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Abstract—High-Performance Computing (HPC) systems typ-
ically provide a global storage system to support large-scale
workload’s 1/0 requirements. However, these workloads have di-
versified from traditional simulation to include big data analytics
and Al workloads. HPC systems include hardware accelerators
and storage software with configurations to support this workload
diversification. However, selecting the correct combination of
these configurations for each workload is a complex task even
for I/O experts. To address this problem, we designed TailorFsS,
a software abstraction using FSView that transparently selects
the appropriate file system characteristics including software
abstractions, hardware accelerators, and optimizations to accel-
erate I/O for a given workload. Given a workload’s behavior,
TailorFS chooses an appropriate software existing in the system
and a corresponding configuration to dynamically optimize the
workload. With TailorFS, users can utilize any interface to
perform I/O on the file system and get the correct software
selected for them based on the described behavior. Finally,
TailorFS can accelerate I/0 for different workload types by up to
46 x by utilizing workload characteristics. In conclusion, TailorFS
can accelerate complex HPC workflows by up to 6.5x better I/O
performance on the Lassen supercomputer by using dynamically
created workload-aware FSViews.
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I. INTRODUCTION

Modern HPC workloads that transfer large amounts
of data [1] are known as data-intensive workloads.
These workloads consist of single applications [2], such
as simulation, analysis, and artificial intelligence (AI)
applications, and multiple applications that coordinate within
a workflow [3]. HPC systems are equipped with new hardware
(e.g., hierarchical storage [4]-[6]) and software solutions (e.g.,
middleware I/O libraries [7]-[9]) to tackle workload diversity.
These solutions have demonstrated their effectiveness in
improving workloads’ I/O performance.

Recent studies have proposed several hardware and software
solutions to tackle the diversity of workloads. Each solution
caters to a specific class of workloads often characterized by
their I/O behavior. For example, hierarchical storage acceler-
ators such as node-local and shared burst buffers along with
buffering solutions [7]-[9] accelerate traditional simulation
applications by accepting write data into faster tiers and asyn-
chronously moving them to slower but larger storage devices.
Another example, HPC-Cloud integration solutions [10]-[13]
enable efficient access to scientific data for high-performance
data analytics kernels such as k-means clustering and linear

regression algorithms to increase their I/O performance. Addi-
tionally, data management solutions [14]-[16] provide efficient
data ingestion of scientific data to increase I/O performance
for Al frameworks such as TensorFlow, PyTorch, and LBANN.
These approaches demonstrate the benefit of specializing
in software and hardware for specific use cases that can
significantly improve the I/O performance of many workloads.

Even with existing approaches for improving performance,
it is a challenge for users to adopt these approaches into their
workflows for three key reasons. First, in terms of hardware
support, HPC systems provide hierarchical storage devices that
can improve performance for specific use cases. However,
different devices should be used in different cases, such as
SSD for random access or shared memory for intra-node
process communication. Second, researchers provide software
abstractions [7]-[9] and configurations to simplify the access
to hierarchical storage. However, each solution is best for
different workloads, such as UnifyFS [7] is best for collec-
tive I/O buffering, whereas Hermes [8] provides independent
data placement strategies to efficiently support file-per-process
workloads. This makes the choice of which software to use
and with what configuration a hard problem to solve for users.
Third, even if we assist application users with specific software
and configurations manually, we see most workloads consist of
multiple applications coordinated in a workflow. The presence
of workflows results in different I/O requirements for different
parts of the workload and makes the manual application of
these software solutions for this dynamic environment imprac-
tical. Therefore we need an automated way to present a file
system abstraction for the user, which can change its hardware
and software characteristics dynamically and improve I/O
performance for this complex and diverse environment.

In this work, we develop TailorFS: a middleware library that
dynamically selects the best software and its configurations
available on the HPC system to optimize different parts of the
workload. The fundamental idea behind TailorFS is a soft-
ware abstraction called FSViews that selects existing system
software that matches the workload’s I/O requirements. For
example, the FSView for processes in workload that perform
collective writes to a file uses UnifyFS to buffer collective
writes efficiently into node-local burst buffers. Alternatively,
the FSview for a set of processes in the same workload that
performs random, independent reads uses ZFS over node-local
NVMe with the POSIX interface. TailorFS simply determines
the best way to use the I/O software stack and hardware



already on the system for the current workload’s I/O require-
ments. Users can utilize any interface to interact with the
file system, and TailorFS transparently utilizes the best option
available from the existing software stack to accelerate 1/0.
We run a microbenchmark with the available hardware and
software solutions on the Lassen cluster at LLNL to determine
the best software for different workloads’ I/O requirements.
These results are used to drive the TailorFS engine that
chooses the best software and configurations for the 1000
Genomes workflow on the Lassen machine and optimizes the
workflow by up to 6.5x. TailorFS’s benchmarking module can
be executed on a new supercomputer once to allow users
to fully utilize the supercomputer without needing explicit
changes to their workloads. The contributions of this work are:

1) Design and implementation of TailorFS for creating dy-
namic FSViews with workload-aware features to handle
changing I/O requirements within an HPC workload.

2) Comprehensive study of I/O behavior by benchmarking a
collection of different workloads aimed at understanding
the impact of solutions on overall I/O performance.

3) Evaluate the benefit of TailorFS on large-scale workflows
on the Lassen supercomputer.

II. BACKGROUND

In the last decade, HPC data-intensive workloads have
significantly diversified with applications from the cloud
environments [17]. The primary examples of these workloads
are high-performance data analytics and Al that support
traditional simulations to reduce the modeling cost within the
simulation workloads [18]. This diversification of workloads
in HPC environments has resulted in I/O requirement
diversification in these workloads.

Modern high-performance data analytics workloads
perform embarrassingly parallel algorithms to access and
perform transformations on the data [19]. We describe the I/O
requirements for some of the popular workloads in HPC from
analytics, artificial intelligence, and multi-stage workflows
using BD-CATS [20], k-means Clustering [21], and Linear
Regression [22] for analytical workloads. The common I/O
characteristic of these workloads is that they iteratively
traverse over the data to converge to a solution for their
respective analytical algorithm. A key difference between
these workloads’ I/O characteristics is that the data they
consume are accessed with different I/O features. BD-CATS
operates on a shared HDF5 file using MPI-IO semantics,
k-means reads points from files often divided by the number
of tasks in the algorithm, and Linear Regression models often
consume large CSV data of floating-point values.

