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ABSTRACT

In September 2024, the US Department of Energy’s Advanced Scientific Computing Research pro-
gram convened a Workshop on Energy-Efficient Computing for Science to address the critical
research challenges and opportunities in this field. The workshop brought together experts from
academia, government, and industry to explore innovative approaches to improve energy efficiency
across the computing stack over the next two decades. Participants identified five priority research
directions (PRDs) that emphasize the need for a holistic approach. These PRDs include (a) co-
designing energy-efficient hardware devices and architectures for important workloads; (b) defining
the algorithmic foundations of energy-efficient scientific computing; (c) reconceptualizing software
ecosystems for energy efficiency; (d) enabling energy-efficient data management for data centers,
instruments, and users; and (e) developing integrated, scalable energy measurement and modeling
for next-generation computing systems. The workshop’s findings emphasize that achieving signifi-
cant advancements in energy efficiency requires a multifaceted strategy. This includes innovations
in hardware, algorithms, software, and data management as well as crosscutting efforts in modeling,
simulation, and benchmarking. In addition, the participants identified multiple enablers for technical
progress in this area, such as computing test beds and software maintainability, which are crucial for
rapid progress in this area. The research directions outlined in the workshop report aim to guide
the development of energy-efficient computing technologies that can support future scientific
discoveries and address the growing energy demands of scientific computing and AI.
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EECS Executive Summary

Executive Summary
Large-scale computing has enabled numerous scientific discoveries, including ground-breaking achievements facili-
tated by the US Department of Energy (DOE) supercomputers and advances in applied mathematics and computer
science. While important advances were made in energy efficiency to enable exascale computing, continued efforts
are needed to meet the energy efficiency necessary for the next generation of high-performance computing (HPC)
systems and, more broadly, AI data centers. Without substantial improvements in energy efficiency, the energy con-
sumption associated with computing could become a limiting factor for future scientific discovery, national security,
and technological advancement. Therefore, realizing energy-efficient scientific computing remains a key challenge,
and significant questions remain. In particular, how will next generation energy-efficient systems be designed, what
new algorithms are needed to solve problems of interest on these platforms, how will they be programmed, and how
will users manage the data generated by these tremendous computational capabilities in an energy-efficient way?

In September 2024, DOE’s Advanced Scientific Computing Research (ASCR) program in the Office of Science con-
vened the Workshop on Energy-Efficient Computing for Science (alongside workshops on analog and neuromorphic
computing) to identify research opportunities and grand challenges on this topic. Over three days, the participants
identified five synergistic priority research directions (PRDs).

Priority Research Directions

PRD 1: Co-design energy-efficient hardware devices and architectures for important workloads

Identifying promising candidates for energy-efficient devices and bridging device-level and architectural research are
essential for the future of scalable scientific computing. These tasks involve taking a broad view of innovative com-
puting paradigms, including analog, stochastic, optical, cryogenic, neuromorphic, quantum, and biological systems.
Research on these paradigms must target large scale systems and include end-to-end evaluation of performance, en-
ergy use, manufacturing readiness, and yield. To maximize the benefit of specialization, innovation should focus on
important computing kernels that are most likely to benefit DOE workloads and then develop synergistic technolo-
gies that ease the heterogeneous integration of specialized hardware for science into future scalable heterogeneous
production systems. Advancements in synergistic technologies, such as chiplets and chip design software, will lower
integration efforts and costs, and access to fabrication facilities and tool chains will aid in accurate estimation and
frequent prototyping. By co-designing these components, the DOE community can maximize the scientific impact
while achieving unprecedented energy efficiency across diverse computational workloads.

PRD 2: Define the algorithmic foundations of energy-efficient scientific computing

The study of energy efficiency in algorithms requires a mathematical notation that includes the energy costs of data
movement and storage. With this new notation, it becomes easier to understand and optimize the energy complexity of
different algorithm-hardware combinations and make informed algorithm choices based on the execution environment.
By understanding how various aspects of computational workflows influence energy demands, users can optimize not
just individual tasks but entire scientific campaigns. Strategies must be developed to adjust algorithmic parameters dy-
namically, responding to the specific hardware and resource availability in each environment. This approach balances
energy costs across the entire lifecycle of scientific computation, including AI training and inference phases in tasks,
such as training neural network surrogates. Integration of the algorithmic model with the dynamic heterogeneous
hardware environment will provide substantial opportunities for reducing energy consumption across entire scientific
campaigns.

PRD 3: Reconceptualize software ecosystems for energy efficiency

Software systems must evolve to achieve energy efficiency across existing and emerging architectures. Effective lan-
guages and compilers should produce energy-efficient code, while specialized libraries need to encapsulate hardware
complexities without sacrificing efficiency. Runtime systems should dynamically optimize workload distribution with
energy use in mind, while operating systems must intelligently balance energy consumption against the needs of per-
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formance, security, and reliability. Automating these capabilities will enable the integration of energy-efficient prac-
tices across diverse hardware technologies and facilitate development of fresh techniques that streamline abstractions,
protocols, and interfaces to minimize energy use across deep software stacks.

PRD 4: Enable energy-efficient data management for data centers, instruments, and users

Data movement constitutes a major energy expenditure in scientific workflows, but current storage systems are largely
energy-agnostic and homogeneous, creating significant barriers to energy-efficient scientific computing. To address
this, a paradigm shift in data management and storage strategies is imperative for energy-efficient HPC across dis-
tributed environments while preserving performance and dependability. Research efforts must span the entire storage
infrastructure, including hardware and software stacks. Additionally, integrating innovative energy-efficient storage
technologies will be essential to constructing robust data systems that operate within a limited energy budget while
maintaining performance targets. Through these efforts, the scientific community can continue to derive vital insights
as data volumes grow and experimental and computational infrastructures become more complex and geographically
dispersed.

PRD 5: Develop integrated, scalable energy measurement and modeling capabilities for next-
generation computing systems

Accurate, scalable modeling tools must quantify and predict energy use across all system levels—from devices to
facilities. Current methods remain fragmented, rely on proprietary software, and ineffectively model emerging het-
erogeneous systems and technologies as parts of larger systems. Innovative simulation and modeling strategies should
integrate energy models for diverse hardware, share open interfaces, support co-design of energy and performance,
and accelerate innovation in novel computing paradigms. To ensure high confidence, these tools should enable repro-
ducible and accurate results that can be replicated by industry, government, and academia. Similarly, energy measure-
ment methodologies for operational systems and prototypes need to enable real-time, energy-aware optimizations and
validate modeling predictions. Partnerships with prototyping facilities will create hardware and software test beds that
validate energy models for real applications, refining designs for real-world applicability.

Summary
Energy-efficient computing is vital to the continued advancement of scientific research and the realizable development
of cutting-edge computing technologies. As we advance beyond the exascale era, the need to balance computational
capabilities with energy consumption becomes increasingly crucial. The Workshop on Energy-Efficient Computing
for Science, organized by the DOE’s ASCR program, identified research opportunities and grand challenges for this
topic. The workshop identified five priority research directions that promise to drive significant progress toward
energy-efficient computing. Collectively, solutions to these PRDs will ensure that scientific advancements can be
sustained.

Taken as a whole, the workshop findings and recommendations sketch a creative and integrated vision in which new
algorithms and programming paradigms create opportunities for scientists to exploit these emerging hardware tech-
nologies to address the most challenging scientific problems of the day within responsible energy budgets. In this
vision, thoughtful metrics and telemetry enable a deep understanding of how energy is consumed in the system. These
metrics can then be fed to detailed and ever-improving system models that can enable runtime decision-making on
power utilization and inform the design of future computing platforms.

Moreover, new resource management and system software advances will allow facilities to adapt their computational
loads to proportionally match the availability of power on a dynamic grid, and new approaches to storing and position-
ing increasingly valuable scientific data can improve availability to the scientific community at lower energy costs and
in tight coordination with the integrated research infrastructure and distributed scientific workflows. The community
is poised and excited to help realize this vision.
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1 Introduction
The need for transformative improvements in energy-efficient computing has never been more pressing. As global
reliance on computing continues to expand into critical areas such as scientific discovery, AI, and large-scale simula-
tions, the energy consumed by high-performance computing (HPC) systems and data centers is reaching unsustainable
levels [1,2]. Over the past decade, the demand for computing power has escalated exponentially, driven by increasingly
complex scientific applications, AI, and data analytics—both in centralized data centers and at the edge in ubiquitous
applications such as smartphones, automobiles, and entertainment systems. This surge in computational activity has
led to staggering energy consumption, with data centers alone estimated to account for between 1% and 2% of current
global electricity usage, with projections much higher over the coming decade [3].

Historically, advances in computational power have been closely linked to improvements in hardware energy effi-
ciency. Reductions in energy per operation were largely achieved through innovations in transistor design and mate-
rials. However, this trend has slowed considerably. For decades, Moore’s Law guided the exponential improvement
in computing performance [4]. However, while raw computational capabilities have continued to grow, the associ-
ated energy consumption has skyrocketed. The decline of Dennard’s scaling [5–7] in the mid-2000s marked a critical
turning point: power efficiency no longer improved in proportion to transistor miniaturization, leading to stagnation
in energy efficiency gains. Within the US Department of Energy (DOE), past generations of supercomputers achieved
milestone performance levels (e.g., teraflop computing with ASCI Red [8] and petaflop computing with Roadrun-
ner [9]) with only modest increases in power consumption. However, today’s exascale systems, including Oak Ridge
National Laboratory’s Frontier, operate at over 21 MW of power, nearly 9× the energy footprint of earlier systems.
If left unaddressed, this trajectory will render future supercomputing infrastructures incapable of serving the nation’s
security, scientific, or economic needs.

Consequently, as gains in conventional hardware energy efficiency diminish, software and algorithms must take on a
more central role in addressing this challenge [10]. Optimizing software to reduce redundant computations, improve
memory locality, and minimize data movement can lead to substantial energy savings. Algorithmic advancements such
as novel algorithms, mixed-precision computing, energy-aware scheduling, and workload-specific optimizations have
demonstrated significant efficiency improvements across scientific computing and AI workloads. Furthermore, intel-
ligent runtime systems and adaptive execution strategies can dynamically adjust computation to balance performance
and energy consumption.

The challenge is further exacerbated by the increasing role of AI, which are particularly energy-intensive due to their
reliance on extensive data handling, complex model training, and large-scale inference across distributed cloud and
HPC resources. Although specialized AI accelerators and low-precision computing architectures have been developed
to mitigate energy consumption, these solutions will fundamentally depend on conventional CMOS semiconductor
technologies for the foreseeable future.

The extreme energy demand of hyperscale commercial AI facilites has prompted suggestions of constucting gigawatt-
scale nuclear power plants (and corresponding cooling plants) in conjuction with these data centers. Construction
projects of this type and magnitude impose substatial capital, regulatory and scheduling burdens upon hyperscaler and
scientific HPC facities alike.

As such, this trajectory poses a significant threat to future advancements in computational science. Addressing
this challenge requires more than incremental optimizations—it necessitates a fundamental rethinking of computing
paradigms to establish a foundation for long-term innovation. Emerging computational approaches, such as analog,
photonic, and cryogenic computing, offer the potential for orders-of-magnitude improvements in energy efficiency.
However, realizing these gains demands a holistic strategy that improves energy efficiency across the entire computing
stack, encompassing algorithms, software, and hardware. Without substantial breakthroughs, energy consumption will
become a bottleneck for future scientific discovery, national security, and technological progress.
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1.1 Workshop
In September 2024, DOE’s Advanced Scientific Computing Research (ASCR) program convened the Workshop on
Energy-Efficient Computing for Science to identify the grand challenges and define priority research directions (PRDs)
for improving energy efficiency in computing. This workshop convened expert leaders from academia, government,
and industry to examine this challenge from multiple perspectives.

The workshop was organized around breakout groups focused on eight topics: (a) algorithms; (b) hardware; (c) data
management and storage; (d) modeling and simulation (of computer architectures); (e) system, facility, and edge;
(f) resource management; (g) programming systems; and (h) crosscuts. The breakout groups generated a number of
findings from their respective discussions (Section 3), which were distilled into five PRDs. In addition, the workshop
advertised an open call for contributed white papers on this topic. These contributed white papers are archived on
OSTI.gov (https://doi.org/10.2172/2506700, forthcoming).

1.2 Related Efforts in Energy-Efficient Computing and Semiconductor Innovation
Given the critical role of computing and semiconductors in the US economy and national security, numerous organi-
zations have undertaken initiatives to address challenges in energy-efficient computing. Several DOE reports [11–15]
have informed this discussion by providing foundational insights into computing architectures, materials, and advanced
manufacturing. Although these reports do not specifically focus on energy efficiency, they offer valuable perspectives
on emerging technologies that influence this domain.

One of the most relevant DOE initiatives is the Energy Efficiency Scaling for Two Decades (EES2) report, which
was published by the Advanced Materials and Manufacturing Technologies Office. This roadmap envisions a 1,000×
increase in microelectronics energy efficiency over the next two decades to address the escalating energy demands
of HPC, AI, and data-intensive applications. The report advocates for cross-layer co-design, in which hardware and
software innovations are developed in tandem to maximize efficiency. Research priorities include advancements in
semiconductor materials, novel computing paradigms such as neuromorphic and quantum computing, and in-memory
processing. The roadmap also highlights the need for new energy-efficiency benchmarks, metrics, and test beds to
validate emerging technologies in real-world applications and emphasizes collaboration among academia, industry,
and government.

The Semiconductor Research Corporation (SRC) has also played a pivotal role in shaping research priorities for
the future of computing. Two major reports produced by SRC, the Decadal Plan and the MAPT (Microelectronics
and Advanced Packaging Technologies) report, outline critical challenges and research directions in semiconductor
technology. The Decadal Plan identifies pressing research needs in areas such as novel materials, energy-efficient
computing, and quantum technologies and emphasizes the importance of collaboration between academia, industry,
and government to sustain innovation. The MAPT report, on the other hand, focuses on heterogeneous integration
and advanced packaging solutions to address the scaling limitations of traditional semiconductor manufacturing. By
integrating multiple technologies within a single package, advanced packaging approaches enhance performance,
improve energy efficiency, and provide new avenues for sustaining Moore’s Law–era advancements beyond traditional
transistor scaling.

Another major federal initiative for addressing the challenges of semiconductor scaling and energy efficiency is the
DARPA Electronics Resurgence Initiative (ERI). Launched in 2017, ERI was designed to sustain US semiconduc-
tor leadership at a time when traditional silicon scaling approaches were reaching their limits. The initiative targeted
several key areas, including new materials and architectures to overcome the physical constraints of silicon-based
transistors, the development of advanced chip design tools to improve efficiency, and the co-design of hardware and
software to optimize system performance. A core focus of ERI was reducing the energy consumption of microelec-
tronics, which aligns with national goals for energy-efficient computing. By fostering collaboration between govern-
ment, academia, and industry, the initiative sought to ensure a continuous pipeline of semiconductor innovation while
addressing economic and security concerns.

4
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In parallel, the CHIPS and Science Act of 2022 represents an effort to revitalize domestic semiconductor manufac-
turing and innovation. With over $52 billion allocated to semiconductor production and research, the act addresses
vulnerabilities in the global supply chain while bolstering US leadership in chip manufacturing. It provides direct
incentives for domestic chip fabrication, establishes the National Semiconductor Technology Center as a hub for ad-
vanced research and prototyping, and funds defense-related semiconductor development to ensure national security.
Additionally, the act emphasizes workforce development and aims to expand semiconductor expertise through edu-
cation and training programs. Research and development funding under the CHIPS Act focuses on next-generation
semiconductor materials, process improvements, and emerging chip architectures to reinforce US competitiveness in
the global technology landscape.

