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Abstract

Conventional digital computing faces fundamental physical limits: large scale computing systems already con-
sume tens of Megawatts of power, Dennard scaling has ended, and data movement costs dominate application
performance. Next generation experimental facilities generate data at rates that overwhelm conventional pro-
cessing and demand real-time analysis at the source. Analog computing, which exploits the continuous dynamics
of physical systems to perform computation, promises a transformative path toward orders-of-magnitude gains
in energy efficiency and time-to-solution for scientific workloads.

In September 2024, the US Department of Energy (DOE)’s Advanced Scientific Computing Research (ASCR)
program convened a Workshop on Analog Computing for Science to address the critical research challenges and
opportunities in this field, bringing together experts in applied mathematics, computer science, device physics, and
applications domains from academia, government, and industry. The participants identified six interconnected
priority research directions (PRDs): (1) developing a rigorous mathematical foundation for analog computation,
(2) designing high-performance analog computing architectures, (3) establishing reliable device primitives, (4)
enabling edge computing for real-time analysis, (5) exploring natural computing substrates, and (6) creating
co-design methodologies that integrate software and hardware. The workshop’s findings also identified several
cross-cutting challenges underpinning all six PRDs, including a mathematical theory of continuous computation
under noise, programming abstractions and compiler toolchains, and community benchmarking infrastructure,
emphasizing the needs for a coordinated, multi-faceted effort to enable rapid progress in the area. The research
directions outlined in the workshop report aim to guide the development of energy-efficient analog computing
technologies that can support future scientific discoveries and address the growing energy demands of scientific
computing and artificial intelligence.
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Executive Summary

The Department of Energy (DOE) Advanced Scientific Computing Research (ASCR) program advances
applied mathematics and computer science to enable scientific discovery across DOE mission areas. Decades of
scientific progress built on Moore’s Law scaling have reached a physical wall: exascale systems already consume on
the order of 20–30 megawatt (MW), Dennard scaling has ended, and data movement costs dominate application
performance. Simultaneously, next-generation experimental facilities generate data at rates that overwhelm
conventional processing and demand real-time analysis at the source. These converging pressures threaten DOE’s
mission across fusion energy, high-energy physics, materials science, geoscience, and other critical domains such
as artificial intelligence (AI) for science.

Analog computing offers a transformative path forward by exploiting the continuous dynamics of physical
systems—electromagnetic, chemical, quantum, and biological—rather than discretizing all operations into bits.
Recent advances in materials, fabrication, and hybrid architectures have matured analog approaches from labora-
tory curiosities to practical technologies, with reported orders-of-magnitude energy-efficiency gains for differential
equations, optimization, and linear algebra. Hybrid analog-digital architectures that combine analog efficiency
with digital programmability and control offer the most practical near-term integration path. However, realizing
these gains reliably and at scale requires resolving deep open problems in mathematics, programming models,
device science, and system design.

This report addresses the Grand Challenge: Can we develop the scientific foundations, algorithmic principles,
and system architectures to harness analog and analog-digital computation for 100–1000× improvements in
energy efficiency and 10–100× improvements in time-to-solution for DOE scientific computing workloads, while
establishing the precision, programmability, and integration pathways needed to make these systems practical for
production science?

To chart a path forward, ASCR convened a workshop in 2024 bringing together experts in analog computing,
applied mathematics, computer science, device physics, and DOE application domains. The workshop identified
six priority research directions (PRDs) addressing the most critical research gaps: (1) Mathematical Founda-
tions—a rigorous theory of analog computation, including completeness proofs, noise-resilient algorithms, and
formal precision bounds, does not yet exist; (2) High-Performance Analog Computing—scalable architectures
for high-performance computing (HPC) workloads remain undemonstrated beyond narrow kernels; (3) Device
Primitives—reproducible fabrication, variability models, and validation testbeds are absent, blocking systematic
co-design; (4) Edge Computing—principled frameworks for real-time analog processing at experimental instru-
mentation are lacking; (5) Natural Computing—theoretical and algorithmic foundations for diverse substrates
(physics-based, biological, chemical, and brain-inspired) at scale are in their infancy; (6) Co-design Method-
ologies—integrated software stacks, compilers, and design-space-exploration methods spanning devices through
applications do not yet exist.

Furthermore, several research challenges cut across all six areas. A mathematical theory of continuous
computation under noise and uncertainty—encompassing error propagation, algorithm correctness, and formal
precision limits—is needed to underpin every other advance. Programming abstractions and compiler toolchains
that make diverse analog hardware accessible without bespoke low-level expertise are a prerequisite for broad
adoption and portability. Community benchmarking infrastructure with standardized metrics and reproducible
evaluation protocols is essential for measuring progress across all PRDs and guiding research priorities.

Addressing these needs would enable the DOE Office of Science (SC) to sustain computational performance
growth beyond the limits of digital scaling, optimize energy costs at HPC facilities, accelerate time-to-solution for
mission-critical simulations, transform experimental capabilities through real-time analog processing, and position
the U.S. at the forefront of post-Moore computing technologies. The research agenda outlined in this report
represents a coordinated fundamental research effort—spanning mathematics, computer science, device physics,
and application domains—that no single discipline or institution can accomplish alone.

1
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1 Introduction

1.1 The Scaling Crisis in Scientific Computing

For over five decades, exponential improvements in computing performance have enabled transformative advances
in computational science, from large-scale multi-physics simulation and materials discovery to fusion energy
research and quantum chemistry. This progress, historically driven by Moore’s Law scaling of transistor density
and clock speeds, has reached fundamental physical limits. Modern digital processors face a power wall : exascale
computing systems consume on the order of 20–30 MW, approaching the practical limits of power delivery
and cooling infrastructure. Further scaling of conventional complementary metal-oxide-semiconductor (CMOS)
technology offers diminishing returns as transistors approach atomic dimensions and leakage currents dominate
energy consumption.

Simultaneously, DOE experimental facilities face a parallel challenge: next-generation scientific instruments,
from high-energy physics detectors and X-ray light sources to electron microscopes and environmental sensor
networks, generate data at rates that overwhelm conventional processing architectures. These instruments
require real-time analysis and decision-making at the source, yet transmitting raw data to remote computing
facilities is increasingly impractical due to bandwidth limitations. The data deluge from scientific instrumentation,
combined with the need for closed-loop control and autonomous operation, demands computing capabilities that
are efficient, fast, and physically co-located with sensors.

The DOE SC mission to deliver transformative science and technology solutions requires computational capa-
bilities that continue to grow exponentially—both for large-scale simulation and for real-time experimental data
processing. The ASCR program, which advances applied mathematics and computer science to enable scientific
discovery across DOE mission areas, faces a critical question: how can we sustain performance improvements
when conventional digital scaling has ended?

This challenge is particularly acute for the differential equations, optimization problems, and linear algebra
operations that dominate scientific computing workloads. These problems often involve continuous variables and
smooth functions, yet conventional digital computers discretize all operations, expending vast energy to represent
continuous quantities with discrete bits. This fundamental mismatch between problem structure and computing
substrate suggests an opportunity: can we exploit the continuous nature of physical systems themselves to
perform computation more efficiently?

Analog computing—leveraging the continuous dynamics of physical systems to perform computation—offers
a path to address these converging challenges. This report, which collects and systematically organizes the discus-
sions of the 2024 Workshop on Analog Computing for Science, examines the scientific foundations, technological
readiness, and research directions needed to realize this vision, organized around the following grand challenge:

Grand Challenge: Can we develop the scientific foundations, algorithmic principles, and system architectures
to harness analog and analog-digital computation for 100–1000× improvements in energy efficiency and 10–
100× improvements in time-to-solution for DOE scientific computing workloads, while establishing the precision,
programmability, and integration pathways needed to make these systems practical for production science?

1.2 Physical Computation and Analog Computing Fundamentals

Analog computing refers to computational systems that represent and process information using continuous phys-
ical quantities such as voltages, currents, optical intensities, chemical concentrations, mechanical displacements,
rather than discrete digital states. Unlike digital computers that encode all information as binary sequences and
perform computation through logic gates, analog computers harness the governing dynamics of physical systems
to solve problems.

The distinction between digital and analog computation is fundamentally about representation: digital sys-
tems discretize variables into finite sets of values (typically binary), while analog systems operate on continuous
quantities. This distinction leads to essential differences in how computation is performed:

• Digital computation: discretizes time, space, and amplitude; represents all variables as bit sequences; per-
forms operations through combinational and sequential logic; achieves precision through bit width; and can
be reprogrammed arbitrarily through software.

• Analog computation: operates on continuous signals; represents variables directly as physical quantities; per-
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forms operations through physical dynamics (ohmic flow, wave propagation, chemical kinetics); achieves speed
and efficiency by exploiting parallelism inherent in physical laws; but often requires hardware reconfiguration
to change the computed function.

Throughout this report, we use the term physical computation to encompass the broader concept of harnessing
physical dynamics for information processing. This includes: (1) physical dynamics—exploiting natural evolution
of physical systems (electromagnetic, mechanical, chemical, quantum) to perform computation; (2) physical
substrates—the materials and devices that embody computational primitives; and (3) physical constraints—the
fundamental limits (noise, precision, bandwidth) that govern what is computable and at what cost.

Modern analog computing synthesizes emerging materials, nanoscale devices, and hybrid analog-digital archi-
tectures to combine analog efficiency with digital programmability. Representative substrates include CMOS ana-
log circuits, memristive arrays, photonic integrated circuits, superconducting electronics, micro-electro-mechanical
systems (MEMS), and molecular/biological systems. For readers seeking additional background on analog com-
puting implementations and applications, a recent survey1 provides comprehensive coverage of in-memory com-
puting, Ising machines, analog solvers, neuromorphic processors, and machine learning accelerators.

Patch-cord analog machines, such as the EAI TR-102 and THE ANALOG THING3, were early analog com-
puters that performed calculations by manually connecting components with physical wires (patch-cords). This
approach enabled flexible, real-real time configuration of mathematical operations, but offered limited repeata-
bility and automation, making them important precursors to modern programmable analog systems. Our scope
considers a much broader class of approaches, including electronically configured matrix- and tensor-centric
systems based on dense in-memory vector-matrix multiplication (VMM) and photonic primitives, as well as al-
ternative paradigms in which physical processes directly implement mathematical models, including biological
and chemical substrates. When combined with digital orchestration and calibration to enable compiled, repeat-
able execution, these approaches open opportunities for analog and hybrid systems that were not possible in
the patch-cord era. Crucially, enabling capabilities differ substantially from earlier eras. Key ingredients that
were unavailable or immature until recently include: (i) reliable non-volatile analog memories and foundry-grade
photonic integrated circuits that store and manipulate weights in situ; (ii) heterogeneous packaging and 3D inte-
gration that provide the bandwidth for tight analog-digital coupling; (iii) hardware-aware algorithms and control
that tolerate noise/variation and support in-the-loop calibration and training; (iv) high-speed, energy-efficient
analog-to-digital converter (ADC)/digital-to-analog converter (DAC) interfaces for closed-loop operation; and
(v) software toolchains for co-design, compilation, and verification. Combined with workloads dominated by data
movement and linear algebra in HPC and AI, these advances create an intrinsic opportunity for analog and hybrid
systems distinct from the patch-cord era4.

1.3 The Analog Advantage for Scientific Applications

Recent research has demonstrated that analog computing can achieve dramatic energy and speed efficiency
improvements for problem classes that align with natural physical dynamics. Experimentally validated results
include:

• Differential equations: Analog solvers for partial differential equations have reported 100–1000× improve-
ments in energy efficiency and 10–100× speedups compared to digital implementations, particularly for systems
with sparse spatial coupling4;5.

• Optimization: Physical annealing systems (optical, memristive, quantum-inspired) have shown 10–1000×
efficiency gains for combinatorial optimization tasks relevant to DOE missions, such as partitioning for parallel
computing, quantum circuit optimization, materials configuration space exploration, resource allocation in
complex systems, sensor placement optimization, and facilities operations optimization. Continuous optimiza-
tion problems—including partial differential equation (PDE)-constrained optimization for inverse problems and
real time control systems—are addressed through analog differential equation solvers (see Differential equa-
tions above). Best results are achieved for problems mappable to physical energy landscapes or exploiting
continuous-time gradient dynamics.

• Linear algebra: Photonic and analog electronic matrix-vector multipliers have demonstrated 100–1000×
energy-efficiency improvements for large-scale linear operations in targeted settings, with demonstrations at
scale for neural network inference. Recent work6 demonstrated precise matrix equation solving using resis-
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Figure 1: Analog computing advantage example. Left: A 1-D reaction-diffusion PDE (∂u/∂t = D ∂2u/∂x2 + f (u),
governing combustion, heat diffusion, and plasma transport) maps onto an RC-ladder circuit. Resistors (R = ∆x/D)
implement diffusion coupling; capacitors (C = ∆x) store nodal state; current sources f (ui ) encode local reaction rates.
Right: Projected energy per PDE solve on a logarithmic scale; analog implementations are estimated at 100–1000× lower
energy than central processing unit (CPU) or graphics processing unit (GPU) digital solvers4;5.

tive random access memory (ReRAM), reporting 24-bit precision with 1000× throughput and 100× energy-
efficiency gains.

• Signal processing: Analog radio frequency (RF) front-ends and analog-domain feature extraction reduce
energy consumption by 10–100× for edge sensing applications by avoiding costly analog-to-digital conversion.

Figure 1 illustrates the differential-equation case in detail: a reaction-diffusion PDE governing combustion,
heat diffusion, and plasma transport maps directly onto an RC-ladder circuit, and projected energy consumption
places analog implementations three orders of magnitude below digital alternatives.

These problem classes are precisely those that dominate DOE scientific computing: large-scale multi-physics
PDE simulations (fluids, plasmas, materials), quantum simulations (e.g., density functional theory (DFT), quan-
tum Monte Carlo, quantum chemistry), molecular dynamics, fusion energy (e.g., magnetohydrodynamics (MHD)
simulations, gyrokinetic turbulence, particle-in-cell methods), high-energy physics (e.g., track finding, event re-
construction, detector simulation), and data analysis across experimental facilities. The potential impact extends
beyond performance to enabling new science: ultra-low-power analog systems could enable dense sensor networks
for environmental monitoring; analog accelerators could enable interactive design cycles for materials optimiza-
tion; analog-digital hybrid systems could make previously intractable simulations routine.

Analog Computing and the AI Revolution. The rapid progress in AI creates both a challenge and an
opportunity for analog computing. Training and deploying large AI models drives unprecedented energy consump-
tion, threatening the sustainability of data-center-scale computing. Yet the core operations of neural network
inference—matrix-vector multiplication, nonlinear activation, attention—map naturally onto analog hardware,
where they can be performed directly without the energy cost of repeated digital conversions. This advantage
operates at two scales. At the data-center scale, analog platforms have achieved projected efficiencies exceeding
500 tera operations per second (TOPS)/W for AI inference, more than 100× that of leading GPUs7, and analog
in-memory architectures have demonstrated substantial reductions in large language model (LLM) inference costs
by addressing parameter-fetching bottlenecks8. At the edge, analog computing enables AI inference directly at
the sensor, reducing costly ADC/DAC conversions and making ultra-low-power, real-time processing feasible in
environments where digital solutions are energy-prohibitive. A broader survey of state-of-the-art demonstrations
appears in Section 2.6. These results underscore a central theme of this report: realizing analog computing’s full
impact on AI requires co-designing algorithms and hardware to exploit analog’s unique properties.

4
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Critically, analog computing is not a replacement for digital computation, but rather a complement. Hybrid
analog-digital architectures that combine analog efficiency for specific operations with digital flexibility for control,
precision where needed, and integration with existing software ecosystems offer the most practical path forward.

The alignment between analog computing capabilities and DOE mission requirements is particularly strong.
DOE’s scientific computing needs—extreme-scale simulations, operation in harsh environments (temperature
extremes, radiation), stringent precision requirements, and mandatory uncertainty quantification—present chal-
lenges distinct from commodity and/or enterprise computing9–11. Analog hardware deployed in these contexts
must also meet reproducibility, provenance, long-term stability, and verification & validation standards that
consumer-grade accelerators are not designed to satisfy. DOE mission applications in geoscience, materials, fu-
sion, and high-energy physics demand error characterization and uncertainty quantification beyond commercial
standards. These unique requirements position DOE to drive fundamental advances in analog computing that
may not emerge from commercially-motivated research. The benchmarking infrastructure, evaluation methodolo-
gies, and open-source toolchains developed through DOE investment can accelerate progress across the broader
research ecosystem.

1.4 Fundamental Challenges and Research Opportunities

Despite demonstrated advantages, analog computing faces fundamental scientific challenges that require sus-
tained research investment:

• Noise and precision: Physical systems are inherently noisy, with thermal fluctuations, device mismatch, and
environmental variations limiting achievable precision. Understanding error propagation, developing noise miti-
gation strategies, and designing algorithms robust to inexact computation are central mathematical challenges.

• Interfaces and integration: Analog-digital interfaces consume significant power and introduce latency, often
negating analog efficiency gains. Novel interface designs, hybrid partitioning strategies, and system-level
co-optimization are needed.

• Programmability and toolchains: Most analog systems require hardware reconfiguration to change func-
tionality. Developing programming models, compilation strategies, automated design tools, and verification
methodologies for analog and hybrid systems is essential for practical deployment.

• Scalability and manufacturability: Scaling analog systems to problem sizes relevant for scientific computing
while maintaining precision and managing device variability requires advances in architecture, calibration, and
fault tolerance.

• Application mapping: Identifying which computational kernels benefit from analog acceleration, developing
efficient mappings from algorithms to hardware, and quantifying accuracy-performance trade-offs requires
co-design across applications, algorithms, and devices.

Importantly, these challenges are addressable through fundamental research; they are scientific opportunities
rather than fundamental showstoppers. The PRDs outlined in this report define coordinated research directions to
advance the foundations, architectures, devices, algorithms, and methodologies needed to make analog computing
practical for DOE mission applications.

1.5 The 2024 ASCR Workshop on Analog Computing

To define a comprehensive research agenda for analog computing, the ASCR program convened a workshop in
September 2024, bringing together leading researchers in analog computing technologies, applied mathematics,
computer science, device physics, and computational science. The workshop aimed to identify key challenges,
research opportunities, and promising directions that could enable analog computing to complement and enhance
digital systems for scientific computing workloads. To better frame the discussions, the organizing committee
circulated a set of notional questions (see Appendix 9.3) and issued an open call for contributed white papers;
the accepted white papers are archived on OSTI.gov (https://doi.org/10.2172/2506701).

Over two and a half days, participants engaged in plenary sessions establishing state-of-the-art, breakout
discussions organized around emerging research themes, and collaborative synthesis sessions. Working groups
refined problem definitions, assessed feasibility and impact, and drafted preliminary research directions. A final
plenary session identified cross-cutting challenges that span multiple research areas, particularly around noise
management, analog-digital interfaces, and co-design methodologies.

5
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The workshop structure balanced broad community input with focused technical discussion, ensuring that
the resulting research directions reflect both fundamental scientific opportunities and practical pathways toward
impact for DOE mission applications. A strong recommendation from the workshop is to regularly convene the
analog computing community in focused gatherings, as the event clearly demonstrated tremendous value through
positive and enthusiastic cross-disciplinary discussions.

It should be noted that this report focuses specifically on analog computing as defined above. Quantum
computing and neuromorphic computing, while related to physical computation paradigms, were discussed in
parallel workshops and are covered in separate reports.

1.6 Organization of This Report

This report synthesizes the outcomes of the workshop, presenting six PRDs that collectively define a comprehen-
sive research agenda for analog computing:

• PRD 1: Mathematical Foundations of Analog Computing (Section 3): Develops robust mathematical
frameworks including models of computation, complexity theory, and rigorous analysis of analog advantage.
Essential for understanding capabilities, limitations, and optimal applications of analog computing.

• PRD 2: Building High-Performance Analog Supercomputing Systems (Section 4): Explores analog
accelerators for large-scale scientific computing with order-of-magnitude improvements in speed and energy
efficiency. Addresses challenges in scaling, precision, and integration with digital infrastructure.

• PRD 3: Identifying Novel Device Primitives for Next-Generation Analog Systems (Section 5): Focuses
on emergent device technologies that promise scalable analog solutions with inherent efficiency. Emphasizes
predictable performance at scale and compatibility with manufacturing.

• PRD 4: Redefining the Edge: Integrating Analog Compute with Sensing and Transduction (Sec-
tion 6): Transforms edge computing by integrating analog computation directly with sensing systems, elimi-
nating costly conversions and enabling real-time, ultra-efficient processing.

• PRD 5: Harnessing, Enhancing, and Inspiring Efficient Computation through Natural Systems (Sec-
tion 7): Explores biological, chemical, and physical substrates for computation, leveraging natural principles
of adaptation, efficiency, and robustness.

• PRD 6: Cross-Cutting Multi-Granularity Co-Design Methods (Section 8): Provides unified tools and
methodologies spanning materials to applications, enabling holistic optimization across the full stack for both
analog and hybrid systems.

Section 2 establishes the common context, challenges, and methodologies that underpin all six PRDs. Sub-
sequent sections (Section 3 through Section 8) detail the specific research directions, gaps, and opportunities in
each area. Appendices provide additional technical details, glossary of terms, and lists of workshop participants
and contributors.

These PRDs are deeply interconnected and mutually reinforcing. Success across this portfolio requires co-
ordinated effort across theoretical foundations, enabling technologies, application demonstrations, and design
methodologies. Collectively, they define a research program that balances fundamental scientific questions with
practical pathways toward deploying analog computing for DOE SC mission applications, with the ultimate goal
of sustaining computational performance growth beyond the limits of conventional digital scaling.
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2 Foundations and Cross-Cutting Themes

2.1 Motivations: The Analog Computing Opportunity

2.1.1 The Analog Computing Paradigm

Analog computation represents a paradigm fundamentally different from its digital counterpart, operating on
continuous rather than discrete values. While digital computation has dominated computing for decades, recent
advances in analog neural networks, programmable analog circuits, as well as other analog devices and systems
suggest that analog approaches may offer critical advantages for specific tasks. By representing data with
continuous physical quantities (e.g., voltages, probabilities, chemical concentrations, or light intensities) instead
of discrete binary states, analog systems can inherently solve mathematical problems through their physical
behavior, and offer distinct advantages in scenarios where continuous operations are more effective than Boolean
logic.

Compared to digital approaches, analog encoding and processing of information are fundamentally different
in key ways. First, digital systems enforce discrete states using design margins and error correction, while analog
systems employ quasi-continuous states defined by non-equilibrium thermodynamics and kinetics, with much
smaller effective barriers in many implementations12. Second, while conventional digital logic encodes information
primarily through charge, analog systems can additionally exploit electrical, thermal, and electrochemical gradients
in heterogeneously integrated materials to move electrons, ions, and domains13. Understanding the scientific
basis of these complex, frequently coupled mechanisms is essential for exploiting the computational advantages
of analog systems.

2.1.2 The End of Digital Scaling and the Need for New Paradigms

Digital computing faces fundamental power and performance bottlenecks that increasingly impede progress on
DOE scientific priorities. The completion of the DOE’s Exascale Computing Project (ECP) has brought these
limitations into sharp relief: scaling to the next 1000× is stymied by the effective end of Dennard scaling and
the pronounced slowdown of Moore’s Law; the energy cost of data movement (von Neumann bottleneck); and
the diminishing returns of weak scaling for many complex scientific codes11. Future performance gains will come
at disproportionate power costs, impeding DOE’s mission across critical domains including materials, fusion,
physics, and biological sciences10.

