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Increasing the Lifetime of HPC Machines:
Issues, Implications, and Open Challenges

Robin Boezennec, Fernando Fernandes dos Santos, Brice Goglin, Angeliki Kritikakou, Guillaume Pallez, Erven
Rohou, Olivier Sentieys and Marcello Traiola

Abstract—Extending the lifetime of High-Performance Com-
puting (HPC) machines is becoming an important concern for a
variety of reasons. These include the environmental and human
costs associated with chip manufacturing, the rising demands by
AI workloads, the soaring prices of accelerator chips, political
blocks, and delays in the delivery of next-generation supercom-
puters. As a community, we must reconsider the traditional
HPC paradigm and explore new strategies for making existing
HPC infrastructure viable for longer periods. In this work,
we highlight the current barriers in prolonging HPC machines
lifespan and discuss key technical and operational challenges
towards this goal.

Index Terms—Aging, HPC lifetime, maintainability, hardware
faults, software compatibility

I. INTRODUCTION

The traditional paradigm in HPC relies on regular deploy-
ment of new systems every few years, each generation offering
increased performance, efficiency, and capabilities. However,
this paradigm is nowadays reaching its limits. The most
important reasons stems from the environmental and human
costs associated with producing the hardware that powers HPC
systems, such as the raw materials and the manufacturing
costs, or even geopolitical costs. At the same time, the rapid
growth of artificial intelligence has led to increased demand
for hardware accelerators, such as Graphics Processing Unit
(GPU) and Tensor Processing Unit (TPU) platforms, pushing
prices high and causing global supply shortages. Delays in the
delivery of next-generation supercomputers only worsen the
problem, leaving users with the only available option of relying
on their current systems for extended periods. As a result, it
becomes a matter of practical importance, long term vision,
and ethical responsibility to increase the efforts for extending
the lifetime of existing HPC systems. This implies using
the initial system resources, even when they start exhibiting
non-nominal behavior, instead of replacing them immediately.
Additionally, proactive investments in design improvements
and usage practices play a key role in delaying resource
degradation. To achieve this goal, it is imperative for the HPC
community to rethink how to design, maintain, and evolve
HPC systems, not only focusing on peak performance, but also
considering longevity as an equally important objective.

System longevity is threatened by both hardware and soft-
ware degradation over time, which affects the system nominal
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behavior. On the hardware side, components such as memory
modules, processors, and interconnects degrade due to physical
phenomena, such as electromigration [1], [2], resulting in
slower transistors and faults on the chip. With the ongoing
technology reduction, hardware wear-out occurs significantly
earlier, reducing the lifetime of the circuits [3]. Software
degradation manifests as the inability of outdated operating
systems, libraries, and middleware to support evolving work-
loads, security standards, and hardware interfaces. With the
software complexity increase of modern systems, software
obsolescence is becoming increasingly challenging to manage
over time. The effects of hardware wear-out and software
obsolescence lead to HPC system aging, reducing the overall
efficiency and usability of HPC systems, posing significant
challenges for their long-term maintainability.

The goal of this paper is to lay the groundwork for fu-
ture research on HPC system aging towards designing more
maintainable HPC infrastructures. To achieve this, we discuss
the barriers and the scientific and technical challenges, as
well as the implications across the system stack, when the
operational lifetime of an HPC systems is extended beyond
its originally intended lifetime. More precisely, we initially
identify and analyze the hardware-related and software-related
issues that arise when the lifetime of the HPC infrastructure is
extended, considering the evolving stakeholder requirements
and concerns. This is achieved through a high-level meta-
classification of non-nominal behavior in HPC systems de-
scribing the diverse manifestations of system degradation.
Section III distinguishes between non-nominal functional be-
havior, parametric deviations, and complete unavailability on
both hardware and software fronts, while considering stake-
holder expectations and system-level trade-offs to support
better diagnosis, management, and mitigation of HPC system
aging. Addressing the issues that emerge when extending the
lifespan of HPC machines presents several open challenges. In
Section IV, we provide an overview of potential families of
solutions to the hardware and software issues with the goal of
identifying research directions and open challenges necessary
to make these solutions both practical and applicable in real-
world scenarios. Tackling these challenges requires a coordi-
nated effort across the entire HPC stack and a collaborative,
community-wide initiative to redefine the HPC stack with
longevity as one of the primary design goals.

Note that, this work focuses on research challenges on
increasing longevity of HPC systems by dealing with aging
occurring due to the prolonged use of hardware and software
components. Furthermore, it is important to clarify that this
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work does not aim to provide a survey of HPC reliability
techniques, fault tolerance methods, or reliability assessment
approaches. Existing literature covers the aspects on how
to deal with faults and failures in supercomputing systems
(whether they are “hard” [4], [5], [6], [7], [8] or “silent” [9],
[10], [11], [12]), and their usage due to the extremely large
number of resources used in HPC infrastructures [13]. Fault
tolerance also includes mitigating the impact of faults through
redundancy [14]. This has been used in high performance
and scalable networks [15] or storage [16] for a long time.
It may be extended to other hardware components through
disaggregated architectures [17] in the future, but it is outside
the scope of this work where we rather study the challenges
of implementing more general and long-term solutions for
extending the lifetime of HPC machines.

II. MOTIVATION AND CURRENT TRENDS

In recent years, the HPC community has begun to recognize
the importance of increasing the lifetime of HPC machines
as a key strategy for improving sustainability, reducing costs,
and minimizing environmental impact. As awareness of the
ecological and economic implications of frequent hardware
turnover grows, both researchers and industry stakeholders are
exploring ways to extend the usable life of HPC systems. This
section presents an overview of current trends in this direction,
including recent research efforts and practical actions that have
been taken to support this goal. Recent work provides a com-
prehensive overview of sustainability challenges and opportu-
nities in HPC [18], with a particular emphasis on reducing
environmental impact. The study highlights how current HPC
systems face growing energy demands and frequent hardware
turnover, both of which contribute significantly to their carbon
footprint. The work advocates a holistic approach that aligns
hardware design, software efficiency, and operational strategies
to enhance long-term system viability. A key contribution of
this research is its emphasis on collaborative efforts across
academia, industry, and government to standardize sustainabil-
ity metrics and promote best practices. The study highlights
the importance of hardware longevity as a cornerstone of
sustainable HPC, arguing that longer-lasting infrastructure
not only reduces e-waste and manufacturing impact but also
complements energy efficiency initiatives. While quantitative
data on carbon intensities across different geographical re-
gions in Europe is provided, along with useful directions
for the community, there is no comprehensive classification
or detailed analysis of the diverse manifestations of system
degradation and the open challenges faced in implementing
related solutions. The absence of a thorough analysis makes it
difficult to establish a clear research path forward, as critical
insights into the complexities of these issues are lacking.