For background on Al workloads, we describe CosmoFlow
using LBANN [23], Neutrino and Cosmic Tagger with UNet
(Cosmic Tagger) using PyTorch [24], and Distributed Flood
Filling Networks (DFFN) using TensorFlow [25]. All these
workloads consume large HDF5 datasets, but the nature of the
dataset differs between these workloads. In terms of I/O char-
acteristics, CosmoFlow consumes multiple HDFS files using

MPI-IO semantics (shared-file access), where each file repre-
sents a sample of size 32 MB. In contrast, Cosmic Tagger and
DFFN consume large HDFS files using h5py APIs and stripe
the file in memory. Another difference in these workloads is
the nature of the frameworks used. For instance, CosmoFlow
has been implemented in multiple frameworks LBANN (most
recent), TensorFlow, and PyTorch. Each Al framework has its
I/O optimizations and configurations, which will impact the
way the storage system performs prefetching for each of these
instances of the workload. The I/O characteristic of the type
of Al framework used from these workloads dictates different
I/O requirements from the workload for the storage system in
configuring prefetching schemes for the dataset.

For background on workflow I/O requirements, we describe
large-scale workflows such as Multiscale Machine-Learned
Modeling Infrastructure [26] (MuMMI), Montage [27], and
1000 Genome [28] workflows. These workflows contain
multi-step applications with a collection of simulation,
analysis, and AI stages. These workflows contain several
unique I/O characteristics. First, the behavior of I/O changes
as the workflow goes through different stages. For example,
during the simulation stage of MuMMI, the application
produces a write-heavy workload of generating checkpoints.
Whereas during the AI stage, the workload iteratively reads
the simulation data to train the AI model over several epochs.
Second, as the workflow progresses, the I/O behavior changes
for the same file. Specifically in Montage, the intermediate
files are written by a group of processes that are only read
by other stages. Therefore, the I/O characteristic changed
from write-only for one application to read-only for another
on the same collection of files. Finally, different files within
a workflow can exhibit different I/O characteristics. For
instance, the 1000 Genomes workflow accesses millions
of files, some of which are accessed in producer/consumer
access patterns, some are only produced as checkpoints, some
are generated, some are only needed temporarily, and others
are accessed independently by workflow processes.

The I/O requirement for the storage system varies greatly for
each of these diverse characteristics. For instance, to support
efficient producer/consumer between stages of the workflow,
the storage system needs to provide efficient data-sharing op-
timizations such as RDMA and NVMe-over-fabric that enable
access to remote compute node storage. Additionally, to man-
age node-local temporary data efficiently, the storage system
should temporarily cache and, once no longer needed, discard
the data from the local shared memory of the compute nodes.

III. MOTIVATION

The diversity and dynamicity of I/O requirements among
HPC workflows make storage infrastructures with a one-size-
fits-all approach highly inefficient. This has led to sub-par I/O
performance for workloads that get less than 1% of the peak
bandwidth from underlying storage infrastructure [29]. Diverse
HPC workloads would have a different storage requirements
for the storage system (Figure 1). For instance, simulation
workloads with checkpoint and restart features require a
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TailorFS unifies multiple solutions and chooses the best one based on workload
requirements.

Fig. 1. Diverse HPC workloads have different requirements from storage
systems that multiple storage solutions can serve. Each selection would result
in different performance characteristics. TailorFS unifies these solutions as
file system features to alleviate this burden from the users.

storage system to accept the data from the workload quickly
and then reliably move to parallel file systems (PFS). Another
example is Al workloads that require smart prefetching to
make samples available for training with no perceivable delay.
These requirements can be served by many storage middleware
solutions within an HPC system. Each storage solution has its
own file system features, such as granularity of I/O, persistency
guarantees, and requirement of resources for its operation.
For instance, we can utilize both Hermes and UnifyFS to
accelerate WORM access patterns. However, UnifyFS has a
more isolated data movement behavior over node-local stor-
age, whereas Hermes provides a locality-aware prefetching for
workloads. Both these solutions would work for this workload,
but an emphasis on read-optimizations would result in higher
overall performance. Most HPC users are not aware of the
internal workings of these solutions and tend to utilize the
easiest option available. Based on these observations, TailorFS
aims to unify multiple solutions in the software stack and
choose the best software and its configurations dynamically
based on workload characteristics.

IV. TAILORFS

TailorFS is a middleware library between the workloads
and the HPC system that provides a tunable file system
abstraction with efficient storage features based on the I/O
requirements of various workloads. TailorFS’s tunable file
system abstraction allows users to transparently use the
correct solution from the software stack for their workload
behavior. TailorFS includes four features based on our
observations of different I/O patterns. First, the I/O interface
with which the workload should interact with the file system
should be suitable for the data access performed by the
workload. Second, middleware I/O libraries available in the
system to accelerate certain types of I/O patterns should
be correctly configured to optimize workload-specific data
access. Third, storage accelarators available in the system,
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Fig. 2. From a high level, TailorFS is a middleware library that utilizes
extracted I/O behaviors from HPC workloads to map it to a diverse set of
I/O software and hardware available in the system. This mapping happens
at the granularity of each file stored and accessed from the file system.
TailorFS provides a virtual file system abstraction called FSView that provides
specialized storage features for each part of the workload.

such as node-local or shared burst buffers, should be used to
reduce I/O latency and increase I/O bandwidth in workloads.
Finally, workload-aware I/O optimizations to dynamically
provide specific file system optimizations for specific parts
of the workloads, such as buffering and prefetching, are
essential to maximize I/O performance for workloads. To
design TailorFS, we prioritize the following core objectives.

1) Dynamic: TailorFS dynamically constructs an abstract file
system with workload-specific storage features.

2) Granular: TailorFS adjusts file system features for different
granularities such as workflows, applications, and files.

3) Extensible: TailorFS is extensible so that new middleware
libraries or file systems can be supported.

4) Lightweight: TailorFS library maintains a low memory
footprint and a low overhead on I/O performance.