Radically improving computers will almost certainly require embracing novel physical platforms and computing
paradigms that can reach beyond the physical limits of current CMOS digital circuits. These limits include
quantum tunneling, short channel effects, thermal limits, mobility degradation, variability, interconnect delay, and
overall thermodynamic limits which make it asymptotically harder to reduce energy per operation. Overcoming
these hurdles requires revolutionary advances that deliver orders-of-magnitude gains in energy efficiency.

2.1.3 Analog Advantages

Analog computing offers a fundamentally different paradigm that represents a promising path forward, with
demonstrated advantages in multiple dimensions:

• Energy efficiency: Analog computation shows exceptional energy efficiency demonstrated both in theory14

and experiment15, with higher computational energy efficiency (computations for a given amount of energy)
compared with digital computation.

• Area efficiency: Analog systems achieve higher area efficiency (computations per unit area) through dense,
parallel architectures.

• Latency: Very low computational latency for operations that map naturally to physical dynamics.

• Continuous-time operation: Direct solution of differential equations and dynamical systems without dis-
cretization.

• Natural problem matching: Physical dynamics can directly implement computational primitives, avoiding
inefficient mappings to Boolean logic.

These advantages apply to the DOE mission workloads that motivate this report: differential equations (e.g.,
multi-physics simulations, dynamical systems), linear algebra (e.g., quantum chemistry, scientific AI), continuous
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optimization (e.g., gradient-based methods for inverse problems and control systems), combinatorial optimization
(e.g., energy landscape methods for graph partitioning and resource allocation), and signal processing (e.g.,
analog RF front-ends to minimize conversion overhead). They manifest across scales—from ultra-low-power
edge systems co-located with sensors, to large-scale HPC accelerators with potential order-of-magnitude energy
efficiency gains for specific computational kernels, to physics-based substrates operating near thermodynamic
limits.

However, realizing this potential requires overcoming several cross-cutting challenges that appear throughout
all Priority Research Directions:

• Theoretical foundations: A comprehensive mathematical framework for analog computation is needed to
rigorously understand its capabilities, limitations, and optimal applications.

• Device and materials innovation: Novel physical substrates must be developed that can overcome the
limitations of CMOS while maintaining manufacturability and predictability at scale.

• System integration: Efficient interfaces between analog components and conventional digital systems are
critical for building practical, heterogeneous computing platforms.

• Robustness: Device mismatch, noise, parameter variability, and environmental fluctuations must be managed
to ensure accuracy, reliability, and scalability.

• Design methodologies: A holistic, full-stack co-design approach is essential, fundamentally different from
traditional digital design.

Realizing these advantages could dramatically reduce the energy footprint of DOE HPC facilities and accel-
erate the design-to-discovery pipeline for energy materials and technologies.

2.2 Workshop Organization and Breakout Topics

To promote focused discussion and community-driven insights, the 2024 Analog Computing for Science Workshop
featured eight thematic breakout sessions spanning the breadth of analog computing research and applications in
scientific computing. Each session convened experts to identify challenges, opportunities, and research priorities
within a specific domain of analog computing.

The breakout topics were as follows:

• Biological / Chemical Computing: Exploring the use of biochemical and chemical systems, including syn-
thetic biology and reaction networks, as substrates for analog computation in scientific modeling.

• Hybrid Systems / Sensor+Compute Integration: Investigating the fusion of sensing and analog compu-
tation at the edge, enabling real-time signal processing and efficient front-end data handling.

• Devices / Photonics: Examining the role of emerging devices and photonic technologies in enabling scalable,
high-throughput, and low-power analog computing platforms.

• Analog Electrical and Computational Memory: Focusing on electrical analog circuits and memory-centric
computing paradigms, such as those based on memristors or resistive memory arrays, to perform in-memory
computation.

• Probabilistic / Ising: Discussing analog approaches to probabilistic computing, including physical implemen-
tations of Ising machines and stochastic models relevant to scientific computing.

• Co-design / Software+Hardware+Physics: Highlighting the importance of integrated co-design approaches
that align physical substrates, hardware architectures, and software frameworks to support analog computing
workflows.

• Mathematical and Theoretical Foundations: Addressing the formal models, theoretical frameworks, and
algorithmic principles that underpin analog computation across different physical domains.

• Benchmarking: Developing rigorous benchmarks, metrics, and evaluation methodologies to assess the capa-
bilities, performance, and scientific relevance of analog computing systems.

From Breakouts to Priority Research Directions. These eight breakout sessions were synthesized into six
cohesive PRDs that define a comprehensive research agenda. The consolidation process recognized natural
groupings, cross-cutting themes, and complementary expertise, organizing the PRDs into three categories:
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• Foundational PRDs: provide theoretical underpinnings and enabling technologies that support all analog
computing approaches. PRD 1 (Mathematical Foundations) emerged from the Mathematical and Theoret-
ical Foundations breakout, establishing rigorous frameworks for analog computation capabilities, complexity
theory, and error analysis that underpin all other PRDs. PRD 3 (Device Primitives) combined insights from
Devices/Photonics and Analog Electrical and Computational Memory, with input from Co-design on device-
circuit integration, recognizing that predictable, scalable devices enable all application domains.

• Application-Domain PRDs: address distinct scales and contexts where analog computing offers transforma-
tive advantages. PRD 2 (High-Performance Computing) synthesized contributions from Analog Electrical and
Computational Memory, Devices/Photonics, Probabilistic/Ising, Mathematical Foundations, and Benchmark-
ing, reflecting the diverse technologies needed for large-scale scientific computing. PRD 4 (Edge Computing)
emerged from Hybrid Systems/Sensor+Compute Integration, with contributions from Analog Electrical, De-
vices, and Co-design, addressing ultra-efficient computation integrated with sensing systems. PRD 5 (Natural
Computing) combined Biological/Chemical Computing and Probabilistic/Ising, with input from Mathematical
Foundations and Devices, exploring physics-based substrates operating near thermodynamic limits.

• Cross-Cutting Methodologies: span all technology areas and application domains. PRD 6 (Co-Design)
merged Co-design/Software+Hardware+Physics and Benchmarking, with all breakouts contributing cross-
cutting themes emphasizing integrated design methodologies spanning materials through applications.

Key Interconnections. As illustrated in Figure 2, these PRDs form an integrated portfolio. PRD 1 provides
theoretical frameworks and fundamental limits informing all applications. PRD 3 supplies physical substrates while
receiving requirements feedback from application domains. PRD 6 integrates vertically across abstraction layers
and horizontally across PRDs through unified toolchains and benchmarks. Application domains cross-fertilize:
HPC precision techniques inform edge deployments; edge low-power methods benefit HPC at scale; natural
computing optimization algorithms apply to HPC and edge problems. Shared challenges—noise and variability
(Section 2.3.1), analog-digital interfaces (Section 2.3.2), scalability (Section 2.3.3)—require coordinated research
where solutions in one PRD accelerate progress across others. Success depends on viewing the six PRDs as
mutually reinforcing rather than independent, with advances in each enabling progress in others.

2.3 Scientific Challenges

Several fundamental scientific challenges recur across all analog computing approaches. Understanding and
addressing these challenges is essential for the field’s advancement. This section consolidates the theoretical and
practical treatment of these cross-cutting issues, which are referenced throughout the subsequent PRDs.

2.3.1 Noise, Variability, and Environmental Effects

Variations in physical and electrical parameters of devices resulting from fabrication processes (“parameter vari-
ability”), environmental changes (such as temperature, pressure, etc.), and noise in devices all affect the func-
tioning of analog circuits. Variability and noise are often discussed together because they are both modeled
probabilistically, but it is useful to consider them separately: parameters subject to variability are typically con-
stant with respect to time, hence can be modeled mathematically as random variables; whereas noise changes
with time, hence requires the more complicated mathematical machinery of stochastic processes. The physical
mechanisms underlying parameter variability and device noise are also typically quite different.

Device Mismatch and Parameter Variability. In digital systems, voltages representing Boolean logic values
are typically widely separated, with values in between being (in principle) illegal. A corrupted digital voltage can
be thresholded to the nearest legal value; this is a powerful correction mechanism that is not usually available in
analog systems, where variables take a continuous range of values that are all legal. As a result, analog circuits
are generally assumed to be more sensitive to the effects of parameter variability, environmental variations, and
noise than digital circuits. However, it is possible for a carefully designed analog system to be robust to these
effects. Detailed low-level analysis of these effects, properly grounded in mathematical theory, is critical for
assessment.

As Mead wrote, “not all transistors are created equal”; as a result, identically drawn devices are not identical,
but have variations between them—referred to as mismatch. Parameter variability and mismatch arise from
inherent randomness in manufacturing processes; any fabricated device’s physical and electrical parameters (such
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Figure 2: Interconnections among the six Priority Research Directions. Foundational PRDs (PRD 1: Mathematical Foun-
dations, PRD 3: Device Primitives) provide theoretical frameworks and physical substrates supporting application-domain
PRDs (PRD 2: High-Performance Computing, PRD 4: Edge Computing, PRD 5: Natural Computing). Cross-cutting
methodologies (PRD 6: Co-Design) integrate vertically across abstraction layers and horizontally across all PRDs. Solid ar-
rows indicate primary dependencies and information flow, bidirectional arrows show mutual reinforcement and requirements
feedback, and dashed arrows represent cross-fertilization among application domains. Background shading groups PRDs by
tier.

as device lengths/widths, oxide thicknesses, doping strengths, threshold voltages, etc..) will generally be different
from nominal values specified during design. The relative impact of parameter variations increases as devices
become physically smaller, hence assessing and mitigating the impact of variability is especially important for
novel nano-devices.

Mathematically, parameters subject to variability are usually modeled as random variables, with their prob-
ability distributions typically obtained empirically from measurements after fabrication. Techniques to mitigate
the impact of variability can be at the process/fabrication/layout level, or at the circuit/system design level.
Examples of the former include averaging over multiple devices to reduce variance, selecting the best candidate
from multiple redundant devices, routing to target minimizing timing variations, and device level calibration using,
e.g., floating-gate (FG) devices (which feature a mechanism to change threshold voltages at run time)16;17.

Clever circuit designs —for example bandgap reference circuits, proportional to absolute temperature (PTAT)
compensation circuits—have long been used, without the need for device- or layout-level calibration, to achieve
robust analog performance in the face of variability and environmental changes. Such techniques have been based
on simple analytical models of device dependence on parameters; for example, the exponential dependence of
current through a PN junction on temperature. Developing similar simple models for (e.g.) novel nanodevices,
and using them to devise new circuit structures that are robust to variability/environmental changes is a necessary
direction for future efforts.

Another important direction for future investigation is the problem of probabilistic characterization of circuit
or system performances. Such characterization is crucial for assessing whether a circuit or system is capable of
operating robustly. For virtually all interesting or important analog circuits, the mapping from device parameters
to outputs/performances is strongly nonlinear, as well as dynamical. Currently, probabilistic analysis of linearized
approximations18 and brute-force Monte-Carlo methods19 constitute the mainstay of practically-useful methods.
Both approaches have significant shortcomings—e.g., in terms of accuracy/relevance for linearized analyses, and
computational cost for Monte-Carlo. Developing “smart” and effective analytical/computational methods for
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propagating probability distributions through nonlinear systems (defined by algebraic or differential equations)
can make a big improvement to the status quo.

Noise in Analog Systems. Noise, unlike variability, stems intrinsically from unpredictable fluctuations at the
atomic and molecular levels. One important intrinsic noise generation mechanism is thermal noise in conductors,
arising from thermodynamic fluctuations in the occupation of electronic states at any non-zero temperature.
Other important types of intrinsic noise include shot noise and flicker noise. Noise propagates through circuits
and systems and affects the fidelity of desired signals; in analog systems, the signal-to-noise ratio (SNR) is a
metric often used to assess fidelity.

As mentioned earlier, noise is modeled mathematically as stochastic processes, i.e., random variables that
are functions of time. Almost all intrinsic noise in circuit and system design is currently modeled as stationary
stochastic processes20, wherein noise statistics are invariant with respect to time shift. But if nonlinearities are
present, stationary noise models are valid only if the circuit or system’s deterministic operation (i.e. no voltages
or currents) does not change with time. However, analog systems in dynamical operation, in particular ones
performing computation, typically feature large changes with respect to time.

Unfortunately, (and in spite of thermal, shot, and flicker noise models having deep thermodynamic and
quantum-mechanical underpinnings21) existing macroscopic models tend to be valid only for the simple case of
no time-variations in the operation of the circuits and systems involved. Theory for understanding and modeling
noise generation in the presence of large-signal changes is lacking—particularly with respect to flicker noise and
nonlinear circuit effects.

Accounting for correlations between noise sources that are physically proximate at atomistic scales is also an
important aspect of noise generation models that needs more attention. To devise rigorous non-stationary noise
models, abstracting particle level approaches is one promising direction. For example, the Gillespie molecular-level
model of chemical reactions22 and its abstraction to macroscopic noise models in the Langevin equation is a
successful example of noise modeling and analysis that connects atomistic models of noise to system-level ones.
Such first-principles, bottom-up approaches hold promise for developing comprehensive, theoretically grounded
models of large signal noise suitable for system level analysis.

Developing first-principles, theory-based, noise models hand in hand with experimental measurements would
advance analog design significantly. Also, while stochastic analysis techniques exist for some special cases of
time-varying and nonlinear systems (periodic operation, cyclostationary23; oscillator phase noise24), the general
problem of stochastic characterization of noise propagation through nonlinear dynamical circuits and systems is
largely open theoretically, computationally, and practically. New mathematical techniques to quantify computa-
tional complexity under physical noise would be an important component of any unified mathematical framework
for analog computing.

Noise as a Computational Resource. Rather than merely combating noise in analog systems, emerging re-
search explores harnessing it as a computational resource, recognizing that noise can provide valuable functionality
in certain computational contexts.

Most conventional microelectronics is engineered to minimize noise at all scales, which is essential for de-
terministic calculations. However, many computational applications—including stochastic optimization, machine
learning, and Monte Carlo techniques—rely on sampling methods that could potentially leverage inherent physical
noise. These applications currently require the artificial reintroduction of randomness into deterministic systems
via pseudo-random number generators (PRNGs). While modern PRNGs are high quality, their repeated use
incurs significant computational overhead in applications requiring extensive sampling.

For this reason, in recent years, there has been renewed interest in hardware-based methods to enable prob-
abilistic computing. One such approach leverages fluctuating devices called p-bits25;26, essentially realizing the
simulated annealing algorithm27 using noisy analog hardware that samples a range of behavior. A variation
on p-bits leverages stochastic devices as a source of samples for statistical calculations, including probabilistic
neuromorphic algorithms28–30. Such true random number generator approaches have been explored in the past,
but these have now been achieved at large scales31 to generate non-uniform random samples32;33, producing
significant efficiency by moving complexity from other parts of the calculation into complex sampling schemes.
Noise sources based on specific statistics and annealing properties34 have been shown to be useful for solving
combinatorial optimization problems. Judicious amounts of noise have also been observed to lead to improved
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optimization in oscillator Ising machines35. However, mechanisms behind these improvements are poorly un-
derstood and developing a theoretical understanding how noise affects analog optimization schemes remains
essential.

2.3.2 Interfacing Analog and Digital Systems

Creating efficient, bidirectional interfaces between analog components and conventional digital systems is a
critical challenge that must be addressed to build practical, heterogeneous computing platforms. This challenge
appears in every application domain, from high-performance computing to edge sensing to natural computing
systems.

Specialized analog devices often outperform general-purpose digital systems in a single mathematical opera-
tion but are rarely capable of executing the complete set of algorithms required by an application, thus usually
requiring a digital interface. Unfortunately, analog-to-digital and digital-to-analog converters (ADC, DAC) can
introduce substantial energy, footprint, and latency overheads, potentially thwarting the benefits of analog ap-
proaches36. A key scientific challenge is how to effectively couple analog and digital signal processing with
minimal loss in energy and latency.

Addressing this challenge will require new innovations in how data is represented and manipulated, such as
digital transistors that are used to emulate analog hardware, analog devices which can be used in a digital fashion,
and more complex analog systems which incorporate a much wider range of computational abstractions. The
conversion costs between analog and digital domains must be carefully accounted for in any system-level analysis,
as these costs can dominate overall performance and energy consumption.

For optimal efficiency in analog design, it is preferable to minimize data conversions whenever possible. In-
domain computing approaches—such as all-optical processing or direct chemical computation—can avoid domain
conversion entirely, though they introduce their own integration challenges. The trade-off between conversion
overhead and the benefits of hybrid analog-digital approaches is highly application-dependent and represents an
active area of research.

2.3.3 Scalability and System Integration

Scaling analog computing systems from laboratory demonstrations to practical, large-scale implementations
presents fundamental challenges distinct from those encountered in digital systems. Unlike digital circuits where
identical components can be replicated with predictable behavior, analog systems face compounding effects
of device variability, parasitic capacitances, signal integrity issues, and interconnect complexity as system size
increases.

The connectivity required between analog components scales with system size, and layout complexity can
become a bottleneck. Analog systems’ sensitivity to device mismatches and limited dynamic range can degrade
accuracy as systems grow. Wire capacitance, resistance, and crosstalk become increasingly significant issues
in large arrays. Error propagation through multiple stages of analog computation can accumulate in ways that
fundamentally limit system size.

However, these constraints do not eliminate analog advantage—rather, they guide us toward problem classes
where analog excels: systems with sparse or structured connectivity, well-conditioned or noise-tolerant formula-
tions, and problems naturally expressed as continuous dynamics. Understanding and quantifying these scaling
limitations is essential for identifying appropriate application domains.

To assess scaling confidently requires understanding how a novel device fits into a larger system, how its
fabrication and performance depend on other parts of the hardware, and how interactions between distinct sub-
components occur during operation. In other words, for these novel computing devices to be useful, they need
to be abstractable, with models that enable the design of realistic systems that perform practically relevant
algorithms. This requires the design of devices with predictable performance at scale, in diverse systems, as well
as robust fabrication processes compatible with mainstream chip manufacturing37.

2.4 Cross-Cutting Methodologies

The preceding sections identified fundamental scientific challenges—noise, interfaces, programmability, and
scalability—that must be addressed for analog computing to realize its potential. Beyond understanding these
challenges, realizing practical analog computing systems requires methodological advances that span the entire
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technology stack. Three cross-cutting methodologies emerged as essential themes throughout the workshop:
co-design across hardware and software layers, hardware-aware algorithm development, and standardized bench-
marking frameworks. These methodologies, detailed comprehensively in PRD 6, provide the integrated approach
needed to translate analog computing research into deployable systems.

2.4.1 Hardware-Software Co-Design Principles

Hardware-software co-design has been successfully deployed by the U.S. DOE to enhance software and hardware
in leadership-class HPC systems9;38. Recent exascale computing initiatives—including HPE’s Aurora, Frontier,
and El Capitan—demonstrate the efficacy of co-design by enabling mission-relevant capabilities through close
collaboration with system vendors. Analog systems can benefit significantly from this form of co-design, which
enables specialization of the hardware and allows practitioners to pursue designs with increased resource-efficiency
and fidelity, at the cost of generality.

Analog systems are fundamentally different from digital systems, requiring a new generation of co-design
tools that can simultaneously optimize across all system levels, from basic materials to high-level algorithms.
These methods need to be adaptable to various existing and emerging analog computing approaches while also
seamlessly integrating with digital systems. The tools must allow flexible exploration of system configurations,
be reusable across projects, and include safeguards to prevent improper applications of models.

The conventional approach to developing complete analog computing systems has often been highly serialized,
with device designers, circuit architects, and software developers working in isolation. This can take many years, if
not decades, for a device technology to eventually make its way into a commercially viable end system. Full-stack
co-design requires researchers to be able to work across multiple stack layers and communicate with colleagues
at distant layers of the analog computing stack.

Key co-design principles that apply across all PRDs include:

• Simultaneous optimization: Hardware, software, and algorithms should be designed together, not sequen-
tially

• Hardware-aware algorithms: Computation should be adapted to leverage analog hardware characteristics
while compensating for non-idealities

• Abstraction and modularity: Design layers should be connected through well-defined abstractions that enable
independent evolution

• End-to-end evaluation: System performance should be assessed from application workload to physical im-
plementation

• Iterative refinement: Co-design is an iterative process requiring tools for rapid prototyping and evaluation

These co-design principles are elaborated in detail in PRD 6, which provides comprehensive methodologies,
tools, and frameworks for implementing co-design across the full stack from materials to applications.

2.4.2 Hardware-Aware Algorithm Development

Designing algorithms specifically for analog hardware can enable faster, more energy-efficient computing by
leveraging continuous signals, natural parallelism, and inherent nonlinearity. Rather than imposing a digital
design approach on a continuous platform, hardware-aware algorithm development integrates both hardware and
software considerations to align each with the underlying physics of analog devices.

Traditional algorithms are designed with assumptions of perfect precision, deterministic behavior, and discrete
state spaces—assumptions that do not hold for analog systems. Hardware-aware algorithms must:

• Tolerate imprecision: Account for limited precision and dynamic range

• Exploit physical properties: Leverage natural dynamics, parallelism, and continuous-time operation

• Compensate for non-idealities: Include calibration, error correction, and adaptive techniques

• Optimize for energy: Minimize conversions between analog and digital domains

• Match problem structure: Align computational structure with hardware capabilities

Examples of hardware-aware algorithms include gain compensation techniques in neural networks implemented
on analog crossbars, stochastic optimization algorithms that exploit device noise, and numerical methods designed
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for the unique error characteristics of analog differential equation solvers.

2.4.3 Benchmarking and Evaluation Frameworks

Effective engineering relies on the ability to compare competing designs on well-defined benchmark problems. For
digital systems, benchmarks such as Standard Performance Evaluation Corporation (SPEC), High-Performance
Linpack (HPL), and MLPerf have helped focus research efforts and enable comparisons between disparate archi-
tectures and systems. Analog computing requires similar standardized evaluation frameworks, but with metrics
appropriate to continuous computation.

Key challenges in analog benchmarking include:

• Diverse performance metrics: Energy efficiency, latency, throughput, accuracy, and area efficiency must all
be considered

• Application-specific trade-offs: The optimal design point varies significantly with application

• Lack of standard problems: Different researchers select different benchmark problems, complicating com-
parisons

• Simulation vs. hardware: Benchmark performance often relies on specific device behaviors that may be
unavailable to other researchers

Developing community-driven benchmarks and standardized evaluation methodologies is essential for assess-
ing progress and guiding future investments in analog computing. This includes defining representative workloads,
standardized metrics, reference implementations, and accessible hardware platforms for validation. The bench-
marking challenge is addressed comprehensively in PRD 6, Section 8.4.5.

2.5 Manufacturing, Characterization, and Metrology

Translating promising analog devices and circuits into deployable systems depends on a coherent, cross-cutting
program in manufacturing, characterization, and metrology. Today, variability and limited process portability
impede confident scaling from laboratory prototypes to large systems. A unified roadmap avoids duplicated effort
across PRDs by defining common protocols, shared infrastructure, and clear maturity targets that device, system,
and application teams can jointly drive toward.

Scope and Objectives. This cross-PRD effort focuses on: (1) establishing reproducible, CMOS-compatible
process flows and process design kits (PDKs); (2) building standardized characterization and metrology that
deliver statistical device and circuit models usable by designers; (3) quantifying reliability through accelerated
life testing and drift/noise characterization; and (4) defining maturity milestones aligned with system scale-up.
These needs were identified across PRDs and the broader community37;39.

