in Section [£.3] At the end, I will present the results of scaling tests for
different extension configurations, fully illustrating all the main features.

6.1. Experimental setup

All research work and measurements were conducted on CLAIX-2023 [85] [82], a
computing cluster at RWTH Aachen University. The cluster was utilised with vary-
ing numbers of nodes and cores, and with both the Lustre [70] and BeeOND [59] file
systems, which were operated via the Slurm batch system [92]. The following ver-
sions of the libraries have been used: DLIO Benchmark (v1.1), DFTracer (v0.0.3),
h5bench (v1.5), HDF5 (v1.14.0) with build flags

o -DHDF5_ENABLE_PARALLEL=0N

o -DHDF5_ENABLE_THREADSAFE=0N

o -DALLOW_UNSUPPORTED=0N

o -DHDF5_ENABLE_SUBFILING_VEFD=0N

The Intel MPI environment, version 2021.6.0, was employed in the implementation of
the hbbench extension. The experiments were conducted using various MPI launch-
ers, including mpiexec and srun, given the differing configuration of the CLAIX-23
cluster, which can result in notable performance variations. Experiments with DLIO
Benchmark were conducted using Python 3.10.4, PyTorch 2.3.1, and TensorFlow
2.16.2. Simulations were performed with computing resources granted by RWTH
Aachen University under project thes1744.

All experiments were ran with at least ten times repetitions to check the volatility
of the performance numbers. The list of experiments is as follows:
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o Performance comparison on Lustre and BeeOND - 4 nodes (32 pro-
cesses in total) in Lustre & BeeOND with configuration A (presented in Ta-
ble [B.1]) and mpiexec MPI launcher.

« Unet3D workload comparison - 4 nodes (32 processes in total) in BeeOND
with configuration B (presented in Table [B.1]) and mpiexec MPI launcher.

« Read threads performance comparison - 1 node (8 processes) with con-
figuration C (presented in Table [B.1)) and srun MPI launcher.

e Scaling test - 1 node with 1 to 64 numbers of processes in Lustre and BeeOND
with configurations D, E, F, G, H (presented in Table [B.2)) and srun MPI
launcher

All experimental results obtained can be found in Appendix [C]

6.1.1. CLAIX-2023

As mentioned before, all measurements were performed on the CLAIX-2023 cluster
located in Aachen, Germany at RWTH Aachen University and was put into oper-
ation in 2024. It has a fat-tree topology and consists of 684 nodes, 632 of which
contain 2 Intel Xeon 8468 Sapphire Processors with a clock speed of 2.1 GHz and 48
cores each. There from 256 GB to 1024 GB of RAM memory per node. The total
theoretical peak performance is around 4 PFLops. A high-performance Lustre-based
storage system offers a capacity of 26 petabytes and a bandwidth of 500 GB/s (read
and write). InfiniBand technology is used for internal interconnect.

6.1.2. Lustre

One of the available file systems on a cluster is Lustre, a distributed file system
typically used for large-scale cluster computing. The Lustre architecture consists
of many components, including object storage targets (OSTs), metadata servers
(MDSs), and clients. Files in Lustre are distributed across multiple OSTs, which
provides high-speed access by distributing read and write operations across multiple
storage nodes. Metadata, such as directory structure and file attributes, is managed
by the MDS to help you quickly locate and access file data. The separation of
metadata and data allows Lustre to efficiently handle a large number of files and
operations simultaneously. One of the key advantages of Lustre is its scalability. It
can support thousands of clients and petabytes of data while maintaining consistent
performance.

The Lustre provided on the cluster is of RAID 0 type [19]. Stripe count 1 is set
for file size less than 1 GB, stripe count 4 for file size between 1-64 GB and stripe
count 16 for file size larger than 64 GB. The stripe size is 16 MB. It is also necessary
to mention that CLAIX-23’s Lustre is a production-level shared storage resource
where other users’” activities in Lustre can affect my experiments.

38
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6.1.3. BeeOND

Another available file system on the cluster is BeeOND (BeeGFS on Demand). It
has the advantage that it is a parallel file system and is designed to work efficiently
with storage nodes. The high speed of data access is mainly due to the file storage
approach, where files are segmented into chunks of a certain size, which are then
distributed to different storage servers. Metadata is also distributed at the directory
level to different metadata servers, often integrated with storage servers.

BeeOND is designed to more flexibly exploit parallel file system capabilities during
a single computational task by creating a temporary file system shared by multiple
nodes. Another advantage of using BeeOND is that applications running on it do
not affect other global file system processes in any way, which also works the other
way round: the entire capacity of BeeOND disks can be used only for the task at
hand, without interference from others.

The BeeOND provided on the cluster is also of RAID 0 type with 512k chunk size,
four storage targets, and one storage pool. Each node for the BeeOND filesystem
has a 1.4 TB SSD. Unlike the Lustre filesystem, BeeOND nodes are used exclusively
and are not shared with other users. The impact of this exclusive usage can be seen

in Figure

6.2. Analysis of the extracted 1/0 patterns

6.2.1. Log VFD

In order to obtain the I/O patterns generated by the DLIO Benchmark, a detailed
analysis was conducted on a significant number of Log VFD logs, obtained for a
variety of benchmark configurations. In them I found that each read operation
corresponds to the following block of records:

800- 1311
2048- 67110911

512 bytes) (H5FD_MEM_OHDR) Read
67108864 bytes) (H5FD_MEM _DRAW) Read

0- 8 ( 8 bytes) (HSFD_MEM_SUPER) Allocated
0- 7 ( 8 bytes) (HSFD_MEM_SUPER) Read
8- 16 ( 8 bytes) (HS5FD_MEM_SUPER) Allocated
0- 15 ( 16 bytes) (HS5FD_MEM_SUPER) Read
16- 96 ( 80 bytes) (HS5FD_MEM_SUPER) Allocated
16- 95 ( 80 bytes) (HSFD MEM SUPER) Read
96- 268437536 ( 268437440 bytes) (HS5FD_MEM DEFAULT) Allocated
96— 607 ( 512 bytes) (HS5FD_MEM_OHDR) Read
680- 1191 ( 512 bytes) (HS5FD_MEM LHEAP) Read
136- 679 ( 544 bytes) (HS5FD_MEM BTREE) Read
1072- 1399 ( 328 bytes) (HSFD MEM BTREE) Read
(
(

Given that the entirety of the training and evaluation of models in relation to
HDF5 files is essentially limited to the reading of data, it is unsurprising that the
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final logs comprised a significant number of such blocks. Let’s take a closer look at
the records in a block. The initial six records are responsible for memory allocation
and subsequent reading of records from the superblock, the HDF5 file header. This
header contains critical metadata, including the file signature, version information,
root group pointer, base address, file size, and driver information. This ensures that
the file is identifiable, self-describing, and accessible across platforms. The next
line of code allocates memory for the entire file, excluding the superblock. This is
indicated by the byte range, which begins at 96, corresponding to the end of the
superblock, as evidenced by the preceding six entries. This Log VFD record block
describes the calls that occur when an HDF5 file containing 256 megabytes of data
or four samples is opened and the first 64 megabytes of the sample are read. This
is why the size of the allocated memory is 268437440 bytes, which corresponds to
256.002 Megabytes. This is the memory required for the data stored in the file,
as well as the memory required for some metadata structures. The use of these
structures can be seen in the next five lines of the log, which read the metadata of
groups and datasets, including their names, as well as information about the data
layout stored in B-Tree. The final line of the log describes the direct reading of
the data written to the HDFb5 file. This confirms that the number of bytes read is
67108864, which is equal to 64 Megabytes.

The seventh line, which is responsible for memory allocation for data and some
structures, undergoes changes only in the number of bytes allocated, depending on
the specified file size and the corresponding range. Similarly, the last line, which
is responsible for direct data reading, also exhibits alterations in the range and the
number of bytes read, contingent on the configured sample size and the sample in
the file being read. To illustrate, when the second 64 MB sample is read from a
256 MB file comprising four samples, the final line of the log block will appear as
follows:

67110912- 134219775 ( 67108864 bytes) (H5FD_MEM_DRAW) Read

It can be observed that the size of the read data remains consistent when com-
pared to the previous line from the aforementioned block, as both instances in-
volve the reading of 64 Megabytes of data. However, the range has undergone a
change. The sequence now commences with the value 67110912, which is precisely
one byte greater than the ultimate value of the range observed in the preceding
block (67110911). The new end range value is equal to the current start value plus
the sample size, that is 67110912 + 67108864 - 1 = 134219775. Upon examination
of the logs generated by the third and fourth samples, it can be observed that the
ranges remain predictable and consistent with the calculated values.

134219776- 201328639 ( 67108864 bytes) (H5FD_MEM_DRAW) Read
201328640- 268437503 ( 67108864 bytes) (HSFD_MEM DRAW) Read
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6.2.2. DFTracer

As previously stated, DFTracer offers not only application-level profiling, but also
low-level profiling, which enables the drawing of parallels between high-level func-
tions in Python, on which DLIO Benchmark is based, and low-level POSIX oper-
ations. Figure gives an idea of the kind of POSIX information available in the
profiler. These can already be correlated with calls related to HDF5 files using Log
VFD logs. An example of the visualised profiler output for a single MPI rank is
provided in Figure [6.2]

It displays the entire benchmark workflow related to HDF5 file generation, training
and evaluation simulations. The length of each bar represents the execution time
of a specific function. Therefore, a longer bar indicates a longer execution time for
the corresponding function. The image displays the generation process in the left
half. An analysis of the data suggests that the generation of the HDF5 dataset is
distributed equally among all MPI ranks.

Slice pread Contextual Options ~
Details Arguments

Name pread ~ args

Category  POSIX count ~ 67108864

Start time  00;02:57.984 082000 fd - 38
~ Duration  290ms 306us fname - /rwihfs/rz/cluster/home/kr166361/dlio_benchmark/data/
unet3d/train/img_066_of_128.hdfs
hostname ~  login23-1.hpc.itc.rwth-aachen.de
offset = 2048
ret - 67108864

Thread 164562 [32196)]
Process  0[32143)
SQLID slice[1727] =

Figure 6.1.: Sample data available for POSIX operations.

n
van cochmatao 0. DLIOBenchmar e D

ol
ol _wain oL mark. train D DLIOBenchmar
<.| <module. < < ||« |[< < <mo. em. < < |\< < < ||]]sma