TailorFS is a middleware library that attaches to the work-
load’s process (Figure 2). The three main components of Tai-
lorFS are Interceptors, FSViewManager, and TailorFS Engine.
The flow of operations consists of a control (purple line and
solid) and data paths (green line and dotted). The control
path is responsible for building abstract file systems for the
workload whereas the data path involves the workload’s 1/0
path within the HPC system. To understand the requirements
of HPC workloads, researchers utilize application profilers
with analysis tools [30] to extract I/O behaviors from different
parts of the application (Figure 2 arrow 1.). This extraction is
performed offline, and the extracted I/O behaviors are given
to TailorFS as input for building workload-aware file systems.
During the execution of the workload, the TailorFS library
is preloaded along with the workload as part of the batch
scheduler’s job submission script (Figure 2 arrow 2.). When
the TailorFS library is loaded, the application information
(from system runtime) along with its I/O behavior is loaded
and passed to the TailorFS Engine (Figure 2 arrow 3.).



The TailorFS Engine is the central component of the Tai-
lorFS library which maps the I/O behavior to corresponding
file system characteristics called an FSView. This mapping
is passed to the FSViewManager, which is responsible for
creating and destroying FSViews based on the requirement of
the workload. An FSView created by the FSViewManager, is a
file system abstraction that contains the I/O interface, software
libraries, storage accelerator, and I/O optimizations that should
be used for specific files in the workload. An FSView is shared
between files, processes, or applications that have the same
I/O requirement for the storage infrastructure. For instance, for
simulation applications with small writes, the FSViewManager
would create a FSView that would utilize shared memory to
cache small writes and asynchronously flush them to PFS
(Figure 2 Case 1). Whereas for an Al workload, the FSView
would be configured to do aggressive prefetching into node-
local shared memory for reducing the cost of read operations
from PFS (Figure 2 Case 3). Once the FSViews are created,
the workload performs I/O operations that are intercepted by
TailorFS and are redirected to specific FSView instances that
optimize the data path for the workloads. Building different
FSViews dynamically is the key technology to achieve tunable
file system abstractions so that the workload can achieve high
I/O performance under dynamic and diverse environments.

A. FSViews

An FSView is an abstract file system that provides spe-
cialized storage features to match the workload’s I/O require-
ments. Each FSView contains one or more I/O Entities in the
system. An I/O Entity in the system is a file, a folder, or a file
segment. Each I/O Entity has a unique identifier consisting of
a path, a starting offset, ending offset, and file system-specific
attributes such as permissions and timestamps (as seen in
fstat). Every I/O Entity has a physical existence within the
underlying file system (such as shared memory, XFS on node-
local SSD, Datawarp on shared BB, or PFS), and therefore, we
reuse the metadata management of the underlying file system.
This re-utilization of the underlying file system enables us to
share I/O Entities across different FSViews within TailorFS
without any side effects such as the coherency of metadata.
I/O Entities support all file system functions, such as read,
write, and metadata operations.

The storage features supported by an FSView are I/O inter-
face, I/O libraries, storage accelerator, and I/O optimizations
to be provided for the workload. FSViews do not change the
data but impact “where” and “how” the I/O occurs; therefore,
the data is accessible between different FSViews. FSView
provides special features catering to a specialized use case
such as read-only, write-only, or read-after-write. Additionally,
we expect a many-to-one mapping between files and FSViews
in the system because, generally, in an application, multiple
files with the same characteristics would require the same
FSView features. Therefore, we expect the number of FSView
in the tens scale, not more. Additionally, if required, an
FSView is backed by a global PFS such as GPFS/Lustre to
enable inter-node data access.

The concept of FSViews might seem similar to Database
Views, but they are different in these two fundamental aspects.
First, Database Views provide a simple interface for the user
to interact with complex database tables, but the underlying
queries are executed over the actual tables in the database. In
contrast, an FSView changes the user’s view of the data and
how it is stored and retrieved from the file system. Second,
Database Views cannot be updated (or written to), whereas in
FSViews as the physical entities are the same (i.e., a file) we
can write files to an FSView and then read them with different
I/O features from a different FSView. That is, the write gran-
ularity need not match the read granularity for the workload.

B. FSViewManager

FSViewManager is the central component of the TailorFS
library that is responsible for managing FSViews. During the
library’s initialization the FSViewManager iterates through dif-
ferent I/O Entities in the I/O behavior and invokes the TailorFS
Engine to get the features of each I/O Entity’s FSView. Every
type of FSView has a unique identifier in the system, which is
constructed based on the features of the FSView. The unique
identifier enables different files that require the same file sys-
tem features to share the same FSView. The FSViewManager
defines the features of the FSView as a logical abstraction
over existing storage infrastructures, such as I/O interface, I/O
libraries, storage accelerator, and I/O optimizations to be used
within the FSView. This design choice makes the creation and
destruction of FSViews lightweight with no data coherency
issue on the underlying file system. The costly part during
creation or deletion is the flush or prefetching optimizations
within the FSView. The flush optimization is periodically per-
formed asynchronously during specific file system events such
as file close or library finalization. In comparison, the prefetch-
ing optimization is performed asynchronously during library
initialization itself. This allows the FSView to move the data
in the background when the application is doing computation.

C. TailorFS Engine

TailorFS Engine aims to map /O Entities to FSViews with
specific features. To achieve this goal, we studied the I/O per-
formance of a comprehensive benchmark using different I/O
interfaces, I/O libraries, storage devices, and I/O optimizations.
Then, we developed a simple rule engine using a decision tree
that we use to configure FSViews. The decision tree learns
the best combination of features for given workload charac-
teristics. For the comprehensive benchmarking, we describe
the system hardware, software used, test configurations, and
interpret the results.