Process and PDK Foundations.

• CMOS compatibility and integration: Define minimal-complexity add-on modules for novel devices that
preserve back-end compatibility (e.g., copper interconnect), enable monolithic 3D stacking where beneficial,
and articulate design rule check (DRC)/layout versus schematic (LVS) rules suitable for foundry transfer.

• Statistical PDK content: Provide compact models with mismatch, variability, and aging parameters; process
corners; and yield-aware abstractions consumable by circuit/system tools. Short-term targets: <10% device-
to-device variability; long-term: <5% for high-volume manufacturing.

• Multi-lab reproducibility: Standardize key steps and witness structures to enable direct replication across
sites with quantified process windows.

Characterization and Metrology.

• Standard protocols: Define shared test methods for I-V dynamics, noise spectra, programming linearity,
retention/drift, endurance, and temperature dependence; publish reporting formats and confidence intervals
enabling cross-technology comparison.

• Test structures and fixtures: Curate a community set of on-wafer structures and packaged vehicles for high-
throughput statistical testing and accelerated stress, including interfaces for hybrid analog-digital evaluation.

• From device to circuit statistics: Translate device distributions into circuit- and block-level statistical
models (including mismatch and temporal noise) suitable for Monte Carlo and uncertainty propagation in
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system simulations.

Standardized evaluation complements these activities through shared metrics and benchmarks; see Sections 2.4.3
and 2.4.1 for evaluation frameworks and co-design integration.

Reliability and Maturity Metrics.

• Accelerated reliability: Establish accelerated stress protocols (temperature, voltage, cycling) and physics-
informed extrapolation to mission profiles relevant to HPC facilities and fielded edge systems.

• Maturity ladder: Define stage gates from Lab Prototype → Replicable Process + PDK → Pilot Manufactur-
ing with Statistics → high-volume manufacturing (HVM)-ready ; illustrative thresholds for the terminal stage
include < 5% device-to-device variability, scalability to 106+ devices per system, full-stack statistical design
flows, and reliability sign-off tied to DOE deployment environments.

• System-relevant KPIs: Couple metrology to system KPIs (effective precision, SNR, calibration overhead,
energy-per-op including interface costs) so that process decisions map to application value.

Coordination with PRDs.

• PRD 2 (High-Performance Computing): Addresses HPC-specific manufacturing challenges—wafer-scale
economics (1000+ wafers), mask-set cost amortization through reconfigurability, monolithic 3D integration
for 10–100× density improvements, system-scale yield modeling for 100,000-element systems, and calibra-
tion/runtime metrology tied to effective precision. Adopts process/PDK foundations and statistical models
from this section.

• PRD 3 (Device Primitives): Develops device physics understanding of modality-specific fabrication challenges—
physical mechanisms governing variability in memristive, phase-change, electrochemical, and spin-based de-
vices. Provides physics-informed fabrication strategies and device-specific characterization templates that
instantiate the cross-cutting protocols defined here. Owns compact modeling frameworks integrating these
physics into circuit-level abstractions.

• PRD 5 (Natural Computing): Extends standardized characterization and benchmarking patterns to bio-
chemical and physical substrates; develops modality-appropriate assays, biosafety protocols, and reproducibility
standards analogous to those defined here while avoiding re-specification of core manufacturing frameworks.

2.6 State of the Art in Analog Computing

Analog computing has experienced renewed interest in recent years, driven by advances in device technology,
improved understanding of analog computation theory, and the pressing need for energy-efficient alternatives to
digital computing. Current state-of-the-art demonstrations span multiple domains:

Analog Neural Networks and Machine Learning. The intersection of analog computing and AI represents
one of the most active research areas, driven by the energy crisis in AI deployment and the natural alignment
between neural network operations and analog hardware. In-memory computing using analog crossbar arrays
has demonstrated significant energy-efficiency improvements for neural network inference40, with commercial
efforts (e.g., Mythic AI, Analog Inference) showing practical implementations of analog machine learning (ML)
accelerators. Recent work has demonstrated unified platforms addressing both AI inference and combinatorial
optimization: an analog optical computer (AOC) that achieves a projected efficiency of 500 TOPS/W (over 100×
more efficient than leading GPUs) by eliminating analog-digital conversions through fixed-point searches in the
analog domain has been introduced7. For LLMs specifically, it has been demonstrated8 that mixture-of-experts
architectures deployed on 3D non-volatile memory (NVM)-based analog in-memory computing can substantially
reduce inference costs, leveraging conditional computing to address parameter-fetching bottlenecks.

Reconfigurable Analog Platforms. Field-programmable analog arrays (FPAAs) provide reconfigurable plat-
forms for rapid prototyping and deployment of analog signal processing systems. Large-scale FPAAs with hundreds
of thousands of programmable elements enable sophisticated analog computations while maintaining flexibility
comparable to field-programmable gate arrays (FPGAs) in the digital domain. These platforms have demonstrated
applications in edge computing, sensor processing, and adaptive signal processing41;42.

Photonic and Optical Computing. Photonic integrated circuits enable analog computation at the speed of
light with exceptional energy efficiency for specific operations. Coherent optical systems have demonstrated
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matrix-vector multiplication and neural network inference with bandwidths exceeding electronic implementa-
tions43. Optical Ising machines and photonic tensor cores show promise for optimization and machine learning
applications44;45, though challenges remain in integration, reconfigurability, and interfacing with electronic sys-
tems.

Superconducting Analog Computing. Superconducting circuits operating at cryogenic temperatures offer
unique advantages for analog computation, including extremely low energy dissipation and fast switching speeds.
Josephson junction-based circuits demonstrate potential for high-speed signal processing and neuromorphic com-
puting46. While requiring cryogenic infrastructure limits deployment, superconducting approaches may be valu-
able for specific high-performance computing applications where cooling overhead is acceptable.

Physics-Based and Neuromorphic Computing. Coherent Ising machines, oscillator networks, and other
physics-based computing approaches have demonstrated solutions to optimization problems with thousands of
variables44;47;48. Neuromorphic systems such as Intel’s Loihi49 and IBM’s TrueNorth50 explore brain-inspired
architectures, though most current implementations use digital circuits. Analog neuromorphic approaches promise
greater efficiency but face challenges in connectivity and fan-out.

Biological and Chemical Computing. Deoxyribonucleic Acid (DNA)-based computation has achieved proof-
of-concept demonstrations of neural networks, oscillators, and pattern recognition51;52. Synthetic biology ap-
proaches have implemented analog control systems and logic gates in living cells. While these approaches remain
largely at the research stage, they demonstrate the feasibility of computation in molecular substrates53.

Hybrid Analog-Digital Systems. Commercial analog-digital hybrid systems are deployed in applications rang-
ing from sensor interfaces to power management13. The trend toward heterogeneous computing platforms creates
opportunities for analog accelerators integrated with conventional processors9;38. However, interface costs remain
a significant challenge that limits the broader adoption of analog approaches54;55.

Despite these advances, significant gaps remain between laboratory demonstrations and practical, scalable
analog computing systems suitable for DOE mission applications. The following Priority Research Directions
identify the key challenges and opportunities for advancing analog computing from current capabilities toward
transformative impact in scientific computing.

2.7 Relative Research Maturity Across Priority Research Directions

To assess research priorities and guide strategic investment decisions, we conducted a systematic evaluation of
scientific maturity across all six PRDs. The assessment examines seven fundamental capability dimensions—
theoretical foundations, computational tools, hardware demonstrations, performance characterization, noise and
error management, system integration, and manufacturing—using the following five-level scale:

• Level 1 (Exploratory): Fundamental concepts emerging with major gaps; research questions forming

• Level 2 (Foundational): Basic principles established; significant challenges remain

• Level 3 (Established): Validated models with reproducible results; community adoption beginning

• Level 4 (Validated): Robust DOE-scale performance; transition pathways clear

• Level 5 (Research-Mature): Comprehensive understanding; ready for applied research and development
(R&D) transition

Each rating reflects expert judgment informed by the state-of-the-art analyses in Sections 3–8, and should
be read as a relative indicator rather than an absolute technology readiness assessment.

As shown in Figure 3, the evaluation reveals coherent maturity progression aligned with PRD roles and tech-
nology readiness. The entire portfolio resides at Levels 1–3, reflecting the early-stage nature of analog computing
as a field with clear pathways toward higher maturity rather than near-term deployment technology. Founda-
tional PRDs (PRD 1: Mathematical Foundations, PRD 3: Device Primitives) establish theoretical frameworks
and hardware substrates at Level 1–2, providing the basis for application domains. Application PRDs leverage
these foundations with varying maturity: PRD 2 (High-Performance Computing) and PRD 4 (Edge Computing)
achieve Level 2–3 by building on CMOS-compatible approaches with commercial validation; PRD 5 (Natural
Computing) remains at Level 1–2, reflecting fundamental challenges in novel biological and chemical substrates.
Cross-cutting PRD 6 (Co-Design) enables integration across all domains but shows tool infrastructure gaps (Level
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1) that limit broader accessibility.

The matrix highlights cross-cutting patterns in the field’s current state. Common capability gaps span all
PRDs: computational tools infrastructure (Level 1–2) represents a critical bottleneck requiring coordinated de-
velopment; system integration (Level 1–2) remains a research frontier with multi-scale challenges; manufacturing
reproducibility varies widely from exploratory demonstrations (Level 1) to commercial deployment (Level 3). Con-
versely, bright spots demonstrate field vibrancy: hardware demonstrations reach Level 3 across five of six PRDs
with both commercial products and DOE instrumentation deployed; PRD 2 achieves Level 3 theory for specific
validated paradigms; noise management shows uniform foundational progress (Level 2) across all approaches.
These patterns are consistent with the shared scientific challenges (Section 2.3), cross-cutting methodologies
(Section 2.4), and manufacturing priorities (Section 2.5) discussed in preceding sections.

Foundational Application Domains Cross-cut
PRD1 PRD3 PRD2 PRD4 PRD5 PRD6

Theoretical
Foundations

Computational
Tools & Software

Hardware
Demonstrations

Perf. Characterization
& Benchmarks

Noise &
Error Management

System
Integration

Manufacturing &
Process Control

Math Devices HPC Edge Natural Co-Design

2 2 3 2 2 2

2 2 2 2 1 1

— 3 3 3 2 3

2 2 2 2 1 2

2 2 2 2 2 2

2 2 2 2 1 2

1 1 2 3 1 2

Figure 3: Relative research maturity matrix for the six PRDs across seven capability dimensions, using the five-level scale
defined above. Heatmap shows Foundational PRDs (Math, Devices) at Level 1–2 providing theoretical and hardware
bases, Application PRDs (HPC, Edge, Natural) at Level 2–3 building on these foundations, and Cross-cutting Co-Design
enabling integration. Key patterns: computational tools (Level 1–2) represent common bottleneck across all PRDs; hardware
demonstrations (Level 2–3) are ahead of manufacturing readiness (Level 1–3); noise management shows uniform foundational
progress (Level 2); system integration (Level 1–2) remains frontier challenge.
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3 PRD 1: Mathematical Foundations of Analog Computing

3.1 Introduction and Vision

Analog computation represents a fundamentally different computational paradigm offering critical advantages
for specific tasks. While concrete physical devices (PRDs 2–6) provide crucial proof-of-principle demonstrations,
these advances must be coupled with rigorous mathematical frameworks to unlock analog computation’s full
potential and enable predictable, scalable implementations. Mathematical theory guides hardware development,
defines fundamental limits, characterizes complexity classes, and enables principled algorithm design.

This PRD establishes cross-cutting theoretical foundations that underpin the domain-specific PRDs and are
concretely instantiated in each: high-performance analog computing (PRD 2), edge and in-sensor computing
(PRD 4), device primitives and materials (PRD 3), co-design and toolchains (PRD 6), and natural and bio-
inspired computing (PRD 5).

Key Research Questions: What are the canonical models of analog computation, and can we establish com-
pleteness results analogous to Boolean circuit completeness? Where does analog computation provide provable
advantages with rigorous characterization of problem classes showing asymptotic speedups? How do physical
constraints (noise, precision, energy) affect computational power and complexity? Can continuous methods
illuminate discrete problems, revealing hidden structure in combinatorial problems and enabling novel hybrid
algorithms?

Vision: Establish comprehensive mathematical foundations for analog computation through: (1) rigorous
theoretical framework with completeness proofs, complexity classes, and formal models guiding hardware devel-
opment (PRDs 2–6); (2) validated predictive models for noise, variability, and precision enabling reliable algorithm
design; (3) principled algorithm design methodologies exploiting analog-specific advantages while managing phys-
ical constraints; (4) rigorously characterized problem classes where analog provides demonstrable advantages; and
(5) widely accepted frameworks, verification methods, and community standards adopted across research insti-
tutions and industry.

3.2 Goals and Desired Outcomes

Establishing rigorous mathematical foundations is essential to transform analog computing from empirical demon-
strations to principled engineering practice. Main research needs follow.

• Canonical models and complexity theory: Establish formal canonical models with completeness proofs for
major analog computation approaches (dynamics-based ordinary differential equation (ODE)/PDE systems,
optimization-based frameworks, stochastic/probabilistic methods) and develop rigorous complexity-theoretic
framework characterizing computational classes naturally suited to analog hardware. Identify minimal complete
primitive sets to guide hardware implementation.

• Analog advantage characterization: Establish rigorous asymptotic speedup theorems for problem classes
where analog computation demonstrates theoretical advantage, while identifying fundamental limits clarifying
where analog methods cannot compete with digital approaches.

• Precision and noise theory: Formalize relationships between numerical precision, noise characteristics, and
algorithmic convergence for analog systems, developing analog numerical analysis that accounts for unique
error modes and noise-aware optimization frameworks.

• Theory-hardware co-development: Establish iterative co-development cycle where theoretical predictions
guide hardware experiments on analog platforms (PRDs 2–6) while hardware insights drive theoretical ad-
vances, enabling parallel progress in both domains. This bidirectional feedback accelerates both mathematical
foundations and practical implementations while building research community adoption.

• Unified Mathematical Framework: Develop comprehensive mathematical framework unifying diverse analog
computation paradigms, clarifying relationships between dynamics-based, optimization-based, and stochastic
approaches while establishing bridges to digital complexity theory.

• Algorithm Design Principles: Establish principled approaches to algorithm design that exploit analog-specific
capabilities (continuous-time operation, natural parallelism, physical dynamics) while managing constraints,
enabling systematic development of noise-aware optimization algorithms that leverage stochastic dynamics as
both constraint and resource.
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• Cross-Domain Validation and Adoption: Demonstrate mathematical foundations enabling applications
across scientific domains with theory-driven algorithm development validated experimentally, while establishing
community-accepted standards for theoretical analysis, verification methods, and educational resources that
make the field broadly accessible.

3.3 State of the Art

Fragmented Theoretical Landscape: Unlike digital computation’s unified framework (Turing machines, Boolean
circuits, random access memory (RAM) models with well-understood equivalences), analog computation lacks
canonical models with proven completeness results. Shannon’s foundational work56 on polynomial ODEs and
recent extensions57;58 provide important starting points, but comprehensive theory remains underdeveloped com-
pared to digital foundations from the 1960s–1970s. The contrast with digital theory is stark: Post’s lattice59

exactly enumerates the closed classes of Boolean functions, providing a complete mathematical taxonomy for
digital circuits, while no similar comprehensive understanding exists for function classes relevant to analog com-
putation. Initial efforts in analog abstraction60 provide starting points, but developing analogous theoretical
frameworks for analog function classes represents a fundamental research need. However, unlike the sequential
development path that digital computing followed, modern capabilities—automated theorem proving, symbolic
computation systems, machine learning-driven mathematical discovery, and validated simulation frameworks—
enable parallel co-development of theory and hardware, with each informing and accelerating the other. This
synergy, combined with lessons learned from 75 years of digital computing, can dramatically compress the timeline
from foundational theory to practical deployment.

Incomplete Noise Theory: While fundamental noise mechanisms are understood (Section 2.3.1), mathe-
matical theory for non-stationary operation—critical for analog computing systems with large signal variations—
remains incomplete. Existing models primarily address stationary conditions, limiting predictive power for dy-
namical computation.

Uncharacterized Advantage Domains: Despite promising examples (chaotic systems, stiff ODEs, well-
conditioned linear systems), rigorous mathematical characterization of where analog computation provides asymp-
totic advantages remains incomplete. The lack of a complexity-theoretic framework hinders systematic identifi-
cation of suitable problem classes.

Limited Algorithm Design Principles: Algorithm development for analog systems remains largely ad hoc;
systematic design methodologies that account for analog-specific capabilities (continuous-time, natural dynamics)
and constraints (noise, variability) from first principles are absent.

Theory-Hardware Gap: Bidirectional feedback between mathematical theory and hardware implementa-
tion (PRDs 2–6) remains insufficient: theoretical advances often lack experimental validation, while hardware
innovations proceed without rigorous mathematical foundations.

3.4 Research Directions

Three interdependent research directions structure this PRD, as illustrated in Figure 4. Canonical models and
complexity theory establish the formal foundations; analog advantage characterization and algorithm design
identify where and how those foundations translate into computational gains; and noise, precision, and physical
constraints theory defines the physical envelope within which both operate—feeding back to shape the models
and motivate the algorithms above.

3.4.1 Canonical Models, Completeness, and Complexity Theory

Digital computation’s exponential growth from the 1970s to early 2010s was enabled by strong theoretical
foundations. Turing machines, Boolean circuits, and RAM models serve as well-established canonical models
with understood connections. Critically, completeness results guide hardware: since NOT-OR (NOR) gates are
complete for Boolean circuits, one need only build NOR gates and compose them to realize arbitrary circuits—a
principle demonstrated by the Apollo Guidance Computer’s all-NOR CPU61. Analog computation lacks such
canonical models and completeness understanding, hindering systematic hardware development.

Research objectives center on establishing canonical models for major analog computation paradigms, with
rigorous completeness proofs:

Dynamics-based models: Shannon’s foundational result56 showed polynomial ODEs (adders, multipliers,
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Canonical Models, Completeness & Complexity Theory

What can analog systems compute? What are the
fundamental complexity classes and completeness results?

Analog Advantage: Characterization & Algorithm Design

When do analog systems outperform digital? How
do we design algorithms that exploit this advantage?

Noise, Precision & Physical Constraints in Computation

How do physical imperfections bound computability, preci-
sion, and efficiency? When can noise serve as a resource?
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Figure 4: Overview of the three research directions in PRD 1. Arrows indicate the primary relationships between directions:
canonical models shape the space of algorithmic inquiry, algorithm design informs which models warrant formalisation, noise
and precision theory motivates new algorithmic strategies, and in turn algorithmic requirements constrain what physical
realisations must achieve.

integrators, constants) generate a broad function class. Systematize implementation methods across mechanics,
electronics, chemical reaction networks62, and other physical domains. Extend to differential-algebraic equations
(DAEs) modeling complex circuits (Simulation Program with Integrated Circuit Emphasis (SPICE)-like systems).

Optimization-based models: For discrete problems, examples include Hopfield networks63, ODE-based Boolean
satisfiability (SAT) solvers64, and analog Ising machines65 with applications spanning graph-based problems, re-
source allocation, and configuration space exploration. For continuous problems, gradient-based analog methods
address PDE-constrained optimization and optimal control challenges. Characterize when global minima appear
as attractive fixed points through arithmetization and Lyapunov function methods, and establish when continuous
relaxations of discrete problems enable tractable analog solutions.

Stochastic models: Develop completeness theory for probabilistic analog computation, including noise-
enhanced optimization and sampling methods.

Complexity-theoretic framework: Develop complexity-theoretic framework defining analog complexity classes
comparable to digital counterparts (P, nondeterministic polynomial time (NP), etc.). Build on recent work
bridging analog dynamics and Turing machines57;58, where polynomial time is preserved when measuring time as
trajectory curve length. Extend these results to broader paradigms.

Semantic foundations for representation: Define formal semantics, correctness criteria, and verification frame-
works that inform the design of analog intermediate representations and compilers (developed in PRD 6), ensuring
that abstraction layers preserve meaning between high-level algorithms and physical hardware implementations.

Mathematical characterization of analog advantage: Establish mathematical frameworks characterizing when
analog systems are fundamentally difficult to simulate digitally, including systems with unbounded deriva-
tives, chaotic dynamics with positive Lyapunov exponents, and high-condition-number matrix problems where
continuous-time evolution provides inherent advantages.

Computational capacity characterization: Characterize computational capacity including physical resources:
integration time, detector response time, experimental trials/repetitions, number of computational elements,
total energy consumption.

Formal model connections: Establish formal connections between analog models, demonstrating equivalences
or proving separations. Clarify when different physical implementations realize equivalent computational models.

Research in this area may lead to completeness proofs identifying minimal primitive sets for major analog
paradigms directly guiding hardware development (PRDs 2–6), with rigorous complexity classes and proven
relationships to digital classes. These results will also include a formal framework enabling systematic comparison
of analog approaches and principled design choices, as well as publications establishing foundational results
accepted by the theoretical computer science community.
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3.4.2 Analog Advantage: Rigorous Characterization and Algorithm Design

While promising examples suggest analog advantages (chaotic systems, stiff ODEs, well-conditioned linear sys-
tems), rigorous characterization of where analog computation provides asymptotic speedups remains incomplete.
Digital numerical analysis has 50+ years of mature theory66, yet finite precision errors remain surprisingly prob-
lematic67, with extreme examples showing complex computation possible in rounding errors alone68. Analog
numerical analysis—the systematic study of analog system behavior under noise, drift, variability, and finite
precision—is only now emerging67. We must rigorously identify analog advantage domains while clarifying fun-
damental limits.

Research objectives address developing an analog numerical analysis framework that creates systematic the-
ory for analog algorithm analysis, accounting for unique error modes (parameter variability, noise, drift) while
exploiting advantages (continuous-time operation, absence of discretization error in accumulations). Research
must formalize advantages for chaotic/stiff systems where digital methods face fundamental barriers: for chaotic
systems with Lyapunov exponent λ, digital integration requires step count N(T ) ∼ T · (δ−1

maxe
λT )1/p growing

exponentially, while analog continuous-time emulators avoid discretization enabling real-time trajectory evolu-
tion. Research must establish rigorous speedup results for well-conditioned linear systems via analog solution with
O(Nκ(A)) time scaling versus digital O(N2.3)–O(N3). Research must identify noise-tolerant applications (e.g.,
preconditioners for iterative solvers69–71) where approximate analog solutions accelerate digital convergence.
Continuous-time analog formulations that reveal hidden structure in discrete problems—SAT arithmetization,
Ising machines—introducing gradient information and energy landscapes absent in discrete formulations64;65;65,
must be investigated. Theory explaining when and why hybrid approaches combining periodic digitization35

outperform pure discrete or pure continuous methods must be developed. Research must establish systematic
methodologies for designing algorithms that exploit analog capabilities (natural parallelism, physical dynamics,
continuous time) while managing constraints (noise, precision limits, connectivity).

Research in this area may lead to rigorous asymptotic speedup theorems for problem classes with proven
analog advantages, with the analog numerical analysis framework adopted as a standard for algorithm design.
These results will also include identified problem domains where analog serves as a powerful accelerator in
hybrid architectures, novel algorithms with improved scaling bounds, and a mathematical understanding of the
discrete-continuous interplay.

