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Streamlining HDF5’s Al Workloads Benchmarking
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Abstract—Rapid adoption of artificial intelligence (AI) in sci-
entific computing requires new tools to evaluate I/O performance
effectively. HDFS is one of the data formats frequently used
not only in HPC but also in modern Al applications. However,
existing benchmarks are insufficient to address the current
challenges posed by AI workloads. This paper introduces an
extension to the existing HDF5 benchmark, called hSbench, by
incorporating the workload characteristics from the MLPerf
Storage - DLIO benchmark. This extension allows users to test AI
workloads together with traditional HPC benchmarks in the same
context without the complexities of installing various machine
learning libraries. Our experimental analysis demonstrates that
the extension can replicate the existing I/O patterns with easily
customizable configurations to perform various scaling tests.

Index Terms—Benchmarking, HDF5, AI Workloads, DLIO

I. INTRODUCTION

Artificial intelligence (AI) has been rapidly adopted in
various scientific disciplines, as described by Xu et al. [1].
This rapid adoption of Al increases the need for I/O systems
that can meet the demands of these workloads. Some of the
strategies are to develop new specialized systems to accommo-
date this emerging Al workload [2], [3] as the I/O performance
bottleneck problem becomes more pronounced. Despite the
critical impact of I/O performance in Al applications, there
are a limited number of benchmarks that specifically address
this problem. In previous studies [4], [5]. the Deep Learning
I/0 (DLIO) benchmark [6] has been identified as the leading
I/O benchmark for AI workloads, which is also part of the
MLPerf Storage benchmark suite [7].

Aside from the lack of options for benchmarking I/O in
Al workloads, we have identified several other issues in this
area. First, most HPC systems are not used exclusively for
Al workloads, but are shared with several other traditional
HPC applications. Setting up a system that can accommodate
both workloads is an essential task for the stakeholders of
any HPC center. It is important to put the result of the Al-
focused benchmark in the same context as the result from
the benchmark for more traditional workloads to obtain the
right conclusion for decision making when tuning the systems.
Second, existing Al benchmarks require the installation of
machine learning libraries, which can affect the metrics being
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evaluated. Setting up the appropriate environment for running
Al experiments is also one of the productivity challenges that
developers and performance analysts face when evaluating
Al workloads [8]. This complexity needs to be navigated to
produce a holistic view for tuning and managing a cluster.

With these two problems in mind, we propose an extension
to the existing I/O benchmark suite called h5bench [9] to
enable benchmarking of AI workload. We specifically target
the Hierarchical Data Format version 5 (HDF5) [10], as HDF5
is one of the data formats commonly used not only in HPC
applications [11] but also in various Al applications. hSbench
itself already has existing configurations for testing various
workload scenarios for traditional HPC applications, and this
structure can be extended to accommodate the scenarios for
Al workloads. In our prototype, we are looking at DLIO work-
loads to incorporate the specific configuration requirements for
Al applications into our h5bench extension.

The scientific contribution of our extension is to enable
holistic I/O benchmarking that covers the traditional and Al
use cases, and in our evaluation study, we pinpoint the specific
impact of the Python library on the I/O operations by isolating
the HDF5 operations in our hSbench extension.

Our paper is structured as follows. In Section I we present
the current situation and challenges in benchmarking 1/O
components in Al workloads. In Section II we list existing
benchmarks targeting I/0 and AI workloads in general. Sec-
tion III contains a brief background on hSbench, followed by
the scope of Al workloads we have integrated in Section IV.
Our implementation steps are explained in Section V. We
explain our experimental setup in Section VI, and the results
can be found in Section VII. In Section VIII we discuss the
limitations of our current work and future work.

