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Abstract

Modern HPC workloads exchange vast data to drive scientific dis-
coveries, relying on diverse storage infrastructures. Current moni-
toring tools only capture the I/O interfaces, which is insufficient
to explain suboptimal I/O performance, as the bottleneck can be
within one or more layers of the parallel I/O stack.

To address this, we analyze HPC ranking lists to highlight stor-
age diversity and build the Master Architectural Plan (MAP) that
enables identification of current gaps in data paths in monitoring
tools. Finally, we present DataCrumbs, a lightweight tool that fills
these gaps by examining the user and kernel I/O stack to uncover
causal relationships to achieve eXplainable I/O (XIO).
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1 Introduction and Motivation

Modern high-performance computing (HPC) workloads are increas-
ingly data-intensive, requiring efficient storage architectures and
interconnects to support large-scale simulations, Al-driven analyt-
ics, and scientific data processing. Workflows such as the Multiscale
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Machine-Learned Modeling Infrastructure (MuMMI) [25] rely on
heterogeneous computing elements-leveraging GPUs for large-
scale simulations and CPUs for post-processing analysis—while us-
ing shared memory, node-local burst buffers, and parallel file system
for data exchange. Optimizing data movement in such workflows is
critical to enhancing simulation fidelity, resolution, and execution
efficiency. Despite advances in HPC storage solutions, a fundamen-
tal challenge remains: understanding and optimizing component
contributions from within the I/O stack to I/O performance at scale.
Background and Related Work: Current HPC monitoring tools
provide fragmented insights that often do not capture the full data
flow across compute and storage layers. Application-level profilers
(e.g., Darshan [12], Recorder [37] and Score-P [19]) track high-level
1/O calls but overlook kernel-level interactions that influence per-
formance. System-level tools (e.g., LDMS [9], DCDB [26] and TACC-
Stats [17]) aggregate hardware metrics but lack fine-grained visibil-
ity into workload-specific I/O behavior. Although these tools are es-
sential for optimizing scientific workloads in HPC systems [28, 34],
they generally focus on the what of workload performance, identi-
fying potential bottlenecks, but failing to explain why. This critical
gap in I/O explainability makes it difficult to diagnose cache ineffi-
ciencies, storage bottlenecks, and interconnect-related slowdowns.
The complexity in providing explanations results from the multi-
layered nature of modern HPC storage stacks, as shown in Fig-
ure 1. At higher levels, applications interact with the storage via
specialized I/O libraries (e.g. HDF5 [16]) or frameworks (e.g. Ten-
sorFlow [8]) that translate requests into lower-level system calls.
Middleware (e.g. MPI-IO) and optimization layers (e.g. I/O forward-
ing) introduce additional abstractions before the data reaches the
underlying storage subsystems, which include parallel file systems,
object storage and tiered storage hierarchies that include NVMe
SSDs, HDDs and tape archives. The complex dependencies between
these layers contribute to unpredictable performance behavior.


https://orcid.org/0000-0001-7409-153X
https://orcid.org/0000-0001-5625-3494
https://orcid.org/0000-0001-9297-0415
https://orcid.org/0000-0002-4697-2919
https://doi.org/10.1145/3733723.3733741
https://doi.org/10.1145/3733723.3733741
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3733723.3733741

SSDBM 2025, June 23-25, 2025, Columbus, OH, USA

Several frameworks have been proposed for holistic I/O perfor-
mance analysis. TOKIO [22], for example, relies on a combination
of front-end tools (Darshan, Recorder) and back-end tools (LMT),
while MAWA-HPC (Modular and Automated Workload Analysis
for HPC Systems) [39] aims to develop a generic workflow and
tooling suite that can be transparently applied to applications and
workloads. Due to its modular design, the suite is able to support
various community tools, which increases its compatibility with dif-
ferent applications and HPC systems. Our work complements these
approaches by providing a better understanding of the variability
of I/O performance and its causes.

Contributions: We describe a systematic approach to under-
standing I/O behavior in HPC systems. First, we analyze HPC rank-
ing lists to identify trends in storage, interconnects, and compute el-
ements. Second, we introduce the Master Architectural Plan (MAP),
a generalized framework for modeling HPC architectures that of-
fers a structured view of storage tiers, device types, interconnects,
and compute elements for performance analysis (Figure 2). Third,
we assess existing monitoring tools, highlighting gaps in storage
visibility, compute-storage interaction tracking, and multi-layer per-
formance modeling. Finally, we propose DataCrumbs, a lightweight
profiling tool that enables fine-grained, cross-layer I/O tracing,
bridging application-level profiling with kernel-space monitoring.