Efforts to extend the lifespan of HPC machines are increas-
ingly emerging across both industry and research. Institutions
are increasingly opting to extend the operational life of HPC
systems through targeted hardware upgrades. For instance,
the Texas Advanced Computing Center (TACC) extended
the lifespan of its Stampede2 supercomputer by replacing
448 older Intel Knights Landing nodes with 224 newer Dell

PowerEdge R650 servers equipped with Intel Xeon Platinum
8380 processors [19]. Collaborations with hardware vendors
have proven effective in prolonging system support. Oak Ridge
National Laboratory’s Summit supercomputer, initially slated
for decommissioning in early 2024, received an additional year
of support through negotiations with IBM and NVIDIA [20].
This extension allowed Summit to continue contributing to
over 100 research projects. Repurposing older HPC hardware
for specialized tasks is another approach to extending utility.
Argonne National Laboratory plans to transform the retir-
ing ThetaGPU hardware into a new system named Sophia,
dedicated to specific computational tasks. This strategy not
only maximizes the value extracted from existing hardware
but also supports sustainability goals by reducing electronic
waste [21]. By adopting circular economy principles, compa-
nies like Google implement practices such as maintenance,
refurbishment, and redistribution of hardware components.
By optimizing the end-of-life process based on Total Cost
of Ownership (TCO) rather than traditional accounting life,
Google has achieved significant cost savings and reduced
environmental impact [22]. Ensuring software can operate
across various hardware platforms is crucial for longevity.
The Lawrence Livermore National Laboratory’s "HPC Center
of the Future" initiative advocates for open standards to
seamlessly integrate hardware and software from multiple
vendors, emphasizing a flexible base software environment
and infrastructure-as-a-service models [23]. Such approaches
facilitate seamless transitions between hardware generations,
thereby extending the functional lifespan of software appli-
cations. Ongoing optimization of software components con-
tributes to system longevity. TACC’s Stampede2, for exam-
ple, continues to enhance key open-source technologies like
MVAPICH MPI libraries and the Lustre parallel file system.
These improvements ensure that the software remains efficient
and compatible with evolving hardware, thereby extending its
useful life. Implementing systems that allow for dynamic allo-
cation of resources can extend hardware utility. Google’s use
of the Borg architecture enables flexible resource management
across its data centers, allowing for efficient utilization and
prolonging hardware relevance [22]. Incorporating AI and data
analysis capabilities into existing HPC systems can rejuvenate
their utility. Argonne’s Theta supercomputer, for instance,
was augmented with NVIDIA GPUs to support COVID-
19 research, thereby extending its relevance and application
scope [21].

Motivated by these reasons and current trends in the HPC
community aiming to increase the lifetime of HPC machines,
we propose a study of the key issues related to extending HPC
machine lifetimes through a meta-classification framework,
and highlight the main technical and operational challenges
for the community to collectively address them.

III. HPC NON-NOMINAL BEHAVIOR
META-CLASSIFICATION

The objective of this section is to raise awareness about the
issues stemming from extending the lifespan of HPC systems.
Extending the lifespan of HPC systems is related to increasing
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Fig. 1: Proposed non-nominal behavior meta-classification. The stakeholders will have expectations and perceptions defining
what is nominal/non-nominal. The non-nominal behaviors will be triggered by external factors such as hardware aging, software
updates, etc.

the efforts to still use the machine original resources, even
when they start exhibiting non-nominal behavior, instead of
replacing them, or even investing proactively in design efforts
and usage practices with the goal of delaying the resources
degradation. We introduce and discuss the phenomena that
can trigger the non-nominal behavior of an HPC system. To
achieve this, we propose a high-level meta-classification of
the possible reasons leading to non-nominal behavior in HPC
systems, depicted in Figure 1. A non-nominal system behavior
is typically triggered by some events impacting or interacting
with the system. Examples can be the hardware wear-out
(i.e., transistors degradation) and the software evolution and
maintenance (e.g., updates during the system lifetime). The
non-nominal system behavior is caused by issues coming from
hardware (HW) or software (SW), which are described in
details in the following paragraphs, along with representative
examples. As hardware, we refer to the collection of physical
elements of a computing system that are involved in the
execution, processing, storage, and communication of digital
information. Unlike software, which consists of instructions
and data, hardware refers to the mechanical, magnetic, elec-
tronic, and electrical components that support and perform
computational tasks. As an example, we consider CPUs and
GPUs as hardware, and the code that runs on them (e.g.,
firmwares, drivers, OS, kernels, applications) as software.

Note that, the graph is intentionally high-level, to in-
clude different potential scenarios and examples. The meta-
classification itself is parametric as the definition of non-
nominal behavior depends on the expectation and perception
of the system’s stakeholders (e.g., users, system administrators,
system owners, investors, etc.). For example, characterizing
a hardware resource as a resource that behaves in a non-
nominal way or as an unusable resource partially depends on
the stakeholder’s expectation, e.g., using an GPU working in a
lower frequency can be an acceptable or not depending on the
timing requirements of the stakeholder. In this way, the meta-
classification can be adapted to more scenarios and examples
becomes general and flexible.

A. Hardware issues
Current and upcoming generations of hardware will in-

evitably have faults and defects as they execute workloads,
encountering stress, and thus, aging. These challenges are
further exacerbated by the increasing complexity and scale of
HPC systems, making them more susceptible to failure over
time. To provide insight on the relevant hardware issues, we
first present the primary sources that can jeopardize the proper
functioning of hardware, and then, we discuss the possible
effects on HPC systems.