II. RELATED WORK

When it comes to the most relevant tool for I/O benchmark-
ing today, IOR [12] is the leading parallel I/O benchmark for
evaluating the bandwidth performance of parallel filesystems.
IOR supports different file access patterns (i.e., read and
write, single shared file, and file-per-process) and multiple
I/O library interfaces (i.e., POSIX, MPI-10, and HDF5). IOR



also offers several interfaces for distributed computing such
as S3 and HDFS. In the IOR code repository, there is also
MDTest [13], which is used to evaluate the metadata per-
formance of POSIX-compliant parallel filesystems. MDTest
measures the performance of file, directory, and directory
hierarchy operations, including creation, stat, and removal.
Users can create extensive combinations of I/O patterns with
IOR and MDTest, as seen in the 10500 [14] benchmark suite,
making this benchmark very powerful, but also overwhelming
for users. Besides h5bench [9] that is used in this work, there
are multiple other existing HDF5 benchmarks that are based
on the application patterns as already listed in the work of Bez
et al.[9], such as MACSio [15], Parallel I/O Kernel Suite [16],
FLASH-IO [17], ChombolO [18], AMReX [19].

When it comes to benchmarking Al and Machine Learning
(ML) applications that focus on the performance in HPC sys-
tems, MLPerf [20] is one of the most recognized benchmarks
in the field. MLPerf is organized by the MLCommons working
group [21] and offers a variety of applications that use machine
learning and deep learning in HPC environments. It focuses
on several aspects, such as inference, training and storage.
DLIO [6] is part of the MLPerf Storage [7]. In the broader con-
text of ML benchmarking, there are several other benchmarks
listed by Thiyagalingam et al. [22], such as Deep500 [23],
RLBench [24], DAWNBench [25] and AlBench [26].

Several survey and analysis works are also trying to look
into I/O patterns and characterizations [4], [27]-[29]. Based on
the survey paper by Bez et al. [4], we examine DLIO as the
basis for our work, as it is currently the most widely known
I/O benchmark for Al workloads.

III. HSBENCH

h5bench [9] is the HDF5 benchmark that we use in this
work. It is a benchmark that is created to provide a set
of HDF5 I/0O kernels that can represent applications using
the HDF5 API while optimizing their I/O performance by
leveraging the new features such as HDFS5 Virtual Object
Layer (VOL) connector. In Figure 1 an overview of h5bench
is shown, in which the benchmark can execute a single kernel
or several patterns like a workflow. The configuration can be
done via a single JSON file.
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Fig. 1: The overview of hSbench suite architecture. Figure is
taken from the work of Bez et al. [9].

There are five main components within the JSON input: mpi,
vol, file-system, directory, and benchmarks. mpi configures the
MPI launcher (mpirun, mpiexec, srun, gsub, and jsrun)
and the number of processes information. The features of the
VOL connectors can be configured in the vol section. The file-
system handles the striping configuration for Lustre. Finally,
benchmarks covers the detailed properties of the patterns, such
as execution order, input, chunking, and so on. Our h5bench
extension will expand on the benchmarks component.

VOL connectors are one of the HDF5 features highlighted
in hSbench. Multiple VOL configurations can be used to
create distinct I/O patterns, such as asynchronous I/O VOL
connector, which enables asynchronous I/O for HDF5 opera-
tions using background threads. Another example is the Cache
VOL connector, which enables data caching on the node-
local storage and moves the data asynchronously between the
node-local storage and the parallel file systems, hiding the I/O
overhead. Not all benchmarks inside h5Sbench support all VOL
connectors, and our current prototype for the AI workload
extension does not yet use a VOL connector.

We chose h5bench because it provides the completeness of
the access pattern as discussed by Bez et al. [4]. The extension
of hSbench is a good starting point for a holistic view of the
I/0O performance of the cluster. In addition, HDFS is frequently
used in traditional HPC and AI workloads [30].

IV. AI WORKLOADS

In the context of our literature review, we decided to
investigate the DLIO benchmark [6] in more detail due to its
importance in the current research landscape. Similarly to the
concept of the h5bench, the DLIO benchmark was developed
to emulate the I/O patterns and behaviors typical of deep
learning applications. This benchmark suite can be configured
to accommodate different data loaders, data formats, dataset
organizations, and training configuration parameters. The con-
figuration is done using a YAML file. The configuration of
DLIO consists of six main components:

o workflow is where users specify the stage of the machine
learning workflow that will be emulated (data generation,
training, evaluation). In addition, it has checkpointing and
profiling options.

e dataset outlines the data setup for the specified stage in
workflow. It provides details on record length, variations
in record length, the number of files used for training
and evaluation, the number of samples per file, HDF5
chunking settings, and other relevant parameters.

o reader covers the batch size, number of read threads
needed to load the data, transfer size, shuffle size, and
preprocess time (using sleep).

e train defines epochs, training steps, and computation
time, including their variation, are configured here.

e evaluation covers the time for the evaluation and the
epochs between evaluations.

o checkpoint handles the checkpoint configuration.



