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Part 1: Call for Position Papers



Call for Position Papers
Engineering novel neuromorphic computing systems with functionalities, capabilities, and energy efficiency
similar to biological brains is one of the most exciting and challenging scientific endeavors of our time. This
workshop aims to identify key research needs, challenges, and next steps necessary to develop biologically-
realistic neuromorphic circuits primitives that capture the functionality of neural systems found in nature.
Moreover, simulating neuromorphic computing primitives integrated into networks will be key to under-
standing their behavior at scale, particularly for those computing architectures where full-scale commercial
fabrication is not yet readily accessible. Appropriate neuroscience datasets and metrics will have to be
established to vet proposed neuromorphic circuits.

In the development of new circuits and methodologies for neuromorphic computing, it is critical that there
is close collaboration among circuit designers, computer engineers, computational neuroscientists, and al-
gorithms and simulation researchers. This workshop aims to bring together a diverse range of experts across
three complementary technical areas.

Submit your position paper to the technical areas below:

1. Neuroscience algorithms and translation to neuromorphic analog circuits

This technical area is driven by the fundamental question “What are the key neuromorphic circuit
primitives that are needed to capture the full functionality of critical biological computing mecha-
nisms?”. The goal of the activities in this space is to understand what principles and circuit structures
of brain organization and dynamics underpin its functionality and robustness capabilities and how
these principles can be translated into functionally-equivalent neuromorphic circuits and systems that
could be practically implemented (with available technology?). Ideas related to neuromorphic com-
puting principles inspired from brain regions/functions (cortical, hippocampus, thalamus, sensing,
motor control, etc.) are sought after. Topics related to neuromorphic approaches and emulations of
small invertebrate brains are also of interest.

2. Technologies and prototyping of neuromorphic analog primitives

This technical effort is driven by the fundamental question “What are the technologies needed to
demonstrate and prototype key neuromorphic circuit primitives?” Ideas related to novel neuromor-
phic circuits based on new devices and designs, and new principles guided by neuroscience-inspired
functionality are of interest. Ideas related to emerging analog technologies that provide orders of
magnitude in performance, parallelism, energy efficiency, tunability range, temporal delays, etc., and
that mimic the biological behavior and robustness of key primitives are welcomed. Also of interest
are topics related to high neuromorphic connectivity capabilities, e.g. optoelectronic technologies and
photonic interconnects.

3. Scalable integration for neuromorphic computing modeling

The fundamental question driving this technical area is “What are the critical characteristics for ef-
fective large-scale simulation of neuromorphic circuits and systems?” New approaches are needed to
create simulations of large-scale biologically-realistic neural networks, diverse synapse connectivity,
and sophisticated network activity. Of interest are ideas related to novel methods to integrate and to
scale up the simulation of the neuromorphic circuit primitives using high-performance computing in
order to understand their interactions in the context of hundreds of millions of neurons and synapses.
Also welcomed are novel methodologies for the efficient exploration of the large co-design space
between neuromorphic algorithms and circuit technologies.



When discussing the technical idea and how it fits in the technical area(s) and the overall vision of the
workshop, include a discussion on the benchmarks, metrics, and/or datasets requirements for neuromorphic
computing for your proposed implementation.
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Stochastic Thermodynamics and Quantum Technologies: Neuromorphic Circuit Optimization
Yohannes Abate

The University of Georgia



Are there fundamental reasons for the significant disparity in energetic efficiency between artificial 
computers and those observed in nature? If so, can these disparities be at least partially mitigated? 
Furthermore, why do biological computers consume considerably more energy than the minimum dictated 
by Landauer’s bound, despite energy expenditure being a critical fitness cost in biological evolution? We 
posit that addressing these questions requires two parallel and mutually inclusive strategies. Firstly, it is 
imperative to re-evaluate the characteristics of computational units at the synaptic level. Secondly, we must 
investigate the interplay between the energy consumption of physical computational systems, their other 
performance metrics (such as "space" and "time" complexity as explored in computer science theory), and 
the constraints imposed on permissible physical processes in networks of neuromorphic systems. Such 
investigations have the potential to yield significant advancements in the design of energy-efficient brain-
like systems and provide profound insights into the relationship between artificial and biological 
computation systems. 
The primary focus of this proposal is twofold: i) to stimulate discussions that explore ways to optimize 
energy budgets and develop understanding and analysis of neuromorphic hardware at the network level 
using stochastic thermodynamics and fluctuation theorems and ii) to stimulate discussions on how we can 
implement quantum technologies at a synaptic level that are based on unitary dynamics and are inherently 
dissipationless, offering huge potential to further reduce energy costs, in addition to the reductions offered 
by neuromorphic computing. 
(i) Stochastic Thermodynamics for Optimizing Network Physical Architecture: We envision to 
stimulate discussions that explore ways to optimize energy budgets and develop understanding and analysis 
of neuromorphic hardware using stochastic thermodynamics and fluctuation theorems. We have lots of 
evidence that thermodynamic costs have played a major role in determining the physical architecture of 
computing networks. Yet to date, there has been almost no application of stochastic thermodynamics to 
investigate these systems in order to deepen our understanding of the relationship among their energetic 
behavior, computational behavior, robustness, etc.  
The relationship between the thermodynamic and computational properties of physical systems has gained 
central practical importance due to the escalating energetic costs of digital devices. Real-world computers 
adhere to multiple physical constraints, influencing their thermodynamic properties. These constraints are 
applicable to both natural computers, such as brains and eukaryotic cells, and artificial neuromorphic 
systems. Notably, all these systems must complete computations rapidly, utilizing minimal degrees of 
freedom, thus operating far from thermal equilibrium. 20th-century analyses of computational 
thermodynamics did not account for the constraints of nano-equilibrium dynamics. However, the emerging 
field of stochastic thermodynamics offers formal tools for analyzing computational systems under nano-
equilibrium conditions. These tools can provide deeper insights into the fundamental thermodynamic 
properties of neuromorphic systems and their relationship to computational performance. 
(ii) Quantum Technologies: Various materials and physical phenomena based on classical physics have 
been explored to utilize intrinsic materials physics to enable energy-efficient computation by replicating 
the functionalities of biological neurons and synapses. Merging insights from brain-inspired hardware and 
software with quantum phenomena and quantum technologies at the synaptic level, could unlock a new era 
of information processing. Quantum technologies, grounded in unitary dynamics, exhibit a fundamental 
property of being inherently dissipationless. Unitary dynamics means that the evolution of quantum states 
are described by unitary operators. Physically this means that there is no dissipation in the system. In such 
systems, energy is conserved, and no energy is lost to heat or other forms of dissipation during computation. 
This intrinsic characteristic implies that such technologies operate without energy loss due to dissipation, 
making them fundamentally more efficient. This contrasts sharply with classical computing systems, where 
energy dissipation and heat generation are significant concerns, leading to inefficiencies and increased 
energy costs. Consequently, quantum technologies hold significant potential to further diminish energy 
consumption. This reduction is poised to complement the energy savings already achievable through 
neuromorphic computing paradigms. Together, these advanced technologies promise a future where 
computational processes are not only faster and more powerful but also substantially more energy-efficient. 