3.4.3 Noise, Precision, and Physical Constraints in Computation

Device mismatch, parameter variability, environmental effects, and noise fundamentally constrain analog com-
puting. Existing models address stationary conditions; dynamical computation requires non-stationary theory.
Paradoxically, noise can be a computational resource (p-bits, stochastic devices, probabilistic computing from
Section 2.3.1), but how and why noise improves performance remains poorly understood. Rigorous mathematical
frameworks are essential for predicting system behavior and enabling reliable algorithm design.

Research objectives address developing rigorous noise models for dynamical operation with large time-
variations, extending understanding of flicker noise and nonlinear circuit effects in non-stationary regimes. Re-
search must account for correlations between physically proximate noise sources at atomistic scales using first-
principles bottom-up approaches (e.g., extending Gillespie-type stochastic models to analog circuits) coupled with
experimental validation. Research must formalize relationships between numerical precision, noise characteristics
(thermal, shot, flicker), and algorithmic convergence, developing theory predicting when analog’s intermedi-
ate numerical accuracy advantages (no quantization in accumulations) outweigh susceptibility to environmental
fluctuations and component mismatch (discussed in Section 2.3.1). Research must develop mathematical under-
standing of noise-enhanced optimization and sampling, explaining mechanisms behind observed improvements in
Ising machines and optimization hardware. Rigorous frameworks guiding when to exploit noise versus when to
suppress it must be created, enabling principled noise-aware algorithm design. Research must develop mathemat-
ical techniques quantifying computational complexity accounting for physical noise, energy constraints, and finite
precision. Building on Section 2.3.1, research must develop probabilistic characterization methods for circuit
performance, analytical models for device dependencies, and computational methods for propagating probability
distributions through nonlinear dynamical systems.

Research in this area may lead to validated non-stationary noise models enabling accurate prediction of analog
computing system behavior, with theory-driven design principles for noise-tolerant algorithms experimentally
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validated on platforms from PRDs 2–6. These results will also include mathematical frameworks explaining
noise as a computational resource with complexity-theory extensions accounting for physical constraints, and
probabilistic design methodologies for managing variability in large-scale analog systems.

3.5 Key Takeaways

Mathematical foundations are essential for transforming analog computation from promising demonstrations into
a predictable, scalable computational paradigm.

• Canonical Models and Complexity Theory: Completeness proofs identifying minimal primitive sets will
guide systematic hardware development, while formal complexity frameworks will characterize where analog
computation provides provable advantages—establishing analog computation as a rigorous discipline compa-
rable to digital theory.

• Analog Numerical Analysis: Non-stationary noise models, precision-convergence relationships, and frame-
works for noise exploitation will enable reliable algorithm design and predictive optimization, forming a new
subdiscipline extending classical numerical analysis to analog-specific error modes.

• Theory-Practice Co-Development: Parallel, iterative development where mathematical theory and experi-
mental validation across PRDs 2–6 inform each other will accelerate both theoretical advances and hardware
innovation, avoiding sequential dependency bottlenecks.

• Hybrid Computing: Understanding continuous-discrete interplay will unlock novel algorithms exploiting
strengths of both paradigms, with mathematical frameworks guiding optimal partitioning between analog
accelerators and digital precision.

• Cross-PRD Enablement: Mathematical foundations underpin all other PRDs: guiding high-performance
architectures (PRD 2), providing validated device models (PRD 3), establishing theoretical limits for edge
computing (PRD 4), formalizing natural computing paradigms (PRD 5), and informing co-design methodolo-
gies (PRD 6).
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4 PRD 2: Building High-Performance Analog Supercomputing Systems

4.1 Introduction and Vision

While analog computing has demonstrated remarkable energy efficiency in edge applications (PRD 4), large-scale
analog supercomputing remains largely unexplored. The first practical supercomputers were analog computers
designed to solve differential equations14;15. Today’s analog architectures can leverage these advantages for DOE
science applications requiring the continuous dynamics and computational complexity of PDEs, fluid dynamics,
geophysical and subsurface simulation, and combustion—precisely where analog’s 100–1000× energy efficiency
gains are most impactful.

Key Research Questions: How can we develop large-scale analog HPC systems (100,000+ computational
elements) that achieve 100–1000× energy efficiency improvements for DOE science applications while maintaining
sufficient numerical accuracy (8–12 bit effective precision)? How do we architect analog systems beyond simple
mesh/crossbar structures to support the diverse computational patterns required for PDEs, fluid dynamics,
and complex simulations? What design automation tools and manufacturing approaches enable cost-effective
deployment of reconfigurable analog HPC platforms at DOE facilities?

Vision: Establish analog computing as a legitimate HPC paradigm through: (1) demonstrating 100,000-
element systems achieving 100–1000× energy efficiency improvements for DOE applications (fluid dynamics, PDE
solving, combustion and other multi-physics simulations), (2) developing architectures beyond VMM/crossbar
approaches that minimize peripheral ADC/DAC overhead and support diverse computation patterns including
hierarchical tree structures and distributed processing, (3) creating field-programmable analog platforms (FPAAs
with 10,000+ elements) enabling multiple applications on shared infrastructure with design automation tools
reducing configuration time from weeks to hours, (4) establishing validated manufacturing processes for FG-
based analog computing in advanced CMOS nodes (16nm and smaller) with monolithic 3D integration achieving
10–100× density improvements, and (5) validating continuous-time analog computation for extended simulations
(50–100-year equivalent timescales) with sustained 50–80 dB SNR performance at system level.

4.2 Goals and Desired Outcomes

Realizing analog computing’s potential for high-performance scientific computing requires scalable architectures,
programmable platforms, and mature manufacturing ecosystems. Main research needs follow.

• Scalable Analog Architectures: Develop 100–1000 node analog testbeds for scientific computing (PDE solv-
ing, continuous dynamics) demonstrating energy efficiency improvements over digital baselines with validated
numerical accuracy and 50–100× accelerated timescale capabilities. Progress toward reconfigurable platforms
with 1,000–10,000 programmable elements as foundations for larger-scale deployment.

• Programmable Platform Development: Establish FPAA-based reconfigurable HPC platforms (1,000+ pro-
grammable elements) achieving 14-bit effective precision through FG programming and mismatch compensa-
tion, with design automation tools reducing configuration time from weeks to hours.

• Manufacturing, Characterization, and Metrology: Coordinate with the cross-cutting roadmap in Sec-
tion 2.5 to secure CMOS-compatible processes and statistical PDKs; emphasize HPC-specific characterization
needs (runtime calibration for large-scale systems, system-level SNR measurement, accelerated aging proto-
cols) distinct from device-level characterization in PRD 3. Focus on advanced-node integration (28/16nm),
monolithic 3D for density, and calibration/runtime metrology tied to effective precision and system SNR.

• Application Validation: Demonstrate 1000× acceleration factors for target DOE applications through com-
prehensive benchmarking quantifying energy-performance tradeoffs at 100kW system scale.

• Large-Scale Deployment: Deploy 100,000-element analog HPC systems at DOE facilities integrated with
conventional digital infrastructure, achieving sustained 8–12 bit effective precision (50–80 dB SNR) main-
tained across extended multi-hour to multi-day computations. This long-term goal builds on intermediate
demonstrations at progressively larger scales.

• Advanced Manufacturing: Mature to production-ready ecosystems with HVM-capable variability (< 5%)
and widely accessible PDKs at 16nm and smaller, with validated monolithic 3D integration for analog signal
paths to meet HPC density/performance targets (see Section 2.5).

• Distributed Computing Frameworks: Develop asynchronous distributed analog computation frameworks

23



2024 Analog Computing for Science Workshop PRD 2: High-Performance Computing

supporting 10,000+ node systems with validated problem partitioning strategies and systematic approaches
to hybrid analog-digital integration.

• Domain Characterization: Clearly identify application domains achieving 1000×+ analog advantage through
comprehensive benchmarking against digital HPC, establishing validated performance models and deployment
guidelines.

4.3 State of the Art

Analog computing foundations for HPC-scale systems build on existing demonstrations and infrastructure.
Smaller-scale systems are commercially deployed (Mythic AI, Analog Inference) and demonstrated at research
scale. Critically, no dedicated analog fabrication facility is required—FG devices integrate with standard CMOS
processes, with industry foundry partnerships planned to enable university and DOE lab access to existing semi-
conductor infrastructure. However, significant challenges remain: advanced-node PDK access is expensive and
limited, monolithic 3D integration for density improvements requires validation of analog signal integrity, and
wafer-scale economics for large builds (1000+ wafers) are uncertain. Cost mitigation strategies through recon-
figurable platforms, mask-cost amortization, and 3D integration approaches are addressed in dedicated research
directions within this PRD. Additional scaling, integration, and validation challenges prevent deployment of
large-scale HPC analog systems (100,000+ elements):

Architectural Constraints Beyond Mesh: Current analog computing heavily emphasizes compute in mem-
ory (CiM) and crossbar/mesh architectures optimized for VMM operations. While these architectures achieve high
efficiency for specific operations, many scientific computing applications require richer computational patterns
(hierarchical tree structures, distributed graph algorithms, dendrite-like computations) that break the classical
mesh approach. Peripheral ADC/DAC conversion costs dramatically limit overall speed and efficiency when
crossbars are used as digital coprocessors, negating analog advantages. See Section 2.3.2 for interface chal-
lenges. Recent demonstrations7 of an AOC eliminating digital conversions through fixed-point searches achieved
500 TOPS/W efficiency (over 100× better than GPUs) for systems with up to 4,096 weights, but scaling to
100,000+ elements required for HPC while maintaining precision remains an open challenge. This underscores
that HPC-scale analog computing requires fundamentally new approaches that minimize interface overhead and
co-design algorithms with hardware constraints.

Scalability and Manufacturing Challenges: No validated path exists to 100,000+ element analog systems.
Manufacturing analog computing systems in advanced CMOS nodes (28nm, 16nm, smaller) remains unproven
at the scales required for HPC. Wafer-scale economics for 1,000+ wafer builds are uncertain. Device variability
(20–50% for emerging devices) creates system-level reliability challenges. Process integration for FG devices in
advanced nodes requires validation.

Reconfigurability and Programmability Gaps: Current FPAA approaches demonstrate reconfigurability
but lack the scale (10,000+ elements) and design automation required for HPC deployment. Design tools for
analog computing remain primitive compared to digital electronic design automation (EDA) tools—configuration
requires weeks of expert effort rather than hours of automated synthesis. Standard cell libraries for analog/mixed-
signal HPC building blocks are nascent. Programmable analog elements (FG) achieve 14-bit precision in older
processes (350nm) but validation in advanced nodes is incomplete. While demonstrations6 of ReRAM-based
matrix solving achieving 24-bit precision show promise, scaling such approaches to HPC problem sizes remains
to be validated.

Noise Management for Extended Computation: While analog circuits routinely achieve target precision
levels, maintaining this performance across extended simulations (50–100-year equivalent timescales) at system
level remains unvalidated. Noise modeling for continuous-time large-signal operation is limited. Theoretical
frameworks from Section 2.3.1 require experimental validation at HPC scales. Stochastic analysis techniques for
general nonlinear dynamical systems are underdeveloped.

Data Movement and System Integration Bottlenecks: Partitioning large problems (PDEs exceeding
available compute nodes) across distributed analog systems lacks validated strategies. High-speed data logging
(1–10 GB/s) for intermediate results presents significant challenges. Asynchronous distributed computation
frameworks for 10,000+ node analog systems do not exist. Interface protocols between analog computation
blocks and digital control infrastructure are ad hoc rather than standardized.

Forward Simulation Focus and Inverse Problem Challenges: The research directions outlined in this PRD
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Scientific Workloads
PDEs; multi-physics simulation; large-scale optimisation

Advanced Analog Architectures for Scientific Computing

Problem-matched architectures with digital orchestration,
minimising analog-digital interface overhead

In-Memory Photonic Analog Solvers

Reconfigurable HPC Platforms & Design Automation

Programmable platforms supporting multiple applications;
automated design flows; calibration and precision programming

HPC-Scale Manufacturing & Monolithic 3D Integration
Fabrication in advanced process nodes;
monolithic 3D integration for density;
wafer-scale yield and economic viability
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Figure 5: Overview of the four research directions in PRD 2. The stack reflects increasing infrastructure depth from
application-facing architectures (top) to system-level validation (bottom); arrows indicate the primary coupling between
directions. The three sub-tiles within Advanced Analog Architectures represent representative compute platforms.

emphasize forward simulation capabilities—solving PDEs, fluid dynamics, and multi-physics models where initial
conditions and parameters are given. Inverse problems (parameter estimation, data assimilation) that require
inferring unknown parameters from observational data present distinct computational challenges. Gradient-based
inverse methods require sensitivity information typically obtained through finite differences (numerically unstable
at 8–12 bit precision due to subtractive cancellation), forward sensitivities (viable only for problems with small
parameter counts), or adjoint methods (most efficient but requiring reverse-mode differentiation likely infeasible
in continuous-time analog computation). While forward simulation represents a transformative capability for DOE
applications, extending analog HPC to gradient-limited inverse problems with large parameter spaces remains
an open research challenge requiring investigation of alternative inversion strategies beyond traditional gradient-
based approaches.

4.4 Research Directions

Four research directions structure this PRD, as illustrated in Figure 5. Advanced analog architectures define
the compute primitives and problem-matching strategies, working in close co-design with reconfigurable platform
research that provides programmability and design automation. HPC-scale manufacturing and 3D integration de-
livers the physical density needed for large-scale deployment, and system-level integration and long-time validation
demonstrates sustained performance for DOE applications.

4.4.1 Advanced Analog Architectures for Scientific Computing

Mesh and crossbar architectures optimized for VMM operations72–76 represent only one architectural pattern.
DOE scientific applications demand diverse computational structures: hierarchical processing for tree-structured
algorithms, distributed graph computations, dendrite-like dynamics for neural emulation77, and spatial locality for
PDE solving. Current approaches using crossbars as digital coprocessors incur prohibitive peripheral ADC/DAC
costs. HPC analog systems require native architectures matching problem structure rather than forcing all
computations through mesh operations.

Research objectives center on developing analog computing architectures beyond VMM/crossbar: (1) hierar-
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chical structures for tree computations and multi-resolution processing, (2) distributed architectures with adaptive
routing minimizing interface overhead, (3) continuous-time dynamics for PDE solving with natural spatial local-
ity78, (4) architectural frameworks for cortex-inspired processing and LLM inference, (5) hybrid analog-digital
partitioning strategies exploiting analog for continuous dynamics while using digital for discrete control, (6) analog
memory technologies and analog network-on-chip (NoC) architectures enabling analog systems to scale without
analog-to-digital conversions, (7) current-based analog computing approaches offering integrated solutions for
computation, data conversion, and input/output operations. This work should leverage mathematical foundations
from PRD 1 for ODE/PDE implementations, and interfaces minimizing ADC/DAC usage must be designed as
discussed in Section 2.3.2. Research should target operations beyond inner products: correlations79–81, Gaussian
mixtures82, learning rules79;80;83–85, and continuous-time integration.

Research in this area may lead to validated architectural patterns for multiple DOE application classes, with
demonstrated 10× reduction in peripheral interface overhead through hierarchical and distributed designs. These
results will also include proof-of-concept testbeds (100–1000 nodes) revealing how interface overhead accumulates
at system scale—challenges invisible in single-node demonstrations—along with performance models quantifying
analog advantages and identifying problem classes unsuitable for analog, and architectural guidelines informing
co-design frameworks (PRD 6).

4.4.2 Programmable and Reconfigurable HPC Platforms

HPC infrastructure investments demand reconfigurability to serve multiple applications and accommodate al-
gorithm evolution. Device mismatch fundamentally challenges analog circuit design (Section 2.3.1), requiring
programmable compensation. FG devices in standard CMOS eliminate mismatch through compensatory charge
programming, achieving high precision with minimal temperature/power-supply sensitivity86–90. Current FPAA
demonstrations16;91 prove reconfigurability but lack scale (10,000+ elements) where calibration overhead domi-
nates design complexity—a challenge absent in hundred-element systems—and design automation. DOE needs
multi-application platforms with rapid reconfiguration enabled by automated design flows.

Research objectives address scaling FPAA architectures to 10,000+ programmable elements with system-
on-chip (SoC) integration supporting heterogeneous computation modes (continuous/discrete time/amplitude).
Automated design flows from high-level specifications (PDE descriptions, neural network architectures) to ana-
log circuit configurations must be developed, reducing expert configuration time from weeks to hours54;92.
Analog/mixed-signal standard cell libraries93 for HPC building blocks enabling design-space exploration55 must
be created. Design automation for analog HPC92;94 must be advanced to be comparable to digital EDA tool
maturity. Research must validate FG programming stability (14-bit precision, <1% drift) across temperature
and aging in advanced nodes, leveraging device primitives from PRD 3 and natural computing approaches from
PRD 5.

Research in this area may lead to a reconfigurable testbed (1,000–10,000 elements) with design automation
tools achieving hour-scale configuration and validated programming precision (12–14 bits, <1% drift over 5+
years). These results will also include a standard cell library with analog HPC primitives demonstrated across
multiple DOE applications proving infrastructure reuse, and tool ecosystems enabling non-expert deployment.

4.4.3 HPC-Scale Manufacturing and Monolithic 3D Integration

Analog HPC systems leverage existing semiconductor foundry infrastructure—no dedicated analog fabrication
facility is required. FG devices integrate into standard CMOS processes, with the primary challenge being
process integration validation in advanced nodes (28nm, 16nm, smaller) rather than building new manufacturing
capabilities; research must therefore establish industry foundry partnerships to enable university and DOE lab
access to existing fabrication capacity.

Building on the cross-cutting manufacturing foundations in Section 2.5, HPC-scale analog systems intro-
duce unique manufacturing challenges distinct from smaller-scale implementations. Deploying 100,000-element
systems requires 1000+ wafers, fundamentally changing manufacturing economics: at advanced process nodes
(28nm, 16nm, smaller), mask set costs become comparable to total wafer costs, making reconfigurability essential
to amortize non-recurring engineering expenses across multiple platform variants and applications. Monolithic 3D
stacking—critical for achieving 10–100× density improvements—must preserve analog signal integrity through
vertical interconnects while maintaining compatibility with foundry back-end processes. HPC deployment re-
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quires yield prediction at unprecedented scales where even small per-device failure rates (e.g., 0.1%)—negligible
in thousand-element demonstrations—compound into system-level reliability challenges requiring new statistical
models and redundancy strategies.

Research objectives include addressing HPC-specific manufacturing challenges beyond general analog device
fabrication, with particular emphasis on advanced packaging and 3D integration.

Monolithic 3D integration for analog signal: Validate monolithic 3D integration specifically for FG-based
analog HPC: demonstrate vertical analog signal paths through 3-5 stacked planes with copper interconnects,
characterize inter-plane capacitance and parasitic effects in scaled processes88, and establish thermal management
strategies for high-density 3D stacks operating at HPC power levels. This approach is critical for achieving the
10–100× density improvements needed for HPC-scale systems.

Wafer-scale economics and reconfigurability: Develop wafer-scale economic models quantifying mask-set cost
amortization strategies through FPAA-based reconfigurability, enabling cost-effective deployment across diverse
DOE applications.

Create system-scale yield models translating device-level statistics (from Section 2.5) into 100,000-element
system reliability predictions, enabling design-for-manufacturing tradeoffs between redundancy, calibration over-
head, and raw device yield. Develop manufacturing test strategies for wafer-scale systems including probe card
designs, statistical sampling methodologies, and accelerated burn-in protocols suited to analog HPC rather than
digital memory arrays. Cross-reference PRD 3 for FG device physics and Section 2.4.1 for co-design methodologies
integrating manufacturing constraints into algorithm mapping.

Research in this area may lead to a monolithic 3D demonstration with 3–5 stacked analog planes achieving
10–50× density improvement with characterized signal integrity and thermal profiles. These results will also
include wafer-scale economic analysis quantifying cost-per-TOPS across mask-set amortization scenarios, system-
scale yield prediction models enabling confident design of 100,000-element systems given device-level statistics,
manufacturing test methodologies validated on multi-wafer builds, and PDK extensions capturing 3D-specific
design rules and parasitic models integrated with foundry partnerships (PRD 6).

4.4.4 System-Level Integration and Long-Time Validation

Continuous-time analog computation’s fundamental advantage lies in long-time numerical stability without degra-
dation. Analog systems can run 50–100-year equivalent simulations with < 1 s temporal resolution95, en-
abling previously intractable long-term multi-physics models and cortical development predictions. System-level
challenges—noise management at 50–80 dB SNR16, problem partitioning for PDEs exceeding available nodes,
asynchronous distributed communication, high-speed data logging (1–10 GB/s)—must be validated at scale to
realize DOE HPC deployment. Computing cost scales proportionally with speedup: a 100 W real-time system
requires 100 kW for 1000× acceleration, necessitating HPC-class cooling infrastructure.

Research objectives address validating long-time numerical stability for multi-year equivalent simulations
without numerical degradation or reset cycles. Problem partitioning strategies for PDEs with grid spacing
exceeding available compute nodes must be developed, including subsampling approaches exploiting analog’s ideal
intermediate numerics followed by residual computation for fine-grid refinement. High-speed data logging using
FG memory and hybrid analog-digital storage must be designed, carefully selecting intermediate values to store
without impacting computation timing. Asynchronous distributed computation frameworks for large-scale systems
(10,000+ nodes) supporting both continuous-amplitude and discrete-event (neuromorphic) approaches96 with
validated handshaking protocols must be created. Research must demonstrate sustained target SNR at system
level managing noise effects per Section 2.3.1, and must benchmark analog HPC against digital baselines for
target applications (see Section 8.4.5 for benchmark frameworks and PRD 4 for edge deployment considerations).

Research in this area may lead to long-time simulation demonstrations (10+ year equivalent timescales) with
validated numerical stability and sustained 50–80 dB SNR. These results will also include a distributed system
testbed (100+ nodes) demonstrating asynchronous coordination protocols that emerge as critical requirements
only in multi-node systems, with frameworks designed to scale to 10,000+ nodes; high-speed data logging
(1–10 GB/s) using FG memory with selective storage strategies; and a benchmarking suite quantifying analog
advantages for DOE applications with a deployment roadmap for facility integration (PRD 4, PRD 6).
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4.5 Key Takeaways

High-performance analog computing represents a transformative opportunity for DOE computational science,
requiring coordinated advances across architecture, manufacturing, and system integration:

• Four Integrated Research Directions: HPC-scale analog computing requires (1) advanced architectures
beyond mesh/crossbar supporting diverse computational patterns, (2) reconfigurable platforms with design
automation enabling rapid multi-application deployment, (3) scalable manufacturing in advanced nodes with
monolithic 3D integration, and (4) system-level validation for extended timescales with distributed computation
frameworks.

• Ideal Application Targets: DOE science applications combining continuous dynamics, appropriate noise
tolerance, and massive computational demand—including multi-decade multi-physics models and century-
scale fluid dynamics—present ideal targets where analog delivers 100–1000× energy efficiency gains.

• Economic Viability: Large-scale deployment (100,000-element) is achievable through reconfigurable designs
amortizing mask costs across applications, advanced process nodes, and monolithic 3D integration providing
essential density improvements.

• Hybrid Architectures: Establishing analog computing as a legitimate HPC paradigm requires hybrid analog-
digital architectures that exploit analog for continuous dynamics while using digital for discrete control and
data management.

• Cross-PRD Integration: Mathematical foundations (PRD 1) provide theoretical grounding; device primitives
(PRD 3), natural computing (PRD 5), and co-design methodologies (PRD 6) enable practical realization;
while edge computing (PRD 4) benefits from shared device advances and manufacturing processes.
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Figure 6: Device-to-system integration flow for analog computing. Novel device primitives require predictive models and
abstraction layers to enable system-level design. The flow emphasizes co-design between device physics understanding, fab-
rication processes, circuit modeling, and system validation—essential for translating device-level advantages into deployable
computing systems.