These configurations, except for checkpointing, are inte-
grated into our h5bench extension and will be discussed in
more detail in Section VII.

Similar to h5bench, where users can create customized
configurations for DLIO or use existing ones, the DLIO code
repository! provides several ready-to-use configurations based
on real-world deep learning applications, such as CosmoFlow,
BERT, and UNET3D. In Table I, we have compiled a selection
of notable workloads from the DLIO examples to provide an
overview of the configurations used in our experiments and
highlight their differences from those of other Al applications.

TABLE I: Configurations of deep learning kernels in DLIO.

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

In Table I, we include only the parameters that significantly
impact the runtime of Al applications and have distinct val-
ues across different applications. DLIO summarizes the key
components that differentiate AI workloads, primarily based
on the configuration elements in dataset and reader.

As DLIO aims to emulate the full impact of Python libraries,
running DLIO requires the usual settings for running real-
world deep learning applications, including the installation of
machine learning library dependencies such as Tensorflow [31]
and PyTorch [32], as we saw in the backend specified in Ta-
ble I. In addition to HDF5, which we will use in our extension,
DLIO also supports other common Al data formats such as
TFRecord [33] and npz [34].

Although the overall machine learning environment and
settings can impact I/O performance, it is also crucial for
cluster stakeholders to gain a holistic view of various HDF5
workloads. Effective cluster tuning requires balancing multiple
workload types beyond just Al. This broader perspective can
serve as a baseline for quantifying the impact of Al backends
and libraries. We discuss this topic further in Section VII-A.

V. H5BENCH EXTENSION

Our effort to develop an extension that can represent Al
workloads begins with an examination of the workloads de-
scribed in Section IV. We analyzed DLIO a nd summarized
its existing configurations to identify its general structure and
key components relevant to our work. Following this analysis,
our approach is primarily divided three steps: into pattern
extraction, implementation, and testing.

Uhttps://github.com/argonne-lcf/dlio_benchmark/tree/main/dlio_
benchmark/configs/workload
Zhttps://dlio-benchmark.readthedocs.io/en/latest/config.html

A. Pattern Extraction

To extract patterns from existing HDF5 applications, we
utilize log VFD. Virtual File Drivers (VFD) is an API layer
in HDF5 that creates mappings between HDF5 address space
and storage. Log VFD is part of a feature designed to capture
metrics and access activity for HDF5 files, enabling the
extraction of access patterns. It provides detailed informa-
tion about file operations, memory allocations, and dataset
reads/writes, which are crucial for analyzing the I/O patterns
of AI workloads. Log VFD can be activated by setting the
environment variable HDF5_DRIVER to 1og. The generated
log is directed to stderr stream. An example of this output
can be seen below:

16-95 (80 bytes) (H5FD_MEM_SUPER) Read

The first two numbers are the range of bytes that were ac-
cessed or allocated in the HDFS5 file, with the number of bytes
in this range given in brackets. The next bracket contains the
type of memory being accessed. The last piece of information
is the type of operation performed on this file fragment. There
is also a way to modify the file access property in the source
code using the function HS5Pset_fapl log().