1) Hardware: We ran the comprehensive benchmark on
the Lassen supercomputer at Lawrence Livermore National
Laboratory (LLNL) [31]. As a 23-petaflop IBM Power9
system, it is the 30th supercomputer in the world (as of
June 2022), based on the Top500 list. Lassen has 795 nodes
connected with a Mellanox 100 GB/s enhanced data rate
(EDR) InfiniBand network and a 24 PiB IBM Spectrum Scale
file system (also known as GPFS). Individual Lassen nodes



TABLE I
BENCHMARKING RESULTS FOR VARIOUS TEST CONFIGURATIONS

Access Process Transfer 32 nodes 64 nodes 128 nodes
SNo . . Write Read Write Read Write Read
Pattern | Data Sharing Size Only Only RAW WORM Only Only RAW WORM Only Only RAW WORM
1 4KB STDIO STDIO STDIO MPIIO STDIO STDIO STDIO MPIIO STDIO STDIO STDIO MPIIO
shm (5.7x) shm (4.9x) shm (4.1x) bb (6.1x) shm (5.6x) shm (4.9x) shm (4.1x) bb (10x) shm (5.5x) shm (4.7x) shm (4.1x) bb (10.8x)
, KB POSIX POSIX POSIX POSIX POSIX i e POSIX POSIX POSIX MPIIO MPLIO
ingle shm (4.5x) shm (3.8x) shm (2.6x) shm (2.4x) shm (4.5x) shm (10.9x) shm E4-3X) pfs (2.7x) shm (4.5x) | shm (12.2x) shm (5.7x) shm (3.9x)
5 proc B v o MPIIO STDIO MPIIO PO MPIIO STDIO MPIIO POSIX MPIIO STDIO
shm (9.4x) shm (8.2x) shm (9.2x) shm (11x) shm (12.4x) shm (7.5x) shm (75x) shm (15x) shm (313x)
shm (10.1x) shm (14.5x) shm (31x)
4 4KB STDIO POSIX STDIO POSIX STDIO POSIX
shm (3.3x) bb (6.4x) shm (3.3x) bb (6.4x) shm (3.2x) bb (5.8x)
5 64KB POSIX POSIX POSIX POSIX POSIX POSIX
intra shm (4x) shm (2.2x) shm (6.4x) shm (2.9x) shm (11.2x) | shm (14.9x)
. node B STDIO STDIO o POSIX POSIX POSIX
shm (7.3x) shm (4.5x) shm (7.7%) shm (6.9x) shm (6.2x) shm (7.2x)
7 4KB STDIO STDIO STDIO STDIO STDIO STDIO
seq pfs (1.56x) | pfs (1.28x) pfs (1.63x) | pfs (1.3x) pfs (1.6x) pfs (1.3x)
8 64KB POSIX MPIIO POSIX STDIO POSIX POSIX
inter pfs (1.3x) pfs (1.4x) pfs (1.2x) pfs (1.3x) pfs (1.2x) pfs (1.1x)
9 node 1MB STDIO POSIX MPIIO STDIO MPIIO MPIIO
pfs (1.1x) pfs (1.1x) pfs (1.1x) pfs (2.2x) pfs (1.1x) pfs (2.1x)
10 4KB STDIO STDIO MPIIO STDIO STDIO MPIIO STDIO STDIO MPIIO
shm (4.9x) shm (4.2x) bb (7.9x) shm (4.9x) shm (4x) bb (5.3x) shm (4.9x) shm (4x) bb (12.4x)
u KB e POSIX POSIX R B MPIIO POSIX MPIIO MPIIO
. shm (3.5x) shm (2.4x) shm (2.5x) shm (43.6x) shm (6.4x) shm (3.1x)
single shm (4.1x) shm (6.2x) shm (3.2x)
12 proc 1IMB MPIIO MPIIO MPIIO MPIIO MPIIO MPIIO POSIX MPIIO POSIX
shm (44.2x)) | shm (20.2x) | shm (12.7x) shm (99.9x) | shm (20.9x) | shm (2533x) shm (118x) | shm (35.4x) | shm (23.1x)
13 4KB STDIO POSIX STDIO POSIX STDIO POSIX
shm (3.3x) bb (8.1x) shm (3.2x) bb (5.9x) shm (3.1x) bb (5.9x)
14 64KB POSIX POSIX POSIX POSIX POSIX POSIX
intra shm (4.8x) shm (2.2x) shm (6.2x) shm (5.6x) shm (10x) shm (6.3x)
node POSIX/ STDIO POSIX POSIX POSIX/ POSIX/
15 IMB STDIO 1 g (6.5%) shm (13.3%) | shm (1992x) MPLIO STDIO
shm (6x) : - shm (5.9x) shm (7.6x)
16 4KB STDIO STDIO STDIO STDIO STDIO STDIO
random pfs (1.5x) pfs (1.5x) pfs (1.7x) pfs (1.5x) pfs (1.5x) pfs (1.5x)
17 64KB POSIX STDIO POSIX STDIO POSIX POSIX
inter pfs (1.3x) pfs (1.4x) pfs (1.4x) pfs (1.1x) pfs (1.3x) pfs (1.4x)
s node B oo STDIO STDIO MPIIO STDIO STDIO
p%s (1.7%) pfs (1.9x) pfs (2.4x) pfs (164x) pfs (4.2x) pfs (2.4x)

consist of two IBM POWER9 CPUs (IBM AC922 servers)
with 256GB of system memory and four Nvidia Volta V100
GPUs with 64GB of HBM2 memory.

2) Software: We developed a micro-benchmark to simulate
an HPC workload with the following four characteristics. First,
workload’s nature defines the characteristics of I/O of the
workload: write-only, read-only, read-after-write (RAW), and
write-once-read-many (WORM). Second, file access pattern
specifies whether the file is accessed sequentially or randomly.
Third, process-data sharing defines the collection of processes
that share a file, such as decoupled access across nodes or
collective access through MPI processes (MPI-I0) and Uni-
fyFS [32]. Fourth, transfer size defines the I/O request size. We
ran the benchmark using different storage targets: shared mem-
ory (shm), burst buffer (bb), and parallel file system (PFS). In
each case, we flush the final data (if updated) or prefetch the
data (if read) to or from the PFS from or to a storage accelera-
tor. To understand the application performance, we separately
measure metadata operations such as open and close, data op-
erations such as read and write, and data movement operations
such as flush and prefetch. Finally, to understand the impact of
scalability of I/O operations, we test our benchmark on scales
from 4 nodes to 128 nodes. We perform each test ten times
and use the average to reduce I/O variability.

3) Results: We present a subset of the results of our
study [33] in Table I. For these specific results, we highlight
the findings across the complete dataset collected during
benchmarking. This benchmarking across the available storage
infrastructure was performed once for the Lassen machine,
and then users could transparently utilize the complex hard-

ware and software choices within the infrastructure. In some
instances, two solutions are equivalent; those solutions are
marked with “/”” in Table 1.