Figure 6.2.: Plot generated on DFTracer received data for configuration with Py-
Torch and 3 read threads.
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No distinctive pattern was iden-
tified in the generation of files;
they are simply created one by
one through the random genera-
tion of numbers. The process of
emulating the training (top) and
evaluation (bottom) of the model
is visible on the right side of the
image. In the presented config-
uration, three read threads were
utilized, as illustrated in the im-
age, with each thread correspond-
ing to a distinct line. It can be
observed that distinct workers are
employed to simulate the train-
ing and evaluation procedures.
The model training and evalu-
ation processes undergo changes
throughout the five epochs, yet
the same workers are reused when
utilising PyTorch. However as
shown in Figure [6.3] this is not
the case with TensorFlow. It was
found that TensorFlow creates
new workers with the commence-
ment of each epoch. The respon-
sibility of each worker is limited
to the reading of a sample, or a
patch comprising multiple sam-
ples, from a predefined sequence
set by the main thread. Subse-
quently, the data is conveyed to
the main thread, which then ini-
tiates the computation simulation
process. This is the case for both
the training and evaluation pro-
cesses. Furthermore, the image
illustrates that the training simu-
lation process and the model eval-
uation process have disparate du-
rations. This discrepancy can be
attributed to the differing sizes
of the training and evaluation
datasets, differing by a factor of
four.
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DLIOBenchmark.initialize DLIOBenchmark.run
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Figure 6.4.: Plot generated on DFTracer received data for configuration with Py-
Torch and 3 read threads.

DLIOBenchmark.initialize DLIOBenchmark.run
HOFSGenerator.generate DLIOBenchmark. _train D..  DLIOBenchmark._train 0 DLIOBenchmark. _train D DLIOBenchmark. train D DLIOBenchmark. train o

Figure 6.5.: Plot generated on DFTracer received data for configuration with Py-
Torch and 0 read threads.

Figure shows the result of the profiler using all the same configurations but
with the number of read threads set to zero. In this case, we can see that by
default, TensorFlow still creates a separate thread (worker) for each epoch. This
behaviour is described in detail in the DLIO benchmark documentation. [83] If the
same configuration with zero read threads is run with PyTorch simulation, it can
be seen from Figure 3 that no new threads are actually created, as indicated by the
fact that all function calls on the graph occur in a single thread - the parent thread.
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6.3. Implementation validation

The next few sections will detail the implementation verification process using Log
VED. In addition, this section will compare the performance metrics, as described in
Section [4.3] namely runtime and peak fabric bandwidth between the DLIO bench-
mark and my extension, achieved using the Lustre and BeeOND parallel file systems.

6.3.1. Log VFD

To validate the implementation, a comparison was conducted between the Log VFD
logs of different configurations common to the implemented extension and the DLIO
Benchmark. In all cases, identical entries were obtained up to permutation. If the
random sample shuffling was disabled, the logs were identical, thereby confirming
that the extension successfully emulates the DLIO Benchmark-generated 1/0O pat-
terns in terms of HDF5 calls. Table shows the number of Log VFD records
obtained in the experiment with a sample size of 67108864 bytes, the number of files
for training and evaluation configured as 128 and 32, respectively. The number of
samples per file was 4, and the number of read threads was also 4. The experiment
lasted for one epoch, and the number of steps in the training phase was limited to
511. As the logs for the extension and DLIO Benchmark are identical, the table
shows the number of log entries common to both programs. Thus, the number of
records with metadata and file structure is 639. This number can be deduced with
ease by calculating the total number of accesses to HDF5 files during training and
evaluation simulations:

o The number of files utilized for training purposes (128) is multiplied by the
number of samples within each file (4), resulting in a total of 512. Given that
the number of steps in the training phase is constrained to 511, it can be
inferred that the HDF5 files were accessed 511 times throughout the training
process. Of these, 384 were accessed for reading the first three samples, while
127 were accessed for reading the last one.

e The number of files to be evaluated is 32, and the number of samples in
each file is 4. Therefore, the total number of samples to be evaluated is 128.
Consequently, the number of file calls is 128, with 32 calls made for each of
the first, second, third and fourth samples.

Thus, the total number of accesses to the file is the sum of the accesses during the
training and evaluation simulation, namely 511 + 128 = 639. Of these, 128 + 32 =
160 were accessed for each of the first, second and third samples, while 127 4+ 32 =
159 were accessed for the fourth. In this way, the output of the Log VFD turns out
to be exactly what was expected and confirms the correctness of the extension.
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[ Record | Number of calls |
0-8 ( 8 bytes) (H5FD_MEM_SUPER) Allocated 639
0-7 ( 8 bytes) (HS5FD_MEM_SUPER) Read 630
8-16 ( 8 bytes) (HS5FD_MEM_SUPER) Allocated 639
0-15 ( 16 bytes) (HSFD_MEM_SUPER) Read 639
16-96 ( 80 bytes) (HS5FD_MEM_SUPER) Allocated 639
16-95 ( 80 bytes) (H5FD_MEM_SUPER) Read 639
96- 268437536 ( 268437440 byteS) (H5FD_MEM_DEFAULT) Allocated 639
96-607 ( 512 bytes) (H5FD_MEM_OHDR) Read 639
680-1191 ( 512 bytes) (H5FD_MEM_LHEAP) Read 639
136-679 ( 544 bytes) (HS5FD_MEM_BTREE) Read 639
1072-1399 ( 328 bytes) (H5FD_MEM_BTREE) Read 639
800-1311 ( 512 bytes) (H5FD_MEM_OHDR) Read 639
2048-67110911 ( 67108864 bytes) (HS5FD_MEM_DRAW) Read 160
67110912- 134219775 ( 67108864 bytes) (HSFD_MEM_DRAW) Read 160
134219776~ 201328639 ( 67108864 bytes) (HS5FD_MEM_DRAW) Read 160
201328640- 268437503 ( 67108864 bytes) (H5FD_MEM_DRAW) Read 159

Table 6.1.: Records and their number in each received log file for each extension
configuration and DLIO Benchmark.

