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Abstract—The complexity of data management in HPC systems stems from the diversity in I/O behavior exhibited by new workloads,
multistage workflows, and multitiered storage systems. The HDF5 library is a popular interface to interact with storage systems in HPC
workloads. The library manages the complexity of diverse I/O behaviors by providing user-level configurations to optimize the 1/O for
HPC workloads. The HDF5 library exposes hundreds of configuration properties that can be set to alter how HDF5 manages I/0
requests for better performance. However, determining which properties to set is quite challenging for users who lack expertise in
HDFS5 library internals. We propose a paradigm change through our H5Intent software, where users specify the intent of I/O operations
and the software can set various HDF5 properties automatically to optimize the 1/0 behavior. This work demonstrates several use
cases where mapping user-defined intents to HDF5 properties can be exploited to optimize 1/O. In this study, we make three
observations. Firstly, I/O intents can accurately define HDF5 properties while managing conflicts between various properties and
improving the 1/0O performance of microbenchmarks by up to 22x. Secondly, I/O intents can be efficiently passed to HDF5 with a small
footprint of 6.74 MB per node for thousands of intents per process. Thirdly, an H5Intent VOL connector can dynamically map 1/O intents
to HDF5 properties for various I/O behaviors exhibited by our microbenchmark and improve I/O performance by up to 8.8 x. Overall, we

found that the H5Intent software improves the 1/0 performance of complex large-scale workloads we studied by up to 11 x.

Index Terms—I/O intents, HDF5, autotuning, HDF5 property lists, configurations

1 INTRODUCTION

ODERN HPC workloads that produce and consume

large amounts of data [1] are known as data-intensive
workloads. These workloads include applications that run
in isolation [2], such as simulation, analysis, and artificial
intelligence (Al) applications, or include multiple applica-
tions that cooperatively execute in a workflow [3]. The
diversification in workloads has changed typical I/O pat-
terns away from being dominated by write-heavy, collective,
sequential patterns in bulk-synchronous simulations to now
include random write-once-read-many (WORM) patterns in
big data, read-heavy patterns in Al, and consumer/pro-
ducer patterns in multi-stage workflows [4]. To manage the
diversity of these workloads, storage system designers and
I/0 library developers have provided configuration param-
eters [5]-[7]. The HDF5 1/0 library is widely used in the sci-
entific HPC community [8] in many new and existing work-
loads, such as VPIC simulations [9], BDCATS data analy-
sis [10], and Cosmoflow physics Al [11]. Like other stor-
age system software, the HDF5 library provides an exten-
sive collection of configurations (through so-called property
lists) that can be used to fine-tune the library’s behavior and
to optimize applications’ I/O performance. Some examples
of optimizations provided by configurations are data fil-
tering, compression, and caching. Setting workload-specific
configurations for optimizing I/O in the HDF5 library can
yield significant performance benefits for the workloads [5].
However, most application developers do not take full
advantage of the performance optimizations available in
the HDF5 library for three main reasons. Firstly, many
application developers are domain scientists with only the
knowledge of “how” they interact with storage systems. In
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the case of HDEF5, the “how” includes high level information
such as the dimensions of the data, type of data stored,
and granularity of writes to the dataset [12]. However,
the high-level information provided by the application is
transformed into multiple lower-level I/O operations by the
HDF?S library, obscuring which HDF5 configurations may be
useful to the application. Secondly, even if application de-
velopers are educated about HDF5 configurations, there are
hundreds of configurations to learn. Also, understanding
which configuration works well for a given use case is rather
complex and often involves benchmarking to perform
expensive parameter tuning of HDF5 properties [13].
Finally, HDF5 configurations have a performance impact on
each other, e.g., where setting one configuration variable can
negate the performance benefits of another configuration
variable. Incorrect configurations could lead to up to 6x
slowdowns for the workloads (Section 2.4). Therefore, we
need an intelligent and extensible way to translate users’
knowledge of I/O behaviors to HDF5 configurations.

In prior work, we proposed a new paradigm where users
pass their I/O intents to the underlying storage software,
which then automatically tunes itself [14]. We implemented
the new paradigm in the Mimir infrastructure, where I/O
intents can be passed by the users and applied at different
levels of the software stack with a focus on the POSIX
layer. However, as every layer of the software stack is
different, this mapping between the user’s I/O intent and
configurations must be explored for each layer. In general,
user intent is defined as “why”, “what”, and “how” users
perform certain I/O operations. Every 1/O operation on a
storage interface is accompanied by a “Why the user wants
to do the I/0O”, “On what entity the user wants to do the
I/0”, and “How the users perform the I/O”.

In this work, we extend the ideas of Mimir to HDF5,
describe the I/0O intents for the HDF5 library, and the
mapping of I/O intents to HDF5 configurations. I/O intents
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on high-level I/O libraries can describe high-level use-cases
such as chunking of datasets, complex subsetting of data,
and compression. The goal of this work is to explore intents
in this high-level I/O interface. An example of an intent
for the HDEF5S interface is “a simulation that performs a
checkpointing operation over HDF5 files using a transfer
size of 4KB”. Here, “checkpointing” is the “why”, “HDF5
files” is the “what”, and “a transfer size of 4KB” is the
“how”. HDF5 provides over 200 configurations to users,
so this work greatly reduces the complexity of tuning the
performance of the HDF?5 library.

We developed the H5Intent software suite that facilitates
the automatic conversion of HDF5 I/O intents into
configurations to dynamically optimize I/O for HPC
workloads. Specifically, the suite consists of a) an extractor to
automatically extract I/O intents from HDF5 applications,
b) a virtual object layer (VOL) connector to dynamically
attach to HDF5 applications at runtime, and c) an intent
API adaptor for new applications to pass I/O intents to
the HDF5 library. To achieve the goals of Hb5Intent, we
investigated a variety of I/O intents that apply to HDF5
applications. Then, we explored the mapping of these HDF5
I/0 intents to various HDF5 configurations as well as the
interplay that occurs when setting multiple concurrent
HDF5 configurations. Finally, we developed the Hb5Intent
suite to make this process automatic and extensible. The
main contributions of this work are:

1) A definition of 1/O intents for the HDF5 library;

2) A mapping I/O intents to HDF5 configurations using
HDEFS5 best practices and heuristics; and

3) Design and Implementation of the H5Intent suite for extract-
ing I/0 intents and autotuning HDF5 configurations;

2 BACKGROUND AND MOTIVATION
2.1 User Intents for I/0

HPC storage-system software utilizes POSIX as its default
I/0 interface for workloads [15]. For instance, parallel file
systems such as GPFS [16] and Lustre [17], node-local burst-
buffer libraries such as UnifyFS [18] and Hermes [6], and
shared burst-buffer technologies such as Datawarp [19] and
IME [20] expose the POSIX interface as their primary mode
of interaction with the storage system. The POSIX interface
is defined within the Linux kernel for manipulating files
and their properties with data APIs (e.g., read and write),
metadata APIs (e.g., fstat, chown, and open/close), and
intent APIs using fadvice. The fadvice API supports a
few common OS file-system-specific user intents [21] such
as sequential or data access. These intents are used within
the kernel to manage OS cache efficiently [22].