Different workloads perform better with different I/O
interfaces. For instance, for a transfer size of 1IMB (Row
3) for 128 nodes, write-only workloads perform 7.5x faster
with MPI-IO, read-only with POSIX is 75x faster, and RAW
workload with STDIO is 15x faster (due to better write-back
caching in STDIO). Also, different workloads perform better
with different storage accelerators. For instance, write-only
workloads with independent process access execute 6.3
faster with shared memory across the nine test cases. In
contrast, frequent read operations with 4KB transfer size run
4.8x faster with shared memory.

The storage accelerator selection depends on the location
of processes sharing the file. For instance, if the same process
or processes on the same node read or write the file, then the
workload should utilize shared memory (3.2x-11.2x faster).
Otherwise, we should utilize shared file systems, such as
parallel file systems, to share files among processes of different
nodes (1.1x-4.2x faster). Note that we wrote data to shared
memory for shared file access and flushed it asynchronously
to the PFS, and we asynchronously prefetched the data to the
other node’s shared memory for reading. This case increases
the access latency as the consuming process needs to wait for
data to be available on the PFS before reading it. Different
process placements do not greatly impact the choice of the
I/O interface. The choice of the I/O interface depends on
other factors, as described in other parts of the analysis.

Changing the access pattern for the workload does not
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cally. This leads to near-optimal I/O performance on HPC systems.

change the choice of storage accelerators between shared
memory and node-local burst buffer. The performance and
available capacity difference between these devices overall
dictate the choice. Similarly, all these I/O interfaces used in
this study treat data as bytes of data, and therefore they do
not favor one pattern over another.

Different I/O interfaces optimize different transfer sizes. For
instance, in 128 nodes, 4 KB transfer sizes run 3.1x-5.5x
faster with the STDIO interface due to aggressive buffering
of I/O requests, 64KB transfer sizes generally run 1.1x-75x
faster with the POSIX interface, and large 1MB transfer sizes
are 3.9x-354x faster with the MPIIO interface. Different
transfer sizes have different effects on the performance of
device caches. For instance, node-local burst buffer does
not perform well with STDIO (4.2x slower), as the double
buffering effect on large data reduces I/O performance.

Increasing the number of nodes for the workload increases
the benefit of using node-local devices over parallel file
systems. However, the best interface and storage accelerator
selection does not change. The performance difference with
different interfaces increases as we scale the workload. For
instance, for random access and single process (Row 11), the
difference between POSIX and STDIO interface on shared
memory is only 3% for 64 nodes but is 12% for 128 nodes.
Note, we do not see any case where UnifyFS outperforms
MPI-1O for collective I/O cases. This is because the benefits
of UnifyFS is seen at scales larger than 512 nodes.

Finally, for certain cases throughout this table, multiple
interfaces can be used over the same storage accelerator with
minimal performance difference. For instance, in Row 3, we
can use MPI-IO and POSIX over shared memory for write-
only or read-only workloads. In this case, the difference in
performance between these interfaces is less than five percent.
As we increase the scale, the difference in performance
between interfaces increases more. In the cases of multiple
options, the engine selects the interface that is closest to the
workload’s original interface to reduce the cost of translation
between different I/O interfaces.

D. Working Example

To demonstrate the working of the TailorFS library, we take
an illustrative example of the 1000 Genomes workflow. We
depict a portion of the workflow so that we can demonstrate
the benefit of FSView abstraction for the workload (Figure 3).
In this example, we show three applications (out of seven) that
demonstrate different I/O characteristics and therefore have
different I/O requirements for the underlying file system. The
first application is Individuals which is a write-only application
generating 100 million “F1” files with a small transfer size of
<4KB. This application requires the file system to buffer the
small write and then flush the complete files to the parallel file
system. Therefore, TailorFS creates an FSview “FV1” that
utilizes shared memory to buffer all incoming small writes and
then asynchronously flush the files on close. The second appli-
cation is Individuals Merge which reads the files generated by
Individuals application once and generates a merged file “F2”
with multiple read and write operations. In this case, as the
Individuals Merge application reads the “F1” files once, the
application requires the file system to use a large cache to keep
these files for access to the application while keeping node-
local shared memory available for fast writing of the merge
file. Therefore, TailorFS creates FSView “FV2” that utilizes
burst buffer (BB) for file “F1”, where it asynchronously
prefetches the file during application initialization and reads
the data directly from the BB. For writing the merged file F2,
TailorFS utilizes the FSView FV1, which again writes the
merged files into shared memory and asynchronously flushes
them into PFS. The third Mutation Overlap application reads
the merged files multiple times and outputs the final data once.
In this case, the application requires the file system to cache
the merged files in the fastest layer for the lowest access
latency, while the final output needs to be stored in the final
resting file system, like PFS. In this case, TailorFS creates
FSView FV3, which prefetches all merged files into the
shared memory of the compute node where Mutation Overlap
application is running. This makes the reading part of the
workload (which dominates the I/O time) extremely optimized.
As the final output needs to be stored on PFS, TailorFS does
not optimize F3 and writes it directly to PFS. These examples
demonstrate that the same files can be provided with different
storage features based on the workload’s I/O requirements.

E. Design Discussions

1) Generality of the benchmarking: The benchmarking
module of TailorFS aims to capture the strengths of the
hardware and software components within a storage in-
frastructure. This will allow users to transparently utilize
the best solution without changing the user code. The
benchmarking module would be executed once for the
machine and then TailorFS can optimize user workloads.

2) Handling I/O semantics: I/O semantics, such as fault
tolerance and consistency, are inherited from the software
and hardware present in the storage infrastructure. TailorFS
does not explicitly provide any new semantics or I/O inter-
faces. It bridges the gap between the existing workload’s



I/O interfaces and the storage infrastructure provided by
new HPC systems.

3) Need for profiling data: The profiling data is needed for
fully transparent optimization using TailorFS. The profiling
data can focus on specific characteristics that define the
storage architecture of an HPC system. For example, on
Lassen, workloads were characterized based on workload’s
nature (write-only), access pattern (sequential), process
data sharing (file-per-process), transfer size distribution,
and workload scale. This data can be easily extracted from
I/O profiling tools such as Darshan [34] and Score-P [35].

