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Part 1: Call for Position Papers



DOE/ASCR Workshop on Analog 
Computing for Science 
Important Dates 

● July 22, 2024: Deadline for position paper submission 
● August 2, 2024: Notification of position paper acceptance  
● September 11-13, 2024: Workshop 
● WORKSHOP URL: https://www.orau.gov/2024AnalogComputingWorkshop 

Motivation 
On behalf of the Advanced Scientific Computing Research (ASCR) program in the U.S. Department of 
Energy (DOE) Office of Science, we are organizing a workshop on analog computing for science. 

Analog computing capabilities have existed since the dawn of science, but modern techniques 
potentially allow for the construction, verification, and characterization of complicated analog-
computing systems in a wide variety of contexts, from high-performance computational accelerators to 
nanorobotics and synthetic biology. In short, advances in analog computing can enable the creation of 
physical systems with complex behaviors that meet sophisticated requirements. Meeting our nation's 
needs, from needs in computing and modeling, to needs for advanced materials and energy 
technologies, continues to motivate pursuing novel kinds of complex systems, and thus analog-
computing techniques, in all of these spaces. 

The purpose of this workshop is to identify the priority research directions in analog computing for 
science. Participants will consider the status, recent trends, and challenges facing DOE's science and 
technology missions to which analog computing advances might be relevant. The workshop participants 
will then examine the opportunities, barriers, and potential for high scientific impact through 
fundamental advances in the underlying mathematical, statistical, and computational research 
foundations in addition to fundamental advances in computer science. The grand challenges and 
resulting priority research directions should span a variety of approaches; cover computer science, 
architectural advances, and infrastructure for analog-computing systems of all kinds; and cover different 
classes of techniques for analog computing: programming, implementation, verification, fabrication and 
characterization. 

The workshop will be structured around a set of breakout sessions, with every attendee getting the 
opportunity to participate actively in the discussions. Afterward, workshop attendees—from DOE, 
industry, and academia—will produce a report that summarizes the findings made during the workshop. 

Invitation 
We invite community input in the form of two-page position papers that identify key challenges and 
opportunities in the area of analog computing for science. In addition to providing an avenue for 
identifying workshop participants, these position papers will be used to shape the workshop agenda, 
identify panelists, and contribute to the workshop report. Position papers should not present the 



authors’ current or planned research, contain material that should not be disclosed to the public, nor 
should they recommend specific solutions or discuss narrowly focused research topics. Rather, they 
should aim to improve the community’s shared understanding of the problem space, identify 
challenging research directions, and help to stimulate discussion. 

One author of each selected submission will be invited to participate in the workshop. By submitting a 
position paper, authors consent to have their position paper published publicly. Authors are not 
required to have a history of funding by ASCR. 

Submission Guidelines 
Position Paper Structure and Format 
Position papers should follow the following format: 

● Title 
● Authors (with affiliations and email addresses) 
● Topic: provide a short phrase capturing the topic(s), for example: 

o mathematical foundations 
o analog algorithms and programming 
o novel materials and devices 
o design and verification software 
o circuits and systems 
o error correction methods for analog computation 
o hybrid analog and digital systems 
o probabilistic computing 
o analog optimization (e.g. Ising machines) 
o in-memory analog computing 
o analog brain-inspired computing 
o chemical/biochemical computation 
o analog computation with photonics 
o distributed analog computation 

● Challenge: Analyze and identify unique opportunities for analog computation in our era, 
dominated by digital technologies, and the future, considering comparative advantages, niche 
applications, and hybrid approaches. 

● Opportunity: Describe how the identified opportunities may be pursued, whether it is through 
new tools and techniques, new technologies, or new groups collaborating on analog computing. 

● Timeliness or maturity: Why now? What breakthrough or change makes progress possible now 
where it wasn’t possible before? What will be the impact of success? 

● References 
● Each position paper must be no more than two pages, in single column format using 10pt or 

larger font, including figures and references. The paper may include any number of authors, but 
contact information for a single author who can represent the position paper at the workshop 
must be provided with the submission. There is no limit to the number of position papers that 
an individual or group can submit. Authors are strongly encouraged to follow the structure 
previously outlined. Papers should be submitted in PDF format using the designated page on the 
workshop website. 



Notional Questions 
Position papers should present a view on the future of analog computation, possibly taking inspiration 
from some of the following: 

● For which applications does analog computation demonstrate superiority, and for what metrics? 
● How does analog computation's energy efficiency compare to digital computation in various 

applications? 
● What new materials, devices, systems, design software, etc, are needed to enable the future 

analog computation applications? 
● 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.  

● Is there a cross-cutting mathematical framework for analog computation? 
● How do we scale analog computing systems to solve large-scale problems? 
● What are the limits of analog computing and how do we approach this limit using practical 

devices, circuits, and systems? 
● How do we program analog computing systems? Do we need new programming models and 

compilers? What does the software stack look like? 
● 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? 

● 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 interfaces 
between analog and digital components? What opportunities or challenges does analog 
computing offer for integration with sensing devices? 

● How do we design extremely heterogeneous systems for large-scale and edge systems? 
● How do we address noise, variability, and robustness issues in analog computation? How do we 

leverage these non-idealities?  
● 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? 

● What programs and curricula must be developed to train the scientific workforce in analog 
computation? 

Selection 
Submissions will be reviewed by the workshop’s organizing committee using criteria of overall quality, 
relevance, likelihood of stimulating constructive discussion, and ability to contribute to an informative 
workshop report. Unique positions that are well presented and emphasize potentially transformative 
research directions will be given preference. 

Workshop Organizers 
 

Co-Chairs 



● David Soloveichik, The University of Texas at Austin 
● Antonino Tumeo, Pacific Northwest National Laboratory 

Organizing Committee 

● Sara Achour, Stanford University 
● Natalia Berloff, University of Cambridge 
● Suma George Cardwell, Sandia National Laboratories 
● Shantanu Chakrabartty, Washington University in St. Louis 
● Siddharth Joshi, University of Notre Dame 
● Jennifer Hasler, Georgia Institute of Technology 
● Jaijeet Roychowdhury, University of California, Berkeley 

For meeting technical questions, please contact: Todd Munson, Todd.Munson@science.doe.gov 
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R&D Infrastructure for Analog Computing 
Sapan Agarwal1 (sagarwa@sandia.gov), Matt Marinella2, Patrick Xiao1, Chris Bennett1, Nad Gilbert1, Ben Feinberg1 

1Sandia National Laboratories 2Arizona State University 

Topic:  Co-design tools for analog systems 

Background: Analog computational systems provide three fundamental advantages over digital systems: 

1) Analog performs computation at the memory elements: The best digital ASICs and accelerators achieve 
around 0.5 pJ/operation when the hardware matches an application so that almost all data is kept locally near 
a processing unit, and any long-range data-movement will be limited enough to avoid dominating the power. 
A programmable resistor or analog memory overcomes this by performing both multiplication using Ohm’s 
law and addition using Kirchhoff’s current law. This allows for matrix vector multiplication (MVM) to be 
directly performed in an analog memory array or crossbar.  

2) Analog devices can replace complex digital circuits: a single memory element to replace a digital multiplier 
that would require thousands of transistors. A massive and expensive pseudo random number generator can 
be replaced with a stochastic analog device. 

3) Analog provides fundamental scaling advantages over digital by optimally using precision [1]: Analog resistive 
memory crossbars can perform a parallel read or a vector-matrix multiplication as well as a parallel write or a 
rank-1 update with high computational efficiency. For an N × N crossbar, these two kernels can be O(N) more 
energy efficient than a conventional digital memory-based architecture. If the read operation is noise limited, 
the energy to read a column can be independent of the crossbar size (O(1)). To avoid roundoff errors, digital 
systems need to maintain a high intermediate precision throughout a computation, even if the result is 
quantized down to a lower precision.  Analog systems allow for energy to be paid for only the output precision 
needed and not for intermediate calculations. 

Challenge - The Need for a Comprehensive Co-Design Framework:  

To take advantage of the potential for analog computing novel algorithms will need to be designed that can execute 
on hybrid analog and digital systems. Consequently, we must simultaneously co-design algorithms and processing 
within the limitations of analog devices and SWaP (size, weight, and power) constraints. Converting from digital to 
analog and back is restricted to low precision, as the energy and time costs are exponential with the number of bits. 
Analog devices have inherent analog noise, device to device variability, radiation susceptibility, and other non-
idealities that impact the accuracy [2], requiring a careful co-design of the devices, circuits, architectures and 
algorithms to ensure their robustness. These are key challenges as models are often not experimentally verified. It 
is frequently cost prohibitive to fabricate a test chip based on novel devices that are not typically available in 
foundries. Given this, it is unclear how these novel technologies will impact real algorithms when real device 
behavior and architectural designs are considered. 

This is especially challenging as we cannot rely on the same abstractions that powered digital systems for the last 50 
years.  In digital computing, a transistor is abstracted to an ideal 1 or 0, logic gates are abstracted to CPU instructions, 
and instructions are abstracted to high level programming code.  In analog systems, the properties of the underlying 
devices directly impact the application.  This means that those properties need to be properly abstracted, modeled 
and passed up to application and system developers. Optimally exploiting analog computing means leaning into and 
exploiting the fundamental the limits of noise and precision and not just trying to mitigate the noise. 

To realize the full potential of analog neuromorphic computing, we need a universal, consistent experimental and 
modeling methodology which can benchmark the energy efficiency and algorithmic performance of emerging analog 
architectures. We need to develop a fundamental understanding and a predictive multi-scale model of noise and 
non-idealities on analog devices.  This means being able to understand and mitigate the impact of noise on analog 
accelerators.  The mitigations include device level mitigation such as developing new memories that are more 
resilient and higher precision, circuit techniques such as calibration rows and periodic refreshes, and algorithmic 
techniques such as retraining neural networks to be aware of and to compensate for errors. 

Opportunity: To advance the development of analog computing systems three related tools are needed: 



1) An experimental platform that allows 1000’s of devices to be characterized and allows for small array 
demonstrations.  This platform must: support a range of device types (2-4 terminals), programming voltages, 
read & programming currents; separate device fabrication from control circuitry fabrication; and provide an 
easy programming interface that has been abstracted to a higher-level language like python. 

• Without the statistics that come from 100’s to 1000’s of devices it will be impossible to move towards 
real systems and beyond single hero device demonstrations.  However, the infrastructure required to 
do this is prohibitive for most academic groups. 

2) Accuracy modeling tools that can take the data from the previous platform and project the impact on a range 
of applications.  Such a tool needs account for all relevant physical effects including read noise, write errors, 
parasitic resistances, ADC variability and such.  It must also support the easy addition of new error models and 
new device types will have new types of error that must be modeled.  From the application side, the tool 
should be plug-in compatible with standard programming tools like keras, pytorch and numpy (for non-neural 
network applications). 

3) System architecture tools are needed to model a full hybrid analog and digital system, track data movement, 
and project energy efficiency.  Discrete event simulations are needed to accurately model how data flows 
through a system and count the computations needed.  Compilers need to be built on top of the simulation 
framework to allow for applications to be mapped to potential architectures. 

There is a unique opportunity for the Department of Energy to lead the development of these tools and to ensure 
that they are made broadly available to the R&D community. 

Timeliness or maturity: 
There are a number of groups that have started building examples and tools to do this.  For example, a full 
software infrastructure has been built for Field Programmable Analog Arrays (FPAA) that allow for a graphical user 
environment, place and route, and abstractions for higher level design[3].  This extremely powerful ecosystem is 
specifically built around the floating gate FPAA hardware. 

A more flexible device metrology platform is being developed by both NIST [4] and Sandia/ASU [5].  Several open-
source modeling tools have been developed to model the accuracy of analog accelerators including AiHWkit[6], 
neurosim[7] and CrossSim[8].  Sandia has begun building a discrete event framework for modeling hybrid 
analog/digital accelerators based on the structural simulation toolkit [9], a DOE supported discrete event simulator 
originally designed for modeling high performance computing (HPC) systems.  To date, a RISC-V processor with an 
analog co-processor has been modeled and a compiler for it has been developed. 

Going forward it is going to be critical to ensure that all of the tools at different levels of design are broadly 
available, linked, and support a wide range of devices and applications.  There is critical need and opportunity for 
the Department of Energy to support and encourage the development of this design ecosystem. 

Acknowledgement: Sandia National Laboratories is a multimission laboratory managed and operated by National 
Technology & Engineering Solutions of Sandia, LLC, a wholly owned subsidiary of Honeywell International Inc., for 
the U.S. Department of Energy’s National Nuclear Security Administration under contract DE-NA0003525. 
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Nanoscale Sampling for Robust and Energy-Efficient Edge-Based Uncertainty Quantification  
Christopher Bennett1(cbennet@sandia.gov), Patrick Xiao1, Ravi Patel1, Sangheon Oh1, Robin Jacobs-Gedrim1, Will 

Wahby1, Ben Feinberg1, Todd Monson1, Bert Debusschere1, A. Alec Talin1, Jean Anne Incorvia2, and Sapan Agarwal1 

1Sandia National Laboratories, 2UT Austin 

Topics: Probabilistic Computing, Future Analog Applications, Analog in-memory computing  

Challenge: Demonstrating that machine learning systems can be trusted via uncertainty quantification (UQ), and 
proving that hardware implementations of UQ systems are energy-efficient enough for edge applications.   

Machine-learning (ML) models are already wide-spread in industry and defense applications, and becoming more so 
every month; however, their predictions are difficult or impossible to interpret due to a general interpretability crisis 
(i.e., the neural network is often a “black box”). Among others, out of distribution (OoD) extrapolation remains a 
severe issue, as deep models will confidently generate wrong outputs even when inputs are OoD with respect to the 
training set. When applying ML to science applications like particle detection it’s critical to be able to quantify the 
uncertainty and place error bounds on whether a detection is valid.  In safety-critical ML applications, for instance 
autonomous vehicles carrying humans or valuable cargo, the long tail outcomes are unacceptable. For instance, 
knowing whether a foggy environment is OoD with respect to a perception model in an autonomous vehicle, could 
have life or death consequences. 

Fortunately, Bayesian Neural Networks (BNNs), which approximate the probability distribution of their parameters 
based on the training set, produce both an output and its associated confidence interval (CI). In addition, BNNs can 
estimate both aleatoric, or data-derived uncertainty, and epistemic, or world-model-derived, uncertainty [1]. 
Despite this, Bayesian neural networks are rarely used due to their immense computational cost.  A network must 
be sampled multiple times and random values need to be sampled for every weight.  The workhorse of machine 
learning, GPUs are not optimized for repeated random sampling and cannot run Bayesian networks at scale. 

Opportunity: Analog computing will enable real-time uncertainty quantification through the use of analog hardware-
accelerated Bayesian networks. 

Analog accelerators are particularly well suited to accelerate BNNs trained with variational inference (VI) [2]. In a VI-
BNN, neural network parameters are presented by a trainable mean (mu) and standard deviation (sigma), as in 
Fig.1(a). In digital there are two limiting computational challenges.  First, each weight must be sampled from a 
stochastic distribution and second, stochastic weight matrices need to be multiplied by activations.  Analog is 
uniquely suited to accelerate this.  It’s been well established that given a matrix of pre-programmed conductances, 
the combination of Ohm’s law and Kirchhoff’s law yield’s huge energy benefits. Specifically for an N × N crossbar, 
analog vector-matrix multiplies are O(N) more energy efficient than a conventional digital memory-based 
architecture due to a high degree of parallelism [3]. Recently, it’s been shown that the same concept can be applied 
to VI-BNNs[4], as shown in Fig.1(c). Critically, a single stochastic memory device now encodes the standard deviation 
noise added to each weight to generate the stochastic weight. Depending on the quality of the gaussian from this 
nanodevice, and the size of the crossbar array in the AIMC Bayesian system, a high quality digital pseudo-random 
number (p-RNG) generator circuit may require between 10-1000 as much energy  to harvest the same physical scalar 
[4].  Notably, this is assuming an optimized circuit for p-RNG; the advantage can scale to thousands of times better, 
for various transistor nodes or CPU/GPU architectures. 

Despite these initially promising results, three critical challenges remain: 

1) Algorithm/Application: Our early work showed that VI-BNN performs on smaller ML tasks such as CIFAR100 in 
a way that increases energy efficiency per probabilistic multiply-and-accumulate (MAC) by 10-100x as compared 
to digital multiply-and-accumulates (depending on size of the AIMC array). However, beating digital isn’t enough 
to guarantee edge deployment, if the number of sampling operations to support complex tasks such as 
ImageNet or sensor fusion increases super-linearly. 

2) Device Engineering: It has been hypothesized that an in-plane magnetic tunnel junction (iMTJ) can contain an 
internal state variable that modifies the sigma of the device in a non-volatile way[4]. However, to date, 
simulations and experiments only prove volatile modifications of that internal state variable (i.e., via the voltage-
controlled magnetic anisotropy effect [5]). Recently, modifications of noise in an electrochemical random access 
memory (ECRAM) device meeting software accuracy BNNS were made [6], but the results require temperature 



and/or programming conditions that would both be hard to scale in realistic systems (Fig 1(d)). In addition, 
programmable ReRAM noise has recently been experimentally realized on Sandia’s Discovery Platform [7] which 
is near-ideal immediately after programming, but the internal state variable quickly relaxes (Fig. 1(c)). 

3) Scale/Energy Efficiency: Hardware-ready VI-BNN only works if the AIMC modules combining mean and sigma 
values is large enough, as otherwise the fixed analog-to-digital (ADC) converter circuits begin to cut into the 
energy-efficiency of the system [4]. This poses a high bar for system architecture. 

Given our clear-eyed view of the topic’s many pitfalls, several promising routes of research are available:  
1) Evaluation of ideal devices for stochastic synaptic sampling: As above, the device engineering aspect is difficult, 

but critically, a co-design approach can be used to accurately uncover which parameters are important and 
which are not. Using CrossSim’s [8] built in ability to simulate VI-BNNs, we can conduct deep studies on the 
effect of synaptic bit-reduction, controllable and uncontrollable noise factors, and device-to-device variability. 
These can inform projected paths for realized nanosynaptic samplers.  

2) Invention of non-volatile stochastic nanosynapses: While device requirements are high, they are solvable given 
fundamental device designs. Promising routes include exploration of modification of ECRAM device, i.e. 
selective modification of the reservoir based on programming conditions or thermal modification internal to the 
device, or modification of existing MTJ devices, such as via magneto-ionic modification of the junction.  

3) System design for reliable AI: Routes such as ADC quantization or other network simplifications, have been 
scarcely explored so far to yield more compact hardware UQ kernels. Using CrossSim and architecture 
simulations, there is an opportunity to optimize at the system-level.  

Timeliness or maturity: 

The timeliness of the proposal is high; conventional ML systems, up to an including recent large-language-models 
(LLMs), continue to gain popularity, but their ultimate safety impacts are under-addressed. Meanwhile, the maturity 
of the current approaches is verging onto full demonstrations (e.g., Technology Readiness Level (TRL) 2 [4],[6], with 
TRL3 soon achievable as a lab demonstration). This presents a unique opportunity for the DOE ASCR program, which 
can use the establishment of newer large-
scale array and chip prototypes to 
execute not only standard ML kernels, 
but novel hardware-friendly UQ 
approaches. Overall, this presents a 
unique opportunity for standardization of 
interpretable ML hardware using 
emerging analog memory approaches. 
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Fig 1. (a) A Bayesian Neural Network; each synapse is a trained/learned distribution 
(described by a mean and sigma); adapted from [4]. (b) Demonstration of modifiable 
noise with ReRAM devices, with as-programmed (blue) and relaxed values. (c) 
Representation of compact Bayesian inference in the AIMC format, with low-noise 
mean devices interleaved with programmed stochastic synapse, here represented as 
magnetic tunnel junctions (MTJs); adapted from [4] (d) Demonstration of modifiable 
noise with ECRAM devices, from [6].  



Compilation Infrastructure for Chemical Reaction Networks 

Nicolas Bohm Agostini1, *, Antonino Tumeo1, Connah G. M. Johnson1, William Cannon1 

1Physical and Computational Sciences Division, Pacific Northwest National Laboratory 

*Corresponding author: Nicolas.Agostini@pnnl.gov 

Topic: Compilers for Chemical Reaction Networks 

Introduction  

Applications from Department of Energy (DOE) process an ever increasing amount of data, requiring the fastest and 
most efficient computational system possible to enable scientific discovery at massive scales [3]. Chemical Reaction 
Networks (CRNs), a type of analog computing based on mass-action kinetics that can be modeled by Ordinary 
Differential Equations (ODEs), have been shown to be Turing Complete and capable of performing computations 
through the interconnected structure of coupled chemical interactions [4,7]. As Moore’s law is reaching an end, 
understanding their applicability and developing methods to enable their adoption in extreme-scale science is critical 
for realizing the full potential in scientific computing. However, several challenges remain in using CRNs as a general-
purpose computing platform, such as decoupling reactions from chemical implementations and providing higher-level 
programming abstractions. To address these gaps, we highlight the need for a Compilation Framework for Computing 
with CRNs that aims to enable DOE domain scientists and academic/industrial collaborators to implement complex 
mathematical equations on a computational physical system. 

Challenges 

To use CRNs as computing machines, it is necessary to translate computations into sets of chemical reactions, control 
the reactions, and measure the outputs. Existing approaches, such as CRN++ [9], provide a language and compiler for 
programming deterministic hypothetical chemical kinetics but do not describe how these hypothetical reactions would 
be implemented with biochemical compounds or consider practical efficiency, scalability, and uncertainty in the 
results. Additionally, communication with CRN systems presents another significant challenge as information is 
transmitted via chemical species interacting in a soluble well-mixed environment, making efficient data encoding and 
decoding using chemical species and interactions an open problem that needs addressing before practical CRN 
machines can be built. 

Opportunity.  

To overcome these challenges and unlock the full potential of CRNs in computation, we highlight the need for 
compilation frameworks tailored for CRNs. This framework should include end-to-end toolchains similar to those that 
made neuromorphic systems popular [5,6], which are capable of mapping high-level applications into this new 
computing paradigm. As such, there is an opportunity to leverage a co-design approach enabled by an expressive 
Domain Specific Language (DSL), and a state of the art (SOTA) compilation flow. By doing so, we can establish a 
robust ODE-to-CRN flow instead of the traditional inverse flow of CRN simulation using ODEs.   

SOTA compilation frameworks, such as Multi-Level Intermediate Representation (MLIR) [8], have been paving the 
path for the renascence in compilers for heterogeneous computing. Leveraging recent experience using MLIR in flows 
for high-level synthesis of digital circuits [1] and in enabling custom accelerators [2], we highlight the opportunity to 
design expressive abstractions capturing physically realistic chemical and biological processes as operators in this 
modern compiler infrastructure, allowing conversion from higher-level mathematical representations, such as ODEs, 
to novel abstractions for CRNs. This will enable researchers to map high-level applications to the computational 
capacity of chemical/biological operations more effectively while facilitating the study of tradeoffs (execution speed, 
energy efficiency) and scalability (both in terms of complexity of mapped operations and system size). 

  



Timeliness 

The growing interest in unconventional computing paradigms based on analog computations such as neuromorphic 
systems highlights the need to explore alternative approaches beyond traditional digital architectures. As Moore’s Law 
continues to slow down, researchers are increasingly turning towards analog and hybrid computing solutions that offer 
potential advantages in terms of energy efficiency, parallelism, and scalability. This shift creates a unique opportunity 
for analog CRN-based model of computation to gain traction within the broader scientific community and beyond, 
paving the way for new discoveries and technological breakthroughs across various domains.  Furthermore, recent 
advancements in our understanding of CRNs have provided valuable insights into their computational capabilities, 
making this an opportune time to invest resources into developing novel tools, techniques, and applications that can 
fully harness the potential of these systems. By doing so, we may unlock a new era of computing characterized by 
unprecedented levels of energy efficiency, parallelism, and adaptability, ultimately leading to significant 
advancements in fields as diverse as artificial intelligence, drug discovery, and climate modeling.  In conclusion, new 
compilers offers a unique opportunity to explore the potential of CRNs in computation by addressing key challenges 
related to programming abstractions, communication schemes, and developing innovative algorithms tailored 
specifically for CRN-based computing systems. By leveraging interdisciplinary collaboration and investing in cutting-
edge tools and techniques, we can build robust end-to-end toolchains that enable researchers to design and implement 
practical CRN machines capable of tackling some of today’s most pressing computational challenges. 
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Topic: In-memory computing for high-throughput applications.
Challenge: Identifying the trajectory, or track, of a charged particle across multiple detector layers is a crucial

component of present and future physics experiments supported by the Department of Energy (DOE) complex [1].
Accepting tracks within a low-latency decision window has become essential to maintain physics acceptances in
the face of ever-increasing luminosity. A common approach is to use FPGAs in an iterative process to create
tracklets, a solution that has super-linear algorithmic complexity. Another solution is to use content-addressable
memories (CAMs) to recognize individual sensor addresses on different detector layers and then find tracks from
those matched addresses [2]. Based on the reconstructed tracks and other coarse information, the low-level trigger
system decides, using locally deployed AI models, on retaining or discarding the event [3]. While the processing
of these experimental data is today already a challenge, the data throughput of a pivotal facility such as the Linac
Coherent Light Source at SLAC National Accelerator Laboratory is expected to show a 2×102-fold increment of
the generated data compared to 2020 levels, producing more than 1 TB per second by 2029 [4].