5 PRD 3: Identifying Novel Device Primitives for Next-Generation Analog Systems

5.1 Introduction and Vision

Many novel physical computing platforms have demonstrated significant advantages over digital CMOS electronics
at the scale of individual devices or small systems97–102, yet these promising research results have not translated
to improved high-performance computers. As illustrated in Figure 6, a fundamental challenge exists: device-level
performance does not necessarily translate to system-level advantages. Understanding whether a novel computing
technology primitive will provide value requires knowing how it scales39—not merely achieving functionality at
smaller dimensions or building more devices, but understanding how devices fit into larger systems, how fabrication
and performance depend on system context, and how sub-components interact during operation.

Realizing analog computing’s potential requires addressing fundamental physical limits while recognizing that
any practical computing system will require substantial digital CMOS infrastructure for control, data management,
and general-purpose computation103. While analog hardware may accelerate specific computational kernels such
as matrix multiplication or dynamical system simulation, broader functionality requires efficient interfacing with
digital circuitry (see Section 2.3.2).

For next-generation analog computing devices to translate into transformative computing systems, we must
enable the design of devices and small-scale systems with predictable scalability and efficient integration with ex-
isting digital electronics, without sacrificing their inherent advantages104. This requires devices to be abstractable,
with models enabling the design of realistic systems performing practically relevant algorithms. Robust fabrication
processes compatible with mainstream chip manufacturing are essential37, as is comprehensive co-design across
the entire stack (see Section 2.4.1 and PRD 6).

Key Research Questions: How can we develop predictive multi-scale models that bridge device physics
understanding with system-level design requirements? What fabrication and characterization standards are needed
to ensure analog devices scale reliably from laboratory prototypes to deployable systems? Can we establish
validation frameworks that quantify analog device advantages within realistic hybrid analog-digital architectures,
accounting for interface overheads and system-level constraints?
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Vision: This PRD envisions establishing device primitives as the foundational building blocks for scalable
analog computing systems through: (1) developing reproducible fabrication processes enabling predictable device
performance across scales, (2) creating multi-fidelity modeling frameworks that capture essential device physics in
computationally efficient forms suitable for system design, (3) establishing standardized characterization protocols
providing statistical device models for circuit simulation, (4) building validation testbeds demonstrating device
integration within hybrid architectures at increasing scales, and (5) enabling co-design between device physics,
circuit architectures, and algorithms to realize measurable system-level advantages in DOE applications.

5.2 Goals and Desired Outcomes

Translating novel analog devices into practical computing systems requires validated models, reproducible fabri-
cation processes, and systematic integration methodologies. Main research needs follow.

• Device Fabrication and Characterization: Establish reproducible fabrication protocols for analog device
classes (memristive, phase-change, electrochemical) achieving <10% device-to-device variability with multi-
laboratory validation, and create PDKs including statistical models for yield-aware circuit design, in alignment
with the cross-cutting manufacturing and metrology effort in Section 2.5.

• Predictive Device Modeling: Develop validated compact device models integrated into standard circuit
simulators achieving <20% error across operating ranges, and establish multi-fidelity modeling frameworks
with 100× computational speedup.

• System-Level Validation: Build testbeds integrating 100–1000 analog devices with digital infrastructure
to quantify performance and interface overheads, while establishing standardized benchmarking protocols
measuring energy efficiency, latency, accuracy, and scalability across device technologies.

• Manufacturing Maturity: Achieve industry-grade fabrication maturity for analog devices comparable to
digital CMOS, with high-volume manufacturing capabilities and <5% variability, demonstrating scalability from
laboratory prototypes to production systems (106+ devices) while maintaining energy-efficiency advantages
(see Section 2.5).

• Comprehensive Device Ecosystems: Develop comprehensive device libraries spanning diverse physical mech-
anisms (electronic, magnetic, optical, electrochemical) with validated models and automated co-design tools
integrating device physics, circuit architectures, and algorithms for minimal-intervention tradeoff exploration.

• Deployed System Advantages: Deploy analog computing accelerators in DOE HPC facilities demonstrating
order-of-magnitude energy efficiency or throughput improvements for specific application classes, with pre-
dictive system-level performance models accurately forecasting advantages while accounting for fabrication
variability and interface overheads.

5.3 State of the Art

Emerging analog computing devices exploit diverse physical mechanisms—memristive switching, phase transi-
tions, electrochemical reactions, spin dynamics—offering potential advantages in energy efficiency and computa-
tional density. However, translating device-level demonstrations into scalable computing systems faces fundamen-
tal challenges that have limited broader deployment despite decades of research. Recent advances now position
the field to overcome these barriers: modern characterization tools (automated metrology, AI-driven materials
discovery) dramatically accelerate device optimization, while coordinated co-design methodologies (PRD 6) re-
place the isolated device-centric efforts that characterized previous decades, enabling systematic translation from
device to system performance.

Scalability and Manufacturing Limitations: Laboratory demonstrations of analog devices rarely scale be-
yond small prototypes due to fabrication variability, reproducibility challenges, and lack of CMOS-compatible pro-
cesses. Device-to-device variability often exceeds 20–50%, making it difficult to predict system-level performance
from individual device measurements. Unlike digital CMOS with mature process design kits and high-volume
manufacturing, analog devices lack standardized fabrication protocols that can be transferred across laborato-
ries or scaled to production volumes. This fabrication uncertainty prevents confident assessment of whether
device-level advantages will persist at scales where practical computing benefits might be realized37;39.

This challenge is particularly acute given that custom analog integrated circuits (ICs) have already demon-
strated remarkable success in DOE scientific instrumentation, where they meet stringent specifications with

30



2024 Analog Computing for Science Workshop PRD 3: Device Primitives

ultra-low-noise (≤ 1000 e− root mean square (RMS)) and low-power (≤ 1mW/channel) operation. Specialized
readout ASICs have been developed for sensors in ATLAS at CERN, DUNE, and neutrino physics experiments
such as nEXO (operating below 100 mK with radiation tolerance). Ultra-high-speed photon science applica-
tions at LCLS and LCLS-II at SLAC have produced ASICs with sub-20 ps timing resolution and high-resolution
(14–16b), low-jitter (sub-100 fs) signal acquisition. These successes demonstrate that when analog design ex-
pertise is properly applied to domain-specific requirements, transformative capabilities emerge. However, such
systems remain largely custom designs by analog specialists. Extending this success to broader analog computing
applications requires addressing fundamental challenges in programmability, design automation, and workforce
development.

Physical Understanding and Modeling Deficiencies: The fundamental physical processes limiting analog
device operation remain poorly characterized. Critical questions persist: What are the thermodynamic limits on
operating energy for analog non-volatile memory? How do principal noise mechanisms scale with device dimen-
sions and operating conditions? What kinetic processes govern switching dynamics and device lifetime? Un-
derstanding these complex, frequently coupled mechanisms is challenging, resulting in few reliable physics-based
models suitable for circuit and chip designers. Current device models, which guide digital CMOS manufacturing,
are overly simplistic for analog electronics and provide limited guidance for exploiting analog features or mitigating
issues. A communications-centric approach relating signal-to-noise ratio to functional correctness metrics could
provide valuable design frameworks (see Section 2.3.1 for rigorous mathematical treatment of noise in analog
systems).

Device Variability and Noise Management: Emerging analog devices exhibit heightened sensitivity to
variability, noise, and poorly controlled kinetic processes compared to digital circuits105. Analog operation over
quasi-continuous ranges makes devices vulnerable to perturbations from thermal fluctuations, defects, fabrication
variations, and environmental factors. While some analog systems like RF blocks have achieved commercial
success (notably in the thriving analog IC industry with 40–50% margins for sensor interfaces, data converters,
and voltage regulators), general-purpose or large-scale analog computing faces more stringent accuracy, scalability,
and programmability requirements. Statistical device models capturing variability effects are essential for yield-
aware system design but remain underdeveloped for most emerging analog device technologies.

A critical bottleneck is the limited pool of engineering talent across the analog ecosystem—system archi-
tects, IC designers, verification engineers, test engineers, and system developers. Analog design methodology
has changed little over decades, remaining largely the domain of analog ”artists” with expertise primarily in
component-level design (e.g., ADCs, DACs). Even fewer designers possess the system-level analog architecture
expertise needed for computing applications. While digital computing achieved its ”very large scale integration
(VLSI) revolution” through standardization and automation (microprocessors, FPGAs, GPUs with associated
synthesis tools), analog electronics needs an equivalent transformation in computing scope, applicability, and
usability. Key barriers include: programmable and mismatch-insensitive design techniques need generalization
(floating-gate devices offer promise but require wider adoption); configurability analogous to FPGAs remains
largely in research stages (e.g., large-scale FPAAs); and synthesis and automation tools comparable to digital
EDA remain rare exceptions. Addressing these ecosystem challenges through research in programmable analog
design, synthesis tools, and educational programs is essential for analog computing to achieve broad impact.

Analog-Digital Interface Bottlenecks: Specialized analog devices may outperform digital systems for
specific mathematical operations but rarely execute complete algorithms independently, necessitating digital in-
terfaces. ADC and DAC conversion introduces substantial energy, footprint, and latency overheads that can
negate analog advantages36. Effectively coupling analog and digital signal processing with minimal energy and
latency loss remains a key scientific challenge. This requires innovations in data representation and manipula-
tion, including hybrid approaches where digital transistors emulate analog behavior, analog devices operate in
digital modes, or complex analog systems incorporate broader computational abstractions (see Section 2.3.2 for
comprehensive interface discussion).

5.4 Research Directions

5.4.1 Device Physics and Modality-Specific Fabrication

While Section 2.5 establishes cross-cutting fabrication and characterization protocols, each analog device class
presents unique physics-driven fabrication challenges requiring specialized understanding. Unlike digital CMOS
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where variability arises primarily from statistical dopant fluctuations and line-edge roughness, analog device vari-
ability stems from complex multiphysics—filament formation stochasticity in memristors, phase boundary rough-
ness in transition-metal oxides, ion distribution inhomogeneity in electrochemical devices, domain wall pinning
in magnetic systems. Achieving the common manufacturing targets (<10% variability, multi-lab reproducibility)
demands device physics understanding linking atomic-scale mechanisms to fabrication process parameters. This
research direction addresses the fundamental question: what physical mechanisms differentiate device classes,
how do these mechanisms determine fabrication sensitivities, and which devices offer computational primitives
genuinely unavailable through conventional CMOS?

Research objectives center on developing physics-informed fabrication strategies tailored to distinct device
modalities, providing the device-specific foundation for the standardized protocols in Section 2.5. For filamen-
tary memristors (ReRAM), research must characterize how forming conditions—voltage ramp rates, current
compliance, ambient atmosphere—control Joule heating profiles, interface redox reactions, and defect migration
to create conductive pathways with reproducible concentration gradients and phase distributions106;107; establish
switching voltage distributions and their correlation with retention/endurance. For phase-change devices (vana-
dium oxide, niobium oxide), research must characterize how film deposition parameters—temperature, pressure,
stoichiometry—determine crystallographic phase boundaries, grain structures, and Mott transition sharpness98;
quantify how phase boundary roughness translates to device-to-device switching threshold variation. For electro-
chemical devices (electrochemical random access memory (ECRAM)), research must map ion mobility and redox
kinetics dependencies on electrolyte composition, electrode work functions, and interfacial barrier heights; estab-
lish design rules preventing electrochemical crosstalk in dense arrays. For spin-based and magnetic devices,
research must characterize domain wall pinning site distributions, thermal activation barriers for switching99, and
write-error-rate dependencies on material defects and grain boundaries108.

Research must critically assess which devices offer computational primitives unavailable through conven-
tional CMOS: true quantum or thermal noise sources for hardware random number generation, intrinsic non-
linear dynamics from many-body electron interactions (Mott insulators, superconducting junctions), or native
analog operations (e.g., temporal integration in ECRAM) providing genuine efficiency advantages rather than
alternative implementations. Design-of-experiments methodologies mapping fabrication parameters to statistical
device performance across modalities must be developed, informing process optimization. Modality-specific noise
mechanisms—thermal fluctuations, telegraphic noise from defect switching, flicker noise from charge trapping—
must be characterized to establish physical origins and enable mitigation strategies beyond post-processing
“denoising” that may negate energy advantages109. Modality-adapted templates must be contributed to the
standardized characterization repositories defined in Section 2.5.

Research in this area may lead to physics-based fabrication process maps for memristive, phase-change, elec-
trochemical, and spin-based device classes achieving reproducibility targets (<10% variability) with documented
sensitivity to process parameters. These results will also include validated scaling from laboratory prototypes
(10–100 devices) to arrays (1000+ devices) demonstrating maintained performance distributions; noise charac-
terization linked to physical mechanisms enabling physics-informed mitigation; statistical device models captur-
ing modality-specific behaviors integrated into multi-lab validation protocols; and identification of computational
primitives with quantified advantages over CMOS baselines informing technology selection for PRD 2 and PRD 6.

5.4.2 Predictive Multi-Scale Device Models

Circuit and system designers require predictive device models that are computationally efficient yet capture es-
sential physics governing analog operation. Emerging analog devices exhibit nonlinear, history-dependent, and
stochastic behaviors arising from complex multiphysics—ion transport, phase transitions, defect dynamics—that
cannot be described by conventional compact models developed for digital CMOS. The computing challenge is not
to perform exhaustive atomic-scale simulations, but to develop reduced-order representations that abstract essen-
tial device physics into forms tractable for circuit simulation and system-level design while maintaining predictive
accuracy. As illustrated in Figure 7, multi-fidelity frameworks must bridge high-fidelity physics understanding
with practical design tools.

Research objectives center on developing modeling frameworks that use high-resolution physics simulations to
parameterize computationally efficient models for system design, taking a computing-focused approach to mate-
rials science where understanding complex device physics (ion/vacancy kinetics in ECRAM and ReRAM devices,
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Figure 7: Multi-scale modeling framework integrating device physics, circuit-level interactions, and system-level performance
for analog computing. High-fidelity simulations inform reduced-order compact models suitable for circuit simulation, enabling
efficient system design while capturing essential device physics including variability, thermal effects, and non-equilibrium
dynamics. The framework enables computational co-design from materials to systems.

phase transformations in valence-change memory (valence change memory (VCM)), defect-mediated conduc-
tion) is essential not for fundamental materials discovery but to inform compact behavioral models capturing
energy-delay tradeoffs, noise characteristics, and history-dependent dynamics for circuit simulation. For instance,
understanding how voltage-driven ion/vacancy movement creates or dissolves conductive filaments with specific
oxygen vacancy distributions enables reduced-order models predicting switching characteristics without simulating
every atomic-scale process. Advanced computational methods (accelerated molecular dynamics, machine-learning
potentials, multiscale techniques) enable simulation of non-equilibrium thermodynamics and long-timescale ki-
netics, providing physics insight to parameterize reduced-order models achieving 100×+ computational speedup
while maintaining predictive accuracy for system-level design.

System-level models must also account for device coupling within computing systems, where analog devices
operating over quasi-continuous ranges with behavior governed by non-equilibrium thermodynamics are vulner-
able to perturbations from thermal gradients, electrical crosstalk, and magnetic coupling. Predictive models
must capture these system-level interactions—thermal, electric, and magnetic gradients, quantum-mechanical
coupling—not just isolated device characteristics, enabling co-design of analog circuits accounting for thermal
management, signal integrity, and noise propagation (see Section 2.4.1 and PRD 6).

Models must also address defect impacts from a computing perspective: how do defects affect device-
to-device variability, reliability metrics, and yield? While even single defects significantly influence advanced
gate-all-around field-effect transistors (GAAFETs) and beyond-CMOS devices, in analog devices where energy
differences between quasi-continuous states are small, defects critically impact variability and reliability (see
Section 2.3.1 for mathematical frameworks). Models must predict statistical distributions of device performance
accounting for defect populations, enabling yield-aware circuit design and reliability assessment.

Validation methodologies must compare model predictions against experimental data across device sizes, op-
erating conditions, fabrication variations, and aging effects, ensuring models remain predictive beyond calibration
datasets. Validated models must be integrated into standard circuit simulators (SPICE, Verilog-A) and system-
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level design tools, enabling analog circuit designers to leverage device models as effectively as digital designers
use CMOS models.

Research in this area may lead to validated compact models for multiple analog device classes integrated into
commercial circuit simulators, with multi-fidelity simulation frameworks achieving 100× speedup versus atomic-
scale methods while maintaining <20% prediction error. These results will also include physics-informed machine
learning models and system-level models capturing thermal coupling, crosstalk, and variability propagation, as
well as model libraries enabling automated analog circuit synthesis and co-optimization of device physics with
circuit architectures (PRD 6).

5.4.3 System-Level Integration and Validation

Projecting whether analog devices provide system-level advantages requires assessing how they integrate within
complete computing systems including digital infrastructure, transduction interfaces, and realistic application
workloads. Applications spend significant time across diverse computational primitives—mathematical operations,
memory access, control flow—making system performance depend not only on analog device characteristics
but critically on integration costs: interface energy and latency, data movement overheads, and architectural
constraints. Fine-grained integration of simple analog devices incurs heavy transduction costs that may negate
device-level advantages, while coarse-grained accelerators sharing interface circuitry across many devices introduce
dataflow restrictions limiting applicability. Quantifying these integration costs through experiments and modeling
spanning small analog device arrays to complete hybrid analog-digital systems is essential for determining whether
and where analog approaches provide value (see Section 2.3.2 for comprehensive interface discussion and PRD 4
for edge computing applications).

Research objectives address building testbeds at increasing scales (100, 1000, 10,000+ devices) integrating
analog devices with digital infrastructure to quantify energy, latency, accuracy, and throughput for specific
computational kernels relevant to DOE applications. Testbeds must measure not just analog device performance
in isolation but complete system metrics accounting for ADC/DAC overhead, data movement costs, control logic,
and algorithmic accuracy degradation. Architectural frameworks identifying optimal integration strategies must
be developed: when does fine-grained integration justify transduction costs versus coarse-grained acceleration
minimizing interface overhead? Alternative integration approaches must be compared, including in-memory
computing (CiM), hybrid analog-digital devices enabling nearly transductionless operation, and complex analog
systems combining dissimilar devices to handle multiple functions while minimizing digital interfaces.

Standardized benchmarking protocols must enable fair comparison across analog device technologies and
against digital baselines (see Section 8.4.5 for comprehensive benchmarking discussion). Benchmarks must
capture system-level metrics—end-to-end energy efficiency, wall-clock time, solution accuracy—not just device-
level specifications. Application-specific test cases organized by computational problem type must be created:
differential equation solving for fusion, multi-physics modeling, and reactor dynamics; matrix operations for
scientific machine learning, quantum chemistry, and linear system solving; continuous optimization and control
for PDE-constrained inverse problems and real-time feedback systems; and discrete combinatorial optimization
for graph-based problems, resource allocation, and configuration space exploration. This organization enables
assessment of analog advantages across diverse computational paradigms in realistic DOE contexts (see PRD 5
for natural computing device applications).

Co-design methodologies should integrate device physics, circuit architectures, and algorithms to maximize
system-level performance. This includes exploring innovations in signal handling—adaptive control systems com-
pensating for device drift and variability, error-correction schemes maintaining computational accuracy despite
analog imprecision, calibration frameworks enabling reliable long-term operation. Architectural innovations ex-
ploiting analog device properties must be investigated: analog devices operating in digital modes when beneficial,
reconfigurable hybrid systems adapting to workload characteristics, and hierarchical architectures balancing analog
acceleration with digital control and general-purpose computation.

Research in this area may lead to validation testbeds at multiple scales (100, 1000, 10,000+ devices) with a
standardized benchmark suite demonstrating quantified performance for DOE-relevant kernels. These results will
also include architectural frameworks identifying optimal integration strategies with demonstrated 10×+ system-
level energy efficiency improvements for multiple application classes, and co-design tools enabling automated
exploration of device-circuit-algorithm tradeoffs (PRD 6), with clear identification of application domains where
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analog provides advantages versus limitations where digital remains superior.

5.5 Key Takeaways

Realizing transformative analog computing systems requires bridging the gap from device-level demonstrations
to scalable, deployable systems through three interconnected research directions:

• Scalable Fabrication and Characterization: Establishing reproducible manufacturing processes with statis-
tical device models enables confident yield prediction and circuit design. Understanding device physics—phase
transitions, defect dynamics, electrochemical processes—from a computing perspective informs process opti-
mization for predictable performance at scale.

• Predictive Multi-Scale Modeling: Computationally efficient device models capturing essential physics are
critical for system design. High-fidelity simulations (e.g., ab initio and molecular dynamics) inform reduced-
order representations suitable for circuit simulation, enabling co-design without atomic-scale computational
cost.

• System-Level Integration and Validation: Testbeds quantifying performance within realistic hybrid ar-
chitectures must account for analog-digital interface overheads—particularly ADC/DAC conversion energy,
footprint, and latency costs that can negate device-level advantages. Standardized benchmarks enable fair
comparisons across technologies and against digital baselines.

• Interface Cost Minimization: Critical to realizing analog advantages is developing integration strategies
that reduce conversion overheads through architectural innovations such as coarse-grained acceleration, hybrid
analog-digital devices, and in-domain analog processing.

• Cross-PRD Enablement: Validated device primitives with fabrication processes and models enable ultra-
efficient edge computing (PRD 4), natural computing substrates (PRD 5), high-performance architectures
(PRD 2), and co-designed systems (PRD 6).

Success demands integrated progress across all three research directions: reproducible fabrication provides
devices with predictable properties, validated models enable confident system design, and testbeds demonstrate
whether device-level advantages translate to measurable system-level benefits for DOE applications.

35



2024 Analog Computing for Science Workshop PRD 4: Edge Computing

6 PRD 4: Redefining the Edge: Integrating Analog Compute With Sensing and
Transduction

6.1 Introduction and Vision

Analog computing’s exceptional energy efficiency makes it particularly compelling for edge and sensor-integrated
applications, where computation occurs close to data sources to reduce latency and energy dissipation110;111.
Next-generation sensors present two extremes: large-scale scientific experiments producing massive data volumes
(e.g., SLAC’s Linac Coherent Light Source reaching 1 TB/s by 2029112), and ubiquitous sensing platforms for
Internet of Things (IoT)113, smart infrastructure114, and personalized healthcare115 requiring years of continuous
operation under stringent energy budgets. Both scenarios demand new paradigms: high-throughput sensors need
data bandwidth reduction, while energy-constrained sensors require orders-of-magnitude efficiency improvements.

Key Research Questions: How can analog computing address the mounting challenge of data proliferation
from next-generation, high-density, and high-throughput sensors? What role can end-to-end co-design play in
understanding the fundamental limits and scaling challenges of analog computing at the edge? Can integrat-
ing analog computing at the edge or within the sensing platform address these mounting challenges of data
proliferation and stringent operating energy budgets?

Vision: This PRD envisions redefining edge computing through new analog computing paradigms that
integrate computation directly with sensing and transduction, achieving: (1) elimination of traditional digital
conversion bottlenecks by exploiting physics at the sensing-transduction interface, (2) transformative order-of-
magnitude improvements in energy efficiency, latency, and data bandwidth, (3) machine learning and artificial
intelligence approaches that reduce data bandwidth requirements while maintaining scientific fidelity, (4) end-to-
end co-design methodologies across sensing modalities (optical, acoustic, mechanical), and (5) in-domain analog
computing systems that minimize unnecessary domain conversions.