2 Methodology

This study aims to improve understanding and transparency of I/O
performance in HPC systems. We employ a four-step methodology.
1) Survey of HPC Ranking Lists: To understand the archi-
tectural evolution of HPC systems, we analyze popular ranking
lists: TOP500 [3] (compute-focused), 10500 [2] (I/O performance),
and the Comprehensive Data Center List (CDCL) [4]. These lists
should provide insights into storage architectures, interconnects,
and computing trends. The Graph500 list [1] was considered but
excluded due to its focus on graph analytics rather than storage
infrastructure. From our analysis, we identify three key research
questions: (1) What are the key computing, storage, and networking
features in modern HPC ecosystems?, (2) What trends and emerging
technologies are shaping future HPC architectures?, and (3) What are
the main limitations in current HPC infrastructure data collection?

2) Developing the Master Architectural Plan: Understanding
data movement across HPC components is crucial for explainable
/0. To systematically represent storage and compute interactions,
we develop the Master Architectural Plan (MAP), a compre-
hensive framework capturing computing elements, storage tiers,
interconnects, and device types. MAP integrates findings from the
surveyed lists and aligns system components across different HPC
generations. It serves as a blueprint for identifying data trails and
providing an overview of data paths in modern HPC systems. Fur-
thermore, MAP serves as a baseline for evaluating existing moni-
toring tools and identifying missing coverage areas.

3) Assessment of I/0O Monitoring Tools: A major limitation in
understanding HPC I/O behavior is the fragmentation of monitor-
ing tools. Most I/O tools focus on recording what happened without
explaining why it happened, resulting in opaque performance data
that complicates debugging and optimization. We evaluate tools

Sarah Neuwirth, Hariharan Devarajan, Chen Wang, and Jay Lofstead

Table 1: Features of different lists and their coverage.

TOP500 | 10500 | CDCL
Processor v v v
Network 4 4 4
Compute Nodes | Storage
Device X vl V]
Storage Controller X V] V]
Storage Software X V] v
Processor X X v
Network X X v
Storage Nodes Storage Device X V] v
Storage Controller X V] 4
Storage Software X v [V]
Topology X X V]

across three categories: (1) application-level monitoring, (2) system-
level monitoring, and (3) end-to-end monitoring. We claim that a
critical shortfall in current tools is their inability to correlate I/O
operations with their underlying causes (i.e., the why), making it
challenging to model I/O performance in modern HPC systems.
These systems exhibit significant variability due to jitter and com-
plex interactions between the intricate software and hardware stack
of I/O subsystems. Based on our analysis, we propose DataCrumbs,
a lightweight tool that provides a comprehensive view of the I/O
stack and thus has the potential to close the gap.

4) Case Study: Toward Explainable I/O: To illustrate the limi-
tations of existing tools and highlight the benefits of explainable
I/0, we conduct a case study using the IOR benchmark [23] with
the DataCrumbs tool. Unlike other monitoring tools, DataCrumbs
employs the extended Berkeley Packet Filter (eBPF) technology to
capture multi-stack profiling, including user-space, middleware,
and kernel-level interactions. We demonstrate the capabilities of
DataCrumbs and examine the impact of buffered vs. unbuffered
1/O operations on kernel performance, identify key bottlenecks re-
lated to OS page caching and buffer management, and demonstrate
how fine-grained kernel instrumentation improves I/O performance
analysis. The results show how deeper monitoring capabilities can
drive optimizations in scientific computing workflows.

3 Preliminary Results and Findings

Next, we apply the methodology outlined in Section 2 resulting
in an abstract architectural diagram, position current monitoring
tools, and introduce our tool for capturing these data paths.

3.1 Insights from HPC Ranking Lists

To evaluate the evolving landscape of HPC systems, we analyzed
three major ranking lists: TOP500, 10500, and CDCL. Table 1 pro-
vides an overview of the information captured by these lists, high-
lighting whether specific features are included (v'), omitted (X), or
optional ([v]). Although these lists provide valuable insights into
HPC architectures, they vary in scope, coverage, and completeness,
leading to critical gaps in understanding system performance and
storage infrastructure. The lists reviewed reflect an ongoing evo-
lution in HPC system design driven by advances in hardware and
software. Three main trends can be identified:

1) Shift from CPU-Centric to Heterogeneous Architectures:
HPC systems are transitioning from traditional multi-core CPU ar-
chitectures to heterogeneous computing models integrating GPUs,
FPGAs, and domain-specific accelerators [27, 30]. The TOP500 list
highlights this shift, showing that 182 out of the 500 top systems
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employ GPU acceleration, with 32 different GPU models in use. The
rise of DPUs (Data Processing Units) and in-network computing
further diversifies system architectures, optimizing workloads that
require high-throughput I/O and complex data processing.