The following is the log collected when reading the first
sample of an HDFS5 file in DLIO. Samples have already been
mentioned in Section IV and represent the unit of training
data. Typically, an HDF5 file contains several samples. In the
following example, one file contained four samples:

0- (8 bytes)

0-7 (8 bytes)

8-16 (8 bytes)
| 0-15 (16 bytes)
5 16-96 (80 bytes)
6 16-95 (80 bytes)

96-268437536 (268437440 bytes)
8 96-607 (512 bytes
9 680-1191 (512 bytes
10 136-679 (544 bytes
11 1072-1399 (328 bytes
12 800-1311 (512 bytes)
13 2048-67110911 (67108864 bytes)

(HSFD_MEM_SUPER) Allocated
(H5FD_MEM_SUPER) Read
(H5FD_MEM_SUPER) Allocated
(HSFD_MEM_SUPER) Read
(HSFD_MEM_SUPER) Allocated

(HSFD_MEM_SUPER) Read
(H5FD_MEM_DEFAULT) Allocated
(HSFD_MEM_OHDR) Read
(HS5FD_MEM_LHEAP)
(HSFD_MEM_BTREE) Read

)
) 1
) 1

) (HSFD_MEM_BTREE) Read

(HSFD_MEM_OHDR) Read
(HSFD_MEM_DRAW) Read

The log above shows that the small H5FD_MEM SUPER
memory is used intensively at the beginning to manage the
structure, e.g. to identify the file as an HDFS5 file and to
determine the address of the first block of the file in order to
find other data structures. This is followed by data allocation
in the memory with the size of 268437440 bytes (=~ 256 MiB),
which corresponds to the size of the data contained in the file
with little overhead. The memory type HSFD_MEM DEFAULT
indicates that the memory type has not yet been defined. It
can also be the datatype that was defined in a more significant
allocation that is be sub-allocated by the library.

After reading information from H5FD_MEM_OHDR — an ob-
ject header that provides dataspace, datatype, and other infor-
mation that the library uses to speed up access to the object’s
data, H5FD_MEM_LHEAP — a local heap is a collection of small
pieces of data related to metadata, such as small attribute
names and values, and H5FD_MEM_BTREE that contains a B-
Tree search tree that stores various addresses in a file, the
raw content of the HDF? file is read directly, namely the first
sample, whose size is 256 MiB/4 or 64 MiB. When reading
the second, third, and fourth samples, the logs differ only in


https://github.com/argonne-lcf/dlio_benchmark/tree/main/dlio_benchmark/configs/workload
https://github.com/argonne-lcf/dlio_benchmark/tree/main/dlio_benchmark/configs/workload
https://dlio-benchmark.readthedocs.io/en/latest/config.html

the last line and contain the intervals [67110912—134219775],
[134219776 — 201328639], and [201328640 — 268437503].

B. Implementation

The general structure of the implementation follows the
DLIO component workflow, which consists of data generation,
training, and evaluation. From the log collected in the previous
steps, we observed that HDF5 usage in DLIO is focused
on read operations. Therefore, we follow the current sample
as the first step. HDF5 checkpointing operations have not
been implemented in our extension, as checkpointing is not
part of DLIO’s HDF5 operations. While checkpointing is an
interesting part of Al workloads, we defer its discussion to
future work (Section VIII) and focus solely on implementing
components that appear in the HDF5 log VFD. This decision
ensures that we can confidently validate our implementation.

We use our previous findings as the basis of our implemen-
tation to create the DLIO read pattern (read_sample), which
provides us with the read time and metadata time:

| function read_sample (

2 file_path,

sample,
4 +*metadata_time_out,

5 *read_time_out
6):

This read_sample function contains three main sections:
(1) initialization for the read and metadata, (2) read operations
and finally, (3) collection of time data and release of resources.

/* (1) Initialization */
2 offset = [sample, 0, 0]
3 count = [1, DIM, DIM]
4
5 tl = get_current_time_in_microseconds ()

file_id = Hb5Fopen (file_path, H5F_ACC_RDONLY, FAPL)
8 dataset_id = H5Dopen (file_id, RECORDS_DATASET_NAME
, DAPL)
9 filespace = H5Dget_space (dataset_id)
10 memspace = H5Screate_simple (3, count, NULL)
11 H5Sselect_hyperslab(filespace, H5S_SELECT_SET,

offset, NULL, count, NULL)

12

13 t2 = get_current_time_in_microseconds ()

14

15 data = allocate_memory (DIM %= DIM * size_of (uint8_t
))