However, fadvice was designed for processes running
on the same system accessing a local file system and thus
is insufficient in the context of distributed workloads
running on large-scale storage systems. Therefore, we
proposed a new set of intent APIs, called Mimir API [14], to
systematically extend the existing I/O interfaces and build
an intent-sharing infrastructure for HPC storage systems.
The work demonstrated the benefit of using I/O intents at
the POSIX layer and identified the need to investigate I/O
Intents for other software stack layers. Thus, we extend the
Mimir work to the HDF5 layer and identify an exhaustive

set of I/O intents that are applied at the HDF5 I/0O layer
with tools and libraries to boost scientists” productivity.

2.2 Diversity of HDF5 workloads

The HDF5 data model is designed as an object-based
model with core primitives such as files, groups, datasets,
datatypes, and attributes. These primitives can be used
to build complex scientific data representations using a
set of high-level I/O interfaces aimed at managing data
within a file. Additionally, the HDF5 library consists of
configurations called property lists that tune the library’s
I/O behavior. The HDF5 library is used as an I/O
interface in many workloads in the HPC ecosystem. This
paper showcases exemplary workloads from large-scale
simulation, high-performance data analytics, and Al

VPIC [9] is a general-purpose particle-in-cell simulation
code for modeling kinetic plasmas in one, two, or three
spatial dimensions. VPIC has a native I/O format, built over
the HDEFS library, that interfaces with the high-performance
visualization software. This simulation application performs
large collective I/O using the H5Part library using the MPI-
IO driver within HDF5. Bd-Cats [10] is an HDF5 application
in the cosmology and plasma physics domain that can
perform end-to-end analysis at a trillion particle scale. Re-
garding data loading, the application reads data produced
by a simulation application over eight variables with a data
size in the terabyte scale. The CosmoFlow Al workload [11]
estimates the values of critical cosmological parameters
from a 3D cosmological simulation using deep learning.
The CosmoFlow dataset contains 10K simulated universes
with four redshifts (channels) and 5123 voxels, stored as 16-
bit integers, with the four cosmological parameters used by
the workload to generate the universe. The 1.5TB dataset
contains 50K samples of 32MB each, stored as an HDF5 file.

These workloads demonstrate the diversity of I/0
characteristics among HPC workloads using HDF5. This
makes the I/O characteristics and data exchange between
these workloads even harder to manage by monolithic
storage software such as HDF5.

2.3 Configurability of HDF5 library

Property lists are the main HDF5 feature available for
configuring the behavior of HDF5 API functions [23].
The configurations provided through property lists are
the backbone of satisfying diverse I/O requirements from
modern HPC workloads. Property Lists are attached to
different API classes with HDF5, such as files, datasets,
links, and groups. Additionally, each class of HDF5 object
can be used to modify the behavior of opening or creating
HDF5 objects or when reading or writing data. Property
lists use a session scope with explicit open/create or close
calls from the property lists APIs. Some examples of these
property list configurations are: users can reduce the size of
files on the storage system by enabling compression filters
and metadata compactions; users can perform data caching
by enabling chunk cache or utilize in-memory datasets for
small datasets; users can align I/O with the parallel file sys-
tem by allowing dataset chunking (that splits the data into
multiple pieces), specifying storage layouts, and applying
data-sieving optimizations (which reduces random I/0O by
reading more data); finally, users can increase the reliability
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Fig. 1. Applying CoreVFD and chunking optimization for small accesses
improves the application’s performance, but using intent-driven configu-
ration achieves 4.9 x over naively applying multiple optimizations.

of writing data by enabling error detection and checksum
operations. In this work, we utilize various property lists
which have the most impact on the I/O performance of
the applications. These include general properties [23] that
enable aligned I/0O, file/dataset chunking, caching or in-
memory operations, and control file locking. Additionally,
there are a few HDF5 properties that are only applicable for
file-per-process patterns [24]. For example, the core virtual
file driver (VFD) opens an HDF5 file in memory and flushes
it during close, and the page buffer enables buffered I1/O
through a generic page cache optimization. Finally, there
are some HDF5 properties only applicable for collective
I/0 [25] through the MPI-IO library [26]. For example,
within HDF5 users can configure the number of processes
participating in collective I/O on a common dataset through
multi/one linked datasets, and they can perform collective
I/O on a chunked dataset (a dataset split into multiple
pieces) using the collective chunk I/O property list.

2.4 Motivation

To understand the impact of diverse and dynamic I/O
behaviors on I/O performance for workloads using the
HDEF5 library, we perform a benchmark test with different
I/0O behaviors and HDF5 configurations and measure its
performance on the Lassen machine [27] from Lawrence
Livermore National Laboratory. To motivate our work, we
present a use case where we run a write-only workload
with a transfer size of 4KB writes with a file-per-process
pattern (Figure 1). We run this workload on four nodes
with HDF5 configurations: Core-Virtual File Driver [23],
IMB dataset chunking [23], and both. In these tests, we
observe that different HDF5 configurations combinations
result in different I/O performance. Specifically, for a
small transfer size of 4KB, changing the default VFD
to core VFD improves write performance 4.8x whereas
applying chunking optimization of IMB with default chunk
cache parameters also improves write performance by 2x
(Figure 1 Write BW). However, the overall bandwidth of the
workload does not improve proportionally; for CoreVFD,
the cost of flushing the data from memory to the parallel
file system (PFS) slows down the overall process, which
negates the benefit of in-memory writes; for Chunking,
the creation of the chunked layout along with flushing
of chunk cache dominates the overall I/O time (Figure 1
Overall BW). Furthermore, when we apply both these
optimizations together, the performance is not compounded
as these optimizations have a side effect on each other’s
performance. For instance, applying a chunked layout with
CoreVFD will change the flushing granularity from the
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Fig. 2. At the core of the H5Intent suite is the Virtual Object Layer (VOL)
that converts 1/O intents into HDF5 properties. I/O intents can be passed
to the VOL automatically (Orange flow) and/or Intent APIs (4.2).

whole file to chunks. Therefore, the improvement is only
23% over applying them individually. However, manual
tuning of these parameters with CoreVFD having one
large allocation can improve the overall performance of the
workload by up to 4.9x when compared to the combined
case of naively applying those optimizations (Figure 1
Manual). This example shows the potential of performing
intent-driven optimizations in the HDF5 library.

3 HSINTENT

We provide an end-to-end tool suite for HDF5 workloads to
enable intent-driven optimizations. We utilize the custom
property list infrastructure to capture 1/O intents within
the HDF5 library [23]. We also build an intent generator
to automate the capture of I/O intent for user convenience.
Finally, we design our autotuning framework as a virtual
object layer (VOL) pass-thru connector for cohesive integra-
tion of user intents within the HDF5 library. The VOL is an
HDF5-specific concept that allows system designers to uti-
lize HDF5 API’s and provide their own optimization within
the HDF?5 library. In our case, we envision a transformation
of property lists to move away from library configurations
and towards user-provided I/O intents. The mapping of
the I/0 intents into HDF5 properties would occur in the
VOL layer of the HDF5 library. This transformation would
increase the usability of property lists as users can describe
“how” they use the HDF5 library to manage, store, and
retrieve data. In turn, the HDF5 library will be able to
optimize data access transparently. We aim to design a
solution that is: a) Transparent: requires no change for legacy
HDF5 apps, b) Extensible: can be easily extended to new data
access patterns and HDF5 properties, ¢) Automated: requires
minimal user intervention for its usage, and d) Lightweight:
uses minimal memory for this automated mapping.