2) Convergence of Compute and Storage Interconnects: His-
torically, compute and storage interconnects have been distinct
and separately optimized, but recent trends point to shared high-
speed interconnects [35]. The emergence of technologies such as
NVMe-over-Fabrics (NVMeOF), RDMA [32], and SmartNICs [18] is
blurring the boundary between computation and storage, enabling
more efficient data movement across the machine.

3) Rise of Storage and Networking Optimizations: The 10500
and CDCL lists reveal a growing emphasis on optimized storage ar-
chitectures, including node-local burst buffers, in-memory caching,
and object storage solutions. While Lustre, Spectrum Scale, BeeGFS,
and DAOS remain dominant, newer solutions like UnifyFS [11], Her-
mes [20], Univistor [38], and GekkoFS [36] are gaining traction due
to their performance benefits in domain-specific workloads. Addi-
tionally, smart interconnects and in-network computation technolo-
gies, such as CXL switches and GPU Direct Storage, are becoming
more prevalent, reducing I/O bottlenecks. Our investigation in-
cluded 441 unique HPC systems at 252 sites in 35 countries, derived
from over 1,500 entries. These systems feature 26 processor types,
44 interconnects, and 44 storage configurations. While these rank-
ing lists offer valuable insights, they fail to provide a comprehensive
picture of HPC storage infrastructures due to several challenges.

First, the TOP500 list focuses primarily on compute resources,
often omitting critical details about storage and interconnect ar-
chitectures. I0500 provides detailed but incomplete storage in-
sights—some entries specify storage controllers, interconnects, and
device types, while others only report aggregate performance met-
rics. Second, 10500 entries frequently use non-standardized file
system labels (e.g., vague terms like Parallel File System or SSD),
making it difficult to interpret system configurations. The lack of
a common storage architectures classification scheme leads to am-
biguities, particularly in differentiating between persistent storage
systems and volatile storage. Finally, storage connectivity details
are largely absent, even though high-speed storage interconnects
(e.g., PCIe, NVMeOF, InfiniBand) play a crucial role in I/O perfor-
mance. Only 19 of 500 TOP500 systems provide network details,
limiting the ability to analyze end-to-end data movement.

3.2 Refining the Master Architectural Plan

The Master Architectural Plan (MAP) is a comprehensive frame-
work intended to map the evolution of HPC storage architectures
for past, current and potential future designs. The main goal of MAP
is to provide a standardized yet adaptable concept for researchers
to tune software and monitoring tools for different HPC config-
urations. By abstracting commonalities in system design, MAP
facilitates a structured approach to evaluating storage tiers, com-
puting elements, interconnects, and data management strategies.

3.2.1 HPC Ecosystem Features: HPC architectures integrate a
variety of hardware components, each of which influences overall
system efficiency. MAP formalizes this complexity by classifying it
along four key dimensions: (1) computing elements, (2) storage tiers,
(3) storage devices, and (4) interconnects.
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Figure 2: Overview of the graph visualization with MAP.

Traditional HPC systems were mainly based on multicore CPUs,
while modern systems include GPUs, many-core architectures, and
specialized accelerators such as Data Processing Units (DPUs) [7,
13]. These components are connected via high-bandwidth PCle,
NVLink [6] and InfiniBand (IB) networks to optimize throughput.
In recent years, HPC systems have evolved from global parallel
file systems (e.g., Lustre, Spectrum Scale) to multi-tier storage hier-
archies that include node-local burst buffers, shared NVMe-based
storage, and archival tiers (HDDs, tapes). The I0500 dataset reveals
that DAOS (10%), Lustre (9%), Spectrum Scale (3%) and BeeGFS
(3%) have a large share of HPC installation (out of 32 unique file
systems). This indicates an emerging trend towards high-speed and
configurable storage solutions. MAP categorizes storage devices
based on their interface type (e.g., SATA SSD, NVMe, NVRAM) and
performance characteristics. Although many ranking lists include
aggregate storage capacity, only the IO500 list and to some extent
the CDCL provide detailed device-specific insights, such as internal
interconnect topologies and metadata separation. Finally, modern
HPC workloads require fast and scalable inter-node and storage
interconnects. While the TOP500 list focuses on compute node in-
terconnects, the I0500 provides limited but important insights into
storage fabric configurations. High-performance networks (HPN)
such as RDMA over Converged Ethernet (RoCE), InfiniBand and
NVMe-over-Fabrics are increasingly being used to accelerate data
exchange across hierarchical storage layers.