Data processing at high rate and low latency also enables the in-vivo range verification in hadron therapy [5], [6],
where the emission points distribution of 108∼109 particles has to be identified in ≤1 ms to adjust the hadron beam
energy and irradiated spot accordingly. An array of monolithic scintillators coupled to gamma cameras based on
the Compton effect or collimators can convert each gamma photon into an image of data collected by the sensors.
Regression or classification models are then used to infer the emission point. On the other hand, at such detection
rates, it is unfeasible to leverage lightweight AI models at the edge, e.g. small neural networks (NNs) or XGBoost,
for consolidating the acquired data. The inference time for AI model in high-end FPGAs for a few tens of 4-bit
features is ≥ 100 ns for a single decision tree and ≥ 1 µs for a single dot product.

Implementing AI pipelines in a massively parallel fashion close to or inside the detectors enables inference on
the fly, and therefore to either store only adequately pre-processed data, or control with low-latency a system that
requires monitoring a high throughput of data.

Opportunity: In-memory computing (IMC, [7]) is gaining momentum for performing high-throughput machine
learning inference with low energy consumption. In particular, thanks to emerging non-volatile and analog pro-
grammable memory technologies such as resistive switching memories, it is possible to build a compact and
efficient non-volatile analog computing primitive known as Dot Product Engine (DPE), which has been shown
able to accelerate multiple ML workloads such as NN inference and PCA [8]–[11]. Hewlett Packard Labs recently
invented a CAM capable of storing and searching multi-bit states [12] as complementary computing primitives to
DPEs, and invented multiple photonic integrated circuits (PICs) that are functionally a DPE and a ternary CAM,
capable of processing input words at the data rate of a photonic link [13], [14].

IMC-based hardware shows multiple orders of magnitude improved performance than solutions based on off-
the-shelf GPUs and FPGAs. As an example, an IMC accelerator for tree-based machine learning based on CAMs
achieves ×102 higher throughput and ×104 lower latency when compared to a GPU, and ×102 higher throughput
and ×103 lower latency when compared FPGA [15]; the 20 W power envelope allows its integration in hardware
closely coupled to the sensors, and therefore the embedding of the required AI models. Furthermore, as an example
of how to use these building blocks for accelerating larger models, in [16] the authors discuss the combined use
of DPEs and multi-bit CAMs for accelerating transformer models.

The availability of optical ternary CAMs [14] enables the acceleration of tree-based ML in PICs, leveraging
an architecture similar to the one described in [15]. Aggregating data coming from spatially distant detectors into
a single PIC and accelerating ML inference with an O-CAM has the potential to operate at signal data rate,
eliminating electro-optic overhead and resolving speed and latency bottlenecks that exist in current CMOS-based
content-addressable memories and FPGA emulations.



1

The edge processing of high-throughput analog data can be supported by analog IMC having a broad impact on
the capabilities of scientific and nuclear medical instruments. In addition, developing high-count rate and low-power
radiation monitors is relevant to many homeland security applications, such as the embedding of gamma cameras
on unmanned aerial vehicles. Finally, the high costs and long-term planning involved with managing large physics
experiments and hadron therapy clinics make them a unique platform for developing revolutionary technologies.

Maturity: Multiple IMC solutions have been proposed and tested in the last decade, but there is a gap that has to
be filled between the available prototypes and the advanced IMC hardware that could support the applications here
mentioned. Examples of analog IMC prototypes supporting DPE functionalities are the resistive-RAM hardware
presented in [9], the phase-change memory-based hardware presented in [17], and the experimental characterization
of a PIC-DPE is presented in [18]. The ReRAM-based implementation of a multi-bit CAM is presented in [19],
where the CMOS substrate includes all the sensing and routing peripherals, but the ReRAM [20] were in that
case integrated into the back-end of the line (BEOL); for analog IMC, the most profound challenge remains the
scarce availability of foundries that can integrate non-volatile memories close to the transistors. While custom BEOL
processing allows for building reliable and durable devices, with tens of tunable states per device, their area footprint
forces the use of thick-oxide transistors, limiting integration capabilities and achievable performances. Similarly,
there remain several challenges preventing optical NNs from achieving competitive performance when compared to
digital NNs, such as the lack of technologies that can monolithically integrate all the necessary components, and the
energy dissipation dictated by the transmission of the optical weights, which scales with the size of the ONNs. While
silicon photonics are easy to manufacture, they are poor light emitters, and while compound semiconductors enable
efficient emitters, they are difficult to scale for complex integrated circuits. Furthermore, to build truly scalable,
robust, and energy-efficient PICs for IMC, heterogeneous integration of active optoelectronic devices is essential.
Founding synergies between US-based large foundries and projects led by the National Laboratories will lead to the
innovation we need to achieve the high-throughput capabilities that the applications here mentioned require, and to
the technological development needed to transform the IMC prototypes into hardware ready for mass production.
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Executive Summary

With the slowing down of Moore’s Law, computing has become increasingly domain-specific. Here, we draw attention to
probabilistic computing with probabilistic bits (p-bits) as an abstraction between bits and qubits. The target application space
of p-bits has a strong overlap with that of quantum computing, with significant potential impact on nearly all of computing,
ranging from Machine Learning (ML) and Artificial Intelligence (AI) to combinatorial optimization and quantum simulation.
The key point we would like to stress is this: the eventual success of this research program critically depends on a coherent
inter-disciplinary effort from all parts of the stack, from material science and technology to devices and circuits and to
algorithms and systems research. Using a Physics-to-Systems co-design approach, novel algorithms with enhanced
scaling behavior on dedicated probabilistic computers could open up new applications and business models that have not
been historically accessible to any other computing paradigm, classical or quantum.

Challenge: A perfect storm in computing. The slowing down of transistor scaling coincided with a revolution in ML
and AI, with increasingly unsustainable computational demands. We are in an era of electronics where progress must
come from connecting the physics of materials and devices all the way up to systems and architectures. To this end, we
believe that a new kind of computer, designed from natively probabilistic building blocks can help solve an enormous variety
of computational problems. The probabilistic computers we envision take a great deal of inspiration from Physics, where
nature employs microscopic stochastic local dynamics, quasi-sparse graph connectivity, strong heterogeneity, asynchronous
updates (without global clocks) in a massively parallel manner leading to many-body emergent phenomena at mesoscopic
scales that are computationally rich and hard to simulate with conventional computing paradigms (FIG. 2). Local (as opposed
to all-to-all) connectivity is increasingly important in the post-Dennard era, as we are facing an interconnect wall and wire-
limited design rules.

qubits
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bits
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FIG. 1: bits, p-bits, and qubits: p-bits are conceptually in between bits
and qubits. The application space of p-bits are probabilistic, physics-inspired
algorithms pervading all of science and engineering.

Opportunity: Richard Feynman is credited with starting
the field of quantum computing with his famous 1981 talk
’Simulating Physics with Computers [1]. What is less well-
known is, before getting to quantum computers, Feynman
imagines a probabilistic computer with the same idea: “The
other way to simulate a probabilistic Nature, . . . is by a
computer C, which itself is probabilistic, ... in which the
output is not a unique function of the input.” Inspired
by Feynman’s vision and to better understand the precise
relationship between probabilistic and quantum worlds, a
small but steadily growing community has been working
on full-stack probabilistic computing research (see, for
example, [2–4] and references therein).To build probabilistic
computers, one needs probabilistic bits, which are conceptually between bits and qubits (FIG. 1). Unlike bits that are 0 or
1, p-bits fluctuate between 0 and 1, naturally representing probabilities. Just as ’bits’ specialize in Graphics and Tensor
Processing Units (GPU/TPU) to accelerate ML problems and qubits specialize to many-body quantum physics simulations,
many-body interacting p-bits could be engineered to act as native processors for a wide range of probabilistic applications
including Monte Carlo algorithms, Bayesian learning and inference, training and inference in energy-based generative
models, combinatorial optimization, modeling complex systems and accelerating a subset of quantum simulations.

Potential of p-bits. Extreme hardware requirements have largely prevented implementation of fault-tolerant quantum
computers, even though worldwide efforts are underway. A large part of the motivation to build quantum computers comes
from the celebrated Shor’s and Grover’s algorithms and other quantum simulation algorithms where quantum interference
(in a 2N dimensional Hilbert space) can be creatively engineered to amplify the magnitude of the wavefunction on a non-
trivial solution. However, prefactor considerations [5] suggest that in the case of meager speedup (especially from Grover),
quantum computers may not outperform digital computers in practice for the foreseeable future. Interestingly, probabilistic
bits also operate in a 2N dimensional space, where N p-bits represent a sample from a 2N × 1 dimensional probability
density function. One could argue that significant scaling advantages for probabilistic algorithms cannot survive as long
term targets since such breakthroughs are always adopted as part of ‘’conventional” computing. However this often comes
at a significant cost in physical resources, latency, and power consumption, which makes such remedies unsustainable in the



long run. Intriguingly, the potential probabilistic analogs of quantum variational algorithms such as Quantum Approximate
Optimization Algorithm (QAOA) have been proposed [6] and the true potential of these algorithms remains largely unknown.
Powerful ML methods combined with human ingenuity may usher in breakthrough algorithms with monumental implications
for computing may be around the corner (see some of the emerging attempts on non-equilibrium Monte Carlo algorithms [7]
beyond traditional equilibrium heuristics with annealing and tempering schedules). The true power of probabilistic computers
versus quantum computers remains unknown, as codified by the unresolved BPP

?
= BQP question in theoretical computer

science.

FIG. 2: Physical analogy between asynchronously interacting (a) bodies and
(b) p-bits: both systems are asynchronous, locally interacting with sparse
connectivity and massively parallel.

Timeliness: Why now? The power of randomness in
computational algorithms has long been recognized by
computer scientists. Monte Carlo algorithms (popularized
by Ulam and von Neumann and then put on a firm footing
by Metropolis and Teller) have been recognized as one
of the top 10 algorithms of the 20th century by the ACM.
So why have we not capitalized on probabilistic algorithms
for the most critical AI workloads? This stems from
having to emulate probabilistic behavior on deterministic
Turing machines, which can be very expensive: low-level
hardware analysis indicates that a high-quality tunable
random number generator requires up to 15,000 transistors
per node [8]. In addition, Markov Chain Monte Carlo algorithms are fundamentally serial: as the “chain” in the name
implies, the next step in the computation critically depends on the previous one, preventing easy parallelization. In general,
probabilistic algorithms and randomness are often desired yet remain computationally expensive [9].
Synergy between the digital and the analog. The intrinsic noise found in analog nanodevices can lead to compact
implementations of p-bits with far better energy-efficiency and scalability. Not all analog sources of noise are appropriate,
however. The source of noise in analog devices must be large enough (compared to kBT/q) so that it can be harnessed
by surrounding circuitry without requiring power-hungry amplifiers and other peripherals. In our view, some of the most
promising analog noise sources have been demonstrated in natural ’noise amplifiers’ such as stochastic magnetic tunnel
junctions [10] and single photon avalanche diodes [11], though other options may exist. In particular, projections indicate that
1 to 10 million bit p-computers, using magnetic tunnel junctions (MTJ) scaled up to such densities by the magnetic memory
industry, could provide up to 100,000X speedup in performance on probabilistic applications, even without considering
algorithmic benefits enabled by such dedicated p-computers. We believe a large opportunity is left at the table without a
thorough investigation of probabilistic computation from Physics-to-Systems.

Outlook We believe physics-inspired probabilistic computers realized with analog stochastic building blocks hold great
potential for a wide range of applications from optimization, AI and quantum simulation. In addition to hardware, an important
piece of the puzzle is the development of new, beyond equilibrium Monte Carlo algorithms [6,7]. For near-term success, we
believe in practical combinations of analog-digital hybrid computers, using analog computation when necessary to replace
key functionalities difficult to achieve with digital computers. This approach leverages the strengths of each domain using
the best possible combination of analog and digital hardware. In addition, new algorithms research on such machines may
lead to qualitatively different behavior compared to the “business as usual” in the traditional deep learning revolution.
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Topic: Analog Biological and Biochemical Computation 
Relevance: This paper concerns the use of biochemical reaction and signaling networks, and cells, for computing in 
analogy to any process that involves an optimization, regression, or time entrainment, including human (brain) 
computing and electronic computing. The quantities involved in the computations may be continuous real-valued, 
discrete, or a mixture. 
Challenge – Applications and Opportunities for Analog Computation. Biological processes excel at solving 
optimization and regression challenges and challenges involving frequency/temporal encoding. Biochemical 
reaction networks, much like chemical reaction networks (CRNs), can be constructed to solve ordinary differential 
equations using a regression approach [1]. Trivially, if a biological CRN faithfully represents a set of complex 
ODEs, the cell can solve the problem. More generally, what is required is that the biological CRN be mapped or 
controlled to represent the set of complex ODEs. Any problem that can be compiled by a sensing/input mechanism 
that transforms the problem into a chemical signal can potentially be solved by biocomputation. While optimization, 
regression and temporal encoding fall into this domain, biocomputation will likely not make impacts in areas such as 
sending emails, reading documents, or browsing the internet. In other words, scientific computing may be the best 
domain for biocomputation. 
Towards this goal of control, biological processes embedded in devices are currently being developed in which the 
platforms aim to solve computational optimization challenges. Current devices range from catalytic enzymes 
embedded in porous media to brain organoids attached to microelectronic arrays, for which a start-up company 
deploying this technology is already in place (finalspark.com). The company provides continuous remote access to 
the brain organoid platform, a python API, real-time neural input stimulation and output measurement and 
input/output data storage. Other promising new technologies include the 3D printing of redox-inducing microbes 
onto microelectronic arrays (MEAs), which may offer an additional level of control over the structure of biological 
reaction networks involved in biocomputation.  The latter approach is attractive because it may combine the use of 
MEAs with synthetic biology to achieve cellular supremacy in computing [2]. Even more control is possible using 
structured arrays of immobilized enzymes laid out in microfluidic platforms [3]. The technology for immobilizing 
enzymes in microporous media results in long lasting catalysts (enzymes) [4], opening the door to the use of the 
thousands of small molecule chemical reactions from metabolism in a controlled manner. 
Importantly, developing biological computers may require rethinking what it means to be a computer, in that while 
computing, biological processes also are likely to be performing beneficial services and tasks. 
Opportunities – Motivation. Biological and biochemical computing technologies have the potential for enormous 
energy and power advantages over current digital computers. While recent feats of exascale computation and large 
language models are impressive, the power consumed in such feats is equally impressive – and alarming. Training 
one large ML model can be equivalent to driving 242,231 miles in an average automobile [5], and a typical 
supercomputer used for the training can easily consume 1-10 megawatts. For comparison, the human brain operates 
on ~20 watts. Due to the approximately 86 billion neurons with over 1015 connections, the storage capacity of the 
brain is ~2.5 PB [6]. Even more impressive, a microbial cell operates on ~2.4 x 10-16 watts (unpublished data) and 
produces as much power/weight as hydrogen fuel cells, which are the most powerful fuel cells per weight known. 
Consequently, biocomputers may have a unique advantage for learning. A key insight into any kind of learning is 
that rapid learning requires reducing the costs to adapt the relevant network to learn the solution to the 
computational challenge. These learning networks are either chemical signaling networks or chemical reaction 
networks (CRNs). 
How these chemical networks are exploited for computing may differ depending on the cell type. In the case of 
brain organoids, the CRN is the synaptic network of forebrain organoids. As mentioned above, one company has 
already made available for researchers forebrain organoids interfaced to electrical circuits that stimulate neurons due 
to programmed spiking [7]. In the case of printed microbial biofilms, the internal chemical reaction networks of 
microbes can be coupled across cells in analogy to deep neural networks. Each microbe having an internal 
computing layer coupled to other microbes through metabolic exchange reactions.  



How can fast and efficient learning be realized? Laboratory-directed adaptation is a concept analogous to laboratory-
directed evolution, but instead is adaptation of cellular circuits without genome modification and on a shorter 
timescale. Still, adaptation is only as fast as growth. In neurons, the relevant growth is known as neuroplasticity. 
Neuroplasticity involves creating new neurons, new connections or synapses, or modifying existing synaptic 
connections.  Neural growth takes the longest time, while modifying existing connections takes the least time. The 
key to quick learning is fast and energy efficient adaption or growth.  
In this regard, bacteria are among the fastest growing biological tissues. Research to develop and implement 
microbial neurons could result in designed microbial communities that can quickly learn to carry out highly energy 
efficient computations. Furthermore, microbial communities can now be fabricated using 3D printing [8] and 
lithography [9]. This adds another layer of control beyond what is capable with organoids. 
Timeliness - Why the time is right. Currently several technologies are maturing and converging to make the prospect 
of biological computing greater than ever. Microelectrode arrays (MEAs) have been developed that organoids, 
culture tissues and biofilms can be grown on that provide an electrical input/output interface to biological processes. 
APIs have been developed for a few of these MEAs and have even allowed researchers 24/7 access to MEA 
platforms with organoids. 
Likewise, the development of 3D printing of biofilms on anodes and cathodes have paralleled organoid development 
[8], which will allow researchers to control the redox processes that control bacterial metabolism at will. At the 
same time, synthetic biology is maturing and promises to allow the design of cellular circuits at will. Indeed, the 
molecular components of cells are being compiled into building blocks that mimic electrical components [10].  
The engineering of cells however requires a physics or engineering based approach to biology.  In this regard, recent 
developments in the statistical physics of chemical reaction and signaling networks have allowed researchers to 
predict the operating principles of cells [11], predict regulation [12] and to even predict rate parameters for the 
cellular circuits involved [11]. 
Taken together, these developments indicate that we are at the beginning of a new phase in biocomputing.  
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Challenge: Analog physical neural networks (PNNs) that can perform in-memory compute, such as
memristor crossbar arrays and photonic networks, have long been recognized as faster and far more
energy efficient per unit computation than digital artificial neural networks (ANNs). However, the ANNs of
today vastly outperform PNNs in terms of complex functionality thanks to the power of GPUs to perform
backpropagation for the supervised training of very large networks. One difficulty with scaling PNNs up to
similar size is that they are trained ex situ using backprop on a digital computer simulation model of the
physical system, and the learning parameters are fed into the PNN after the training iterations have
converged. In this approach there is an inevitable reality gap between the computer model and the actual
PNN, errors from which compound with system size. Additional errors can accrue because, for example,
individual memristors cannot be set very precisely to the desired conductances. Furthermore, physical
systems can degrade with time and necessitate periodic retraining. Thus, an important grand challenge is
to develop new training methods tailored specially to PNNs that will accelerate their scalability and
functionality, much as GPUs and backprop have done for ANNs. Just as the advantages of PNNs for
inference originate from analog in-memory compute, advantages should be sought from the development
of analog in-memory training tailored to PNNs [1,2].

Opportunity: The envisioned analog computing systems are not just physical networks with
inputs/outputs and adjustable parameters, but physical systems where the inference and training
components are fully and inseparably integrated in individual repeat units – just as for neurons in the
brain or for the spiking neurons in neuromorphic computing chips. The key feature to emulate is that
neurons, real and microfabricated, learn by local rules. In other words, neurons update without global
knowledge of the parameter values of other neurons. Thus the idea is to supplement PNNs such as
memristive arrays with special-purpose circuitry that performs local learning. The development of
appropriate local rules and ways to integrate them into physical systems will open a host of opportunities
for advances in analog computing. By construction, this sidesteps the reality gap between PNNs and
simulation models as well as the need to externally feed each parameter -usually imperfectly- from a
computer into the physical network. This should enable the training of larger-scale PNNs, and harden
them against both manufacturing defects as well as degradation over time. Analog in-memory training
should also enable adaptability to changing conditions for edge computing in the field since external
memory and digital processing r are no longer needed for training updates. And, being analog, it will of
course enable greater energy efficiencies for training as well as inference in comparison with ANNs.

This is no pipedream: Small laboratory networks with in-memory analog training for in-memory analog
computation have been successfully demonstrated (next section and Refs. [3–6]). While these use a
particular supervised local learning rule  [7], further opportunities would arise by developing unsupervised
local learning rules for integration into PNNs. In all cases, specific research is needed to address the
comparative merits of different rules for different PNNs with regards to scalability, noise, optimal network



size and architecture for given tasks, the range of possible tasks, the need for nonlinearity (c.f. the
activation function in ANNs), and more.

Timeliness: In-memory analog training is on an accelerating upward trajectory. An important impetus was
provided by the advent of “Equilibrium Propagation” in 2017 [8,9] and “Coupled Learning” in 2021 [7]. In
these closely-related supervised learning schemes, local update rules are derived from gradient descent
on the contrast of behavior for two equilibrium states: under ordinary “free” operation in which inputs are
applied and outputs are left free, and under “clamped” conditions where labels are imposed as inputs
applied to the output nodes. Both have been simulated at fairly large scale  [10], and appear capable of
universal approximation [11]. Notably, several small scale implementations of Coupled Learning have
been demonstrated in the lab using a twin network method, where two identical networks are run under
the contrastive conditions  [3–6]. However, none of these approaches have yet been physically
implemented at scale. In addition, several other local learning rules have also been proposed and
simulated  [12–15]. Clearly the time is ripe for rapid advances in both theory and experiment for analog
in-memory learning for PNNs. Certainly this will lead to niche analog computing applications where low
power and adaptability are required, such as sensors and cameras deployed in the field. It remains to be
seen the scale to which such approaches can compete with ANNs for AI, but successes will bring
enormous advantages in speed, energy, robustness, and adaptability.
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1. Introduction

Synthetic neurcomputers leverage modern engineering progress and evolutionary design through an in vitro
neural computing system. This unique interface between biological and silicon computing opens the door to
novel scientific advancements.

Analog computing, tracing back to Vannevar Bush’s differential analyzer, has historically relied on linear
computing components. However, the introduction of nonlinear dynamics—which is naturally implemented
in neurobiology with remarkable energy efficiency—can significantly enhance computational capabilities in
support of scientific discoveries and solving complex problems in dynamical systems. Additionally, biological
neural networks offer collocated processing and memory, parallel processing capabilities, and robustness to
damage and noise, making them an untapped resource for advanced information processing. They can not
only mitigate noise concerns, a burden of analog computing, but also leverage it to their advantage1, enabling
them to perform complex computations under noisy conditions with high accuracy.

Neurocomputers are designed using living neurons that can be cultured in vitro through various methods,
including dissociated primary neuron cultures2–4, organotypic brain slices4, stem-cell derived neurons3–5,
and brain organoids5,6. Neural networks can be stimulated chemically, optogenetically, electrophysiologically,
or mechanically, and their activity measured using electrophysiology or microscopy. These cultures can
be engineered into structured 2D2–4 and 3D networks with diverse topologies (e.g., rods, cubes, toroids,
spheroids) leveraging modern biofabrication techniques7. These systems can include various neuronal cell
types and glial cells, such as astrocytes, at different concentrations and locations.

Computationally, synthetic neurocomputers have evolved from performing simple logical operations2

to playing pong3, performing speech recognition, and predicting nonlinear equations6, albeit with limited
performance. Yet, even at their nascent design stage, neurocomputers have been shown to outperform
conventional state-of-the-art (SOTA) AI in terms of sample efficiency8. This is particularly notable given
that the brain is predicted to be over five orders of magnitude more power efficient than conventional
AI hardware running a comparable neural network6. These systems are now versatile, open-source4, and
remotely accessible5, but there is considerable room for growth.

2. Potential Contributions

Expanding on these foundational developments and the versatile applications of synthetic neurocomputers, a
myriad of potential contributions can further revolutionize scientific research and computational technologies.

These systems can be modularized and scaled into functional building blocks to improve engineering de-
sign. Techniques exist to selectively route information from different units using macroscopic or microscopic
structures, in addition to dynamically altering activity patterns through neurons’ inherent plasticity, either
through selective stimulation or innate reorganization9. Individual components should be defined and char-
acterized to allow for more complex system design. For example, structural mapping using connectomics10

and microscopy3,11 can provide better analysis methods. With efforts in scaling and modularization4,5 across
hardware, software, and wetware (i.e., biological components), the barrier to entry will continue to decrease
and more researchers will be able to remotely or directly access these systems.

It is important to establish benchmarks for neurocomputers. These standards can include cognitive tests
such as the Go/No-Go and N-back tasks, as well as standard computational benchmarks like MNIST for
computer vision and GLUE for natural language processing. Additionally, tests akin to SPEC benchmarks
could be developed for evaluating general-purpose computing performance.

Integrating neurocomputers into existing brain-on-a-chip research12 is crucial and has already begun3,13,14,
as both fields can benefit significantly from this consolidation. In the future, adjusting various conditions
while performing learning and computational tasks can break new ground in understanding and address-
ing cognitive disease states or enhancements. Conversely, the customization of culturing (e.g., cell con-
centrations) and interfacing techniques (e.g., flexible 3D micro-electrode arrays), combined with improved
architectural principles (e.g., multi-scale designs) and advanced analysis techniques (e.g., information flow),



promises to unlock new computational capabilities. This further allows for unparalleled control and precision
in addressing neuroscientific questions. These synergistic advancements will mutually enhance both fields,
driving progress in understanding and utilizing neurocomputers.

Computation can be performed through reservoir computing6 or other innovative paradigms. Higher-
order programming considerations, such as languages (e.g., assembly calculus15) and compilers, should be
developed and tested, while efforts to understand theoretical constraints, guarantees, and limitations are
undertaken concurrently. These insights can also be applied to other neural architectures and computational
technologies. Neurocomputers may even provide a pathway to artificial general intelligence (AGI).

Concerted efforts should be made to advance culturing and biofabrication techniques for ease, longevity,
and capacity; to engineer more affordable, high-density, and flexible stimulation and recording16 techniques
in a low-power, online setting; and to broadly explore architectural and algorithmic principles.

3. Strategic Directions

Beyond any individual contribution, it is crucial to strategically guide the field’s development to ensure broad
impact and sustainable growth.