6.2 Goals and Desired Outcomes

Analog edge computing offers transformative opportunities for DOE scientific applications where real-time pro-
cessing, extreme energy constraints, or bandwidth limitations make conventional digital approaches impractical.
Main research needs follow.

• Fundamental Limits and Co-Design: Develop and validate physics-based models capturing fundamental
limits of information transduction and signal acquisition in analog edge systems, and establish end-to-end
co-design methodologies integrating sensing, transduction, and analog computation across sensing modalities
(optical, acoustic, mechanical), building on the general mathematical foundations in PRD 1 and cross-cutting
co-design methodologies in PRD 6.

• Application Demonstrations: Demonstrate proof-of-concept analog edge computing systems for DOE appli-
cations (high-energy physics detectors, fusion diagnostics, quantum system control) achieving 10× improve-
ments in latency and/or energy efficiency, with initial in-domain analog computing prototypes minimizing
domain conversions.

• Benchmarking Frameworks: Define analog edge computing benchmark datasets and standardized evaluation
metrics for three sensing platform categories—active, passive, and self-powered—in coordination with the
cross-cutting benchmarking infrastructure described in PRD 6.

• Large-Scale Deployment: Deploy analog edge computing solutions at scale in DOE scientific facilities, achiev-
ing order-of-magnitude reductions in data requirements while preserving scientific information content, with
mature ecosystems of standardized components, interfaces, and design tools enabling non-expert deployment.

• Theoretical Foundations at the Edge: Establish a comprehensive theoretical framework for analog infor-
mation processing at the edge that unifies concepts from information theory, statistical physics, and signal
processing, complementing the general mathematical foundations in PRD 1 with edge-specific notions of
information transduction, bandwidth reduction, and sensing-constrained computation.

• Adaptive Edge Intelligence: Achieve real-time analog learning and adaptation at the edge with energy bud-
gets approaching fundamental thermodynamic limits, enabling rapid deployment for new sensing applications.
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Figure 8: In-sensor and edge computing applications and architectures:(a) conventional approach where AI and low-latency
data reduction algorithms are implemented in digital; (b) wake-up based approach where analog computation is used to
power-gate the conventional architecture; and (c) direct approach where analog computation is inserted within the sensor
signal processing architecture.

6.3 State of the Art

6.3.1 Conventional Digital Edge Computing Paradigm

The widely used paradigm for designing in-sensor and edge computing platforms is based on a standard signal
processing architecture, as depicted in Fig. 8(a). This architecture comprises an analog signal conditioning unit
that interfaces with a transducer or a transducer array, followed by low-noise analog amplifiers, analog-to-digital
converters (ADCs), digital processors, and subsequently a data logging or data transmission unit. Any edge-AI
algorithm for data compression, signal classification, or detection is implemented on the digital processor or a
co-processor which could be a graphical processing unit (GPU), a tensor processing unit (tensor processing unit
(TPU)) or a neural processing unit (neural processing unit (NPU)).

While this approach provides the flexibility to deploy various low-latency algorithms tailored to specific appli-
cation requirements, it is fundamentally constrained by:

• Bandwidth bottlenecks: ADC conversion rates and digital processing throughput limit data acquisition rates.

• Energy inefficiency: Digitization and digital processing consume significant power, limiting battery-operated
deployments.

• Latency: Sequential analog-to-digital conversion and digital processing introduce delays incompatible with
real-time control applications.

• Resolution tradeoffs: Higher ADC resolution comes at the cost of speed and power consumption.

• size, weight, and power (SWaP) constraints: Size, weight, and power limitations restrict deployment in
harsh or resource-constrained environments.

• Data deluge: High-rate sensors generate data volumes that overwhelm storage, transmission, and processing
capabilities.

6.3.2 Current Analog Edge Computing Approaches

Current analog computing approaches for integrating intelligence at the edge and addressing SWaP challenges
are highlighted in Fig. 8(b)-(c).

Wake-Up and Power-Gating Architectures: One approach involves using an analog wake-up for triggering
and power-gating as shown in Fig. 8(b). This method leverages the low-latency and energy-efficient properties of
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analog computing to detect a triggering event (e.g., energy detection or change detection), which then activates
the more power-hungry conventional architecture to sample the event at a higher resolution. This approach has
been central to current state-of-the-art near-zero and always-on systems116–118. However, it is only advantageous
for processing infrequent or rare events (e.g., speech activated units, seismic activity or intrusion detection), where
energy savings can be achieved by keeping the conventional architecture in deep-sleep mode. Wake-up latency
and settling-time requirements of amplifiers and converters also limit precise event recording, and the accuracy
and response time of the analog wake-up system determine false-alarm and true-positive rates.

In-Line Analog Processing: Several approaches integrate analog computing and processing directly within
the conventional signal acquisition flow, as shown in Fig. 8(c). In these approaches, analog computing is directly
applied prior to any domain conversion (such as optical-to-electronic conversion) or data conversion (such as
analog-to-digital conversion) to implement tasks like event sensing16;119, decoding90, correlation120, feature ex-
traction121, or classification122–124. These architectures can be regarded as a smart analog-to-digital converter,
which significantly relaxes the bandwidth requirements on the digital processor. Analog artifacts introduced by
the frontend (mismatch and non-linearity) are typically corrected by the back-end digital processor using digitally-
assisted analog approaches125 or auxiliary calibration techniques126;127. While promising, current implementa-
tions are limited in scalability, resolution, and generalizability across different sensing modalities. No rigorous
theoretical framework yet unifies sensing physics, transduction, and computation to characterize fundamental
performance limits or define optimal operating regimes. Consequently, end-to-end co-design methodologies re-
main undeveloped, and system design proceeds empirically rather than from principled joint optimization of the
sensing-computation interface.

6.3.3 Sensing and Edge Platform Taxonomy

Current in-sensor and edge computing approaches are becoming increasingly impractical for addressing the chal-
lenges of signal representation, domain conversion (e.g., optical to electrical), and input-output data transfer.
Specific operating constraints, such as harsh environments, further limit the applicability of conventional elec-
tronic approaches. One effective way to identify opportunities for analog computing at the edge is to classify
sensing platforms based on their energy and powering requirements, as shown in Fig. 9(a)-(c).

DOE scientific facilities present unique requirements that differentiate them from commercial applications:
operation in harsh environments with high radiation flux, extreme temperatures, and strong electromagnetic
interference; event-based sensing paradigms for detecting rare phenomena in particle physics and astrophysics
experiments; requirements for graceful degradation in autonomous systems deployed in fusion reactors or deep
subsurface monitoring; and the need for asynchronous event processing where sensors activate only upon detecting
significant changes. These constraints require targeted research investments in radiation-hard analog devices,
noise-tolerant processing architectures, and adaptive algorithms designed for non-stationary, asynchronous data
streams across all platform types.

Figure 9: Classification of sensing and edge compute platforms based on powering requirements: (a) Active sensors with
on-board battery or energy-source; (b) Passive sensors where an extrinsic interrogation signal is used to measure events of
interest in the environment; and (c) Self-powered sensors where the operating energy is harvested from the signal being
sensed.

Active Sensing Platforms: The first category, shown in Fig. 9(a), includes platforms where the energy source
or battery is integrated on the platform. On-board power enables continuous operation, supports complex edge-
AI algorithms, and allows both trigger-less streaming and triggered readout systems, enabling implementation of
state-of-the-art computational models9;128 without stringent energy constraints. However, operational lifetime
is constrained by battery capacity or energy source availability, and high data rates from dense sensor arrays can
overwhelm processing and storage capabilities. Beyond maximizing energy efficiency, key opportunities for analog
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computing include:

• Data compression with fidelity preservation: Balancing the trade-off between processing or compressing
high volumes of sensor data while retaining information essential for decision-making or control.

• Real-time, low-latency operation: Supporting high-speed control and decision-making where analog-to-
digital conversion latency is impractical (e.g., control systems for quantum computing129, precision sens-
ing130;131, or advanced imaging132).

• High-dimensional analog signal processing: Exploiting analog computation to eliminate interference, pre-
vent data loss, or identify novel signatures that may be buried in noise or destroyed by ADC quantization133;134.

The central challenge is developing lightweight analog computing architectures that can process or compress
high-volume sensor data in real-time while preserving scientific information content and supporting diverse sensing
modalities across DOE mission areas.

Passive Sensing Platforms: The second category (Fig. 9(b)) consists of passive sensors without onboard
energy sources, relying on backscattered interrogation signals (radio-frequency, optical, or acoustic) to detect
environmental changes. Examples include radio-frequency identification (RFID) sensors135, Fiber-Bragg grating
sensors136;137, and surface-acoustic-wave sensors. Their passive nature enables cost-effective, miniaturized de-
ployment at scale, ideal for harsh environments with battery-free operation in inaccessible locations; however,
they cannot perform onboard processing—all computation occurs at the interrogation source, with signal quality
dependent on interrogation strength and environmental coupling. Key opportunities for analog computing with
passive sensors include:

• In-domain processing: Exploiting within-domain analog computing (optical, acoustic, electromagnetic) to
perform signal modulation, encoding, or feature extraction without domain conversion.

• Passive analog encoding: Using passive analog structures (diffraction gratings, metamaterials, acoustic
resonators) to encode sensor information directly into backscattered signals.

• Backend analog processing: Implementing analog signal processing at the interrogation receiver to extract
sensor signatures from complex backscattered signals with high throughput and energy efficiency.

The central challenge is avoiding domain conversion (e.g., optical-to-electrical) and instead relying on within-
domain passive architectures, like diffraction gratings138 or passive reflectors139, to maximize energy coupling
from the environment. These architectures necessitate sophisticated backend processing to extract signatures
of interest, making end-to-end co-design of analog computing with digital signal reconstruction essential (see
PRD 6).

Self-Powered Sensing Platforms: The third category (Fig. 9(c)) harvests operating energy directly from the
sensed signal. Examples include self-powered mechanical and temperature sensors140 and optical sensors141. The
asynchronous nature of self-powering makes these platforms ideal for detecting rare events in energy-constrained or
inaccessible environments, with event-driven operation naturally filtering data; however, harvested energy is often
insufficient to power amplification, conversion, and wireless transmission, limiting applications to data forensics
and post-processing rather than real-time operation. Key opportunities for analog computing in self-powered
sensors include:

• Ultra-low-power analog processing: Implementing analog feature extraction, thresholding, or pattern match-
ing that operates within the harvested energy budget.

• Analog non-volatile storage: Using analog memory technologies (floating-gate, phase-change) to record
signal characteristics without power-hungry ADCs or digital logic.

• Energy-aware computation: Developing analog computing primitives that exploit the physics of energy
harvesting transducers to perform computation during the transduction process itself.

• Asynchronous analog processing: Creating analog circuits that operate asynchronously, triggered by signal
events rather than clocked synchronously, matching the sporadic nature of harvested energy.

The central challenge is matching the physics of transduction with computing primitives and non-volatile
storage to ensure that events of interest can be recorded and retrieved during post-processing, while balancing
the energy budget between sensing, processing, storage, and data retrieval without compromising signal fidelity.
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6.4 Research Directions

To address these challenges, we identify three major research directions organized around: (1) understanding
fundamental limits through end-to-end co-design, (2) developing analog learning and adaptation capabilities at
the edge, and (3) creating novel devices and architectures. These directions specialize the cross-cutting theoretical
and co-design themes of PRD 1 and PRD 6 to in-sensor and edge deployments and build on the sensing-platform
taxonomy summarized in Fig. 9, which highlights distinct opportunities and constraints for active, passive, and
self-powered platforms.

6.4.1 Understanding Fundamental Limits through End-to-End Co-Design

To overcome current limitations and realize the full potential of analog edge computing, we must develop a
fundamental understanding of the physical limits governing information transduction, signal acquisition, and
analog computation at the edge. This requires moving beyond empirical system design to establish rigorous
theoretical frameworks grounded in physics and information theory.

Figure 10: Research opportunities for analog computing at the edge: (a) Understanding the fundamental limits of analog
computing paradigms at the interface of transduction, coupling and measurement; and (b)-(c) Integrating learning at the
edge where analog compute is used to identify and track the high-dimensional sensor data manifold.

Understanding practical and theoretical challenges for analog in-sensor compute requires investigating the
interface and coupling phenomena that connect the process of transduction to the process of measurement.
This is illustrated in Fig. 10(a) where the objective is to match the physics of the transducer to the physics of
measurement140;142. Fig. 10(a) shows key performance metrics that can be optimized using an end-to-end co-
design approach (see Section 2.4.1 and PRD 6 for comprehensive co-design methodologies). Research objectives
address multiple interconnected challenges:

Noise and nonlinearity exploitation: Research must address how noise, device and system non-linearity, and
other analog artifacts impact transduction and how these physical phenomena can be exploited for computation
(see Section 2.3.1 for mathematical frameworks for noise, variability, and their mitigation), including developing
physics-based models that accurately predict noise propagation and its impact on computational fidelity.

Information-theoretic limits: Research must explore analog computing paradigms that can maximize informa-
tion flow and operate at the fundamental limits of information transduction, signal acquisition, and measurement,
establishing theoretical bounds on achievable information rates for different sensing modalities and analog pro-
cessing architectures.

Energy–information tradeoffs: Research must also explore tradeoffs governing the rate of information flow
and energy dissipation, developing analytical frameworks that relate sensing resolution, processing complexity,
and energy consumption to guide optimal system design, identifying operating regimes where analog approaches
achieve orders-of-magnitude advantages over digital counterparts.

Materials and device innovation: New materials and hardware integrated at the edge must maximize the
energy coupling shown in Fig. 10(a), focusing on device primitives that naturally implement useful computational
operations (e.g., correlation, convolution, thresholding) in the analog domain.
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DOE testbeds and validation: DOE-specific platforms and experiments143 must be established to validate
and demonstrate new approaches, creating edge-focused benchmark problems derived from real DOE applications
that feed into the shared benchmarking infrastructure in PRD 6 and enable fair comparisons between competing
approaches.

In-domain analog computing: Within-domain analog computing (e.g., all-optical processing, acoustic pro-
cessing) must be investigated to achieve high computational throughput and energy efficiency while avoiding
costly domain conversions, developing theory and design methodologies for in-domain processing across optical,
acoustic, mechanical, and electromagnetic sensing modalities.

Generalizable paradigms: General-purpose and scalable analog computing paradigms that can be applied to
different signal and transduction domains must be explored, identifying common computational primitives and
architectural patterns that enable reuse across applications.

Research in this area may lead to validated theoretical models of fundamental limits with co-design methodolo-
gies demonstrating 10× improvements in energy efficiency or latency, as well as in-domain processing prototypes
for multiple sensing modalities and a benchmark suite for analog edge computing evaluation.

6.4.2 Analog Learning and Adaptation at the Edge

As transducer arrays (MEMS microphone arrays, RF antenna arrays, optical sensor arrays) grow in size and
density, opportunities arise to exploit spatial statistics and redundancies across the array. However, extracting
relevant features while suppressing noise and irrelevant information in the analog domain—before digitization—
remains a fundamental challenge. Biological sensory systems provide compelling existence proofs: they achieve
remarkable efficiency through tight integration of sensing and computation, local adaptation, and manifold
learning—with some systems, such as chemoreceptors, operating close to the thermodynamic and information-
theoretic limit144–146 (see PRD 5 for natural and bio-inspired computing approaches).

In biological systems, sensory neurons interfacing with transducers extract salient spatio-temporal features
before encoding information as spikes for transmission to higher-level processing centers147. Unlike traditional
analog interfaces, these neuro-sensory interfaces can adapt and learn to reduce data bandwidth by extracting
only relevant information148;149. This architecture can be viewed as a high-dimensional analog-to-information
converter. An analogous approach can be applied to edge computing, where analog computation transforms the
input signal before quantization using ADCs85. As illustrated in Fig. 10(b), the information in high-dimensional
sensor data often lies on a low-dimensional manifold. The analog computing architecture must identify and track
this manifold in space-time and frequency, extracting discriminatory features for compression and classification.

The key challenge is that the analog computing frontend must adapt to track the data manifold as it drifts due
to changes in signal distribution or due to analog device artifacts such as environmental drifts and temperature
fluctuations. Due to compression and subsequent quantization, some information might be irreversibly lost. The
challenge is to identify analog computing elements (algorithms, devices, and architecture) amenable to continual
learning and adaptation at a precision where analog-to-information conversion can be successful.

Research objectives address multiple interconnected challenges:

Adaptive analog feature extraction: Analog circuit architectures must be developed that can learn and adapt
feature extractors in situ without requiring retraining in the digital domain, investigating mechanisms for local,
unsupervised learning rules implementable in analog hardware (e.g., Hebbian-like plasticity, competitive learning).

Manifold tracking algorithms: Algorithms for tracking low-dimensional manifolds in high-dimensional sensor
data using analog computation must be developed, including online adaptation strategies that account for non-
stationarity in signal statistics and hardware drift.

Noise exploitation strategies: Research must explore strategies for noise exploitation and resolution enhance-
ment including noise-shaping147, stochastic resonance150, and non-linear phenomena151, determining when and
how injected or intrinsic noise can improve analog information processing.

Spatio-temporal processing: Analog architectures must be developed to exploit spatial redundancy across
transducer arrays and temporal correlations in sensor signals, designing efficient analog correlation and convolution
primitives for array processing.

Continual learning in analog: Continual learning paradigms must be investigated for analog systems that can
adapt to new tasks and environments without catastrophic forgetting, developing metrics to quantify learning
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performance and generalization in analog systems.

Hardware-algorithm co-design: Learning algorithms must be co-designed with analog hardware primitives to
maximize efficiency, identifying computational operations that are naturally efficient in analog (e.g., multiply-
accumulate, nonlinear activation functions, winner-take-all) and building learning algorithms around these prim-
itives.

Research in this area may lead to demonstrated analog learning systems with 100× data bandwidth reduction
while preserving task-relevant information, including continual learning prototypes adapting to non-stationary
environments, as well as validated noise exploitation strategies with co-designed learning architectures achieving
10× energy efficiency gains over digital baselines.

6.4.3 Novel Devices and Architectures for Analog Edge Computing

To support new analog computing paradigms at the edge, new devices, compute architectures that can efficiently
incorporate these devices, and energy-efficient interfaces to the architecture will be required. This necessitates
exploration of unconventional computing approaches that go beyond traditional digital computing methods while
addressing the unique constraints of edge deployments: extreme energy efficiency, compact form factors, operation
in harsh environments, and real-time processing.

Research objectives span multiple interconnected areas:

Emerging device primitives: Emerging computing and storage devices such as memristors, tunneling devices,
phase-change materials, and spintronic devices must be explored to achieve scale and robustness while operating
at high energy efficiencies, investigating device characteristics that enable native analog operations (e.g., multiply-
accumulate, nonlinear activation, correlation) with minimal energy overhead.

Compute-in-memory for edge: The synergy between state-of-the-art practices like CiM, analog, and digital
computing and how these practices can be adapted and optimized for edge computing constraints must be
explored (see PRD 2 for comprehensive discussion of CiM and mesh architectures for HPC), developing edge-
specific CiM architectures that balance programmability, precision, and energy efficiency.

Task-driven architecture optimization: Problem complexity and figures of merit relevant to edge tasks (infor-
mation bandwidth, recognition rates, false alarm rates, latency, energy per inference) must be defined and used
to optimize analog computing architectures, developing analytical frameworks that map application requirements
to optimal architectural choices.

Few-shot and zero-shot learning architectures: Analog computing architectures and operations must be
designed to minimize the data required for calibration and training using one-shot or zero-shot learning paradigms,
investigating meta-learning approaches implementable in analog hardware that enable rapid task adaptation with
minimal examples.

Noise-aware design: Device and system noise must be exploited to design analog processors at the edge,
developing metrics that incorporate noise into physical modeling and identifying computational tasks where
noise can be beneficial (e.g., stochastic sampling, exploration in optimization, regularization), creating design
methodologies that co-optimize signal and noise characteristics.

Analog–digital trade-off analysis: Analog computing dynamics and representations must be rigorously an-
alyzed to compare trade-offs versus digital design, developing quantitative models that predict when analog
approaches will outperform digital alternatives for specific tasks and constraints (energy budget, latency require-
ments, precision needs).

Benchmarking and validation: End-to-end benchmarking of analog computing at the edge and its benefits
compared to traditional approaches must be conducted, establishing standardized benchmarks derived from DOE
applications (e.g., particle detection, fusion diagnostics, quantum control) that enable fair comparisons across
different analog architectures and against digital baselines.

In-domain computing modalities: In-domain computing modalities beyond electronics, such as optical comput-
ing, acoustic computing, and mechanical computing, must be explored, developing theory and design principles
for in-domain processing that maximizes energy coupling and minimizes conversions, and investigating hybrid
approaches that combine multiple physical domains.

Programmability and software integration: The programmability of analog computing systems and their
compatibility with existing and proven algorithms must be ensured by leveraging the common analog intermediate
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representation (intermediate representation (IR)) and compiler toolchain defined in PRD 6; developing edge-
specific high-level programming abstractions and runtime systems that enable non-experts to deploy analog edge
computing solutions; and creating standardized interfaces between analog and digital components.

Research in this area may lead to novel analog edge computing device prototypes achieving 100× energy
efficiency improvements with validated architectures for DOE application domains, as well as a benchmark suite
spanning diverse sensing modalities with demonstrated few-shot learning systems and programmable platforms
featuring open-source toolchains.

6.5 Key Takeaways

This PRD addresses the critical challenge of data proliferation from next-generation sensors through analog
computing integrated directly with sensing and transduction. Three interconnected research directions provide a
comprehensive path forward:

• Fundamental Limits through Co-Design: Establishing theoretical frameworks for understanding the physical
limits of analog information processing at the edge, including energy-information tradeoffs and optimal coupling
between sensing and computation.

• Analog Learning and Adaptation: Developing algorithms and architectures for in situ learning that can adapt
to non-stationary environments and extract task-relevant features in the analog domain, achieving bandwidth
reduction while preserving scientific fidelity.

• Novel Devices and Architectures: Creating specialized analog computing primitives and system architectures
optimized for edge constraints of energy, latency, form factor, and harsh environments—including radiation-
hard devices for DOE facilities.

• DOE-Specific Applications: Real-time feature extraction from particle detectors, sub-microsecond feedback
for quantum systems, plasma diagnostics for fusion stabilization, and massive deployments for climate and
environmental monitoring represent high-impact targets.

• Cross-PRD Integration: Edge computing leverages device primitives (PRD 3), connects to mathematical
foundations for information-theoretic limits (PRD 1), complements high-performance systems (PRD 2), and
benefits from natural computing approaches (PRD 5) and co-design methodologies (PRD 6).

Success requires addressing key scientific challenges: understanding noise and nonlinearity as both limiting fac-
tors and computational resources; developing rigorous theoretical frameworks linking information theory, physics,
and computation; and creating end-to-end co-design methodologies that simultaneously optimize sensing, analog
processing, and digital interfaces.