1) Sources: Hardware can be affected by faults originating
from several sources, including environmental perturbations,
process, temperature, and voltage variations, material defects,
and hardware aging [24], [25], [26], [27], [1], [28]. With the
continuous miniaturization of transistors, these fault sources
are becoming more frequent. For instance, it is reasonable to
anticipate an increase in fault occurrences as smaller devices
are more susceptible to faults over time [29], [26], [30], [31],
[32]. Recent studies [33], [34] show that the vulnerability of
modern digital devices, particularly those built on sub-7 nm
processes, will be affected by phenomena such as Electro-
migration and Time-Dependent-Dielectric-Breakdown—both
major contributors to hardware faults and accelerated ag-
ing [35], [2]. The International Roadmap for Devices and
Systems notes that device lifetime diminishes by half with
each new manufacturing generation [35], and when combined
with harsh operating conditions, including high temperatures
and radiation-induced latch-ups, the risk of permanent faults
increases significantly [36], [37], [25], [38], [39]. Furthermore,
hardware faults are becoming increasingly sensitive to the
workload [40], [41], [42], [43]. For instance, different cores
are subjected to different amounts of stress due to varying
workloads, leading to an aging imbalance among cores [44].

Example III-A.1: Heterogeneous cooling

Cooling in data centers is heterogeneous. Whether
achieved by fans or liquid cooling, nodes closer to the
cooling source have a higher cooling parameter than
those farther away. We illustrate this by measuring using
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ipmitool on a simple small cluster (22 nodes but one was
never turned on, each with 2 AMD Epyc 9224 CPUs) the
distribution of temperature of the different CPUs during
a 10 day period (the measurement were taken every 10
minutes).

Each node shows a different trend depending on the
workload (for instance, the node in the bottom left graph
was never used during this period; 45-50°C corresponds
to idle mode). If we focus on the highest temperature
mode, we observe not only a difference in maximum
temperature for each node, but also a difference of
several degrees between the two CPUs within each
node, highlighting the impact of heterogeneous cooling.
This heterogeneity directly impacts the aging of these
nodes [45], [26], [46], thus leading to heterogeneity in
the lifespan of nodes. We discuss in Challenge IV-B.1
how one can use aging models to study the effect of node
permutations – i.e. unplugging and re-plugging compute
nodes in different locations of the data-center – to impact
aging, and the challenges that this solution poses.
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HPC node
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Fig. 2: An abstract representation of an HPC system includes
nodes with sub-components like integrated chips, GPUs,
DRAM, and storage. Integrated chips can be divided into
processing cores, HBM, and accelerators. This helps fault
isolation, e.g., a chip is still usable if 3 processing cores are
usable and 1 core is unusable due to a permanent fault.

2) Effects: Once a hardware fault interacts with the active
computation, the fault can manifest as an error, corrupting
data or computation flow. When such errors propagate to the
system level, they result in failures, leading to a reliability
violation, i.e., incorrect functional behavior of the system [47],
[48]. Failures are usually grouped into ones causing immediate
crashes or exceptions (i.e., function interruptions) and ones
leading to incorrect computations or data loss, which may not
be noticed immediately. The latter class of failures is often
referred to as silent data corruption (SDC).

To understand the impact of faults and defects at the
system level, it is important to classify how they affect
different system components. To illustrate the need for such
a classification, consider a typical HPC system as shown
in Figure 2. Faults and defects can impact various system
parts, potentially rendering them unusable. However, if only
a single part (e.g., one core) is compromised, the remaining
hardware resources will still function. Thus, the system can
still be considered usable, even if it does not operate as
originally designed. This principle applies to all system levels,
including functional units, cores, chips, and nodes. Therefore,
we classify the hardware issues, when the HPC system lifetime
is extended, into three main categories: • Non-nominal Func-
tional Behavior (Subsec. III-A3); • Non-nominal Operation
Margins (Subsec. III-A4); • Unusable Hardware Resources
(Subsec. III-A5).

3) Non-nominal Functional Behavior: This class includes
hardware resources that are operational, but are not performing
computations as originally designed. Such issues can happen
at various levels within the system, including the core level
(e.g., a functional unit producing incorrect computations) [49],
memory levels (e.g., bits that are permanently stuck at value
0 or 1) [7], interconnections on the chip (e.g., defects in
the lines) [50], or accelerators with permanent faults (e.g.,
incorrect thread scheduling) [8]. In this category, we include
the situations where the cause of non-nominal functional
behavior cannot be addressed (i.e., some permanent defect
prevent the transistors from functioning properly). Approaches
to circumvent the issue and still provide at least a partial
functionality are discussed in Section IV.
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Example III-A.2: Silent File Loss Due to CPU Defect

A concrete instance of non-nominal functional behavior
has been reported by Meta in large-scale production
environments [51]. They showcase a decompression job
running on a Spark-based pipeline sometimes silently
drops input files. The root cause was a faulty CPU
core: when computing file sizes using math.pow() and
casting the result to an integer, the operation occasionally
returned zero instead of the correct positive size. This
defect triggered silent data corruption by causing valid
files to be dropped during decompression, without raising
any hardware errors (ECC, machine check, logs). The
bug only appeared on a specific core, and only for certain
exponent values. From the HPC system’s point of view,
everything looked healthy, yet data was silently lost.

4) Non-nominal Operation Margins: A hardware compo-
nent can remain functional but exhibit parametric-induced
faults, i.e., faults originating from deviations in hardware
parameters [48]. We refer to this category as system operating
under non-nominal operation margins. An example is Inter-
cell Parametric Disturbance in DRAM memory, where the
capacitance and isolation margins of DRAM cells drop below
safe limits. This occurs when repeatedly activating one row
exceeds these margins, causing charge leakage and bit flips in
neighboring cells. [52]. Another example is hardware defects,
such as short circuits or soldering issues, which can cause the
operating temperature to rise abnormally [48]. An additional
example is the shift in the threshold voltage of transistors
due to aging, where the delay of individual transistors is
proportional to this threshold voltage shift [53], [54]. Hence,
transistor aging leads to an increased probability of timing vio-
lation, i.e., the duration of the computation exceeds the clock
period, leading to faults. As we will discuss in Section IV,
techniques to reduce the effects of those defects exist, but they
often have an impact on the resource performance to ensure
correct execution, e.g., by reducing the clock frequency.

Example III-A.3: Rowhammer: Parametric-Induced
Faults in Scaled DRAM

An example of a hardware component operating un-
der non-nominal margins is the Rowhammer effect in
DRAM [52]. DRAM cells store data as charges in
tiny capacitors, and under nominal conditions, each cell
retains its charge long enough for reliable operation,
with minimal interference between neighbors. However,
as process nodes shrink, cell capacitance decreases and
parasitic coupling increases, reducing safe operating mar-
gins. When a row is repeatedly accessed (“hammered”),
these parametric deviations can cause charge leakage in
adjacent rows, producing unintended bit flips. Impor-
tantly, this is a parametric-induced fault: the cells are
not defective, but the altered physical parameters lead to
failures outside nominal operation, leading to reliability
and security problems [55].