At a high level, the H5Intent suite consists of system-
level tools that include an intent generator, a new set
of intent-based properties, and a VOL layer to perform
autotuning of HDF5 properties (Figure 2). At the core
of the H5Intent suite is the H5Intent virtual object layer
(VOL) connector. The VOL connector consists of three
main components: a) Intent Loader: which parses extracted
intents (offline 4.1.) and passed intents (online 4.2) into
in-memory structures for quick lookup during runtime;
b) API Interceptors: part of the VOL that intercept create



IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, VOL. XX, NO. XX, MONTH YEAR

and open calls on every type of HDF5 object such as files,
datasets, groups, and attributes; and c) Rule Engine: that
converts I/O intents into HDF5 properties.

The H5Intent VOL connector can be utilized by users
in two ways. The first mechanism, which is more suited
for new HDF5 applications, is to invoke the custom
intent APl implemented through HDEF5 property lists
(Figure 2 4.2). This gives users fine-grained control to pass
intents and benefits from our runtime autotuning of HDF5
properties. The second mechanism, more suited for legacy
HDF5 applications, automatically extracts I/O intents
using the Intent Generator tool (Figure 2 orange flow).
For this mechanism, users must profile their applications
(offline and at the same scale) using I/O profilers such
as Darshan [28] or Recorder [29] (Figure 2 1.). Then, the
trace file can be passed to the Intent Generator tool, which
will convert high-level access pattern information into I/O
intents (the “how” part) of the workload (Figure 2 2. and 3.).
These extracted I/0O intents are stored as JSON files which
can be loaded using the VOL connector’s extra arguments.

Once the H5Intent VOL loads all intents offline or online,
it will wait for I/O calls on HDF5 objects. On open/create
calls on these objects, the rule engine is executed for the spe-
cificI/O intent, and the rule engine recommends a collection
of properties. Then, the VOL layer applies these optimiza-
tions and calls the native HDF5 VOL connector to perform
the actual I/O operation (Figure 2 5.). The autotuning sug-
gested by the VOL connector’s rule engine enables trans-
parent data access optimizations within the HDF5 library.

3.1 H5Intent VOL

We implement the autotuning of HDF5 properties using the
virtual object layer (VOL) extension interface within the
HDF5 library. The VOL provides a standard interface to
intercept all object operations within the library with the
ability to call the native HDF5 library calls. This feature
makes VOL the most suitable mechanism to transparently
and efficiently autotune HDF5 properties for the workloads.
The H5Intent VOL connector can be provided workload’s
intent using the intent API directly or using a JSON file,
which is automatically generated. In both cases, the VOL
layer gets a list of I/O intents that needs to be converted
into HDF5 Properties. The rule engine at the core is a set
of if/else statements that look for specific intents and map
them to properties. The main logic of the rule engine is to
look for I/0O intents on a given HDF5 object, resolve conflicts
of multiple intents setting the same properties, and then
apply the properties on the correct level of access. To extend
the H5Intent VOL connector with more I/0 intents, devel-
opers have to pass new Intents to the system (either through
the Extractor or APIs), then enhance the Rule Engine to
handle the new 1/0 intent, and finally resolve any conflicts
it might have with existing I/O intent rules. In this work, we
have implemented one rule per I/O intent, which sets mul-
tiple HDF5 properties while internally resolving conflicts.
The source code for the H5Intent VOL, the Extractor, and
the Rule Engine will be open-sourced on acceptance.

3.2 Mapping HDF5 I/O behaviors as 1/O intents

To identify I/O intents of an application, it is sufficient
to capture its I/O behavior [14]. A list of I/O behaviors

TABLE 1
I/O behavior for Dataset
SNo | Behavior Description
1 close_t Timestamp for first and last H5Dclose
2 open_t Timestamp for first and last HSDopen
3 write_b Number of bytes written
4 read_b Number of bytes read
5 write_t Timestamp for first and last H5Dwrite
6 read_t Timestamp for first and last H5SDread
7 access pattern Access pattern for dataset from
(ap) HDF5’s filespace parameters
8 create/ open APl Dataset was created or opened
(open_api)
9 (s:leigzg?lttii?ess Top 5 most accessed segments
10 element size Size of element in dataset
11 # processes Process list involved in accessing
accessing ds dataset
12 . Dataset size in bytes before and
size
after workload run
TABLE 2
I/O behavior for File
SNo | Behavior Description
13 close_t Timestamp for first and last H5Fclose
14 open_t Timestamp for first and last H5Fopen
15 mode Mode for opening/creating file
16 create/open APl File was created or opened
(open_api)
17 # processes Process list involved in accessing
accessing file file
18 size File size in bytes before and
after workload run
TABLE 3
Job Allocation Information
SNo | Behavior Description
19 process per node | Number of processes allocated per node
20 buffers List of buffers available: shm, bb, etc
21 fs Features: stripe size and stripe count

that can be extracted for HDF5 files and dataset objects are
summarized in Tables 1 and 2. These I/O behaviors are
high-level aggregated metrics that are captured by most
profilers [28]. To capture an intent for “a simulation that
performs a checkpointing operation over HDF5 files using
a transfer size of 4KB”, Darshan captures the transfer size
per file which gives us the “what” (the file names) and the
"how” (the transfer sizes) of I/O intents. This level of infor-
mation is easy to capture with low overhead. In addition to
these behaviors, we also capture job information useful to
understand the allocated resources such as nodes and file
system features for the job (Table 3). In this work, all these
behaviors were important for capturing I/O intents (and
eventually autotuning HDF5 properties). However, only a
few I/O behaviors contributed towards the most substantial
performance gains, including access pattern, number of
processes accessing the dataset, element distribution and
size, and read-write behavior of the workload. Also,
job allocation information was neccessary to accurately
tune HDF5 properties. For instance, process per node
information helped determine node-local vs. inter-node
dataset accesses, buffer information was needed to allocate
HDEF5 caches, and file system features such as stripe size
and counts enable alighment optimizations within HDF5.
These behaviors can be combined to build high-level
I/0 intents for the HDF5 workloads. A mapping of I/O
intents and I/O behaviors is shown in Tables 4, 5, 6, and 7.
For instance, to understand if an application performs
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TABLE 4
Primary 1/0O intents of datasets mapped to I/O behaviors
SNo I/O Intents Description 1/0 Behavior
Object is opened
1 multi-session I/O | and closed multiple 1,2
times for I/O
Access pattern for
2 access pattern dataset (write-only, read-only, | 34,56
read-after-write, other)
3 hot segments Dataset segments which 7.9
are most accessed
4 transfer size D'1$tr'1but10n of transfer 79,10
size in dataset
. Which processes share
5 process sharing dataset for 1/0 11
6 fs size Final file system size 78,12
for dataset
. How processes access
7 sharing pattern dataset for 1/0 7,9,10,11
TABLE 5
Primary I/O intents for files mapped to I/O behaviors
SNo | I/O Intents Description 1/0 Behavior
1 multi-session 1/O F_ﬂe is opened and closed multiple 13,14
times for I/O
2 mode Access mode (a, wo, ro, and rw) 15
3 process sharing Which processes share file for /O | 17
4 sharing pattern How processes access file for I/O 7,9,10,17
5 fs size Final file system size for file 18

TABLE 6
Secondary /O intents for dataset mapped to I/O behaviors
SNo | I/O Intents | Description [ I/O Behavior |