6.3.2. Performance comparison

As previously outlined in Section [£.3] in addition to a comparison of Log VFD logs
for implementation validation, an examination was conducted of the execution time
of the extension and DLIO Benchmark on the Lustre and BeeOND parallel file sys-
tems. The results of this comparison are presented in Figure [6.6f Furthermore,
in addition to the runtime, the network bandwidth reported by the cluster’s per-
formance monitoring was also examined in order to ascertain its utilisation. The
Lustre file system in CLAIX-23 is a shared resource by default; therefore, the exper-
iment was conducted on a node on which other jobs could be run in parallel. It is
therefore anticipated that the runtime and network bandwidth volatility in Lustre
will be more significant than in BeeOND, where the experiment was conducted in
isolated nodes. Furthermore, the data indicates that the Lustre and DLIO Bench-
mark exhibit a higher fabric bandwidth, irrespective of the number of read threads,
whereas the BeeOND results are more definitive. The data also indicates that the
extension is two to four times faster than the original DLIO Benchmark with vary-
ing numbers of read threads. Furthermore, it was observed that the runtime of the
DLIO Benchmark increased with the utilisation of read threads, whereas the peak
fabric bandwidth exhibited a decline. This phenomenon may be attributed to the
overhead incurred by the creation of workers in high-level machine learning libraries.

Furthermore, the Unet3D workload simulation in Figure provides additional
assurance of the implementation, as the runtime difference remains constant in the
BeeOND file system. This is to be expected, as the objective is not to achieve
a perfect one-to-one replication of the DLIO workload, which is a repetition of
existing work and is contrary to the goal of optimising the benchmarking of Al
workloads. The data also demonstrates that the runtime of the extension is half as
long, indicating that the implementation is twofold more efficient than the DLIO
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Figure 6.6.: Performance of the h5bench extension and DLIO Benchmark for the
Lustre and BeeOND file systems. MPI launcher is mpiexec.
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Figure 6.7.: Comparison of h5bench extension and DLIO Benchmark at emulat-

ing Unet3D workload (left) and performance when using read threads
(right).

Benchmark. It is also noteworthy that in both the extension and DLIO Benchmark
cases, the majority of the workflow time is allocated to data generation, which is an
unsurprising outcome given that write operations frequently require more time than
read operations.

Given the potential for MPI launchers to significantly impact runtime perfor-
mance in CLAIX-23, an additional test was conducted utilising the srun launcher,
as illustrated in Figure From this result, it can be seen that the number of
read threads has a more pronounced impact on execution time compared to the
runtime observed in Figure [6.6f Moreover, this result corroborates the assertion
that the DLIO Benchmark exhibits suboptimal scaling when the number of read
threads is low, potentially leading to a decline in performance. These results also
serve to confirm that the configurations in the hbbench extension are functioning as
intended.
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6.4. Extension performance evaluation

This section presents the results of scaling tests for the extension performed on a
single node using 2" MPI ranks. These results help determine if the extension per-
forms as expected and showcase the CLAIX-23 HPC system’s I/O performance for
AT workloads using HDF5. Sections [6.4.1] and [6.4.2] will examine the performance
of two MPI-IO modes, namely independent and collective. Sections [6.4.3] and [6.4.4]
will present performance results employing HDF5-specific features, namely chunk-
ing, compression, and Subfiling VFD.

6.4.1. Independent mode

MPI independent mode is an approach to parallel computing in which different
processes run independently and operate on separate data sets. In independent
MPI mode, each process operates autonomously but can still interact with others,
offering more flexibility.

The results of the scaling test in Figure [6.8] demonstrate a decline in performance
per MPI rank, likely due to overhead from parallel access to the same HDF5 files.
Given that the sequence of samples is randomly selected, it is plausible that multiple
MPI ranks may require concurrent access to the same file. It is also important to
note that the test is measuring strong scaling, which occurs when the number of
MPI ranks increases but the amount of data remains constant. This may result in
a greater number of parallel accesses. When the total performance is taken into
account, it can be concluded that the read rate stops increasing significantly after
16 MPI ranks.

The graph shows also peak fabric bandwidth for different MPI rank counts. De-
spite high read rates, peak bandwidth declines, which may seem counterintuitive.
This is due to the fact that the fabric bandwidth was obtained through the util-
isation of a job monitoring tool, namely Perfmon [84], which is available on the
CLAIX-23 cluster and is configured such that the time between each fabric band-
width measurement is 1 minute. However, when 32 and 64 MPI ranks were involved,
the task duration was less than a minute. Therefore, it can be postulated that the
peak bandwidth may not be attributed to the training simulation itself, but rather
to the generation of data.

Independent mode: Read rate per rank [GB/s] Independent mode: Total read rate [GB/s]

—/\

4 8 16 32 64 1 2 4 8 16 32 64

ocnmEromo RGBS

= Raw read rate = Observable rate = RaW read rate == Observable rate e Peak fabric bandwidth

Figure 6.8.: Scaling test results for MPI independent mode on BeeOND.
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6.4.2. Collective mode

In the context of MPI, the term 'collective mode" is used to describe a method
of operation in which multiple processes collaborate in a coordinated manner. In
contrast to the independent mode, in which each process operates independently,
the collective mode necessitates the collaboration of all participating processes in
order to achieve a single task.