Complementing the CHIPS Act, the Department of Defense (DoD) Microelectronics Commons Program aims to
accelerate the transition of semiconductor research into commercial and defense applications. This initiative creates
regional innovation hubs dedicated to prototyping and scaling new microelectronics technologies, particularly in het-
erogeneous integration, advanced packaging, and novel computing architectures. By bridging the so-called lab-to-fab
gap between research and production, the program seeks to strengthen the domestic semiconductor supply chain while
reducing reliance on foreign manufacturing. It also plays a crucial role in ensuring that critical defense applications
have access to secure, domestically produced microelectronics to preserve US technological and national security
interests.

As computing continues to play an essential role in scientific discovery, national security, and economic growth, these
coordinated efforts will be critical in ensuring that future computing systems balance performance and productivity
across a range of energy scenarios. Without significant breakthroughs in energy-efficient computing, the growing
energy demands of AI, HPC, and data-intensive applications could become a fundamental barrier to progress. Ad-
dressing this challenge requires a holistic approach that spans hardware, software, and systems-level innovation—an
effort that is well underway through these national and global initiatives.
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2 A View of the Computing Landscape
Over the past 20–30 years, the field of microelectronics has undergone a remarkable transformation, enabling un-
precedented advances in computational power, device miniaturization, and cost efficiency [1]. This evolution was
historically driven by Moore’s Law, which predicted the doubling of transistor density on integrated circuits approx-
imately every 2 years, and, more importantly, Dennard Scaling, which stated that as transistors shrink in size, their
power density remains constant, thereby enabling increased clock speeds and transistor density without a proportional
rise in power consumption. This exponential scaling fueled continuous improvements in performance and cost per
computation and led to increasingly powerful computing, telecommunications, and consumer electronics devices. The
profound impact of Moore’s Law and Dennard Scaling has shaped nearly every aspect of modern society by acceler-
ating innovations in scientific research, AI, edge computing, and data center infrastructure [1].

However, as the physical and economic limits of traditional semiconductor scaling become increasingly apparent,
the trajectory of computing is shifting toward a new era—one defined not by raw transistor density but by energy
efficiency, architectural specialization, and heterogeneous integration. The future of computing is no longer solely
about achieving higher performance; it is about balancing computational capability with energy consumption while
unlocking new computing paradigms that will define the next two decades of progress.

Early adopters of technologies like extremely heterogeneous systems-on-a-chip (e.g., mobile phones), specialized AI
architectures and software (e.g., TPUs [tensor processing units]), and GPU-powered exascale supercomputers (e.g.,
DOE’s Frontier) have demonstrated this transition is already well underway. Over the next two decades, this transi-
tion will accelerate and require a fundamental rethinking of computing at all levels of the stack—from materials and
device physics to architectures, programming models, and algorithms. The move toward heterogeneous computing—
leveraging a diverse array of specialized accelerators, memory technologies, and computing paradigms—will be es-
sential to delivering energy-efficient performance. Emerging technologies such as analog and photonic computing,
cryogenic and superconducting logic, bio-inspired solutions (e.g., neuromorphic and DNA computing), and quan-
tum computing present many opportunities, but their integration into practical, large-scale computing infrastructures
demands foundational research to scale them up and enable them to solve practical problems of mission importance.

To realize this future, substantial advancements will be needed across multiple dimensions. New hardware devices
and architectures must continue the five-decade energy-efficiency trends of integrated circuits beyond conventional
CMOS devices. Algorithms must be adapted to new hardware paradigms to exploit novel architectural features (e.g.,
analog computing, mixed-precision arithmetic) while minimizing energy costs. Software ecosystems and program-
ming systems must evolve to productively support energy-efficient execution on heterogeneous platforms, thereby
abstracting complexity while exposing opportunities for optimization. Distributed data and workload-aware re-
source management will play a crucial role in reducing energy-intensive data movement across large-scale systems.
Modeling, simulation, and co-design methodologies are becoming increasingly critical for effectively designing,
evaluating, and integrating emerging computing paradigms for specific workloads.

As early adopters have demonstrated, the potential gains are significant—not only in each individual research area
but also in their synergistic effects, in which the combined impact of innovations across hardware, software, and
algorithms can be multiplicative rather than additive. Achieving this vision requires a concerted research effort across
the scientific community, industry, and government.

2.1 Industry Perspectives on Energy-Efficient Computing
The workshop opened with an industry panel moderated by Tanya Das (Bipartisan Policy Center), bringing together
leaders from across the computing ecosystem: Tamar Eilam (IBM), Dan Ernst (NVIDIA), Chris George (Intel), Mark
Helm (Micron), Andy Hock (Cerebras), Andrew Wheeler (HPE), and Thomas Zacharia (AMD). The discussion high-
lighted how DOE priorities and partnerships shape industrial innovation in energy-efficient computing, and how ad-
vances across hardware, software, and systems must be coordinated to maximize scientific impact per joule.
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DOE’s Role in Driving Innovation. Panelists consistently noted that DOE’s ambitious system-level goals, from
Titan through Summit and Frontier, have catalyzed industry progress in energy efficiency. By setting aggressive
performance-per-watt targets and funding high-risk, high-reward investments, DOE has pushed companies to co-
design architectures with the scientific community. Speakers emphasized that DOE’s investments in software—
through programs like SciDAC and the Exascale Computing Project—were as critical as hardware procurements,
incentivizing researchers to adapt codes to new architectures. Several participants stressed that continued DOE leader-
ship is essential, especially as commercial hyperscalers deploy computing infrastructure at unprecedented scale. While
DOE procurement analysis demonstrates that DOE computing centers remain less expensive than commercial cloud
providers, the sheer magnitude of private sector investment, where the five largest hyperscalers collectively spending
over $400 billion annually [16–18], threatens to shift the center of gravity for high-end computing capabilities away
from federally-supported research infrastructure and requirements.

Architectural and Device-Level Advances. Industry representatives described a range of strategies to reduce energy
consumption. IBM underscored the dual relationship between computing and technology lifecycle, calling for hetero-
geneous hardware—including accelerators, neuromorphic designs such as TrueNorth, and quantum devices—while
also considering lifecycle emissions from semiconductor manufacturing. Intel emphasized the importance of new
materials, interconnect technologies, and chiplet packaging, while warning that software ecosystems must evolve to
keep pace. Micron noted that energy efficiency has become a first-order design criterion alongside cost-per-bit, with
high-bandwidth memory and processing-in-memory approaches offering major opportunities. Cerebras showcased
wafer-scale integration as an example of designing from first principles to reduce data movement and achieve orders-
of-magnitude improvements in throughput and efficiency.

Systems and Data-Center Perspectives. Participants highlighted that energy efficiency must be addressed at the
full-system level, dynamically, not just at the system design phase. DOE has supported R&D to allow data centers to
rapidly respond to variability in power cost and availability, as well as advanced cooling technologies. These topics
were identified as an emerging frontier, particularly as AI workloads drive unprecedented power densities. Panelists
emphasized the need for co-design at scale, aligning chip, rack, system, and data center innovations to integrate
renewables and balance grid demand dynamically. HPE argued that DOE procurement requirements should explicitly
prioritize energy efficiency, since market incentives alone do not yet compel vendors or users to pay a premium for
efficiency.

Software, Algorithms, and Co-Design. Throughout the discussion, panelists agreed that the most impactful energy
savings may come not from hardware, but from methods and algorithms. DOE can accelerate progress by support-
ing new algorithmic approaches—such as mixed-precision and AI surrogates—that reduce unnecessary computation.
Several participants noted that DOE mini-apps and co-design projects have historically been effective in aligning hard-
ware and software development, and new exemplars are needed for AI-driven science workloads. Panelists stressed
that the “most energy-efficient FLOP is the one never executed,” underscoring the importance of algorithmic innova-
tion alongside device advances.

Partnerships, Standards, and Workforce. Speakers called for stronger public–private partnerships and cross-
disciplinary R&D efforts that span materials science, device physics, software engineering, and domain science.
Industry-wide standards for measuring and reporting energy use were seen as critical to accelerate adoption of best
practices. Workforce development was also highlighted as a barrier: attracting and training scientists and engineers
requires access to leadership systems and compelling DOE mission problems. As one participant observed, DOE sys-
tems serve as the “rockets of the 21st century,” inspiring the next generation while tackling humanity’s most pressing
scientific challenges.

Key Takeaways. We summarize the key takeaways from the industry panel as follows.

• DOE leadership in setting ambitious energy goals has been a critical driver of industrial innovation.
• Integration of software and hardware, not just advances in devices, will define the next phase of progress.
• R&D in data center demand response, advanced cooling, and heterogeneous integration are near-term oppor-

tunities.
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• Renewed focus on algorithms and multidisciplinary, codesign approaches can unlock the greatest energy
savings.

• DOE’s role as convener, risk-taker, and steward of mission-driven applications remains essential for guiding
industry toward solutions that maximize scientific discovery per joule.

2.2 Hardware
As highlighted by Peter Kogge in the workshop’s keynote presentation, the next 10–15 years will most likely witness
the emergence of an even more diverse range of computing technologies and paradigms that are driven primarily by
the pursuit of energy efficiency and higher performance.

2.2.1 Historical Trends in Computing Hardware

For decades, Dennard scaling [5, 6] played a central role in improving energy efficiency in computing hardware. It
established that, as transistors shrink, their power density remains constant, allowing engineers to increase transis-
tor density and clock speeds without a proportional rise in power consumption. This principle enabled continuous
performance scaling while keeping power constraints manageable. However, by the mid-2000s, physical limitations
such as current leakage, thermal dissipation, and increasing power density disrupted this trend and led to a breakdown
of Dennard scaling. As voltage scaling became impractical, power consumption rose sharply with each successive
technology node, thereby making energy efficiency a critical bottleneck in HPC system design.

By the 2010s, the slowdown of Moore’s Law further exacerbated this challenge and prompted a shift toward heteroge-
neous computing. Instead of relying solely on general-purpose CPUs, the industry increasingly turned to specialized
accelerators (e.g., GPUs [19] and TPUs [20]) to deliver higher performance for specific workloads, including computa-
tional science, AI, data analytics, and graphics processing. While these innovations provided significant computational
gains, they also underscored a new reality: energy efficiency was now the dominant constraint for system scalability.

This shift has been particularly pronounced in data centers, where energy consumption has grown substantially. Today,
data centers are estimated to account for between 1% and 2% of global electricity consumption [3], a figure that is
expected to rise sharply without transformative improvements in energy-efficient computing [21]. This challenge ex-
tends beyond large-scale computing facilities with the growing prevalence of edge computing, AI-driven applications,
and mobile devices, all amplifying the need for energy-aware design strategies across the entire computing landscape.

Accordingly, the computing community stands at a pivotal moment [22,23]. The relentless demand for computational
power—driven by AI, HPC, and emerging edge applications—is reaching levels that cannot be sustained through tran-
sistor miniaturization alone. Energy efficiency has become the defining constraint and requires a paradigm shift in
computing architecture. The traditional approach of scaling transistor density is being replaced by a holistic, multi-
faceted strategy that integrates novel computing paradigms to ensure continued performance increases for the decades
ahead.

In the near term, we expect to see domain-specific architectures that use conventional CMOS. In the longer term, we
expect CMOS to persist as an important component of all computing systems, but it will be augmented by non-CMOS
accelerators (e.g., analog crossbars that calculate matrix-vector products).

2.2.2 Domain-Specific Architectures in the ’Golden Age of Computer Architectures’

In response to the growing energy constraints in computing, the field is shifting toward architectures that offer dramatic
improvements in energy efficiency [22, 24]. In the near term, heterogeneous integration, chiplet-based architectures,
and waferscale integration have emerged as strategies to meet the increasing demands of AI, scientific simulations,
and real-time data processing while maintaining acceptable levels of power consumption.

Although chiplet-based designs were initially introduced to improve yields in semiconductor manufacturing, their
adoption has accelerated with the need for specialized, domain-specific computing [25, 26]. Traditionally, monolithic
chips integrated all components onto a single die, thereby limiting flexibility in optimization and increasing manufac-
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turing complexity as transistor scaling reached fundamental limits. Heterogeneous integration offers a more modular
approach by combining diverse processing elements—CPUs, GPUs, TPUs, memory, and other accelerators—within a
single package to allow each component to be optimized for a specific computational task and possibly use an optimal
manufacturing process for each chiplet. This approach enhances both performance and energy efficiency.

Chiplet architectures enable domain-specific compute capabilities while reducing power consumption. Unlike tradi-
tional designs, in which performance improvements were achieved primarily through frequency scaling and transistor
miniaturization, chiplet-based architectures leverage task-specific accelerators to more efficiently execute workloads.
For example, GPUs optimize parallel processing for graphics and AI inference, TPUs accelerate deep learning work-
loads, and encryption and compression processing cores are commonplace. One of the most energy-efficient plat-
forms, the ubiquitous smartphone, was designed to connect many specialized functional units on a monolithic die or
package—a precursor to chiplets—to provide workload specialization for dramatic energy efficiency improvements.
Once designed, these specialized functional units were easily reusable. The next generation of computing systems
will use chiplet-based architectures and heterogeneous integration as they continue to evolve to meet the demands of
high-performance and energy-efficient computing.

Along another dimension of customized integration, waferscale computing assembles entire computational systems
on a single silicon wafer, thereby reducing chip-to-chip communication overhead and significantly improving energy
efficiency. Unlike traditional architectures, in which wafers are diced into smaller chips, waferscale designs provide
a contiguous, high-bandwidth processing substrate that is ideal for massively parallel tasks such as deep learning and
AI training. Current system architectures are primarily homogenous funcitional units replicated on the same wafer;
however, wafers populated with heterogeneous functional units are also an option. Cerebras has pioneered waferscale
computing with processors that feature billions of transistors across a single monolithic wafer to enable highly efficient
execution of AI and scientific workloads [27]. Recent demonstrations have shown advantages even beyond AI, with
applications in seismic processing and numerical simulations [28].

2.2.3 Beyond CMOS: Hardware Innovation over the Next Two Decades

Looking beyond current CMOS-based architectures, a range of emerging computational paradigms could deliver
orders-of-magnitude improvements in energy efficiency. Innovations such as low-power analog and photonic pro-
cessors, cryogenic logic, and bio-inspired architectures offer promising avenues for reducing energy consumption if
they can be manufactured economically at scale to address mission challenges. Many of today’s AI dataflow accel-
erators, near- and in-memory computing technologies, and waferscale integrated system have already demonstrated
impact. These advancements indicate a growing potential to reshape computation by shifting energy-intensive tasks to
architectures specifically designed for efficiency.

Opportunities in hardware innovation will continue to expand, with cryogenic and superconducting logic unlocking
pathways to ultra-low-power, high-speed computation, analog systems advancing brain-like efficiency, and native
probabilistic hardware enhancing randomized algorithms and uncertainty quantification (UQ). Looking further ahead,
entirely new paradigms such as quantum computing and DNA computing promise to fundamentally alter how certain
classes of problems are solved. However, rather than serving as a universal replacement for conventional architectures,
these technologies are expected to function as specialized components within a broader heterogeneous computing
ecosystem, in which each platform is optimized for specific applications.

To set the stage for this evolving landscape, we provide a brief overview of selected candidate technologies discussed at
our workshop; we highlight key research directions, ongoing developments, and the challenges that must be addressed
for large-scale adoption. A comprehensive survey of all technologies is outside the scope of this workshop; we refer
readers to recent work [24,25]. A broader discussion on quantum computing can be found in the 2023 Basic Research
Needs in Quantum Computing Report [29].