5) Unusable HW Resources: The resource has reached its
end of life and is no longer usable. It may either be completely
unresponsive or considered no longer suitable for the system.
At this point, as it will be discussed in Section IV, the
resource must be excluded from usage, emulated with other
components, or replaced.

Example III-A.4: Broken hardware resources

Hardware components, such as memory modules or
CPUs, may be considered to reach end-of-life by some
stakeholders when certain parts fail or become unsuitable
for operation. For example, if some memory modules
are defective, the entire memory may be considered
unusable, or part of it may still be utilized, if the memory
system supports this. Similarly, in cases such as an
HPC server with a malfunctioning CPU core, where
other components remain functional, the administrators
can still use the remaining components or emulate the
faulty ones to ensure continued operation, preventing the
system from failing to boot due to the faulty component.

B. Software issues

When extending a system’s lifetime, stakeholders decide
whether to upgrade the system software stack or not. Both
choices have distinct advantages and drawbacks. Upgrading
offers access to newer environments and tools, but it may result
in compatibility issues, such as missing drivers or limited sup-
port for older hardware. Conversely, maintaining the existing
configuration ensures functionality without modification, but
it may lack modern support and libraries required by modern
applications. Note that, in some cases, the upgrades are not
optional. For example, security concerns may force to upgrade
software as vulnerabilities appear.

Attempting to run either recent software on older hardware
or older software on newer hardware can lead to under-
performance or incompatibility issues. Under-performance
happens when the application operates but in a diminished
capacity—such as reduced speed or accuracy. Applications
may adjust their Quality of Service (QoS) based on hardware
performance. For instance, a machine learning model can use
a smaller float-point precision to keep the processing time
to acceptable levels. Contrarily, incompatibility happens when
the application fails to start or crashes soon after launching.
Similar to hardware problems previously discussed, the dis-
tinction between under-performing and incompatible software
can be subjective, depending on stakeholder expectations.
What one considers slow might be acceptable to another, but if
it crosses the threshold of usability, it becomes unacceptable.
The following paragraphs discuss these cases in details, along
with representative examples.

1) Sources: Software issues may appear over time, be-
cause of the numerous components of the HPC stack, whose
compatibility is not always well maintained in the long-term,
especially when a partial system update takes place. Most HPC
software depends on several libraries whose compatibility is
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defined by Application Programming and Binary Interfaces
(API and ABI). Good software development practices are
required to maintain backward compatibility (e.g., not re-
moving functions, or changing their prototype or behavior).
However, long-term maintenance may impose a high workload
on developers. Functions deprecated for a long time are
usually removed after some years, breaking other software
parts that were not updated. Such issues can appear because
libraries have dependency chains, newer hardware support, or
for security reasons. Furthermore, compilers and programming
languages may also cause issues because languages and com-
pilers evolve. An old compiler may not support the recent
revision of C++ used in a newer application version, or new
compilers can be so pedantic that they may not successfully
compile an old program.

2) Effects: Due to the aforementioned reasons, there are
software compatibility problems between applications, li-
braries, and compilers. Therefore, we classify the issues related
to the software, when the lifetime of HPC systems is extended,
as: • Under-performing SW due to HW (Subsec. III-B3);
• Under-performing SW due to Surrounding SW Ecosystem
(Subsec. III-B4); • Incompatibility between SW and HW
(Subsec. III-B5); • Incompatibility within SW (Subsec. III-B6).

3) Under-performing SW due to Hardware: Modern com-
puting environments often face challenges due to the com-
plex interplay between hardware configurations and software
behavior. This phenomenon gets exacerbated when specific
hardware resources become partially unavailable, causing ex-
ecution to slow down. This may occur due to reduced resource
availability or the need to emulate missing features on alter-
native components.

Example III-B.1: Hardware/software interactions

If a CPU experiences partial failure, requiring some
cores to be turned off, this can lead to an asymmetric
compute node with an unusual number of cores, which
may cause algorithms to misbehave during workload
distribution. Failure of other computing elements, such
as GPUs or TPUs, also has a severe impact: even though
applications might be designed to function without them,
their performance will degrade significantly. Similarly,
if only some chips of the memory are available due
to hardware failure, this can lead to memory allocation
issues. On a finer scale, software relying on advanced
CPU instructions (e.g., Intel Advanced Matrix Exten-
sions) might fall back to scalar implementations if those
features become unavailable, but at a cost.

4) Under-performing SW due to Surrounding SW Ecosys-
tem: Some software may execute sub-optimally because it
cannot benefit from features usually available in some li-
braries. The reasons for the unavailability of a library are
diverse: it is simply not installed, the license expired and is too
expensive to consider renewal, or the vendor no longer sup-
ports it. In either case, developers must rely on less-performing
substitutes, such as manually programming a missing feature.

Example III-B.2: Missing libraries and drivers

Most HPC runtimes rely on hwloc [56] for detecting
the topology of the compute nodes, but they may fall
to manual detection when it is unavailable. The result
will be less precise and less portable, possibly resulting
in inadequate process placement and decreased overall
performance. On the commercial software side, NVIDIA
regularly phases out support for older GPU architectures
after some product generations [57].

5) Incompatibility between SW and HW: Hardware char-
acteristics are usually specified in technical manuals, and
software is free to take this information for granted. Some
software is likely to fail to run if the aging hardware does not
anymore match the platform anticipated at design time.

Example III-B.3: Broken assumptions about HW

Software drivers may hard-) – (1-1996+1,-.2) node[label
= below:1] ;

SIMD ISA Extension (ARM)

MMX
3DNow!

SSE
SSE2

SSE3
SSSE3

SSE4
AVX

KNC
FMA4

KNL
AVX2
AVX-512

AMX
AVX10

Developers gain better performance by using recent
extensions, but this comes at the cost of compatibility:
code that relies on newer instructions may not run on
older machines. This issue is especially problematic
with proprietary software that users cannot recompile.
If we are targeting older machines, how can we manage
this process automatically to prevent users from being
discouraged?