Nevertheless, as illustrated in Figure [6.9] the utilisation of collective mode has
been observed to result in a performance decline of up to 1 GB/s in comparison
to independent mode, when considering the read rate per MPI rank. This can be
explained by the fact that, in addition to the overhead of parallel file access, there is
also the overhead of communication between all MPI ranks. This results in a total
performance degradation of up to 5 GB/s compared to an independent mode for the
same number of MPI ranks. It is noteworthy that the maximum performance gain
is also observed when using up to 16 MPI ranks, after which it ceases to increase
significantly. In this experiment, Perfmon was also employed to ascertain the peak
fabric bandwidth. As a consequence of the limitations described in the previous
section, a decline in performance was also observed for 32 and 64 MPI ranks.

Collective mode: Read rate per rank [GB/s] Collective mode: Total read rate [GB/s]
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e RaW read rate == Observed rate = RaW read rate == Observed rate = Peak fabric bandwidth

Figure 6.9.: Scaling test results for MPI collective mode on BeeOND.

6.4.3. Chunking and compressing

The technique of chunking in HDF5 involves the division of a large dataset into
smaller, fixed-size blocks, or "chunks', which are then stored separately within a
file. This results in more efficient data access, particularly when working with large
multidimensional datasets where only a portion of the data is required at any given
time. The retrieval of only the necessary chunks, as opposed to the entire dataset,
can result in a notable enhancement in I/O performance, particularly when data
compression is employed.

As illustrated in Figure [6.10] the read rate per rank remains relatively constant
regardless of the number of MPI ranks involved. This indicates a satisfactory level
of scalability, which can be attributed to the absence of overheads associated with
communication between MPI ranks and the absence of overheads for parallel access
to HDF'5 files by multiple MPI ranks. Furthermore, the total read rate demonstrates
excellent scalability, exhibiting an exponential growth pattern. At the peak, the
observed rate reached 25 GB/s, while the raw read rate reached 45 GB/s for 64
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MPI ranks. This is a significant improvement over the independent MPI mode,
which exhibited a peak rate of 14 GB/s and 18 GB/s, respectively.

As compression in HDF5 is contingent upon chunking, I proceeded to enable
compression in the aforementioned configuration by setting the compression level
to 4. The results, as illustrated in Figure [6.11} also demonstrate good scalability,
which is a key benefit of chunking. However, given that the data for the experiment
was generated randomly, it was possible to achieve a relatively poor compression
rate (less than 1%), which resulted in almost identical outcomes.

Chunking: Read rate per rank [MB/s] Chunking: Total read rate [GB/s]

1 2 4 8 16 32 64 1 2 4 8 16 32 64

= Raw read rate = Observed rate = Raw read rate = Observed rate

Figure 6.10.: Scaling test results of chunking on Lustre.
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Figure 6.11.: Scaling test results of level 4 compression on Lustre.

6.4.4. Subfiling VFD

Subfiling VFD represents a further feature of HDF5, designed to enhance the per-
formance of data storage and retrieval on parallel file systems. Subfiling entails the
division of a single, large HDF5 file into multiple, smaller subfiles. This distribution
has the effect of reducing I/O contention and enhancing data access speeds, as it
allows multiple processes to read from or write to different subfiles simultaneously.
It is anticipated that Subfiling VFD will optimise the scalability and performance
of applications utilising HDF5.

Nevertheless, as illustrated in Figure [6.12] during the experiment, Subfiling VFD
exhibited suboptimal scalability with a notable decline in performance when utilising
a substantial number of MPI ranks. When employing 64 MPI ranks, the observed
rate was a mere 800 MB/s, which is considerably below the expected threshold.
It seems reasonable to posit that the observed suboptimal performance may be
attributable to the fact that the default Subfiling VFD settings were employed, and
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that more fine-tuning may be required. For instance, the issue may be attributable to
the fact that, despite the settings indicating that each subfile should contain a single
sample, in practice, some files may contain fragments of multiple samples. This
could necessitate the opening and reading of multiple subfiles, thereby increasing
the overhead associated with parallel file access. This phenomenon requires further
investigation.

Subfiling VFD: Read rate per rank [MB/s] Subfiling VFD: Total read rate [MB/s]
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Figure 6.12.: Scaling test results of Subfiling VFD on Lustre.

50



7. Conclusion

As a result of this work, an extension to h5bench has been developed that suc-
cessfully mimics the Al workload of DLIO Benchmark. This is confirmed by the
fact that the Log VFD results being identical for different DLIO Benchmark and
extension configurations, leading to the conclusion that the I/O patterns are iden-
tical from the perspective of the HDF5 file. Studying the behaviour of the DLIO
Benchmark and the machine learning libraries PyTorch and TensorFlow with the
help of the DFTracer profiler allowed to get a more complete and detailed picture
of the processes occurring when working with the files and 1/O patterns generated
in this case. This revealed the peculiarities of the read thread configuration when
using PyTorch and Tensorflow, consisting in the number of threads actually created
for read threads being equal to zero.

Also, runtime measurements for the DLIO Benchmark and the extension using
different numbers of read threads and for different parallel file systems, namely
Lustre and BeeOND, showed that the runtime of the extension was 1.5-4 times
less in all cases. Perfmon peak fabric bandwidth measured for the nodes on which
the experiment was run showed that the extension also performed better. This
observation is attributed to the discrepancy in the overhead introduced by the C
application in the extension and the Python application in the original benchmark.
While a quicker runtime may be beneficial for faster testing, it also suggests that
the benchmark may not fully capture the complexity of real Al workloads, such as
high metadata operations introduced by the use of Python-based libraries.

The results of the scaling tests demonstrate that the benchmark functions as
expected, with the exception of the case involving Subfiling VFD, which requires
further investigation. Of particular note are the scaling tests using chunking, an
HDF5 specific feature, which also showed an expectedly high result achieved by
optimising partial 1/O.