Cryogenic and Superconducting Computing. Cryogenic Computing and Superconducting Logic represent a
transformative approach to high-efficiency computation, leveraging operating temperatures much lower than room-
termperature and, in some designs, near absolute zero (ultra-low temperatures), to dramatically reduce energy con-
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Figure 1: Notional projected timeline of when emerging computing architecture and beyond CMOS technologies will impact
science computing applications. All of these technologies have the potential for rapid technological advancement that could accel-
erarate their arrival.

sumption. Cryogenic Computing, in its general sense, minimizes thermal noise and significantly reduces resistive
losses in electronic circuits, enhancing transistor and memory performance for applications [30,31]. The most promi-
nent realization of this field is Superconducting Computing, which is a specific type of cryogenic computing that
utilizes materials exhibiting zero electrical resistance under these ultra-low-temperature conditions. This feature en-
ables lossless current flow and allows the development of logic gates, memory, and communication pathways with
unprecedented energy efficiency for both classical AI and HPC applications [31, 32]. A key driver for interest in
this technology is its compatibility with quantum computing. Since cryogenic environments are necessary for qubit
stability, the development of high-efficiency, large-scale cryogenic computing platforms creates a powerful potential
synergy between classical superconducting logic and quantum processing. Research initiatives are actively investi-
gating superconducting logic circuits and cryogenic memory to enable this ultra-efficient data storage and processing
capability. Despite advances in closed-cycle cryogenic refrigeration that have made the technology increasingly practi-
cal, several challenges related to scalability and integration remain. Current research efforts are focused on addressing
cryogenic cooling constraints, scaling superconducting interconnects, ensuring compatibility with standard semicon-
ductor manufacturing processes, and mitigating the challenges of limited I/O and commensurate memory access and
capacity. Future research directions include developing materials optimized for cryogenic operation and designing
hybrid cryogenic-electronic computing architectures.

Analog Computing. Analog computing processes data in continuous waveforms rather than discrete binary values,
thereby eliminating energy-intensive digital-to-analog conversions. This approach is particularly advantageous for AI,
signal processing, and certain scientific simulations in which calculations can be performed more efficiently at lower
precisions. Analog processors have demonstrated the ability to execute fundamental matrix multiplications—a core
AI operation—with significantly lower energy consumption than digital architectures [33].

The energy efficiency of analog computing arises from its ability to directly manipulate physical quantities such as
voltage and current rather than translating them into binary code. However, key challenges—including noise suscep-
tibility, limited precision, and complex error correction—must be addressed for widespread adoption. Future research
will focus on refining low-power analog circuits and integrating analog computing into hybrid digital-analog architec-
tures, particularly for AI workloads, real-time signal processing, and ultra-low-power embedded applications.

(N.B. DOE ASCR held a Analog Computing for Science Workshop, which was colocated with this workshop.)
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Neuromorphic Computing. Neuromorphic computing looks to leverage inspiration from the brain’s unique archi-
tecture and components (i.e., neurons and synapses) to offer a time- and energy-efficient alternative to stored-program
architectures like Von Neumann systems. This area was first explored as early as John Von Neumann [34] and ad-
vanced by Carver Mead [35]. More recently, a number of digital and hybrid digital–analog neuromorphic platforms
have reached near brain-like scales [36], and neuromorphic computing could have application impact in domains
ranging from AI to scientific computing.

While digital neuromorphic systems are reaching sizes suitable for scalable algorithm exploration and integration with
conventional technologies, extensive work continues toward analog neuromorphic solutions. The dynamics of neurons,
synapses (the connections between neurons), and learning all appear suitable for analog hardware approaches, which
could offer considerable energy and space savings. Furthermore, the distinct dynamics of biological neural systems
are seen as inspirations for a wide range of emerging materials and novel device research, suggesting neuromorphic
computing could be an avenue for non-silicon, post-Moore devices.

(N.B. DOE ASCR held a Neuromorphic Computing for Science Workshop, which was colocated with this workshop.)

Photonic Computing. Photonic computing [37, 38] utilizes light instead of electrons for computation and commu-
nication, an approach that leverages the inherent advantages of photons for high-speed, low-energy processing. Unlike
electronic circuits, photonic systems generate minimal resistive losses and heat, making them particularly promising
for AI, HPC, and telecommunications [39].

A major breakthrough in this field is silicon photonics, which integrates optical components into traditional silicon-
based systems. This hybrid approach enables energy-efficient, high-bandwidth data transfer, thereby reducing the
power overhead associated with electrical interconnects, which is one of the largest energy bottlenecks in modern
computing. Researchers are actively developing optical neural networks and fully photonic data centers, which could
dramatically lower power consumption and improve processing speeds.

Key challenges include improving photonic interconnects, developing compact and low-power lasers, and refining
materials such as silicon and indium phosphide for optimal photon transmission. Overcoming these hurdles could
enable energy-efficient photonic computing systems capable of handling demanding workloads.

Probabilistic Computing. Probabilistic Computing [40, 41] is an emerging computational paradigm that intention-
ally incorporates controlled stochasticity (randomness) into the processing pipeline. This methodology optimizes
workloads where the algorithms can inherently tolerate approximate or non-deterministic results, including large-scale
AI inference, statistical modeling, and various randomized algorithms. Initial probabilistic CMOS and noise-tolerant
architectures have shown significant reductions in power consumption for AI and real-time data analysis.

Future research must focus on error mitigation strategies, hybrid probabilistic-digital architectures, and adaptive com-
putation models that can dynamically adjust precision to optimize energy efficiency. This paradigm holds particular
promise for power-constrained edge devices and IoT systems.

DNA Storage and Computing. As data generation continues to grow exponentially, DNA storage and computing
offer a molecular approach to storing and processing information with unparalleled energy efficiency and data density.
DNA’s theoretical storage density of approximately 215 PB/g far exceeds that of conventional storage media, while its
stability allows for long-term archival storage with minimal energy requirements [42–45].

DNA computing, which leverages biochemical interactions to perform computations, has shown promise in com-
binatorial optimization and cryptographic applications [46]. However, challenges remain in scaling DNA synthesis
and sequencing, improving error correction, and integrating DNA-based processing with traditional computing ar-
chitectures. Continued research could lead to hybrid DNA-silicon systems that enhance data storage and specialized
computational workloads.
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Future research must address heat dissipation challenges, improve fabrication techniques (including emergent pack-
aging strategies and 3D and heterogeneous integration), and explore broader scientific applications. If successful,
waferscale architectures could become a foundational technology for energy-efficient HPC.

Hardware Summary. As energy efficiency becomes the defining constraint in computing, the next two decades
will require radical departures from traditional architectures. While CMOS-based domain-specific accelerators will
continue to dominate in the near term, emerging technologies such as cryogenic, neuromorphic, waferscale, analog,
photonic, superconducting, probabilistic, and DNA computing offer compelling long-term solutions. Rather than
replacing existing platforms outright, these innovations will play complementary roles in a heterogeneous computing
landscape in which workloads are matched to the most energy-efficient hardware available. Sustained research across
materials science, device physics, architectures, software, and algorithms will be essential to realizing this vision and
ensuring that computing remains scalable, viable, and scientifically impactful well into the future.

2.3 Software
Although hardware innovations are essential for improving energy efficiency, software plays an equally critical role
in ensuring that these advancements translate into real-world energy savings [10]. As computing systems become
increasingly complex and heterogeneous, the software stack—from algorithms to operating systems to programming
models—must be reimagined to actively minimize power consumption [12]. Traditionally, software development has
prioritized performance, flexibility, and portability, often with little consideration for energy efficiency. However, as
energy consumption emerges as a defining constraint in computing, software must be designed not just for speed but
also for energy-aware execution across diverse workloads and architectures.

A key challenge lies in bridging the gap between the energy-efficient hardware and the software that can leverage it
effectively. Without explicit energy-aware optimizations, even the most advanced low-power hardware can operate in-
efficiently due to poor data locality, excessive memory accesses, or inefficient scheduling. To address this, the software
ecosystem must evolve at multiple levels—from algorithms and compilers to operating systems and programming
models—by integrating energy efficiency as a first-class design objective.

2.3.1 Programming Languages, Compilers, and Developer Tools

To support energy-efficient software development, the compiler tool chain and programming models must evolve
to expose energy-aware constructs and enable power-efficient execution by default. Modern compilers can analyze
energy consumption at the source code level by applying energy-efficient transformations during optimization passes.
These include cache-friendly data layouts, loop transformations to improve locality, and instruction selection strategies
that minimize power-intensive operations.

Several emerging programming languages and libraries integrate energy-aware tools to provide developers with better
control over power consumption. Languages such as Rust and Julia, known for their high-performance optimizations,
are also being explored for their utility in energy-efficient computing. Domain-specific libraries for energy-efficient
computing provide metrics that evaluate the power footprint of various computations to allow developers to make
informed trade-offs between accuracy, performance, and energy usage.

Additionally, hardware-aware compiler frameworks (e.g., MLIR and LLVM) enable cross-layer energy optimizations
by leveraging heterogeneous hardware more effectively. These compilers can automatically generate energy-efficient
code by selecting appropriate vectorized instructions, accelerator offloading strategies, and memory layouts to mini-
mize power consumption. Future research must continue to advance auto-tuning compilers that dynamically optimize
software energy efficiency, thereby adapting code to the run-time conditions and available hardware.

2.3.2 Runtime Systems and Power Management

One major shift in software design has been the development of energy-aware runtime systems that dynamically man-
age power consumption based on workload characteristics. These runtime environments adjust resource allocation,
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processor voltage, and frequency scaling in real time to ensure that computational resources are used efficiently. Dy-
namic power management techniques, such as adaptive power scaling and intelligent core scheduling, allow software
to reduce power consumption without sacrificing performance.

For example, modern task schedulers in cloud computing and HPC environments can migrate workloads across low-
power cores or specialized accelerators to dynamically optimize energy consumption. Similarly, data center manage-
ment software is increasingly incorporating energy-aware load balancing by shutting down idle servers or consoli-
dating workloads to reduce energy waste. Such strategies enable energy-efficient execution without requiring direct
modifications to applications.

Beyond large-scale computing, mobile and edge computing platforms rely on software-driven energy optimizations to
extend battery life and manage power constraints efficiently. Lightweight AI inference models, adaptive streaming al-
gorithms, and real-time power-aware workload distribution are actively shaping next-generation mobile and embedded
software.

2.3.3 Software Development and Profiling Tools

To foster widespread adoption of energy-efficient programming practices, developers must have access to real-time
energy profiling tools that provide actionable insights into software power consumption. Energy profiling frameworks
(e.g., Intel’s Power Gadget, NVIDIA’s NVML, and ARM’s Streamline) allow developers to visualize and analyze
power consumption across different workloads.

Advanced profiling tools can be included in integrated development environments and continuous integration/contin-
uous deployment (CI/CD) pipelines to enable developers to identify and optimize energy hotspots early in the devel-
opment cycle. Emerging AI-driven optimization tools automatically suggest energy-efficient code transformations by
applying power-aware best practices without requiring extensive manual intervention.

The future of energy-efficient software lies in seamless automation—in which software optimizes itself based on power
constraints, hardware availability, and workload characteristics. By integrating energy awareness into every stage of
the software development process, from algorithm design to deployment, computing can achieve orders-of-magnitude
improvements in power efficiency without sacrificing usability or performance.

2.4 Algorithms
At the algorithmic level, researchers are developing energy-optimized algorithms that minimize data movement and
computational intensity, both of which are among the most significant contributors to energy consumption. Unlike
traditional complexity models that focus on time and space efficiency, energy-aware algorithms must consider power
usage, memory access patterns, and data locality as first-class optimization criteria.

In AI, techniques such as model quantization, pruning, and sparsity have proven effective in reducing computational
complexity while preserving model accuracy. By lowering numerical precision (e.g., using 8-bit integers instead
of 32-bit floating point numbers) or eliminating redundant computations, these methods significantly reduce the en-
ergy required for inference and training. In deep learning, sparse tensor representations and structured pruning help
minimize unnecessary operations, leading to orders-of-magnitude improvements in power efficiency. Additionally, ap-
proximate computing algorithms, which trade off precision for energy savings, are being explored in domains where
exact solutions are unnecessary (e.g., image processing, speech recognition, and probabilistic modeling).

Beyond AI, fundamental research holds the promise of new, energy-efficient algorithms and data structures that align
with modern hardware constraints. Traditional sorting and searching algorithms, for example, often incur signifi-
cant memory access overhead, which is a major contributor to power consumption in large-scale computing systems.
Optimizing these algorithms for cache efficiency, data locality, and reduced memory bandwidth (e.g., communication-
avoiding algorithms [47]) can yield significant energy savings. In database systems and HPC, energy-aware indexing
methods, compressed data structures, and adaptive caching policies have been proposed to minimize redundant data
movements and unnecessary computations.
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Some of the most promising areas of energy-efficient computing are graph processing and sparse data structures,
which are particularly relevant for HPC, AI, and distributed computing. Graph-based neural networks, federated
learning models, and edge AI frameworks increasingly incorporate energy-optimized matrix operations and sparse
linear algebra techniques to reduce redundant computation and minimize communication overhead. In large-scale
graph analytics, algorithms that prioritize locality-aware traversal and distributed workload balancing can dramatically
reduce the energy costs associated with network congestion and excessive memory accesses.

Additionally, energy-aware scheduling and adaptive algorithm selection are emerging as key strategies in optimizing
software execution. Dynamic algorithm selection frameworks allow systems to choose energy-efficient variants of al-
gorithms at run time to adapt the execution to the hardware characteristics and workload constraints. These approaches
are particularly useful in heterogeneous computing environments, where different processing units (e.g., CPUs, GPUs,
FPGAs, and TPUs) have vastly different energy-performance trade-offs.

Moving forward, energy efficiency must become a first-class consideration in algorithm design by spanning numerical
methods, data analytics, and architectural optimization. Research must continue to integrate energy complexity metrics
into algorithmic analysis to ensure that future computational advances do not come at an unrealistic power cost.
By adopting a multidisciplinary approach that bridges theoretical algorithm design with hardware-aware execution
models, the community can move toward substantial energy savings while maintaining computational accuracy and
performance.

2.5 Co-Design
Achieving maximal energy efficiency in computing requires a co-design approach in which hardware, software,
and algorithms are developed in tandem to ensure that software is optimized for the underlying architecture [13].
Traditional software development often assumes general-purpose execution environments, but as computing systems
become more heterogeneous, tailoring algorithms to specific hardware characteristics is increasingly essential [48].
Co-design strategies allow software and hardware to evolve together, thereby leveraging the strengths of specialized
architectures to minimize data movement, improve parallelism, and reduce overall energy consumption.

For example, algorithms designed for in-memory computing architectures can execute certain operations directly
within memory, thereby dramatically reducing energy-intensive data transfers. This is particularly beneficial for data-
intensive workloads (e.g., graph processing, AI inference, and large-scale numerical simulations), in which moving
data between processors and memory dominates power consumption. In AI and deep learning, co-design has led to
innovations such as systolic arrays in TPUs [20,49–51] and sparsity-aware matrix multiplications, which reduce com-
putational redundancy and lower power consumption. In scientific computing, co-designed architectures for stencil
computations, finite element methods, and molecular dynamics simulations [52] optimize memory access patterns and
minimize energy overhead.

Beyond gains in energy efficiency and performance, co-design also enhances programmability and usability. High-
level domain-specific languages (DSLs) [53] and compiler tool chains tailored for specialized architectures enable
developers to write energy-efficient code without manually tuning low-level hardware interactions. Machine-learning-
driven autotuning frameworks can dynamically select optimal execution strategies to adapt software to heterogeneous
and reconfigurable hardware platforms for real-time energy optimizations.

As energy efficiency becomes a fundamental constraint in computing, the importance of co-design will only grow.
Future research must explore cross-layer integration—bridging algorithms, software, and hardware to develop next-
generation computing paradigms in which energy-aware execution is seamless, scalable, and ubiquitous.
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3 Workshop Findings
This section describes the discussions and findings of the workshop, which was organized into eight sets of breakout
groups. The first seven breakout groups were largely focused on functional areas:

3.1 Algorithms
3.2 Hardware
3.3 Data storage and management
3.4 Modeling and simulation
3.5 Facility to edge
3.6 Resource management
3.7 Programming systems

The last breakout groups were chosen spontaneously based on crosscutting topics that emerged from earlier discus-
sions:

3.8.1 Test beds and prototypes
3.8.2 Metrics
3.8.3 Benchmarking
3.8.4 Hardware-software integration
3.8.5 Algorithm-hardware (paradigm) integration

Findings and research opportunities covered in the following sections are those discussed by the participants in the
respective breakout session. In some cases similar topics came up and were discussed in multiple breakouts, providing
additional perspectives.