16

17 /* (2) Collecting read information =/

18 t3 = get_current_time_in_microseconds ()

19 H5Dread (dataset_id, H5T_STD_U8LE, memspace,
filespace, DXPL, data)

20 t4 = get_current_time_in_microseconds ()

21

22 /* (3) Releasing resources x/

23 free_memory (data)
t5 = get_current_time_in_microseconds ()

H5Sclose (memspace)
28 H5Sclose (filespace)
29 H5Dclose (dataset_id)
30 H5Fclose (file_id)

t6 = get_current_time_in_microseconds ()

The read time and the metadata time collected at the end
of the function are important for observing the benchmark
scaling. It is defined as follows:

1 /+ C3) Collecting time information */

> xmetadata_time_out = (t2 - tl) + (t6 - t5)

3 xread_time_out = t4 - t3

Our computation time is emulated similarly to DLIO with
the function sleep with a configurable duration from the
parameters of the JSON file. To calculate the I/O time, we
use the same method as for the other workloads in h5bench,
with the counter starting before the HDF5 function and ending
directly after the HDF5 functions. This is to ensure that our
reported I/O time and bandwidth remain consistent within
h5bench. Users can evaluate the results of traditional HPC
workloads in the current hSbench, and the AI workloads in
our extension work with the same context.

C. Validation

We implemented several validation strategies to test our
extension implementation:

e Our first step is to compare the access patterns produced
by the benchmark and the original DLIO code with the
same settings. We compared the log VFD produced by
our extension with the log VFD produced by DLIO in
various settings.

o Then, we conduct a runtime and pattern analysis us-
ing DFTracer [35] for DLIO and our extension. We
performed an in-depth I/O pattern comparison analysis
to check the consistency and identify any discrepancy
between our extension and the original DLIO benchmark.
We chose DFTracer as our evaluation tool as it was
originally developed for DLIO profiling, which is suitable
for a fair evaluation of our work.

D. Al Workloads Parameters

As mentioned in Section 111, we extend the content of bench-
marks section of the configuration file with AI workloads-
specific parameters. The list of new parameters and their
default values are listed in Table II. Note that not all pa-
rameters are listed in this table and this table only contains
the parameters relevant for Al workloads. The table contains
color codes with a white background indicating different stages
of the AI application workflow. The rows with yellow back-
grounds contain notable parameters that can be found in DLIO
configurations to create different patterns. The rows with green
color represent HDF5-specific features. Of particular interest
are the chunking and chunk-size parameters, which are HDF5-
specific features but can also be found in DLIO, which is why
they are highlighted in yellow.

VI. EXPERIMENTAL SETUP

The CLAIX-23 [36] supercomputer cluster at RWTH
Aachen University was used for our experiments. This cluster
consists of Intel Xeon 8468 Sapphire Rapids CPUs with a total
of 96 cores per compute node. CLAIX-23 is a fat-tree topology
cluster utilizing the InfiniBand network with a unidirectional
bandwidth of up to 25 GB/s between nodes. We tested two
filesystems: Lustre and BeeOND (BeeGFS On Demand). The
specifications are as follows:



TABLE II: hSbench extension’s configurations. Rows with yellow backgrounds are parameters found in DLIO configurations
to create different patterns. Rows with green color are for HDF5-specific features.

Parameter Description Type Default
generate-data Enable generation of benchmarking data bool false
train Enable 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
chunking Enable chunking bool false
chunk-size Chunk size int 1024
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 seconds float 0.0
preprocess-time-stdev Standard deviation in preprocessing time in seconds float 0.0
epochs The number of epochs int 5
total-training-steps Maximum number of steps per training per epoch int -1
computation-time Computation time after reading each batch in seconds float 0.323
computation-time-stdev Standard deviation in computation time in seconds float 0.0
random-seed Random seed to be used int 42
eval-time Evaluation time after reading each batch in seconds float 0.323
eval-time-stdev Standard deviation in evaluation time in seconds float 0.0
epochs-between-evals The number of epochs between evaluations int 1
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 HDFS5 metadata operations bool false
collective-data Enable collective HDF5 data operations bool false
subfiling Enable HDFS Subfiling Virtual File Driver bool false

o Lustre - RAIDO type. Stripe count 1 for file size less
than 1 GB, stripe count 4 for file size between 1 — 64
GB, stripe count 16 for file size larger than 64 GB. The
stripe size is 16 MB. CLAIX-23’s Lustre is a production-
level shared storage resource where other users’ activities
in Lustre can affect our experiments.

e BeeOND - RAIDO 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. We can see the impact of
this exclusive usage in Figure 5.