6) Incompatibility within SW: Some software may fail to
run because it becomes incompatible with other software
components. Our modern HPC systems consist of many lay-
ers inter-operating through APIs. Typical stacks range from
low-level drivers through operating systems and runtimes to
compilers and languages. Upgrading a single layer incurs the
risk of breaking the compatibility of its neighbor layers.

Upgrades of some layers may be almost mandatory, as in
the case of cybersecurity. Vulnerabilities require updating the
software to patch the hole. However, some developers may
decide to only backport some security fixes to some recent
release series, which may not be compatible with our old
application or may not support some old hardware. Users are
then left with a dilemma between the security of the new
release and the usability of the old one.
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Example III-B.4: Old software

Attempts at recompiling a recent application on an old
setup may prove difficult because languages and stan-
dards evolve. New software will likely rely on new
dialects (e.g., ISO C++20 constructs), which are thus
unknown to old compilers. Newer compilers may be
difficult or impossible to install if the operating system
is too old. Similarly, when some libraries have not been
updated for years, they may miss some features used by
recent applications. For instance an old hwloc installation
of a recent HPC cluster would be unable to report infor-
mation about heterogeneous hardware, rendering some
hybrid programming models unusable if they use hwloc
for getting heterogeneity information.

C. Challenges of Classifying Hardware and Software Issues

Accurately determining whether a failure is due to a hard-
ware or software issue is challenging. Misclassifications during
debugging can result in incorrect mitigation actions, wasting
time and resources. The task becomes even trickier when the
hardware starts operating outside the nominal operation mar-
gins. Estimating performance degradation caused by changes
in operational margins or system aging depends on numerous
variables, and using different estimation methods can yield
substantially different results. In some cases, this may result
in estimations that differ by an order of magnitude [58], [59],
[29], [32]. Note that, the software can also under-perform
because of older hardware or other software issues, adding
another layer of complexity to fault location and isolation.

Ultimately, HPC stakeholders are responsible for defining
the boundaries between usable and unusable hardware and
software. These boundaries can be ambiguous and should be
established based on performance preferences and software
maintainability. The final determination by HPC managers will
define whether the systems are classified as a refurbished HPC
or deemed entirely unusable. The software stack then must
accurately identify which resources remain usable and how to
inform it to users, potentially via the resource manager soft-
ware. The following section will address the main challenges
in solving the hardware and software problems we discussed.

Challenge III-C.1: Finding the source of the problem

Meta reports that debugging CPU SDCs can require
months of engineering effort [51], [60], while Alibaba
Cloud experienced a CPU SDC issue that required sev-
eral weeks to resolve [10], and Google has reported
suffering bugs in production due to a very rare failure
miss-classified as SDC [61].
Classifying whether the source of misbehavior is from
hardware or software presents significant challenges.
Hardware faults and defects can be intertwined with soft-
ware bugs, incompatible software, and underperforming
software, making the task quite complex.
Finally, after identifying and isolating the fault, defect,

or bug, the next challenge is determining whether the
hardware and software are usable or unusable.

IV. TOWARDS EXTENDED LIFETIME: CHALLENGES TO
PRACTICAL SOLUTIONS

So far, we discussed non-nominal behavior that we expect
to observe as we start increasing the lifetime of HPC machines
and their resources. We have focused on non-nominal behav-
iors that have a concrete impact on how we use HPC machines.
In the near future, the HPC community will need to identify
solutions for each of these behaviors to prolong the lifespan of
HPC machines. This section discusses some of these solutions.
Our goal is not to find a practical solution for each of
the behaviors we discussed. We believe this is too early at
this stage and could only be covered by a community-wide
research program. This position paper wants to give directions
toward possible solutions along with some examples and,
more importantly, highlight the research challenges that must
be solved through a community-wide effort before similar
solutions can be used. With this in mind, we point to possible
directions to address given unusual behaviors and discuss the
challenges of implementing such solutions while considering
increasing the lifespan of HPCs. Note that a given class of
solutions may address different non-nominal behaviors and
different classes of solutions may contribute to the same
non-nominal behavior. We identify and discuss three main
categories of possible responses to non-nominal behavior:

1) Increase/Replace/Rethink Hardware Resources;
2) Dynamic Adaptation of Resources;
3) Increase Software Compatibility and Lifetime.

A. Increase/Replace/Rethink Hardware Resources

One of the most straightforward reactions to non-nominal
HW resource behavior, unusable HW resources, and under-
performing SW due to HW, is increasing the available re-
sources or replacing components with newer and more capable
hardware parts. This approach may include adding memory
modules, upgrading accelerators, GPUs, or CPUs, or adding
nodes to the system. For both solutions, increase and replace,
identical hardware parts may not be available anymore due
to manufacturers’ end-of-life policies. Enforced hardware up-
grades may require software upgrades, hence they are rarely
plug-and-play solutions.

Although increasing and replacing hardware parts works
to some extent for some parts of HPC machines, this is a
reactive action. That is, after the problem occurs, a solution
is employed. In order to extend the lifetime of future
HPC systems, it is essential to adopt proactive approaches
during the early hardware design phases. More proactive
fault tolerance and mitigation strategies are not new to other
research communities. Fault tolerance and mitigation are well-
established domains, particularly among researchers and engi-
neers in safety- and mission-critical applications, such as space
exploration, avionics, and the automobile industry. Reliability
is a fundamental requirement in these sectors, driving the de-
velopment of various robust methods to address non-nominal
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behaviors, such as multi-bit error detection and correction [62],
aging sensors [63], and silicon lifecycle management [64],
[65]. While reliability constraints differ for HPC machines,
the HPC community can and should draw insights from the
test and reliability sectors to rethink hardware design. Note
that this initiative would demand a collaborative effort, as the
ultimate goal would be to maintain performance at acceptable
levels while integrating aging and fault tolerance into the
design constraints of hardware architectures.

1) Challenges and Implications:: Even if identical or sim-
ilar resources are available for replacement, aging-related
challenges will still exist. The physical location of components
within a system can influence their degradation rate, as some
may operate under higher thermal stress or power variations,
accelerating the aging process. This heterogeneity complicates
system reconfiguration and load balancing, particularly when
integrating newer components. Integrating new resources also
raises questions about connectivity, spatial placement, and
thermal management. Should newer components be placed
where older ones failed, especially in areas prone to faults?
Is it feasible to connect them to the existing hardware without
introducing bottlenecks? These decisions impact performance,
resilience, and maintainability.