43



2024 Analog Computing for Science Workshop PRD 5: Natural Computing

7 PRD 5: Harnessing, Enhancing, and Inspiring Efficient Computation through
Natural Systems

7.1 Introduction and Vision

Natural systems—from biological cells to physical spin networks—demonstrate remarkable computational capa-
bilities surpassing conventional computing in energy efficiency, adaptability, and robustness. Modern electronic
components are individually more efficient than neurons, yet paradoxically consume orders of magnitude more
power when assembled into AI systems. Biological and physical systems perform complex computations at energy
scales orders of magnitude lower by harnessing natural dynamics: chemical reaction networks, coupled oscillators,
organoid assemblies, magnetic spin interactions. For select tasks, these approaches avoid inefficient mappings
such as binarization, providing massive concurrency at low energy costs. Chemical and biological substrates also
enable computation in environments fundamentally incompatible with electronics—inside cells, within tissues,
and in molecular systems—opening entirely new application domains.

Key Research Questions: How can we harness computational principles from natural systems to over-
come the energy and scaling limitations of conventional computing? What programming abstractions, control
mechanisms, and interfaces are needed to make natural computing practical for DOE applications? Can we
establish theoretical foundations that predict capabilities and guide co-design of natural computing substrates
across physical, chemical, and biological modalities?

Vision: This PRD envisions establishing natural computing as a transformative paradigm complementing
conventional computation through: (1) achieving biological-level energy efficiency for broad application classes,
(2) developing intuitive programming tools enabling non-specialists to deploy natural computing solutions, (3)
creating self-organizing adaptive systems that leverage inherent physical dynamics, (4) seamlessly integrating
natural computing into mainstream computational ecosystems, and (5) establishing natural computing as an
enabling technology for DOE’s scientific mission.

7.2 Goals and Desired Outcomes

The development of natural computing requires progressively ambitious, coordinated efforts to establish it as a
transformative paradigm complementing conventional computation. Main research needs follow.

• Theoretical Foundations: Develop theoretical frameworks predicting performance bounds for diverse natural
computing approaches.

• Programming and Control: Develop comprehensive programming tools (high-level abstractions) for selected
natural computing modalities (physics-based, chemical, biological) that target the common analog IR and
compiler toolchain defined in PRD 6; contribute substrate-specific backends, runtime control, and robust
bidirectional interfaces enabling hybrid system demonstrations with conventional computing infrastructure.

• Scaled Demonstrations: Demonstrate scaled prototype implementations with practical relevance beyond
laboratory proofs of concept, establishing initial fabrication standards and reproducibility protocols for key
natural computing elements, while leveraging the cross-cutting manufacturing and metrology framework in
Section 2.5 with modality-appropriate assays and biosafety.

• Benchmarking Frameworks: Establish standardized characterization and benchmarking protocols enabling
fair comparisons across natural computing modalities and against conventional computing baselines, building
on Sections 2.5 and 2.4.3.

• Mainstream Integration: Enable non-specialists to readily deploy natural computing solutions through seam-
less integration into mainstream computational ecosystems, with comprehensive design automation integrated
with the standardized IR and compiler toolchain from PRD 6, spanning theory, programming, and hardware
implementation.

• Advanced Energy Efficiency: Achieve biological-level energy efficiency approaching thermodynamic limits
for broad application classes, with deployed natural computing accelerators at DOE HPC facilities achieving
order-of-magnitude improvements in energy-per-operation for target workloads.

• Adaptive Systems: Develop self-organizing, adaptive computing systems that leverage emergent dynam-
ics and learn from environmental feedback, establishing natural computing as an indispensable mainstream
paradigm complementing digital approaches for high-impact scientific and engineering challenges.

44



2024 Analog Computing for Science Workshop PRD 5: Natural Computing

• Novel Application Domains: Deploy chemical and biological computing in environments inaccessible to
electronics (inside cells, within tissues, harsh chemical conditions) for applications in smart therapeutics,
environmental monitoring, and synthetic biology.

7.3 State of the Art

Natural computing encompasses diverse approaches—physics-based systems (Ising machines, coupled oscillators),
biological/chemical substrates (DNA circuits, organoids, reaction networks), brain-inspired analog circuits, and
engineered dynamical systems. While recent progress demonstrates compelling advantages for specific tasks,
fundamental limitations prevent broader adoption and scaling to DOE-relevant problem sizes.

Programmability and Abstraction Gaps: Current natural computing systems require expert-level manipu-
lation of low-level physical, chemical, or biological parameters. High-level programming abstractions analogous
to conventional languages are largely absent. Problem mapping requires manual translation from computational
goals to substrate-specific configurations (Hamiltonian parameters, reaction concentrations, network topologies),
severely limiting accessibility and development speed.

Scalability and Fabrication Challenges: Laboratory demonstrations rarely scale beyond small proto-
types. Physics-based systems face device imperfections, parameter drift, and connectivity constraints. Bio-
logical/chemical systems struggle with long-term stability, reproducibility, and contamination. Brain-inspired
analog circuits cannot replicate the brain’s massive fan-out and adaptive plasticity within current technology
constraints. Scaling from dozens to thousands or millions of computational elements remains an open challenge
across all modalities.

Control, Robustness, and Noise Management: Natural systems exhibit inherent stochasticity, variabil-
ity, and sensitivity to environmental factors (temperature, electromagnetic interference, biological evolution).
Effective control with limited observability and actuation points is poorly understood. Verification and vali-
dation techniques for analog, stochastic computation are immature. While noise can sometimes be harnessed
constructively (stochastic resonance, annealing), systematic methods to manage or exploit variability are lacking.

Interface and Integration Deficiencies: Efficient bidirectional transduction between natural computing
elements and conventional digital electronics remains a critical bottleneck. Signal conversion across physical
domains (chemical concentrations to voltages, optical to electrical, quantum to classical) introduces noise, latency,
and energy overhead that can negate natural computing advantages. Lack of standardized interfaces prevents
seamless integration with existing HPC infrastructure.

Learning Paradigms and Biological Efficiency: Artificial neural networks typically rely on top-down global
optimization requiring centralized weight updates and full network information propagation. In contrast, biological
neurons adapt locally in a bottom-up manner, using only information available at individual synapses without
requiring global coordination. This local learning paradigm is dramatically more energy-efficient and inherently
tolerant to defects and damage—addressing critical vulnerabilities of traditional analog computation. Additionally,
biological systems achieve computational sophistication through combinatorial interactions of simple building
blocks, as exemplified by gene regulatory networks and molecular signaling pathways, where complex behaviors
emerge from relatively simple components operating under local rules. Understanding and replicating these
principles could unlock new pathways to energy-efficient, robust analog computing.

7.4 Research Directions

Four research directions structure this PRD, as illustrated in Figure 11. Theoretical foundations provide unified
frameworks, performance bounds, and local learning formalisms across all substrate modalities. Programming
infrastructure translates these frameworks into domain-specific languages (DSLs) and control mechanisms that
target a shared analog IR. Devices and architectures realise the three substrate families at scale and interface
them with conventional computing. Benchmarking and scalability assessment closes the loop, driving hardware
priorities and validating deployment readiness.

7.4.1 Theoretical Foundations and Modeling

Natural computing systems lack the comprehensive theoretical frameworks that guide conventional computing
design. Without rigorous mathematical theories, we cannot predict performance bounds, understand fundamental
limits, or systematically optimize designs. Analogous to how quantum information theory revolutionized quantum
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Figure 11: Overview of the four research directions in PRD 5. Theoretical foundations ground the programming layer, which
in turn guides device and architecture development across three substrate modalities (physics-based, biological/chemical,
and brain-inspired). Benchmarking drives hardware priorities and validates scalability toward deployment.

computing, natural computing requires unified theories encompassing physics-based, biological, and chemical
computation.

Research objectives include developing comprehensive mathematical frameworks unifying diverse natural
computing approaches, capable of describing memory models (fixed-point attractors, sequential memories),
information-theoretic properties of analog systems, and complexity measures for physics-based and biological
computation; characterizing how biological systems achieve computational sophistication through combinatorial
interactions of simple building blocks—such as gene regulatory networks and molecular signaling pathways—
and formalizing principles of local, bottom-up learning that enable energy efficiency without requiring global
optimization; establishing clear performance bounds and fundamental limits, including theories linking energy
dissipation, information processing capacity, and system robustness; and creating predictive simulation and emu-
lation tools that accurately model complex dynamics before costly fabrication, enabling design space exploration
and verification.

Research in this area may lead to a unified theoretical framework providing design principles across modalities
with performance bounds and complexity measures enabling rigorous comparison across natural and conventional
computing, as well as validated simulation tools achieving 10× faster design cycles with energy-information-
robustness trade-off theories to guide system design.

7.4.2 Programming, Control, and Verification

Current systems demand manual manipulation of substrate-specific parameters, creating barriers for DOE applica-
tion scientists. Controlling stochastic, partially observable systems with delayed feedback requires fundamentally
new control theories beyond conventional approaches.

Research objectives include developing intuitive, expressive domain-specific languages (DSLs) for natural
computing that directly express concepts such as reaction networks, cellular interactions, physical dynamics, and
emergent collective behaviors, and that compile to the common analog IR from PRD 6; creating substrate-specific
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backends and runtime adapters translating programs to diverse platforms (physics-based, chemical, biological)
while optimizing for each platform’s unique characteristics (low energy, massive parallelism, inherent adaptivity);
advancing control theory and reinforcement learning methods for systems with largely unobservable, noisy, and
delayed feedback—particularly critical for biological and chemical substrates; establishing rigorous verification
and validation techniques for stochastic analog computation, including formal methods adapted to continuous
dynamics; and developing techniques for precisely guiding self-organizing dynamics toward desired computational
states through targeted perturbations and engineered feedback loops.

Research in this area may lead to high-level programming languages leveraging the unified toolchain to achieve
100× programming time reduction, enabling application scientists to deploy natural computing without substrate
expertise; control methods operating with limited observability; verification techniques for analog stochastic
computation; and demonstrations of feedback-guided self-organization for multiple modalities.

7.4.3 Devices, Architectures, and Hybrid Integration

Natural computing’s promise depends on practical implementations spanning diverse physical, chemical, and
biological substrates. Each modality offers unique advantages: physics-based systems leverage intrinsic dynamics
for solving hard problems (optimization, differential equations); chemical and biological substrates approach
thermodynamic efficiency limits; brain-inspired circuits promise massive parallelism. However, isolated substrate
development is insufficient—seamless integration with conventional computing through hybrid architectures is
essential for DOE adoption.

Research objectives include advancing physics-based computing systems—coherent Ising machines152, cou-
pled oscillator networks, optical computing, and analog differential equation solvers—by addressing device imper-
fections and parameter drift, developing precise fabrication and calibration methods, creating efficient problem-
to-Hamiltonian mapping techniques, designing architectures that scale to large problem sizes while managing
connectivity and signal integrity, and mitigating environmental sensitivity (thermal fluctuations, electromagnetic
interference); developing chemical and biological substrates, including DNA strand-displacement circuits153;154

implementing arbitrary reaction networks with analog signal processing, protein-based circuits that achieve robust
adaptation in living cells155;156, organoid-based computation, in vitro neural networks, and non-DNA substrates
(protein conformational changes, lipid membrane dynamics, metabolic fluxes), while advancing molecular analog
computing for smart therapeutics157;158 that detect specific disease states and autonomously generate thera-
peutic responses by differentially weighting multiple molecular signatures and biosensors159 with sophisticated
decision-making capabilities, and addressing scalability160, long-term stability, reproducibility, efficient readout
mechanisms, and cytomorphic compilation backends161 translating chemical models to analog circuits for real-
time simulation via the shared compiler infrastructure from PRD 6; bridging the gap between theoretical models
and practical hardware by developing sophisticated input/output systems for faithful signal transduction, control
mechanisms that enable external manipulation of system parameters despite limited observability and inherent
stochasticity, adaptive control strategies that learn system dynamics from noisy measurements, feedback pro-
tocols that maintain desired computational states, and interface standards enabling reproducible experimental
validation; advancing brain-inspired analog circuits through alternative materials such as memristors40;162 and
disordered memristive networks163, 3D integration and heterogeneous computing for brain-like connectivity, ad-
dressing analog component reliability, power consumption, and scalability challenges164, and driving truly analog
implementations—beyond digital neuromorphic chips such as TrueNorth, Loihi2, and SpiNNaker—that achieve
the brain’s fan-out and adaptive plasticity; and creating efficient interfaces between natural and conventional com-
puting (see Section 2.3.2), including chemo/bio-electronic interfaces with high-fidelity signal conversion (chemical
concentrations ↔ voltages, optical ↔ electrical), digital-physical hybrid frameworks integrating physics-based ac-
celerators (Ising machines, oscillator networks) with CPU/GPU infrastructure, clear interface standards ensuring
interoperability, and co-design methodologies (Section 2.4.1 and PRD 6) for hybrid systems.

Chemical and biological substrates offer a distinctive advantage: they operate in environments inaccessible
to conventional electronics—inside cells, within biological tissues, and in molecular self-assembly or DNA data
storage systems. Biological chemical computation achieves costs per logical operation six orders of magnitude
lower than those of electronic computers, a proof of principle that evolution has optimized these processes for
energy conservation. Research in this direction may also benefit from connections to DOE’s Biological and
Environmental Research (BER) program, particularly the Biological Systems Science Division (BSSD), which
addresses fundamental design principles of biological systems relevant to understanding and engineering biological
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computation.

Research in this area may lead to testbed demonstrations spanning physics-based, chemical/biological, and
hybrid modalities for DOE applications, achieving 1000× energy efficiency improvements for optimization and sim-
ulation tasks; standardized interface protocols with fabrication standards achieving 10× improved reproducibility;
and scalable architectures (10,000+ elements) with validated hybrid systems achieving synergistic performance.

7.4.4 Characterization, Benchmarking, and Scalability

Without standardized benchmarks and measurement techniques, natural computing progress cannot be rigorously
assessed or compared across modalities and against conventional approaches. The current lack of metrics, repro-
ducibility challenges, and unclear scaling paths hinder both research prioritization and DOE adoption decisions.
Community-driven standards are essential to transition from ad-hoc demonstrations to systematic engineering.

Research objectives include developing community-driven benchmark suites analogous to NeuroBench165 and
MLPerf166, tailored to natural computing’s unique capabilities and operational regimes (see Section 8.4.5 for
comprehensive benchmarking discussion); creating problem sets capturing aspects beyond traditional metrics:
energy efficiency (operations/watt, solutions/joule), solution quality for optimization tasks, robustness to noise
and variability, adaptability, and convergence time; establishing measurement techniques accurately quantifying
performance in inherently analog, stochastic systems; creating comprehensive comparative frameworks enabling
meaningful evaluation across physics-based, chemical/biological, and brain-inspired approaches, and against con-
ventional digital methods; addressing scalability systematically by developing architectural principles, fabrication
reliability standards, and communication protocols (see Section 2.3.3) to transition from laboratory prototypes
to DOE-relevant scales while maintaining computational coherence and efficiency; and establishing standards for
integration with conventional digital systems, including physical/logical interfaces and software frameworks.

Research in this area may lead to benchmark suites covering optimization, differential equations, pattern
recognition, and DOE-specific applications with standardized measurement protocols achieving 10× improved
reproducibility; comparative frameworks enabling rigorous cross-modality evaluations; scaling roadmaps identify-
ing bottlenecks; and demonstrated scalability from laboratory (10–100 elements) to practical systems (10,000+
elements).

7.5 Key Takeaways

Natural computing addresses fundamental limitations of conventional computing through four interconnected
research directions, with key points summarized below.

• Theoretical Foundations: Predictive models, performance bounds, and unified frameworks across physics-
based, chemical, and biological modalities provide the scientific grounding for natural computing—including
understanding how biological systems achieve computational sophistication through combinatorial interactions
of simple building blocks.

• Programming Infrastructure: High-level languages, automated compilation, and robust control methods for
stochastic systems enable non-experts to deploy natural computing solutions, dramatically lowering barriers to
adoption.

• Practical Implementations: Physics-based accelerators (Ising machines, oscillators), chemical/biological sub-
strates (DNA circuits, organoids), brain-inspired analog circuits, and hybrid architectures seamlessly integrating
with conventional computing provide diverse pathways to achieving natural computing’s potential.

• Evaluation Methodologies: Benchmarks, measurement standards, and scaling roadmaps enable rigorous
progress assessment and guide DOE investment toward highest-impact opportunities.

• DOE Mission Applications: Energy systems (real-time power control, grid optimization), scientific computing
(plasma dynamics, multi-physics modeling, molecular dynamics), and sensing/control in extreme environments
represent transformative targets for natural computing.

• Cross-PRD Integration: Natural computing leverages mathematical foundations (PRD 1), device primitives
(PRD 3), complements high-performance (PRD 2) and edge computing (PRD 4), and benefits from co-design
methodologies (PRD 6).

Success requires coordinated efforts across all four directions—isolated advances are insufficient. Co-design
spanning theory, programming, devices, and hybrid integration is essential to realize transformative impact.
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8 PRD 6: Cross-Cutting Multi-Granularity Co-Design Methods

8.1 Introduction and Vision

As detailed in Section 2.4, co-design methodologies are essential for translating analog computing innovations
into practical systems. Hardware-software co-design principles, hardware-aware algorithm development, and
standardized benchmarking frameworks provide the foundation for integrated system development. However,
realizing these principles for analog computing requires addressing specific research gaps and developing new
tools, methodologies, and infrastructure.

This PRD identifies the research directions needed to build a comprehensive co-design ecosystem for analog
computing. While digital computing benefits from mature design automation, programming models, and evalu-
ation frameworks developed over decades, analog computing lacks equivalent infrastructure. The challenges are
fundamental: continuous computation models defy traditional abstraction layers, device non-idealities propagate
through the stack, and application-specific trade-offs require simultaneous optimization across materials, circuits,
architectures, and algorithms.

Key Research Questions: How do we build multi-granularity modeling frameworks that capture analog
behavior from device physics to system architectures? What programming abstractions and compiler toolchains
enable productive development while preserving analog efficiency? Can we develop automated design space explo-
ration tools that navigate the complex trade-offs inherent in analog systems? How do we establish benchmarking
infrastructure that enables fair comparison across diverse analog computing approaches?

Vision: Figure 12a illustrates the full software/hardware stack that must be addressed, from algorithms and
programming interfaces through architectures, circuits, and device models. Figure 12b depicts the integrated
co-design flow encompassing modeling, software development, automated tools, and benchmarking. Success
requires bridging fundamental research gaps in each area while ensuring the components work together as a
cohesive ecosystem.

8.2 Goals and Desired Outcomes

The overarching goal is to develop a comprehensive co-design ecosystem that enables efficient development,
optimization, and deployment of analog computing systems across the full spectrum from HPC platforms to
edge devices, supporting cross-layer design space exploration, providing reusable tools and methodologies, and
accelerating the path from innovative devices to practical systems. Main research needs follow.

• Unified Modeling Frameworks: Establish multi-resolution simulation frameworks accurately modeling analog
hardware from device physics through system architectures, with validated models for major analog comput-
ing paradigms achieving 10× speedup over SPICE-level simulation while maintaining fidelity for algorithm
development.
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• Software Stack Foundations: Develop domain-specific languages, compiler toolchains, and runtime systems
for analog computing platforms, demonstrating automated compilation and deployment of scientific workloads
with correctness guarantees through formal verification methods adapted to continuous computation models.

• Automated Co-Design Tools: Create AI-guided design space exploration tools for joint hardware-software
optimization across multiple stack layers, demonstrating 100× reduction in designer time for co-optimizing
hybrid analog-digital systems.

• Rapid Prototyping Platforms: Establish rapid prototyping platforms enabling quick cycles from concept to
physical validation with seamless analog-digital integration.

• Benchmarking Infrastructure: Establish community-driven benchmark suites with standardized metrics, ref-
erence implementations, open-source hardware models, and cloud-accessible testbeds for major analog com-
puting technologies, drawing on domain-specific benchmark problems defined in the application-focused PRDs
(e.g., high-performance analog computing in PRD 2 and edge and in-sensor computing in PRD 4).

• End-to-End Automation: Achieve push-button design flows automatically synthesizing optimized analog
computing systems from high-level application specifications, enabling design space exploration encompassing
1000+ hardware/software co-design points within practical timeframes.

• Cross-Platform Portability: Develop hardware-agnostic intermediate representations and compilation frame-
works enabling algorithm portability across diverse analog computing platforms with automated platform-
specific optimization and mature verification methodologies.

• Community Ecosystem: Build a vibrant research community with shared tools, datasets, benchmarks, and
fabrication access, reducing barriers to entry and enabling researchers to focus on innovation, with demon-
strated 10× time-to-prototype improvements and commercial adoption by industry partners.

8.3 State of the Art

Current approaches to analog computing system design are predominantly serialized and fragmented across
disciplines. Materials scientists and device physicists develop novel devices often in isolation for years before circuit
designers and architects begin developing peripherals and system architectures. This protracted serial process
means device technologies may take decades to reach commercially viable systems—a timeline incompatible with
the rapid pace of scientific computing needs.

Modeling and Simulation Limitations: Existing simulation tools operate at specific abstraction levels
with limited cross-layer integration. Device-level SPICE simulations provide high fidelity but are computationally
prohibitive for system-scale exploration (billions of cycles required for software development). Higher-level be-
havioral models often oversimplify critical analog phenomena—variability, parasitics, nonlinearity, noise—leading
to poor predictive accuracy at scale. Frameworks such as CrossSim167 address some challenges for specific
analog paradigms (e.g., crossbar arrays) but lack generalizability across diverse analog computing approaches.
The absence of standardized interfaces between modeling layers forces researchers to develop bespoke solutions,
resulting in substantial duplicated effort and hindering model reuse across the community.

Software Stack Gaps: Unlike digital systems with mature abstractions (instruction set architectures (ISAs),
compilers, runtime systems), analog computing lacks foundational software infrastructure. Most analog systems
require manual low-level programming with limited portability. Compiler technologies for analog are nascent, with
few attempts at hardware-aware optimization or automated mapping of algorithms to analog hardware. Formal
verification methods designed for discrete Boolean logic do not transfer to continuous analog computation models,
leaving correctness verification largely unaddressed. The absence of domain-specific languages and standardized
programming models forces each research effort to reinvent basic software infrastructure.

Co-Design Tool Deficiencies: Existing electronic design automation tools (EDA) focus on single abstrac-
tion layers with limited cross-stack optimization capabilities. Manual co-design efforts, while successful in limited
demonstrations, require deep expertise spanning materials through algorithms—skills rarely possessed by individ-
ual researchers and not systematically taught. AI-guided design tools for analog are emerging, including evolu-
tionary algorithms for device-level synthesis168, reinforcement learning for circuit design and optimization169–171,
generative AI for circuit characterization172;173, physics-informed neural networks as device/circuit surrogates174,
and hybrid ML methods for material optimization175;176. However, these remain specialized to narrow problem
domains (e.g., specific circuit topologies or device classes) rather than providing general-purpose design space
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exploration across the full analog computing stack. The lack of integrated toolchains spanning the full stack
forces protracted design cycles and limits exploration of novel analog computing architectures.

Rapid Prototyping Limitations: Analog system development faces long iteration cycles due to limited
rapid prototyping infrastructure. While digital FPGAs revolutionized digital design by enabling quick iterations,
analog equivalents remain nascent. Reconfigurable FPAAs16;54;92 exist but have limited scale and routing re-
sources. Chiplet-based approaches177 promise modular composition but lack mature analog-specific interconnect
standards. Analog standard cell libraries178;179 and associated synthesis tools55;92;94 are emerging but not yet
production-ready. Hybrid analog-digital integration within commercial FPGAs180–183 provides limited analog
capabilities focused on narrow use cases. These prototyping platforms remain fragmented without common ab-
stractions or interfaces, requiring significant expertise to use effectively and limiting accessibility for algorithm
developers and domain scientists.