The objective of ensuring the benchmark suite and configurations are capable of
functioning correctly to test both Al and traditional HPC workloads also has been
met. With the inclusion of AI workload into h5bench, users can streamline the
HDF5 benchmarking process for their HPC systems.
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8. Future work

The prototype represents merely the initial stage of the project, as numerous addi-
tional features have the potential to enhance the capabilities of Al applications.

It is acknowledged that the primary objective of this benchmark extension is to
assess the throughput of the read 1/O operation, with only a limited scope of cover-
age dedicated to metadata time in Section [5.3] It is possible to extend the coverage
of the performance of the metadata in the future. Additionally, the benchmark does
not provide any information regarding the system’s write performance, which is a
consequence of the nature of the training process and model evaluation. It should
be noted, however, that there is another process involved in Al workloads, namely
checkpointing. This function is responsible for storing the model weights in non-
volatile memory during the training process. Consequently, the benchmark could
also provide data regarding the write performance of a checkpointing simulation.

An additional method for enhancing the capabilities of the benchmark is to in-
corporate additional parameters, thereby enabling the emulated machine learning
workflow to be further refined. To illustrate, when training machine learning models
on files containing images, it is not always the case that the entire image is the same.
Therefore, in the real world, the sample size may vary. To address these potential
issues, it would be possible to introduce a parameter defining the mean and standard
deviation for each generated sample. Furthermore it would be feasible to analyse
and add support for I/O pattern emulation of libraries and machine learning frame-
works other than PyTorch and TensorFlow, such as Keras [51], Scikit-Learn [68] or
NVIDIA Data Loading Library (DALI) [23].

As previously stated, h5bench currently offers support for a number of VOL Con-
nectors and VFDs, including Async, Cache, Log VOLs and Subfiling VFD. While
the latter has already been implemented, support for the former three is currently
only planned for the future. The Async VOL was designed with the objective of
supporting asynchronous 1/O for the parallelisation of computations and work with
the HDF5 API. This has the potential to result in significant performance improve-
ments. The operation of a Log VOL is as follows: write requests from an MPI
process are appended one after another (as logs) in a contiguous space within the
file. Tt is anticipated that this approach will enhance the performance of write oper-
ations. [39] However, until the checkpointing functionality is incorporated into the
benchmark, it is not yet feasible to extend support for this VOL. Another topic
of interest is the Cache VOL, which provides enhanced cache availability. As the
utilisation of Cache VOL does not necessitate any alterations to the code and is
solely connected through environment variables [36], it is anticipated that the ex-
tension is already capable of supporting this VOL. However, this assertion requires
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8. Future work

confirmation.

As previously stated, the extension already incorporates compression support,
albeit currently constrained to utilising the zlib library. This compression method is
a standard feature of HDF5; however, alternative I/0 filters, including BZIP2 [35],
LZO [49] and LZ4 [10], can be employed as supplementary options. A comprehensive
index of all available filters can be accessed on the HDF5 Group support portal.

Nevertheless, in addition to enhancing the benchmark itself, there is also scope
to investigate the distinctive characteristics of certain HPC systems and the diverse
factors and parameters that influence the performance of AI workloads. For in-
stance, this thesis did not examine the metadata rate data obtained for different
configurations. Additionally, the experiments did not examine the impact of vary-
ing parameters, such as sample size, the number of samples per file, and the number
of training files, on performance. The question of the observed decline in 1/O per-
formance when using Subfiling VFD also remains open. All these circumstances
present a significant opportunity for research activities in the future.

This extension work is currently under review for pull request in: https://
github.com/arcturus5340/h5bench.
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A. hbbench extension parameters

Parameter Description Type Default
generate-data Enable generation of benchmarking data bool false
train FEnable model training simulation bool false
evaluation Enable model evaluation simulation bool false
record-length Record size of a single sample in bytes int 67108864
num-files-train The number of files used to train the model int 32
num-files-eval The number of files used to evaluate the model | int 8
num-samples-per-file The number of samples in each file int 4
file-prefix Prefix in the name of files containing training | string img
and evaluation data
chunking Enable chunking bool false
chunk-size Chunk size int 1024
keep-files Does not delete data after the benchmark is fin- | bool false
ished
compression Enable compression bool false
compression-level Compression level from 1 to 9 int 4
batch-size Training batch size int 7
batch-size-eval Evaluation batch size int 2
shuffle Enable samples shuffle bool false
preprocess-time Preprocessing time after reading each sample in | float 0.0
seconds
preprocess-time-stdev Standard deviation in preprocessing time in sec- | float 0.0
onds
epochs The number of epochs int 5
total-training-steps Maximum number of steps per training per | int -1
epoch
computation-time Computation time after reading each batch in | float 0.323
seconds
computation-time-stdev | Standard deviation in computation time in sec- | float 0.0
onds
random-seed Random seed to be used int 42
eval-time Evaluation time after reading each batch in sec- | float 0.323
onds
eval-time-stdev Standard deviation in evaluation time in seconds | float 0.0
epochs-between-evals The number of epochs between evaluations int 1
train-data-folder Name of the directory containing the training | string train
data
valid-data-folder Name of the directory containing the validation | string valid
data
records-dataset-name Name of the dataset with records string records
labels-dataset-name Name of the dataset with labels string labels
seed-change-epoch Enable seed changes every epoch bool false
read-threads The number of workers used to read the data int 4
collective-meta Enable collective HDF5 metadata operations bool false
collective-data Enable collective HDF5 data operations bool false
subfiling Enable HDF5 Subfiling Virtual File Driver bool false
output-csv-name Name of the output csv file string output
output-ranks-data Enable statistics output for each rank bool false

Table A.1.: The hbbench extension parameters.
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B. Benchmark configurations

Configuration

A [ B [ C
record-length 67108864 | 146600628 | 67108864
num-files-train 128 168 512
num-files-eval 32 0 128
num-samples-per-file 4 4 4
batch-size 7 4 7
batch-size-eval 2 0 2
read-threads 0/4 4 0/4
computation-time 0.323 1.3604 0.323
eval-time 0.323 0.0 0.323
collective-meta true true true
collective-data true true true
chunking false false false
compression-level - - -
subfiling false false false

Table B.1.: Configurations for hbbench extension and DLIO Benchmark perfor-
mance comparison tests.