Multiscale Encoding in Neuromorphic In-Memory Computing with Spintronics (Themes 1, 4) 
Tosiron Adegbija (University of Arizona) 

Introduction: The human brain’s remarkable computational efficiency is attributed to its complex neural 
architecture and diverse signaling mechanisms, and in-memory computing paradigm. One key principle 
underlying this efficiency is multiscale encoding, where information is represented across multiple temporal 
and spatial scales. This position paper advocates for understanding and implementing multiscale encoding as 
a cornerstone for developing next-generation neuromorphic computing systems. Furthermore, we propose 
leveraging multiscale encoding in neuromorphic in-memory computing architectures using non-volatile 
memory technologies, such as spintronics, to unlock unprecedented computational capabilities, thereby 
revolutionizing fields like artificial intelligence and robotics. 
Multiscale Encoding: In vivo research has revealed that neural systems employ multiscale encoding to 
efficiently process and represent information1,2. For instance, in the auditory system, different timescales 
encode various aspects of sound3, while in the visual system, different spatial scales capture details ranging 
from textures to global object shapes. This hierarchical organization enables efficient processing of complex 
sensory scenes and facilitates robust object recognition. 
Multiscale Neuromorphic In-Memory Computing: We propose implementing multiscale encoding in 
neuromorphic in-memory computing architectures using spintronics4, a nonvolatile memory technology that 
leverages the spin of electrons to store and process information. Spintronics offers several advantages over 
traditional CMOS technology, including low power consumption, high density, adaptable volatility, and 
neuromorphic analogs5. These advantages make it an ideal candidate for implementing neuromorphic in-
memory computing architectures that mimic the brain’s energy-efficient and persistent memory capabilities, 
pushing the boundaries of current computational paradigms. 
Implementation Strategy: To achieve this, we propose a cross-disciplined implementation strategy: 1) In 
vivo research: Investigate neural mechanisms underlying multiscale encoding in various brain regions and 
sensory modalities. This research will provide invaluable insights into the specific circuit motifs, neuronal 
properties, and synaptic plasticity rules that enable multiscale encoding. 2) Neuromorphic spintronic 
primitives: Develop spintronic circuit primitives that can emulate the observed multiscale encoding 
mechanisms. These primitives could include spintronic neurons, synapses, and adaptive filters. These circuits 
would enable the representation and processing of information at various temporal and spatial scales within 
the neuromorphic system. 3) Neuromorphic in-memory architectures: Design in-memory computing 
architectures that leverage these spintronic primitives to implement multiscale encoding in machine learning 
applications like spiking neural networks. These architectures could be inspired by specific brain regions, 
such as the auditory or visual cortex, or by more general principles of neural organization. 
Benchmarks, Metrics, and Datasets:  To evaluate multiscale encoding in neuromorphic in-memory 
computing systems, we propose developing benchmarks that assess performance on tasks like object 
recognition and speech recognition under varying conditions (e.g., image resolutions, noise levels, sampling 
rates). Metrics will quantify energy efficiency, robustness, and adaptability to multiscale input, focusing on 
performance changes across scales. Evaluation will utilize existing and novel datasets comprising multiscale 
sensory stimuli, such as images with varying resolutions and audio recordings with different sampling rates. 
Potential Impact: By mimicking the brain’s energy-efficient and robust information processing capabilities, 
multiscale encoding in neuromorphic in-memory computing using spintronics can revolutionize fields such 
as artificial intelligence, robotics, and high-performance computing. This approach promises breakthroughs 
in areas like natural language processing, computer vision, and autonomous systems. To unlock this potential, 
we call upon the scientific and engineering community to collaboratively integrate in vivo research, develop 
neuromorphic spintronic primitives, and design innovative in-memory architectures, thereby advancing this 
exciting research in energy-efficient neuromorphic computing. 
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Neural Computing: Is it time to take a step back and, dare I suggest, perhaps start over? 

Brad Aimone, Distinguished Member of Technical Staff; Sandia National Laboratories 

Themes: Neuroscience-inspired computing principles; Performance metrics 

Warning: this will be blunt. The neuromorphic computing field is in crisis. Despite exciting successes 
in novel approaches, scalable systems, and algorithm design, we still struggle to define ourselves and our 
potential impact to the world. Meanwhile, the AI revolution is entering its 2nd decade, with tremendous 
successes far beyond any expectation coupled with failures to incorporate many brain-like capabilities 
and a shocking disregard for energy efficiency1. That neuromorphic is not broadly seen as a solution to 
these shortcomings should be taken as an indictment on us for failing to offer a compelling path forward. 

Here, I contend that is the lack of a cohesive theoretical framework that is holding the neural 
computing field back. This lack of a framework has led to an increasingly divided community2 that confuses 
outsiders and ultimately limits the field’s broader adoption. Furthermore, it is hindering progress: any 
proposed neural algorithm is diminished in impact if it does not leverage everyone’s proposed hardware, 
while any novel hardware is seen as limited if it cannot handle all known algorithms. This is a recipe for 
long-term failure. The field needs independent goal posts to guide its development and inform the world. 
To achieve this, the field needs a clearly-defined theoretical computational framework that is both 
hardware- and algorithm-agnostic.  

Do we not already have a theoretical framework? Yes and no. There are many algorithm frameworks 
in use today, ranging from reservoir computing to spiking neural networks to probabilistic neural circuits, 
among others (Fig 1A). How these relate to different hardware strategies is messy3 and it is awkward to 
expect end users to learn multiple programming models4. Further, “every approach is its own framework” 
does not scale, thus novelty in algorithms or technology is viewed with concern rather than celebrated. 

Neuromorphic requires a framework that is similarly abstracted from today’s technical work. Until 
such a framework exists, our community will remain trapped in a cycle of speaking past one another as 
opposed to communicating broadly. Further, it is mistaken to argue that we do not understand enough of 
the brain for this formalization1,5-7: just as quantum computers do not aim to capture every aspect of 
quantum physics, neural computing does not need to capture everything about the brain. However, 
because the brain offers a much broader and much less well-defined source of inspiration2, the need for 
a grounded theoretical framework is perhaps even more important for neuromorphic. 

What should this framework look like? I propose that quantum computing can be a useful guide (Fig 
1B). When people speak of quantum computing, they do not speak in generalities of computing with 
quantum mechanics; rather they refer to a specific theoretical model of quantum circuit computation. 
This model utilizes well-defined operations that leverage well-defined quantum mechanical concepts to 
perform computation. Independent of likelihood of success or prospective impact, this theoretical model 
provides a concrete reference point for hardware and algorithm development – something the 
neuromorphic field sorely lacks. Importantly, the quantum circuit model is not based on what quantum 
hardware can do today (clearly), nor does it make any restrictions on what quantum systems should do in 
terms of applications. As such, it is liberating for scientific exploration across the field – neither hardware 
nor algorithms researchers need to justify the basic assumptions of their field; they simply move forward. 