Benchmarking and Evaluation Challenges: Standardized evaluation frameworks are addressed in Sec-
tion 8.4.5.

8.4 Research Directions

This section outlines five interconnected research directions that together comprise a comprehensive co-design
framework for analog computing systems. Each direction addresses critical gaps identified in the state of the art
while building toward an integrated ecosystem.

8.4.1 Hardware Modeling and Simulation Frameworks

Hardware modeling and simulation frameworks are foundational to co-design, enabling prediction of system perfor-
mance, evaluation of design trade-offs, and optimization before costly physical fabrication. Models must capture
complex continuous signal dynamics—including nonlinearity, noise, variability, and temperature dependencies—
across multiple abstraction levels from device physics to system architectures. Current tools either provide
high-fidelity device simulation (prohibitively expensive for system-scale exploration) or oversimplified behavioral
models (insufficient for accurate prediction). Multi-resolution frameworks that balance accuracy and computa-
tional efficiency are essential for practical co-design.

Research objectives include developing parameterized, multi-resolution modeling frameworks that span device,
circuit, architecture, and system levels with standardized interfaces between layers; enabling co-simulation of
analog and digital elements within unified frameworks; creating scalable models supporting tens to hundreds of
core analog compute units with various interconnect technologies (digital-CMOS, analog, photonics); establishing
generic interface standards for analog-digital integration compatible with emerging protocols (e.g., Compute
Express Link (CXL) for chiplet communication); and extending frameworks such as Crosssim167 to represent
emerging device/material characteristics, hardware-in-the-loop simulation, and seamless digital co-simulation
integration. Models should be amenable to optimization algorithms and design space exploration tools while
maintaining sufficient fidelity for algorithm development.

Research in this area may lead to multi-resolution simulation frameworks achieving 10× to 100× speedup
versus SPICE while maintaining <10% error for key metrics, with open-source model libraries demonstrating
scalability to system-level designs, and reduced designer time by 5× through model reuse and standardized
interfaces.

8.4.2 Software Stack Development

Software infrastructure—programming languages, compilers, runtime systems—is critical for making analog hard-
ware accessible and usable for scientific applications. Consistent with its cross-cutting scope, this PRD is the
canonical home for intermediate representations and compiler toolchains that are referenced by other PRDs
(e.g., PRD 1, PRD 4, PRD 5). Without robust software stacks, each analog system requires manual low-level
programming, limiting adoption and preventing algorithm portability across platforms.

Research objectives include developing domain-specific languages (DSLs) and programming application pro-
gramming interfaces (APIs)—both standalone and embedded in Python/Julia—enabling high-productivity pro-
gramming of analog systems, applying algorithm design principles from PRD 1 to practical programming; creating
analog intermediate representations (IRs) analogous to Low Level Virtual Machine (LLVM) IR that implement
semantic foundations for representation developed in PRD 1, supporting hardware-agnostic mid-end optimiza-
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tions while targeting diverse analog backends; designing hardware-aware compilers that map algorithms to analog
hardware while applying compensating optimizations for non-idealities (e.g., gain compensation, noise mitigation
based on noise-aware optimization frameworks from PRD 1); building runtime systems for hardware charac-
terization, calibration leveraging precision-convergence theory from PRD 1, configuration, and orchestration of
hybrid analog-digital computations; establishing formal verification methods adapted to continuous computa-
tional models building on PRD 1’s formal models and canonical computation frameworks, including computer
algebra systems for mathematical rewriting and dynamical systems analysis for equivalence checking; developing
multi-chip mapping algorithms for heterogeneous analog-digital systems; creating correctness-preserving program
transformation techniques ensuring semantic preservation across abstraction layers; and extending initial efforts
in analog high-level synthesis (HLS) for design space exploration55 to production-quality toolchains.

Research in this area may lead to complete software toolchains demonstrating automated compilation from
high-level DSLs to hardware with hardware-aware optimizations achieving 2× to 10× improvements versus naive
mappings; formal verification frameworks with reusable compilation passes demonstrating portability across analog
hardware types; and accessible programming tools enabling domain scientists to utilize analog computing without
deep hardware expertise.

8.4.3 Automated Co-Design Tools and Methods

Analog microelectronics design is labor-intensive, requiring skilled expertise, extensive simulations, fabrication,
and testing cycles. Design space exploration to identify optimal hardware/software configurations is fundamen-
tally a constrained multi-objective optimization problem in high-dimensional continuous and discrete parameter
spaces. The fundamental challenge is navigating vast, non-convex design spaces with continuous and discrete
parameters spanning multiple abstraction levels—finding Pareto-optimal designs that balance competing metrics
(fidelity, energy efficiency, area, programmability) while satisfying physical and manufacturing constraints. The
problem structure includes: (1) high-dimensional search spaces where exhaustive exploration is intractable; (2)
cross-layer coupling where changes at device level propagate through circuit, architecture, and algorithm levels,
creating complex dependencies; (3) non-convexity with local minima requiring global optimization strategies;
(4) knowledge representation challenges for encoding design expertise and constraints in tractable mathematical
frameworks; and (5) parameter variability requiring uncertainty quantification for robust designs. This connects
to established applied mathematics research areas: optimization theory for multi-objective non-convex problems,
uncertainty quantification for parameter variability and manufacturing tolerances, model order reduction for cre-
ating tractable surrogates of complex SPICE simulations, and formal verification for ensuring correctness under
varied operating conditions. Automated design space exploration tools that can simultaneously optimize across
multiple stack layers—algorithms, architectures, circuits, devices—are essential to accelerate development and
discover Pareto-optimal designs. Manual co-design is intractable for complex systems; building on PRD 1’s
computational models and completeness proofs that identify minimal primitive sets, co-design tools must find
optimal combinations and configurations of these primitives. Currently, most co-design constraints are not fully
automated, representing a significant opportunity for transformative progress9;184.

Research objectives include developing modular co-design software tools with version control, collaboration
features, and training datasets enabling multi-layer optimization; building tools capable of white-box optimiza-
tion using gradient-based methods with interpretable models (leveraging differentiable simulation frameworks)
and black-box optimization for systems too complex to differentiate, using simulator-only methods; applying
AI-guided design space exploration methods for discovering Pareto-optimal designs across the multi-objective
landscape185–187; and integrating automated testing and validation methods ensuring performance specifications
under varied conditions, building on formal verification frameworks adapted to continuous computation models
(developed in PRD 1).

Research in this area may lead to automated design space exploration tools demonstrating 100× reduction in
designer time with discovery of Pareto-optimal designs achieving 10× to 100× energy efficiency improvements
for specific workloads, as well as open-source co-design toolchains supporting diverse analog paradigms with
community datasets enabling AI-guided tool training and end-to-end integration.

8.4.4 Hardware-Algorithm Co-Optimization and Rapid Prototyping

The fundamental challenge is abstraction design: digital programming models (discrete, sequential, deterministic)
fundamentally mismatch analog phenomena (continuous, parallel, stochastic). This is a programming language
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and formal methods research problem. Analog computing’s potential can only be fully realized through algo-
rithms specifically designed to exploit continuous signals, natural parallelism, and inherent nonlinearity—rather
than simply porting digital algorithms. Building on algorithm design principles from PRD 1, hardware-aware
algorithms must account for and leverage analog-specific phenomena: noise, device variability, drift, and non-
idealities discussed in Section 2.3.1. This applies across diverse analog computing paradigms including physics-
based, chemical, and biological substrates (see PRD 5 for natural computing approaches). Conversely, hardware
should be tuned to support algorithmic requirements. This bidirectional co-optimization is crucial where physical
properties fundamentally impact computation.

Recent work7 demonstrates the transformative power of well-designed abstractions: a differentiable digital
twin of an AOC achieving over 99% correspondence with physical hardware enabled training models specifically
adapted to analog characteristics, while a co-designed fixed-point abstraction provided noise robustness. This
illustrates that abstraction design—defining the right mathematical interfaces and programming models—is as
critical as hardware design itself, enabling fundamentally new computational paradigms. The challenge is creat-
ing abstractions that preserve analog advantages while being tractable for algorithm developers, implementing
semantic foundations for representation developed in PRD 1.

Rapid prototyping capabilities—through reconfigurable platforms (FPAAs), chiplet ecosystems, and rapid IC
fabrication—are essential to validate and iterate co-optimized designs, reducing development cycles from years
to weeks. Currently, analog design requires highly trained engineers, long engineering times, and significant
financial resources, with fabrication requiring extended lead times. Reconfigurable hardware and synthesis tools
can dramatically accelerate prototyping, similar to how FPGAs revolutionized digital design.

Research objectives include developing abstraction layers defining interfaces between algorithm, architecture,
circuit, and device that preserve analog advantages (continuous-time operation, natural parallelism, physical dy-
namics) while providing tractable programming models; creating mathematical frameworks for hardware-aware
algorithms that exploit continuous computation, building on algorithm design principles from PRD 1; establishing
variability-tolerant abstractions accommodating analog non-idealities (noise, drift, device mismatch discussed in
Section 2.3.1) while maintaining composability; developing clear, formal abstractions encoding best practices and
enabling cross-disciplinary collaboration between materials scientists, circuit designers, and algorithm develop-
ers; implementing hardware-aware algorithms applying these abstractions through white/gray-box optimization
methods using gradient information from interpretable models, black-box methods for complex systems, and
on-chip training and dynamic fine-tuning mechanisms adapting to hardware imperfections in real time; creat-
ing rapid prototyping platforms including large-scale reconfigurable FPAAs16 with synthesis tools enabling rapid
design-test-iterate cycles, chiplet ecosystems with standardized interfaces preserving analog signal integrity while
enabling modular composition, hybrid analog-digital integration platforms with clear partitioning abstractions,
and testbeds validating minimal primitive sets identified through completeness analysis in PRD 1; establishing
cross-stack abstractions and interfaces enabling reusable layer-to-layer interactions, including common ISAs, IRs,
and runtime interfaces building on semantic foundations developed in PRD 1; developing calibration methods
and error compensation techniques counteracting device mismatch, drift, and environmental variations; build-
ing analog-friendly application datasets driving co-development and providing consistent comparison bases; and
fostering workforce development creating generalists with cross-stack expertise spanning materials through algo-
rithms.

Research in this area may lead to hardware-aware algorithms demonstrating 10× to 100× efficiency im-
provements for specific workloads with reconfigurable platforms enabling rapid prototyping cycles (weeks versus
years); functional analog HLS tools, chiplet ecosystems with commercially available components, and open-source
toolchains enabling broad community access; and a workforce trained in cross-disciplinary co-design methodolo-
gies.

8.4.5 Benchmarking and Evaluation Methodologies

Effective engineering and scientific progress require the ability to compare competing designs on well-defined
benchmark problems, as demonstrated by SPEC, HPL, and MLPerf for digital systems. These benchmarks focus
research efforts, enable fair comparisons, and simplify research by providing standard problems. Analog computing
faces unique evaluation challenges: performance depends on device-specific behaviors often insufficiently docu-
mented; researchers select idiosyncratic benchmarks complicating cross-work comparisons; simulation approaches
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vary widely affecting reproducibility; and model/hardware access limitations prevent validation. As highlighted in
Section 2.4.3, developing community-driven benchmarks and standardized evaluation methodologies is essential
for assessing progress and guiding efforts. Two prerequisites are critical: (1) shared, fair evaluation frameworks
for co-designed hardware; and (2) reuse and dissemination of models among industry and academia stakeholders.

Research objectives include developing robust benchmark suites with standardized problems sensitive to
important analog dynamics (nonlinearity, noise, variability) that provide meaningful insights rather than “too
easy” tests; establishing standardized metrics appropriate to continuous computation (energy efficiency, latency,
throughput, accuracy, area); creating reference implementations and simulation infrastructure usable across the
analog computing community with consistent configuration approaches; building open-source model libraries with
common interfaces for circuits and devices, enabling model reuse and reducing duplicated effort; developing val-
idation procedures assessing model fidelity across design scenarios; establishing cloud-based access to hardware
demonstrators for DOE and trusted partners, making hardware availability a funding requirement (similar to
artifact evaluation for AI publications); creating labeled datasets of good/bad designs enabling training of auto-
mated tools and knowledge transfer; developing frameworks enabling reuse and dissemination of compact models
for system/application-level optimization with standardized interfaces; and establishing DOE-supported shared
benchmarking infrastructure serving the analog computing research community, providing multi-level benchmark
suites spanning devices, circuits, and full systems tailored to scientific computing applications (multi-physics
modeling, materials simulation, particle physics, fusion energy), standardized measurement protocols ensuring
reproducibility across implementations, community-accessible testbeds enabling researchers to validate approaches
without requiring custom hardware access, and reference datasets and problem formulations representing DOE
mission applications. This shared infrastructure accelerates scientific discovery by enabling fair comparisons,
reducing barriers to entry for new researchers, and focusing community efforts on problems of greatest relevance
to DOE’s scientific mission rather than fragmented, application-agnostic benchmarks.

Research in this area may lead to a community-adopted benchmark suite comparable to SPEC/MLPerf with
representative workloads spanning HPC, edge computing, and scientific applications; open-source simulation
infrastructure reducing researcher model development time by 5× to 10×, with cloud-accessible testbeds enabling
reproducible research; and policy frameworks for open-sourcing benchmarks and models, accelerating field entry
and improving progress assessment through consistent evaluation metrics.

8.5 Key Takeaways

Realizing the transformative potential of analog computing for scientific applications requires a comprehensive
co-design ecosystem spanning the full stack from materials and devices through algorithms and applications.
This priority research direction addresses five interconnected challenges:

• Hardware Modeling Frameworks: Multi-abstraction-level frameworks that balance accuracy and compu-
tational efficiency enable system-scale exploration without prohibitive simulation costs, achieving 10–100×
speedup versus SPICE while maintaining fidelity.

• Software Infrastructure: Programming languages, compilers, and runtime systems adapted to continuous
computation models make analog computing accessible to domain scientists without requiring deep hardware
expertise.

• Automated Design Space Exploration: AI-guided optimization tools accelerate discovery of Pareto-optimal
designs across multiple stack layers, reducing designer time by 100× for complex co-optimization problems.

• Rapid Prototyping Platforms: Hardware-aware algorithms co-optimized with analog systems and reconfig-
urable platforms (FPAAs, chiplets) reduce development cycles from years to weeks, analogous to how FPGAs
transformed digital design.

• Standardized Benchmarking: Community-driven benchmarks and evaluation methodologies enable fair com-
parison, knowledge sharing, and rigorous progress assessment across diverse analog computing approaches.

• Cross-PRD Integration: Co-design methodologies provide the integration fabric enabling all other PRDs to
translate advances into deployable systems—accelerating mathematical foundations (PRD 1), high-performance
architectures (PRD 2), device primitives (PRD 3), edge computing (PRD 4), and natural computing (PRD 5).

Success requires not just technical advances but cultural shifts: open-source tool and model sharing, cross-
disciplinary workforce development, and community-driven standards for evaluation and validation. The method-
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ologies developed here will transfer to other emerging paradigms—quantum, neuromorphic, photonic—facing
similar cross-layer optimization challenges.

55



2024 Analog Computing for Science Workshop PRD 6: Co-Design Methodologies

9 Conclusions

The six PRDs outlined in this report collectively define a comprehensive research agenda for analog com-
puting that addresses fundamental scientific questions while establishing practical pathways toward deployment
for DOE mission applications. This concluding section synthesizes the anticipated scientific and technological
impacts across all PRDs, highlighting how coordinated investment in these interconnected research directions
can transform computational capabilities for scientific discovery.

9.1 Scientific Impact

Advancing analog computing will yield transformative scientific contributions spanning theoretical foundations,
computational capabilities, and cross-disciplinary understanding in important fields such as applied mathematics,
computer science, and AI.

At the theoretical level, research in mathematical foundations (PRD 1) will establish analog computation as
a rigorous discipline comparable to digital computing theory. Completeness proofs, complexity characterizations,
and formal computational models will provide the theoretical grounding needed to guide hardware development
and algorithm design across all application domains. The development of analog numerical analysis—a new
subdiscipline extending classical numerical analysis to account for analog-specific error modes such as noise, drift,
and device variability—will enable reliable algorithm design with predictive performance models. Beyond classical
computation theory, research into noise as a computational resource will provide mathematical understanding
of when and how stochastic processes can enhance optimization and sampling, transforming what is typically
viewed as a limitation into a design advantage.

These theoretical advances will enable previously intractable computational capabilities. High-performance
analog systems (PRD 2) will enable long-time simulations for multi-physics models such as fluid dynamics—
computations where digital systems struggle with numerical degradation. Analog accelerators for differential
equations, optimization, and matrix operations (PRD 3) will achieve order-of-magnitude improvements in energy
efficiency for computational kernels central to SC mission space and beyond. Edge computing systems (PRD 4)
will enable real-time feature extraction from particle detectors operating at terahertz data rates, and low-latency
analog control achieving sub-microsecond feedback for quantum error correction at DOE experimental facilities.
Natural computing approaches (PRD 5) will transform power systems through real-time analog control and
planning optimization, accelerate dynamics simulations, and enable computational science over longer timescales
and larger systems than currently feasible.

This research program will also establish new paradigms for understanding computation itself. The inves-
tigation of natural computing substrates—from coupled oscillator networks and chemical reaction systems to
biological neural circuits—will bridge physics, information theory, and biology, revealing fundamental principles of
how physical systems process information. Research into the thermodynamic limits of sensing and computation
will advance understanding of energy-information relationships applicable beyond analog computing. The contin-
uous formulations of discrete problems developed through mathematical foundations research may reveal hidden
combinatorial structure in optimization problems, analogous to how the Riemann zeta function illuminates prime
number distributions.

9.2 Technological Impact

The technological advances enabled by this research program will directly benefit DOE scientific facilities while
establishing foundations for broader adoption of analog computing.

The most immediate technological impact will be deployable analog computing systems for DOE applications.
High-performance analog systems (PRD 2) targeting 100,000-element scale will integrate with conventional digital
HPC infrastructure at national laboratories, providing validated acceleration for specific computational workloads
including AI for science. Device primitives research (PRD 3) will deliver standardized fabrication processes,
process design kits, and circuit simulation models that lower barriers to analog system development and enable
broader research community participation. Edge computing advances (PRD 4) will enable order-of-magnitude
improvements in data handling for scientific facilities including light sources, colliders, and observatories, with
robust sensing and computation capabilities for operation in extreme environments where conventional electronics
fail.
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Critical to realizing these capabilities is the development of comprehensive design infrastructure. Co-design
methodologies (PRD 6) will provide automated tools that dramatically reduce barriers to analog system devel-
opment, enabling smaller research groups to innovate without requiring deep hardware expertise. Reconfigurable
platforms analogous to FPGAs for digital design will provide accessible prototyping capabilities that accelerate de-
velopment cycles from years to weeks. Open-source toolchains, model libraries, and benchmark suites will create
a vibrant ecosystem where researchers build upon rather than duplicate each other’s work, while cloud-accessible
hardware testbeds will ensure broad participation including institutions lacking fabrication resources.

The research program will also establish analog computing as an enabling technology for applications beyond
its immediate scope. Natural computing approaches (PRD 5) will provide novel co-processors and alternative com-
putational modalities for heterogeneous computing systems, dramatically reducing energy consumption of HPC
facilities to address critical sustainability challenges. Edge computing capabilities will enable wearable and im-
plantable medical devices with onboard intelligence, massive-scale structural health monitoring with self-powered
sensors, and distributed sensor networks with years of autonomous operation. The co-design methodologies
developed may transfer to other emerging paradigms—quantum, neuromorphic, and photonic computing—that
face similar cross-layer optimization challenges.

Finally, sustained investment in this research program will develop the workforce essential for long-term
progress. Graduate programs and textbooks in analog computational theory will train a next-generation workforce,
while cross-disciplinary training programs will create engineers with end-to-end expertise spanning materials
through algorithms. This human capital development addresses critical skills gaps that currently hinder analog
computing adoption across industry and national laboratories, ensuring sustained innovation beyond the initial
research program.

9.3 Interdependencies and Integration

The six PRDs are deeply interdependent, and realizing their full impact requires coordinated efforts across the
portfolio. Mathematical foundations (PRD 1) provide the theoretical grounding that guides hardware development
and validates complexity predictions across all application domains. Device primitives (PRD 3) supply the
physical building blocks that high-performance systems (PRD 2) and edge computing platforms (PRD 4) require
for practical implementation. Natural computing (PRD 5) explores alternative substrates and computational
principles that may yield transformative capabilities beyond conventional approaches. Co-design methodologies
(PRD 6) provide the integration fabric (the tools, abstractions, and benchmarks) that enables all other PRDs to
translate research advances into deployable systems.

Success ultimately depends on establishing a virtuous cycle where theoretical advances guide experimental
validation, hardware demonstrations inform theoretical refinements, and co-design tools accelerate this bidirec-
tional feedback. The research directions outlined in this report define the coordinated program needed to sustain
this cycle and realize analog computing’s potential for DOE scientific missions.
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Notional Questions from the Call for Position Papers

Prior to the workshop, the organizing committee identified a set of notional questions to frame the discussions
and guide the submission of position papers. These questions were designed to define the vision for the future
of analog computing for science and explore the breadth of challenges and opportunities in the field. The
accepted position papers addressed various subsets of these questions and are archived on OSTI.gov (https:
//doi.org/10.2172/2506701); the workshop discussions were structured around synthesizing answers and
identifying research directions.

The notional questions posed to the community were:

1. Application domains and metrics: For which applications does analog computation demonstrate supe-
riority, and for what metrics?

2. Energy efficiency: How does analog computation’s energy efficiency compare to digital computation in
various applications?

3. Enabling technologies: What new materials, devices, systems, design software, etc., are needed to enable
the future analog computation applications?

4. Learning from biology: What can be learned from biology’s reliance on a mixture of analog and digital
computation and applied to science and engineering problems? Examples of biological computing hardware
include regulatory reaction networks and neural tissue.

5. Mathematical frameworks: Is there a cross-cutting mathematical framework for analog computation?

6. Scalability: How do we scale analog computing systems to solve large-scale problems?

7. Fundamental limits: What are the limits of analog computing and how do we approach this limit using
practical devices, circuits, and systems?

8. Programming and software: How do we program analog computing systems? Do we need new program-
ming models and compilers? What does the software stack look like?

9. Benchmarking and standards: What benchmarks and standards are necessary to evaluate and compare
the performance of analog computing systems? How can we establish a common framework for assessing
the capabilities and limitations of different analog computing approaches?

10. Hybrid systems and sensing: How can hybrid systems that combine analog and digital computing be
designed to exploit the strengths of both approaches? What are the challenges in developing efficient in-
terfaces between analog and digital components? What opportunities or challenges does analog computing
offer for integration with sensing devices?

11. Heterogeneous systems: How do we design extremely heterogeneous systems for large-scale and edge
systems?

12. Noise and robustness: How do we address noise, variability, and robustness issues in analog computation?
How do we leverage these non-idealities?

13. Interdisciplinary collaboration: What role can interdisciplinary collaboration play in advancing analog
computation? How can fields as diverse as physics, materials science, biology, neuroscience, and computer
science contribute to the development of analog computing?

14. Workforce development: What programs and curricula must be developed to train the scientific workforce
in analog computation?

The six PRDs presented in this report represent the community’s response to these questions, synthesizing
insights from position papers, workshop discussions, and collaborative synthesis sessions. While not every question
is addressed explicitly in isolation, the research directions collectively provide a comprehensive roadmap for
advancing analog computing to meet the needs of DOE scientific computing applications.
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ADC analog-to-digital converter.
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