1 | mode | Access mode (a+, wo, ro, and rw) [ 15 |
TABLE 7
Secondary /O intents for files mapped to I/0 behaviors
SNo | I/O Intents Description Dataset Intents
Distribution datasets access
1 ds pattern e 2
pattern in file
> ds hot segments Dlstrlbutlc_)n d_atasets hot 3
segments in file
. Distribution datasets transfer
3 transfer size Lo 4
size in file
4 ds process sharing DlStI.‘lbu.tloI‘.l datasets process 5
sharing in file
. Distribution of datasets sizes
5 ds size on fs o 6
in file

multiple I/O sessions, we need information about open
and close time stamps. As another example, to identify
hot segments within a dataset, we need to capture the
distribution of offsets accessed within a file. Two types of
I/0 intents are defined in these tables: primary I/O intents,
which are directly derived from a group of 1/O behaviors,
and secondary I/0 intents, which are derived from a group
of primary I/O intents. For instance, hot segments within
a dataset is a primary I/O intent (Table 4 row 3). However,
hot segments from multiple datasets is a secondary 1/O
intent for the file (Table 7 row 2). Using 21 I/O behaviors
extracted from HDF5 workloads, we identified 18 I/0
intents across the file and dataset. Each I/O intent consists
of a key identifier represented by a 16-bit unsigned int (i.e.,
65,536 intents per entity) and a list of attributes collected
through the I/O behaviors they map from. For instance, for
hot-segments I/0O intent in the dataset, we store a uint16
key and a map of segment index with access frequency,
first access, and last access. This additional information
from I/0O behavior plays an important role in tuning HDF5
properties. These I/O intent objects are encapsulated per
I/0 entity ( defined as an job, software, or data component
associated with a workload [14]) within our tools. Therefore,
the footprint of an I/O entity with its I/O intents is variable
and dependent on the captured I/O behavior. For our
evaluations, the average memory allocated for loading I/0O

entities was around 6MB per node.

Although all the listed I/O intents play an important
role in configuring various aspects of the HDF?5 library, only
a few I/0O intents were key in improving workloads” I/O
performance. These include access pattern, hot segments,
transfer size, fs size, and process sharing. These account for
almost 70% of the performance benefits we get by employ-
ing intent-based autotuning of HDF5. As seen in the map-
ping Tables for I/O intents, multiple I/O behaviors assist in
building an I/O intent. Conversely, each 1/O intent encap-
sulates a different aspect of the I/O behavior of the work-
load. Exploring different I/O intents that may combine I/O
behaviors differently was important for configuring HDF5.

3.3 Mapping HDF5 I/O intents with properties

Once the user’s I/0 intents are extracted or passed to the
software stack, we can utilize the intents to optimize the
application’s I/O. As detailed on our paper on Mimir [14],
every layer of the software stack has its own set of intents
and properties. Therefore, to correctly match these intents
into HDF5 properties, we must understand the plethora
of properties in the HDF5 library. As of version 1.14.0,
the HDF5 library contains about 150 properties, each
tuning a part of the HDF5 library’s behavior. However, in
practice, most users only tune a handful of parameters,
but the impact of many of these parameters is not well
documented. To fill this gap, we provide a collection of
HDF5 properties that directly impact the 1/O behavior
of the application (Table 8). The list has been categorized
based on HDF5 concepts such as chunking, MPI collective,
caching, and layout. For each of these categories, we have
multiple properties that can change the I/O behavior of
the HDF5 library. Finally, these properties are applied
to different objects (e.g., files and datasets) and varying
types of access (e.g., creation, access, or transfer). The table
comprises 37 properties categorized into 12 categories across
datasets and file properties. In this study, the properties
that had the most impact on improving 1/O performance
are chunking, caching, buffering, and MPI optimizations.
The mapping of I/O intents to their corresponding prop-
erties is a complex task. We found a few studies that detail
experiences of configuring HDF5 properties. However, de-
riving the isolated impact on I/O performance from these
existing studies was challenging. Therefore, we perform
benchmarking over these properties to generate the heuris-
tics and present our mapping of the HDF5 properties to I/O
intents. Understanding the HDF5 properties in the context
of I/0 intents is more intuitive. For example, setting the
correct chunk size parameter requires the knowledge of the
application accesses without which the developers have to
try an expensive brute force method for setting this param-
eter. Another example is understanding how the process
sharing intent can guide the selection of appropriate file
drivers and data synchronization primitives for the work-
load. Intuitively, we want to use the “how” of I/O intents to
set these properties. For instance, an intent for “a simulation
that performs a checkpointing operation over HDFS5 files us-
ing a transfer size of 4KB for a 1GB dataset”, we want to use
the core VFD optimization with buffer size as the file that is
written by the workload. This will buffer all the checkpoints
in memory and then flush the 1GB file to parallel file system.
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TABLE 9
Mapping Intents to HDF5 Properties

TABLE 8
Selected HDF5 properties categorized based on intended behavior
S.No. %}’;: Properties Property Class
chunk_cache Dataset Access
1 Chunking | chunk Dataset Creation
chunk_opts Dataset Creation
dxpl_mpio Dataset Transfer
2 MPI dxpl_mpio_collective_opt Dataset Transfer
fap]_mpio File Access
mpi_params File Access
MPI dxpl_mpio_chunk_opt Dataset Transfer
+ -
3 Chunking dxpl_mpio_chunk_opt_num Dataset Transfer
dxpl_mpio_chunk_opt_ratio Dataset Transfer
. szi Dataset Creation
. Reduction def}])ate Dataset Creation
5 Layout layout Dataset Creation
small_data_block_size File Access
edc_check Dataset Transfer
6 Integrity fapl_direct File Access
core_write_tracking File Access
7 Data hyper_vector_size Dataset Transfer
dataset_io_hyperslab_selection | Dataset Transfer
fapl_core File Access
cache File Access
8 Caching file_image File Access
file_image_callbacks File Access
sieve_buf_size File Access
chunk_cache Dataset Access
9 Caching + | file_space_page_size File Creation
Chunking | file_space_page_size File Creation
file_space File Creation
. fapl_stdio File Access
10 Buffering papge_buffer_size File Access
evict_on_close File Access
fclose_degree File Access
11 Metadata file_locking File Access
gc_references File Access
meta_block_size File Access
12 MPI + coll_metadata_write File Access
Metadata all_coll_metadata_ops File Creation

Table 9 presents our mapping of I/O intents to
corresponding HDF5 properties (from Table 8). This table
maps each I/O intent (in column 3) to a list of properties
in HDF5. In most cases, I/0O intents have exclusive HDF5
properties. However, a few HDF5 properties are generic
enough to overlap among multiple intents. In these cases,
we have special handling of setting properties, dependent
on the list of intents present for the workload. For instance,
chunking parameters are used in most I/O intents as their
value would impact I/O behavior for many I/O intents,
such as access pattern, hot segments, transfer size, and
process sharing. In these cases, we derive a value for
chunking based on available intents on an HDF5 object.
Also, H5Pset_dataset_io_hyperslab_selection (in
Table 8 Data Operation category) is used to optimize data
selection based on transfer size I/O intent as well as file
access mode intent (i.e., Table 9 row 4 and 9).