F. Implementation

The TailorFS library [36] is written in C++ with 1/O
interceptors built using the Gotcha library [37]. To extract
workload’s I/O characteristics, we use Vani Tool Suite [30]
that executes python-based analysis scripts over Recorder [38]
traces. We chose Recorder to gather comprehensive traces
of the workloads because Recorder is the only tracing tool
that provides multilevel I/O traces along with CPU and GPU
calls. We use multicomponent traces (I/O, CPU, and GPU)
to perform complex data-dependency analysis on applications
and workflows.

For intercepting I/O calls from the workflow in a low-cost
and extensible manner, we utilize the Gotcha library. Within
this implementation, not all applications intercept all I/O calls.
Instead, we use the I/O behaviors extracted from recorder
traces to only intercept the calls that are relevant to the applica-
tion and optimize the files that the FSViewManager selected,
which lowers the overhead of intercepting I/O calls. As in
a workflow, we may be dealing with many interfaces across
multiple applications, and performing interception for I/O calls
that might come for other applications can increase the binding
cost at application startup. Additionally, for the implementa-
tion of the TailorFS engine, we feed the matrix of the best
solution (gathered through comprehensive benchmarking in
Section IV-C) to a decision tree classifier that learns the pattern
of features and solution and generalizes with high accuracy.

For FSViews, we have implemented the following features.
For 1/O interfaces, we have implemented POSIX, STDIO,
MPI-1IO, and UnifyFS APIL. For I/O libraries, we have
implemented the use of the UnifyFS library for performing
collective I/O for checkpoint files in HPC simulations. For
storage accelerators, we have implemented support within the
TailorFS library for shared memory, node-local burst buffer,
and GPFS on the Lassen supercomputer. Finally, for I/O
optimizations, we have implemented asynchronous flush and
prefetching of files from and to storage accelerators. In the
future, we will implement optimizations such as hierarchical
prefetching [39], compression [5], and replication [40].

V. EVALUATIONS
A. Methodology

To evaluate the benefit of building FSViews for large-scale
HPC workloads, we performed comprehensive experiments to
test the internal capabilities of the TailorFS library (with a
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Fig. 4. Management of FSViews by FSViewManager incurs a overhead of
less than 0.01% of the overall execution time (Figure a). The throughput of
creation and destruction of FSViews is 498M ops/sec suggesting it will not
bottleneck I/O operations.

particular focus on FSViewManager). Then, we evaluated
the end-to-end performance of workloads using the TailorFS
library using synthetic experiments that test different types of
workloads with 256 nodes. Finally, to demonstrate the use of
the TailorFS library on a large-scale HPC system, we evaluate
the 1000-genome workflow with the Pegasus Workflow Man-
ager (PWM) on the Lassen supercomputer. We ran these tests
five times, and the variance in the data is noted in the figures.

1) Hardware: We ran the workloads on the Lassen
supercomputer at Lawrence Livermore National Laboratory
(LLNL) [31].

2) Workloads: We use micro-benchmarks, described within
each section below, to showcase different performance metrics
on the designed components and end-to-end performance of
different workloads. Additionally, we run the 1000 Genomes
scientific HPC workflows using PWM. The workflow that
identifies mutational overlaps to find potential disease-related
mutations in genome data.

3) Tools: We trace the workloads using the Recorder
tool with an average overhead of 7%. Then, we use the
Vani tool suite to automatically extract I/O behaviors from
Pegasus workflows [41]. The tool is used with both workflows
to extract I/O behavior for all files within the workflows
and is stored in a JSON. This JSON file is loaded during
pegasus-mpi-cluster job initialization within the workflow
while loading the TailorFS library.

B. Performance of TailorFS Library

The TailorFS library creates and destroys FSViews within
the system and redirects I/O to these FSViews. The redirection
cost is < 0.01% of the operation. The former part consists of
two routines: a) init: for creating FSViews and b) finalize: for
destroying FSViews. To measure the overhead of creating and
destroying FSViews, we measure the relative cost of operations
within the system to measure the cost of routines within the
library. Additionally, we measure the overall throughput of
operations in the library to ensure it is not a bottleneck for
HPC storage systems. In all these tests, we observe a memory
footprint of 6.84 KB per node on the Lassen supercomputer
with thousands of FSViews created by the TailorFS library.

1) Anatomy of managing FSViews: To ensure that creation
and destruction of FSViews are lightweight (as explained in



Subsection IV-B), we create a micro-benchmark that runs
on 32 compute nodes with 40 processes on each node.
Each process creates and destroys a million FSViews with
different I/O interfaces such as STDIO, POSIX, and MPI-IO.
We calculate the relative cost of each operation (shown in
Figure 4(a)). We observe that the creation and destruction of
FSViews for all our implemented interfaces is ~ 15us. The
initialization cost is /= 2us as it creates a background thread for
prefetching operation. In all of our tests, this overhead is less
than 0.01% of the overall execution time which demonstrates
that TailorFS’s FSViewManager can efficiently deploy
different FSViews for the workload with negligible overhead.
2) Performance of managing FSViews: To ensure that the
creation and destruction of FSViews by the TailorFS library
does not bottleneck modern storage systems, we create a
micro-benchmark that measures the throughput of operations.
We run our micro-benchmark on 32 nodes, with each process
producing 1K, 10K, 100K, and IM operations, and we
calculate the system’s overall parallel throughput. The results
are shown in Figure 4(b). The x-axis depicts different FSViews
with their operations. The y-axis shows the throughput in
operations per second. We see that all operations scale well
as we increase the number of operations because FSViews are
created and destroyed locally to the process. We also observe
that we can achieve a throughput of 474M ops/sec and 518M
ops/sec average for initialization (init in the figure) and final-
ization (finalize in the figure) operations within any FSView.
This throughput suggests that the TailorFS library will not
become a bottleneck for storage systems and user applications,
as I/0 operations achieve throughput in thousands ops/sec for
node-local burst buffers (the fastest storage accelerators).