Configuration

D [ E [ F [ G [ H
record-length 67108864 | 67108864 | 67108864 | 67108864 | 67108864
num-files-train 256 256 256 256 256
num-files-eval 64 64 64 64 64
num-samples-per-file 4 4 4 4 4
batch-size 7 7 7 7 7
batch-size-eval 2 2 2 2 2
read-threads 0 0 0 0 0
computation-time 0.323 0.323 0.323 0.323 0.323
eval-time 0.323 0.323 0.323 0.323 0.323
collective-meta false true false false false
collective-data false true false false false
chunking false false true true false
compression-level - - - 4 -
subfiling false false false false true

Table B.2.: Configurations for the hbbench extension used in the scaling tests.
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C. Experimental data

Note: FBW stands for Fabric Bandwidth and SD for Standard Deviation.

0 read threads 4 read threads

h5bench DLIO Benchmark h5bench DLIO Benchmark

Runtime | FBW | Runtime [ FBW | Runtime | FBW [ Runtime [ FBW

1. measurement 02:37.5 1.11 05:59.9 1.39 03:22.6 1.31 07:23.9 0.78
2. measurement 02:10.5 0.48 06:03.0 0.69 02:37.6 2.14 07:37.8 0.86
3. measurement 02:10.4 0.48 09:15.3 0.58 02:18.2 1.33 07:30.8 1.12
4. measurement 02:10.3 0.48 04:46.7 3.48 03:23.6 1.01 07:27.7 0.80
5. measurement 02:10.1 0.48 06:39.0 3.48 02:58.3 0.96 14:35.1 3.23
6. measurement 03:47.5 0.48 06:29.9 3.48 02:58.8 1.72 07:38.1 1.13
7. measurement 04:40.8 0.48 06:29.7 3.48 06:59.0 1.08 24:05.3 3.66
8. measurement 05:10.9 0.32 05:07.7 3.48 03:26.4 1.14 07:21.6 0.83
9. measurement 02:11.1 1.34 05:07.9 3.48 02:58.1 1.74 40:31.3 3.09
10. measurement 02:10.6 1.38 08:28.4 1.29 02:13.8 1.46 08:38.1 2.78
Minimum 02:10.1 0.32 04:46.7 0.58 02:13.8 0.96 07:21.6 0.78
Maximum 05:10.9 1.38 09:15.3 3.48 06:59.0 2.14 40:31.3 3.66
Average 02:56.0 0.70 06:26.7 2.48 03:19.6 1.39 13:17.0 1.83
SD 01:10.4 0.40 01:26.4 1.31 01:21.2 0.38 10:58.1 1.20

Table C.1.: Performance comparison of h5bench extension and DLIO Benchmark for
different number of read-threads using mpiexec MPI launcher on Lustre.

0 read threads 4 read threads

h5bench DLIO Benchmark h5bench DLIO Benchmark

Runtime | FBW [ Runtime | FBW [ Runtime | FBW [ Runtime [ FBW

1. measurement 01:53.8 2.06 03:14.1 1.51 01:47.0 2.14 05:40.1 1.16
2. measurement 01:54.2 2.05 03:14.0 1.53 01:48.2 2.15 05:42.0 0.98
3. measurement 01:51.9 2.07 03:14.9 1.51 01:46.6 2.17 05:41.8 1.06
4. measurement 01:55.1 1.92 03:20.3 1.55 01:45.7 2.19 05:41.9 1.06
5. measurement 01:56.6 1.87 03:25.9 1.41 01:44.5 2.07 05:45.8 1.06
6. measurement 01:56.2 1.99 03:16.2 1.48 01:47.8 2.04 05:41.5 1.17
7. measurement 01:51.5 2.08 03:15.7 1.53 01:45.8 1.91 05:42.0 1.17
8. measurement 01:52.1 2.07 03:15.2 1.56 01:48.2 1.85 05:42.9 1.16
9. measurement 01:52.5 2.05 03:15.2 1.54 01:45.7 2.14 05:42.4 1.17
10. measurement 01:52.8 2.07 03:16.8 1.52 01:46.4 2.14 05:45.4 1.04
Minimum 01:51.5 1.87 03:14.0 1.41 01:44.5 1.85 05:40.1 0.98
Maximum 01:56.6 2.08 03:25.9 1.56 01:48.2 2.19 05:45.8 1.17
Average 01:53.7 2.02 03:16.8 1.51 01:46.6 2.08 05:42.6 1.10
SD 00:01.8 0.07 00:03.7 0.04 00:01.2 0.12 00:01.8 0.07