We are closer today than ever…if we have courage. A framework that makes use of established 
hardware and algorithm communities (e.g., analog circuits, synaptic devices, spike-based communication, 
probabilistic computing, etc.) would be more likely to be accepted (Fig 1C); but we should not limit the 
field’s scope to today’s capabilities. For instance, the brain has more to offer as an inspiration for circuits 
than mechanisms alone5. The framework must also meet stringent theoretical criteria to be useful2. The 
goal should be to develop a framework to inspire what we should do going forward, not looking 
backwards. Defining this framework can be the first step of a revitalized, truly brain-inspired community.  



 
Figure 1: (A) Neuromorphic computing as a field has developed in an ad hoc, unorganized manner. (B) 
Quantum computing leverages a well-defined computational framework that constrains both hardware 
and algorithm research; yet each can advance independently of progress in the other. (C) This paper 
proposes stepping back and revisiting what such a framework would be for neuromorphic computing 
which would enable hardware and algorithm research to be complementary and provide concrete 
measures of progress and success. 
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A dynamic neural intelligence primitive for neuromorphic systems 
Alireza Alemi, Center for Neuroscience, University of California at Davis, Davis, CA 

 

The energy cost of training large AI models is projected to grow exponentially, raising environmental 
concerns [1]. In addition to energy inefficiency, gradient-based trained models are often brittle and subject 
to overfitting with limited data. These properties contrast with learning in biological agents, which is 
energy- and data-efficient with remarkable robustness to various perturbations. Neural dynamics underlie 
sensorimotor (e.g., walking) and cognitive (e.g., decision-making) computations. Therefore, we consider 
the adaptive dynamics of a neural population to act as a dynamic computational primitive of neural 
intelligence such that given a small number of training trajectories, it learns a generative dynamic model of 
the training data and is able to generalize to new circumstances. 
 

We utilize four fundamental principles of neuroscience in designing the proposed neuromorphic 
computing primitive: (1) A balance of excitatory and inhibitory inputs (“E-I balance”) in neocortical 
networks, linked to the observed irregular, Poisson-like firing, (2) Dendritic nonlinearity, (3) Localized 
plasticity rules, and (4) Online, causal learning through a feedback loop with the environment. The first 
principle can be realized with a recurrent spiking neural network framework whose architecture is derived 
from enforcing coding efficiency to perform dynamical computations and modeling [2,3]. Unlike the 
popular approach of encoding information in the firing rate of spikes, i.e., rate coding, the information in 
this framework is encoded in both spike counts and timing as efficiently as possible. The recurrent network 
requires a small number of spikes (tens of neurons) to perform most tasks, orders of magnitudes fewer 
neurons than rate coding frameworks such as Neural Engineering Framework [4], as the scaling of coding 
error with the number of neurons 𝑁 is 1/𝑁, compared to the scaling for rate coding which is 1/√𝑁. 
Incorporating the second principle as dendritic nonlinearities in this framework leads to learning nonlinear 
dynamical computation while preserving the desired efficiency and robustness properties [5]. All the 
weights can be trained using the third principle, i.e., local plasticity rules. We use the fourth principle to 
learn a stable dynamic model from training trajectories in a self-supervised manner where prediction errors 
are used as online teaching signals [6]. 
 

 The resulting network operates on multiple timescales of neural and learning dynamics and is 
guaranteed to achieve global stability of the concurrent learning and computation dynamics using Lyapunov 
function theory.  Our recent results in learning a nonlinear continuous attractor, a fundamental 
computational motif in cognitive and sensorimotor function, demonstrate that the learning rules provide an 
inductive bias for generalization from a few training trajectories, outperforming the backpropagation-
through-time (BPTT) algorithm in a recurrent network which needs an order of magnitude more data. This 
Lyapunov-based learning can capture low-dimensional latent dynamics underlying training trajectories in 
high-dimensional embedding. While the backprop algorithm struggles with extrapolation, we show that our 
model can extrapolate the walking speed when learned from two speeds of human walking data. 
Importantly, thanks to the extreme sparsity of spiking, this acts as a representational regularizer, forcing the 
model to not only learn the most parsimonious mode overfitting to a high level of noise in the data. In 
addition, the learned spiking model carries out robust dynamical computations despite various forms of 
common perturbation including the failure of a large fraction of neurons. Behavioral dynamic datasets such 
as human motion capture datasets and large electrophysiological recordings underlying brain functions such 
as decision-making and motor control can be used to benchmark these spiking models.  

We are currently exploring how to incorporate more architectural constraints, such as hierarchy 
and sparse connectivity, into this framework. We are currently developing an FPGA prototype of the 
proposed neuromorphic primitive to understand and explore the design space trade-offs and hardware 
complexity.  

Potential applications: The proposed framework can not only be used to reverse engineer cortical 
dynamics, but it can also be used as an accelerator in high-performance computing to efficiently and 
robustly capture dynamic rules underlying sequential data, adaptively update it, and simulate the dynamic 
model with new conditions.  



[1]  Sevilla, J., Heim, L., Ho, A., Besiroglu, T., Hobbhahn, M. and Villalobos, P., 2022, July. Compute 
trends across three eras of machine learning. In 2022 International Joint Conference on Neural Networks 
(IJCNN) (pp. 1-8). IEEE. 
 
[2]  Boerlin, M., Machens, C.K. and Denève, S., 2013. Predictive coding of dynamical variables in 
balanced spiking networks. PLoS computational biology, 9(11), p.e1003258. 
 
[3]  Denève, S. and Machens, C.K., 2016. Efficient codes and balanced networks. Nature 
neuroscience, 19(3), pp.375-382. 
 
[4]  Eliasmith, C. and Anderson, C.H., 2003. Neural engineering: Computation, representation, and 
dynamics in neurobiological systems. MIT press. 
 
[5]  Alemi, A., Machens, C., Deneve, S. and Slotine, J.J., 2018, April. Learning nonlinear dynamics in 
efficient, balanced spiking networks using local plasticity rules. In Proceedings of the AAAI conference 
on artificial intelligence (Vol. 32, No. 1). 
 
[6]  Denève, S., Alemi, A. and Bourdoukan, R., 2017. The brain as an efficient and robust adaptive 
learner. Neuron, 94(5), pp.969-977. 
 
 



Neuromorphic Computing for Neuromophic Cameras
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Themes covered. (1) Neuroscience-inspired computing principles; (3) Modeling and simulation
approaches; (4) Data requirements and energy efficiency.

Introduction. Event (Neuromorphic) cameras are novel biologically inspired sensors that record
data based on the change in light intensity at each pixel asynchronously. If the change in light
intensity at a given pixel is larger than a preset threshold then an event (spike, ±1) is recorded at
that pixel. Due to the sparsity of data, events can be recorded on the order of micro-seconds. The
events are a non-redundant stream of spikes through the time dimension of each pixel. Due to fine
scale and relevant sampling, we can see objects in high contrast environment, fast moving objects
subject to motion blur (e.g., hypersonics) or objects in scenarios with limited power or memory.