MAP serves as graph-based representation of these components
and their connections, as shown in Figure 2, enabling researchers
to model data flows within HPC systems.

3.2.2 Emerging Trends in HPC Architectures: The evolution
of HPC architectures shows notable trends in storage and com-
pute integration. Traditionally, compute nodes and storage systems
were physically separated to avoid storage-centric compute node
failures, but new architectures are co-locating storage within com-
pute nodes to minimize off-node storage access. This is evident in
Frontier (ORNL) and El Capitan (LLNL), where local NVMe and
high-speed RAM are tightly coupled with processing elements to
minimize data movement overhead. In addition, the rise of software-
defined storage (SDS), Al-driven caching strategies, and hierarchical
burst buffers is transforming HPC workflows. The increasing use
of shared burst buffers and NVMe-based tiering improves access la-
tency and enables dynamic workload-driven storage orchestration.
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HPC interconnects have evolved from dedicated fiber/Ethernet links
to software-defined network fabrics that dynamically optimize data
paths based on real-time I/O workloads. This shift has driven the
adoption of RDMA-enabled fabrics, NVMe-over-Fabrics [21], and
GPU Direct Storage [31]. Finally, with exascale computing, systems
are now designed for hybrid workloads that include traditional
simulations, Al-driven processing, and in-situ data analytics. As a
result, cross-layer data movement optimization is becoming an im-
portant research focus. These trends demonstrate a paradigm shift
in HPC system design, where storage and compute infrastructures
are becoming increasingly integrated and performance-aware.

3.2.3 Challenges in HPC System Analysis and Validation:
While MAP provides a structured model, its validation is challeng-
ing due to data inconsistencies across HPC ranking lists. I0500,
while the most comprehensive for storage analysis, suffers from
inconsistent data collection practices, making it difficult to gain
detailed insights on storage controllers, interconnects, and tiering
mechanisms. While compute interconnects (e.g., Slingshot, NVLink,
and PCle) are well documented, storage-specific interconnect de-
tails (e.g., between NVMe SSDs and controllers, between nodes
and parallel file systems) are often omitted in existing datasets.
Only four I0500 systems overlap with the TOP500, limiting the
ability to validate performance metrics across storage and compute
tiers. In addition, HPC production systems often omit specific hard-
ware configurations, making it difficult to track the behavior of real
workloads across different storage architectures.

To address these gaps, we manually examined major HPC sys-
tems and validated MAP on Tier-0/1 exascale platforms (Frontier,
El Capitan), Tier-2 HPC systems (Polaris), and tier-3 testbed envi-
ronments (Wombat at ORNL). These case studies confirmed that
MAP accurately models interconnect diversity, storage tiering, and
emerging trends in workload-driven I/O performance optimization.

3.3 1/O Monitoring Infrastructure Assessment

Understanding I/O performance in HPC systems requires a compre-
hensive monitoring infrastructure capable of capturing data across
different hardware and software layers. Although there are various
monitoring tools, they mainly focus on isolated components, leav-
ing critical gaps in holistic system analysis. This section reviews
the landscape of popular HPC monitoring tools.

1) Gaps in Existing HPC Monitoring Tools: Current HPC
monitoring tools can be categorized into three broad groups. First,
application-level monitoring tools such as Darshan [12], TAU [33],
and Recorder [37] capture high-level I/O calls at the application
layer, providing insights into workload behavior. However, they
lack visibility into the underlying storage system interactions, ker-
nel buffering mechanisms, and network data flows, limiting their
ability to explain performance bottlenecks. Second, system-level
monitoring tools like LDMS [9], DCDB [26], and Pika [15] focus
on global system metrics, including hardware health, I/O through-
put, and resource utilization. While useful for trend analysis, these
tools provide coarse-grained data and often lack per-application
breakdowns, making it difficult to correlate I/O performance to
specific workloads. Third, end-to-end monitoring frameworks such
as Ganglia [24], Nagios [10], and Apollo [29] attempt to bridge the
gap between application and system monitoring by aggregating
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data across different layers. However, they still lack fine-grained
insights into storage interconnects, kernel stack interactions, and
network data flows, preventing full I/O performance explainability.