Interdisciplinary collaboration—focusing on symbiotic research and development—should be central, as
neurocomputers, like conventional computers, require the wide-ranging expertise of individuals (e.g., neuro-
scientists, computer scientists, materials scientists) while providing cross-domain benefits. Emphasis should
be placed upon developing general open-source techniques and broader remote-access pathways, coupled with
improved user interfaces, to expand the pool of researchers advancing the field. Outreach and educational
opportunities should be implemented to engage and inform a wider audience and future workforce.

Maturation of synthetic neurocomputers will occur as they continue to be scaled through modular engi-
neering principles. System longevity, reliability, and self-sustainability should remain major foci to expand
potential use cases. Rigorous testing of theories, models, and technologies is needed to establish the valid-
ity and reliability of neurocomputers. Open data and resource sharing should be prioritized to facilitate
this process. As the field matures, interdisciplinary work should continue but also transform to allow for
specialization within sub-domains to accelerate future progress.

Given the unique considerations of working with living biological materials, a strong focus on bioethics
and social reception should be maintained to ensure safe and responsible development.

In the long term, broader commercialization of more developed and sustainable systems will help reduce
costs and advance the field. This should include identifying potential markets and applications for neu-
rocomputers (e.g., neuroscience research, brain machine interfaces, scientific computing) under regulatory
compliance and limitations. Moreover, forming strategic partnerships within industry and governmental
agencies will aid in accelerating the development of neurocomputers.

4. Conclusion

Key challenges and opportunities in the field of synthetic neurocomputing have been highlighted, with a
particular focus on their application in scientific research. By leveraging the complex dynamical processes
inherent in biological neurons, synthetic neurocomputers have the potential to tackle a wide range of scientific
questions that require sophisticated information processing. Additionally, these systems can provide valuable
insights and inspiration for developing future computational technologies.

The promise of synthetic neurocomputers in advancing scientific research is immense, offering new tools
and methodologies to further our understanding of the biological, computational, and general sciences.
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Analog accelerators have been widely proposed as a potential solution to continue scaling performance and energy-
efficiency in a post-Dennard scaling world. Analog matrix vector multiplication (MVM) has in particular been 
suggested due to the wide use of MVMs and the natural synergy with recent research interest and development of 
dense CMOS-compatible, multi-bit memory devices. By taking advantage of basic circuit properties these systems 
can both reduce costly data movement by computing directly on data stored in a memory array and can approximate 
many operations with single circuit components. Based on these properties, systems using analog MVM and similar 
processing-using-memory (PUM) or in situ computing have the potential for multiple-order-of-magnitude 
improvements over conventional digital systems [1]. 

Challenge: Demonstrating that analog systems can achieve sufficient accuracy for target applications.  

During this recent resurgence in interest around analog computing, the primary challenge from earlier incarnations 
remains—accuracy. Recent work has focused heavily on neural networks which are known to be tolerant of 
imprecision, but multiple studies have demonstrated that large scale neural network inference tasks analog MVM 
accelerators struggle to reach critical accuracy1 targets for these problems [2,3]. Moreover, evaluating the accuracy 
of applications run on analog systems is complicated due to the interplay of numerous factors across the stack from 
circuits and devices to algorithms. We identify four key challenges that must be addressed to demonstrate that 
analog hardware can achieve sufficient accuracy: 

1) Problem size and complexity: many works on analog 
accelerators focus on benchmarking on smaller application 
problems which can have significantly less sensitivity to 
analog imprecision. Figure 1 shows how neural network 
accuracy on an image classification benchmark is affected by 
different levels of cell errors on three different pairs of 
dataset and neural networks. Notably, MNIST hand-written 
digits classification shows almost no accuracy loss from errors 
until significant (>10%) cell errors, whereas the more complex 
tasks show substantial accuracy loss at far less accuracy. This means, analysis that focuses on MNIST or even 
CIFAR-10 can be fundamentally misleading about the efficacity or necessity of various optimizations. This focus 
on smaller applications is understandable given the challenges of building highly scaled accelerators, but 
simulation studies can augment smaller-scale characterization to help perform large-scale analysis. 

2) Unconsidered accuracy tradeoffs for baseline systems: in computer systems we often use the concept of a 
Pareto frontier to help analyze performance vs energy tradeoffs (e.g., a slower system can often be lower power 
and vice versa). When analyzing analog accelerators, papers frequently make claims about finding a better 
performance for a given power budget (or vice versa) while acknowledging that the analog system cannot hit 
the exact same accuracy as the digital baselines. When considering systems which cannot provide the same 
level of accuracy, we are effectively adding a third dimension to the Pareto frontier which must be considered 
in both the proposed and baseline systems. For instance, in a neural network task if an analog system provides 
3% lower accuracy than the comparison system, the relevant baseline is a system that also provides 3% lower 
accuracy through algorithmic simplifications (e.g., quantization). 

3) Unconsidered variables in accuracy assessments: assessing the sources of error in analog accelerators can be a 
challenge, especially when analyzing large scale applications. Instead, many works use first principles-based 
arguments about why certain sources of error can be ignored. Assessments to skip certain sources of error must 
be carefully evaluated as if incorrect can lead to misleading conclusions and irrelevant optimizations. 

 
1 Here, accuracy is a general term describing the quality of the output of a system as compared to digital. Although 
this term is primarily used in the context of neural network classification, it also refers to other metrics of solution 
quality such as signal to noise ratio (SNR) for signal processing applications. 

Figure 1-Figure 1: Comparison of accuracy 
sensitivity to cell errors of different neural network 
tasks. Reproduced from [2]. 



4) Operation-level vs end-to-end analysis: due to the complexity of analyzing the myriad sources of error, many 
proposals attempt to achieve the same results on a per-analog-operation basis as digital systems. These systems 
often over-design various aspects in an attempt to achieve exact bit-accuracy compared to digital. However, in 
many cases this attempt to match digital is based on the aforementioned first-principles arguments which can 
mislead, resulting in systems which are neither efficient nor as accurate as proposed.  

Opportunity: To show the benefits of analog systems, we need to develop norms for analog accelerator papers and 
proposals: 

1) Accuracy analysis should be the first consideration. Since accuracy remains a primary question for analog 
accelerators, it needs to be demonstrated in papers. This analysis should be inclusive of all relevant non-
idealities with the assessment of non-ideality relevance based on simulation data rather than first-principles 
arguments. Where possible this should also use per-component models rather than simple lumped error models 
to ensure that the interplay between sources is correctly accounted for. 

2) Proposals should define a concrete accuracy target for accelerators based on what is achievable in digital. These 
questions of accuracy of performance and efficiency are not unique to analog systems and many application 
domains have developed field and/or industry norms for “sufficient” accuracy. For instance, in neural network 
inference, the MLPerf Inference benchmark defines a 1% relative accuracy metric for a valid submission [4]. 
Where possible, researchers on analog systems should use existing field norms to define accuracy targets. 

3) Proposals should focus evaluation on problem scales and complexities matching the target application domain. 
For instance, if a proposal is motivated by the challenge of autonomous vehicles, the benchmark applications 
should either come from this domain, or match the field norms of other researchers working on autonomous 
vehicles applications (e.g., similar datasets and accuracy targets). Analysis of smaller scale applications is often 
still interesting, but it cannot replace relevant problem scale analysis. For many works this will require a blended 
approach of characterization for small scale applications and large-scale simulations based on characterization 
data, but as discussed below, this workflow is well-supported by existing tools. 

Timeliness or maturity 
Over the past several years we have seen multiple large-scale array and chip prototypes. With larger mixed-signal 
prototypes, effective benchmarking against digital systems becomes the primary concern. Thankfully, greater tool 
maturity from Sandia’s CrossSim [5] and IBM’s AI Hardware Kit [6] enables the high-fidelity analysis described above. 
Both tools provide interfaces for user-developed models of analog non-idealities and sufficient performance to run 
large scale applications within a reasonable amount of time. 

By establishing a set of norms for accuracy analysis on analog systems, ASCR can help push the field of analog 
accelerators toward directions which are more likely to yield productive results. Even for work not funded directly, 
these norms can help focus reviewers on the important problem of accuracy, at least until the ability of analog 
systems to hit relevant thresholds on problems of interest has been sufficiently well established. 
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1. Challenge: The Limited Computational Capabilities of Analog Processing Using Memory
Processing-using-memory (PUM; a.k.a. in-memory compute/IMC or compute-in-memory/CIM) makes use of intrinsic properties

and operational principles of memory cells within a memory by inducing interactions between cells such that they can perform
computation. PUM systems minimize costly data movement energy even compared to processing-near-memory approaches by
minimizing data movement within a memory array, i.e., between the memory cell and the read out circuitry. These advantages
can potentially provide multiple-order-of-magnitude improvements in energy efficiency over conventional digital accelerators
on specific application kernels [7].

Figure 1: Example of an analog PUM system for MVM.

Analog PUM architectures have become popular in both academia
(e.g., [1,3,9,10]) and industry (e.g., [2,6,8,14]) due to their ability
to perform bulk parallel multiplication. Fig. 1 shows an example
of how an analog PUM system can be used to mapmatrix–vector
multiplication (MVM). Fig. 1 (left) shows themathematical operation
of an MVM, while Fig. 1 (right) shows the circuit mapping. To
implement MVM, the conductances of each memory cell in the
array are programmed proportionally to the values of the matrix,
and a voltage proportional to the input vector is applied. This allows a single memory cell to represent a multi-bit value,
operating the cell in analog mode. Through Ohm’s Law and Kirchhoff’s Current Law, the resulting current at the bottom of each
column will be proportional to the result of the MVM operation. Importantly, this simple example elides several complex details
such as data conversion and data representation, but all analog PUMMVM implementations share the same core idea [13].

While analog PUMaccelerators have garnered significant excitement for its ability to accelerate neural network (NN) inference,
it faces two obstacles that significantly limit its potential in larger end-to-end applications. First, most applications require more
than just multiplication. For an MVM, a dot product must sum up multiple partial products (i.e.,multiply–accumulate, MAC). As
analog PUM can only perform the accumulation when operands are narrow, wider-width MVM (e.g., 8-bit operands) requires
each partial product to be converted from the current domain into the binary voltage domain using costly analog–digital
converters (ADCs), after which CMOS-compatible digital shift and add circuits, or a host CPU, complete the computation. If
the result of the MVM is needed as an input for a subsequent MVM, this also needs a reverse (digital–analog) conversion.
Any computation beyond a MAC operation requires the host CPU to intervene, incurring CPU–memory data movement
that generates high latencies and energy usage. Second, analog PUM is prone to a high error rate. Analog PUM’s multi-bit
operations are difficult to perform reliably in many memory technologies. For example, most resistive memories have a highly
non-linear relation between current and the programmed resistive state, which requires significant precision to discern between
adjacent bit value representations. Stochastic error sources for analog PUM include effects such as programming error (e.g.,
imprecision in the programmed state), cycle-to-cycle read noise, and state drift [14].

2. Opportunity: Hybrid Memory Arrays Capable of Both Analog and Digital PUM

(a) (b)
Figure 2: (a) ReRAM array: selectors in purple, resistive
switches in blue; (b) NOR operation: current in blue.

An alternative approach to analog PUM is digital PUM,
which can perform bulk bitwise instructions using the same
memory array used for analog PUM, but with a careful se-
lection of different voltages and currents that are applied to
the column lines [4,5,12]. In the digital case, each resistive
memory cell holds only a single-bit value, which significantly
increases its reliability compared to analog PUM (i.e., it re-
duces a major source of stochasticity). Figure 2 shows how a

NOR operation can be performed across three cells in the same row of a memory crossbar (i.e., array), by applying Vnor as the
column selection voltage to the two inputs, and GND as the column selection voltage to the output cell, while keeping the row
selection voltage floating. As illustrated by Figure 2b, floating the row line allows the input cells to set the row line voltage,
which is then used to program the output cell. This behavior can be extended to entire columns of input cells, by floating all
row selection voltages in an array, which enables bitwise NOR across any two columns of data in the array. Architectures built
upon digital PUM (e.g., [11]) can perform some scalar operations in addition to bulk parallel operations.

We argue that the best of both worlds can be achieved with a hybrid PUM system. The key idea behind hybrid PUM is that
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both analog PUM and digital PUM make use of the same underlying memory arrays and devices. The difference between the
two is the peripheral circuitry used to assert voltages on memory array rows/columns, which in turn dictate the types of
operations the array can perform. Even for MVM, a hybrid PUM architecture can eliminate reliance on external logic: the
analog PUM arrays perform bit-sliced multiplies where each column of the memory generates a partial product, and digital
PUM arrays perform the shift and add operations on these partial products. There are two general approaches to building a
hybrid PUM architecture: (1) a static hybrid PUM architecture, where arrays are fixed at design time to be only analog PUM or
only digital PUM; or (2) a dynamic hybrid PUM architecture, where each array contains peripheral circuits to perform both
analog and digital PUM, and runtime software determines when an array should operate in analog PUM or digital PUM mode.

3. Bringing Single-Chip Computation to Fruition
A hybrid PUM system has the potential to avoid any need for integration with a host CPU, allowing for computers built

from a single hybrid PUMmemory chip that handles both data storage and all computation. However, there are three key
challenges that must be addressed before such single-chip systems can become a reality:
1. The High Cost of ADCs. The basic hybrid PUM approach above does not solve the ADC issue, as operands sent from an

analog PUM array to a digital PUM array still need to be converted from a multi-bit analog current on a single wire to
a multi-wire digital current. While such conversions are not required for select data representations (e.g., binary neural
networks), a robust single-chip solution must identify efficient ways to convert the data without the need for full ADCs. One
option could be to use simple amplifiers that output a digital bit value 1 when the input analog current exceeds a threshold,
though this will require either digital operations that complete the conversion or alternate digital number representations.

2. Efficient Runtime Support for Both PUMModes. A hardware–software solution is required to truly manage a dynamic
hybrid PUM system. On the hardware side, there is a need to innovate on low-overhead hybrid peripheral circuits, as
peripheral circuits for single-mode PUM often dominate the total chip area. On the runtime software side, several options
exist for deciding when to use analog PUM or digital PUM for each array within a chip (as well as potentially coordinating
decisions across multiple chips). A simple mechanism can rely on an expert programmer to manually manage data mapping
and mode decisions, but such a direction is likely to harm long-term viability. Realistically, there is a need for an intelligent
runtime, which can use high-level properties such as target accuracy, the types of operations that the program wants to
perform in its current phase of execution, and energy estimators to predict an optimal partitioning of arrays into analog
mode and digital mode. Such a runtime can reconfigure the partitioning whenever an application enters a new phase.

3. Scalable Control Flow and Scalar Execution. While data-driven control flow is omnipresent in most real applications,
most works on PUM avoid addressing efficient control flow handling. Instead, they depend on the host CPU to execute
such decisions. Unfortunately, given that control flow can make up a fifth of all instructions in a program on average, this
offloading can erode many of the potential benefits of PUM. Focused work on efficient front ends for PUM can ultimately
enable efficient control flow handling, as well as support for variable amounts of parallelism. With such front ends, PUM
systems can eliminate the need for any offloading to a host CPU.
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"Computation" is a relatively new concept.  The success of silicon transistor-based implementation has, 
reasonably, obscured other approaches.  But (among other things) their excessive energy use motivates renewed 
interest in more exotic ideas, in particular analog computing.  It is our position that among the various analog 
computing modalities, there should be an increased research focus on Biological Computing (BC). BC employs 
biochemical mechanisms such as DNA and metabolic networks to perform computations.  There is evidence that, 
using gene editing (e.g., CRISPR) and other advanced bioengineering technology, BC could be implemented in living 
cells [1]. We believe BC will be an increasingly relevant form of "unconventional" computing, and that the 
following three research challenges and corresponding opportunities are important areas to address and develop: 
 1. Biological computing for biological applications.  Nature has designed "circuits" in cells that are up to 4-
5 orders of magnitude more efficient than human designed electronic circuits [1].  And synthetic biology, 
increasingly, can implement circuits that we design (Figure 1). However, nature imposes many challenging 
constraints on BC (cell stays alive, chemical composition is fluctuating and stochastic, etc.) that suggest that 
specialized applications are the best first use case for BC.  One class of such opportunities is application to biology 
itself.  For example, we can envision a bioreactor (say, for producing biofuel, or biological ammonia) that contains 
"programmed" cells that are able to monitor and control the process in situ.  Such applications are already in the 
domain of synthetic biology, but we envision developing the computational aspects more thoroughly, comparable 
to the way, for example, the increasingly sophisticated and powerful electronics of modern vehicles is far beyond 
the imagination of simple relays and dials of earlier generations. 
 2. Biological computing for specialized non-biological applications.   Arguably the most well-developed 
approach to BC is through so-called chemical reaction networks (CRNs) [2]. CRNs can implement both discrete, 
exact algorithms (i.e., traditional programs) and act as analog computers for the wide variety of models reducible 
to systems of differential equations.  In fact, CRNs have been shown to be Turing complete [3]; but there is large 
gap between Turing-completeness and demonstrable utility.  CRNs are at a stage where basic building blocks of 
computation are being established, but there are no established "killer applications".  Like other alternative 
computing paradigms (e.g., quantum computing and neuromorphic computing), BCs will inherit characteristics of 
their biological substrate that may suggest certain applications.  For example, physical CRNs will be inherently 
stochastic (relying on well-mixed chemical baths), motivating study of stochastic CRN, where it has been proven 
that "when answers must be guaranteed to be correct, computational power is limited, but when an arbitrarily 
small error probability can be tolerated, the computational power is dramatically increased" [4].  Examples of such 
problems abound in DOE research; in particular, large scale stochastic optimization occur frequently (e.g., in power 
systems planning and operations) and are currently intractable and only solved approximately.  We suggest an 
opportunity for research to match the properties of DOE-relevant computational problems to the characteristics of 
the proposed BC machines.   
 3. Assured and reliable computational capability transfer from traditional computers to biological 
computers. We would like BCs to be "programmable" in a sense that is similar enough to traditional programming 
for adoption by application engineers.  For this, we need something like a "C-to-CRN" compiler.   Languages such as 
CRN++ [5] and nascent compilers exist [6], but to date there is little work in formal verification of the compilation 
pipelines for BCs, which we contend is critical, as we are mapping between wildly different domains.  Can this be 
accomplished in a reliable manner?   This situation presents an opportunity for research. One option (Figure 2) is a 
stepwise one to formally verify compilations of discrete programs (e.g. programs written in the C language) down 
to differential equations.   Two major parts can be distinguished; during the first part we translate the discrete 
program to an abstract program (e.g., relational predicate) using formally verified abstraction techniques. For the 
second part we could use differential dynamic logic [7] and differential refinement logic [8] to translate the 
abstract program to differential equations through an intermediate hybrid program that combines discrete and 
continuous computations.  All these steps are done while provably preserving important properties of the 
computational results. 
 
We believe that there are complementary reasons why research into BCs is especially timely.  First (and this is a 
motivation for all unconventional computing), the energy use of traditional silicon-based machines is rapidly 
becoming unsustainable; we must do something to "offload" a good deal of computation to other modalities.  



Second, the rapid development of the bioengineering capabilities underlying BC suggests there will soon be an 
explosion in our ability to build operational and practical BCs.    Both quantum computing (QC) and neuromorphic 
computing (NC) are illustrative comparisons.  The recent rapid grown of QC and to a lesser extent NC are 
motivated by a recognition of and algorithms for "possibly-beyond-classical" capabilities converging with hardware 
advancements enabling their physical implementation.  BC is at a much lower TRL level presently, but we can 
already hypothesize a similar trend. 
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Figure 2 Formally verified compilation pipeline from C11 to differential equations 

Figure 1From [1]. A multiplier circuit that can be 
implemented within a living cell.  Top is the 
biochemistry corresponding to the analog electrical 
circuit on bottom. 
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Challenges 

The rapid growth of data-intensive applications has exposed the limitations of traditional digital 
architectures, primarily due to the significant data movement between memory and processing units and 
the need to perform repeated digital 
switching to perform computations. 
In-memory computing (IMC) 
paradigms, particularly path-based 
and flow-based computing, offer a 
promising solution to this 
bottleneck by integrating memory 
and computation, and reducing the 
number of compute-time switching 
of devices for computation.  

Stochastic analog crossbar 
computing leverages the inherent 
stochasticity of analog memristor 
devices and the exponential number 
of sneak paths in nanoscale 
memristor crossbars to perform 
computations efficiently. This 
method exploits the probabilistic 
behavior of nanoscale devices to 
perform approximate computing, 
which may be more energy-
efficient and suitable for applications where exact results are not critical. However, existing methods face 
challenges such as high area overhead and susceptibility to analog errors, which hinder their practical 
implementation and scalability in scientific applications. 

Opportunity 

Flow-based computing uses programmable 2-D and 3-D arrays of nonlinear devices to store data and then 
employ an exponential number of sneak paths to put together the stored information and perform a desired 
computation. Recent advancements in path-based and flow-based in-memory computing paradigms present 
unique opportunities to enhance analog computing systems. Path-based computing leverages READ 
operations to evaluate functions of data stored in nanoscale devices using nanoscale crossbars, offering low 
power consumption and computational delay. Flow-based computing minimizes computational delays by 
utilizing efficient crossbar designs for computations. By extending these paradigms to stochastic analog 
computing that manipulates analog data and probabilistic switching of these devices, we can develop 
systems that exploit the strengths of each approach, thereby addressing their limitations and enhancing the 
overall performance of analog crossbar computing systems. 

! 1!

Statement of Objectives 
The project will investigate formal methods based algorithmic synthesis of approximate 
stochastic computing systems that exploit emerging ultra-dense crossbar memories [3] to 
perform in-memory execution of software systems. In the last few years, the state-of-the-art in 
computing has grown from teraflops and terabytes to petaflops of computation and petabytes of 
storage [4].  While mankind’s need for faster and higher-throughput computing continues to 
grow, Dennard scaling that allowed processors with more transistors to use the same power as 
the previous generation of processors by scaling down their operating voltages has come to an 
end [6]. The demise of Dennard scaling has led to a crisis in computer architecture where about 
99% of the processor is predicted to be dark silicon [1] by the end of the next decade.  

Fortunately, many emerging 
workloads only demand 
approximately correct results [7]. 
This project will transform two 
known deficiencies of emerging 
memories – stochasticity [8] and 
sneak paths [5, 9] – into virtues 
besides leveraging their well-
known benefits – speed, size, 
energy and the ability to store 
multiple bits. The research team 
will explore the convergence of 
formal methods [10] and 
stochastic computing [11] to 
achieve the following objectives: 

Objective 1: Algorithmically 
synthesize Boolean and multi-
valued combinational logic 
circuits that implement 
approximate stochastic in-
memory computing using 
sneak paths in nanoscale crossbars of more-than-Moore devices with multiple stable states. 

Objective 2: Automatically synthesize network of stochastic finite state machines for 
approximate probabilistic in-memory computing that can be physically realized using the 
stochastic switching dynamics of nanoscale devices and sneak paths in nanoscale crossbars. 

Objective 3: (Future post-YIP) Compile high-level specifications of software systems and 
the acceptable error bounds on probabilistically correct approximate computations into 
stochastic computing circuits for two-dimensional and three-dimensional nanoscale crossbars. 

The AFOSR YIP basic research project will be deemed successful if we invent a massively 
parallel stochastic computing system for approximate matrix multiplication as a precursor to 
the stochastic implementation of the Basic Linear Algebra System (BLAS) library in a future 
project. We will employ our approach to invent stochastic computing designs for popular 
machine learning tasks, such as clustering, community and anomaly detection.  

Applica'on*

Data$
•  High*Volume*
•  High*Velocity*

F A S T E R 
Formal$methods$based$

computer2Aided$
Synthesis$of$STochas:c$
inExact$in2memoRy$
compu:ng$systems**

Code*
Bound*on*

Approxima'on*
Error*

Probabilis'c*
Correctness*

Error=prone*more=than=Moore*
memories*for*in=memory*compu'ng*

Iden'cally*designed*
stochas'c*

compu'ng*units*

End*
User*

The proposed 
methodology 
is transparent 
to the end user 

Figure 1: The FASTER (Formal methods based computer-Aided Synthesis 
of STochastic inExact in-memoRy computing systems) project will conduct 
the basic research required to execute existing code and data using 
stochastic computation on emerging high-density memory systems 
composed of nanoscale crossbars. The methodology will not require the 
user to understand a new hardware interface.  

Figure 1: Stochastic analog computing using nanoscale 2-D and 3-D crossbars 
can lead to the design of more energy-e=icient computation systems. 



Stochastic analog computing uses the inherent noise and variability in nanoscale devices to perform 
probabilistic computations. This 
approach can lead to significant 
improvements in energy efficiency, 
as the devices do not need to switch 
states fully and can use lower 
voltages. Hybrid systems, where 
analog computing is used for coarse 
solutions and digital computing for 
refinement, can leverage the benefits 
of both paradigms, providing 
energy-efficient and high-
performance solutions for scientific applications. 

Our focus is on developing EDA tools that create flow-based stochastic analog crossbar computing systems. 
The software needs to design the analog crossbar by compiling high-level specifications, and verification 
tools need to check against potential drifts and associated errors in crossbar circuit design and operation. 
Formal verification tools, such as decision procedures and multi-terminal decision diagrams, can be used 
to establish the correctness of the design, explore the design space, and provide assurance arguments at 
runtime. 

Flow-based computing replicates the idea of information flow through neurons by utilizing the flow of 
current through numerous sneak paths in nanoscale crossbars. By focusing on the analog and stochastic 
aspects of device dynamics, such as those of memristors, flow-based computing offers new opportunities 
for efficient and resilient computing that has the potential to replicate neuronal pathways. 

Mathematical frameworks have been established for modeling current flow through crossbar devices using 
closed-form equations, which can be manipulated both symbolically and numerically. In the analog and 
stochastic domain, multi-terminal binary decision diagrams and Bayesian hypothesis testing serve as tools 
for reasoning with analog crossbars. Additional work is needed both in the design space and in the 
simulation and modeling space to fully document the computational capabilities of crossbars using analog 
stochastic computing. 