Algorithms. Recently in [2, 3, 1], we have developed innovative optimization algorithms and ap-
plications of event based cameras in image segmentation, motion estimation, and image deblurring.
The article [2] develops a mathematically rigorous bilevel optimization framework for neuromor-
phic sensors addressing the challenge of reconstructing high-quality images from event-based camera
data. The algorithm can simultaneously handle the actual images and neuromorphic data. A result
is shown in Figure 1.

This work has been extended in [3] to address image segmentation and motion estimation under
a Generalized Nash Equilibrium-based optimization framework for the event camera data. This
framework capitalizes on the temporal and spatial information derived from the event stream,
enabling accurate segmentation and motion estimation. Theoretical foundations are established
through the derivation of existence criteria and the proposal of a multi-level optimization method
to calculate equilibrium.

A completely new optimization framework to dynamically track objects has been recently intro-
duced in [1]. Each pixel is modeled temporally and we can carry out reconstruction only using the
event data without any additional knowledge of events as in [2]. See Figure 2 for two examples.

Advantages and Outlook.

• State-of-the-art. The articles [2, 3, 1], are the first and only mathematically rigorous models
and algorithms currently on neuromorphic imaging.

• Generic algorithms. The optimization algorithms introduced are general and they can be ap-
plied to other neuromorphic applications such as neuromorphic audio sensors (work is in progress
on this) and neuromorphic chips.

• Scalability. The above algorithms use the least amount of data at a very fine scale. They can
operate either pixel-wise or on a collection of pixels. This makes them scalable. In fact, the
reconstruction approach introduced in [1], which only needs event data, can be done in real time.

• Interdisciplinary collaboration. We are closely working with remote sensing division at the
US Naval Research Lab in Washington DC, BlackSky (satellite company), and United State Air
Force Academy (USAFA) to truly understand the needs for development of our mathematically
rigorous models and algorithms. See the second example in Figure 2.

• Hardware acquisition. Air Force Office of Scientific Research (AFOSR) has awarded us a
DURIP project titled: “Neuromorphic Imaging and Digital Twins” to purchase hardware. Eleven
iniVation and Prophesee sensors have been procured in June 2024, in addition to two drones.
New neuromorphic data is now leading to completely new algorithmic developments.

• Test case. Various benchmarks, including data from International Space Station (provided by
USAFA), stereo configuration, sensor mounting on drones are currently under construction.
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Figure 1. Left: Comparison of the output of a standard frame-based camera (3
frames) and event camera (dots indicate the events). Middle: reconstruction using
standard camera. Right: reconstruction using our algorithm applied to standard
camera data combined with neuromorphic data. Notice the thumb of the person.

Figure 2. Top two rows: Dynamic ballistic sequence of cup generated using our
algorithm from [1] (with a false color map). Bottom row: sequence of earth shots
taken by the event camera on International Space Station (data from USAFA).
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1 Challenge

Advanced software functionalities, specially the ones that build on Artificial Intelligence (AI)
and Machine learning (ML) algorithms, require unprecedented compute and memory performance.
With Moore’s Law and Dennard Scaling approaching their end, conventional Von-Neumann archi-
tectures struggle to keep up with the exceeding demands of modern applications. Leveraging recent
advancements in material and device-level innovations, researchers are in pursuit to push boundaries
with novel technologies (e.g. ReRAM, ECRAM, STT-MRAM etc.) and unconventional computing
approaches. One promising avenue of such efforts explore the potentials of Neuromorphic Computing,
a special computing paradigm that closely mimics human brain to perform computation, adopting a
non-Von-Neumann approach, that significantly reduces memory transfer overhead with collocated
processing and memory. Neuromorphic architectures are comprised of neurons and synapses, where
the programs are defined by neural networks and associated parameters [1]. A Spiking Neural
Network (SNN), depicted in Figure 1(b), most closely resembles the behavior of a biological neuron,
where it communicates with other neurons through discrete and binary “spikes”. When a spike is
communicated to a neuron, the weight is accumulated in its membrane potential and it is compared
to the threshold at every time step. When the membrane potential exceeds the threshold, the neuron
fires and resets its value [2]. Figure 1(a) shows an Integrate-and-Fire (IF) neuron model. This
event-driven characteristics of SNNs allow it to operate in low power.

2 Opportunity

Vector Matrix Multiplication (VMM) is the most critical and dominant operation in Artificial
Neural Networks (ANNs) including SNNs. Therefore, efficient VMM operations directly contribute
towards performance improvement and energy efficiency of neuromorphic systems [3]. The structure
of neurons and synapses in SNNs, provides a unique opportunity to naturally map them on crossbar
architectures prevalent in emerging memory technologies such as ReRAM, as shown in Figure
1(c). Moreover, these crossbars, by their structures, are inherently capable of performing VMM
operations efficiently without any additional compute units. When the input vector for the VMM is
fed into the crossbar array as wordlines, and the weight matrix is programmed into the crossbar
devices, the current summed at each bitlines represent the resultants of the VMM according to
the Kirchhoff’s law [4], providing a huge opportunity to harness some of the unique features novel
memory technologies offer. However, some of these technologies are susceptible to non-idealities
such as programming errors, noise error, drift error and array parasitic resistances [5]. For an
accurate modeling of neuromorphic architectures realized with emerging memory technologies, it is
essential to have robust and realistic simulation infrastructures that faithfully model these memory
technologies with their non-idealities in detail. So far, only a handful of studies investigated this
promising avenue [6]–[8], and as the development of these technologies are continuously evolving, it
is imperative to develop and maintain such simulation infrastructures that take into account all key
features, non-idealities and latest advancements in their development.

3 Timeliness

Emerging memory technologies have matured in recent years through extensive research and
development. It is now crucial to investigate their feasibility and potential for neuromorphic
computing through reliable and accurate simulation.
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Figure 1: A simplified overview of the concepts discussed in the paper. (a) A generic representation
of an Integrate-and-Fire neuron model; (b) A conceptual diagram of a Spiking Neural Network
consisting four neurons.; and (c) A 4X4 Crossbar structure for a 4-neuron SNN — showing memory
cell arrays with Threshold Compare and Fire (TCF), Axonal Delay Unit (ADU), Analog to Digital
Converters (ADC) and Digital to Analog Converters (DAC).
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1 Challenge
Current neuromorphic computing systems, inspired by the structure and function of the human

brain, hold great promise for revolutionizing artificial intelligence(AI)-based computational tasks
such as pattern recognition, sensory processing, and adaptive learning. Conventional CMOS-based
neuromorphic hardware faces critical limitations in power efficiency and parallelism [1]. With the
rapid increase in demand for highly parallel and energy-efficient computing, CMOS-based platforms
are facing even more scrutiny [2]. Superconducting neuromorphic hardware [3], operating at extremely
low temperatures, offers a promising alternative by harnessing the zero-resistive characteristics and
inherent quantum phenomena to achieve unprecedented levels of energy-efficiency [4]–[6] and speed [7].
Despite the potential benefits, the major challenges include the development of cryogenic-compatible
components, managing heat dissipation at such low temperatures, and integrating these systems with
existing computing infrastructures [8]. A comprehensive multi-level (materials, device, circuits, and
systems) co-design approach and benchmarking framework is necessary to optimize the performance
of these emerging technologies for high-performance AI hardware. Additionally, the development of
suitable learning algorithms is crucial for further advancement of the field.