Replacing old hardware with newer alternatives increases
system heterogeneity and complicates software and hardware
management. A critical issue is how the Resource and Job
Management Software (RJMS) handles such environments.
While some heterogeneity is common in HPC clusters, users
generally expect homogeneous environments to avoid perfor-
mance imbalances in parallel jobs. Existing RJMS frame-
works must be extended to support finer-grained heterogeneity
management. Unlike cloud environments, where heterogeneity
is abstracted through virtualization layers, HPC workloads
are typically communication-intensive and tightly coupled.
Simplified classifications (e.g., “fast” vs. “slow” nodes) may
be more effective for balancing usability and complexity [66].
Schedulers also need adaptation to reason about heterogeneous
performance characteristics, such as determining which jobs
should use newer hardware and based on what criteria [67].

Low-level software, including compilers and runtime li-
braries, must adapt to exploit new hardware capabilities while
maintaining compatibility with legacy components. Compila-
tion strategies need target-specific optimizations, which be-
come more challenging to manage in heterogeneous environ-
ments. Inconsistent performance or feature availability across
nodes can further challenge application developers and reduce
overall system efficiency.

Another key challenge is how we can proactively mitigate
the impact of aging hardware on HPC. Fault tolerance and
mitigation are highly effective when implemented during the
hardware design. However, the primary challenge of employ-
ing such approaches in HPC systems is scalability. Indeed,
hardware changes may incur significant costs in terms of phys-
ical area and increased power consumption. While additional
power and area are justified for safety- or mission-critical ap-
plications due to their nature, HPC requires more cost-effective
solutions. Therefore, the main challenge of applying proactive
fault detection and correction in HPCs lies in modifying the

hardware design to enable these processes without incurring
excessive overhead, i.e. rethinking HPC hardware.

Challenge IV-A.1: Increasing or replacing is never a
plug-and-play situation

Increasing or replacing hardware resources will increase
system complexity. Identical parts can become obsolete,
and different hardware parts must be integrated into
the system, creating heterogeneity. This makes schedul-
ing, load balancing, and predicting performance more
difficult. Resource and job management software must
adjust to these environments, as traditional HPC users
prefer uniform systems to minimize job imbalances.
Compilers and low-level runtime systems must manage
diverse capabilities and ensure compatibility, requiring
new abstractions and adaptive mechanisms. Additionally,
components may age differently depending on location.
Integrating newer parts raises challenges related to place-
ment, connectivity, and thermal constraints, particularly
in systems not designed for upgrades.

To highlight the importance of rethinking HPC hardware,
consider the current trend in chip design, which focuses on
maximizing resource density within a chip. For example,
NVIDIA Grace Hopper includes multiple HBM modules,
many ARM cores, and a GPU all integrated into the chip, and
consumes up to 1000W [68]. While high-density chips yield
significant short-term performance gains, they may accelerate
the aging process due to thermal dissipation in the long term.

Challenge IV-A.2: Proactive measures requires re-
thinking HPC hardware design

Integrating proactive fault detection and correction at
scale in HPC systems faces cost, power, and area con-
straints. High-density chip designs—like NVIDIA Grace
Hopper—optimize short-term performance but, in the
long term, may worsen thermal stress and accelerate
aging, demanding new hardware design trade-offs.

2) Recommendations for Future Research:: Future work
should address several open challenges to enable more effec-
tive hardware replacement and/or resource increase in HPCs:
• Resource management: New scheduling models must be

designed to accommodate the hardware heterogeneity that
arises when resources are added or replaced. They should
also incorporate behavior to cope with aging, depending
of what are the platform’s operator objectives. However,
scheduling models have to remain simple enough for prac-
tical use in HPC environments. This includes developing
abstractions that reflect essential performance characteristics
without overwhelming users or system designers.

• Hardware architecture: The hardware architecture for
HPCs has to be rethought for a better understanding of
how seemingly identical hardware components degrade. For
instance, in safety-critical applications, methods such as
silicon lifecycle management and aging sensors are used to
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extract in-field data about the health of the hardware over
time. Similar approaches enable monitoring the health of
the HPC hardware, allowing better (re)placement strategies.
The collected data can also address aging and fault tolerance
during initial design phases of future hardware architectures.

• Compilers and low-level software: The research should
focus on adaptive compilation techniques and runtime mech-
anisms that dynamically adjust to varying hardware con-
figurations while ensuring stability and correctness across
execution environments while limiting code size explosion.

B. Dynamic adaptation of resources

Dynamic adaptation of resources is another possible di-
rection to handle non-nominal HW resource behaviors and
unusable HW resources. Two primary adaptation strategies are
employed to address system degradation.
(i) Reducing Active Resource Footprint: This strategy involves
excluding or deactivating faulty components (i.e. components
whose results cannot be trusted) to minimize the system’s
resource usage. Measures include not scheduling unusable
nodes, deactivating malfunctioning CPU cores or GPUs, or
restricting use of faulty memory regions. These adaptations
ensure system operation despite hardware degradation, partic-
ularly valuable in long-running HPC environments where full
replacements are impractical or costly.
(ii) Modifying Resource Usage: this approach consists in
adapting resource utilization rather than replacing or disabling
components. As a reactive approach, in cases of partial hard-
ware failure such as shifted voltage threshold due to aging,
the system adjusts its usage patterns to accommodate reduced
performance without deactivating the component entirely. For
example, a standard approach to fix timing-related errors is to
extend clock periods a with a safety margin adjusted based
on hardware aging estimates [32]. This adjustment reduces
operating frequency and, consequently, performance. More
proactively, throughout the system lifetime workloads can be
balanced to prevent future issues by distributing tasks across
different resources [69]. For example, in a GPU, instead
of overloading specialized hardware units (such as a matrix
multiplication unit), the workload can be distributed among
both the standard GPU floating-point units and the specialized
ones. Implementing telemetry during hardware design, i.e.,
enabling runtime chip monitoring and data collection, helps
effectively guide these adjustments [64]. Other examples focus
on proactively optimizing supply voltage, operating clock fre-
quency, and dynamic cooling throughout the system’s lifetime
to slow aging effects and enhance energy efficiency [70]. Ad-
ditionally, applying power capping, i.e., limiting power usage,
can improve energy consumption, hardware temperature, and
performance with minimal performance degradation [71].