3.1 Algorithms
Historically, minimizing execution time has been a reasonable heuristic for minimizing energy consumption [54].
However, this assumption is increasingly challenged by the high energy costs associated with data movement and
the increasing architectural capability to move computation closer to memory and storage. Time-saving strategies
that also reduce data movement, such as randomized algorithms, quantized and sparse models [55, 56], and reduced-
/mixed-/adaptive-precision computation [57], remain effective and can provide synergistic benefits while maintaining
computational fidelity [58–62]. Yet, other time-centric optimizations may yield diminishing energy returns, highlight-
ing the need for algorithmic approaches that explicitly leverage energy-efficient hardware features. Another emerging
opportunity is in neural surrogate models, such as physics-informed neural networks [63], where different neural
network formulations may offer similar performance but present potentially useful trade-offs in how they map onto
energy-efficient hardware features and accelerators.

Beyond optimizing algorithms for existing architectures, new computing paradigms—such as analog, reversible, and
probabilistic computing—require a fundamental rethinking of algorithms to fully exploit their potential efficiency
gains. For example, event-driven neuromorphic processors derive much of their energy efficiency from communicating
in spikes rather than dense numerical representations [36], but shifting from high-precision to distributed low-precision
algorithms remains an open research challenge [64]. Notably, the relative immaturity of these emerging computing
platforms presents an opportunity for algorithm designers to influence their development and ensure that the hardware
innovations align with the needs of scientific computing and energy efficiency.

Critically, energy efficiency is often perceived as a trade-off against solution accuracy, but this need not always be the
case. Many iterative algorithms, including those used for solving nonlinear systems and optimization problems, pro-
vide a framework for balancing accuracy requirements across subcomponents while still converging to high-precision
solutions [65–67]. In other cases, iterative refinement techniques can rapidly improve an initial low-precision solution
into a high-accuracy result [68–72]. If energy constraints are a key design factor, then future research should con-
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sider algorithms that maximize accuracy within a fixed energy budget rather than simply minimizing energy at a given
accuracy threshold.

3.1.1 Findings and Discussion

For decades, the rapid advancements driven by Moore’s Law and Dennard Scaling meant that energy efficiency was
rarely a first-class constraint in algorithm design. Moreover, in general-purpose von Neumann computing environ-
ments, execution time served as a reasonable proxy for energy consumption. However, as hardware energy efficiency
gains have slowed, this assumption is no longer sufficient.

Although progress has been made in algorithms that minimize data movement (e.g., incorporating Big-O complexity
models for data movement), energy consumption has largely been treated as a secondary consideration. Workshop
participants strongly agreed that this must change for true energy-efficient computing to be realized. However, achiev-
ing this shift requires a cultural change in how algorithms are designed and evaluated as well as the development of
new theoretical formalisms and metrics that explicitly capture energy consumption.

A significant challenge arises from the increasing complexity of algorithmic analysis in heterogeneous and emerging
computing paradigms. Many of the most promising energy-efficient hardware approaches (e.g., AI surrogate models,
randomized algorithms, and low-precision arithmetic) introduce additional variability in solution accuracy. This is par-
ticularly relevant when considering probabilistic or approximate algorithms (e.g., Monte Carlo methods, randomized
numerical linear algebra, and stochastic differential equation solvers), which trade deterministic precision for energy
savings.

Participants also expressed concern that, although energy efficiency is increasingly prioritized by industry, research
efforts are heavily focused on AI applications, particularly in edge computing and data centers. However, the require-
ments of scientific computing are fundamentally different and necessitate co-design between the scientific algorithms
community and hardware developers across all technology readiness levels. The ability of this co-design to influence
broader hardware development is inversely related to the maturity of the technology; i.e., it is likely easier for the
scientific computing community to influence the trajectory of an emerging technology before widespread applica-
tion impact than to after it has an established market. Without this co-design, the scientific community risks being
forced to adapt to hardware architectures designed for commercial applications, thereby limiting its ability to achieve
transformative energy efficiency gains.

Despite these concerns, workshop participants expressed optimism that emerging computing paradigms could intro-
duce fundamentally new algorithmic opportunities. For instance, probabilistic hardware capable of directly sampling
complex distributions is seen as a potential game-changer for randomized algorithms [41]. Likewise, the potential
of neuromorphic hardware for solving stochastic differential equations (SDEs) suggests new directions in scientific
computing, potentially shifting problem formulations from partial differential equations to SDEs, which can naturally
embed UQ [73].

Overall, the increasing heterogeneity of computing platforms underscores the need for concrete theoretical foundations
for energy-aware algorithm design. Outside of conventional von Neumann and quantum computing models, there is
no widely accepted Big-O complexity formalism for energy, although there have been recent attempts at developing
formalisms for physical and neuromorphic computing [74, 75]. Workshop discussions emphasized the importance
of developing energy-, time-, and precision-aware complexity models for analog, neuromorphic, probabilistic, and
dataflow-based architectures.

3.1.2 Research Opportunities

Workshop participants roughly partitioned the research opportunities into three categories: Energy-Aware Scientific
Campaigns, Design and Characterization of Energy-Efficient Algorithms, and From Co-Design to Cooperation Be-
tween Algorithms and Energy-Efficient Hardware.
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Energy-Aware Scientific Campaigns. Rather than focusing exclusively on per-algorithm optimizations, research
should explore strategies that reduce energy consumption across entire scientific workflows. In many cases, us-
ing a more energy-intensive algorithm early in a computation may reduce overall energy consumption downstream
by enabling more efficient data processing, sensor usage, or computational steering. This holistic view of energy
efficiency—in which the energy cost of an entire scientific campaign is optimized—represents a new paradigm that is
distinct from traditional local optimization approaches. Future research should develop

• algorithms that reduce energy consumption upstream or downstream of their execution, thereby opti-
mizing across full computational pipelines, and

• metrics for measuring energy efficiency at the campaign level to enable better decision-making in large-
scale scientific computing environments.

Design and Characterization of Energy-Efficient Algorithms. A major research priority is the development of
theoretical models for energy efficiency akin to the Big-O complexity theory for time and space. By formalizing
energy complexity models, researchers can influence the design of emerging architectures while also creating empirical
methods for characterizing energy-efficient algorithms. Current theoretical models largely focus on operations per
second (flops) or data movement, neither of which directly measure energy consumption. Future work should aim to

• develop energy-aware complexity metrics that extend beyond conventional work-based analysis,
• design new algorithmic strategies for leveraging probabilistic hardware, analog computation, and mixed-

precision environments [63], and
• establish empirical frameworks for measuring algorithm energy consumption in realistic execution en-

vironments.

From Co-Design to Cooperation Between Algorithms and Energy-Efficient Hardware. Hardware-algorithm
co-design must extend beyond initial system design to enable continuous cooperation throughout execution. This
involves situational awareness, in which algorithms can adapt to changing hardware conditions, and standardized
communication mechanisms that allow software to interact dynamically with energy-aware hardware features. Today,
even in existing co-design efforts, collaboration typically ends once hardware is finalized. Moving forward, research
efforts should

• develop standardized APIs for real-time algorithm-hardware interactions to accelerate feedback between
software and hardware optimizations,

• design adaptive algorithms that can adjust precision and computational effort in response to dynamic energy
constraints, and

• establish hardware-algorithm test beds to accelerate real-world energy-efficient algorithm research [64,76].

3.1.3 Summary

Algorithms are at the heart of DOE scientific workflows. By developing energy-efficient algorithms, algorithms for
energy-efficient hardware, theory and metrics for characterizing algorithms as part of a scientific workflow, and mech-
anisms for principled hardware-software co-design and cooperation, we can ensure that future DOE computational
workflows maximize scientific output within given energy constraints.

3.2 Hardware
The development of energy-efficient computing hardware spans multiple technological levels, from fundamental
device components (e.g., transistors and memory cells) to system-level architectures, interconnects, and software-
hardware co-design frameworks. Each of these levels presents distinct opportunities for reducing power consumption
with different implementation timelines and scalability considerations. Some solutions provide incremental energy
savings while requiring minimal disruption to existing systems, whereas others introduce novel computing paradigms
that necessitate cross-layer innovations in software, architectures, and applications.
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A balanced strategy is therefore necessary for pursuing high-risk, high-reward innovations that promise dramatic
long-term efficiency gains while also leveraging near-term improvements that align with existing semiconductor and
computing roadmaps. This dual approach ensures that the scientific community remains at the forefront of hardware
advancements while allowing software, system, and application developers to gradually adapt to evolving architec-
tures.

For DOE hardware research, two parallel strategic imperatives emerge:

• Co-design partnerships with industry: Establish hardware-software co-design partnerships with semicon-
ductor manufacturers and system integrators to ensure that DOE workloads (e.g., scientific simulation, AI for
physics, large-scale data analytics) drive architectural decisions in commercial hardware development, rather
than being retrofitted to commodity designs, and

• Early-stage investment in alternative computing paradigms: Fund prototype development and applica-
tion porting for emerging architectures (e.g., analog computing, photonic processors, neuromorphic systems)
that demonstrate 10x–100x energy efficiency improvements, with explicit requirements for scalable software
abstractions and vendor-independent programming models to enable research community adoption.

3.2.1 Findings and Discussion

Discussions in the hardware breakout groups focused on several key themes: Alternative Device Technologies, Ar-
chitectural Specialization and Heterogeneous Computing, and Electronic Design Automation Tools and Prototyping.
These findings align with insights from other DOE and community workshops on specialized computing technolo-
gies [13, 77].

Alternative Device Technologies. The workshop discussions encompassed a broad spectrum of alternative comput-
ing technologies beyond conventional CMOS approaches, including cryogenic and superconducting computing (CSC),
photonic computing, DNA-based storage, and emerging memory technologies. These novel paradigms could signif-
icantly impact energy efficiency but require further research, co-design with algorithms, and scalable manufacturing
processes.

Cryogenic and Superconducting Computing: CSC refers to computing architectures that operate at cryogenic temper-
atures (e.g., 4–77 K) to leverage superconducting materials or low-resistance cryogenic CMOS [78,79]. An important
energy advantage of CSC stems from near-zero wire resistance, which significantly reduces interconnect power dissi-
pation. These architectures have natural synergies with scientific applications that already rely on cryogenic sensors,
superconducting magnets, and quantum computing control circuits [80, 81]. However, significant challenges remain
regarding scalability and integration. While cryogenic CMOS faces power dissipation limits, superconducting logic
based on Josephson junctions is constrained by low device density. On-chip memory for JJ-based families remains
a bottleneck, requiring integration with cryogenic CMOS memory solutions at slightly higher temperatures (e.g.,
65–77 K). Additionally, efficient cable technologies are required for low-power data transfer between cryogenic and
room-temperature environments. Finally, current EDA tools are not optimized for cryogenic circuit synthesis, and
very few facilities can manufacture cryogenic chips at scale. Addressing these challenges requires validated simula-
tion frameworks, EDA tool development, and infrastructure investments to support manufacturing and testing.

Photonic Computing: Photonic technologies offer high-bandwidth, low-energy interconnects, which makes them a
compelling alternative to electrical data movement in HPC systems [82]. Additionally, photonic computing acceler-
ators have demonstrated efficiency in matrix multiplication and AI workloads [83]. However, effective system inte-
gration is essential, and photonic elements must be co-designed with electronic circuits rather than treated as drop-in
replacements [84].

Emerging Compute and Memory Devices: New memory and storage technologies—such as ferroelectronic, spin-
tronic, magnetic, and DNA-based storage—promise higher density and energy efficiency [85–87]. However, scaling
challenges, manufacturing readiness, and long-term reliability remain barriers to adoption [88–90]. Research must
focus on the characterization and benchmarking of emerging devices for scientific applications, the development of
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physics-based compact models to facilitate device-architecture co-design, and variability-tolerant architectures that
account for manufacturing inconsistencies.

Architectural Specialization and Heterogeneous Computing. Specialized hardware is becoming increasingly crit-
ical for energy-efficient scientific computing. However, designing heterogeneous architectures that seamlessly inte-
grate specialized accelerators such as GPUs, FPGAs, neuromorphic, and domain-specific ASICs remains an ongoing
challenge.

Chiplets and 3D Stacking: Chiplets provide a modular approach to integrating specialized processing units within a
single package, thereby reducing interconnect power consumption and increasing computational efficiency [25, 91].
Open interface standards, such as Compute Express Link (CXL) [92] and UCIe [93], will be essential for ensuring
interoperability between chiplet-based accelerators.

In-Memory Computing: Processing-in-memory (PIM) architectures bring computation closer to data storage, thereby
reducing energy-intensive data movement. While commercial SRAM-based and DRAM-based PIM solutions exist,
new techniques must be developed to enable scientific computing applications to leverage these architectures effec-
tively.

Electronic Design Automation Tools and Prototyping. The development of open-source and commercial EDA
tools is critical for advancing energy-efficient hardware. Existing design tools primarily focus on conventional CMOS
architectures, making it difficult to explore emerging paradigms such as cryogenic, neuromorphic, and analog com-
puting. Research opportunities include EDA frameworks optimized for heterogeneous, energy-efficient architectures;
prototyping test beds to validate emerging hardware technologies for scientific applications; and, publicly accessible
chip fabrication and characterization facilities that can accelerate hardware development cycles.

3.2.2 Research Opportunities

Addressing these challenges will enable the scientific computing community to play a proactive role in shaping the
future of energy-efficient hardware. Key research directions are

• novel computing models tailored for DOE workloads in superconducting, neuromorphic, and probabilistic
computing;

• technology roadmaps for emerging computing paradigms to provide guidance on research investments and
long-term impact;

• prototyping and test bed initiatives for cryogenic, photonic, and chiplet-based computing;
• development of EDA tools for emerging architectures and devices to enable energy-efficient circuit synthesis

and system-level modeling;
• open hardware ecosystems to facilitate community-driven co-design efforts;
• energy-efficient specialized (domain-specific) architectures and FPGA designs, including analog architec-

tures; and
• heterogeneous computing runtimes and programming models to allow software to dynamically allocate work-

loads across specialized hardware.

By fostering collaboration across research efforts in hardware design, algorithms, and applications, DOE can accelerate
innovation in energy-efficient computing and ensure that scientific workloads benefit from the next generation of
computational technologies.

3.3 Data Storage and Management
Data storage, movement, and management are central to the DOE science mission, which supports a wide range
of computational and experimental research endeavors. Advances in storage density, archival techniques, and com-
munication technologies have significantly expanded the capabilities of data management systems. At the same time,
scientific datasets are growing at an unprecedented rate, driven by new experimental platforms, high-resolution simula-
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tions, and the increasing adoption of AI for automated data collection and curation. This trend mirrors the exponential
growth of data worldwide [21, 94].

Despite the critical role of data management in scientific discovery, there remains a significant knowledge gap re-
garding the energy consumption of storage and data management activities. Although existing research has primarily
focused on optimizing compute energy efficiency, the unique energy challenges of storage and data movement remain
largely unexplored. This is particularly concerning as storage device density increases, leading to declining I/O op-
erations per second (IOPS) per terabyte [95]. As a result, maintaining high I/O performance in future systems may
require deploying additional storage devices and potentially increasing overall energy consumption.

Notably, a 2022 ASCR workshop on data management identified several research priorities, including co-design of
data services with emerging storage devices and better understanding of data movement patterns [96]. Additionally,
AI-driven approaches for data management optimization were identified as a growing research area. AI methods
can optimize data placement, indexing, and partitioning to reduce energy-intensive operations, and efficient data pro-
cessing strategies can mitigate the energy footprint of training and inference for large-scale AI models. Although
significant research has explored reducing energy consumption during model training [97, 98], far less attention has
been given to the energy impact of data processing operations required for training. Addressing this gap is essential to
ensuring the scalability of AI workloads.