C. Benefit of FSViews for workloads

HPC workloads have different requirements for the I/O
system based on workload type, access pattern, process file
sharing, and scale. To understand the effects of using a cus-
tomized FSView for each of these cases, our micro-benchmark
isolates different cases of I/O behavior and measures the
benefit of TailorFS on these workloads. We tested 3000 test
cases, but we chose a subset of those results to summarize
the findings of these tests. Specifically, we include all the
workload types, such as write-only, read-only, read-after-write
(RAW), and write-once-read-many (WORM) workloads.

Among our different transfer size cases, we present a
IMB transfer size in these figures. The benefit of TailorFS
for smaller transfer sizes i.e., 4KB and 64KB are orders
of magnitude higher than running directly on GPFS. Also,
for RAW and WORM patterns, we tested three process file-
sharing grouping such as file-per-process (FPP), intra-node file
sharing, and inter-node file sharing. Again we chose inter-node
file sharing to demonstrate some findings that are not present in
write-only and read-only workloads. Finally, among the access
pattern sequential access pattern performs better on GPFS
than random, therefore, we selected sequential access as our
chosen cases to demonstrate the benefit of TailorFS. Note, if
we choose other cases such as random access pattern, smaller
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transfer size, or intra-node process grouping, the benefits of
TailorFS are 48x more at an average due to the benefit of
utilizing storage accelerators.

For each case, the baseline (“Base”) workload uses the
POSIX interface over GPFS and TailorFS ("TFS”). The work-
load preloads the TailorFS library. On each node, we execute
40 processes for the workload and each process performs 1024
I/O operations of each type. The x-axis shows the weak scaling
of the workload from 16 nodes to 128 nodes along with the so-
lutions tested and the y-axis shows the I/O time for performing
read or write operations by the workload in seconds.

1) Write Only Workload: In this test case, we run a write-
only workload emulating scientific simulation [34] workloads
where every process sequentially writes checkpoints
independently of its process memory (Figure 5(a)). As
we increase the number of nodes (weak scaling), the cost
of I/O increases for the baseline (Base in the Figure).
For TailorFS, the FSView is configured to use MPI-IO
interface with independent I/O calls over shared memory with
asynchronous flushing. This increases the performance of
write operations by up to 39x in the largest scale. Unlike this
test where workload performs 1 MB request, if the workload
performed 4 KB transfer size, we observed a maximum speed
up of 58x for 128 node case. This is because utilizing shared
memory for small transfer size accesses can provide more
speed up over GPFS than for large transfer size accesses.

2) Read Only Workload: 1In this test case, we run a
read-only workload emulating scientific AI workloads [25]
where every process sequentially reads image data serialized
into TFRecords independently (Figure 5(b)). As we increase
the number of nodes (weak scaling), the cost of I/O increases
for the baseline (Base in the Figure). For TailorFS, the
FSView is configured to use MPI-IO interface for 16 and 32
nodes and POSIX for 64 and 128 nodes. Additionally, the
FSViews perform data prefetching on shared memory in all
the cases. Once the data is prefetched into the shared memory,
the read operations within TailorFS are extremely fast. Even
the prefetching is efficient as we can utilize more nodes to
prefetch for larger scales. Also, moving a file is faster than
performing small I/O operations on a file. This characteristic
of the FSView within TailorFS results in a speedup of 8-181x
for read-only workloads. This speedup further increases for
random accesses to up to 320x for 128 nodes. This is because
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GPFS is more susceptible to random accesses than node-local
shared memory. Also, similar to the write-only case doing I/O
with a smaller granularity of 4KB reduces PFS performance
resulting in more than 530x speedup in the best case.

3) Read-After-Write Workload: In this test case, we run
a read-after-write workload emulating checkpoint-restart
workloads in scientific simulations where a producer process
sequentially writes checkpoints and then a consumer process,
on a different node, performs a restart operation by reading
the checkpoint back (Figure 6(a)). As we increase the number
of nodes (weak scaling), the cost of I/O increases for the
baseline (Base in the Figure). For TailorFS, the FSView is
configured to use the GPFS directly using STDIO interface.
Coincidentally, this interface and storage performance for a
smaller scale matches that of POSIX over GPFS. As shown
in internal evaluations, the small overhead of TailorFS, even
in these cases, ensures TailorFS is equal to or better than the
baseline in all cases. However, for 128 node cases, you can
over 74% better 1/0O performance as the FSView uses MPI-10.
This test case demonstrates the power of dynamically creating
workload-aware FSViews so that users don’t have to change
code based on the scale of the workload. For the test case
where the producer and consumer processes coincide or are
located in the same node, TailorFS can achieve up to 44 x and
21x speedup respectively due to the utilization of node-local
storage accelarators.

4) Write-Once-Read-Many Workload: In this test case,
we run a write-once-read-many workload emulating HPC
data analytics workloads where the map stage (consumer
processes) repeatedly read file many times and finally the
reduce stage (or producer) on a different node writes the final
results of the analytics to the parallel file system (Figure 6(a)).
As we increase the number of nodes (weak scaling), the cost
of I/O increases for the baseline (Base in the Figure). For
TailorFS, the FSView is configured to use POSIX for 16 and
32 nodes and the STDIO interface for 64 and 128 nodes over
GPFS. For smaller scales, the performance of the STDIO
interface over GPFS is similar to POSIX therefore to reduce
overhead TailorFS uses the POSIX interface itself rather than
changing the interface. This creates a similar performance for
both scales (with a variability of 7%). However, for larger
scales, using STDIO can greatly benefit the workload due to
buffering performed by the STDIO interface and therefore,
TailorFS achieves a speed up of up to 6x for 128 nodes scale.

Again this reinforces the benefit of dynamically building
FSViews for workload-specific I/O requirements.

D. Complex multistage workflow performance

We evaluate the concept of FSViews in TailorFS on the
1000 Genome workflow. The workflow is executed with PWM
and GPFS as the baseline. We trace the workflows and extract
I/O behavior information in JSON format for the optimized
version. This JSON file is loaded into the executables using
LD_PRELOAD during TailorFS library initialization. In these
tests, we measure the cost of I/O on each file, categorized into
read-only, FPP, and producer/consumer files. Additionally, we
include “other” to signify cases that do not fall under these
optimizations. The behavior of 1000 Genomes workflow is
a good representation of complex applications such as CMI,
HACC, VPIC, BDCATS, and Montage, where different files
are accessed with different requirements for the file system.