Simultaneously configuring multiple HDF5 properties
(out of about 150) may have unexpected side effects. For
instance, chunking datasets into large pieces will change
how processes write to a chunk (shared or independent).
This will, in turn, change the I/O performance of the HDF5
library. This use case was shown in the motivation section,
where incorrectly combining Core-VFD and chunking could
not achieve the desired I/O boost. However, as we capture
I/0 intents, we can set these properties to eliminate side
effects and work together cohesively to achieve the best
possible I/O performance. For instance, let us assume we
have an access pattern where the workload collectively
writes a fixed number of elements on the dataset. We

S.No | Category I/O Intents Properties Type Index
mutli-session I/O 9
access pattern 1,7
Dataset hot segm(?nts 1,4,8,9,10
1 Primary transfer size 1,37
process sharing 1,2,3,12
fs size 1,89
sharing pattern 1,2,3 12
multi-session I/O 9
mode 7,8,9,11
2 File process sharing 1,2,3,12
Primary sharing pattern 1,2,3,12
fs size 1,89
data integrity
3 SDataset mode 7,8,9,11
econdary
ds pattern 1,5,7
ds hot segments 1,4,8,9,10
4 File Secondary [ transfer size 1,3,7
ds process sharing [ 1,2,3,12
ds process sharing | 1,8,9

can identify this workload behavior by examining access
patterns, transfer sizes, and process sharing I/O intents.
In this case, we select HDF5 properties for chunking,
MPI, and MPI+Chunking to perform I/O with a chunk
size equal to the transfer size of each process and set
MPI parameters to do collective I/O on the chunk with
system-specific aggregators, and set MPI-chunking options
to use independent I/O for more performance. As we show
in the next section, setting these complex parameters with
I/0 intents becomes simple and efficient.

3.4 lllustrative Example

We present an example to illustrate the mappings of 1/0O
behavior to I/O intents to HDF5 properties. Let us consider
a simulation that performs a checkpointing operation over
HDFS5 files using a transfer size of 4KB (using a hyperslab se-
lection) over a 1GB HDF5 dataset (Figure 3). The I/O behav-

1/0 Behaviors 1/0 Intents HDF5 Configurations

multi-session /O H5Pset_fclose_degree

H5Pset_chunk : 1MB
H5Pset chunk cache

HSPset_fapl_core
increment: file_size + 16KB

close/close timestamp

access pattern (filespace) transfer size dist: 4KB

pattern: write-only

elements access dist

element size size on fs

bytes written/read process sharing: FPP

size (existing and final)

# processes accessing ds

Fig. 3. I/O behaviors extracted from a simulation that checkpoints using
a file-per-process pattern. The I/O behaviors are mapped to I/O intents
and then to HDF5 properties using the information from Tables 1-8.

iors for the workload are shown in Figure 3 I/O behaviors.
These 1/O behaviors can be categorized into I/O intent as
described in the above sections with specific intent attributes
as shown in Figure 3 I/O Intents. These 1/O intents, with
their corresponding attributes, guide setting various HDF5
properties as shown in the Figure 3 HDF5 Properties. For
instance, a transfer size of 4KB will result in a small I/O
on the file system. As the application makes multiple such
requests, we can aggregate them into a chunk of size IMB to
optimize data access. Similarly, as the file size is 1GB, we can
use the Core-VFD first to cache all I/O and then flush the
whole file to the PFS. Here, since we know the size of file,
we can do one large allocation during file creation which
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int main(int char: {

H5Pset_file_mode(fapl_id, HSINTENT_WO);
H5Pset_process_sharing(fapl_id, &rank);

file_id = H5Fcreate("my_file.h5", flags, H5P_DEFAULT, fapl_id);
id = H5Dcreate(file_id, "my_dataset", H5T_INT32, dataspace);

H5Pset_xfer_intent(dxpl_id, [0, Iy 0 1);

H5Dwrite(d_id, datatype, mem_4096, ds_0_4KB, dxpl_id, &data);
H5Dwrite(d_id, datatype, mem_4096, ds_4KB_8KB, dxpl_id, &data);

H5Dclose(d_id); H5Fclose(file_id);

H5Pset_file_mode(fapl_id, H5SINTENT_RO);
H5Pset_process_sharing(fapl_id, &rank);

file_id = H5Fopen("my_file.h5", H5F_ACC_RDONLY, H5P_DEFAULT,

fapl_id);
H5Pset_xfer_intent(dxpl_id, [0], [ 1);
d_id = H5Dopen(file_id, "my_dataset");
H5Dread(d_id, datatype, H5S_ALL, H5S_ALL, dxpl_id, &read_data);

H5Dclose(d_id); H5Fclose(file_id);
}

Fig. 4. Example of using H5Intent properties to set I/O intents. Each 1/O
intent can be applied to the correct scope so that the H5Intent VOL can
optimize the data access.

is more efficient than multiple small increments in mem-
ory [6]. As we know the exact I/O behavior of the workload
through I/0O intents, we can accurately set each parameter
automatically for the workload. The performance implica-
tion of these properties is similar to our motivating example
in Section 2.4. Specifically, applying these properties can
improve 1/O performance by up to 4.9x compared to the
combined case of naively applying those optimizations.

3.5 1/0O intents adapter for HDF5

We developed adapters to be transparent mechanisms to
integrate intent within the existing software stack, enabling
existing 1/O software like HDF5 to expose intent-based
APIs that allow users to interact with only one interface
(i.e., their traditional I/O interface) and use I/O intents
implicitly behind the scenes [14]. For HDF5, the property
lists infrastructure already provides a flexible and extensible
way to add APIs for each I/O intent in the system and
map it to different objects at runtime. We use a user-defined
property lists [23] to define each intent within the HDF5
library for a specific object (e.g., file or dataset) and access
type (create, access, or transfer). We use the H5Pregister2
function to create and register an intent within the HDF5
library. The H5P interface would provide finer control of
setting intents of individual datasets, files, or phases of
I/0. This allows new applications to take advantage of
HDEF5’s intent APIs to optimize their workload. We register
a callback while creating these property lists. This callback
converts the user inputs from the HDF5 application into
a data structure for utilization during I/O calls. This
conversion enables efficient O(1) access to each property
list by storing these properties in unordered_map. An
example of using the property list APIs (Figure 4).

3.6 Automatic Extraction of Intents for legacy workload

User intents (especially the “how”) can be automatically
extracted by analyzing the I/O profile of the workload. In
this work, we built an Extractor to convert I/O behaviors

of file and dataset objects into I/O intents of the HDF5
workload. Additionally, we extract job-level information
using JobUtility. These tools extract information from the
workloads and build a JSON file of user intents. During
the workload execution, we attach a Darshan profiler [28]
that provides high-level counters for HDF5. After workload
execution, we run our JobUtility tool to extract job
information (e.g., the total number of nodes and number
of CPU and GPU cores allocated per node) and data intent
(e.g., number of files in the dataset, the format of files in the
dataset, and size of each file). Darshan and utility logs are
collected and stored in a global file system such as GPFS.
After job execution, we use the Extractor, written in
Python, using py-darshan to extract high-level counters. We
write mappings to convert the extracted I/O behaviors into
I/0 intents and store them in JSON format. The H5Intent
VOL connector loads this JSON file during runtime to
generate HDF5 properties by using the Rule Engine.