We used Intel compilers 2022 with Intel MPI 2021 to build
our h5bench extension. Our DLIO experiment used Python
3.10.4, PyTorch 2.3.1, and Tensorflow 2.16.2. Our experiments
ran with at least five repetitions to check the variability of the
performance numbers. The list of experiments is as follows:

o Runtime and pattern analysis of the UNET3D work-
load: We ran DLIO and the hSbench extension on four
nodes (32 processes in total) in the BeeOND environ-
ment, as shown in Figure 3, to evaluate our implementa-
tion and ensure the consistency of the results.

o DFTracer analysis: We ran the UNET3D configuration
and also a small case of eight training files with four sam-
ples per file to demonstrate the difference and consistency
between DLIO and our implementation.

o Scaling test: We ran the hSbench extension with 1 to
32 nodes with 24 processes for each node in Lustre and
BeeOND with 384 GB of data for training phase and 96
GB for evaluation phase.

VII. RESULTS

A. Implementation Validation

As described in Section V-C, we used several strategies to
validate our implementation. The first step was to compare the
log VFD outputs to ensure they matched those of DLIO. We
verified that the log VFD generated by the h5bench extension
is identical to the log VFD produced by DLIO. The procedure
for generating these log follows the same method outlined in
Section V-A.

Our next step involves conducting a runtime and trace
analysis on our hSbench extension in comparison to DLIO
runs using the same configurations. In our naive runtime mea-
surement of UNET3D [37] configurations, using DLIO with
a Pytorch backend and our extension with identical settings,
we observed a consistent runtime difference in our experiment
on the BeeOND file system, as shown in Figure 3. This result
is expected since our extension is not a one-to-one translation
of DLIO. TO enhance user understanding, we provide an in-
depth analysis of these differences, ensuring transparency in
how our extension models Al workload behaviors.
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Fig. 3: Runtime comparison between DLIO with Pytorch
backend and the hSbench extension for UNET3D in different
workflow operations.

An in-depth analysis using DFTracer on DLIO with both
Pytorch and Tensorflow backends, as well as our hS5bench
extension, is presented in Figure 2. This figure provides an
overview of how each approach distributes I/O operations
across threads. On the left-hand side, we show the traces

produced by DFTracer when opened using the Perfetto Ul
visualization tool®>. On the right-hand side, we extract and
highlight only the H5Dread calls from the DFTracer trace
shown on the left. Our analysis confirms that each epoch of
the UNET3D configuration consistently has 28 H5Dread calls.

Our pattern analysis reveals that one factor contributing to
the longer runtime is the initialization phase of the PyTorch
and TensorFlow libraries. Additionally, we observe that the
data loader strategy of each library plays a crucial role in
reducing the time required for subsequent I/O operations.
Furthermore, the data exchange strategy, which can be strongly
influenced by the network and hardware setup, can also
significantly impact the I/O time. This impact is particularly
evident in the TensorFlow backend, as shown in Figure 2,
where it produces new threads per epoch. This behavior affects
the duration of some H5Dread calls, as seen on the right-hand
side of the figure.

To further highlight the variations in I/O duration shown in
Figure 2, we performed an addtional test, shown in Figure 4,
comparing the DLIO PyTorch backend with our h5bench

3https://ui.perfetto.dev/
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Fig. 4: HDF5 read operation runtime comparison of DLIO
and h5bench extension with the same configurations of one
process with 8 training files, 4 samples per file, and 4 batch
size resulted in 32 read segments in the trace. The experiment
is done in the BeeOND filesystem.

extension using identical configurations. In this experiment,
calling the HDF5 read function in each segment resulted in
varying I/O times while consistently maintaining an overall
pattern on average. The primary difference between our ex-
tension and the DLIO benchmark lie in the timing of I/O
operations, specifically the start and stop times per epoch
segment, and the duration of each operation.