2 Opportunity
Recent advancements in cryogenic technology have enabled the development of neuromorphic

hardware that operates at extremely low temperatures [9]–[11]. These systems leverage supercon-
ducting materials to achieve ultra-low power consumption and high-speed processing, making them
ideal for highly parallel neuromorphic architectures [12], [13] where efficiency and performance are
critical [14]. Notable technologies include superconducting nanowires [15]–[17], quantum phase slip
junctions [18], and Josephson junction-based devices [19], which exhibit significantly lower switching
energy and ultra-fast response times compared to conventional room temperature devices. Their
exceptional efficiency allows for the design of neuromorphic architectures with massive scale and
parallelism. Furthermore, these technologies can overcome the limitations of traditional CMOS-based
neuromorphic hardware, providing higher integration density, improved scalability, and enhanced
energy efficiency. The next steps involve developing algorithms and software specifically tailored
for superconducting neuromorphic systems, as well as creating a design automation framework for
simulation and benchmarking. The biological brain does not need cryogenic temperature to
operate. The objective is not to replicate the brain itself but to develop a system that
addresses computationally intensive tasks through methods inspired by neural processes.

3 Urgency and Relevance
The soaring energy consumption of data centers and supercomputing facilities is projected to

hit critical levels by 2030, driven by the burgeoning demands of artificial intelligence (AI) systems.
Recent reports indicate that by 2025, data centers alone could account for up to 8% of the global
electricity supply, a substantial increase from the current 3%. Additionally, AI workloads are
expected to consume an estimated 300 terawatt hours (TWh) annually [20], rivaling the total energy
consumption of major industrial nations. This dramatic escalation underscores the pressing need
to explore alternative computing technologies that can deliver high performance while significantly
reducing energy consumption. Cryogenic neuromorphic hardware presents a timely and essential
solution to this challenge. By harnessing the unique properties of superconducting materials and
quantum phenomena, these systems can achieve the high efficiency and performance required to
sustain the future of AI hardware in an era of rapidly escalating energy demands.
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Challenge

Recent advances in Artificial Intelligence (AI) have transformed our approach to solving scientific

problems using AI foundational models for use in the fields of material science, cancer research and

climate change. However, in order to efficiently train and deploy then models, there exists a trade-off

between the cost, throughput and computational complexity that often determines the scalability,

hardware choice, parallelism strategy, latency, and throughput of these models. These foundational

models are traditionally designed using the transformer architecture, a sequence-to-sequence model

based on the multi-headed self attention mechanism (SA). However, the transformer is a memory

and computation intensive block, leading to the need for expensive and slow AI hardware (GPUs or

custom accelerators) to train and infer these models. For instance, the 175-billion parameter GPT-3

model, designed by OpenAI, is estimated to need ∼ 175 years to train using a single Tesla V100

GPU. To address this, we explore spiking neural network (SNNs) based transformers, a computing

paradigm inspired by the biological concepts of the mammalian brain, which provides a number of

advantages for data-, energy-, and resource-efficient execution of such foundational models.

Spiking Neural Networks (SNNs) [1] are an energy efficient alternative to traditional neural

networks when executed on neuromorphic hardware. The mainstream approaches to design large-

scale SNN are ANN-SNN conversion and direct training SNN. However, training large-scale SNN,

like Transformer architectures, using existing surrogate learning methods is inefficient and time-

consuming. ANN-SNN conversion techniques are not scalable and are only able to achieve optimal

performance at the cost of a large number of time-steps, i.e. increased latency. To address this, a

methodology to design large-scale transformer-based SNN using the principles of transfer learning

and knowledge distillation with existing ANN-SNN conversion methods. The methodology works

in three steps: (1) conversion of trained ANN into SNN, and (2) replacing ANN-based self-attention

(ASA) mechanism with a SNN-based self attention (SSA), and (3) fine-tuning the SSA block using

SNN-based surrogate learning algorithms.

Opportunity

In the transformer architecture, the vanilla self-attention (VSA) mechanism transforms an input

sequence into an attention map. The VSA takes the Query (Q), Key (K) and Value (V) vectors as

input and perform three operations: matrix multiplication (dot product), scale and softmax activa-

tion. The dot product and softmax activation operations cannot be readily implemented in SNNs

due to the discrete (spike) nature of SNN activations. Therefore, existing transformer architectures

are not accurately realizable in SNNs. To address this, we propose spike-based transformer archi-

tecture (STA), based on the model architecture that replaces the complex matrix and activation

operations of the VSA with modified Hadamard and sparse addition operations. The hadamard

operator performs a low-power binary multiplication operation (bit-level AND gate) and replaces

the computationally complex and expensive dot-product operation used in the VSA mechanism.

Training large-scale transformer models based on the STA is still a challenge, due to the lim-

itations of existing spike-based learning algorithms. This limitation is attributed to the non-

differentiable nature of SNN activations (spikes) and the limited ability of surrogate methods to
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compute gradients in SNNs. With the limitations of SNN learning algorithms to train large-scale

SNNs and the extreme compute resources needed to train transformer-based foundational mod-

els, we propose a methodology to design SNN-based foundational models by exploiting ANN-SNN

conversion methods to convert trained transformer-based models to SNNs followed by a knowledge

distillation-based fine-tuning of the attention layers of the network to minimize the conversion loss

of the network.

ANN-SNN conversion The basic principle of converting ANNs into SNNs is that the firing

rates of spiking neurons match the graded activations of analog neurons. To achieve this, a relation

is established between the ANNs using ReLU activation and the SNN integrate-and-fire (IF) neuron.

The ReLU can be considered a firing rate approximation of an IF neuron with no refractory period,

whereby the output of the ReLU is proportional to the number of spikes produced by an IF neuron

within a given time window. The first step is to replace the ReLU-based ANN neurons in the feed-

forward block with the Integrate-and-Fire (IF) neuron. To ensure high conversion accuracy, the

Poisson spike rate of the IF neurons is expected to be proportional to the activation of its respective

ANN neurons. This can be achieved by finding the right balance of IF neurons thresholds, input

weights and input firing rates.

Fine-Tuning Spiking Self-Attention Block Step 1 and 2 of the proposed methodology involve

the ANN-SNN conversion of the fully connected layers of the network and replacing the traditional

analog self attention (ASA) mechanism with the proposed spiking equivalent, respectively. However,

the outcome of the proposed spiking self-attention (SSA), as shown in equation 2, does not equate

to the expected outcome of the ASA, as shown in equation 3. Therefore, we initialize the weights

of the SSA with the trained weights from the ASA to ensure a well-initialized SNN that can be

fine-tuned. We explore a surrogate gradient function (spikegrad) [2], to fine-tune the SSA block of

the network, while freezing the weights of the embedding and the feed forward block of the network.