3.7 Comparision of Intents from different layers

The nature of I/O intents depends on the layer on which
they are applied.. In our previous work, Mimir, we explored
the POSIX layer, expressing I/O intents for bytes of data
on files. In contrast, HDF5 has a rich application interface
with several abstractions that help application scientists.
This motivates this work, exploring different I/O intents
applicable to this high-level I/O library. In terms of applying
I/0 intents, as the HDF5 interface fits more naturally with
the way application scientists think about their data, it
fits more naturally in the concept of I/O intents. Thus,
we were able to represent higher-level concepts familiar to
application scientists in the I/O intents for HDF5. However,
HDEF5 abstractions come with many optimizations com-
pared to fewer optimizations available for the POSIX layer.
This made mapping I/O intents to these optimizations and
configurations much more complex to implement within
Hb5Intent. Finally, intents for both layers differ based on the
information available at each layer. As HDF5 supports richer
abstractions, the amount of information per intent is more
than the POSIX layer.

4 EVALUATION

To evaluate the benefit of autotuning HDF5 properties over
parallel file systems (PFS), we perform experiments across
various workloads, including different transfer sizes, file-
sharing patterns, and heterogeneous workloads. Addition-
ally, we evaluate H5Intent with large-scale HDF5 workloads
to demonstrate the use of the complete system. In this eval-
uation, we used GPFS as the baseline PFS and ran these tests
five times with the variance in the data noted in the figures.
In all these tests, we observe an average memory footprint of
6.74 MB per node on the Lassen supercomputer with I/O in-
tents stored for file and dataset objects. Note that the idea be-
hind these tests is to demonstrate the adaptability of intent-
based autotuning using properties in the HDF5 library.

Hardware: We run the workloads on the Lassen
supercomputer at Lawrence Livermore National Laboratory
(LLNL) [27]. A 23-petaflop IBM Power9 system consists
of 795 nodes connected with a Mellanox 100 Gb/s
enhanced data rate (EDR) InfiniBand network and a 24
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Fig. 5. Manually setting HDF5 properties for different workloads can lead to different impacts on 1/0. Additionally, combining these properties needs
special care; otherwise can lead to sub-optimal results. I/O intents provide the necessary information to make this choice heuristically.

PiB IBM Spectrum Scale file system (also known as GPFS).
Individual Lassen nodes consist of two IBM POWER9 CPUs
(IBM AC922 servers) with a total of 40 cores per node and
256GB of system memory.

Workloads: We use the HDF5 benchmark, called
Hb5bench [30], to showcase various workloads on the de-
signed components. H5bench is a suite of parallel I/O
benchmarks or kernels representing 1/O patterns that are
commonly used in HDF5 applications on HPC systems.
Specifically, we use the h5bench_write and hbbench_read ker-
nels with striping properties to emulate different data access
patterns of HDF5 workloads. We use three striping proper-
ties, namely a) large-stripe: 32 blocks of size 1MB each, b)
medium-stripe: 128 blocks of 64KB each, and c) small-stripe:
128 blocks of 4KB each. Both kernels of H5bench perform
I/O operations on eight dataset objects. All timings and
bandwidths reported for the benchmarking is the output
from the H5bench benchmark. We also employ two scientific
HPC workloads, VPIC-IO [9] and BD-CATS-IO [10], which
are I/0O kernels of a large-scale space weather plasma simu-
lation code and a corresponding data analysis code. In these
tests, H5Intent uses Darshan profiling to extract the I/O
behaviors (described in Table 1, 2, and 3), which incurs an
overhead of up to 1% for the workloads tested. Additionally,
the online Rule Engine (O(1) algorithm) cost is 15us per I/O
operation, which is 0.02% of the application’s execution.

4.1 The impact of HDF5 properties

To demonstrate this complexity and highlight intent-
aware autotuning, we perform an experiment by applying
specific HDF5 properties individually and together, and
measure their impact on the workload’s 1/O performance.
Specifically, we run the hbbench_write workload on four
nodes (160 processes) with a file-per-process (FPP) pattern
with three stripes (as described in the workloads section).
The x-axis shows the different optimizations performed,
the primary y-axis shows the time in seconds, and the
secondary y-axis shows the aggregate I/O bandwidth
achieved across all ranks in GB/s.

The default property of HDF5 properties provides
relatively good performance for HDF5 workloads (Figure 5).
In these tests, as the data is sequentially written with a
fixed block size and the I/O per-node fits in memory,
popular recommendations from the HDEF5 library are to
use dataset chunking and Core-VFD to optimize writes
to the HDF5 file. Specifically, we set the chunk size [23]
(for chunking) to align with the GPFS stripe size of 1MB,
and the increments in Core-VFD [23] equal to the transfer

size. For the Core-VFD optimization, the write bandwidth
(Figure 5 brown line with a triangle) improves significantly
as all I/O on the dataset happens in memory. However, the
file creation (H5Fcreate), file flush (H5Fflush), and file
close (H5Fclose) times increase for the Core-VFD. This is
because of the memory allocation cost and flushing cost of
the Core-VFD driver. Specifically, we see an average increase
in write bandwidth by 3.3, but the overall bandwidth (i.e.,
including metadata) decreases by almost 3x in some cases.

For the chunking optimization, we see that the write
bandwidth improves for the small-stripe transfer size,
but as the transfer size is relatively big for medium and
large-stripe cases, the chunking does not improve the write
performance of the workloads. However, the metadata
and flushing cost reduces as compared to the baseline.
Therefore, the application’s overall performance improves
by 10% for large and medium stripes and about 2x for
small stripes. Finally, naively applying both optimizations
together with the same parameters reduces the performance
of the workloads by 4.2 for large and medium stripes and
improves the small stripes by just 20%. These tests show the
complexity of setting properties to optimize I/O workloads.
This is because applying the chunking optimization reduces
the flush granularity of the HDEF5 library and therefore
reduces the overall performance.

For Hb5Intent, we get workload information from the
I/0 intents described in Table 9. Therefore, H5Intent can
optimize correctly for each workload while combining the
properties based on the Rule Engine. For fairness, we restrict
Hb5Intent to only two properties used by our baseline and
present the result in Figure 5 as H5Intent. Specifically, based
on the intents for each case, H5Intent sets the chunk size
to be transfer size only if chunking is applied individually.
If the Core-VFD optimization is involved, we do not use
the chunking optimization to allow the HDEF5 library to
flush the whole file in one operation. Additionally, we set
the CoreVFD increments to the file size to allocate one
large memory buffer at the start of the application instead
of many small memory reallocations. This workload-
aware optimization from Hb5Intent balances the write
cost with metadata cost to improve overall performance.
Specifically, we see that we improve the application’s
overall performance by 1.68x, 1.13x, and 23x compared
to the baseline. If we compare the best optimization case
among the three optimization baselines again, we have an
average improvement of 7x across all stripe cases. These
tests demonstrate the complexity of manually optimizing
HDF5 properties and the role I/O intents can play in
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Fig. 6. Under different workloads, fine-tuning HDF5 properties without
workload-knowledge is very difficult. Introducing intents from workloads
can assist in the accurate setting of parameters. We can achieve up to
2.1x by performing intent-based HDF5 autotuning.

autotuning the HDF5 library for HPC workloads.

4.2 The benefit of H5Intent with file-sharing pattern

The HDF5 library allows users to utilize two file-sharing
patterns: a) file-per-process and b) shared file access. In
both cases, the library sets default properties that might
optimize users’ workloads. However, each application is
unique; therefore, the library can not achieve optimal I/O
performance over the storage system. To demonstrate the
role of I/0O intents through HSIntent in these workloads,
we run the hbbench_write workload and show FPP with
large-stripe and shared file pattern with small-stripe. We
weakly scale the workload from 2 to 8 nodes (ie., 320
processes in the largest scale). The x-axis shows the scaling
of nodes, the primary y-axis shows the time in seconds, and
the secondary y-axis shows the aggregate I1/O bandwidth
achieved across all ranks in GB/s.