B. Scaling Tests with Various Filesystems

We start our test using a single node in BeeOND to gain an
initial understanding of workload behavior. For the evaluation,
the metrics used are from the original hSbench (raw read
rate and observable rate) alongside our cluster’s monitoring
service (peak fabric bandwidth). The raw read rate is defined
as the total amount of read data divided by the time in seconds
performing H5Dread. The observable rate is calculated as the
total read size divided by the difference between the observed
time (the total time to complete the benchmark run) and the
total compute time of the benchmark.

The read rate in Figure 5 and subsequent figures is based on
the values reported by hSbench. This figure shows that the read
rate per rank declines as the number of processes increases.
This behavior is expected, as the node becomes fully utilized,
and the peak network (Fabric) bandwidth is reached with 64
processes. Additionally, the overall read rate reaches its highest
point with the maximum number of processes in our test.

When testing the Lustre filesystem at a larger scale (see
Figure 6), we observe that the workload scales as the number
of processes increases. Notably, there is a jump in the read
rate per rank between 96 and 192 processes, which can be
attributed to node and network effects.

Finally, comparing the two file systems side by side in Fig-
ure 7 reveals that the BeeOND file system in our cluster
achieves a higher read rate performance than our Lustre file
system. Our hSbench extension runs indicate the need for
further optimization of the Lustre file system, particularly as
it is mainly used for more traditional HPC workloads.

BeeOND: Read rate perrank

Read Rate [GiB/s]
n

1 2 4 8 16 32 64
Number of Processes

=———Rawreadrate =—Observable rate

BeeOND: Total read rate

Read Rate [GiB/s]

Number of Processes

m—Pawreadrate  ====Observable rate  =====Peak fabric bandwidth

Fig. 5: BeeOND scaling using one node with up to 64
processes.

VIII. CONCLUSIONS & FUTURE WORK

Our h5bench extension successfully mimics the HDF5 func-
tion call patterns of Al workloads, validated through a log
VFD comparison of the DLIO runs. In Section VII-A, we
analyzed the impact of striping the Python library environ-
ment, demonstrating that the underlying HDF5 calls remain
consistent. This analysis shows the importance of holistic
cluster tuning, specifically the need to isolate I/O HDF5
operations from the effects of the machine learning libraries. In
future work, we aim to conduct a more comprehensive analysis
examining the impact of the overall network and data transfer
strategy introduced by the different machine learning libraries.
By extending our study and integrating it with our current
work, we want to gain deeper insights into the I/O impact of
various file formats, such as TFRecord and npz, compared to
the traditional HPC file formats and I/O strategies.

The scaling test confirms that our benchmark works as ex-
pected. We successfully ensured that the benchmark suite and
configurations effectively test both Al and the traditional HPC
workloads already supported by hSbench. With the integration
of Al workloads in hS5bench, users can streamline the HDF5
benchmarking process for their HPC systems. Additionally,
during one of our scaling experiments, we identified the need
to tune our Lustre file system for Al workloads.

As our work represents the initial step in incorporating
Al workloads in the existing benchmark, we currently only
cover a portion of metadata performance, as discussed in Sec-
tion V-B. Future work can extend this coverage by integrating
checkpoint write operations in HDFS, which are not yet used
in existing Al workloads but may become relevant for future
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Fig. 7: Comparison of BeeOND and Lustre scaling up to 16 nodes of 24 processes.

Al applications. In addition, features such as asynchronous I/O
using the VOL connector and other VOL connector features
can enhance the benchmark’s utility. Expanding the scope to
include workloads from various applications beyond DLIO
will provide benchmark users with deeper insights into system
performance across a broader range of AI and HPC workloads.

This extension work is currently under review for pull
request in: https://github.com/arcturus5340/hSbench
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