AttentionMap(AM) = LIF ((Q⊗KT )Columnwise) (1)

SSA(Q,K, V ) = (AM ⊗ V ) (2)

ASA(qn,K, V ) =

M∑

m=1

exp(qTn .km)
∑M

m=1 exp(q
T
n .km)

· vTm (3)

Implementation of Spiking Self Attention The input to the self-attention block are the

spike-encoded sequence (S) generated from the input encodings I ∈ [0, 1]T×N , where T is the time

duration of the input spike train and N is the sequence length of the input. The query (Q), key (K),

and value (V) matrices ∈ RT×N×D, where D (dq,k,v) is the model dimension hyperparameter, are

computed by performing a linear transformation using three learnable matrices (Wq, Wk and Wv),

respectively, followed by a layer of spiking neurons (LIF) to generate the output spike response.

The spiking self-attention is computed by performing a column-wise (dk × 1) hadamard operation

between the Q and KT vectors, as shown in equation 1, followed by a spiking IF activation. The

output of the SSA block is computed as the hadamard product of the attention map generated

using equation 1 and the value (V) vector, as shown in equation 2.
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Challenge

Scientific experiments at the DOE experimental facilities such as Argonne’s Advanced Photon

Source (APS) and Oak Ridge’s Spallation Neutron Source (SNS) require the transfer of large

datasets from the detectors to supercomputers in order to perform data analysis. While the data

acquisition step in these workflows is relatively fast, the lack of access to on-demand computing

required to process greater than GB/s streaming data from x-ray detectors, at the edge, presents

significant time, energy, and throughput challenges to scientific discovery. Neuromorphic computing

(NmC) based on spiking neural networks (SNNs), a computing paradigm inspired by the biological

concepts of the mammalian brain, provides a number of advantages for data-, energy-, and resource-

efficient machine learning at the edge. Hardware implementations of NmC, executing SNNs, enable

large-scale data analysis beyond what is feasible with the emerging high-performance-computing-

to-edge computing paradigm. This key advantage can be attributed to the low-power design of

the underlying computing circuits, the distributed implementation of its compute and storage, and

novel technology integration in the form of non-volatile memory-based neuro-synaptic cores. In

order to deploy the NmC capabilities at the facilities such as the APS, however, SNNs need to

continually adapt to variations in the data and the NmC hardware. Existing state-of-the-art SNN-

based continual learning (SCL) algorithms are not tolerant to process, operational, and reliability

variations in NmC hardware. To overcome these challenges, there is a need for an SCL framework

to train data-, energy-efficient, and hardware-fault-tolerant SNN-based models on NmC hardware.

Opportunity

To deploy NmC hardware capabilities at the edge, SNN learning algorithms need to continually

adapt to variations in experimental data and the NmC hardware. However, existing NmC systems

suffer from two key issues making them inapplicable for scientific applications. First, SNNs lack

efficient and scalable learning algorithms [1] and thus are unsuitable for efficient continual learning

at the edge. Second, energy-efficient implementations of NmC hardware are extremely sensitive

to process, operating (voltage and temperature), and fault-induced variations [2], hindering the

performance of the SNN in terms of learning and inference accuracy. An SCL framework will

address these limitations and allow for the deployment of SCL on NmCs at the edge. The proposed

framework will support the execution of the SCL on (1) a custom, mixed-signal implementation of

NmC, (2) existing digital implementations of NmCs, such as Intel’s Loihi [3], and (3) an analog

implementation of NmC [4]. This position paper describes the need for SCL on energy-efficient

NmC hardware at the edge, allowing for accelerated discoveries at the experimental facilities.

Continual learning (CL) enables a model to learn tasks in a sequential fashion and adapt to

a shift in data, without the loss of existing knowledge. However, because of the phenomenon of

catastrophic forgetting (CF), models trained for an initial task TA tend to “forget” information

about TA while learning a new task TB. Since learning in the mammalian brain does not suffer

from CF, researchers have taken inspiration from bio-inspired learning on spiking neural networks

to improve memory retention.

Neuromorphic Continual Learning Develop regularization-based and network architecture-based

approaches to prevent CF in SNNs. Regularization will involve a surrogate gradient descent

1



learning rule, while architecture-based methods will leverage sparse synaptic connections to

minimize CF.

Regularization Approach - a surrogate gradient descent learning rule can be adopted to train

the network, such as event-driven backpropagation. To address CF while learning a new task

TB, changes to synaptic connections (weights) that significantly influence the performance of

the network for task TA should be minimized. First, the influence of a synapse on task TA

is determined by measuring its contribution to task TA, during the training process. Next,

each synapse is now assigned a new plasticity parameter p - {0, 1}. The value of p controls

the plasticity of the synapse, its degree of freedom to learn/change the higher the value of

p, and its ability to learn/adapt to the new task. The value of p is modulated by using a

reward-modulated spike-time-dependent plasticity (R-STDP) learning rule.

Network Architecture Approach - Prior work [5] studying the impact of the network architec-

ture on CF hypothesizes that when overlapping regions/synapses in the network are used to

represent multiple tasks, the process contributes heavily to CF. Exploiting the sparse nature

of synaptic connections in SNNs by periodically pruning redundant synapses to a specific

task (T) and exploring and encouraging task-based sub-networks, to preserve the overall

performance of the network.

Fault-Tolerant Learning Design a fault-tolerant learning algorithm using hardware fault injec-

tions during training. This involves creating a fault modeling framework (FMF) for accurate

hardware-level fault simulations and a fault injection framework (FIF) to integrate these

faults into the learning process. A hardware-software co-optimization framework is needed

to model, simulate, extract and inject the hardware faults, during application training time.

The framework can study the impact of hardware variations, such as resistance drift, on the

application accuracy and allow for the variations to be injected during the training phase of

the model.

Evaluation on State-of-the-Art Hardware Test the proposed SCL algorithms on existing NmC

hardware, such as Intel’s Loihi and Rain Neuromorphics’ analog implementations. Addition-

ally, design a custom mixed-signal NmC hardware for comprehensive evaluation of the SCL

framework.

Hardware Implementation Develop a mixed-signal neuromorphic integrated circuit design that

combines digital and analog elements for efficient SNN execution. The hardware platform will

have to combine a digitally implemented integrate-and-fire neurons with an analog ReRAM

crossbar-based synaptic element. The neurosyaptic core includes necessary peripheral circuits,

such as analog-to-digital and digital-to-analog spike converters and memory units and sup-

ports backpropagation-based global learning (GL) and bioinspired local learning (LL) rules.

For the complex computations of GL, we will integrate a fully digital von Neumann CPU to

perform global weight updates.
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by Srutarshi Banerjee, Data Science and Learning Division, Argonne National Laboratory, IL, USA 

Modeling and simulations have been an integral part of neuroscience research for several decades. To mimic 
the performance of human brain, neuromorphic simulations involving complex neurons, synapse models, 
density of neurons, and other realistic biological parameters, neural behaviors at scale of human brain is 
required. This is fueled by the large-scale data collection from structural and functional imaging tools [1].  
Existing models and simulators [2] (such as NEST [3] and others) lack these capabilities. To harness the 
full potential of neuromorphic computing, the need to scale the existing Spiking Neural Network (SNN) 
models to hundreds of billions of parameters is necessary. High performance computing and accelerator 
driven scale-up of the models and simulations using existing hardware (for example GPUs) is one of 
important research directions aimed in this position paper.  