The 1000 Genomes project provides a reference for
human variation, using the reconstructed genomes of 2,504
individuals across 26 different populations to energize these
approaches. This workflow identifies mutational overlaps
using data from the 1000 Genomes project to provide a null
distribution for rigorous statistical evaluation of potential
disease-related mutations. The workflow fetches, parses, and
analyzes the project data, cross-matching the extracted data
(which person has which mutations) with the mutation’s sift
score (how bad they the mutations are). It then performs a
few analyses, including plotting. We run the 1000-genome
workflow with Pegasus over GPFS.

For 1000 Genome: The Pegasus Workflow Manager
(PWM) has the process-task dependency that provides a
DAG, the number of tasks (1736 processes), tasks per node
(40), data configuration (shared file system), and scratch
dir location (/p/gpfsl). It has six applications coordinating
the workflow. The process distribution between different
applications:  individuals-1632, frequency-62, mutation
overlap-56, and others. Additionally, the distribution of
I/O between applications: individuals perform 70TB and
frequency perform  500GB of read/write operations. In
this workflow, the read operations dominate the I/O (72TB
of reads vs. 100GB of writes). Finally, the distribution of
patterns within the workflow is 34% of read-only files, 34%
of independent reads, and 32% shared access on files.

We see improvement in performance in both cases because
the amount of work is the same as we increase the number
of nodes in both baseline and the TailorFS (Figure 7). For
read-only files, some files with ~4 KB transfer size use an
FSView with STDIO interface and other files with files ~64
KB transfer size use a POSIX interface with prefetching
on shared memory. For Independent read access files with
~1 MB transfer size, FSView uses MPI-IO with burst
buffer configuration, whereas for Independent write access
files with ~4 KB transfer size, use STDIO interface over
shared memory. For producer-consumer files shared between
different nodes (Shared files in the figure), for writes, FSView
utilizes MPI-1O, whereas, for reads, FSView utilizes POSIX
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5.2x-6.5x overall with 4.7x-6.2x for shared file accesses, 5.8 x-9.8x for
independent file accesses, and 8x-12x for read-only files.

over GPFS. Finally, for producer-consumer files shared on
the same node (Shared files in the figure), for writes, FSView
utilizes STDIO, whereas, for reads, FSView utilizes POSIX
over shared memory. Specifically, the files with shared
file accesses are optimized by 4.7x-6.2x, independent file
accesses are optimized by 5.8x-9.8%, and read-only files are
optimized by 8x-12x. Additionally, the dynamic selection of
FSViews for every group of files results in workload-aware
optimization for each file and application within the workflow.
Specifically, the 1000 Genome workflow is optimized by
5.3-6.5x as compared with GPFS baseline.

VI. RELATED WORK
A. Composable storage services

To handle the diversity of I/O requirements in HPC work-
flows, scientists have proposed data-oriented microservices
to build custom storage infrastructures by composing a set
of services for data management and exchange. The state-of-
the-art composable storage services are BESPOKYV, Faodel,
Malacology, and Mochi. A common goal between these
software solutions is to provide a highly targeted storage se-
mantic to the HPC workflow. BESPOKYV [42] is a framework
targeted towards defining highly-specialized key-value stores
by featuring capabilities such as sharding, replication, different
consistency models, and fault tolerance. Faodel [43] is a
framework that composes of a collection of data management
services such as key-blob abstraction through Kelpie,
memory management through Lunasa, and communication
management using Opbox. Finally, the Mochi framework [44]
enables the composition of specialized distributed data
services from a collection of connectable modules and
subservices. Rather than forcing all applications to use a one-
size-fits-all data staging and I/O software configuration, Mochi
allows each application to use a data service specialized to
its needs and access patterns. The goal of building workload-
aware storage infrastructure demonstrated by these solutions
resonates with TailorFS. However, one key difference is that
instead of building many composable storage services, we
provide a singular dynamic FS View abstraction that contains
specific features for the workload. In practice, TailorFS can
be a component in these storage service infrastructures to
provide tunable file system features for HPC workloads.

B. Temporary file systems

Scientists have proposed several temporary file systems
to share data between consumers and producers for HPC
workflows. State-of-the-art examples of these technologies are
GekkoFS, UnifyFS [32], Hermes [8], and Proactive Data Con-
tainers [45] (PDC). GekkoFS [46] implements a temporary and
highly scalable file system providing relaxed POSIX semantics
tailored to the majority of HPC applications. This type of
specialization allows applications using the existing POSIX
interface (under specific constraints) to see dramatic perfor-
mance improvements as compared with file systems supporting
the complete specification. FSView provides a file system view
with specific features/configurations. We can use any of the
above-mentioned temporary file systems to achieve this view.
This work aims to provide an application-level abstraction to
use file systems with different features dynamically. To demon-
strate our compatibility with existing Temporary file systems,
we integrated UnifyFS for accelerating workloads that utilize
collective I/O or perform frequent checkpoint-restart.

VII. CONCLUSION

In this work, we presented TailorFS: a middleware
library that provides FSViews as a file system abstraction
to dynamically optimize I/O for different parts of the HPC
workload. We have three main observations in this work. First,
FSViews need to encapsulate hardware, software, and 1/O
optimization as features to support diverse I/O requirements.
Second, FSViewManager requires workload’s 1/O
characteristics to efficiently manage the FSView’s lifecycle.
With this information, the FSViewManager can achieve a high
518M Ops/s throughput for creating and destroying FSViews,
ensuring that FSView management is not the bottleneck in
the distributed system. Third, the presence of FSViews with
workload-aware features enables optimization of I/O by up
to 46x in certain cases while incurring a low overhead of
0.01% in FSView management and a memory footprint of
7KB per node. In conclusion, we demonstrate the benefit
of using FSView abstraction through the TailorFS library
for 1000 Genomes workflow using the Pegasus workflow
manager, resulting in up to 6.5x better I/O performance.

In the future, we plan to research on mutating FSViews
through in-situ operations such as data filtering and compres-
sion. Additionally, we will explore the impact and benefit of
synchronizing FSViews across multiple global storage sys-
tems, such as PFS and S3, as seen in modern supercomputers.
Finally, we will explore different machine learning models to
map between I/O characteristics and FSView features.
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