Timeliness or Maturity 

The urgency to overcome the digital bottleneck in data-intensive applications and the availability of 
advanced nonlinear analog nanoscale crossbar designs make this an opportune time to explore and develop 
hybrid in-memory computing systems. Our proposed methodologies, such as the XORG framework for 
resilient data layout organization, have demonstrated significant improvements in energy efficiency, 
computational latency, and robustness against analog errors. These pave the way for practical 
implementations of analog stochastic in-memory computing systems in scientific applications, providing a 
timely impetus for further research and development. 
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Figure 2: Example of nonlinear computation implemented using stochastic 
computing on a crossbar using sneak paths. 
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Challenges: The exponential scaling of scientific simulation and machine learning necessitates 
unprecedented increases in computational power for the DOE. This soaring computational 
demand, combined with the deceleration of Moore’s Law, leads to surging energy costs. While 
improving the computation efficiency of traditional digital computing remains critical, exploring 
novel analog computing paradigms could offer fundamental and transformative solutions. 

Recently, the concept of “using nature as a 
computer” has gained significant traction, 
underscored by federal initiatives such as 
DARPA’s Nature As Computer program and 
several seminal studies. These studies showed 
that the intrinsic power of Ising Machine-based 
dynamical systems (DS) – which naturally converge to equilibrium at the lowest energy states 
(e.g., chemical reactions, water crystallization) – can be harnessed for extraordinarily efficient 
computing by embodying an analog dynamical system as a semiconductor chip. Since the system 
remains closed and self-driving, theoretically no extra external energy cost is required throughout 
the dynamic process. Meanwhile, as the dynamic process is achieved through current flow among 
the capacitors, the solution is obtained at the “speed of nature” [2-4]. 

DS can potentially solve certain challenging optimization and learning problems seen in DOE 
applications. These problems are typically NP-Hard [1] and can take hours to days on traditional 
CPU/GPU processors. With the CMOS-compatible analog DS chip, the running time for these 
problems, when properly formulated, can be reduced to milliseconds or even microseconds, 
achieving performance of approximately 3.9 TFLOPs/ms and energy efficiency of about 15.4 
MFLOPs/nJ compared to equivalent digital operations for the same functions. This represents a 
three orders of magnitude performance gain and five orders of magnitude energy savings [2-3]. 

Despite its great potential, present Ising-machine-based DS systems, such as the seminal BRIM 
approach, face three fundamental challenges when applied to DOE applications:  

• Traditionally, the Ising machine can only handle binary optimization problems, known as 
Quadratic Unconstrained Binary Optimization (QUBO). However, most DOE scientific and 
learning applications are non-binary and do not contain any QUBO subfunctions. The 
inability to handle continuous problems remains a significant hurdle. 

• Existing Ising machines can only handle linear optimization problems, whereas many DOE 
scientific and learning applications are non-linear. Formulating the non-linear problems 
through linearization or equipping the Ising machine with non-linear capability remains an 
issue.  



• The rapid evolving & annealing process of Ising machines demands full connectivity 
among the spins, leading to fundamental constraints on scalability. Effectively scaling the 
Ising machines is crucial to determining whether the DS solution can be deployed for 
practical DOE domain applications. 

Opportunities: New opportunities arise regarding each of the identified challenges. 

• Recent CMOS-compatible DS machines embed the target problem settings as the initial 
capacitor charge and resistance of the resistors, driving the dynamic process through the 
natural flow of current in the capacitor/resistor network. Unlike conventional Ising machine 
implementations, this dynamic process is fundamentally continuous [4]. New Hamiltonian 
formulations and architecture & analog circuit designs are required to unleash this 
capability and extend the solving capability from QUBO to general optimization problems. 

• New techniques for linearizing DS for DOE non-linear algorithms and applications are 
needed to handle the non-linear hurdle. Additionally, new architecture & circuit designs 
might be required through a codesign approach to enable DS with the ability to handle 
non-linear processes, similar to the activation functions (e.g., ReLU) of neural networks.  

• Novel architecture and interconnect device designs are required to scale the DS machines 
to large-scale and possibly across multiple DS chips [3]. Additionally, software techniques 
are needed to explore problem feature space, such as sparsity and clustering patterns, to 
exploit locality and avoid excessive remote communications among Ising units or chips. 

Maturity: The great opportunities for DS-
based computing is triggered by recent 
breakthroughs demonstrating the Ising 
machine via CMOS-based semiconductor 
technology [2]. The right figure shows the 
Ising analog chip and its layout designed at 
the University of Rochester. With the 
potential to fabricate the DS chip through a 
mature semiconductor process and its fundamental capability in handling continuous variables, it 
presents outstanding opportunities to accelerate DOE scientific optimization and learning 
applications. Significant investment now is needed to tackle the remaining challenges .  
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Challenge: Harnessing the full potential of analog devices requires simultaneous efforts on several different
fronts, from algorithmic analysis to simulations and practical implementations. Due to the non-deterministic
behavior of noise, it is imperative to design and analyze new algorithms that are intrinsically resilient to
hardware imperfections, yet are able to leverage the unique speedups attainable by an analog device. This is
quite challenging, since in digital computing noise is typically attributed to the data collection in hand rather
than the computing device. The ultimate goal towards a general-purpose realization of analog computing
thus passes through the design and development of new algorithms that are robust to computational noise.

Opportunities: Analog and hybrid numerical algorithms

1. Preconditioning of sparse linear systems: The solution of sparse systems of linear algebraic equa-
tions is one of the most common numerical problems encountered in computational mathematics [4]. For
large-scale linear systems, iterative solvers are a popular choice, especially when combined with precondi-
tioners. The preconditioner must be chosen so that, ideally, it reduces the condition number of the iteration
matrix and is also relatively inexpensive, both in terms of computational cost and latency, to apply. Unfor-
tunately, it is hard to find a preconditioner that fulfills both objectives for general sparse problems. That
is, constructing accurate preconditioners that are fully parallelizable and have low power consumption can
be challenging on digital computers. Moreover, applying preconditioners can be a daunting task due to
the potential high nonzero density of the preconditioner. In this context, hybrid algorithms where analog
hardware is responsible for the application of the preconditioner while digital hardware is responsible for
constructing the preconditioner and all remaining computational tasks, is an attractive choice that combines
the best of two worlds [2, 3]. Nonetheless, due to the large level of noise introduced by analog hardware, a
very accurate preconditioner will not pay off beyond a certain critical point. As a result, it is imperative to
exploit a systematic strategy to regularize the construction of the preconditioner so that the approximation
accuracy is not more accurate than what the analog co-processor can offer.

2. Quasi-Newton optimization: Numerical optimization is a field of paramount importance in science
and engineering. A prerequisite towards the broader utilization of analog devices in optimization algorithms
beyond (stochastic) gradient descent and related variants is the study and analysis of analog noise and overall
non-deterministic behavior on the qualitative performance of optimization algorithms. In particular, the
applicability of analog devices in optimization requires the fault-tolerance analysis of optimization algorithms
as well as the impact that analog non-idealities have on their convergence rate. In principle, the convergence
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rate of an analog-based, hybrid optimization algorithm might converge at a slower rate but the execution of
each iteration is much cheaper due to offloading matrix-based operations to analog hardware.

One specific category of optimization algorithms where analog hardware has the potential to be highly
beneficial is quasi-Newton optimization algorithms where the approximate Hessian resides on analog hard-
ware. A particularly interesting example in this class of algorithms is the Broyden–Fletcher–Goldfarb–Shanno
(BFGS) algorithm [1], an iterative method for solving unconstrained nonlinear optimization problems, but
the same concepts qualify for other algorithms such as the Davidon–Fletcher–Powell formula and Symmetric
Rank 1. The computational complexity of BFGS is quadratic with respect to the number of unknowns,
however the operations that are responsible for this complexity are involved only during computations with
the approximate Hessian matrix and thus can be offloaded to an analog co-processor. These computational
operations are matrix-vector products and rank-2 outer-product updates, which are precisely the linear al-
gebra kernels that analog crossbar arrays can handle efficiently. Using analog hardware, the digital-based
computational complexity of BFGS is only linear with respect to the number of unknowns.

Timeliness or maturity: For decades, the need to solve larger computational problems at increasingly
faster rates was mainly met by shrinking the size and increasing the number of transistors in complementary
metal-oxide-semiconductor (CMOS) integrated circuits. Nonetheless, CMOS-based von Neumann micro-
processors are now much closer to their physical limits of scaling and power dissipation, and continuing
leveraging them “as-is” becomes increasingly more challenging. In addition to the above constraints, the von
Neumann aspect of predominant classical digital hardware, i.e., the physical separation of processing units
and primary memory, increases the latency and energy profile of scientific workloads.

In response to the drawbacks mentioned above, recent years have seen arguments favoring the use of
analog devices configured as crossbar arrays of non-volatile memories. These devices have demonstrated
potential in accelerating many modern scientific computing applications, such as numerical optimization
algorithms in deep learning. In these applications, computations are often dominated by matrix-vector
multiplications and outer products [5, 6]. By mapping matrices onto arrays of memristive elements, where
each cross-point can store information and execute simple operations like multiply-and-add, a very high
degree of parallelism with low power consumption can be achieved. Each crossbar performs its respective
operations in-memory, which further enhances the efficiency.
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1 Introduction
The explosive AI development in recent years has led to the demand for increasing the computational capability
of information processing systems by at least five orders of magnitudes [1]. Existing electronics-based computing
systems, ranging from general-purpose CPU and GPU, to specialized hardware like FPGA and TPU, suffer from high
energy consumption and high interconnect latency. Photonic neural networks (PNNs), as one of the emerging analog
computing techniques, can process and transmit information at the speed of light with low latency, enjoy low power
consumption, and can exploit large parallelism (via wavelengh, polarization, mode, etc.).

PNNs have been shown to be well-suited for machine learning and high-dimensional nonlinear optimization tasks.
For machine learning, PNNs can naturally implement multi-layer perception, convolutional neural networks using
passive elements like waveguides, modulators, splitters and filters, as well as spiking neural networks and reservoir
computing networks using active devices like lasers and amplifiers, in either free-space or integrated circuit fashions
[2]. For nonlinear optimization, PNNs can naturally emulate the Hopfield network for Ising machines using devices
like degenerate optical parametric oscillators [1]. A few recent papers have demonstrated that PNNs can achieve
significantly higher flop performance and orders of magnitudes lower power consumption compared with state-of-the-
art GPU or TPU architectures [1, 2]. As such, PNNs represent promising computing methodologies for many DOE
applications requiring processing of large-volume and real-time data, such as data compression and trajectory recon-
struction in HEP experiments, power system anomaly prediction, optimization for material science, fusion reactor
plasma control, and phase retrieval in X-ray scattering experiments.

2 Challenge
Despite these exciting ongoing developments and demonstrations, PNNs face several well-known challenges such as
lack of optical logic gates and memory units, and modeling/implementation difficulties for the nonlinearity function.
More crucially, the cascadability to deeper networks and the scalability to large number of neurons suffer from intrinsic
noise, propagation loss, cross-talk, and fabrication imperfection. New materials, devices and architectures have been
proposed to address some of these bottlenecks, such as phase change material (PCM) for the synaptic weight, neuron
and memory elements, advances in both O/E/O and all-optical solutions for the nonlinearity implementation, and new
reservoir computing architectures, etc. In addition to the hardware development, this position paper highlights an-
other opportunity for addressing the scalability issue - leveraging recent algorithmic advances in applied mathematics:
numerical linear algebra, computational eletromagnetics/photonics and uncertainty quantification for modeling and
characterising large-scale PNNs.

3 Opportunity
Here we bring up two emerging directions for scaling up PNNs: (1) leveraging new numerical algebra and uncer-
tainty quantification tools for modeling existing PNN architectures, and (2) leveraging new numerical algebra and
computational electromagnetic tools for designing new PNN architectures.

3.1 Fast and high-fidelity modeling tools beyond device level
Due to the large electrical size of PNNs, most existing numerical modeling tools such as MEEP can only handle
photonic components at the device level [3] via e.g., the finite-difference time-domain algorithm (FDTD). Take the
matrix-vector multiplication in each PNN layer for example, one matrix element (i.e., synaptic weight) can be im-
plemented using devices like Mach–Zehnder Interferometers (MZIs), microring resonators, microdisk resonators, or
PCM-enhanced waveguides [2, 4]. These devices can easily span 10-100 wavelengths in size, and simulation be-
yond device levels are typically handled by reduced models or circuit simulations. Another case is the photorefractive
material-based weights whose interaction length spans around 300 wavelengths and cross section is proportional to the
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number of matrix elements. Due to numerical dispersion of FDTD, accurate first-principle modeling PNN components
at the circuit level requires very high spatial resolution and large high-performance computing resources.

In contrast to FDTD, recent advances of fast algorithms in computational electromagnetics have made high-fidelity
simulation of PNNs at the circuit level (or even the micro-architecture level) computationally feasible. Examples
include windowed Green’s function-based frequency domain simulator [5], quantized tensor-train (QTT)-based fre-
quency domain solver [6], QTT-based FDTD solver [7] and butterfly-based tensor and matrix algorithms [8]. These
algorithms feature low algorithmic complexity based on fast matrix/tensor decomposition and error controllability,
and can handle systems spanning thousands or even ten thousands of wavelengths in size. These forward simulators
can be further combined with recently developed uncertain quantification frameworks for characterizing sensitivity
and uncertainty due to bending noise, parameter drift, intensity fluctuation, and laser noise, etc.

3.2 Network architectures leveraging mathematical properties of light propagation
In addition to large-scale modeling of existing PNN architectures, one can also leverage physical and mathemati-
cal properties of light propagation to design more scalable architectures. One example is the tensorized PNN with
QTT representation of the synaptic weights requiring much fewer MZIs, which is able to achieve 100x speedups
compared with existing PNNs and 10000x speedups compared with an electronics NN [9]. Another example is the
spatial-photonic Ising machine[10] with low-rank and/or FFT-like compression of the coupling matrices of an Ising
Hamiltonian leveraging its physical property. This line of research direction provides a promising recipe to construct
parameter (i.e., device) efficient PNNs leveraging underlying mathematical structures or physical properties.

4 Timeliness and maturity
The projected computational capacity required by future-generation AI foundational models has posed pressing needs
for energy efficient analog computing technologies including photonic computing. On the other hand, the past five
years have witnessed tremendous efforts and renewed interests in PNNs leveraging ongoing advances in physics,
material science, computer hardware and applied mathematics. Large/deep PNNs consisting of over one million
neurons/nodes have been demonstrated only very recently [1], and it’s now the right time to foster deeper collaborations
between mathematicians, computer scientists and material scientists, and target at realization of large-scale general-
and special-purpose PNNs for scientific and industry applications in the next 5-10 years.
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Novel computing hardware accelerators based on beyond-von-Neumann architectures, analog and 
neuromorphic computing schemes on practice can only emerge as faster and more energy-efficient alternatives 
to the state-of-the-art digital CMOS circuitry used in Central Processing Units (CPUs), Graphics Processing Units 
(GPUs), and Neural Processor Units (NPUs). While the empirical Moore’s law shown in Figure 1 and the 
exponential device performance scaling continue, albeit with a different exponent, it is essential to assess the 
actual benefits of beyond-von-Neumann architectures against the state-of-the-art and future CMOS digital 
circuits. Otherwise, any potential advantage of an alternative computing approach could be surpassed by the 
exponential performance gains of the digital CMOS circuitry. 

Historically, advancements in materials and devices have driven the most significant improvements in energy 
efficiency and speed for computing systems. Since the power consumption per chip remained roughly constant, 
the power dissipation per transistor has been exponentially reducing, supported by the continuing Moore's law 
(Figure 1). In modern CMOS chips the energy dissipation occurs primarily at the device level (70-80%) and 
interconnects (20-30%) [1]. Therefore, a material-device-circuit level analysis is crucial to assess the real gains in 
energy efficiency and speed of alternative computing approaches compared to their digital CMOS counterparts.  

The continuing reduction of the dimensions of conventional devices to the true nano-scale, as well as recent 
advances in device structures, such as multi-channel GAAFETs, and novel materials (doped high-k dielectrics, 2D 
materials, etc.), present significant challenges for traditional device TCAD simulation tools. These tools, which 
predict the device physics and electrical characteristics by solving the semi-classical Boltzmann transport 
equation through drift-diffusion or particle-based approaches with some quantum corrections, may not be 
sufficient. For example, IBM’s state-of-the-art “3nm” GAAFET devices [3] have a channel height of just 5nm and 
a physical gate length of about 12nm (Figure 3). At these dimensions, quantum-mechanical effects dominate the 
device physics, resulting in new effects on channel conductivity due to significant conduction band quantization 
[2,4]. Therefore, simulators based on fully quantum, first-principles approaches are needed to predict accurately 
the physics and electrical characteristics of modern devices and/or their possible alternatives.  

Predictive, i.e. certifiably accurate within a certain parameter range, device simulations additionally allow one to 
switch on/off physical effects of a particular kind, for instance inelastic scattering, and observe the consequences 
for the device characteristics. Such ‘beyond-physical’ simulations then can reveal individual contributions of 
different effects and elucidate the real nano-scale device physics and hence new possibilities for device 
optimization, which otherwise would be very difficult to extract from experimental data or traditional methods. 
This analysis becomes particularly fruitful when used for studying effects of defects of diverse types on device 
characteristics [6].  

Further development of predictive device simulation tools that allow for extracting electrical characteristics of 
both the state-of-the-art transistors (such as shown in Figure 3) and novel beyond-CMOS devices (shown in Figure 
4) without their actual fabrication, can significantly aid in developing truly energy-efficient computing systems 
and potentially enabling a whole-system co-design (Figure 2) for the application-driven optimal efficiency. 
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Figure 1. A semi-log plot of transistor counts for microprocessors against 
dates of introduction. At the same time, the power consumption per 

chip remains approximately the same, which implies exponential 
reduction of energy dissipation per transistor. 

Figure 2. Co-design diagram [DOE SC BRN for Microelectronics 
Report (2018)]. Illustrates the need of a whole system co-design 

for the application-driven optimal efficiency. 
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Figure 3. Predictive Simulation of the state-of-the-art GAAFETs devices 
by IBM [3]: experimental measurements vs simulation data that contain 

no fitting parameters [4]. 

 
Figure 4. Predictive Simulation of the beyond-CMOS devices 

based on Atomically Precise Advanced Manufacturing (APAM) 
technique [5]. Resistances computed without fitting parameters 

(black circles) [7] and measured experimentally (red circles). 
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1 Motivating Scientific Use Cases

Cryogenic sensors offer unmatched performance for scientific applications. For example, superconducting-
nanowire single-photon detectors (SNSPDs) operating at ∼1K combine single-photon sensitivity with low
timing jitter (< 3 ps), high quantum efficiency (> 98%), very low dark count rates (< 10−3/sec), broad-
band responses, fast recovery times (< 10 ns), and monolithic fabrication [3]. Thus, arrays of SNSPDs are
widely used in cosmology and dark matter search experiments, for tests of local realism, and for quantum
computation and communication [9]. Similarly, arrays of hot-electron bolometers operating at ∼100mK are
widely used for energy-resolved photon detection in astronomy [1]. The development of computing platforms
optimized for readout and processing of signals from such arrays is therefore of significant interest for both
fundamental science and applications such as quantum computing and simulation.

2 Challenges

Readout of current pulses from arrays of SNSPDs currently relies on using arrays of bulky coaxial cables
to connect their outputs to room-temperature electronics, which creates a severe input/output (I/O) bot-
tleneck that prevents scaling to larger arrays (beyond a few kilopixels). Similar bottlenecks arise for other
cryogenic sensors, such as kinetic inductance detectors (KID) and transition-edge sensors (TES), and also for
arrays of qubits used in quantum computing. Thus, there is a major need for near-sensor signal processing,
which includes operations such as multiplexing, coincidence detection, and photon counting, to reduce I/O
requirements. While cryogenic CMOS ASICs have been demonstrated to work reliably at ambient temper-
atures down to ∼50mK [10, 11], their relatively poor energy efficiency results in a significant thermal load
within the cryostat. An alternative approach is based on processing the sensor outputs (e.g., SNSPD voltage
pulses) using superconducting electronics [6]. In particular, the development superconducting devices based
on Josephson junctions (JJs) enables near-sensor readout using single flux quantum (SFQ) circuits. SFQ
circuits store information in the form of magnetic flux quanta and transfer them as quantized voltage pulses,
making them of interest as an energy-efficient alternative to transistors for computing in cryogenic environ-
ments. However, many years of SFQ-based circuit development have not resulted in widespread adoption of
the technology. A fundamental issue is that the fast pulse-based dynamics of SFQ logic is not well-matched
to conventional clocked digital processors based on von Neumann architectures [7]. Additionally, the inter-
face between the superconducting sensors and SFQ-based readout circuits remains an I/O bottleneck, with
existing solutions relying on coaxial cables or board-level interconnects. The inductance associated with
these interfaces also poses severe challenges to signal integrity for high-bandwidth sensors such as SNSPDs.
Finally, there is a lack of high-density memory using superconducting devices, so weight storage is a problem.

3 Opportunities

A promising opportunity for overcoming the challenges discussed above is to closely integrate the sensor
array with an SFQ-based neuromorphic processor, thus enabling scaling of cryogenic sensors to megapixel-
size arrays. Both heterogeneous 3D integration (based on die stacking) and monolithic integration on a single
wafer are of interest. These approaches address the issue of sensor-readout bottleneck, but with different
trade-offs. Heterogeneous integration simplifies each fabrication process and allows them to be independently
optimized, but introduces new assembly challenges. On the other hand, monolithic integration results
in more complex fabrication and introduces possible thermal cross-talk between the sensors and readout
circuits, but greatly simplifies the assembly process. In both cases, the use of neuromorphic computing
has the potential to eliminate the inefficient mapping between SFQ circuits and conventional processor
architectures. Instead, asynchronous data streams (e.g., transduced photons) are fed into ae neuromorphic
processor in which SFQ pulses act as neural spikes to perform feature extraction, denoising, and other signal
processing tasks [4, 12]. The inherent energy-efficiency advantages of SFQ circuits for implementing such
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neuromorphic architectures are demonstrated by the rapid growth of interest in SFQ-based spiking neural
networks (SNNs) [5]. For example, a recent SFQ-based single-chip SNN containing ∼105 JJs achieved an
experimental energy efficiency of 32.4 TSOPS/W, which is two orders of magnitude better than state-of-
the-art neuromorphic processors in CMOS technology [8]. There are significant research opportunities to
build upon this earlier work by developing the fabrication methods, sensor and circuit designs, co-design
techniques, and design tools required to closely integrate SFQ-based SNNs with cryogenic sensor arrays.

4 Timeliness and Priority Research Directions

Hardware-aware AI model Design and Training

The first priority research direction we advocate is on deepening our understanding of the unique properties
of superconducting devices and how the design and training of AI models can utilize them. For example,
mapping SNNs to binary networks is beneficial since it 1) allows neurons to be efficiently implemented using
single-bit pulse stream processing, and 2) minimizes on-chip weight storage requirements. Additionally, using
asynchronous neural processing elements is desirable for eliminating the common SFQ problem of distributing
high-speed clock signals, while hardware reuse (time-division multiplexing) exploits the ultra-high-speed of
SFQ circuits to improve compute density. Further research along these lines is required to realize smart
cryogenic detectors for applications in high-energy physics, astronomy, and quantum information science.

Automated Optimization and Co-Design of Superconducting Sensors and Circuits

Establishing a quantitative characterization of cryogenic sensors and devices is a necessary step towards
realistic simulations. Several simulation tools for SFQ circuits have been developed [2], but have limited
capabilities compared to conventional SPICE-based simulators. Validating and expanding these tools to
support scripting, additional simulation types, and other types of superconducting circuit families, such as
adiabatic quantum-flux-parametrons (AQFP), could be immediate research activities [13]. Another direction
is to extend existing work on automated neural network architecture search and various neural network
optimization techniques to the superconducting domain. The optimization algorithms, such as Bayesian
optimization or reinforcement learning-based optimization, could be reused, but the search space needs to
be extended to include superconducting devices and circuits. Such automated optimization also requires the
integration of validated SFQ simulation tools into a device-circuit-algorithm co-design flow.
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Challenge: 

Robots too small to see by eye are emerging as a powerful way to shape and control the microworld, with 
proposed uses ranging from drug delivery to manufacturing to biomedical research[1], [2], [3], [4].  Yet as they 
move into real-world applications, microrobots will increasingly face complex and dynamic environments, 
demanding that they sense, adapt, and use on-board information processing to overcome uncertainty[4].  For sub-
mm robots, this level of intelligence has not yet been achieved.  Instead, today’s microrobots are either externally 
controlled by bulky laboratory equipment[5], [6], and thus incapable of sensing and responding, or can only change 
between a limited number of hardcoded states on command[7].  Conventional wisdom holds that sub-mm robots are 
too small to implement learning algorithms or fully autonomous behaviors. After all, intelligent behaviors are energy 
and memory intensive, while microrobots are resource starved.  In just a few hundred microns, how can one fit 
power, memory, a microprocessor, and sensors? Even if one could, would it have enough computing power to be 
useful?   
 
Opportunity: 
 We believe the idea that microrobots are ‘too small to be smart’ is increasingly out of date.  Instead, key 
innovations in hybrid design of low-power analog and digital circuits and specialized analog machine learning 
algorithms suggest that the time is ripe to build tiny machines that can sense, compute, and even learn.  If successful, 
the capacity to process information or adapt will help enable robust and sophisticated microrobots that operate in 
realistic environments with minimal human oversight.   