The most dominant method for training neural networks using backpropagation [4] and other evolution-
based algorithms [5] have created several SNN algorithms which are able to perform vision [6], tactile 
sensing tasks [7], and others. Despite these progresses, there has not been a significant progress in the scale 
up of these models – not anywhere close to the scale of human brain. The challenges in this scaling up 
process is how to effectively use existing hardware such as GPUs, CPUs, Accelerators, FPGAs and how to 
simulate the synapse interactions between billions of neurons.   

The focus of the position paper is to explore the feasibility of scaling up the models using reconfigurable 
computing paradigm with on-demand compute resources needed by the algorithm. Basic progress has been 
made mostly in the material and device level [8], however, without the successful development of 
reconfigurable algorithms, the scaling up is not feasible. To pave way for performing massive parallel 
computation as in our human brain, the model building must consider the available memory and associated 
compute available – which can be optimized using Neural Architecture Search (NAS) framework. Although 
some works in literature has optimized the SNN model based on performance and memory available [9], 
[10], we argue that the NAS framework has a vital role to play not only in the scaling up of the models, but 
also in determining the optimal compute, memory and performance of the scaled-up model. Additional 
scaling up of compute using multiple processes and multiple threads in one or multiple nodes is envisaged. 

While the scaling up of the neuromorphic computing models not only involves an efficient SNN 
architecture, but there is also an associated training effort which is of utmost importance. In that regard, the 
use of novel learning rules and strategies is of importance. The need of huge memory and compute resources 
in the traditional backpropagation-based learning methodology is inefficient in scaling up of the SNN 
models. While other training strategies – Surrogate Gradient Descent, Real-time Recurrent Learning [11], 
Meta-learning [12], and others, have been tried with the SNN models, there is no clear vision of training 
strategy when it comes to the effective scaling up. The prospects of Meta-learning or ‘learning-to-learn’ 
framework for training during the scaling up of the SNN models from fewer trainable weights to larger 
trainable weights is one of the interesting research directions to explore. Additional meta-learning 
optimizations can be performed on the considerations of available memory, compute resources and process 
communications footprint during the training process.  
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Neuronal Dynamics in Neuromorphic Systems with Oscillations Barrows, Frank

Artificial neural networks struggle with computing time series tasks and predictions, these same tasks
are where biological neural networks excel.[1] The brain processes time varying information using neuronal
dynamics, networks of neurons that evolved to handle such input. Recapitulating this activity in analog
neuromorphic materials can enable novel functionalities and computational capabilities.

Most existing neural networks do not leverage neuronal-like dynamics. At the level of a single neuron,
phenomena including action potential propagation, refractory periods, and signal integration arise from
the simple dynamics of ion channel gates.[2] At the network level, models of neural populations such as
Wilson-Cowan model capture aspects of communication across the brain, e.g, dynamics of the cortical-
thalamic axis, and oscillatory activity resulting from competing excitatory and inhibitory connections.[3, 4]
Importantly, neuromorphic systems and materials have their own inherent dynamics that can be leveraged
in neuromorphic computers. These dynamics include the evolution under external forcing, the material
response to perturbations and relaxation dynamics.[5, 6] These can be used to devise training approaches and
improve our understanding of how to embed time-varying information. Dynamical neuromorphic networks
are an essential step in designing functionally equivalent neuromorphic systems.

We propose using oscillating functional units to implement local dynamical learning through two ap-
proaches:

Implement Oscillations: Oscillating neuromorphic units would capture an essential function of the
brain. In the brain oscillations influence information transfer, mediate interactions between structures, e.g.,
gamma oscillations in the cortico-thalamic loops, and relate attention to signaling between the primary visual
cortex and the lateral geniculate nucleus.[7] Oscillating neuromorphic units include memristor based LRC,
LR, and RC circuit motifs,[8–10] Figure 1 (a) depicts such motifs. This goes beyond neuromorphic spiking
networks, oscillating neurons can represent inhibitory signals, acting as a proxy for adversarial training.
Developing tunable oscillating units requires co-designing training algorithms, control mechanisms, and
motif couplings to ensure stability and functionality. A proposed coupling scheme is shown in Figure 1 (b).

Leveraging Neuromorphic Dynamics for Computation: To implement local dynamic learning we
must exploit the inherent dynamics of active neuromorphic systems. This involves developing algorithms
that utilize these dynamics for learning, integrating both phase and amplitude in training, while control-
ling the network such that it remains stable. The underlying assumption is that a unified mechanism in the
brain can implement learning and network control. Preliminary studies suggest that continuous learning can
effectively manage oscillations,[11] with local spike-timing-dependent plasticity (STDP) kernels naturally
arising in models of coupled oscillating neurons with signal integration. Dynamical neuromorphic algo-
rithms can leverage these local energy based rules for training. These training rules could be implemented
in hardware by designing the coupling between circuit motifs, thus enabling analog learning in physical
neural networks.

By focusing on dynamic networks and oscillating units, we can enhance our understanding of how
time series information is embedded and computed in neural systems. Embracing these dynamics offers a
pathway to more faithful and reliable representations in neuromorphic computing, ultimately bridging the
gap between artificial and biological intelligence.
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Figure 1: (a) Two proposed neuromorphic oscillating circuit motifs with memristors. (b) Schematic of coupled oscillating circuit
motifs, coupling consists of a trainable weight implemented by a memristor linked to a functional element, e.g., a signal convolution
element, filter, op-amp, or ReLU.
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Control of brain dynamics & learning as a computational primitive for neuromorphic computing 
Kris Bouchard, Staff Scientist & Lead, Computational Bioscience Group, Scientific Data Div., LBNL; 