For file-per-process with large stripes, the default
property of the HDF5 library improves the workload’s
write and overall I/O bandwidth (Figure 6(a) black lines
with square) but it is sub-linear to the weak scaling. This
is because we increase flushing costs (during HS5Fflush
and H5Fclose) as we increase node counts. Specifically,
the write bandwidth increases almost linearly (i.e., 1.92%),
whereas the overall bandwidth only increases by 1.5x. In
the case of H5Intent, we capture the I/O intents with the
following values; a) transfer size: 1MB, b) access pattern:
write-only, ¢) the size on fs: 1GB per file, d) hot segments:
sequential access on recency, and e) process sharing:
file-per-process. Using these intents for the 8-node case,
the Rule Engine configured HDF5 with the following final
file-level properties; a) Core-VFD: increments-1GB, b) cache:
size-1GB and slots-320, c) file close degree: STRONG, and
d) page buffer: size-1GB. Also, the Rule Engine configured
HDEF5 with the following final dataset-level properties; a)
chunk cache: size-128MB and slots-1, b) chunk: size-32MB,
and hyperslab selection: offset-0, size-32MB. With these
properties, we see that the write bandwidth of Hb5Intent
improves by 1.58x over the baseline (Figure 6(a) dashed
lines with a triangle). This optimizes the overall bandwidth
by 2.1x on the largest scale (Figure 6(a) dotted lines
with a triangle). This is because we fine-tuned the HDF5
dataset chunk caches so that the HDF5 library can perform
large flushes between the memory and the file system by
accurately setting the cache parameters for the dataset.

For shared-file with small stripes, the default property of
the HDF5 library does not scale with the number of nodes as
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Fig. 7. For workloads with different data access patterns within phases,
intent-based HDF5 properties reduce the complexity of autotuning
HDF5 and optimize workloads by up to 8.8x.

both write, and the overall I/0O bandwidth of the workload
decrease by 53% (Figure 6(a) black lines with square). In
this case, the MPI-IO driver has a lot of contention as it does
not know how the workload is accessing the dataset. In the
case of H5Intent, we capture I/O intents with the following
values; a) transfer size: 4KB, b) access pattern: write-only,
c) the size on fs: 160MB, d) hot segments: sequential access
on recency, and e) process sharing: shared-file collective
I/0. Using these intents for the eight-node case, the Rule
Engine configured HDF5 with the following final file-level
properties; a) mpiio: comm-size, b) cache: size-4MB and
blocks-320, and c) close degree: STRONG. Also, the Rule
Engine configured HDF5 with the following final dataset-
level properties; a) chunk cache: size-2MB and slots-320, b)
chunk: size-160KB, c) mpiio chunk opt: multi, d) mpiio chunk
opt num: 40, e) mpiio chunk opt per: 12.5%, and f) hyperslab
selection: offset-0, size-16MB. These properties improve
write bandwidth by 28% and overall bandwidth by 41%
(Figure 6(b) orange lines with a triangle). This is because all
processes contribute 4KB requests together on a chunk of
2MB which improves the overall granularity of I/O through
MPI-IO. Additionally, the library is aware of this behavior
and can apply MPI-1O level optimizations for the workload.
These tests demonstrate the effectiveness of passing
accurate I/O intents (with behaviors) to the HDF5 library.
We can see fine-tuning even in complex cases for PFS,
ssuch as small data shared-file accesses to the PFS, can be
optimized within the HDF5 libraries using H5Intent.

4.3 Benefit of H5Intent with heterogeneous workloads

In all the above tests, the I/O on the datasets was
homogenous. However, when different datasets within a
workload exhibit different I/O behaviors, tuning the library
for each dataset and the whole file is a more complex task.
To demonstrate the role of I/O intents through Hb5Intent
in heterogeneous workloads, we run the hbbench_read
workload and show FPP and shared file pattern with all
stripes (i.e., large, medium, and small stripe). We weakly
scale the workload with 16, 32, and 64 node (i.e., 2560
processes in the largest scale). The x-axis shows the scaling
of nodes, the primary y-axis shows the time in seconds, and
the secondary y-axis shows the aggregate 1/O bandwidth
achieved across all ranks in GB/s.

For file-per-process, the default property of the HDF5
library improves the read bandwidth by only 21% and the
overall bandwidth by about 9% (Figure 7(a) black lines
with square). This is because, by default, read access on
the HDF5 file does not avoid file locking as the benchmark
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Fig. 8. H5Intent optimizes the large writes from VPIC by up to 12x by
dynamically tuning the chunking and MPI-1O parameters.

opens the HDF5 file in the read-write mode. Additionally,
this bandwidth is dominated by the small transfer size
operations, and therefore, the improvements from large
accesses are negated by the slowdown from small accesses.
In the case of H5Intent, we capture I/O intents with the
following values; a) transfer size: 4KB, 64KB, and 1MB
each 33% accesses, b) access pattern: read-only, c) the size
on fs: 1.26GB per file, d) hot segments: sequential access
on recency, and e) process sharing: file-per-process. Using
these intents for the 64-node case, the Rule Engine con-
figured HDF5 with the following final file-level properties;
a) Core-VFD: increments-160MB, b) cache: size-160MB and
slots-320, ¢) file close degree: STRONG, d) page buffer:
size-160MB, and e) file-locking: disabled. Also, the Rule
Engine configured HDF5 with the following final dataset-
level properties; a) chunk cache: size-160MB and slots-1,
b) chunk: size-32MB for large, size-2MB for medium, and
512KB for the small dataset, and hyperslab selection: offset-
0, size-32MB for large, size-2MB for medium, and 512KB
for the small dataset. As the dataset properties are based
on per-dataset I/O intents, the specialized property for this
workload results in 3.6x speedup in read bandwidth and
2.2x speed up on the overall bandwidth in the largest scale
(Figure 7(a) orange lines with a triangle). Finally, as the
scale of the workload increases, the benefit from the file’s
specialization also increases.

For the shared file case, the default property of the
HDF5 library does not scale well as we increase the node
count. Specifically, we see a slowdown of 35% in read
performance. Again, similar to the FPP case, the MPI-IO
driver is not optimized for heterogeneous dataset transfer
sizes. In the case of H5Intent, we capture 1/0 intents with
the following values; a) transfer size: 4KB, 64KB, and 1MB
each 33% accesses, b) access pattern: read-only, c) the size on
fs: 3.1TB, d) hot segments: sequential access on recency, and
e) process sharing: shared-file collective I/O. Using these
intents for the 64 node case, the Rule Engine configured
HDF5 with the following final file-level properties; a) mpiio:
comme-size, b) cache: size-50GB and blocks-320, c¢) close
degree: strong, and e) file-locking: disabled. Also, the Rule
Engine configured HDF5 with the following final dataset-
level properties; a) chunk cache: size-52GB and slots-320,
b) chunk: size-1.2GB for large, size-80MB for medium, and
20MB for the small dataset, ¢) mpiio chunk opt: multi, d)
mpiio chunk opt num: 40, e) mpiio chunk opt per: 1.56%, and
f) hyperslab selection: offset-0, size-32MB for large, size-2MB
for medium, and 512KB for the small dataset. With these
properties for the workload, we see an aggregate overall
bandwidth increase of 7x and an aggregate read bandwidth
increase of 7.8x. The benefit of fine-tuning HDF5 properties
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Fig. 9. BD-CATs is optimized by H5Intent VOL connector’s autotuning of
HDFS5 properties by up to 68%.

increases on larger scales by up to 8.8 for 64 nodes.