Intelligent microscopic robots would represent a dramatic improvement over today’s state of the art.  
Current designs either run fixed control laws that use prespecified notions of the environment (limiting adaptability) 
or use try to leverage external computing resources to implement learned behaviors (limiting autonomy).  Both 
approaches struggle with noisy sensor data and latency, even in controlled laboratory settings, because sensing and 
computing systems are entirely off-robot.  Furthermore, moving computation to the robot would lower the barrier to 
entry in microrobotics by dramatically reducing laboratory overhead.  In principle, an intelligent microrobot could 
be given digital instructions and left to carry out its task autonomously, paving the way for widespread use.  
 
Timeliness: 

Two convergent trends point to the feasibility of microscale robots with onboard computation.  The first is 
a sustained reduction in computing size (“Bell’s law”), which heralds the emergence of sub-mm computing systems 
in this decade[8].  Indeed, several sub-mm computing systems have appeared in the literature incorporating the core 
capabilities of an autonomous microrobot, most notably on-board sensing, power management, memory, and 
processing capabilities[9], [10], [11].  While in the past, Bell’s law was driven through scaling of semiconductor 
components, these recent reductions in size have been realized by developing and optimizing mixed analog/digital 
architectures.  Such designs, which leverage the low-power, small size advantages of analog circuitry in conjunction 
with the robust, controlled nature of digital electronics, are extremely well suited to meeting the constraints of 
microrobotics.  Further research should specifically address how to make the most of the time/space/energy tradeoff 
associated to computing and sensing[12], maximizing robotic function in small form-factors. 

The second major trend favoring smart microrobots is the emergence of new classes of machine learning 
algorithms and hardware tailored to resource starved, distributed systems.  Largely a consequence of edge and IoT 
applications, these approaches compensate for low computational power by distributing learning across agents or 
leveraging analog device structures for energy savings in hardware.  Examples of the former include federated 
learning[13], and distributed reinforcement learning[14], while examples of the later including emerging memristor 
arrays[15], [16] or analog-based neural computing[17], [18], [19].  Microrobots are well positioned to adopt these 
strategies in the real world: large numbers of agents are common in microrobotics as devices can be mass 



manufactured[6], [7], communication to either central servers or between agents is easier to execute that crunching 
numbers on each agent, robots are already built using back-end semiconductor processing (paving the way for novel 
material integration), and imperfections in analog hardware can broadly be tolerated provided they do not impact 
robot operation (i.e., unlike a hardware accelerator, the parameters of the learning system itself are unimportant, 
only the resulting behavior matters).  Future work should develop an ecosystem where algorithms are co-developed 
with hardware for robotic capabilities at the microscale.  Success in this space could yield impact across robotics by 
developing optimized analog chipsets for robotics tasks (e.g., SLAM on a chip[20]), with microrobotics serving as a 
testbed. 
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Challenge: Amdahl’s law applies to analog computing. To overcome the cost of adoption, analog computing 
systems likely need to enable a 10-100x improvement in performance or energy efficiency in a class of applications, 
or to make an intractable problem solvable through improved scaling. The evidence for this comes from outside of 
analog computing - a business truism about digital architectures (transition from scaling processor frequency to core 
number to moving to accelerators) for the former, and quantum computing for the latter. Most arguments advocating 
for analog computing compare the computational accuracy and energy cost of one or a small system of analog 
devices compared to a software implementation of the mathematics performed by the analog devices in some 
representative miniature application (miniapp). This both overestimates the computational capability of the analog 
system – miniapps tend to place greater computational intensity in the aspect that is being accelerated – and it 
underestimates the cost of the analog system – estimates often ignore the transistor overhead of analog infrastructure 
and need to also do digital logic. This strategy is fundamentally flawed because it violates Amdahl’s law – the 
limitation to improvements produced by analog computation come from the parts that remain unaccelerated. This 
makes the hype of analog computing, centered around orders of magnitude of efficiency improvements, ring hollow.  

We illustrate these points with assessments from a DOE-SC Microelectronics Codesign Call project called 
COINFLIPS, which sought to research the viability of probabilistic computing. We used hardware-generated 
random bitstreams from beyond CMOS devices in a Monte Carlo-based event generator for high energy particle 
collisions. The devices were chosen to be simple, producing a random low or high output given an input pulse and 
thermal fluctuations, to promote fine-grained integration with digital logic and avoid a von Neumann bottleneck 
[1,2]. We found that the microelectronic devices used to generate the bitstreams consumed far less power than the 
simple circuit elements required to turn those bitstreams into uniform random numbers, that is, a comparator, a 
logical exclusive-or for error correction, and a shift register [3]. At the device level, the energy consumption was 
determined entirely by the transistors required to make use of the analog device; this is an analog device version of 
Amdahl’s law. Still, the resulting circuit should function as a hardware true random number generator that is several 
orders of magnitude more efficient than the software-based pseudo-random number generator used by the event 
generator. Unfortunately, in profiling the full calculation, we find that only up to 25-50% of the CPU time is spent 
on random number generation, with the remainder being integer, logic, and floating-point operations [4]. Codesign 
work between our devices and algorithm teams produced a new scheme that replaced performing calculations on 
uniform random samples with more complex sampling, effectively replacing digital logic with more complex 
stochastic circuits. A factor of 10x improvement was forecasted by adopting both the changed hardware and changed 
algorithm, with virtually no improvement from making only one of the two changes. This results from the cost of an 
analog-accelerated calculation being determined by the remaining digital operations – i.e.  Amdahl’s law. We 
summarize our ideas in the figure below. We conclude that for analog computing to ‘make it,’ Amdahl’s law 
requires eliminating transistor/digital logic usage in all the repetitive parts of a system/computation. 

Opportunity: Analog systems need to become breathtakingly more complex, while target applications need to 
become much simpler. Perhaps based on the success of digital architectures, analog computing researchers have 
focused on simple analog devices which can address complex applications through a combination of scaling up and 
integration with digital computation. Breaking apart problems into simple component operations which are strung 
together is not only instinctive because it has been so productive in information science, but it is convenient because 
the components which cannot be made analog, from lack of resources, can instead be done digitally rather simply. 
Taking the COINFLIPS example, the circuit cost can be driven down if we had the resources to discover a way to 
take an analog exclusive-or and construct an analog shift register. More generally, the  opportunity is in systems 
which combine many different modes of control of some physical phenomenon through easy integration of their 
required materials, and where the local control mechanism is derived from analog concepts like 
feedback/equilibrium and not digital concepts like programming. Fortunately, physical systems that are this complex 



have generally not been considered for analog computing before, and they present a plausible path to a solely 
analog computation that shuts digital out of the repetitive parts of the calculation.  

The main reason to be skeptical of such complicated analog systems is that their computational utility is unknown. 
The underlying physics is often not well-understood, and mathematical insights must be developed simultaneously 
with algorithms to isolate which phenomena are computationally useful. That makes requiring discoveries to be 
contextualized as a big step towards a lofty goal (say, neuronal behavior in a device and machine learning-based 
image recognition) quite risky. At the same time, the temptation for the application to be either saccharine (e.g., the 
system simulates another physical system efficiently but with uncontrolled approximations) or vapid (e.g. the system 
tunably implements a specific piece of mathematics, like a filter) must be avoided for the outcome to be worthwhile. 
Thus, there is an under-appreciated opportunity for applications which are shallower in complexity but still wide in 
impact. This also enables examining a wider range of candidate problems, accelerating the identification of which 
have repetitive kernels that map well to analog computation. The analog computer needs to be efficient enough to 
aggressively drive down the cost of the recurring part of the calculation, while digital computation is only engaged 
in the beginning and end to produce a more accurate answer, e.g., through how the problem is split up or averaging.  

Timeliness: Mitigation for Quantum Winter. To be blunt, analog computing as envisioned above partly mitigates 
the risk of the commercial failure of quantum computing in the medium term. Quantum computing has no widely 
agreed-upon path to a commercial application, despite enormous private sector investment. Meanwhile, there are 
significant overlaps in the underlying skills needed for working in both areas. Work in complex analog systems can 
spawn commercially viable off-ramps for a quantum workforce if there is a contraction.  
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1 Topic
Our position paper discusses hybrid analog and digital systems design methodology.

2 Challenge
The rapid growth of analog sensor data has outpaced intelligent processing capabilities in many domains,
including scientific experiments, causing an analog data deluge that obscures valuable information. At the
LHC, Petabytes per second of data are generated thus requiring very high-speed offline filtering to avoid data
pileups. A 2021 report [1] depicted in Fig.1, illustrates the total amount of data produced by LHC collisions
in one year exceeded the total size of files ever stored on Amazon cloud storage services by approximately
two order of magnitude. More than 90% of collision data is generated by a single detector system the silicon
pixel detectors.

The data bottleneck is by far the greatest challenge faced by the HEP community. Currently, more than
99.995% of collision data is filtered out during offline data analysis looking only for rare interactions hoping
to discover new Physics. The Level 1 trigger is mostly responsible for large amount of data to be rejected
on-sensor reducing the information transfer from PBps to TBps. The innermost layers of the CMS/ ATLAS
detectors currently do not contribute to the Level 1 trigger.

3 Opportunity
The data bottleneck challenge creates a unique opportunity for the HEP community to develop new com-
puting co-design paradigm and methodology.

Current digital systems are unable to handle data rates needed at the LHC due to conversion overheads,
limited parallelism, and resource intensiveness [2]. On-sensor analog deep learning can eliminate data con-
version and storage overheads by filtering non-essential signals at the acquisition stage. Similarly, at the

Figure 1: Big Data in HEP: Orders of magnitude involved in different data sources for several big data players. The area of
each bubble represents the amount of data streamed, hosted or generated. The accompanying text annotations emphasize the
crucial factors considered in the estimation process. Average per-unit sizes are indicated in parentheses, where italic denotes
measures derived from reasonable assumptions due to the absence of available references

1



signal processing stage, analog deep learning can leverage non-von Neumann architectures to minimize data
movements and employ physics-based computing, such as using Kirchoff’s law for summation by representing
operands in the charge or current domain, to maximize energy efficiency [3]. Thereby processing signals
closer to the source in the analog domain offers significant benefits in performance, speed, area, and power,
and can enable novel signal processing paradigms such as asynchronous real-time waveform analysis and
direct signal-to-inference capabilities.

The flow need to address three sections illustrated in Fig. 2 :

• A first pre-silicon stage algorithmic flow to convert bit representations of software learning models to
analog representations (such as charge, time, or current) suited for silicon placement. The algorithm
also needs to solve optimal mapping of deep learning layers to a system of analog crossbars while
maximizing throughput by concurrent processing, minimizing data transmission lengths and rates,
maintaining load balancing, minimizing model load cycles from off-chip memories, etc.

• A second on-silicon stage that leverages novel mixed-signal processing architectures as well CMOS
based and CMOS+X (FeFET, Floating Gates, PRAM, ReRAM, MRAM...) devices to fully exploit
analog processing capabilities while addressing challenges such as design complexity and process vari-
ability.

• Finally, a third post-silicon stage is needed to address the need for continual monitoring and correction
of the computing substrate against chip-to-chip, across-chip, and time-varying degradation such as
process variability, aging, and temperature-induced variations.

Figure 2: Co-designed analog acceleration flow consisting of pre-, on-, and post-silicon stages for reliable software-to-analog
conversion, scalable synthesis and design, and runtime error monitoring and corrections.

4 Timeline
The AI/ML community for electronics design of HEP applications has now reached critical mass. The
demand and need for increasingly more complex AI/ML models require new computing paradigm and design
methodologies that supports analog/hybrid implementations. Recently, we introduced the support of Siemens
Catapult HLS [4] as a backend of hls4ml to target specifically the ASIC flow. The significance for the industry
of our framework has brought us to collaborate with Siemens EDA to release Catapult AI NN [5].
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Topic: biological circuit design 
 

Challenge: Biological circuits encoded in the genome of each organism direct development, maintain 
integrity in the face of attacks, operate intricate molecular machinery, control responses to environmental 
stimuli, and sometimes malfunction to cause disease. The emerging discipline of molecular programming 
is jointly inspired by these remarkable programmable molecular circuits and devices that orchestrate life 
and by the transformative impact of computer science on technology and society. Molecular programming 
researchers seek to develop the principles and practice for a new engineering discipline that will enable the 
function of molecules to be programmed with the ease and rigor with which computers are programmed 
today, while achieving the sophistication, complexity, and robustness evident in the programmable DNA, 
RNA, and protein machinery of biology. However, while there has been foundational progress in the 
emerging field of molecular programming over the last two decades, our ability to program molecular 
circuits in vitro and in vivo remains modest compared to the virtuosity exhibited in biology. Example 
challenges: 1) computational design of programmable regulators for scalable synthetic biology, 2) interfacing 
sensitive and robust synthetic programmable regulators with endogenous inputs and outputs, 2) 
simulating and designing the kinetic molecular interactions of programmable regulators operating within 
dynamic circuits, 3) engineering synthetic biological circuits that are energy efficient, 4) engineering 
feedback between biological circuits and mechanical force. 
 

Opportunities: Over the coming decades, the emerging fields of molecular programming, dynamic nucleic 
acid nanotechnology, and synthetic biology are poised to generate transformative programmable 
molecular and cellular technologies addressing challenges to science and society ranging from 
environmental monitoring and biosphere engineering to diagnosis and treatment, and from renewable 
energy to sustainable manufacturing. Example opportunities: 1) research tools and therapeutics that leverage 
programmable cell-selective regulation, 2) sensitive, programmable, instrument-free at-home diagnostics, 
3) multi-species biological circuits for environmental monitoring, 4) ecological engineering to enhance 
carbon sequestration, 5) synthetic development.  
 

To take advantage of these opportunities, effective analog computation must be scalable, robust, and 
efficient. These requirements call for interdisciplinary research incorporating novel methodologies from 
computer science, bioengineering, and mathematics. Key approaches for biological circuit design will 
include: 1) thermodynamic analysis via dynamic programming algorithms, 2) computational acceleration 
via ensemble decomposition and other methods, 3) efficient and robust Markov chain Monte Carlo 
simulation of molecular circuit kinetics including automated coarse-graining, 4) chemical reaction network 
simulation and design, and 5) high-quality and user-friendly software. 
 

Timeliness: Over the last decade, there has been significant progress demonstrating proofs-of-principle 
engineering programmable regulators and circuits that operation in vitro and in vivo. Significant progress 
has also been made in developing algorithms to support systematic engineering of these programmable 
molecular devices and systems (e.g., NUPACK; www.nupack.org). A broad and enduring multi-decade 
effort is required to progress the state-of-the-art to the point where robust and versatile technology 
platforms are in place across a range of applications for the benefit of science and society. The timeliness of 



these efforts is reflected in the number of companies (from pre-seed startups to multi-national corporations) 
that are building new teams to work on development of programmable molecular technologies. Current 
efforts and capabilities represent the tip of the iceberg, yet already reflect a markedly different outlook from 
10 years ago, and are unrecognizable from 20 years ago.  
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1 Motivating Scientific Use Cases

As contemporary deep learning-based AI models have demonstrated their efficacy, integrating them within
scientific workflows and deploying them at the edge have gained strong interest in many scientific applications.
In particle physics experiments, the highest data rates occur at the outputs of tracking detectors. For
example, the time-projection chamber in the SPHENIX experiment at the Relativistic Heavy-Ion Collider
(RHIC) produces raw data at a rate of 1Tb/s [7], while the future ePIC detector in the Electron-Ion Collider
(EIC) will feature a 16-billion channel tracking detector [12]. In future high-energy physics experiments such
as the High-Luminosity Large Hadron Collider (HL-LHC), data rates can reach 1 Pb/s on average, while the
silicon tracker for the Future Circular Collider for hadrons (FCC-hh) will have∼20 billion channels and a zero-
suppressed data rate of 10 Pb/s [1]. Additionally, future beamlines at the National Synchrotron Light Source
(NSLS-II) will generate time-resolved high-resolution 2D X-ray scattering data at 100Gb/s. Traditional ways
to process such high-bandwidth data streams are based on triggering systems that down-select data using
heuristic methods. Alternatively, AI-based real-time processing methods have shown promising results, such
that integration of AI technologies near the detector has been identified as a priority research direction
by the HEP community [6]. Most recent efforts on such near-detector AI have focused on optimizing
conventional artificial neural networks (ANNs) for edge deployment [9] using either complementary-metal-
oxide-semiconductor (CMOS) application-specific integrated circuits (ASICs) or field-programmable gate
array (FPGA) [4]. However, few have considered the added power and die area consumption of such “smart
detectors”. Analog in-memory computing (AIMC) provides a promising alternative for near-detector AI
inference due to three major reasons: 1) lower power consumption; 2) ability to use radiation-hard materials;
and 3) avoiding the need for energy-intensive digitization of raw sensor data.

2 Challenges

AIMC has been rapidly developing as a research topic. However, its adoption in real applications has been
lacking due to many challenges. Firstly, the materials used for implementing AIMC are diverse and rapidly
evolving. Based on their working principles [8], we can roughly divide them into resistive random-access
memory (RRAM), phase-change memory (PCM), magnetoresistive random-access memory (MRAM), and
optical interferometers. Each type has its own advantages and disadvantages. Secondly, these materials
and devices usually exhibit intrinsic stochasticity, mismatch, and limited bandwidth. The circuitry designed
around these devices can introduce additional noise, further degrading computational accuracy. As a result,
AIMC has limited dynamic range (DR), such that non-linear functions such as exponentiation do not work
well and have to be dealt with using digital circuits. Additionally, the AI model weights are programmed
as conductances, whose values fluctuate and drift over time. Thirdly, the energy efficiency of AIMC systems
is severely degraded by the analog-to-digital and digital-to-analog converters (ADCs and DACs) required to
interface them with digital processors and/or memory. Finally, realization of a practical analog computing
solution requires a close collaboration between material scientists, circuit designers, AI experts, and domain
scientists. The design space is vast, spanning material choices, crossbar array dimensions, device design,
data converters, circuit architecture, numeric representations, AI algorithms, and noise-aware training.

3 Opportunities

As microelectronics and AI have been identified as topics of national strategic importance [3, 5], long-
term large research collaborations should be fostered to support energy-efficient computing for scientific
applications, which would be most benefited by AIMC if associated challenges could be addressed. With
respect to the challenges mentioned above, three corresponding research opportunities and suitable for pursuit
by such collaborations. Firstly, we need to establish a quantifiable and, most desirably, unified representation
of different materials and their characteristics such as stochasticity and non-ideality. These quantifiable
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characteristics of materials and devices will facilitate a simulation framework for evaluating feasibility of
new materials and devices for a given AI model architecture and specific scientific applications. Secondly,
to tackle the limitation of these quantifiable characteristics of materials and devices, a hardware-aware and
noise-resilient AI algorithm design and training framework will be needed. Thirdly, a comprehensive and
all-inclusive co-design and automated optimization framework will be needed to help algorithm designers,
circuit engineers, and material scientists in navigating the complex design landscape.

4 Timeliness and Priority Research Directions

Hardware-aware AI model Design and Noise-Resilient Training

The first priority research direction we advocate is on deepening the understanding of stochasticity of analog
computing materials and devices and how the training of AI models can mitigate or make use of them.
Stochasticity has played a crucial role in AI, ranging from the foundational stochastic gradient descent (SGD)
algorithm that shuffles training data into random mini-batches, to dropout layers and reduced precision
arithmetic. Such perturbation mimics a noisy vector-matrix multiplication (VMM) unit. Similar ideas
of injecting noise into neural network training [10] have been used for regularizing the process of ANN
training. Existing work on AIMC [11, 2] that integrates noise during AI model training has shown promising
results. However, a deeper understanding of the impact of choosing various noise characteristics, AI model
architectures, crossbar array dimensions, and fundamental materials characteristics is required.

Establishing Co-Design Space and Automated Design Optimization

Establishing a quantitative characterization of analog computing materials and devices is a necessary step
towards a realistic simulation. Several AIMC simulation tools have been developed. Validating and ex-
panding them for other types of materials and circuits, such as spiking neural networks (SNNs), could be
immediate research activities. Another direction is to extend the line of work on automated neural network
architecture search and various neural network optimization techniques. The optimization algorithms, such
as Bayesian optimization or reinforcement learning-based optimization, could be reused, but the search space
needs to be extended to include materials, devices, and circuits. Such automated optimization also requires
the integration of validated AIMC simulation tools into the device-circuit-algorithm co-design flow.
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We argue that: i) analog computing is well-suited to energy- and resource-constrained applications in near-sensor
processing, and ii) the current challenges in analog computing implementations are adaptation techniques for large,
hierarchical analog computing architectures and judicious mapping of computation and optimization problems onto
analog and hybrid computing hardware architectures.

Unlike digital computation, analog computation is intimately tied to its physical implementation. As a consequence, physical
noise (i.e., Nyquist-Johnson noise, 1/f noise, etc.) and fixed-pattern noise (i.e., manufacturing variability) in the computing
devices impose hard limits on the achievable dynamic range and precision. This leads to the conventional understanding that
analog computing offers greater efficiency at low resolution, while digital computing incurs a higher initial penalty related to
the bit error probability of quantization. Thus analog computing offers greater power efficiency at low signal-to-noise ratio
(SNR), while digital computing offers greater efficiency at high SNR [1]– as illustrated in Fig. 1.

Fig. 1: Energy per bit vs SNR for analog
(solid) & digital (123) signals [1]

Scientific computing has many distinct end-goals: modeling (i.e., exploring the
theoretical behavior of a model), using computation to conduct scientific exper-
iments (e.g., control systems), or using computations in the course of collecting
data (e.g., robot navigation). At first glance, analog computing appears to be ill-
suited to support scientific inquiry, particularly when mathematical simulation
requires high precision to avoid issues of error build-up over time. Nearly all
sensor measurements unavoidably begin with an analog signal. Real-world signals
have notoriously high dynamic range and care must be taken in choosing signal
representations and data acquisition hardware to properly capture the phenomena
under study.

There are many practical applications where a real-world signal has a large
dynamic range, while the application-relevant aspect of the signal is limited to
a modest dynamic range amenable to analog representations and computing. For
example, an EMG signal often includes very large low-frequency components, but
the tiny muscle activation signal is higher in frequency. While expensive high-
bit-count analog-to-digital converters (ADCs) and digital filters can be used, a
simple analog filter could be used to first isolate the smaller, relevant signal in conjunction with modest-bit-count ADCs. With
advanced analog filtering techniques and integrated sensor signal processing, signals and signal features can be isolated prior to
use, eliminating large uninformative signal excursions and enabling lower-precision operation. When the relevant signal varies
over a modest dynamic range, adaptation and calibration techniques may be implemented in analog computing to map the
relevant signals into the accessible dynamic range of analog signals. In many systems the choice of modest vs high dynamic
range has the main consequence of requiring more power for higher DR signal representations, implying resource tradeoffs; in
specific systems, proper operation requires the dynamic range of a sensor or physical process to be centered around a desired
operating point. This can be done using adaptive analog techniques; examples include dark current compensation for ultra low
light optical sensors [2] and offset cancellation to eliminate circuit bias in true random number generation [3]. Similarly, if the
computation allows, analog signal compression circuits can be used with high-dynamic range signals to preserve information,
as is often seen in biological signal processing. Signal compression is often an important computational step, providing the
basis for comparisons between signals (e.g., the difference between log-compressed channels is related to their ratio).

Currently, on-chip analog storage technologies such as Floating-Gate Transistors, ReRAM [4], and Ferroelectric Field
Effect Transistors (FeFETs) are not widely used commercially. However, they hold potential for various applications. These
technologies can be employed to calibrate mismatched devices [2], [3], [5]–[7] or as analog memory for computational tasks,
like neural networks [4], histogram equalization [8] and motion feature estimation [9]. Utilizing these storage methods can
significantly enhance precision by reducing fixed-pattern noise. Although analog memory systems can be highly compact and
integrated closely with the circuits they support [8], the circuitry required for modifying the memory might demand considerable
space. Nonetheless, advancements in non-volatile technologies like FeFETsand ReRAMs, which are compatible with standard
CMOS processes, now enable programming within the limits of standard power supplies and reduce the size of the peripherals.



2

There are many practical situations where scientific inquiry requires the large-scale collection of sensor data where devices
must be inexpensive and low-power to provide long-term observation with low maintenance issues. In cases where the pure
sensor signal is not used, rather a sensor product is locally computed, it may be the case that only low-precision computations
are needed. Examples include: traffic speed monitoring, human face detection and counting, audio voice prompts, etc. In this
context, analog computation (i.e., analog circuits) can play a valuable role in implementing low-power, adaptive, sensor signal
processing.

Example Sensor array:

Charged Particle Detector

In-Sensor Processing

-Analog Compression

-Adaptation

-Dynamic Range

-Calibration/Correction

-Dimensionality Reduction

-Dynamic Range adaptation

-Encoding to Events

-Feature Extraction

SpatioTemporal 

Processing Near Sensor

Computation

-Optimzation

-Event-based Processing

-Analog Learning

-Recurrent Networks

Fig. 2: Sensor array used for detecting charged particle (e.g
Large Hadron Collider) generate significant amount of data
per second. Analog near sensor processing at various stages

can efficiently enable processing the sensor data.

Finally, there are several types of parallel and recurrent
computations such as: optimization/relaxation algorithms and
convolution, that are very computationally-intensive and can
be slow and/or energy consuming in CPU-based imple-
mentations, but IF an analog implementation (usually a
massively parallel analog system; e.g., resistive networks)
can be formulated to perform this computation, it can be
faster and lower-power, albeit, a dedicated computational
engine with limited reconfigurability. Examples include: a
silicon retina chip [10], [11], a visual horizon detection chip
[12], a gradient visual motion chip [13], tomography, Ising
machines, and reservoir computing.