Table C.2.: Performance comparison of h5bench extension and DLIO Benchmark

for different number of read-threads using mpiexec MPI launcher on
BeeOND.
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C. Experimental data

h5bench DLIO Benchmark
Gen runtime | Train runtime | Gen runtime | Train runtime
1. measurement 05:53.4 01:22.0 07:46.8 02:38.8
2. measurement 05:51.1 01:22.1 07:49.1 02:39.4
3. measurement 05:53.0 01:22.6 07:47.4 02:39.2
4. measurement 06:08.7 01:22.2 07:48.3 02:39.3
5. measurement 05:53.0 01:22.9 07:50.1 02:39.8
6. measurement 05:48.6 01:23.7 07:48.7 02:40.0
7. measurement 05:51.3 01:21.8 07:50.0 02:39.0
8. measurement 05:54.6 01:21.2 07:47.1 02:40.0
9. measurement 05:50.6 01:22.2 07:47.2 02:38.8
10. measurement 05:57.1 01:22.4 07:46.2 02:40.7
Minimum 0:05:49 0:01:21 0:07:46 0:02:39
Maximum 0:06:09 0:01:24 0:07:50 0:02:41
Average 0:05:54 0:01:22 0:07:48 0:02:40
SD 0:00:06 0:00:01 0:00:01 0:00:01

Table C.3.: Performance comparison of hbbench extension and DLIO Benchmark in
Unet3D workload simulation using mpiexec MPI launcher on Lustre.

0 read threads 4 read threads
h5bench | DLIO Benchmark | h5bench [ DLIO Benchmark
1. measurement 06:33.2 03:42.8 03:42.8 05:38.0
2. measurement 05:27.3 03:25.8 03:25.8 05:01.6
3. measurement 05:27.4 04:10.9 04:10.9 06:39.1
4. measurement 05:27.4 04:10.9 04:10.9 06:29.4
5. measurement 05:27.4 03:25.7 03:25.7 06:29.4
6. measurement 06:09.0 03:23.4 03:23.4 05:02.8
7. measurement 04:57.7 03:36.6 03:36.6 04:38.4
8. measurement 06:09.5 03:36.5 03:36.5 04:38.4
9. measurement 06:09.5 03:36.5 03:36.5 05:56.2
10. measurement 06:09.1 03:23.5 03:23.5 05:41.3
Minimum 04:49.3 04:57.7 03:23.4 04:38.4
Maximum 05:00.7 06:33.2 04:10.9 06:39.1
Average 04:55.6 05:47.8 03:39.3 05:37.5
SD 00:05.4 00:30.0 00:18.0 00:46.0

Table C.4.: Performance comparison of h5bench extension and DLIO Benchmark for
different number of read-threads using srun MPI launcher on Lustre.

Ranks Avg. raw read | Avg. observed read | Total raw | Total observed FBW
rate per rank rate per rank read rate read rate
1 2.4148 2.1374 2.4148 2.1374 0.8753
2 2.1110 1.7958 4.2220 3.5916 1.3280
4 2.1708 1.8308 8.6832 7.3232 2.5660
8 1.8492 1.5580 14.7936 12.4640 4.4700
16 1.0428 0.8275 16.6848 13.2400 5.3420
32 0.5319 0.4363 17.0214 13.9622 3.3120
64 0.2765 0.2078 17.6960 13.3018 2.9400

Table C.5.: Results of scaling tests using MPI independent mode on BeeOND.

60



Ranks Avg. raw read | Avg. observed read | Total raw | Total observed Max FBW
rate per rank rate per rank read rate read rate
1 2.0370 2.0370 1.8160 1.8160 0.7519
2 1.9182 3.8364 1.6080 3.2160 1.3220
4 1.8540 7.4160 1.3850 5.5400 2.4500
8 1.6360 13.0880 1.0765 8.6118 4.0220
16 1.0030 16.0480 0.7637 12.2195 5.1320
32 0.4904 15.6921 0.4034 12.9088 5.6620
64 0.2444 15.6429 0.1806 11.5571 4.2200

Table C.6.: Results of scaling tests using MPI collective mode on BeeOND.

Avg. raw read | Avg. observed read | Total raw | Total observed
Ranks
rate per rank rate per rank read rate read rate
1 205.0292 205.0292 60.9944 60.9944
2 169.5078 339.0156 42.1616 84.3232
4 159.6886 638.7544 47.0522 188.2088
8 105.4838 843.8704 36.0164 288.1312
16 56.7026 907.2416 25.9826 415.7216
32 33.2454 1063.8528 19.3200 618.2400
64 15.3638 983.2832 11.1892 716.1088

Table C.7.: Results of scaling tests using Subfiling VFD on Lustre.

| Avg. raw read | Avg. observed read | Total raw | Total observed
Ranks
rate per rank rate per rank read rate read rate

1 491.2370 0.4797 456.5632 0.4459
2 662.6882 1.2943 485.2470 0.9477
4 696.9758 2.7225 414.8060 1.6203
8 865.4988 6.7617 495.7740 3.8732
16 830.3256 12.9738 505.2046 7.8938
32 733.5030 22.9219 431.6474 13.4890
64 705.2514 44.0782 397.0922 24.8183

Table C.8.: Results of scaling tests using chunking on Lustre.

Avg. raw read | Avg. observed read | Total raw | Total observed
Ranks
rate per rank rate per rank read rate read rate
1 402.5700 0.3931 378.6344 0.3698
2 387.9576 0.7577 331.2904 0.6471
4 840.2202 3.2821 513.0336 2.0040
8 811.5844 6.3405 513.1686 4.0091
16 856.5122 13.3830 534.8222 8.3566
32 690.1876 21.5684 467.7842 14.6183
64 724.8768 45.3048 419.4482 26.2155

Table C.9.: Results of scaling tests using chunking and compression level 4 on Lustre.
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