A main limitation of these tools is their inability to integrate stor-
age, data processing, and network monitoring into a unified view, as
reflected by MAP. Existing solutions work in silos, resulting in frag-
mented insights that complicate troubleshooting and optimization.

2) Challenges in HPC Monitoring Tools: Several challenges
hinder effective HPC monitoring. First, many HPC sites do not fully
disclose their monitoring strategies, thus making it difficult to assess
gaps in their tool infrastructure. While sites like NERSC reference
Darshan, monitoring practices for systems like Frontier at ORNL
remain largely undocumented [5]. Second, different monitoring
tools apply inconsistent data collection mechanisms, making cross-
system comparisons difficult. The lack of a standardized approach
to tracking I/O timing, compute-storage interactions or network
traffic related to data movement. Third, while many monitoring
tools capture what is happening at the application or system level,
they are unable to explain why it is happening. The reason for
this is the lack of instrumentation at the kernel and interconnect
layers, where critical performance bottlenecks often occur. Finally,
many tools are developed as R&D projects with a limited budget,
which causes them to stall or not be further pursued. As a result,
the long-term evolution of tools and adaptation to modern HPC
architectures remains a challenge.

3) Toward a Comprehensive Monitoring Framework: Our
findings in applying MAP reveal a substantial shortcoming in cur-
rent monitoring infrastructures. Most tools are designed for specific
use cases rather than providing a holistic view of system behavior.
To address this, the following actions are required. First, a unified
monitoring approach needs to close the gap between workload exe-
cution, storage interactions, and network data flow analysis. Second,
advanced tools should address the gap between application-level
profiling, kernel-space instrumentation, and system-wide perfor-
mance metrics. Solutions such as eBPF-based tracing offer promis-
ing ways to accomplish this. Finally, a consistent methodology for
collecting and correlating I/O performance data across different
HPC sites is critical for meaningful cross-platform comparisons.

By addressing these challenges, a more transparent, efficient, and
explainable I/O monitoring ecosystem can be designed that supports
both system administrators and end users optimize performance at
scale, a goal that our proposed DataCrumbs tool directly tackles.

3.4 Toward Explainable I/O with DataCrumbs

Achieving eXplainable 1I/0 (XIO) in HPC systems requires deep
visibility into the entire I/O stack, from user applications to kernel-
level interactions. Traditional monitoring tools focus on high-level
/O calls, but fail to identify low-level system behavior that directly
affects performance. We introduce DataCrumbs [14], a profiling
tool that provides multi-layered I/O tracing by leveraging the ex-
tended Berkeley Packet Filter (eBPF) technology. Our case study
demonstrates how DataCrumbs enables fine-grained I/O perfor-
mance analysis, uncovering causal relationships between applica-
tion behavior, system calls, and kernel-level storage interactions.

3.4.1 DataCrumbs: Low-Overhead Multi-Layer Profiling.
HPC applications can run millions of I/O operations, interacting
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Figure 3: IOR performance breakdown with DataCrumbs.

with multiple software layers, including user-space libraries (e.g.,
HDF5, MPI-10, POSIX), middleware and file system layers (e.g., VFS,
EXT4, OS cache), and Kernel stack components (e.g., buffer man-
agement, block layer, storage drivers). Existing tools like Darshan
and Recorder capture user-space I/O calls but overlook kernel-level
behavior that affects data movement, caching, and storage access la-
tency. This lack of visibility makes it difficult to explain I/O slowdowns,
performance inconsistencies, and inefficiencies in HPC workflows.

DataCrumbs enhances I/O explainability by capturing system-
wide profiling data across multiple software layers with minimal
overhead. This is achieved by (1) attaching lightweight eBPF probes
to user applications, middleware, and kernel components for trans-
parent monitoring, (2) sampling aggregated kernel data at config-
urable intervals to reveal I/O patterns, buffer states, and system
interactions, and (3) correlating I/O function calls with kernel stack
events to identify bottlenecks such as page cache inefficiencies,
metadata overhead, and system call latencies.