Analog computing is a critical enabler for emerging hybrid
computing approaches. Spike-based, biologically-inspired,
neuromorphic systems occupy a very interesting position in
this space, utilizing both analog and digital representations to
capture some of the benefits of each approach, most notably
the ability to leverage well-established digital hardware and
interfaces in many instances. Relatively less-well explored,
efficient spike (or ”event-based”) sensor and signal represen-
tations can also lead to dramatically different algorithms that are beginning to show promising results and more insight into
biological computations where these spike-based representations are ubiquitous [14].

Opportunity: Achieving the potential of analog computing demands a new generation of researchers to develop simula-
tion/verification tools and design techniques, utilizing commercial and emerging technologies to devise new analog computing
architectures and solutions.

Timeliness: Although significant progress and promise was demonstrated in the past, funding for analog computing research
has been severely restricted in recent decades. New technologies and applications have emerged (e.g., new nonvolatile memories,
memristors, internet of things, artificial intelligence at the edge), and there is a huge opportunity to realize extreme power and
size scaling by leveraging analog computing in these systems.
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Topic (Probabilistic Computing): The vast majority of 21st century AI workloads are based on gradient-

based deterministic algorithms such as backpropagation.  One of the key reasons for the dominance of 

deterministic ML algorithms is the emergence of powerful hardware accelerators (GPU and TPU) that have 

enabled the wide-scale adoption and implementation of these algorithms. Meanwhile, discrete and 

probabilistic Monte Carlo algorithms have long been recognized as one of the most successful algorithms 

in all of computing with a wide range of applications. Specifically, Markov Chain Monte Carlo (MCMC) 

algorithm families have emerged as the most widely used and effective method for discrete combinatorial 

optimization and probabilistic sampling problems.  We adopt a hardware-centric perspective on 

probabilistic computing, outlining the challenges and potential future directions to advance this field. We 

identify two critical research areas: 3D integration using MOSAICs (Monolithic/Stacked/Assembled ICs) 

and the concept of Illusion, a hardware-agnostic distributed computing framework designed to scale 

probabilistic accelerators. 

Challenges: Despite their significance in ML and AI, MCMC algorithms have yet to be accelerated with 

domain-specific hardware and are still primarily run on conventional CPUs or GPUs, severely limiting their 

widespread adoption.  A fundamental challenge in accelerating MCMC algorithms is their inherently serial 

nature which obstructs parallelism. Another practical challenge is the need to generate a massive amount 

of uncorrelated random numbers (RNG), requiring trillions (1012) of them within a few seconds. Even in 

simplified models like 2D checkerboards implemented on GPUs, sampling throughputs have saturated at 

around 10 billion (1010) RNGs per second per chip, consuming 10 to 100W of power. Exacerbating this 

problem, today’s silicon systems face fundamental limitations: the energy and speed benefits of smaller 

feature sizes have dramatically slowed over the past decade (miniaturization wall), and computing 

performance and energy efficiency are now dominated by data-movement (energy/latency) overheads 

rather than actual computation (memory wall). 

 
Fig. 1: Domain-Specific 3D MOSAICs (Monolithic/Stacked/Assembled ICs) targeting 100-1,000× system-level 

energy-delay benefits in scientific computing algorithms 

Opportunities: To overcome these challenges and advance AI-hardware scaling for scientific computing, 

we need a synergistic combination of new device and integration technologies, circuits, domain-specific 



architectures, AI-optimized algorithms, compilers, and runtime software support. To advance probabilistic 

computing hardware, we see two complementary opportunities: one with 3D integration of CMOS + X 

systems [1], and the other with Illusion where a large problem graph can be broken into pieces with minimal 

communication between interconnected chips [2].  

3D MOSAICS: We assert that ultra-dense 3D integration of multiple layers of compute and memory access 

logic will be essential for achieving 100-1,000× improvements in system-level Energy-Delay-Product for 

scientific computing algorithms (e.g., the powerful Markov Chain Monte Carlo algorithms for 

combinatorial optimization and sampling) through technology-architecture-software co-exploration on 3D 

MOSAICs (Monolithic/Stacked/Assembled ICs, Fig. 1). Each 3D chip leverages ultra-dense integration of 

logic and memory layers to vastly reduce the memory-to-compute data movement overheads, resulting in 

substantial system-level energy and throughput benefits. Multiple 3D chips can be integrated using a 

combination of chip stacking, interposer, and wafer-level assembly techniques. In 3D MOSAICs, benefits 

can be expected at various levels of the stack: 

1. Device and Integration Level: New materials enhance functionality (e.g., carbon nanotube FETs, 

RRAM/MRAM integrated on top of silicon CMOS). 

2. Circuit and Architecture Level: 3D integration can enable new communication capabilities across 

chips, leading to large-scale probabilistic computation with millions of probabilistic bits. 

3. System and Software Level: New software compilation and runtime technologies can complement 

domain-specific multi-chip architectures and enable efficient software execution on 3D MOSAICs. 

Illusion for probabilistic computing: Beyond 3D MOSAICs, another effective method in scaling up 

computation is Illusion. The concept of Illusion was initially demonstrated in DNN inference to address 

limited on-chip memory, which necessitated frequent and costly off-chip memory accesses. By networking 

multiple chips, each with a minimal amount of local memory and rapid wakeup/shutdown techniques, 

Illusion achieved energy and execution times close to an ideal single-chip solution without off-chip 

memory.  

We believe that this concept can be adapted to probabilistic computing [3] in a hardware-agnostic 

manner. This would involve breaking a large problem graph into smaller pieces through graph partitioning 

– potentially using weighted min-cut algorithms – and distributing the graph across interconnected chips. 

Thanks to the forgiving nature of probabilistic algorithms in sampling and optimization, the sampling 

throughput and the accuracy of an ideal (hypothetical) probabilistic computer that can house the entire 

graph can closely be approximated in synchronous and asynchronous architectures. Importantly, the 

concept of Illusion is agnostic to the choice of a probabilistic accelerator whether it is based on MRAM-

based probabilistic bits, coupled oscillators, or other Ising machines. 

Outlook: The main challenges in probabilistic computing with domain-specific hardware are related to 

scaling up the nodes, increasing the number of parameters and their interaction (2nd order, higher order, 

etc.) in a graph, and maintaining a very large throughput. We believe that MOSAIC3D and Illusion 

approaches are two complementary methods that enable the large-scale deployment of probabilistic 

computers, with a co-design approach across the stack. 
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Topic: Improving analog devices 
 
Background In the last 60 years, electronics have relied on deterministic, binary thermodynamic equilibrium states 
accessed by electrons to store and process information. The end of physical scaling of this approach motivates the 
need for post-CMOS or post-digital analog approaches, which offer improved functional density and energy efficiency 
instead of merely physical scalability1. Compared to digital approaches, analog encoding and processing of 
information are fundamentally different in two ways. First, instead of relying on binary states separated by at least 
10kT of energy to store and process information, analog electronics employ quasi-continuous states defined by non-
equilibrium thermodynamics and kinetics and separated by much smaller energy barriers2. Second, instead of using 
only electron motion to encode information, analog electronics can use electrical, thermal and electrochemical 
gradients in various heterogeneously integrated materials to move electrons, ions, and domains3. Understanding the 
scientific basis of these complex, frequently coupled mechanisms is difficult, resulting in few reliable physics-based 
models that can be used by circuit and chip designers. Furthermore, while these aspects of emerging analog devices 
may be advantageous in some ways, they also present increased sensitivity to variability, noise, and poorly controlled 
kinetic processes4. Current device and circuit design models, which guide manufacturing of digital CMOS in terms of 
dimensions, interfaces and dopants, are overly simplistic and provide limited guidance for exploiting the features or 
mitigating the issues of analog electronics. As such, despite decades of research and promising laboratory-scale 
performance, scientific knowledge gaps in the features of analog electronics identified above have led to their 
consistent failures to meet the stringent requirements needed for their commercialization1.  
 
The Challenge. We posit that the failing of analog electronics to challenge digital alternatives even in applications 
that do not require high bit precision is due to the lack of device concepts with well-defined fabrication processes, 
predictable and controllable characteristics including noise and drift, and scalable compact models for the design of 
arbitrary circuits and networks. Additionally, we believe that relying only on isolated device data to characterize 
emerging analog memory can be highly misleading. 
 
The Opportunity: There are two key opportunities in both 
improving the analog devices and in improving the way we 
characterize and understand them. 

1) Most current analog devices encode information in 2 
dimensional interfaces of 1-dimensional filaments.  Filamentary 
devices such as ReRAM are inherently susceptible to the 
placement of a single ion and are therefore limited in the accuracy 
that they can achieve.  Similarly, two dimensional devices such as 
SONOS are more stable, but still have a limited number of 
electrons storing the state when scaled. 

We propose that this challenge can be addressed by designing 
analog devices, such as synaptic transistors and ECRAM that 
encode information in three dimensional volumes,5 rather than 2-
dimensions channels or 1-dimensional filaments. Devices should 
also combine thermodynamic and kinetic mechanisms to stabilize 
a high density of analog states and rely on switching mechanisms 
that avoid chaotic and unpredictable behaviors during 
programming. Using ions rather than electrons to store a state also 

 

Fig 1: Materials need to be probed in-
operando while being operated in small 
networks 



results in far better retention, lower state drift over time, and potentially improved resilience in harsh conditions such 
as high radiation and temperature. 
 
2) To develop a better fundamental understanding of how new devices work and assess their potential for technological 
impact, we need to go beyond probing single isolated devices.  Rather, testing should include small networks to reveal 
how various device ‘imperfections’ such as drift, noise, and variability affect the power, latency and accuracy of well-
established computing tasks. Additionally, even small networks can be used to investigate device-to-device coupling 
via electrical, thermal or other mechanisms, and to explore novel computing primitives based on ensemble effects.  
Furthermore, the electrical tests should be combined with other characterization methods that can inform on the 
fundamental physical and chemical mechanisms that underpin the computational primitives as illustrated in Fig 1. 
This approach, in conjunction with physics and machine learning, can be used to develop compact models and software 
tools similar to those widely used in Si CMOS, such as process design kit (PDK) and technology computer aided 
design (TCAD). Additionally, the large amount of high quality data correlating electrical test data with 
physical/chemical characteristics can substantially accelerate discovery of new materials and device concepts for 
analog computing.  
 
Timeliness and maturity:  A new class of volumetric devices called electrochemical ram (ECRAM) has recently 
been developed.  These devices operate by storing the state using ions in the volume of the channel. 
 
Acknowledgement: Sandia National Laboratories is a multimission laboratory managed and operated by National 
Technology & Engineering Solutions of Sandia, LLC, a wholly owned subsidiary of Honeywell International Inc., 
for the U.S. Department of Energy’s National Nuclear Security Administration under contract DE-NA0003525. 
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Abstract: Today, we are faced with a unique era in which Big Data, Artificial Intelligence (AI), and High-Performance 
Computing (HPC) provide a once in a generation opportunity to profoundly accelerate the way we advance science. 
Furthermore, in order to scale HPC systems to scale to keep up with the rising demands on computational power and 
efficiency, heterogeneous computing architectures including a variety of specialized analog accelerators based on emerging 
technology platforms such as CMOS, ReRAM, and photonics are essential. Each of these unique analog accelerators can be 
used to process specific AI workloads and resources can be efficiently used under a stack that supports this diversification 
across hardware and software. 
Challenge: On Monday, May 21, 2023, at the ISC High Performance Computing Conference in Hamburg, Germany, HPE 
announced Aurora genAI, a series of science-focused generative AI models that will operate on the HPE Aurora 
supercomputer, capable of computing 2+ exaflops [1]. Aurora genAI is aimed at developing a suite of generative AI models for 
the scientific research community. These models, with up to 1 trillion parameters, 5.7 times more power than GPT-4, will be 
used in various scientific disciplines, ranging from cancer and disease research to the design of molecules and materials. The 
models will be trained on a vast array of data, including general text, code, scientific texts, and structured scientific data across 
fields such as chemistry, biology, material science, physics, and medicine. Generative models tailored for science and trained on 
extensive scientific data have the potential to accelerate discoveries in healthcare, material science, and many other research 
areas. This project could significantly impact the scientific community, providing insights that could directly benefit humanity. 

The HPE Aurora features 21,248 CPUs, 63,744 GPUs, and 1,024 DAOS nodes, all connected via HPE Slingshot high-
performance Ethernet interconnects. Testing has also shown near-linear scaling up to hundreds of nodes, though scalability 
testing for Aurora, which contains 10,624 nodes, is still ongoing. As these models scale in the number of parameters, the 
energy and financial costs increase at an alarming rate. For example, OpenAI’s GPT-3 GenAI model contained about 340 
million parameters and required 5 exaflops of computation for an entire day, and GPT-4 increased to about 1.8 trillion 
parameters only five years later. Moreover, OpenAI trained GPT-4 for nearly $100 million and today it costs about $500 
million per year to run inferences on an LLM at 100 billion inferences per day [2]. In 5 years, it will cost about $160 billion to 

train an LLM, which equates to the 
amount of energy the United States 
consumes in one entire year.  

Current digital computing systems 
were not primarily designed to run 
massively parallel algorithms such as 
deep learning neural networks. In 
between each multiply-accumulate 
operation, data must be transferred 
between memory and the processor. 
Moreover, it is well known that data 
movement is the primary source of 
energy consumption within digital HPC 
systems executing AI workloads. 

Opportunity: With that said, at Hewlett Packard Labs, researchers have been developing variations of analog computing 
technologies, which aim to address the underlying challenges of executing AI workloads with 10-100x lower energy 
consumption. One key advancement we intend to make is to establish a versatile and powerful heterogeneous computing 
system that includes neuromorphic photonic integrated circuits, state-of-the-art ReRAM crossbar-based dot product engines 
(DPEs), and content-addressable memories (CAM) to produce versatile and high-throughput AI HPC [3, 4, 5, 6]. For example, 
image processing, LLMs, GenAI, autonomous driving, natural language processing, and NP-hard optimization problems may all 
require different accelerators that are specialized in processing for each particular workload. 
 Within integrated photonic neural networks, arbitrary matrix multiplication can be performed without consuming 
any power. It should be noted that it is necessary to consume power at the inputs and outputs of the network to encode the 
input vectors (this includes light generation) and decode the output vectors. However, multiplying an N x N matrix by an N x 1 



vector requires only O{N} encode/decode operations, while requiring O{N²} scalar multiplications and additions. Digital 
electronics require the dissipation of energy to perform scalar multiplications and additions. From the dramatically lower 
scaling of energy-consuming operations required in optics, it should be clear that there is some value α for which when N > α, 
optics will always be more efficient. Furthermore, with silicon photonics, on-chip training is enabled given the availability of 
reconfigurable photonic integrated circuits through low-power, high-speed optical modulators. 
 However, some data (such as parameters of a pre-trained model) are static and change infrequently throughout 
the model's life. In the case of deep neural networks, these parameters are inferred several times during inference. A similar 
workload is executed during the solution of optimization problems through stochastic local search algorithms, such as 
simulated annealing on unconstrained binary optimization problems. In these cases, a non-volatile memory able to store 
efficiently the model and perform inference without any data movement is preferable. In-memory computing with ReRAM has 
been proven a strong candidate for accelerating static dot products with a fraction of the energy consumption required by 
GPUs. 

Some of the challenges associated with building such a 
system are building the appropriate compilers to work with 
data living in different domains between each accelerator. 
Software practitioners, such as AI/ML engineers/researchers, 
don’t want to change the way they operate high-level tools 
(e.g. PyTorch/Tensorflow). However, the operation of 
photonic and in-memory computing hardware can be 
abstracted out as dynamic or static matrix operations, 
respectively. Intermediate representations can be used as a 
starting point for developing compilers for emerging 
hardware, which can leverage pre-existing and open-source 
instruction sets (such as RISC-V) to reduce the effort of 
building the entire toolchain. 

Another key challenge is a path to scale and volume for 
both technologies. HPE Labs’ Dot-Product Engine (DPE) 
technology and the Programmable Ultra-efficient Memristor-
based Accelerator (PUMA) deep neural network (DNN) 
inference architecture are highly energy-efficient approaches to DNN inference, but the on-die weight storage approach, which 
is central to these architectures, limits the DNN size if the hardware is restricted to just one silicon device. Heterogeneous 
integration of chiplets enables multi-chip architectures that scale the size of the DNN being implemented.  

Furthermore, silicon photonic integrated circuits can be purposed as an interposer and an optical reconfigurable network-
on-chip which routes and transfers data from one ASIC to another for high computing throughput and versatility in model 
architecture. This can also provide an interface with which to convert data from the electrical to the optical domain and keep as 
much of the data movement in the optical domain since silicon photonics can provide a high-bandwidth, energy-efficient fabric 
for interconnects. One practical use case of this is to use the HPE Slingshot interface to interconnect different accelerators 
within an HPC system.  

At the current state, there are basic foundry offerings of both silicon photonics and ReRAM-based memory. However, a 
PDK and specific process for neuromorphic computing devices and circuits need to be developed. We need to accelerate the 
path from research proof-of-concept prototypes to manufacturing foundries that can build these analog accelerators at higher 
volume and scale. 
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Challenge 
Analog technologies can be used to build fast and energy-efficient accelerators. Many applications have been explored in 
the field of machine learning [1], but this technology can provide advantages in optimization and sampling for a diverse 
range of areas, including planning, decision making, operations research, and computational science [2]. Ising machines 
have been developed as an example of analog optimization solvers, but their restriction to quadratic unconstrained binary 
optimization (QUBO) models is a strong limitation on their performance. The most-challenging, and practically useful, 
optimization problems are typically characterized by dense connectivity, non-quadratic interactions, intricate constraints, 
and strong heterogeneity; converting these features into a QUBO formulation can result in large overheads, often making 
the problem even more difficult to solve. 

Problems that are particularly adversely affected by the conversion to the QUBO formulation are NP-hard combinatorial 
problems that can be defined as permutation problems, such as the vehicle routing problem (VRP) and the quadratic 
assignment problem (QAP). The QUBO formulation for these problems implies introducing many infeasible configurations 
in the search space, as shown in Fig. 1. Other classes of problems adversely affected by the QUBO formulation are mixed-
integer and constraint-satisfaction problems, both of which may include continuous variables and constraints. 

Analog computation has the potential to solve optimization problems in their native formulation. This is already possible 
in the case of Boolean satisfiability (SAT) and satisfiability modulo theory (SMT) problems, for which current analog 
hardware can natively implement high-order clauses and continuous variables, without applying discretization and 
reductions required by Ising solvers [3, 4]. Solving permutation problems with a similar accelerator would require the 
addition of digital computing devices, which poses strong limitations on the time and energy-efficiency advantages that 
might be reached by the analog hardware alone.  

Opportunity 
Our experience shows that the research and testing of algorithms suitable for analog hardware cannot proceed efficiently 
without access to the most-advanced accelerators. At the same time, the development of new analog hardware greatly 
benefits algorithms and benchmarking technique expertise to guide the research and evaluate the performance in solving 
practical industrial problems. Algorithm and hardware development might lead to optimal but incompatible solutions, if 
done separately. The synergy of expertise in both domains can instead generate the ideal combined product.  

Optimization is therefore also an ideal use-case to drive the evolution of heterogeneous computing systems, as their scale 
and complexity require multiple analog accelerators that are tightly integrated with digital processing systems. To fully 
leverage the advantage of analog accelerators, a thorough system-level design of this heterogeneous computing 
architecture will be key to avoiding system-level bottlenecks. While there is a variety of design tools available on an 
individual accelerator level, there exists a unique opportunity to create new system-level design tools that will enable the 
efficient design and realistic evaluation of novel accelerators within a larger HPC infrastructure. This will be key to taking 
advantage of emerging HPC technologies, such as Compute Express Link (CXL), that could facilitate high-speed 
interconnects between accelerators [5]. 

Moreover, translating and adapting different optimization algorithms to analog hardware remains a challenge. We identify 
a need to standardize and optimize this workflow, such that using the hardware becomes possible without in-depth 
knowledge of its operating principles. By leveraging emerging compiler frameworks for heterogenous computing systems 
[6], there is an opportunity to considerably reduce development overhead, while also enhancing ease of use, both of 
which are critical to ensuring the adoption of analog computing hardware. 



The advancement of integrated heterogeneous infrastructures and compiler frameworks will allow the analog hardware 
implementation of the most-advanced solvers, such as conflict-driven clause learning (CDCL) algorithms, branch-and-
bound (BB) algorithms, and SMT algorithms. In general, optimization solutions are adapted to the discretization 
established by digital hardware. As with analog computation, this imposition will not be in place anymore—new 
formulations and algorithms might be efficiently implemented, changing the current paradigm for many optimization 
problems. 

Timeline 
There is currently an ever-increasing demand for optimization solvers: in addition to traditional domains such as logistics, 
supply chain management, and resource allocation, optimization is becoming increasingly popular in finance, 
telecommunications, healthcare, energy, and environmental management. More recently, ongoing work uses solvers 
(such as SAT solvers) alongside large language models (LLM) for better reasoning [7]. Quantum technologies are still too 
early in their development to provide an actual impact on industrial problems, and even the most-advanced quantum 
solutions are not yet sufficiently mature.  

Optimization problem formulations and solving algorithms were developed in a specific way to match the advantages and 
limitations of digital hardware. Today, with the development of new analog technologies, we are in a unique position to 
shape formulations, algorithms, and hardware simultaneously, to find solutions that might not be considered optimal in 
each of the three fields if considered individually, but will provide the best performance when combined, improving the 
solving time and the energy efficiency by orders of magnitude. 
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Figure 1: (left) Example of residuals as a function of the number of iterations for the QAPLIB instance tai25a with 25 
facilities and locations, corresponding to 625 binary variables in QUBO formulation; four heuristics were tested: a tabu 
implementation on the QUBO formulation, a tabu implementation and a greedy search on the native formulation, and a 
baseline of generated random feasible solutions. (right) Number of variables and size of the solution space in the native 
and QUBO formulations for several QAPLIB instances (https://qaplib.mgi.polymtl.ca). 

QAPLIB 
Instance 
Name 

Number 
of 
Facilities 
and 
Locations 

Number 
of Binary 
Variables 

Solution 
Space: 
Native 

Solution 
Space: 
QUBO/Ising 

chr12a 12 144 ~108 ~1043 
tai25a 25 625 ~1025 ~10188 
esc32a 32 1024 ~1035 ~10308 
tho40 40 1600 ~1047 ~10481 
wil50 50 2500 ~1064 ~10753 
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Topic: Mathematical foundations for analog computation

Challenge: The digital world’s reliance on binary signalling has delivered immense gains for
technology and society. The power of digital systems is owed to the simplicity and mathematical
power of the binary information model. Many alternative computing systems were conceived
over the decades – analog, probabilistic, multiple-valued, biochemical, quantum annealing, and
others – but none has yet emerged as a viable competitor to modern digital systems. Analog
technologies tend to lack a unifying information paradigm; there is no analog equivalent to the
powerful high/low binary abstraction. Although there are analog systems that achieve excellent
characteristics in niche applications, there has not been a clear winning theory that cuts across
those niches.

In most modern computing systems, the essential function is to sense a collection of states and
signals, and to actuate one or more events in response. A computer is fundamentally a device
for making inferences and decisions. The binary abstraction is quite intuitive for making logical
inferences, derived from classical logic theory. In the 21st century, the Bayesian paradigm rose to
importance in cognitive science and inference theory, providing well-defined methods to utilize
the continuous space of information that falls between zero and one. Many analog technologies
have been explored in connection with Bayesian methods. We argue that Bayesian circuits can
serve as a unifying paradigm for accelerating progress in analog computation.

In the Bayesian realm, logic gates become probability gates. Given some physical signals A and
B, a simple probability gate implements a conditional probability transformation Pr (C |A,B ). A
key feature of probability signals at gates is that they include conventional logic under the special
case where all probabilities are at the logic “rails”. This detail make it easy to interface between
Bayesian circuits and conventional digital systems, since a probability can be simplified at any
point to a binary decision.

Opportunity: Bayesian approaches (and related probability-themed methods) have been around
for decades, and are well positioned for a renewal. As with traditional digital circuits, Bayesian
approaches can be implemented via innumerable circuit and signal combinations. What’s impor-
tant is the information paradigm, since it facilitates a unified design approach for complex and
scalable systems in many application areas. This creates myriad opportunities for collaboration
and cross-pollination between specialties.

As a key example of cross-cutting application, the Muller C-Element4 is a classic logic gate
originally developed for asynchronous logic circuits. The C-Element can also perform Bayesian
inference2 and has been adapted for stochastic error correction.5 Its functions are now known
in many technologies ranging from memristor circuits1 to genetic circuits in synthetic biology.3

To illustrate the cross-cutting application of Bayesian approaches, the C-Element can be used for
”probability restoration” via positive-feedback of probability. This concept can be used to mask
transient upsets in triple-modular-redundancy systems (it works for binary, multi-valued logic,
and quantized analog signals6), and to realize population ”quorum” sensor in synthetic biology.

1
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0 otherwise. (b)
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Figure: Illustration of (a) probability restoration with C-elements, (b) its application to binary and non-
binary TMR circuits, and (c) its application to a quorum sensor circuit in synthetic biology.

Timeliness: With a renewed national interest in domestic research on electronics and semicon-
ductors, there is an opportunity to build capacity for research on analog information processing,
with Bayesian concepts as a unifying framework. Bayesian concepts have been a steady research
topic within many disciplines, including analog computation, but a large share of this research is
presently conducted outside the United States.

Beyond computation, there is an overlapping national interest in bio-security and biological
engineering. The function of biological systems is influenced by chemical noise. While digital
abstraction of genetic systems is possible, chemical signals are not naturally amenable to the bi-
nary model. Therefore, viewing them as analog systems and using Bayesian approaches promise
advancements in the biological design space, as illustrated by the genetic C-element example.