3.3.1 Findings and Discussion

Workshop discussions converged on four major themes: Understanding the Energy Usage of I/O and Data Manage-
ment, Reducing Data Movement and Measuring Its Effect, Data Representations and Layouts for Energy Efficiency,
and Energy-Efficient Storage System Design.

Understanding the Energy Usage of I/O and Data Management. A critical barrier to energy-efficient data man-
agement is the lack of metrics and measurement capabilities. Today, most HPC centers do not provide granular
telemetry data on the energy consumption of storage devices, I/O operations, or data transfers. Without this data,
researchers cannot evaluate the energy efficiency of new algorithms, optimizations, or system architectures. For exam-
ple, more effort is required to understand how the use of mixed precision affects performance and energy efficiency.
Recent findings show up to a 1.9× speedup when using mixed precision for training and inference of a U-Net with 64
filters across CPU, GPU, and TPU, but these findings do not include energy efficiency metrics [99].

Participants identified three essential capabilities for developing a deeper understanding of storage energy consump-
tion. First, benchmarks and proxy applications are needed that capture real-world data movement and energy con-
sumption patterns (Section 3.8.3). Additionally, access to HPC telemetry data would enable researchers to study I/O
behaviors and evaluate energy-efficient techniques much more readily. Finally, models for predicting energy impact
would enable performance-energy trade-off analysis for the wide variety of potential novel storage architectures.

Reducing Data Movement and Measuring Its Effect. Data movement represents one of the most energy-intensive
operations in modern HPC systems [100]. The energy required to transfer data is overtaking the energy required
to compute the data [101], making intelligent data placement and movement policies essential for energy-efficient
computing. To satisfy the skyrocketing data volume and application demand, today’s HPC storage servers are equipped
with a rising number of fast (e.g., PCIe Gen5/6) and physically compact (e.g., EDSFF) NVMe drives with dramatically
increased I/O density. As a result, to fully leverage storage bandwidth and sustain up to tens of millions of IOPS, one
needs dozens of cores to busy-drive the I/O parallelism, and this yields dramatic power consumption (e.g., 500 Watts).
At the same time, emerging storage devices experiment with richer interfaces and capabilities that can be exploited
to reduce data movement, including Zoned Namespaces [102], Flexible Data Placement [103], embedded functions
in the form of key-value stores [104], and networking capabilities such as CXL [92] and 1.6 terabit Ethernet [105].
In-network computing leverages programmable network hardware (e.g., switches and NICs), and techniques are being
developed for network-wide programming of such a fabric [106]. Commercial products also exist for PIM [107],
building on the ideas of computational RAM [108], and are being adapted for in-storage computing [109], for which
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commercial products also exist. Recent commercial storage systems are also beginning to provide interfaces and
support for near- and in-storage processing (referred to as active storage or computational storage [110]), which is
a desired capability that was initially proposed and demonstrated in the context of in-situ data analytics for HPC
workflows [111, 112].

The group identified several open research topics, including methods to optimize data placement across storage hi-
erarchies that minimize movement, leveraging AI-driven approaches for automated data partitioning and migration,
and exploiting novel storage technologies such as computational storage, near-memory processing, and in-network
computing to help reduce data movement overhead.

Data Representations and Layouts for Energy Efficiency. Data movement is overtaking computation as the pri-
mary driver of energy consumption in HPC [101]. However, surprisingly little research has focused on alternative data
representations and layouts that could reduce this energy consumption. And as mixed-precision data representations
are being increasingly exploited in compute hardware, strategies such as mixing precision of stored data or using
alternative and more compact representations are hardly used in scientific computing.

The attendees identified three directions for further investigation. They noted that while mixed-precision computation
is widely used in AI and scientific computing, the concept of variable-precision storage formats is largely unexplored.
Optimizing data structures for locality and compression was identified as an approach that could significantly reduce
memory bandwidth and I/O power consumption. Additionally, AI techniques could be used to predict which data
should be stored, compressed, or discarded, thereby reducing long-term storage energy costs.

Energy-Efficient Storage System Design. Unlike compute resources, which benefit from scalable power man-
agement techniques, storage systems are fundamentally constrained by the need for data availability and durability.
Several approaches have been proposed to reduce storage-device-energy consumption. Some approaches have consid-
ered reducing and shifting power by increasing utilization [113–123] and moving computation to times and locations
with more renewable or cost-efficient energy [124–129]. These reductions are more difficult to accomplish in storage
because lowering and shifting power consumption relies on power varying with usage. For example, extending de-
vice lifetime leads to higher rates of device failure. Notably, compute can usually just be migrated to a new server,
whereas storage is fundamentally stateful. Higher failure rates increase the likelihood of data loss, thereby requiring
more capacity for erasure-coding and reducing the benefit of extending device lifetime. Most prior work also assumes
data replication, whereas today’s data centers use erasure codes [130–132]. As a result, most existing power-saving
techniques from computing do not translate directly to storage environments.

Prior work has also considered using fewer, more efficient devices [133–137]. Denser storage devices such as PLC
SSDs, HAMR HDDs, and new storage media technologies could reduce the number of servers and racks required
to store the same amount of data, thereby lowering power consumption. However, increasing storage density is not
straightforward. Denser devices typically do not have proportionally higher I/O and could reduce the IOPS per terabyte
and introduce new performance constraints, and HDDs are already creating I/O bottlenecks in data centers. For
instance, the bandwidth of Seagate’s Exos 18 TB HDD is only 8.4% higher than that of the 10 TB model [138, 139].
Thus, we need to reduce I/O per GB stored, but there is little headroom available, and many storage applications
already saturate today’s HDD bandwidth. Additionally, write endurance gets worse with higher cell density. PLC is
projected to have 16% of the write endurance of today’s TLC drives [140].

Essentially, the breakout group settled on two major challenges. First, storage power consumption does not scale with
usage. Unlike compute clusters, where power consumption varies with workload intensity, storage systems consume
power continuously—even when idle [95]. Second, balancing storage reliability and performance with energy effi-
ciency is not straightforward. Although increasing storage device utilization could improve energy efficiency, higher
utilization leads to higher failure rates, necessitating additional redundancy and erasure coding, which introduces new
energy costs.
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To address these challenges, future research must explore energy-aware caching and tiered storage to optimize data
placement and minimize power consumption; dynamic power management strategies that allow storage systems to
scale energy usage based on workload needs; and alternative storage media, including DNA-based storage [141], glass
storage [142], and tape-based archival solutions.

3.3.2 Research Opportunities

Taken together, the participants identified several critical research directions for energy-efficient data management.

Developing Energy Measurement and Optimization Frameworks. For this goal, we require benchmarks and
proxy applications beyond what is available today, that can emulate data movement and energy consumption patterns
across sites, experimental facilities, and edge devices. We must:

• create benchmarks and datasets to analyze storage power consumption and I/O energy efficiency; and
• provide open-access telemetry data from HPC centers to enable data-driven optimization research.

Reducing Data Movement for Energy Efficiency. We need intelligent data placement and movement policies for
energy-efficient computing, since data movement represents one of the most energy-intensive operations in modern
systems. This requires us to:

• explore data-aware scheduling techniques that optimize movement based on energy constraints; and
• investigate AI-driven compression, deduplication, and in-network storage processing.

Optimizing Data Representations for Energy Efficiency. Optimizing data representations has the potential to
greatly reduce the energy used by data movement operations. To develop this capability, we must:

• investigate mixed-precision storage formats and energy-aware data layouts; and
• develop automated methods for data reduction and format selection.

Designing Energy-Efficient Storage Architectures. Several approaches have been propposed for reducign the en-
ergy used by storage systems. However, more research is required in this area to:

• develop energy-aware storage policies that minimize idle power consumption; and
• evaluate alternative storage media for long-term durability.

By addressing these challenges, the computing community can dramatically improve the energy efficiency of data
storage and management to ensure that future scientific workloads remain scalable, durable, and cost-effective.

3.4 Modeling and Simulation
Modeling and simulation (ModSim) have long been foundational techniques for designing and optimizing computing
architectures—from transistor-level devices to full-scale HPC systems (see the annual ModSim workshop1). These
tools enable designers to explore trade-offs in performance, functionality, scalability, and energy efficiency early in the
design process. While performance modeling frameworks have evolved to support scalable and accurate co-design,
energy modeling remains significantly underdeveloped. The lack of accessible, accurate, and scalable energy model-
ing tools poses a major barrier to optimizing future DOE computing systems for performance in power-constrained
environments.

Workshop participants emphasized the need for credible, open-source ModSim infrastructure to evaluate energy along-
side performance before fabrication. By integrating energy awareness early in the design pipeline, researchers can bet-
ter inform architectural decisions, assess the impact of emerging computing paradigms, and support DOE’s mission to
develop high-performance, scalable computing platforms.

1https://www.bnl.gov/modsim
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This section outlines critical challenges in energy modeling at the device, architecture, and system levels and provides
key research opportunities aimed at bridging these gaps.

3.4.1 Findings and Discussion

During the workshop, participants converged on three basic themes: Device-Level Energy Modeling, Architecture-
Level Simulation and Modeling, and System-Level Energy Modeling.

Device-Level Energy Modeling. A fundamental challenge in accurately modeling energy consumption is the lim-
ited availability of high-fidelity device models. Many process design kits (PDKs) and device-level simulation tools are
proprietary, thereby restricting a researcher’s ability to build accurate energy models. Although some open-source al-
ternatives (e.g., OpenROAD, OpenLane, and SkyWater) have emerged, these efforts are limited in scope and maturity.
Most publicly available PDKs only support older CMOS nodes (e.g., 90 nm, 130 nm) and do not extend to advanced
process nodes or non-CMOS technologies such as photonics, carbon nanotube FETs (CNFETs), or superconducting
devices.

Current device-level energy modeling challenges include vendor lock-in and limited access to PDKs, which hinders
research on leading-edge technology nodes; slow and computationally expensive modeling workflows that make iter-
ative design exploration infeasible; limited support for emerging computing paradigms, including photonics, analog
devices, neuromorphic devices, and quantum-inspired architectures; and, a lack of scalable interfaces for integrat-
ing new materials and devices into architectural-level models. To address these challenges, scalable, open-source,
and modular modeling interfaces are needed to enable rapid and accurate device-level energy characterization. Ad-
ditionally, automated tools for generating PDK models could accelerate research in next-generation energy-efficient
devices.

Architecture-Level Simulation and Modeling. Architecture-level energy modeling is highly fragmented, with no
single widely adopted standard for estimating energy consumption across different architectures. Current approaches
generally fall into four categories.

First-principles analytical models: Tools like Aspen [143], CACTI [144], and McPAT [145] estimate memory and
processor energy usage. However, these models are often outdated and do not accurately reflect modern architectures.

Empirical projection methods: Tools such as Wattch [146] and AccelWattch [147] extrapolate power data from existing
systems to future architectures. Unfortunately, these models often fail when applied to new architectures, workloads,
or configurations.

Low-level SPICE-based circuit models: While providing accurate energy estimates, these do not scale to large, com-
plex architectures.

AI-based energy models: These use empirical data to predict energy consumption [148]. Although promising, these
models require large, high-quality datasets to achieve generalization.

Given the heterogeneity of modern and future architectures, energy modeling approaches must become more modular,
adaptable, and scalable. The community must develop composable, open-source modeling frameworks that allow
researchers to integrate varied energy models at different fidelity levels.

System-Level Energy Modeling. System-level modeling is particularly challenging for exascale and post-exascale
HPC systems, in which complex interactions between processors, memory, interconnects, and cooling must be consid-
ered. Current DOE efforts, such as digital twins for leadership-class systems [149], provide a promising direction for
early-stage co-design. However, existing system-level energy models suffer from several limitations. First, because
many vendor-specific cooling techniques remain proprietary, thermal and cooling models are incomplete. Second, a
lack of integrated energy modeling across multiple layers makes it difficult to propagate device-level energy metrics
to full-system simulations. Finally, because many existing system models require impractically long runtimes for
large-scale design space exploration, simulation tools tend to have poor scalability.
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To enable scalable and energy-aware system co-design, new methodologies must be developed to combine multiple
levels of fidelity, thereby allowing trade-offs between accuracy and simulation speed. Additionally, integrated co-
design environments that simultaneously model performance, energy, and thermals would significantly enhance the
ability to optimize future DOE systems.

3.4.2 Research Opportunities

Workshop participants identified several key research opportunities to transform energy modeling, simulation, and
emulation tools.

Developing Open, Integrated, and Modular Energy Modeling Frameworks. The lack of standardization across
energy modeling tools leads to fragmented, inconsistent, and non-reusable results. A major research opportunity lies
in developing modular, open-source energy modeling frameworks that provide

• standardized interfaces for integrating energy models across different abstraction levels (device, architecture,
system);

• support for heterogeneous computing, including accelerators, chiplets, and non-CMOS technologies;
• scalability across different workloads, from scientific computing to AI-driven workflows; and
• extensibility to allow researchers to contribute new energy models without requiring full-system reimplemen-

tation.

Building Open-Source Device Simulators and PDKs. Given the challenges posed by proprietary PDKs, there is a
pressing need for open-source, first-principles device simulation tools. Key research opportunities include

• expanding open Technology CAD tools to support leading-edge and emerging device technologies;
• developing scalable PDK generators that can adapt to different materials and node sizes; and
• integrating open device models into larger simulation frameworks, thereby enabling full-stack energy model-

ing.

Accelerating Early-Stage Design Space Exploration. To improve the speed and accuracy of design space explo-
ration, new applied mathematics and AI techniques should be incorporated into simulation workflows. Key research
directions include

• mathematical optimization techniques for automated energy-performance trade-off analysis;
• UQ methods to provide confidence bounds on energy estimates;
• AI-driven surrogate models to accelerate energy estimation without sacrificing accuracy; and
• visual analytics tools for interpreting and navigating large-scale design spaces.

Longevity of ModSim Tools. To ensure continuity and impact, the community must commit to the maintenance and
support of the ModSim infrastructure and workforce development for energy modeling research. Priorities include

• establishing shared, community-driven repositories for maintaining energy modeling tools and
• providing testbeds and computational resources for large-scale energy modeling experiments.

3.4.3 Summary

Energy ModSim will be critical to the success of future DOE computing systems. By developing scalable, accurate,
and accessible modeling tools, the research community can drive energy-efficient innovation across the entire com-
puting stack. The opportunities outlined in this section will help position DOE at the forefront of vibrant ModSim
computing research.

3.5 Facility to Edge
The increasing heterogeneity of computing architectures has the potential to revolutionize computing across the
facility-to-edge continuum [12]. This continuum spans the entire computational spectrum—from data origination
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at sensors, edge processing near acquisition points, and intelligent or quantum entangled network routing [150,151] to
remote HPC nodes, with control directives and decisions often flowing back to the edge. Efficiently orchestrating anal-
ysis and decision-making across this highly distributed infrastructure requires granular modularization of algorithms
and hardware descriptions to ensure that computations are performed at the most energy-efficient and latency-sensitive
locations.

Many DOE science applications increasingly demand real-time, distributed computing to analyze data at the edge and
dynamically adjust parameters without incurring the latency of central HPC processing [152]. Examples include

• materials synthesis and nuclear reactor monitoring, in which real-time sensor analysis and parameter tuning
are critical for stability;

• smart grid management, which requires low-latency adjustments to efficiently balance energy supply and
demand; and

• autonomous systems and remote sensing, for which real-time AI-driven decision-making enhances respon-
siveness in dynamic environments.

These scenarios introduce new opportunities for deploying energy-efficient computing paradigms across the facility-
to-edge hierarchy. Moreover, they provide an avenue for coordinating distributed computing resources to dynamically
optimize energy use while maintaining the required performance and reliability for scientific discovery.

3.5.1 Findings and Discussion

Challenges in Energy Measurement for Facility-to-Edge Computing. Despite advances in facility-to-edge inte-
gration, energy efficiency remains an underexplored dimension. Without improved energy measurement, modeling,
and prediction capabilities, optimizing distributed workflows for energy efficiency will remain infeasible.