Combining reactive and proactive approaches can help the
system remain operational by adapting resource usage or
reducing its footprint.

Challenge IV-B.1: Aging-aware Management

In example III-A.1 we discussed the impact of hetero-
geneous cooling on the lifespan of compute nodes. To
study a solution such as "Would relocating compute node
frequently allow for a better usage of the machine?",
we need to develop accurate models. For instance, using
aging model such as the ones developed by Boezennec
et al. [46] that compute the deterioration of each node
(typically, a CPU or GPU) until they stop working, we
can evaluate the strategy from different perspective.
For instance, we simulated a machine where all nodes run
at a single constant speed, where there are three levels of
cooling heterogeneity and compared two strategies: one
that does not rotate nodes, and one that rotates nodes
every year. We study the volume of work (measured
in cumulative work done by the machine until no more
nodes are functional):

The first observation is that in general rotation are
detrimental to the total number of Flop obtained from
the machine, however it allows to have more Flop earlier,
because when we do not rotate, some node die earlier:

For details about the methodology of this specific exam-
ple, see [72]. Using these models, a system administrator
may decide the right platform strategy.

1) Challenges and Implications: The complexity of reduc-
ing active resource footprint varies by type and extent, with
traditional RJMS systems excelling at handling entire node
failures [73], [74], though performance impacts can occur
for jobs using large allocations. More fine-grained reductions,
such as disabling part of a CPU or limiting GPU memory,
will necessitate hardware and firmware support. For instance,
booting a system with a partially functional CPU requires the
firmware to correctly report and support such configurations.
While x86 servers offer some flexibility through dynamic
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ACPI table generation, specialized architectures like GPUs
and TPUs may lack this capability, underscoring the need
for hardware design modifications to accommodate partial
functionality. On the software side, adapting to reduced or
partially functional hardware demands changes across the
system stack. Firmwares and operating systems must be able
to expose these hardware details. Then RJMS must recognize
dynamic resource topologies to make informed scheduling
decisions, abandoning assumptions of fixed hardware capabil-
ities. Compilers and low-level system software must support
dynamic reconfiguration and scaling, as homogeneous re-
source assumptions can lead to performance issues or failures
when core counts, memory sizes, or GPU capabilities vary
across nodes.

Challenge IV-B.2: Dynamic adaptation requires HPC
systems rethinking

The challenges of handling partial failures or per-
formance degradation in high-performance computing
(HPC) systems require significant rethinking of both
hardware and software architectures. Monitoring and
interpreting issues at the component level, such as failed
vector units, demands fine-grained observability and fall-
back mechanisms that may be limited or dependent on
specific architectures. Similarly, partial hardware use,
e.g. deactivating faulty CPU cores, often lacks suffi-
cient support in specialized architectures, necessitating
a redesign of HPC hardware. On the software side,
managing uncertainty due to hardware variability adds
complexity. RJMS systems need lightweight models to
adapt to dynamic resource topologies while maintaining
performance. Compilers and runtimes must also support
real-time adjustments to non-nominal behavior. Tradi-
tional HPC workloads, which rely on homogeneous and
predictable environments, may require new abstractions
or refactoring to handle such conditions effectively.

One key challenge in modifying resource usage is ensuring
degraded components behave within acceptable bounds. Tra-
ditional HPC scheduling assumes stable resource performance,
yet aging systems exhibit increasing variability. This highlights
the limitations of current RJMS, primarily addressing user
uncertainty [75], [76], [77] rather than resource uncertainty. To
support degraded components, systems must include monitor-
ing mechanisms to assess resource behavior and communicate
operational parameters to middleware and applications. A
proactive solution would require hardware design changes
aiming at monitoring performance degradation and detecting
sub-component failures. Aging sensors included in the design
phases would allow identification of the defective components.
Modifying resource usage will directly impact also Software.
Instruction set architectures offering some backward compat-
ibility (e.g., x86 AVX-512 to AVX2 fallback) can already
offer some partial solutions. However, in more flexible ISAs
like ARM SVE, the implications could be more challenging,
for example when a malfunctioning functional unit impacts
the supported vector length. At the compilation and runtime

levels, modifying hardware usage will require dynamic exe-
cution strategy reconfiguration. This includes instruction set
fallback mechanisms, thread parallelism tuning, or workload
redistribution across nodes with uneven performance. Without
such flexibility, applications may underperform or fail due to
unexpected hardware behavior.

In conclusion, managing reduced or degraded hardware
resources demands a holistic approach, integrating robust mon-
itoring, proactive solutions at the hardware level, and dynamic
software adaptations. This integrated strategy ensures system
reliability and efficiency in diverse computing environments.

2) Recommendations for Future Research: Implementing,
as a resilience strategy, the reduction of active resource
footprint and the modification of resource usage calls for
coordinated improvements across the system stack:
• Monitoring and reliability modeling: Develop hardware-

level mechanisms to proactively report and quantify func-
tional degradation, such as variable instruction throughput or
downclocked frequencies. Additionally, investigate firmware
and hardware approaches for dynamic enumeration and
reporting of partially functional components across archi-
tectures.

• Resource Scheduling Models: Design Real-Time RJMS-
aware abstractions that dynamically detect and adapt
to performance uncertainty in real time while minimiz-
ing complexity and overhead. This includes advancing
heterogeneity-aware RJMS design to automatically detect
and manage fine-grained system heterogeneity, balancing
usability with system complexity.

• Compiler and Runtime Mechanisms: Enhance compiler
and runtime support by developing adaptive strategies for
rescaling jobs or redistributing workloads based on hard-
ware degradation status and on aging models, to decelerate
the system wear-out. Support for fallback implementations
across instruction set versions or vector lengths, as well as
runtime mechanisms to adjust parallelism and memory us-
age, will be key to adapt to performance uncertainty. Hence,
research should focus on automatically detecting scenarios
where these mechanisms are necessary and implementing
these adjustments without manual intervention.