Finally, with the now-ubiquitous label of “artificial intelligence,” there is an urgent need to
make progress on understanding the fundamentals of machine inference. Contemporary neural-
like systems have “black box” nature, making it difficult (or impossible) to guarantee or even
analyze their trustability in the wild. With Bayesian networks, the knowledge model is exposed
– at least in principle – in the structure of the network or circuit. This opens the possibility of
building AI systems that can explain their decisions, a feature that will prove especially valuable
when they inevitably make consequential bad decisions.
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Topic: ultra-large-scale analog-neural-network processors 
 

Summary: We present our position that there is a radically different approach to building analog 
neural-network processors that could enable inference with 1018-parameter models. The key 
assumptions are: (1) building inference processors where the vast majority of model parameters are fixed 
at the time of fabrication now makes sense in light of the discovery of the phenomenon of foundation models 
[1]; (2) eliminating the conventional hierarchy of abstractions in the design of analog processors, and 
instead designing the functionality of processors directly at the level of the physical substrate can yield 
powerful neural networks [2,3]. AI processors that make and exploit both assumptions can enjoy orders-of-
magnitude improvements in model-parameter storage density and energy efficiency in inference. 
 

Challenge 
Introduction: Making AI systems really big 
AI systems will get bigger. Today's models routinely reach 1012 parameters, a number that would have 
seemed farfetched if not comical decades ago. Tomorrow's models will, provided there are economically 
feasible paths, likely reach scales that we would find comical today. With that in mind, we ask here: How 
can we possibly construct AI systems that have 1018 or even 1021 parameters? 

The approximate default answer to this question is that AI systems will just need to be digital 
supercomputers available via the cloud, and applications of AI will always be limited by latency and uptime, 
which will improve over time (but subject to the limit of speed-of-light delays). This is plausible, and for many 
applications of AI it may be adequate. But is it the only way? And it is the best way? 
Why really big AI systems pose an unprecedented challenge for computer hardware 
We think there is an alternative, analog route worth exploring, but to see why consider first the challenges 
of scale. A 1018-parameter network is large - a million times larger than today’s neural networks (~1012 
parameters), which are in turn at least a million times bigger than late-1990s neural networks. 

A key observation is that 1018 parameters require a lot of memory: 1 exabyte (assuming 8-bit 
parameters). There is no small system that can store this amount of data. At 1 Tbit/in2 (roughly the current 
state-of-the-art) this would require 5000 square meters. We could fold this into 3D, but even if we assume 
N layers separated by only 5 μm, the volume of such a hard drive would be substantial: V = (N x 5 μm) x 
(5000 m2)/N = a cube 30x30x30 cm3. This is far from cellphone-sized, and is large enough to be impractical 
for most robots. While improved storage density could help, transferring such a volume of data will still be 
incredibly time (and energy) consuming. With a 1 Tbit/s bus, it would take 90 days to read in the full exabyte-
scale model. While improvements will occur, a reasonable conclusion is that neither traditional inference 
nor training would be practical on such a device. 

There is, however, an alternative. Capitalizing on the emergence of foundation models that exhibit zero-
shot transfer learning, we note that programmability is not strictly necessary for AI inference. Rather than 
attempting to construct programmable hardware, what if we designed single-purpose processors to execute 
foundation-model inference at the absolute maximum efficiency, using analog physical systems? For the 
purposes of this short paper, we'll call these single-purpose analog computers physical foundation models. 

 
Opportunity 

Physical foundation models  
A physical foundation model (PFM) is a physical device, such as an electronic or photonic material or circuit, 
that is made to perform a single computation (the inference of a very large, pretrained AI model) using the 
absolute lowest level of hardware physics possible (for example, the nanoscale flow of electrons in 
nanostructured semiconductors).  
What could a physical foundation model look like? 
One (hypothetical) example of a physical foundation model is a three-dimensional, nanoelectronic material 
in which the material properties (e.g., conductivity) in each voxel of the material are the adjustable 
parameters. In such a material, the 3-dimensional flow of electrons from one side to the other could enact 
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highly complex transformations of input currents. If properly designed, these analog transformations could 
realize inference of a corresponding AI model. Such a device’s parts do not have simple, 1:1 analogies with 
the mathematical operations of today’s Transformers. Rather, the device would need to be designed using 
detailed physical simulations that accurately predict the nanoscale electronic flow. Using such a simulation, 
the material properties of each voxel could be learned like neural-network weights [3], iterating until the 
simulated evolution of electrons through the device matches the desired inference. Alternatively, a kind of 
compiler could efficiently translate pretrained neural-networks specifications into nanostructured material 
designs that approximate them. Either process would be difficult (at the very least, computationally 
intensive). Architectural or manufacturing challenges may also require imposing additional structures to 
ensure the device can be accurately fabricated and/or can approximate the necessary mathematical 
operations.  These are all, to say the least, substantial challenges. But they are also not clearly impossible, 
and intriguingly so given the potential outcome. 
Why PFMs might be a promising route to large-scale AI systems: 

• PFMs would dramatically reduce the energy cost and size of executing large-scale AI inference. While 
the details can be debated, removing the necessity of programmability and compiling computations to 
the most low-level physical realization will vastly reduce the requirements of hardware and eliminate 
virtually all inefficiencies from abstraction. Such physical, analog systems may also circumvent 
fundamental limitations of digital CMOS hardware, like Landauer's limit.  

• Single-purpose analog computers are a more centrally controllable way to deploy large-scale AI 
systems into edge devices. In contrast to Hinton’s mortal computation, each PFM can be the same, 
and can thus be designed to obey certain requirements (e.g., for safety purposes). 

• In contrast to cloud-based implementations, per-inference costs could be vastly reduced (no need for 
communication with a server or to use programmable hardware). Inferences could also be private. 

• By enabling foundation-model inference to be performed locally and with low energy cost, PFMs could 
allow completely new approaches to computer hardware and software. 

The challenge of PFMs 
As our example highlights, the central challenge to realizing PFMs is one of large-scale physical inverse 
design: How can we design (or "compile") large-scale AI models, with many parameters, directly to the 
lowest level of a scalable hardware’s underlying physics (e.g., nanoelectronic flow)? 
This has within it several sub-challenges, e.g.: 

• What physical platform is scalable from the point of view of scalable neural-network architectures? This 
has many sub-issues, including expressive power, designability, and manufacturability.  

• How can we physically model hardware accurately enough so that fabricated designs work as 
designed? And/or how can we compile models that are resilient to fabrication and modelling errors? 

• How should we design these systems to interface with traditional digital components efficiently? 
 
The ability to create large-scale, energy-efficient PFMs would have wide-ranging implications for the design 
of computing systems more generally. The ability to design and manufacture PFMs could transform how 
we design other physical devices too, opening the possibility for AI-powered physical inverse design of 
electronic nanosystems for applications far beyond traditional computing, such as microsensors or 
nanorobots. 

 
Timeliness 

Why now? (1) There is enormous and growing demand for efficient AI inference on ever-larger models; (2) 
Whereas before the advent of foundation models in the past ~4 years [1], it was nonsensical to think of a 
neural-network processor whose model parameters couldn’t be changed, now it is reasonable to consider 
processors where the vast majority of parameters are fixed at fabrication time. (3) It has become apparent 
that deep neural-networks don’t necessarily have to follow the conventional structure developed in the 
artificial-neural-network community, and that co-designing the physical substrate and the network may lead 
to expressive, accurate neural networks that are also extremely well-matched to hardware [2,3]. 
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1 Introduction

Analog computing, once overshadowed by the digital revolution, is experiencing a resurgence driven by the
growing demand for energy-efficient and specialized computational paradigms. As we approach the physical
limits of traditional digital computing, researchers are revisiting and reimagining analog approaches to tackle
complex computational challenges. This renewed interest spans a wide range of disciplines from exploring the
mathematical foundations of analog computation to new ideas in devices and physics.

Analog computation fundamentally differs from digital computation in its representation of data. In analog
systems, physical quantities directly correspond to the values they represent. For instance, a tide’s height might be
represented by an axle’s rotation angle or a specific voltage level, creating a direct “analogy” between the physical
variable and the represented value. Conversely, digital systems encode values into discrete binary states, requiring
implicit computation to establish the connection between the physical representation and the actual value (e.g.,
interpreting sequences of bits as numbers through positional notation). In modern analog computation, these
variables can be represented in a wide variety of ways, including but not limited to voltages, probabilities, chemical
concentrations, and light intensities. While digital computing has dominated due to its precision, scalability, and
noise resistance, analog computation is experiencing a renaissance. This resurgence is driven by several factors,
including potential advantages in energy efficiency, processing speed, and applicability to specific domains such
as synthetic biology. However, analog systems still face significant challenges, particularly in terms of accuracy
and scalability when compared to their digital counterparts. The ongoing research in analog computing seeks
to leverage its unique strengths while addressing these limitations, potentially complementing digital systems in
specialized applications.

We highlight several key areas of analog computing below. Physics-based approaches, such as Ising machines,
leverage fundamental physical phenomena to solve complex optimization problems. Analog electrical systems
revisit and enhance classical analog computing techniques, offering energy-efficient solutions for certain com-
putational tasks. Computational memory paradigms blur the line between processing and storage, potentially
revolutionizing data-intensive applications. Hybrid systems combine the strengths of both analog and digital
computing, promising to overcome limitations of each approach when used in isolation. Additionally, we explore
emerging fields such as chemical and biological computation, photonics-based analog systems, and probabilistic
computing.

These diverse approaches to analog computing share common challenges, including issues of scalability,
precision, and integration with existing digital infrastructure. By addressing these challenges and leveraging the
unique advantages of each approach, analog computing has the potential to complement and enhance our current
computational capabilities.

2 Notional Questions

To define the vision for the future of analog computing for science, we have identified several notional
questions that will shape the discussions at the workshop. Accepted position papers try to provide answers to
some of these questions.

• For which applications does analog computation demonstrate superiority, and for what metrics?

• How does analog computation’s energy efficiency compare to digital computation in various applications?

• What new materials, devices, systems, design software, etc, are needed to enable the future analog computation
applications?

• 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.

• Is there a cross-cutting mathematical framework for analog computation?

• How do we scale analog computing systems to solve large-scale problems?

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

• How do we program analog computing systems? Do we need new programming models and compilers? What
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does the software stack look like?

• 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?

• 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 interfaces between analog and digital
components? What opportunities or challenges does analog computing offer for integration with sensing
devices?

• How do we design extremely heterogeneous systems for large-scale and edge systems?

• How do we address noise, variability, and robustness issues in analog computation? How do we leverage these
non-idealities?

• 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?

• What programs and curricula must be developed to train the scientific workforce in analog computation?

3 Mathematical Foundations

Introduction

The systematic study of the mathematical foundations of analog computation dates back to at least to me-
chanical differential analyzers when Shannon famously showed that a small set of basic analog components
(adders, multipliers, integrators, constants)—equivalent to polynomial ordinary differential equations (ODEs)—
can generate a well-defined, very broad class of functions1. There are systematic methods to implement ODEs
in mechanics and electronics2, and more recently for chemical reaction networks (CRNs)3. ODEs, and their
DAE (Differential-Algebraic Equation) generalizations, are naturally useful for simulations of existing dynamical
systems (the emphasis of differential analyzers was on physics simulations; circuit simulators, exemplified by
SPICE, operate on large/complex DAEs that model circuits). However, ODEs/DAEs can also execute algorithms
more commonly associated with digital electronics, by embedding algorithms in a continuous-time/value frame-
work. Indeed, it has been proven that in principle, any discrete computation can be encoded into polynomial
ODEs (i.e., that polynomial ODEs are Turing universal), albeit at the cost of significant system complexity4.
Real-valued Turing computation, typical of physical computation and ODEs, may have advantages5. Recent
breakthrough results showed that efficient (polynomial time) discrete computation can be implemented with
short “curve length” analog computation4. Thus polynomial ODEs appear to be a particularly promising math-
ematical model for defining and studying broad classes of analog computation. Another example is embedding
the (discrete/“digital”) Ising problem into a continuous framework, leading to the currently very active field of
Ising machines, which solve discrete optimization problems using continuous ODE/DAE embeddings. The math-
ematical model for oscillator Ising machines (the Kuramoto or generalized Kuramoto models) is not polynomial
but involves periodic functions.6

Open issues and key research needs

We need the same depth of understanding of the mathematical foundations of analog computation as for Boolean
circuits. As one example, Post’s lattice7 exactly enumerates the closed classes of Boolean functions, while no
similar comprehensive understanding exists for classes relevant for analog computation, although initial efforts in
analog abstraction provide a starting point8. Another example concerns the operation of practical Ising machine
schemes, whose global minimization properties are not well understood. While Lyapunov functions serve to
explain local minimization properties, their ability to move towards global minima, e.g., using parameter cycling,
has so far resisted attempts at rigorous analysis. Another direction is to understand the precise nature of the
connection between analog operation regimes, which seem crucial for eventually finding global minima, with
discrete operation regimes which correspond to the discrete problems being optimized.

Polynomial ODEs are likewise hard to analyze and program. Thus we need to develop models and program-
ming languages at higher levels of abstraction to capture analog computation as few models exist (e.g.9). One
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promising approach involves designing an energy function and then systematically creating polynomial ODEs
to minimize it. For example, there is a line of work showing that computationally complex problems (Boolean
satisfiability) can be solved in this manner10. However, it remains unclear whether the techniques employed in
that work for ensuring that the system does not become trapped in local minima could be generalized to other
problems.

Other important questions includes issues of complexity. How do we measure the time-complexity of analog
computation for analog algorithms? Are there other relevant notions of complexity such as robustness complexity?

4 Analog Integrated Circuits

Introduction

Analog circuits exist in all consumer electronic devices, and yet, the design and test methodology has changed
little over several decades. Most individuals assume Integrated Circuits (IC) are always digital devices, and that
all of the real efforts are done by digital devices. Analog ways of doing things are products of a gone-by age,
gone the way of an analog clock and related devices. And yet, the energy efficient and area efficient analog
opportunities are not simply a small improvement on an existing digital landscape, but rather can be central to
the next generations of advanced computing.

Current State of the Art

Analog Electronics are a significant industry for interfacing sensor signals and driving actuator devices throughout
the electronics industry. The high percentage of revenue as well as high commercial margins (40-50% or higher)
show a healthy analog industry with high-demand for its components. Every sensor requires some amplification,
signal conditioning, and data conversion to a digital format, such as an Analog to Digital Converter (ADC). Every
actuator has multiple driver circuits as well as data conversion from a digital format, such as a Digital to Analog
Converter (DAC). Voltage regulation for analog and digital systems (e.g Low-DropOut regulators (LDO) as well
as supplying many digital voltages are ubiquitous. Analog circuits can operate at a wide range of frequencies and
ranges. The amazing capabilities analog circuit design is illustrated by the range of of the test and measurement
equipment companies (e.g. Tektronics, Keithley) innovations and capabilities. When faced with device mismatch,
a wide range of digital devices can be used to counter these issues, including measuring and selecting desired
devices during experimental verification.

Analog Integrated Circuits for Scientific Instrumentation

Custom analog integrated circuits can meet stringent specifications required for many scientific experiments
where precision or speed might be required while meeting strict power or noise budgets. Such circuits find use
in applications ranging from laser expertiments to high-energy physics, where ultra-low-noise (≤ 1000 e- RMS),
low-power (≤ 1mW/channel) front-end circuits must be developed. Such analog and mixed-signal ICs have
been designed, customized for sensors in ATLAS at CERN and DUNE. Specialized readout ASICs have been
developed for neutrino physics experiments such as nEXO, where extreme environments must be handled, such
as operation below 100 mK while displaying radiation tolerance, and experiment-specific triggering capabilities.
Ultra-high-speed applications such as those involving photon science applications, including LCLS and LCLS-II at
SLAC, have developed novel analog circuits such as the ePix Camera System and SLAC Analog Memory. These
systems have resulted in high-speed ASICs capable of sub-20 ps timing resolution and GHz-range digital data
transmission, addressing experiment needs of high-resolution (14–16b), low-jitter (sub-100 fs) signal acquisition.

Open issues

Analog electronics needs its VLSI revolution similar to digital electronics in its computing scope, in its wide
applicability, and in its wide usability. In general, analog IC industry faces the fears of becoming a commodity
business of typical component parts. The high margins coupled with a fairly conservative industry results in the
commercial concern around flattening new markets, innovation, and revenue. Analog electronics needs to no
longer be primarily the domain of analog “artists,” while further amplifying up the innovations of those artists.
The open issues to reach these opportunities include:

Programmable & Mismatch Insensitive Design: The primary problem in analog IC design is mismatch,
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and the great killer in analog IC design is threshold voltage mismatch. Programming of some form is typically the
accepted way of handling these concepts; programming techniques need to be generalized for the next generations
of analog IC capabilities.

More Analog Designers: A major issue is having enough engineering talent for the entire analog circuit
ecosystem that includes system architects, analog IC designers, verification, analog test, and analog system
development.

Configurability: Digital design can develop large systems as well as take advantage of economies of scale
by having concepts, like microprocessors, FPGAs, and GPUs, that can be reconfigured for a large number of
tasks. The corresponding analog research systems do exist (e.g large-scale Field Programmable Analog Arrays
(FPAAs), e.g.11 ), ), although these concepts need to be widely available and utilized.

Synthesis Tools: Many digital computing systems (microprocessors, FPGAs, and GPUs) require and enable
synthesis tools both for developing these large systems as well as to use these systems (e.g.FPGAs). The
corresponding analog tools do exist in an early form(e.g.12), although these concepts need to be widely available
and utilized.

Key research needs

To create the opportunities of an analog VLSI revolution, that includes analog system design at a large scale as
well as analog computing concepts (e.g. Sec. 5), we need major efforts along the following directions

CMOS Programmable, Mismatch Insensitive, Analog Design: Although the great killer in analog IC
design is threshold voltage mismatch, it can be directly accounted for, as well as programmed away, using
FG devices, even over a wide range in temperature13. FG programming out and effectively eliminate this
mismatch greatly improves the SWaP of these devices, including decreasing load capacitances and resulting
bias currents. These techniques become more important to scale analog design techniques to advanced IC
nodes, including FinFET nodes. Although such techniques have been experimentally demonstrated13, significant
research opportunities as well as educational opportunities exist to enable these concepts. This approach can
optimizeeverything possible in standard CMOS design, as well as pushing some IC fabrication DRC rules that
might enable some more favorable all CMOS design. Most design requires testing techniques to measure and set
parameters (typically in Non-volitile memory, typically a form of an embedded FG device to adjust for the device
mismatch.

Develop the wider Analog ecosystem: More engineers are needed to fill the entire analog ecosystem,
as most system development applications are constrained by the number of available analog designers. Most
analog IC designers, a subset of the entire design community, mostly have expertise in component level design
and maybe a larger component like a DAC or ADC. The number of analog architects is an even more critical
need. Even fewer analog IC designers and architects are available to fuel the analog computing discussion (e.g.
Sec. 5), although the system focus might encourage the next generation.

Configurable Analog ICs and Systems: FPAA devices could become ubiquitous for analog system devel-
opment as well as enable experimentally building analog computing opportunities if they were widely available.
Research is necessary to both enable the wide vision of FPAA devices14, as well as research is necessary to enable
a wide community to use these concepts for solving their applications in the same way an entire digital FPGA
community exists targeting a range of application problems.

Synthesis Tools: Although analog synthesis and related design tools is rather rare, FPAA development gives
a window into the opportunites around analog synthesis. The current development of analog synthesis tools
(e.g.12 coupled with recent innovations of programmable analog standard cells (e.g.15;16) paints a picture of
analog IC design for large systems than can come up to the capabilities of its digital counterpart9.

The critical use of analog ICs for scientific instrumentation: Although large-scale analog capabilities
are important, the continued development of new analog IC development pushing the state of the art in scien-
tific measurement and system instrumentation to match the ever expanding specifications required for analog
instrumentation, particularly in filtering and data conversion.
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5 Computational Memory

Introduction

Computational memory, also known originally as Compute in Memory (CiM, or alternately in-Memory computing)
computing, related to processing-in-memory (PIM), creates energy efficient analog architectures for particular
analog computations that nearly eliminates additional memory access and data movement. The original devel-
opment of CiM17;18 was developed with the early Floating-Gate (FG) computational crossbars. This architecture
approach addresses the energy efficiency wall problem19, both for analog and digital architectures, eliminating the
data transfer cost and bottleneck between the processor and memory. This issue has been further exacerbated by
data-intensive tasks such as machine learning and artificial intelligence that require frequent memory accesses.
This has led to increasing interest in CiM and dataflow architectures. The neuromorphic field has long advocated
for computational memory as a key feature seen in the brain.

Current state of the art digital approaches for CiM include SRAM-based IMC, FG (including Flash), high
bandwidth memory (HBM), and dataflow architectures with distributed memory, while analog CiM can be con-
structed with floating-gate based technologies. There are also novel NanoDevice Technologies such as FeFETs,
MTJs, Memristors etc.

Open Issues

Even though the CiM internal computation is energy and area efficient, poor peripheral architecture design can
overwhelm the overall system cost. Using moderate- to high- precision edge D/A or A/D conversions are a
very costly architecture choice. Architecture development around CiM designs must minimize data movement,
including resisting the desire to needlessly shuttling huge amounts of high precision data at high energy cost.
Analog architectures must consider the entire system path, including the high relative costs of moving data
to memory. The lack of highly skilled analog designers with CiM expertise as well as having domain-specific
knowledge slows the development of this technology. Availability of analog synthesis tools could reduce this
design stress. Analog architecture and numerics do not have the same tradeoffs as digital architectures and
numerics20, requiring different tradeoffs as well as a lot more design experience for system implementation.
Programmability is essential to eliminate analog variability, limiting the computation to thermal noise as well as
enabling architectures where noise could be a useful feature.

Key Research Needs

An important future research need is analog co-design approaches tailored for hybrid and heterogeneous Computation-
in-Memory (CiM) enabled architectures. This involves integrating analog architecture, numerics, and abstraction
to create more efficient and powerful systems20;21. Equally important is the development of synthesis and
co-design tools that can effectively capture domain knowledge, including better abstraction for analog CiM com-
ponents. Currently, there is a significant lack of such tools, with only a few examples available12. Another critical
need is the widespread availability of programmable and reconfigurable analog CiM integrated circuits11. These
would provide the flexibility and adaptability required for various applications and research purposes. Finally,
there is a pressing need for platforms that allow quick prototyping and testing of computational memory ideas.
Examples such as the Field Programmable Analog Array (FPAA)11;14 demonstrate the potential of such plat-
forms in accelerating research and development in this field. Addressing these key research needs will be crucial
in realizing the full potential of CiM.

6 Photonics

Introduction

Photonic analog computing has emerged as a promising field at the intersection of optics and computational
science. By exploiting the unique properties of light, such as its ability to propagate and interfere in parallel,
high speed, and low heat dissipation, photonic systems offer significant advantages for implementing ultra-fast,
energy-efficient complex computational tasks22.
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Current State of the Art

Photonic analog computing has made significant strides in recent years, with several key developments:

Optical Neural Networks (ONNs): Implementation of matrix-vector multiplications using photonic inte-
grated circuits23, along with convolutional neural networks using diffractive optical elements, has been demon-
strated24. Photonic tensor cores for accelerating deep learning operations have also been developed25.

Optical Reservoir Computing: Time-delay reservoirs using optical feedback loops and spatiotemporal reser-
voirs using multimode fibers and spatial light modulators have been realized26. Analog Optical Computing
Primitives. Optical Fourier transforms, frequency filtering, and implementation of differential equation solvers
using photonic waveguides have been achieved. Optical implementation of integral transforms and convolution
operations has also been demonstrated27.

Programmable Photonic Processors: Reconfigurable photonic integrated circuits have been developed28,
along with the integration of phase change materials for non-volatile photonic memories29.

Open Issues

Despite the progress, several challenges remain in realizing the full potential of photonic analog computing:

Scalability, Precision and Noise: There is significant difficulty in scaling up the number of optical com-
ponents while maintaining coherence and stability. There are also challenges in integrating large-scale photonic
systems with electronic interfaces30. Precision of optical computations remains limited due to shot noise and
other sources of noise, and there is difficulty in achieving high dynamic range in analog optical systems31.

Nonlinearity: There is limited availability of efficient, low-power optical nonlinear elements. There are also
significant challenges in implementing complex activation functions in the optical domain32.

Programmability and Reconfigurability: There is a significant need for faster and more efficient methods to
reconfigure optical systems, and overcoming the limitations in the flexibility of current photonic architectures28.

Energy Efficiency: We are hindered by the high power consumption of certain optical components (e.g.,
lasers, modulators), as well as the significant energy overhead in optical-electrical-optical conversions33.

Hybrid Systems: While photonics provide opportunities for accelerating some heavily used kernels (e.g.,
matrix multiplication), integration with digital systems and control of the optical components still are challenging.

Key Research Needs

To address these challenges and advance the field of photonic analog computing, several key research directions
should be pursued:

Advanced Materials and Devices: The development of novel nonlinear optical materials with improved
efficiency and speed is crucial. Research should focus on low-loss, high-bandwidth photonic integrated circuit
platforms. Additionally, the exploration of emerging material platforms, such as 2D materials and perovskites,
for photonic computing should be prioritized34;35.

Architectures and Algorithms: It is essential to design photonic computing architectures that are inherently
robust to noise and variability. The development of algorithms that can leverage the unique capabilities of photonic
systems is also necessary. Furthermore, investigation into hybrid photonic-electronic architectures to combine
the strengths of both domains should be conducted30.