The workshop identified three key themes in energy measurement across distributed infrastructures. First, distributed
computing infrastructures involve complex measurement requirements: multiple layers of hardware, including sen-
sors, controllers, near-edge processors, networked data centers, and HPC facilities. Measuring energy consumption
across these layers requires new instrumentation and telemetry strategies. Second, facility-to-edge architectures often
span multiple geographic regions and administrative domains, with jurisdictional and policy barriers that make energy
transparency and measurement sharing a challenge. Finally, many facility-to-edge workflows operate over shared in-
frastructure (e.g., wide-area networks), making it difficult to isolate energy costs attributable to specific computations.

Limitations of Current Energy Awareness in HPC Facilities. Within traditional HPC facilities, energy efficiency
is not an explicit user concern. Facility costs, including energy consumption, are typically abstracted into node-hour
allocations, thereby incentivizing time efficiency rather than energy efficiency. Even when energy telemetry and user-
controllable dynamic voltage and frequency scaling (DVFS) or power capping mechanisms are available, they are
seldom utilized except by researchers specifically focused on energy-efficient computing.

These issues are expected to worsen in facility-to-edge workflows, where heterogeneous computing resources (e.g.,
FPGAs, neuromorphic processors, in-network computing) offer potential energy savings but also where users currently
lack mechanisms to optimize for energy across distributed environments. The lack of fine-grained energy telemetry
limits energy-aware decisions and complicates holistic energy-efficient workflow optimization.

Leveraging Compute-in-X for Energy Efficiency. Distributed facility-to-edge workflows introduce new opportu-
nities to deploy energy-efficient computing paradigms. For compute-in-sensor, data is processed directly at the point
of acquisition, thereby reducing energy-intensive data transmission. Compute-in-memory minimizes redundant data
movement by performing computations near or within storage elements. For compute-in-network, in-transit data pro-
cessing optimizes bandwidth and latency constraints.

Effective resource steering is essential for maximizing these energy-saving opportunities. However, current DOE
computing environments provide only limited architectural diversity, making comparative energy studies difficult.
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Although cloud providers offer a wider variety of hardware, DOE’s production computing lacks a funding model for
cloud-based scientific workloads, and commercial cloud environments provide limited energy visibility.

Furthermore, many energy-efficient hardware accelerators (e.g., FPGAs, custom ASICs) remain inaccessible to the
broader scientific community because of their steep programming barriers. This restricts their adoption to low-level
experts rather than allowing domain scientists to easily leverage these accelerators in their research.

Multifacility Coordination and Standardization. A single facility will not host every emerging architecture. Fu-
ture facility-to-edge computing will depend on interoperability between DOE sites, private-sector platforms, and dis-
tributed computing resources. To enable this, research opportunities exist in standardized interfaces for resource
telemetry to facilitate measurement, monitoring, and coordination across computing sites; algorithm modularity to
ensure that neural network layers, computational kernels, and scientific workflows can be flexibly mapped to optimal
computing resources; and federated computing frameworks to enable secure, real-time workload distribution across
heterogeneous environments.

3.5.2 Research Opportunities

Workshop participants identified several key research opportunities in facility-to-edge computing, including Energy-
Aware Telemetry and Provenance Tracking, Challenge Benchmarks for Facility-to-Edge Computing, Secure and Fed-
erated Computing, and End-to-End Energy Models for Facility-to-Edge Workflows.

Energy-Aware Telemetry and Provenance Tracking. As scientific computing shifts toward intelligent dataflow
paradigms, data provenance and energy tracking will become essential. Future research should explore the following:

• embedding energy and latency metadata into provenance records to enable cost-aware optimizations at both
user and system levels,

• developing real-time feedback mechanisms for users to understand the energy impact of their workflows, and
• integrating energy tracking with intelligent routing to ensure that data and computations follow energy-

optimal paths from sensors to HPC facilities.

Challenge Benchmarks for Facility-to-Edge Computing. DOE would benefit from standardized, scientifically
relevant, and scalable benchmarks and requisite datasets to evaluate facility-to-edge workflows. Unlike private-sector
benchmarks, which often highlight specific hardware architectures, DOE benchmarks should focus on real scientific
use cases that drive mission-critical research. Key research directions include the following:

• curating representative facility-to-edge workflow benchmarks that cover AI-assisted experiments, remote
sensing, and extreme-scale simulations;

• encouraging industry partners to adopt DOE benchmarks to ensure that new architectures align with scientific
computing priorities; and

• establishing an open repository of facility-to-edge workloads to enable cross-institutional benchmarking and
collaboration.

Secure and Federated Computing. Facility-to-edge computing will require secure data sharing and workload exe-
cution across multiple institutions. Unlike traditional HPC environments, which operate within well-defined security
perimeters, facility-to-edge workflows span heterogeneous, distributed infrastructure. Future research has the potential
to impact the following areas:

• securing federated AI model training to ensure intellectual property protection while enabling collaborative
AI development;

• developing authentication and access control mechanisms to support multi-institutional data exchange while
maintaining security; and

• establishing governance frameworks for cross-agency coordination to facilitate DOE-private sector collabo-
ration in a secure manner.
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End-to-End Energy Models for Facility-to-Edge Workflows. To optimize energy efficiency across the facility-to-
edge continuum, comprehensive energy models must be developed. Key research areas are as follows:

• analytical models for conceptual design to enable early-stage performance-energy trade-off analysis;
• high-fidelity digital twins to enable detailed energy impact simulations for large-scale distributed workflows;

and
• real-time operational energy models that integrate AI-based energy predictions to support dynamic resource

allocation decisions.

3.5.3 Summary

Facility-to-edge computing represents a transformative opportunity for DOE science by enabling real-time decision-
making, intelligent workload distribution, and energy-efficient computing across distributed infrastructures. Address-
ing the energy challenges of this paradigm will require new research in telemetry, secure federated computing, and
holistic energy modeling. By investing in these areas, DOE can establish a scalable, efficient, and resilient facility-to-
edge computing ecosystem that meets the demands of future scientific discovery.

3.6 Resource Management
Efficient resource management is critical for optimizing both performance and energy efficiency in large-scale com-
puting systems, especially within data centers and HPC environments. Traditionally, resource management strategies
have emphasized maximizing performance while ensuring system reliability. However, the increasing complexity and
scale of modern workloads, alongside rising energy demands from heterogeneous computing architectures, require
a fundamental shift in these strategies [153]. Future approaches must balance performance, energy efficiency, and
portability while effectively supporting diverse workloads and evolving hardware architectures.

Modern computing systems often operate at suboptimal utilization levels, resulting in wasted computational capacity,
unnecessary energy consumption from static power losses in idle resources, and higher capital costs for system oper-
ators. A significant portion of system power is provisioned for peak workloads, but these peaks occur infrequently.
As a result, many resources remain underutilized, thereby increasing operational costs and reducing overall efficiency.
Future systems must support more dynamic and fine-grained resource allocation methods, including multitenancy,
oversubscription, energy-aware job scheduling, and workload orchestration.

Achieving this shift requires integrating real-time telemetry, intelligent orchestration techniques, and cross-facility
resource coordination. By leveraging emerging technologies such as CXL, near-memory and in-memory computing,
and AI-driven optimization [154, 155], future HPC systems can reduce energy consumption while maintaining high
computational throughput.

3.6.1 Findings and Discussion

Participants discussed six main topics during the workshop. An emergent crosscutting theme for these topics was
current resource management practices allocating computing capacity based on entire nodes and fixed-duration job
assignments. This coarse-grained approach often leads to inefficiencies because workloads rarely utilize all allocated
resources throughout their execution. Additionally, traditional scheduling methods are largely static and do not adjust
dynamically to changes in workload demand, leading to unnecessary energy consumption. The six discussion topics
are listed below.

Static Resource Allocation and Poor Utilization.. Existing scheduling systems do not adapt to workload variabil-
ity [156, 157]. They allocate resources at the start of execution and maintain these allocations regardless of actual
utilization, leading to wasted energy.

Power is Not a Managed Resource. Power delivery infrastructure is provisioned based on peak usage scenarios,
which are rarely reached in practice. This simplifies operation by ensuring that sufficient power is available to run
any workload, but results in systems that are overprovisioned [158–161]. Power management (i.e. coordinating power
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use across hardware components and workloads) would enable larger HPC systems to be installed without costly
infrastructure expansions, but this is not widely done. Furthermore, power profiling tools are limited in their ability to
track and optimize power usage across different components, including storage, memory, and network infrastructure.

Limited Fine-Grained Telemetry. Many HPC centers lack sufficient telemetry to provide real-time feedback to
users or system administrators on power consumption and resource utilization [162]. Without this data, optimization
is difficult, and energy-efficient practices cannot be effectively enforced.

Siloed Resource Management. Current HPC facilities operate independently, without mechanisms for sharing com-
pute or power resources across sites. In contrast, cloud providers leverage multiple data centers and integrate renewable
energy sources dynamically [163, 164], a capability largely absent in traditional HPC environments.

Complexity of Multitenancy and Resource Pooling. Sharing resources among multiple workloads can lead to
contention, performance degradation, and security concerns. While multitenancy and oversubscription can improve
resource utilization, they introduce challenges in scheduling, monitoring, and ensuring fairness across users [165].

Energy Grid Integration and Stability. Large fluctuations in power consumption caused by HPC workloads (e.g.,
AI model training) can create instability in power grids [166, 167]. Better coordination between computing facilities
and grid operators is required to manage energy demand dynamically.

3.6.2 Research Opportunities

From these findings, the participants identified several categories of research opportunities, including Optimizing
Resource Utilization Through Sharing and Disaggregation, System Orchestration and Intelligent Scheduling, and En-
abling Cross-Facility Resource Coordination.

Optimizing Resource Utilization Through Sharing and Disaggregation. Multitenancy and Fine-Grained Re-
source Allocation: Future HPC systems should support dynamic sharing of processing elements, memory, and in-
terconnects across workloads. This will require hardware and software support for secure multitenancy, efficient
workload placement policies to minimize interference, and dynamic resource partitioning techniques to allow fine-
grained allocation.

Power Oversubscription and Energy-Proportional Computing: HPC facilities should explore oversubscription strate-
gies to deploy more hardware than can be fully powered simultaneously, relying on statistical variations in workload
intensity to maintain overall power consumption within limits. Research opportunities exist in developing models
that predict power demand and optimize power budgets dynamically, enabling adaptive power capping to maximize
resource availability without exceeding power limits, and improving energy-proportional computing by designing
systems that scale power consumption in response to workload demand.

Resource Disaggregation and Pooling: Emerging interconnect technologies such as CXL and high-speed optical links
enable flexible resource disaggregation, where compute, memory, and storage resources can be dynamically assigned
based on workload needs. Research directions include optimizing memory and compute pooling strategies for different
workloads, investigating new data movement and placement policies to reduce latency overheads, and developing
software frameworks for managing disaggregated resources at scale.

System Orchestration and Intelligent Scheduling. Dynamic and AI-Driven Resource Orchestration: AI tech-
niques should be integrated into resource management frameworks to enable real-time, adaptive scheduling. Key
areas of research include developing reinforcement learning–based schedulers that dynamically adjust resource al-
locations, using historical workload data to predict resource demand and optimize job placement, and integrating
real-time energy and performance telemetry into job scheduling decisions.

Grid-Aware Scheduling and Renewable Energy Integration: HPC centers should adopt scheduling strategies that op-
timize for both computational performance and grid stability. Research opportunities exist to develop algorithms that
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schedule workloads based on availability of renewable energy, coordinate power consumption across multiple facilities
to balance grid demand, and utilize data center power storage to stabilize energy consumption patterns.

Enabling Cross-Facility Resource Coordination. Cooperative Resource Sharing Across HPC Facilities: Future
HPC ecosystems should support federated scheduling, allowing workloads to move seamlessly between facilities based
on resource availability and energy considerations. Key research challenges include developing standard interfaces for
workload migration and job orchestration, creating federated authentication and security models to support cross-
facility execution, and establishing policies for energy-aware job scheduling across multiple data centers.

3.6.3 Summary

By advancing research in resource sharing, orchestration, and energy-aware scheduling, DOE facilities can set a new
standard for energy-efficient computing at scale. To this end, the participants also identified metrics for evaluating
progress and the potential impact of advancements in these areas.

Impact of Breakthroughs in Resource Management. Achieving the research objectives outlined above will enable
more efficient utilization of HPC resources while significantly reducing energy consumption.

Increased Utilization: Higher system efficiency from optimizing resource allocation will enable facilities to handle
more workloads with the same infrastructure.

Lower Energy Costs: Power consumption will be reduced through adaptive power management and workload balanc-
ing.

Improved Grid Stability: Energy demand fluctuations will be mitigated through better coordination between HPC
facilities and power grid operators.

Metrics for Evaluating Progress. To ensure that research efforts align with the desired goals, success will be mea-
sured through utilization rates of key resources (compute, memory, storage, bandwidth, power), reductions in system
idle power and improvements in energy-proportional computing, effectiveness of scheduling strategies in minimizing
power surges and stabilizing energy demand, and the ability of new orchestration frameworks to dynamically allocate
resources across facilities.

3.7 Programming Systems
The increasing heterogeneity of computing architectures—spanning from traditional CPUs, GPUs, and accelerators
to emerging paradigms such as neuromorphic, PIM, dataflow, and probabilistic computing—requires a fundamental
shift in programming systems. Achieving energy-efficient computation on these diverse architectures requires in-
novations in operating systems, runtime environments, and programming models to dynamically adapt to hardware
characteristics and workload demands.

The workshop participants identified the need for intelligent operating systems and runtime systems capable of effi-
ciently mapping scientific workflows onto ensembles of heterogeneous computing systems. Emerging architectures
will often operate alongside traditional computing platforms, which requires seamless orchestration between them.
This also raises critical open questions: How can we best map and execute complex scientific workflows across such
diverse hardware ecosystems? How can energy efficiency be embedded into compilers, runtime systems, and operating
systems to dynamically optimize performance?

These topics highlight the need for a holistic rethinking of programming systems to ensure that energy efficiency is a
first-class design principle rather than an afterthought.

3.7.1 Findings and Discussion

To address energy efficiency in programming systems, the participants categorized the discussion along three key
areas: Languages and Compilers, Runtime Systems, and Operating Systems.

29



EECS 3.7 Programming Systems

Languages and Compilers. Programming languages and compilers play a fundamental role in translating high-
level abstractions into efficient executable code. As architectures become more diverse, compilers must evolve to
optimize energy consumption alongside traditional performance metrics. Achieving this requires compiler analyses
capable of identifying energy-intensive code patterns; energy-aware optimizations such as dynamic precision scaling,
adaptive scheduling, and power-efficient instruction selection; code generation that effectively leverages hardware
power management features, including voltage scaling and near-memory computing; and language-level constructs
that enable developers to specify power constraints, energy budgets, and quality-of-service trade-offs.

Farther over the horizon, emerging architectures such as analog, neuromorphic, and photonic computing lack robust
software stacks, thereby forcing programmers to work at low levels of abstraction. High-level programming models,
compiler frameworks, and automatic code generation tools are critical for unlocking the potential of these architec-
tures. Research must focus on developing novel compilation techniques that automatically map high-level algorithms
to energy-efficient hardware, perform trade-off analyses between energy and performance during compilation, and
generate energy-efficient code variants optimized for different workload scenarios. Ultimately, compilers must evolve
to support both traditional and emerging computing paradigms to enable portability and energy-aware optimizations
across heterogeneous platforms.

Runtime Systems. Runtime systems are critical to managing the interaction between applications and hardware.
They enable dynamic resource allocation, power-aware scheduling, and adaptive data orchestration strategies. The
workshop discussions identified several key challenges and opportunities in runtime system research.

Cross-Layer Energy Awareness: Modern runtime systems must integrate energy awareness into task scheduling, mem-
ory management, and data movement decisions. Achieving this requires developing energy-conscious APIs for li-
braries such as Kokkos (scientific libraries), MPI (communication), and HDF5 (I/O); embedding power monitoring
and control mechanisms within runtime systems; and using real-time feedback loops to dynamically adjust execution
parameters.