C. Increase Software Compatibility and Lifetime

A suitable direction to address incompatible SW and under-
performing SW due to the SW ecosystem is spending effort
in proactively increasing Software compatibility and lifetime.
The HPC software stack is huge, ranging from several compil-
ers for many different languages to multiple parallel runtimes,
communication libraries, resource management systems, and
many different applications. Over the years, maintaining a
working stack with all these components has been difficult.
As explained in Section III-B, mixing old and new software
often brings issues because one has requirements that the other
does not meet yet or anymore. Well-established standards have
good evolution practices that ease end users’ life. For instance,
the upcoming Message Passing Interface (MPI) 5.0 standard
will define a common Application Binary Interface (ABI) [78]
between different implementations so that users can easily
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switch from one to the other without recompiling. Things are
more complicated when it comes to interactions between dif-
ferent components, for instance, an OpenMP runtime, the MPI
launcher, and the resource manager. The PMIx standard [79]
defined ways for them to exchange information about their
needs and use, so that, for instance, they do not try to use the
same resources. However, very few HPC libraries are actually
able to interoperate this way, hence many issues may arise
from interactions between components of the stack.

1) Challenges and Implications:: Computer users are used
to the fact that upgrading "underlying layers" of their systems,
such as hardware or operating systems, does not break appli-
cations. It feels natural that buying a new PC or applying OS
updates adds new functionality but does not remove any. Open-
source software usually maintains backward compatibility for
a long time. For instance, drivers are not removed from Linux
or NetBSD unless nobody uses them anymore. Some Linux
distributions (Fedora 41 or Debian 12 at the time of writing)
support down to Pentium 4 (shipped more than two decades
ago). However, proprietary or hardware-specific software may
deprecate legacy hardware support after only a few years,
limiting their suitability in long-term deployments. This may
especially happen for GPU drivers [57] or performance opti-
mization tools. Moreover, they usually only release security
fixes in newer releases instead of backporting them to stable
releases, hence enforcing unnecessary upgrades that may break
compatibility with other components.

Challenge IV-C.1: Workforce is needed to improve the
long-term stability of software interfaces and features

There is a strong need to avoid removing support for
hardware or features too early. This will lengthen the
life of software by ensuring other components will still
be able to use them in the future without requiring
significant changes. This naturally pushes toward the user
of open-source software, where community-driven de-
velopment eases long-term maintenance. However, long-
term maintenance of old software interfaces requires
significant workforce which is rarely available to open-
source projects.

The need to improve software’s long-term stability applies
to libraries, low-level drivers, and even firmwares. Firmwares
are often closed source on current HPC hardware, preventing
community-driven development and long-term support. Ini-
tiatives such as OpenBIOS are a good way to improve the
situation by providing open-source support down to firmware.

A solution for long-term software usability is reverse binary
compatibility, e.g., the ability to run modern software on older
equipment. Apple and Microsoft developed complex systems
based on dynamic binary rewriting to guarantee compatibility
of existing software with newer systems (respectively Rosetta2
and Prism [80]). Conversely, Itanium targeted the high-end
market with a new ISA and turned out to be a commercial
failure. Another approach consists in compiling a portable
intermediate bytecode. Java is notably the most popular, fa-
mous for the "Write once, run anywhere" slogan. The Common

Language Interface (aka CLI) [81] popularized by Microsoft
under the name .NET for a family of languages is another
approach to deploying bytecodes. Nuzman et al. [82] exploited
the CLI format to convey vectorization information to a JIT
compiler, making efficient exploitation of SIMD instructions
at little cost. Finally, native executables may be augmented
with a compiler intermediate representation (resulting in so-
called fat binaries). These programs are directly run-able, but
a JIT compiler may decide to re-optimize the code before or
while the code runs, taking into account the precise details of
the processor [83]. fittChooser [84] also relies on embedded
IR to defer optimization of a program’s most processor-
intensive functions until execution time. It begins by profiling
the application to determine the performance characteristics
that are in effect for the present execution, then generates
a set of candidate variations and dynamically links them in
succession to empirically measure which of them performs
best. However, the cost of redeveloping existing HPC codes
for new languages is high, especially when some libraries are
still written in Fortran.

Besides the usual API/ABI compatibility between layers,
there is also a need to better expose what they support and
have a degraded mode that does not require many underlying
features. This need goes from the (possibly partially broken)
hardware to firmwares, operating systems, libraries, and appli-
cations. One should not assume anything about the underlying
layer capabilities since those may vary with the age and state
of hardware and software. If a software driver cannot turn
off some broken hardware, some operating systems, such as
Linux, can hide some resources or parts of them (poisoned
pages, cache partitioning, offlining cores, etc.).

Challenge IV-C.2: Improve capability queries be-
tween software layers

Software should be made aware at runtime of what is
supported (or not) by the underlying components, includ-
ing features and resources. Heterogeneity is supported in
current HPC runtimes but there are so many possible
configurations that the software sometimes has to be
explicitly tuned for some specific platforms. Approaches
based on querying the existing hardware and measuring
its performance before deciding where to allocate/ex-
ecute [85] are much more portable. This will require
extensive APIs and abstractions to describe the available
features, which may be difficult to define in a future-
proof manner.

2) Recommendations for Future Research: We believe that
the work done by LLNL on the challenges of software
stewardship [86] is probably highly complete. They have seen
firsthand the problem of vendors unwilling to extend their soft-
ware stack’s life when the Aurora supercomputer was delayed.
This has led to the creation of the High-Performance Software
Foundation [87]. To extend the lifetime of HPC software, we
recommend considering the following suggestions for future
research and investments:
• Open-source software: Investment in open-source software
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engineering effort to lengthen its life beyond the vendor’s
economic considerations.

• New best practices and standards: Developing novel best
practices, nomenclatures, and standards in software design
emphasizing the long-term stability of interfaces.

• Software degraded mode: Including degraded mode in
the design of applications to encourage the use of simpler
machines. For instance, it is important to make sure that
applications can run even in the absence of dedicated hard-
ware (GPU, TPU) or state-of-the-art library by providing
a default (degraded) mode or being able to turn off some
functionalities.

V. CONCLUSION

We have identified the main issues affecting current and
future HPC machines, along with the challenges of extend-
ing their lifespan. As a community, we must move beyond
isolated hardware and software fixes by embracing a com-
prehensive, cross-layer, co-design philosophy that encourages
synergy-driven innovation. HPC software must evolve to be
more adaptive and capable of operating efficiently, even with
partially failing hardware components. Simultaneously, HPC
hardware design must be re-conceptualized with reliability and
long-term deployment as primary design objectives. Future
research should prioritize developing resilient architectures,
fault-aware software stacks, and adaptive mechanisms to ef-
fectively manage non-nominal behaviors that inevitably arise
as HPC machines age.
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