Precision Enhancement Techniques: Research efforts should be directed towards error correction and noise
mitigation strategies for analog optical systems. The development of techniques to increase the effective number
of bits in photonic computations is also of great importance31.

Programming and Control: The creation of high-level programming frameworks for photonic analog com-
puters is a key priority. Additionally, the development of efficient methods for training and optimizing photonic
neural networks should be pursued36.

System Integration: Research into the seamless integration of photonic computing elements with electronic
systems is crucial. Moreover, the development of standardized interfaces and protocols for photonic computing
modules should be a focus area28.
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General Take-aways for Analog Computation

The pursuit of analog computation with optical systems highlights several crucial aspects relevant to the broader
field of analog computation. First, the choice of physical platform should carefully consider the specific application
and the required computational task37. Utilizing the inherent advantages of the chosen platform is crucial for
achieving a computational advantage over traditional approaches38. Second, the development of task-specific
algorithms and architectures that exploit the unique features of the physical system can significantly improve
performance and efficiency. Lastly, understanding the limitations of the chosen platform, such as noise and
scalability constraints, is crucial for developing robust and reliable analog computing systems.

7 Probabilistic Computing

Introduction

Stochasticity and uncertainty are ubiquitous in the world around us. However, stochasticity in devices is seldom
exploited in computation. The random number generation (RNG) capabilities offered by today’s computing
platforms can be computationally inefficient, especially for larger workloads39. Indeed, conventional digital logic
computing is deterministic with the goal of removing any variability or non-deterministic behavior and compute
with high precision. However, not only is this is not an energy efficient approach, there are many applications
where expressing uncertainty in the output can be beneficial to decision-making. As a contrasting example,
the brain exploits stochasticity for highly energy efficient computation. Applications of probabilistic computing
include modeling complex problems like nuclear and high-energy physics events, complex biological systems,
precise climate models, large-scale neuromorphic applications, and artificial intelligence (AI) algorithms.

The current state of the art in random number generation primarily relies on pseudo-random number gen-
erators (pRNGs) that employ expensive rejection sampling techniques. These methods use deterministic digital
hardware and then expend considerable energy to reintroduce randomness, which is inherently inefficient. In
response to these limitations, there has been growing interest in true random number generation (TRNGs).
Recent advancements include the development of CMOS-based TRNGs and emerging device TRNGs, such as
probabilistic bits (p-bits)40 and coinflips39. These novel approaches leverage the inherent physical properties
of devices to generate random numbers more efficiently, potentially offering significant improvements in both
computational efficiency and energy consumption for probabilistic computing applications.

Key Research Needs

Developing methods to generate billions of random numbers with a low energy budget is crucial for scaling
probabilistic computing applications. To achieve this, there is a particular need to bridge the gap between low-
level device engineering and high-level applications. The design of probabilistic circuits requires a multidisciplinary
approach, integrating expertise from algorithms, architectures, and devices.

Novel, hardware-aware algorithms are needed for probabilistic computing, capable of generating specific
distributions directly from a given set of devices. While the development of stochastic or programmable devices
is important, it’s not sufficient alone to bring about a paradigm shift. Integration and system-level considerations
are equally crucial. Emerging device issues, including device-to-device and cycle-to-cycle variability, as well as
endurance, need to be addressed for reliable probabilistic computing systems.

To advance probabilistic computing, several key strategies emerge. Stochasticity should be reframed as a
feature rather than a bug, with the physics of devices leveraged for computation. The development of hardware-
aware algorithms is crucial, as is the use of AI-guided methods to efficiently narrow the search space for optimal
solutions. Possible approaches include those arising from thermodynamic computing which include novel algo-
rithms that can leverage these sources of device-stochasticity to explore complex state-spaces and stabilize on
the solution41. Co-design and co-optimization across the full stack will be essential to realizing the potential of
probabilistic computing. Furthermore, programmability and reconfigurability must be incorporated as key features
in RNG systems to cater to diverse applications.
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8 Physics Inspired Computing and Spin Hamiltonians

Introduction

Physics-based/physics-inspired (π−) computing represents a paradigm shift in information processing. It leverages
physical systems’ inherent properties to perform computations, rather than using binary logic gates. This approach
encodes problems into spin Hamiltonians (e.g., Ising, XY, Q-clock, k-local models) and uses their natural evolution
to achieve efficiency, scalability, and energy consumption gains22. The core principle involves mapping complex
optimization problems onto universal spin Hamiltonians. The function to be minimized is encoded into coupling
strengths between ’spins’, allowing efficient navigation of vast solution spaces. This versatile approach can be
implemented on various platforms (photonic, electronic, atomic, spintronic), each offering unique advantages. For
instance, photonic systems leverage light speed and wave properties, atomic systems exploit quantum coherence
and entanglement, while coupled light-matter systems are driven through a symmetry-breaking transition on
the changing loss landscape until a mode that minimises losses is selected. Electronic IC (integrated circuit)
implementations offer the advantages of extremely small size, very low energy consumption, scalability to large
number of spins, and mass producibility at low cost.

Two primary directions have emerged for developing physics-based hardware, each utilizing distinct aspects
of physics’ role in computational processes. The first approach exploits natural evolution principles of physical
systems influenced and driven by external parameters, with the challenge of establishing controllable couplings be-
tween ’spins’. Polariton condensates in inorganic42 and organic-inorganic halide perovskites43, atoms in QEDs44,
and degenerate laser systems45 exemplify this, leveraging the natural dynamics of the system for computation
while extending the natural XY Hamiltonians to Ising, Clock and k-local spin Hamiltonians. Conversely, the
second approach, represented by technologies like analogue interactive machines46, and spatial photonic ma-
chines47, focuses on establishing couplings through processes like light propagation, optical modulation, and
signal detection, thereby managing system dynamics through feedback loops. Electronic implementations typi-
cally achieve coupling using programmable resistive connections or variable capacitors, large numbers of which
can be integrated on chips with small area.

Current state of the art

The field of physics-based computing is experiencing a period of rapid development, with several promising hard-
ware platforms demonstrating the feasibility of this paradigm. Gain-based computing, a notable example, uses
driven-dissipative systems where the gain and loss rates encode the computational problem48. By driving these
systems through a symmetry-breaking transition, the system naturally selects a mode that minimizes losses, ef-
fectively revealing the optimal solution. This approach has shown potential for solving combinatorial optimization
problems by mapping them onto various spin Hamiltonians, and is applicable across a range of physical plat-
forms. Another promising direction is the development of spatial photonic Ising machines (SPIMs)47(SPIMs),
which leverage the properties of light to perform computations at the speed of light. SPIMs have demonstrated
the ability to efficiently solve Ising problems with specific interaction matrix structures, paving the way for
potential applications in machine learning and optimization. Yet another promising direction is Oscillator Ising
Machines (OIMs), a primarily electronic scheme based on injection locking that features high-quality optimization
performance.49

As of 2024, we are on the cusp of expanding physics-based hardware platforms that bring to life the theoretical
concepts of unconventional computing. These platforms now enable proof-of-principle experiments, shedding light
on their actual performance and operational capabilities. We need to explore and establish the scalability of these
systems, a critical factor in assessing their long-term viability and guiding future investments in this technology.

Open issues

Despite the significant progress, several fundamental questions remain regarding the practical applicability and
scalability of physics-based computing. Addressing these challenges is crucial for realizing the full potential of
this paradigm. Key open issues include:

Scalability: While current experimental platforms demonstrate proof-of-principle, scaling these systems to
handle real-world problems remains a significant challenge. Research is needed to understand the limitations
imposed by noise, decoherence, variability, propagation delays, and manufacturing constraints.
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Problem Suitability: It is essential to identify the specific classes of problems best suited for physics-based
computing. Understanding the relationship between problem structure, encoding onto spin Hamiltonians, and
the dynamics of the physical platform is crucial for optimizing performance.

Control and Optimization: Developing robust methods for controlling and manipulating physical systems
(for example, frequency and coupling weight calibration) to ensure reliable and accurate computation is a critical
area of research. This includes understanding the role of quantum fluctuations, topological defects, and reservoir
dynamics.

Error Mitigation: Developing strategies to mitigate errors arising from noise, imperfections in the physical
system, and the inherent stochasticity of quantum mechanics is crucial for achieving reliable computational
results.

Key research needs

Moving forward, research should focus on addressing the open issues outlined above. Specific research directions
include:

Comparative Analysis: Conducting comparative studies across diverse experimental platforms is essential.
This includes examining polaritons, lasers, cold atoms, electronic ICs, and superconducting circuits to identify
universal principles and platform-specific advantages and limitations.

Theoretical Modeling: Developing robust theoretical models is crucial. These models should accurately
capture the dynamics of the physical systems and provide insights into performance, limitations, and optimization
strategies.

Algorithm Development: Designing algorithms specifically tailored for physics-based computing platforms
is necessary. These algorithms should take into account the constraints and capabilities of the underlying physical
systems.

Hybrid Architectures: Exploring the potential of hybrid architectures is an important direction. These
architectures should combine physics-based computing with traditional digital computing to leverage the strengths
of both paradigms.

Despite advancements in the physical realisation of these concepts, critical questions remain about scalability,
the influence of phase space structures on system performance, and identifying problems best suited for these
unconventional computing architectures. We need to understand the dynamical behaviour of the systems during
symmetry-breaking transitions, trajectory optimisation towards global minima, error probabilities, and the poten-
tial for dissipation and nonlinearities to rectify these errors, highlighting the pivotal role of theory in addressing
these challenges. By comparing various experimental platforms, including polaritons, lasers, cold atoms, and
electronic Ising machines, we should emphasise and exploit the universal nature of these research questions, un-
lock the disruptive potential of gain-based photonic computing, parameter-cycling based electronic Ising schemes,
etc..

General takeaways for analog computation

Analog computation, facilitated by physics-based approaches, offers a compelling alternative to digital comput-
ing, particularly for specific problem classes. By harnessing the inherent properties of physical systems, analog
computation can potentially achieve significant advantages in speed and energy efficiency. However, success-
ful implementation requires careful consideration of inherent limitations, such as precision constraints and the
potential for noise and errors. The development of robust control mechanisms, error mitigation strategies, and
tailored algorithms is crucial for realizing the full potential of analog computation in the context of physics-based
computing.

9 Chemical and Biological Computation

Introduction

State of the art work in synthetic biology can embed a dozen engineered Boolean logic gates in a cell50, but
the space of meaningful computations with so few Boolean gates is limited. On the other hand, a dozen analog
components such as integrators, which can be constructed with similar component complexity, can realize much
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more complex functionalities2;51. Thus analog computation is uniquely compatible with (bio)chemical computing
hardware—where parts are “expensive” and many “digits of precision” are not required. We envision applications
in environments where electronic microcontrollers cannot go: into a cell52, or in vitro biochemical systems such
as for controlling molecular self-assembly, or DNA data storage53. A particularly promising application is in the
area of “smart drugs” that can detect specific disease state in vivo and autonomously generate a therapeutic
response54. For example, such a smart drug could target cancer cells and release localized cell killing therapies
specifically in cancer tissues by identifying cancer signatures. Importantly, analog computation has been used to
differentially weigh markers according to their importance55.

Unlike electronic computation, biological chemical computation is distinctly energy efficient. The current
cost per logical operation of electronic computers is six orders of magnitude more than for cellular biochemical
processes56, processes which were optimized by evolution to conserve energy. Even if future ultra-low energy
computers will not rely on chemical reactions as such, biology provides a concrete proof-of-principle hardware
and inspiration.

Chemical and biological substrates also provide unique mechanism to implement decentralized optimization
frameworks. Signal transduction in cellular signaling pathways, which consist of protein-based cell surface recep-
tors get activated by various ligands, such as ions, small organic or inorganic molecules, and proteins, binding
to the receptor surface in response to some external stimuli (neurotransmitters, hormones, cytokines, and so
on), irrespective of the activities at the other receptor sites57;58. This leads to conformational changes in the
protein (receptor) composition, thus releasing enzymes or secondary messengers into the cell or the substrate
and initiating cellular activities which may lead to various microscopic and macroscopic changes in the organism.
Examples of such cellular signaling pathways can be found in different biological phenomena, such as quorum
sensing59, gene expression, growth factor signaling, metabolism, and apoptosis. Using the distributed exchange
of signals, the ensemble itself evolves to arrive at a system-level decision corresponding to the solution of a global
optimization task (each agent being oblivious of the actions of its peers during the process), i.e., ranking the
agents based on the amount of the quantity possessed60.

Instead using chemicals and receptor elements to build analog computing engines in a bottom-up manner,
one can use a top-down approach where an entire biological module is embedded a hybrid synthetic and biological
computing system61. One such emerging biocomputing substrate is using organoids, which are miniature 3D
models of developing brain tissue derived from stem cells62. These sub-systems can self-organize intricate neural
circuits recapitulating aspects of the cell composition, connectivity, and functionality of the human brain63.

Open issues and key research needs

How can we program desired biochemical analog computation? Some approaches involve converting from analog
electronic circuits to networks of coupled chemical reaction64, or compiling analog chemical computation from
discrete algorithms65. Compilers were also developed for specific hardware such as DNA strand displacement
reactions66. However, there is the obvious danger that we are trying to shoehorn ill-fitting paradigms, resulting
in systems that are too complex and fragile. On the other hand, there is much work in the area of systems
biology which tries to develop the necessary ideas to understand biological regulatory networks without relying
on electronic paradigms, yet the understanding of complex information processing remains limited67.

Thus there is a key research need to develop a chemistry-first approach to complex analog computation.
Asking “what can chemistry naturally do” leads to the consideration of such paradigms as networks of weakly
interacting RNA strands68, or the surprisingly tight connection between Boltzmann machines and stochastic
chemical reaction networks69. Similarly, computation by stoichiometry rather than reaction rates appears well-
suited to certain kinds of analog computation70.

Some other engineering challenges that are the key to scaling biological and chemical substrates as a practical
analog computing engine are (a) lack of extensive input/output interfaces for reading the state of the network,
(b) difficulty in controlling and modulating the dynamics, and (c) high batch-to-batch variability.

It is important to point out that several areas mentioned above provide opportunities in partnership between
DOE and National Institutes of Health (NIH)—particularly when related to human health. As it pertains to
elucidating the fundamental design principles of biological systems, the related work is also within the scope of
the Biological Systems Science Division (BSSD) of DOE.
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10 Co-Design

Introduction

To enable realization and effective use of analog computational models, co-design is needed across the whole
stack, from applications to system software, from architectures to devices, and materials. Enabling design,
integration, and providing the necessary tools and resource to make an analog computing effective require cross-
cutting approaches71.

Current State of the Art

Current solutions to address analog computing typically look only at one specific element of the stack21. For
example, research has focused on computational principles with in-memory computing, optical devices, Ising
machines, or even micro-fluidic machines. Most of the focus has been architectural, but there’s significant
interest in understanding device and material properties to understand miniaturization and scalability, reliability,
level of control and impact of noise. Separately, research has started looking at how to actually map and
compile application kernels on these computational models12;72;73, and how to design fully hybrid systems. Taken
separately, there have been demonstrations that analog computing devices, typically with specifically hand mapped
algorithms (the mapping process itself is a research contribution), can provide significant energy efficiency benefits
with respect to conventional digital computing devices74;75. Most of the research and development infrastructure
is, however, composed of separate, ad hoc, tools with several glaring omissions.

Open Issues

There are several open issues to enable co-design across the stack for analog computing. Materials and devices.
Significant work is ongoing to identify new materials and devices to reduce noise and enable accurate control
of the physical phenomena and laws that perform the computation. Integration in hybrid systems. Analog
computing devices are expected to work as accelerators for certain computational patterns, but will not be
able to support entire general purpose computing. Analog computing solutions will need to be integrated with
conventional computing elements, and both hardware and software interfaces are still unclear. Programming.
The type of computations performed by analog devices poses the question on how they can be programmed
to map applications kernels. Part of the research focuses in identifying new formulations for algorithms to
enable hand mapping on the computational physical system, but there are no general abstractions. It is not
clear if we need new languages, as well as how to represent, and eventually combine, the set of operations
that an analog computing device can execute. Defining programming models for analog computing devices
also requires considering assumptions on accuracy and range of the (potentially continuous) values that are
respresentable. Scaling and evaluation. Evaluating the effective impact of analog computing on complex
applications is extremely complicated for the lack of a comprehensive research infrastructure. How much these
solutions can scale is still questionable, and there are few methods to evaluate their impact (simulation, emulation,
and prototyping) on representative applications. Conversely, while some computational patterns that analog
computing systems can perform well are known, there is no yet a systematic approach that enables quantifying
the real impact on full applications, as well as application drivers to drive the design of hybrid digital-analog
systems. System software There is very limited work on managing heterogeneous architectures that integrate
analog accelerators with conventional digital heterogeneous computing platforms. As previously highlighted,
this integration is not only hardware, but also require software integration. We need to define the system
software (e.g., libraries, application programming interfaces, runtime interfaces) that could allow invoking analog
accelerators from conventional general purpose processors, executing the computation, and collecting results.

Key Research Needs

To address these challenges and advance the field of photonic analog computing, several key research directions
should be pursued.

Simulation infrastructures: Simulation and modeling is a key element in enabling studies (for mapping
applications, integration in systems, understanding scalability, etc). However, integrating typical discrete event
simulation used in computing systems with continuous time simulation (focused on analog signals) is challenging.
Additionally, simulation infrastructures needs to be multi-scale and multi-fidelity, enabling scalability but also
considering physical and device properties that could impact feasibility of the designs.
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Design Tools: There is a need for automated electronic design automation (EDA) tools to enable con-
struction and synthesis of the devices. The physical design and layout processes for analog circuits currently
remain mainly hand-based with minimal or no automation, except for some recent research examples (e.g.9;12)
Approaches that could also raise abstraction levels (e.g.8) and enable mapping or synthesis of analog operators
are needed.

Programming models and system software: There is a need to understand how to systematically program
analog computing devices - including opportunities for languages and/or compiler (e.g.9;12). System-software
is also critical, both to enable execution of applications and integration of analog devices in heterogeneous
computing systems.

Benchmarks and proxy applications: Co-design is typically application driven, typically requiring bench-
marks for the system optimization. Analog computing system benchmarks are in its early stage (e.g.9), where
further benchmarks are desired to avoid an ad-hoc analog design approach. The many open questions around
neuromorphic principles (e.g., spiking neurons, dendrites, reservoir computing) arise from not understanding the
important engineering computations arising from neurobiology.

General Take-aways for Analog Computation

We need to invest on tools and methodologies that could on one side enable design and evaluation of novel
analog computing devices, and on the other provide the infrastructure needed to deploy analog computing
devices in heterogeneous computing systems. We need flows that could target both analog CMOS and CMOS+X
technologies. Simulation, emulation, and prototyping platforms are critical to enable the co-design process, as
well as evaluate feasibility and actual impact of analog computing on realistic workloads. Approaches that enable
physical and logical (software) integration of analog computing devices in computing systems are critical to enable
their practical use.

11 Integration of Sensing and Compute

Introduction

Biological systems display a tight integration between sensing and computation. Indeed, predicting, and making
sense of, sensory inputs forms a core tenet of multiple theories of cognition while also explaining experimental
observations of neural response and activity. Additionally, embedding computational capabilities within sensors
indicates that it could lead to a dramatic reduction in their energy-costs while simultaneously enabling down-
stream decision making11;76.

In parallel, a convergence of trends has emerged in computing and sensing. This has been characterized by
miniaturization, algorithmic advancements, and reduced manufacturing costs, enabling the large-scale integration
of sensors in our environment. This realization of the internet-of-everything has driven progress across fields,
including micro- and nano-robotics, industry 4.0 through ubiquitous sensing and computing, applications in
the circular economy, smart infrastructure, and personalized healthcare. In scientific applications like climate
monitoring, where satellite-based hyperspectral imaging systems must process vast amounts of data under severe
power and bandwidth constraints, the energy cost of communication between signal acquisition and processing
often renders such systems impractical.

However, realizing the potential of ubiquitous sensing and computing requires addressing challenges for
analog computing at different energy dissipation and operational scales. The promise of integrated sensing
and computation systems can only be fully realized by overcoming these hurdles, which span from device-level
considerations to system-wide architectural challenges.

Current state of the art

Hybrid systems and in-sensor computing have shown promising prototype demonstrations, paving the way for
future advancements. Some such examples include: self-powered sensors77, high-dimensional acquisition78 and
analog processing systems with local pattern matching79;80; analog feature extraction systems to relax the
requirements for analog-to-digital conversion, processing81, or communication82; stochastic sensors and those
with feature-extraction embedded into the transducers83; and neuromorphic and event-driven sensors which
enforce temporal and spatial sparsity84. A key trade-off across these systems has remained balancing energy
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efficiency with accuracy.

Open Issues

Despite these advances, several open problems remain unsolved. There is no clear theoretical work that underpins
the partitioning of resources across the processing chain. Even though existing in-sensor computing prototypes
have been shown to outperform traditional digital computing, the fundamental limitations of such systems are not
known. Principled, end-to-end optimization and development of techniques for this are not currently understood.
Lower in the abstraction, circuit primitives and architectures for efficient computing and sensing are still an active
area of research. Architectures that use data-conversion circuits at the analog-digital interface result in limited
system performance20 (as in Section 5). Balancing energy efficiency with circuit robustness remains an open
problem, which is further exacerbated in scaled nodes. In addition to CMOS-based circuits, new avenues for
novel circuit topologies open up with emerging devices and materials. As design-automation support for such
systems is still in its infancy (e.g.12), existing in-sensor computing platforms are hand crafted designs.

Key Research Needs

To address the challenges noted above, several advances are required:

End-to-End Design Optimization: It is necessary to optimize algorithms for area, energy-efficiency, robust-
ness to hardware impairments, and latency, considering the specific characteristics of analog computation. Since
active analog circuits introduce noise in the signal chain, there is a need for principled techniques to analyze
algorithms using energy and noise budgets across different components of the signal acquisition and computing
chain85.

Algorithmic Advances: There is a need to develop systematic approaches for joint design of hardware and
algorithms, carefully studying the trade-offs between front-end complexity and back-end computational require-
ments. Algorithms that can leverage analog principles and feedback on perceptual inputs must be developed.
Techniques to better leverage the output sparsity of event-based sensors are needed to realize their practical use.

Novel Circuits and Systems: New designs are needed to help push the boundaries of energy-efficiency,
bandwidth, and linearity. In addition to new primitives, techniques that can enhance robustness and mitigate the
impact of process, voltage, and temperature (PVT) on analog circuits are critical, especially for scaled nodes.

CMOS+X for Sensing: Novel devices and materials can open up new modalities for sensing and computing
or alternatively deliver unparalleled energy-efficiency and performance86. Demonstrating these principles at scale,
with comprehensive measurements and simulation is critical to transitioning these technologies from lab to fab.

General Take-aways for Analog Computation

The next-generation of edge-computing systems must be capable of extracting key information from the sensory
data-stream, processing it either entirely, or partially in analog. Successful demonstrations of such platforms
will require novel algorithms resilient and robust to analog impairments, energy-efficient system design with
co-designed hardware and algorithms, and the development of novel integrated sensing and computation cir-
cuits. These integrated systems face several challenges, including noise management, precision limitations, and
variability in analog components. To overcome these hurdles, research should focus on developing robust ana-
log computing primitives, noise-tolerant algorithms, and adaptive calibration techniques. Additionally, exploring
novel materials and devices that offer unique computational properties could lead to breakthroughs in energy
efficiency and performance.

12 Conclusions

Analog computing systems, and more broadly, physical computing systems, hold the potential to profoundly
transform the future of computing5. These approaches promise to achieve the energy efficiency levels needed
to overcome the limitations imposed by the end of Dennard scaling and Moore’s Law. They offer both the
specialization and efficiency required to address the diverse computing demands across various scales—from
integration with scientific instruments, to edge computing, to centralized supercomputing systems—essential for
the Department of Energy’s scientific discovery workflows today and in the future.

However, numerous research challenges remain to be addressed before the effectiveness and applicability of
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these new computing paradigms can be fully realized. These challenges span multiple domains, including materials
and devices, architectural design, integration with conventional systems, system software and programming, and
application development. This workshop aims to bring together experts from these diverse areas, alongside
practitioners and stakeholders, to identify the foundational research needs that will make analog computing for
science a reality.
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[81] Xinming Liu, Emre Gönültaş, and Christoph Studer. Analog-to-feature (a2f) conversion for audio-event
classification. In 2018 26th European Signal Processing Conference (EUSIPCO), pages 2275–2279. IEEE,
2018.

[82] Siddharth Joshi, Chul Kim, Sohmyung Ha, Yu Mike Chi, and Gert Cauwenberghs. 21.7 2pj/mac 14b 8x8
linear transform mixed-signal spatial filter in 65nm cmos with 84db interference suppression. In 2017 IEEE
International Solid-State Circuits Conference (ISSCC), pages 364–365. IEEE, 2017.

[83] Vincent T Lee, Armin Alaghi, John P Hayes, Visvesh Sathe, and Luis Ceze. Energy-efficient hybrid
stochastic-binary neural networks for near-sensor computing. In Design, Automation & Test in Europe
Conference & Exhibition (DATE), 2017, pages 13–18. IEEE, 2017.

[84] Guillermo Gallego, Tobi Delbrück, Garrick Orchard, Chiara Bartolozzi, Brian Taba, Andrea Censi, Stefan
Leutenegger, Andrew J Davison, Jörg Conradt, Kostas Daniilidis, et al. Event-based vision: A survey.
IEEE transactions on pattern analysis and machine intelligence, 44(1):154–180, 2020.

[85] Zephan M Enciso, Seyed Hadi Mirfarshbafan, Oscar Castañeda, Clemens JS Schaefer, Christoph Studer,
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