4.4 Large-scale workload performance
4.4.1 VPIC

Scientific simulations, such as VPIC [9], typically progress in
time steps. After one or more time steps of computations, all
processes collectively checkpoint data to the storage system.
We use the VPIC-IO kernel to evaluate how an application
will benefit from H5Intent. In VPIC-IO, each process writes
eight variables with a total size of 256MB in each time step.
We run VPIC for ten-time steps. Essentially, VPIC creates a
single large file that stores all the variables and time steps.
We weakly scale the workload with 16-128 node (i.e., 5120
processes in the largest scale). The x-axis shows the scaling
of nodes, the primary y-axis shows the time in seconds, and
the secondary y-axis shows the aggregate I/O bandwidth
achieved across all ranks in GB/s. The default properties
of the HDF5 library do not scale well as we increase the
number of nodes (Figure 8 Baseline). Specifically, the write
bandwidth reduces by 34% as we double the number of
nodes. Similarly to the shared file benchmark, the MPI-IO
driver has a lot of contention as it does not know how the
workload is accessing the dataset. In the case of H5Intent,
we capture I/O intents with the following values for
128-node case; a) transfer size: 1IMB and 256KB, b) access
pattern: write-only, c) the size on fs: 1.2TB, d) hot segments:
sequential access on recency, and e) process sharing: shared-
file collective I/O. Using these intents for the 128-node case,
the Rule Engine configured HDF5 with the following final
file-level properties; a) mpiio: comm-size, b) cache: size-1MB
and blocks-5120, and c) close degree: strong. Also, the Rule
Engine configured HDF5 with the following final dataset-
level properties; a) chunk cache: size-1MB and slots-5120, b)
chunk: size-10GB, c) mpiio chunk opt: multi, d) mpiio chunk
opt num: 40, e) mpiio chunk opt per: 0.78%, and f) hyperslab
selection: offset-0, size-256MB. With these properties, we see
the write bandwidth, as well as the overall bandwidth of
VPIC, increases at an average of 8.33 x. Additionally, as the
scale increases, the benefit of fine-tuning increases up to
12.45x write bandwidth for 128 nodes.

4.4.2 BD-CATS

Scientific applications often involve workflows where data
producers and consumers share data. BD-CATS is an analyt-
ics application that reads data produced by VPIC and finds
centroids of clusters [10]. We use the BD-CATS IO kernel to
evaluate how an application will benefit from H5Intent. In
BD-CATS-1O, each process reads back eight variables with
a total size of 256MB in each time step from a single shared
file (as written by VPIC). We run BD-CATS for ten time steps
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on 16-128 node (i.e., 5120 processes in the largest scale). The
x-axis shows the scaling of nodes, the primary y-axis shows
the time in seconds, and the secondary y-axis shows the
aggregate /O bandwidth achieved across all ranks in GB/s.
The default properties of the HDF5 library do not scale well
as we increase the number of nodes (Figure 9 Baseline).
Specifically, the read bandwidth increases by only 5% as we
double the number of nodes. Similarly to the shared file
benchmark, the MPI-IO driver has a lot of contention as it
does not know how the workload is accessing the dataset. In
the case of H5Intent, the I/O intents and Rule Engine output
were similar to VPIC. Therefore, we highlight the differences
here. We capture 1/0 intents; a) access pattern: read-only.
Using these intents for the 128-node case, the Rule Engine
configured HDF5 with the following final file-level proper-
ties; a) file-locking: disabled. Also, the Rule Engine config-
ured HDF5 with the same final dataset-level properties as
VPIC. With these properties, the BD-CATS application gets
68% higher bandwidth than the Baseline. This increase is not
as substantial as in our other micro-benchmarks. The reason
is that the number of I/O operations is only eight here as
opposed to thousands in the other micro-benchmarks.

5 RELATED WORK

Autotuning for HPC applications applies to many use cases
ranging from compile-time to run-time optimizations [31].
Specifically for parallel 1/O, researchers have tuned I/O
parameters using heuristics, genetic algorithms, and even
machine learning techniques. SHAMan is an autotuning
framework for HPC I/O parameters that utilizes heuristics
to find the optimal parametrization of an Input/Output
(I/O) accelerator for an HPC application [32]. Researchers
in another reference optimize I/O parameters for LSM-
tree-based key-value stores by quantitatively studying and
comparing five optimization methods [33]. Finally, the au-
thors of CAPES propose a g-learning approach using Al
techniques to optimize the performance of Lustre file sys-
tems and compare their results with genetic algorithms and
Bayesian optimization. Specifically for the HDF5 library, the
authors of H5Evolve [13] propose using a genetic algorithm
to explore the parameter space for understanding which
parameters improve I/O performance based on benchmark-
ing results. Also, authors of [34] present an I/O autotuning
framework for the MPI-IO library with a naive strategy
based autotuning that tries all possible combinations of
configuration parameters to find the best. All these refer-
ences highlight the complexity of fine-tuning I/O based on
workloads. In this work, we propose to use I/O intents so
that the storage systems do not need to run expensive au-
totuning algorithms. This work extends our previous work
by defining HDF5-based 1/0O intents, designing an adaptor
based on HDF5 property lists, and demonstrating use cases
of using HDF5 properties correctly for the HPC community.

6 CONCLUSION

This work showcases the importance of I/O intents for
autotuning HDF5 configurations for various I/O workloads
using micro-benchmarks and real large-scale applications.
We detail the design of the H5Intent software suite, which
consists of a) the Intent Generator that automatically maps
I/O behavior from darshan traces into I/O intents, b)

the Rule Engine that dynamically maps I/O behaviors to
HDF5 configurations while managing conflicts, and c) the
Hb5Intent VOL that intercepts HDF5 applications at runtime
to transparently configure HDF5 applications based on the
rules. Additionally, we demonstrate that using I/O intents
to define HDF5 configurations using our Rule Engine can
improve the I/O performance of synthetic workloads by up
to 22x. Also, we showcase that the H5Intent VOL has a
small footprint of 6.74MB per node and 7.24MB per appli-
cation for file-per-process and shared file access patterns,
respectively. Finally, we demonstrate the benefit of I/O in-
tents for diverse I/O behaviors within a workflow through
our micro-benchmarking and improve I/O performance by
up to 8.8x. In conclusion, I/O intents can enable workload-
aware optimizations for large-scale workloads such as VPIC
and BD-CATS with an 1I/O performance improvement of
11x and 1.48x, respectively, on the Lassen supercomputer.

As a part of future work, we plan to incorporate
Hb5Intent as a “root” VOL, which dynamically configures
HDF5 properties and other data management VOLs for
HPC systems. Additionally, we plan to extend the heuristics
in mapping intents to HDF5 properties with a machine
learning algorithm that can learn this mapping based on
data. Also, we plan to extend our VOL to introduce internal
capturing of intents to validate intents provided by the user
or capturing new intents. Finally, we will extend our work
to capture I/O intents online that can more effective for
workloads with irregular patterns.
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