Autonomous Decision-Making: Future runtime systems should leverage AI-driven techniques to autonomously op-
timize power efficiency. This includes using reinforcement learning to adjust scheduling and resource allocation,
implementing workload profiling for predictive energy optimization, and developing runtime policies that balance
energy savings with performance guarantees.

Energy Complexity Theory: Just as time and space complexity are foundational concepts in algorithm design, an
analogous energy complexity metric is needed. Establishing a rigorous theoretical foundation will provide a common
framework for reasoning about energy-efficient algorithms, enable performance-energy trade-off analyses at various
levels of the computing stack, and inform the design of energy-aware scheduling and resource management policies. A
shared experimental infrastructure will be critical for evaluating new runtime techniques and ensuring reproducibility
in energy-efficient computing research.

Operating Systems. Modern operating systems must evolve to support increasingly heterogeneous and energy-
aware computing environments. Traditional operating system designs treat accelerators, AI processors, and novel
computing devices as independent peripherals that require explicit application management. However, future systems
must integrate these components into a unified, energy-optimized execution environment.

Energy-cooperative resource management: Operating systems face several hurdles in emerging energy-efficient com-
puting environments. Overcoming these challenges requires developing operating system–level schedulers that intel-
ligently assign tasks based on power constraints and energy efficiency goals; coordinating power management across
different hardware components, including CPUs, GPUs, memory, interconnects, and devices using emerging com-
puting technologies; creating energy-aware scheduling policies that optimize energy efficiency across a spectrum of
timescales; and, designing mechanisms to expose fine-grained power metrics to compilers, runtime systems, and ap-
plications.
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Operating System Abstractions for Energy Efficiency: New operating system abstractions are required to manage the
complexity of energy-aware computing. These include APIs for fine-grained power monitoring and control, energy-
aware memory management strategies that minimize data movement, DVFS coordination across heterogeneous pro-
cessors, and thermal-aware task scheduling to optimize cooling efficiency and energy usage. By embedding energy
efficiency into the core of an operating system, the computational stack can seamlessly integrate energy-aware opti-
mizations across all layers.

3.7.2 Research Opportunities

Based on these findings, the participants identified several key research directions.

Developing Energy-Aware Programming Models and Abstractions. Energy awareness could be enhanced in
programming models by

• designing new programming languages and DSLs that allow users to explicitly specify energy constraints and
trade-offs;

• developing compiler techniques that integrate energy complexity analysis into code transformations; and
• extending intermediate representations to incorporate power-aware optimizations.

Advancing Autonomous, Energy-Aware Runtime Systems. Runtime-level energy awareness could be facilitated
through

• investigating reinforcement learning for dynamic workload scheduling and power management;
• developing predictive modeling techniques for real-time energy optimization; and
• making available experimental testbeds for benchmarking runtime energy efficiency.

Innovating Operating System–Level Energy Management Strategies. Similar approaches could be applied at the
operating system level:

• implementing energy-aware scheduling mechanisms that adapt dynamically to workload needs;
• enhancing operating system support for fine-grained power monitoring and control; and
• developing power-efficient memory and storage management policies.

Establishing a Unified Energy Complexity Framework. Work at all layers could be tied together by

• formalizing energy complexity metrics to evaluate and compare energy-efficient algorithms;
• integrating energy-aware performance models into compiler and operating system decision-making; and
• developing theoretical models that quantify trade-offs between energy, performance, and accuracy.

3.7.3 Summary

Programming systems must evolve to meet the challenges posed by emerging energy-efficient architectures. Achieving
this transformation requires research across multiple layers of the software stack, from compilers and runtime systems
to operating systems and resource managers. By embedding energy efficiency as a fundamental principle, future
computing platforms can balance performance with other criteria, ensuring that scientific and HPC remains viable.

3.8 Crosscuting Topics
The workshop attendees identified several crosscutting topics that transcend individual breakout groups. On the final
day of the workshop, dedicated sessions focused on these overarching issues and emphasized the need for a holistic
approach to energy-efficient computing. This section collates and prioritizes the most critical crosscutting themes and
their corresponding recommendations.
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3.8.1 C1: Testbeds and Prototypes

Discussion Summary. Testbeds and prototype systems are essential for evaluating energy-efficient computing tech-
nologies. The discussion underscored the importance of open technologies for long-term research and avoiding depen-
dence on proprietary vendor solutions that primarily cater to commercial markets. Testbeds should facilitate co-design
methodologies that integrate hardware and software development to enable the validation of energy models, real-world
application testing, and performance benchmarking.

A key distinction was made between testbeds (platforms for evaluating existing and near-production technologies) and
prototypes (early-stage implementations of novel hardware-software co-designs). The participants strongly recom-
mended testbeds be made available to evaluate and develop new computing concepts from national labs, universities,
and pre-competitive vendor research. Furthermore, experiences with these testbeds and prototypes can inform future
system procurements and research initiatives.

Recommendations.

• Establish testbeds that support real DOE scientific workloads and include capabilities to measure traditional
application performance as well as energy efficiency and power utilization.

• Integrate prototype hardware into instrumented testbeds for benchmarking, validation, and software develop-
ment.

• Leverage the growing domestic infrastructure (e.g., DOD Microelectronics Commons Hubs) to support hard-
ware prototyping for scientific computing to ensure that ASCR-funded research remains aligned with emerg-
ing trends.

• Strengthen connections between testbed development and ModSim to improve energy estimation accuracy
and provide verification and validation for architectural models.

3.8.2 C2: Metrics for Energy Efficiency and Performance

Discussion Summary. Defining standardized, multilevel energy efficiency metrics is crucial to optimizing scientific
computing systems. Current metrics—such as time-to-solution, utilization, average power, and throughput—provide
a partial view but fail to capture the full impact of energy-aware optimizations. The workshop identified three funda-
mental perspectives for energy-aware metrics.

• User-Level Metrics: Measuring the useful work per unit of energy, where useful work is application-
dependent (e.g., convergence in AI training, fidelity in simulations).

• System-Level Metrics: Evaluating resource utilization per unit of energy to ensure that HPC resources are
optimally employed and reduce waste.

• Facility-Level Metrics: Capturing power usage effectiveness (PUE) and total lifecycle energy costs and inte-
grating capital, operational, and embodied energy expenses.

A major challenge is the lack of power measurement granularity, particularly for data movement. Users need better
tools to estimate which resources are most energy efficient for their workloads.

Recommendations.

• Develop standardized energy efficiency metrics across user, system, and facility levels.
• Incorporate UQ to improve the reliability of energy efficiency measurements.
• Improve energy profiling tools to provide fine-grained insights into energy costs of computation, data move-

ment, and I/O operations.
• Ensure that power and energy become schedulable resources to incentivize efficiency in user workloads.
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3.8.3 C3: Benchmarking (Including Proxy Applications and Datasets)

Discussion Summary. Accurate benchmarking is critical for understanding and improving energy efficiency in sci-
entific computing. However, the current ecosystem lacks representative benchmarks, proxy applications, and realistic
datasets tailored for DOE workloads. The discussion identified three key gaps.

• Benchmarks for energy efficiency: Existing benchmarks focus on performance but fail to measure energy-
related parameters such as processor power settings or node temperature.

• Proxy applications: These are crucial for evaluating new techniques, but existing proxy applications lack
documentation on which real-world behaviors they emulate.

• Realistic datasets: Many datasets are either "toy problems" or overly sanitized due to security concerns,
making them less representative of actual scientific workloads.

Recommendations.

• Develop energy-aware benchmarks that assess energy efficiency across diverse hardware platforms.
• Improve documentation and input configurations for proxy applications to ensure they accurately reflect real

scientific workloads.
• Encourage the publication of real-world datasets with representative numerical ranges and data structures for

evaluation.

3.8.4 C4: Hardware-Software Integration

Discussion Summary. Effective hardware-software co-design is a moving target due to rapidly evolving hetero-
geneous hardware and the increasing dominance of AI-driven workloads. Traditional approaches to resource man-
agement and application optimization must adapt to emerging architectures such as PIM, in-network computing, and
disaggregated memory. The discussion highlighted the importance of data movement awareness, runtime adaptability,
and fine-grain task placement.

Recommendations.

• Develop hardware-aware programming models that allow applications to explicitly express data locality and
energy constraints.

• Improve runtime systems to optimize data placement dynamically based on system conditions.
• Provide energy-aware job scheduling policies that consider memory hierarchy, compute-to-memory dis-

tances, and in-network processing capabilities.

3.8.5 C5: Algorithm-Hardware (Paradigm) Integration

Discussion Summary. The discussion emphasized that co-design should not predefine the solution but rather focus
on solving energy efficiency challenges holistically. Too often, co-design efforts are biased toward proving a specific
technology rather than objectively evaluating what works best for energy-efficient computing.

Three key barriers were identified:

• Avoiding premature commitment to specific technologies: Co-design efforts should explore multiple solutions
rather than forcing a specific approach.

• Faster feedback loops for progress assessment: Current funding structures discourage rapid iteration or
changes in team composition, even when new insights emerge.

• Improving cross-disciplinary communication: Different communities (hardware, algorithms, applications)
operate on different timelines and methodologies, making effective collaboration challenging.

Recommendations.

• Develop mechanisms for iterative, objective evaluation of emerging paradigms to ensure that co-design efforts
remain technology-agnostic.
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• Encourage flexible funding models that allow for team restructuring if project goals evolve.
• Prioritize ModSim efforts that bridge the communication gap between hardware designers and algorithm

developers.

3.8.6 Summary

Crosscutting topics such as testbeds, metrics, benchmarking, hardware-software co-design, and algorithm-hardware
integration will be critical enablers of next-generation energy-efficient computing. Addressing these challenges re-
quires a combination of fundamental research, community collaboration, and policy-driven infrastructure develop-
ment. The DOE ASCR program is uniquely positioned to spearhead these efforts, ensuring that future scientific
computing ecosystems are optimized for both performance and energy efficiency.
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4 Priority Research Directions
The workshop participants identified five Priority Research Directions (PRDs) that provide a roadmap for achieving
transformational improvements in energy efficiency for scientific computing. These PRDs emphasize a holistic ap-
proach, recognizing that gains in a single area are insufficient; instead, coordinated innovations are required across
hardware devices, algorithms, software ecosystems, data management, and modeling. The following sections detail
these research priorities, outlining the key questions and opportunities necessary to sustain scientific discovery.

PRD1: Co-design energy-efficient hardware devices and architectures for impor-
tant workloads

Key Questions: (a) How can energy-efficient devices using innovative compute methods be designed for
scientific applications at scale? (b) How can simulation and modeling tools help evaluate and develop new
devices, circuits, and architectures? (c) How can architects identify key HPC application kernels for special-
ized hardware? (d) What methods can best support heterogeneous integration while minimizing energy loss at
hardware component interfaces?

This PRD calls for a transformative, cross-disciplinary research agenda to co-design energy-efficient hardware archi-
tectures and devices tailored to critical DOE workloads. Future computing platforms must address energy consumption
holistically—from the device level through architecture and system integration—while targeting the unique needs of
DOE applications that span HPC, edge computing, and emerging continuum workflows.

The community must invest in a systematic evaluation of diverse emerging computing paradigms, including analog,
stochastic, optical, cryogenic, neuromorphic, quantum, and biologically inspired approaches. Early-stage R&D should
include device- to system-level modeling, simulation, and physical prototyping to enable informed decisions about
viability, performance, and manufacturability. Emphasis should be placed on assessing integration potential and energy
efficiency within realistic scientific computing contexts.

To maximize the impact of specialized hardware, this PRD recommends identifying and characterizing DOE-relevant
computing kernels with significant potential for energy savings and performance acceleration. Supporting the in-
tegration of specialized components into production-scale heterogeneous systems will require research into chiplet
standards, packaging technologies, and interface protocols that minimize data movement and overheads.

DOE should enable access to advanced EDA tools, open-source modeling environments, and affordable prototyping
facilities to lower the barriers to entry for device-architecture co-design. These capabilities must support the collabora-
tive development of proof-of-concept systems that run real scientific applications and enable meaningful benchmarking
of performance and energy efficiency.

This PRD will catalyze a shift from general-purpose computing to energy-aware, application-driven architectures,
thereby positioning DOE to lead in the development of next-generation scientific computing systems.
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PRD2: Define the algorithmic foundations of energy-efficient scientific computing

Key Questions: (a) Can energy complexity measures for algorithms be used to evaluate algorithm-hardware
combinations accurately? (b) How can telemetry of the current execution environment inform algorithmic
choices in real time? (c) How can knowledge of the algorithm inform execution to improve energy efficiency?
(d) What gains in energy efficiency are possible when focusing on scientific campaigns as a whole rather
than focusing on individual tasks or operations? (e) How can data-driven algorithms or models improve over
conventional simulation?

Maximizing energy efficiency requires explicit algorithmic reasoning (i.e., decisions about which algorithms to use,
how to tune their parameters, and how to structure data and computation in ways that minimize energy use). This goes
beyond traditional time-centric performance models because it demands a foundational theory of energy complexity
that parallels asymptotic analysis in classical algorithmics. Such a theory must strike a balance between cost realism—
by capturing key features of energy usage across hardware—and simplicity—by enabling widespread adoption and
productivity in algorithm development.

Crucially, the most energy-efficient algorithm for a particular problem may not be the one with optimal asymptotic
behavior; it may instead depend on hardware characteristics, memory hierarchies, energy costs of communication,
and/or other environmental factors. Therefore, new frameworks are needed to allow algorithms to introspect and adapt
to the dynamic execution environment.

Furthermore, energy efficiency must be addressed not just at the level of isolated kernels but across the scope of full
scientific workflows and campaigns. For instance, the choice of surrogate model architecture in a simulation-analysis
loop may depend on how often the surrogate will be used, requiring global energy optimization across training and
inference phases.

Progress in this area will require new programming abstractions, system support, and performance models that enable
algorithms to reason about and respond to their energetic context, laying the theoretical and practical foundation for
next-generation energy-aware scientific computing.
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PRD3: Reconceptualize software ecosystems for energy efficiency

Key Questions: (a) How can software ecosystems adapt for energy efficiency in innovative heterogeneous
architectures? (b) How should the foundations of software development shift to enable energy-efficient com-
puting technologies? (c) How can developers program new energy-efficient hardware productively for complex
scientific workflows?

Realizing the full potential of energy-efficient computing requires a fundamental rethinking of the software
ecosystem—from programming languages to operating systems—to prioritize energy as a first-class objective along-
side performance and correctness. As scientific computing platforms grow more heterogeneous with the introduction
of analog, neuromorphic, photonic, and chiplet-based architectures, existing software abstractions and tool chains are
becoming increasingly inadequate.

This PRD calls for the design of next-generation software systems that are deeply aware of energy implications and
can operate across a continuum of computing resources, from edge devices to exascale systems. A central challenge
is to ensure that productivity and portability are preserved as energy-aware systems are developed.

Because the software topic is very broad, we highlight the following key research areas: (1) developing new pro-
gramming languages and compiler infrastructures that generate energy-optimal code for heterogeneous architectures;
(2) creating runtime systems that intelligently orchestrate workloads across diverse hardware components while min-
imizing energy overhead; (3) building energy-aware libraries that abstract hardware complexity without sacrificing
efficiency; (4) designing operating systems that dynamically manage resources based on energy-performance trade-
offs, thermal constraints, and workload characteristics; (5) advancing software tools and telemetry systems that pro-
vide actionable insight into energy behavior for developers and system operators; and (6) streamlining abstractions,
interfaces, and protocols to reduce energy costs across the software stack.