This multi-layered approach enables the reconstruction of a
detailed execution timeline that illustrates how I/O operations prop-
agate through the system and software stack.

3.4.2 Case Study: Profiling the IOR Benchmark. To demon-
strate DataCrumbs’ explainability capabilities, we conducted two
experiments using the IOR benchmark, a widely used HPC I/O
benchmarking tool that measures performance under various I/O
patterns, including sequential and random access. The experiments
were run on a Chameleon Cloud instance with Intel Skylake bare-
metal, 128 GB of memory, and 12 processes on a single node. Dat-
aCrumbs was run as a background service on the same node.
First, we ran IOR with a transfer size of 4 MB and a block size of
8 GB using a sequential file-per-process access pattern. The results,
shown in Figure 3 for a single process, include three scenarios: (1)
write with POSIX I/O, (2) buffered read with POSIX I/O, and (3)
unbuffered I/O with POSIX I/O. We ensured that all caches were
cleared for the unbuffered read. The runtimes were vastly different:
write took 400 seconds, unbuffered read 330 seconds, and buffered
read 5.8 seconds. The x-axis represents different operations, while
the y-axis shows the percentage of time spent on each kernel call.
As more than 12K calls were traced, only those accounting for
more than 5% of the total time are shown. Substantial performance
variations were observed for the different I/O scenarios. Write op-
erations using POSIX I/O consumed 82% of execution time due
to OS page cache management, highlighting the impact of dirty
page flushing. Unbuffered read operations had a high overhead
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due to frequent page cache misses, with dominant kernel calls
such as mod_node_page_state and get_page_from_freelist.In
contrast, buffered reads relied on various kernel calls, such as
filemap_get_read_batchandhtab_map_lookup_elem,reflecting
the differences in the handling of buffered and unbuffered reads.

Our second experiment compares DataCrumbs with the widely
used Darshan DXT tool in two buffered write scenarios: (1) writing
to an existing page in the ext4 page cache and (2) writes that trigger
a swap and reallocation from the ext4 page cache for new data. We
ran IOR with a transfer size of 1 MB and a block size of 8 GB using
a sequential file-per-process access pattern. In this test, the total
1/0 is more than 50%, so the OS cache is evicted for the reported
operations. Figure 4 shows a performance breakdown for a single
process as observed by Darshan DXT and DataCrumbs. On the left,
the write is stored in the ext4 page cache without being immediately
written to disk. On the right, the write triggers the flushing of dirty
inodes in ext4, followed by reallocation for new writes. This second
scenario occurs due to exausting of existing inode pages in ext4.
The results indicate that write costs within the ext4 layer remain
consistent across both cases. However, in the second scenario, most
of the additional time is spent on eviction and reallocation within
the buffering layer before the write operation can continue.

The breakdown of kernel function contributions in Figures 3 and
4 highlights how different I/O operations follow distinct execution
paths, leading to highly variable performance outcomes, a variability
that becomes even more pronounced in HPC environments. With
only 1.3% of overhead, DataCrumbs provides valuable insights into
the root causes of I/O bottlenecks and variability, enabling more
accurate I/O performance modeling, incorporating both user- and
kernel-level factors, optimized workload execution, allowing scien-
tists to fine-tune file access patterns to reduce cache inefficiencies,
and better-informed HPC system design, as architects gain a clearer
understanding of how I/O traffic interacts with storage subsystems.
DataCrumbs uses kernel-space buffering, decouples event capture
and storing, and minimizes probing functions to keep the overhead
minimal with respect to other tools. Unlike traditional profiling
tools, DataCrumbs exposes granular interactions within the I/O
stack, fostering a new level of explainability in HPC storage analysis.

4 Conclusion

Modern HPC storage infrastructures are complex, involving multi-
ple computing elements, diverse storage devices, intricate software
abstractions, and high-performance network links. Researchers face



SSDBM 2025, June 23-25, 2025, Columbus, OH, USA

three main challenges with current performance lists and monitor-
ing solutions: they fail to capture interconnects between computing
elements and storage tiers, offer limited visibility into the I/O soft-
ware stack at the kernel and network levels, and often include
optional fields that result in sparse storage details. To address these
issues, we introduce DataCrumbs, a tool designed to enhance visi-
bility into both user and kernel I/O stacks, facilitating better under-
standing of I/O performance on HPC compute nodes. This study un-
derscores the need for a holistic view of modern HPC software and
hardware to achieve explainable I/O for large-scale HPC systems.
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