Outcomes of this research include the seamless integration of emerging architectures, automated energy-aware code
generation, and new system-level policies for workload execution. A reimagined software ecosystem for energy-
efficient computing will empower scientists to harness complex, evolving hardware for demanding applications while
minimizing power consumption.
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PRD4: Enable energy-efficient data management for data centers, instruments, and
users

Key Questions: (a) What strategies can minimize energy use in data movement across applications, sys-
tems, and distributed resources? (b) How can new storage devices be designed and leveraged to lower energy
consumption of I/O and data management? (c) How can system architects balance I/O performance with
energy-efficient data movement?

As scientific workflows increasingly span geographically distributed facilities—combining HPC centers, experimen-
tal instruments, and edge computing devices—data management emerges as a key determinant of system energy
efficiency. Today’s storage systems remain largely energy-agnostic and are typically optimized for performance and
capacity under the assumption of a centralized architecture. This presents a critical mismatch for modern workflows,
in which the energy costs of data movement across memory hierarchies, nodes, and wide-area networks can far exceed
those of computation.

This PRD calls for a fundamental rethinking of data management and storage to support energy-efficient, high-
performance scientific computing across distributed environments. Energy-aware data management must become
a first-class concern at all layers of the system stack—from storage devices and interconnects to file systems, data
formats, and workflow orchestration frameworks.

Key research directions include (1) developing quantitative models and measurement techniques for characterizing the
energy costs of data movement and storage across diverse architectures; (2) designing and evaluating energy-aware
data movement strategies that operate across memory, storage, and network layers while preserving application perfor-
mance; (3) leveraging emerging storage devices with rich interfaces (e.g., computational storage, zoned namespaces,
and memory-semantic protocols) to reduce I/O and data motion; (4) creating energy-efficient data representations and
layouts, including lower-precision formats and layout-aware data placement strategies; (5) extending techniques such
as power-aware workload scheduling and migration to inherently stateful storage systems; and (6) designing storage
systems around denser devices that offer lower power per byte but reduced IOPS per terabyte and exploring trade-offs
between capacity, performance, and energy.

Success will enable scalable, energy-efficient data management solutions that span edge-to-facility infrastructures,
empower scientific discovery at exascale data volumes, and ensure that the growth of data is not limited by energy
supply.
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PRD5: Develop Integrated, Scalable Energy Measurement and Modeling Capabili-
ties for Next-Generation Computing Systems

Key Questions: (a) How should simulation and modeling infrastructures enable accurate multilevel energy
modeling across devices, architectures, and systems? (b) How can multiresolution measurement frameworks
attribute energy usage across end-to-end hardware and software systems at scale? (c) Which approaches
balance fidelity and simulation efficiency to support early-stage design exploration? (d) What strategies ensure
reproducibility and sustainability as technologies evolve?

Future computing systems will increasingly feature heterogeneous devices, novel architectures, and complex work-
flows that span from edge to facility. In this environment, energy consumption must be a first-class design constraint
and will require early, accurate, and scalable modeling of energy consumption from individual devices to entire sys-
tems. Unfortunately, current energy modeling tools are fragmented, outdated, and often proprietary, thereby hindering
co-design efforts and limiting insights into potential energy savings.

This PRD calls for the development of unified, open-source energy modeling infrastructures that support multiscale
simulation and real-system measurement. To reduce development time and encourage rapid, widespread adoption,
this support should be added to existing, widely used open-source frameworks. These tools must integrate models
at the device, architectural, and system levels while maintaining modularity and extensibility to accommodate new
technologies such as non-CMOS accelerators, memory-rich chiplets, and photonic interconnects.

Key research areas include the following:

• Unified Modeling Frameworks: Design modular, interoperable interfaces for connecting device-,
architecture-, and system-level energy models. These frameworks must support mixed-fidelity modeling
and plug-and-play integration of new models while abstracting internal complexity.

• Scalable and Flexible Models: Develop energy models that balance fidelity and performance, thereby en-
abling both high-resolution simulation and fast, exploratory co-design. Models must adapt to emerging,
heterogeneous technologies and be usable from prototyping to leadership-class system scales.

• Viable Development and Maintenance: Ensure the long-term viability of modeling tools through centralized
stewardship, support for community standards, integration with CI/CD pipelines, and investment in research
software engineers (RSEs). Align efforts with broader open science infrastructure initiatives.

• Operational Measurement and Adaptation: Create novel methodologies for runtime energy measurement
and in-situ optimization on current and future systems. These tools must support workload-aware energy
adaptation within real scientific campaigns and under dynamic grid or facility constraints.

• Prototype-Based Validation: Validate energy and performance models using testbeds and hardware proto-
types running full scientific applications. Collaborate with CHIPS Act–funded prototyping efforts to ensure
feedback between early-stage modeling and real-world behavior.

Together, these research directions will enable early-stage energy performance co-design, support modeling practices
that are built to last, and provide the DOE and broader community with robust tools for shaping the future of energy-
efficient computing.
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5 Enablers for Research Progress
Achieving breakthroughs in energy-efficient computing requires not only research but also the infrastructure, tools,
and policies that enable technical progress. This section outlines key enablers that can accelerate innovation and
address systemic challenges identified by the workshop participants.

5.1 E1: Establish Prototyping Capabilities and Testbeds
The community should invest in both virtual and physical testbeds to support the evaluation of emerging energy-
efficient computing technologies. Testbeds play a crucial role in validating new architectures, devices, and system
software under realistic conditions. Moreover, they also provide an essential bridge between theoretical research and
practical deployment, allowing researchers to benchmark novel approaches against existing technologies. This activity
should

• facilitate co-design of hardware and software for both performance and energy consumption;
• support multidisciplinary collaboration, from microelectronics to system architecture;
• provide a platform for benchmarking, energy efficiency measurements, and software development on early-

stage hardware;
• establish a continuum of technologies from the benchtop to multirack prototypes that cover a range of promis-

ing technologies that require exploration; and
• integrate prototype hardware with real scientific applications to validate ModSim capabilities (Section 3.4).

5.2 E2: Ensure Viable Stewardship of IP, EDA Software, and Modeling Tools
The community should act as a steward for key simulation, modeling, and EDA tools to prevent research stagnation
and tool atrophy. Simulation and modeling tools often suffer from poor long-term maintenance as students graduate
and researchers move on. To help mitigate this problem, the community can

• maintain key tools at national labs or in collaboration with academics to ensure continuity across generations;
• fund RSEs dedicated to long-term tool viability;
• require integration of funded tools into mainline repositories (e.g., gem5 [168, 169], SST [170],

CODES [171]);
• establish site-wide licenses for EDA tools to expand accessibility for DOE researchers; and
• support teaching and learning of popular tools to expand the community that uses, develops, and improves

these tools (e.g., by hosting and/or sponsoring bootcamps, tutorials, and workshops).

5.3 E3: Strengthen Co-Design Methodologies
The community should promote cross-disciplinary co-design to align hardware, software, and algorithms for energy
efficiency. Energy-efficient computing requires deep collaboration across multiple layers of the computing stack. To
enable this, the community should

• encourage early-stage collaboration between hardware architects, system software developers, and domain
scientists;

• establish open-source design frameworks and tools that support hardware-software co-optimization; and
• develop co-design methodologies that remain adaptable as computing paradigms evolve.

5.4 E4: Develop Standardized Metrics for Energy Efficiency
The community should define standardized energy efficiency metrics across user, system, and facility levels. To
evaluate energy-aware optimizations effectively, we need clear, consistent metrics that span multiple scales.

• User-Level Metrics: Measure useful work per unit of energy (e.g., AI convergence, scientific simulation
accuracy).
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• System-Level Metrics: Capture resource utilization per unit of energy to minimize waste.
• Facility-Level Metrics: Incorporate PUE and total lifecycle energy costs.

5.5 E5: Expand Instrumentation and Telemetry in Data Centers
The community should enhance telemetry and instrumentation for real-time energy monitoring in operating HPC
facilities. Current systems lack fine-grained power measurement, making energy-aware optimizations difficult. The
community should

• deploy granular power and performance monitoring across computing components (CPU, memory, storage,
network);

• enable real-time access to power and energy telemetry for both users and system administrators;
• standardize APIs for integrating energy measurement tools into schedulers and runtime systems; and
• provide a source of open information on real-world energy use in data centers and HPC.

5.6 E6: Create a Technology Study Group for Technology Readiness Tracking
The community should establish a technology study group to track emerging hardware and software trends, similar to
the DARPA Exascale Study from 2008. Scientific and economic forces shape computing technologies, but long-term
energy-efficient computing strategies require foresight. A dedicated study group should

• monitor global R&D trends in microelectronics, memory, networking, and AI accelerators;
• develop roadmaps for emerging technologies to guide DOE investments; and
• identify risks and opportunities in upcoming paradigms to ensure DOE computing remains competitive.
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6 Related Topics Discussed during our Workshop
While the workshop addressed a comprehensive and forward-looking agenda across hardware, software, systems, and
applications, several topics were discussed but not easily included in one of our PRDs. These topics reflect the evolving
landscape of energy-efficient computing and its intersection with environmental, social, and economic systems. Other
reports have partially explored these topics (e.g., the MAPT roadmap [91] and the EES2 technical workshop goal).

Energy-Aware Security and Privacy. Security and privacy constraints may conflict with energy efficiency. En-
cryption, access controls, and data locality policies can increase data movement or computation. Moreover, secure
computing paradigms such as federated learning or homomorphic encryption may have large energy footprints. Fu-
ture efforts should investigate the trade-offs between security guarantees and energy consumption in distributed and
heterogeneous systems.

Life-Cycle and Sustainability Analysis of Computing Systems. The workshop focused on operational energy
efficiency but did not explicitly address the life-cycle energy costs of computing infrastructure. This includes the
energy and environmental impact of fabricating chips, manufacturing systems, transporting components, and end-of-
life considerations such as disposal and recycling. Life-cycle analysis should be integrated into modeling tools and
procurement strategies to assess trade-offs between extending hardware lifetimes and deploying newer, more efficient
systems.

Usability of Energy-Aware Systems. End users, developers, and operators must make decisions based on energy
telemetry and optimization tools. The effectiveness of these tools depends on how actionable and understandable
the energy information is. There was limited discussion of human-computer interaction, behavioral economics, or
incentive structures that encourage energy-aware behavior. Future work should explore how to design usable energy-
aware abstractions and interfaces that empower both expert and non-expert users.

Economic Models and Market Mechanisms. Although some discussion touched on grid integration and load bal-
ancing, the broader role of economic incentives in energy-efficient computing was not fully explored. Dynamic pricing
models, time-of-use tariffs, or cost internalization could influence job scheduling, workload placement, and user be-
havior. Future workshops should consider collaboration with energy economists and policy experts to co-optimize
scientific productivity and energy grid stability.

International Coordination and Standards. The global nature of semiconductor supply chains and scientific col-
laboration suggests the importance of international coordination. Opportunities include joint test beds, shared energy-
efficient data center infrastructure, common standards for telemetry and modeling, and cooperative policy alignment.
This is particularly relevant for distributed science workflows that span institutions and borders.

We recommend that the community consider these emerging areas as focal points for future community studies,
roadmaps, or cross-agency collaborations. These topics can strengthen the foundation for performant, secure, and
globally-relevant energy-efficient computing ecosystems.
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Glossary
Advanced Materials and Manufacturing Technologies Office A DOE office mentioned in the context of the En-

ergy Efficiency Scaling for Two Decades (EES2) report.

Benchmarking The process of evaluating the performance and/or energy efficiency of a computer system or algo-
rithm, often using standardized tests or proxy applications.

Chiplet A small, modular semiconductor die that contains a subset of functionality, used to build a larger system-on-
a-package through heterogeneous integration.

Co-design A methodology where multiple layers of the computing stack (e.g., hardware, software, and algorithms)
are designed and optimized together, rather than sequentially, to achieve holistic system goals.

Data Movement The transfer of data between different components of a computing system (e.g., from storage to
memory, or between cores and caches); often the largest source of energy consumption in modern systems.

Energy Complexity A theoretical measure for algorithms akin to Big-O notation, but which explicitly includes the
energy cost of operations, especially data movement.

Heterogeneous Computing A system architecture that uses a diversity of specialized processing units (e.g., Central
Processing Units (CPUs), Graphics Processing Units (GPUs), and Application-Specific Integrated Circuits
(ASICs)) to efficiently handle different parts of a workload.

Monolithic Chip A traditional integrated circuit design where all components are fabricated onto a single, large die.

Neuromorphic Computing A computing paradigm that mimics the neural architecture and components (neurons,
synapses) of the human brain, focusing on time- and energy-efficient processing.

Photonic Computing A computing paradigm that uses light (photons) instead of electrons for computation and com-
munication, valued for high-speed and low-energy interconnects.

Proxy Application (Mini-app) A simplified, small-scale software application that captures the essential computa-
tional and communication characteristics of a full scientific workload, used primarily for co-design and
benchmarking.

Resource Disaggregation The decoupling of compute, memory, and storage resources into independent pools that
can be dynamically composed for a workload, often via high-speed interconnects like Compute Express Link
(CXL).

SLAC National Accelerator Laboratory A Department of Energy (DOE) national laboratory managed by Stanford
University.

Superconducting Computing A specific type of Cryogenic and Superconducting Computing (CSC) that utilizes
superconducting materials (zero electrical resistance) to enable ultra-low-power logic and memory, often at
ultra-low temperatures.

Telemetry The process of collecting and transmitting fine-grained data (e.g., power consumption, temperature, uti-
lization) from remote sensors or system components for monitoring and optimization.

Waferscale Computing A system architecture that integrates an entire computational system onto a single silicon
wafer, dramatically reducing chip-to-chip communication overhead.
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Acronyms
A/D Analog-to-Digital.

AI Artificial Intelligence.

ASCR Advanced Scientific Computing Research.

ASIC Application-Specific Integrated Circuit.

AVX Advanced Vector Extensions.

BLAS Basic Linear Algebra Subroutines.

CI/CD Continuous Integration/Continuous Deployment.

CMOS Complementary Metal-Oxide-Semiconductor.

CNFET Carbon Nanotube FET.

CPU Central Processing Unit.

CSC Cryogenic and Superconducting Computing.

CXL Compute Express Link.

DARPA Defense Advanced Research Projects Agency.

DoD Department of Defense.

DOE Department of Energy.

DRAM Dynamic Random-Access Memory.

DSL Domain-Specific Language.

DVFS Dynamic Voltage and Frequency Scaling.

EDA Electronic Design Automation.

EES2 Energy Efficiency Scaling for Two Decades.

ERI Electronics Resurgence Initiative.

FFT Fast Fourier Transform.

FFTW Fastest Fourier Transform in the West.

FLOP Floating-Point Operation.

FPGA Field-Programmable Gate Array.

GPGPU General-Purpose Graphics Processing Unit.

GPU Graphics Processing Unit.

HAMR Heat-Assisted Magnetic Recording.

HPC High-Performance Computing.

I/O Input/Output.

IOPS I/O Operations Per Second.

IoT Internet of Things.

IP Intellectual Property.
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IR Intermediate Representation.

JJ Josephson Junction.

LCLS Linac Coherent Light Source.

LLVM Low-Level Virtual Machine.

MAPT Microelectronics and Advanced Packaging Technologies.

MD Molecular Dynamics.

ML Machine Learning.

MLIR Multi-Level Intermediate Representation.

ModSim Modeling and Simulation.

MPI Message Passing Interface.

NNSA National Nuclear Security Administration.

NVMe Non-Volatile Memory express.

ORNL Oak Ridge National Laboratory.

PDK Process Design Kit.

PIM Processing-In-Memory.

PLC Penta-Level Cell.

PRD Priority Research Direction.

PUE Power Usage Effectiveness.

R&D Research and Development.

RSE Research Software Engineer.

SC Office of Science.

SDE Stochastic Differential Equation.

SiP System in Package.

SoC System-on-a-Chip.

SRAM Static Random-Access Memory.

SRC Semiconductor Research Corporation.

TLC Triple-Level Cell.

TPU Tensor Processing Unit.

UCIe Universal Chiplet Interconnect Express.

UQ Uncertainty Quantification.
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