Adj. Prof, Dept. of Neuroscience and Redwood Center for Theoretical Neuroscience, UC Berkeley. 
Specific Challenge: Current AI models compute with non-neurobiological attention mechanisms and 
require vast volumes of data for training; together, these characteristics impede low-power, real-time, 
flexible control and adaptation. In contrast, computations in the brain emerge from dynamics across neural 
populations, which manifestly enables low-power, real-time, flexible control and adaptation and learning 
from few examples. Furthermore, neuroanatomical feedback loops are present both within and between 
brain areas, and the same neural populations can perform diverse functions on demand. Together, these 
observations indicate that feedback control is a computational principle of neural population 
dynamics that enables efficient on-line learning. While it is recognized that brain computations emerge 
from dynamics which must be controlled with feedback, efforts to instantiate this principle into 
neuromorphic hardware are nascent with many challenges.  
Outcome: Addressing this challenge would result in novel, co-designed, hardware-accelerated, 
neuromorphic systems based on computations through neural population dynamics with feedback control 
based on brain-derived principles, redefining the core mechanisms by which computations are instantiated. 
Broader Impact: The voracious energy consumption of current computing architectures presents a clear 
challenge for both next generation HPC systems and edge computing in energy deprived environments or 
robotic systems. Furthermore, this energy consumption contributes to the existential threat of climate 
change. Neuromorphic systems that compute with dynamics instantiated with next-generation materials 
provides a viable low-energy computing alternative. This research represents a critical first step away from 
the ‘brain inspired’ dogma of current neuromorphic computing and towards ‘brain derived’ neuromorphic 
systems deployed in robotic systems. The paradigm shift we propose will open new research directions at 
the intersection of computer science, material science, neuroscience, and AI/ML. 
Background: Current AI models utilize the attention mechanism as a core computational principle. In 
contrast, diverse brain functions, ranging from perception (e.g., facial recognition) to cognition (e.g., 
navigating an environment) to action (e.g., reaching to targets) are produced by collective and emergent 
dynamics of populations of neurons distributed across the brain. We have advanced the theory that 
functionally relevant brain dynamics are feedback controllable and tested this theory in electrophysiological 
recordings. In diverse neural datasets from across the brain (hippocampus, primary somatosensory and 
motor cortex, high-level visual areas), we developed methods to show that feedback controllable (FBC) 
‘directions’ of high-dimensional neural population activity robustly outperform feedforward controllable 
(FFC) directions in reaching/location/face decoding, indicating that FBC is a computational primitive of 
diverse neural circuits. FBC and FFC subspaces emerged from collective interactions of a population of 
neurons with distinct activity profiles that map well to distinct populations of L5 pyramidal neurons. 
Finally, we showed analytically that the divergence between FBC and FFC subspaces depends on the degree 
of non-normality in neural dynamics, which results from the neuroanatomical constraint imposed by the 
fact that biological neurons are either excitatory or inhibitory, but not both. Together with other results, 
this indicates that feedback control is a well-defined computational primitive that influences behavior, 
cognition, and learning, and is implemented by specific neurons and neurobiological circuit principles. 
Potential Approaches, Data Sets, & Metrics: Outstanding computational research includes: 1) identifying 
‘special’ high-order network motifs that enhance circuit controllability from mouse/fly connectomes, 2) 
HPC simulations of FBC of neurobiologically constrained spiking RNN dynamics through neuronal 
response modulation (a neurobiologically understood phenomena) with Hebbian plasticity to develop a 
simple (in RNNs with N-neurons, this would require ~N directly controlled parameters vs. direct 
optimization of synaptic weights in AI RNNs ~N2 # synapses) online adaptation and learning algorithm, 3) 
ensuring that neuromorphic circuits exhibit similar dynamics (e.g., rotations) as observed in experimental 
data in vivo, 4) exploring neuromorphic hardware codesign leveraging dynamicity of emerging materials.  
Outlook:  For large-scale RNNs, FBC provides a clear computational primitive for developing/simulating 
circuits employing electro-optical components and phase-change materials in a codesign paradigm towards 
deployment in future HPC systems, at the edge, or in robotic systems.  
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Primary Theme: Neuroscience algorithms and translation to neuromorphic analog circuits 

Neuroscience-inspired computing principles 
Neuroscience insights have long informed and inspired the design of neuromorphic systems [1] . This 

interdisciplinary approach has enabled the development of novel computing technologies but also holds 

promise to advance our understanding of the brain. However, while the neuroscience field continues to 

grow with tremendous explosion of new data, the neuromorphic field is still lagging in its translation.  For 

example, the fundamental computational unit in a brain is the neuron. A single neuron is quite complex in 

biology across species from invertebrates to mammals. The structure of dendrites within a neuron are 

often quite intricate, vary widely and depend on the neuron’s specific sub-type and location within a 

brain, and can be specialized to support the function of the neuron [2,3,4]. However, modern 

neuromorphic and artificial neural networks adopt a much simpler and homogeneous model of the neuron 

leading to increased reliance on scaling. Our hypothesis is that thoughtful consideration of the complexity 

and heterogeneity of a single neuron (specifically with dendrites) can lead to the design of smaller 

systems with increased computational complexity.  

Translation to analog microelectronic circuits 
Modeling dendrites in analog circuits is crucial to getting the computational density (operations/unit) as 

well as computational efficiency (energy/operations/second). Dendrites within a neuron can be thought of 

as a “neural network within a single neuron” [5] enabling compute-on-wire. Current architectures focus 

solely scaling number of neurons and synapses per neuron. Most emerging non-volatile devices can be 

used to construct dendrites offering a “dendritic toolkit” which include non-linear filtering, spatio-

temporal processing, gain modulation, coincidence detection while offering dense connectivity [6,7,8]. In 

prior work, we have demonstrated the efficacy of analog dendrites using the following circuits: 

1) Direction-Selective Dendrite Circuits (Pattern Recognition [9], Near-sensor processing [9]), 

Dragonfly TSDNs (Target Selective Descending Neurons)[10]), Fruit Fly Visual ON Circuit[11])  

2) Dendrites for Gain modulation (Dragonfly Coordinate Transformation for Interception [9]) 

3) SNNs with Dendrites (Coincidence Detection[12], Non-linear functions[12], Pooling layers[11]). 

These circuit motifs can be used to demonstrate large-scale dendrite-based neural networks. Emerging 

devices as well as novel approaches in fabrication like 3D architectures, wafer-scale technology, and in-

memory computing could further alleviate current communication and connectivity bottlenecks. 

Modeling and simulation approaches 
Existing neural simulators such as NEURON, BRIAN 2, and NEST can be used to model large-scale 

SNNs. To incorporate dendrites in SNNs, we can use Dendrify as well as our own dendrite library that 

models hardware-based parameters for snnTorch [12]. We have also developed a neuromorphic 

architecture simulator called SANA-FE [13] with plans to incorporate multiple emerging hardware-based 

dendrites and enable design space exploration of novel dendrite-based architectures.  

Performance metrics, data requirements, and energy efficiency 
Dendrites can be evaluated based on performance (operations/second) as well as energy efficiency 

(energy/operation/second). Other metrics include accuracy, latency, area, and ease-of-integration. Ideally, 

analog datasets should be created (much like event camera datasets) for evaluation and benchmarking 

various hardware-based approaches. 
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More than Spikes: Neurons as Dynamical Systems for Intracellular Processing
Introduction Traditional computing systems utilize the computational primitive of Boolean logic, operations on a population

of bits, and a synchronous operating clock, to enable logical and symbolic operations. Largely influenced by analogy to this
approach, recent developments in neuromorphic computing have focused on the action potential, or spike, as the fundamental
unit of neurally inspired computing. This has led to a focus on population-level encoding approaches, in which simplified units
such as the leaky-integrate-and-fire (LIF) are utilized as universal function approximators, and largely implements ‘spiking
equivalents‘ of traditional computer algorithms [1], at the cost of requiring thousands of units and hand-engineered algorithms.
In contrast, biological neurons are nonlinear units, with a plethora of intracellular dynamics which directly operate on inputs,
rather than relying solely on population-level representations. We argue that these intracellular dynamics, which perform specific
computational operations rather than a generalized logic, are the computational primitives of neural systems.

Neurons Process by Intracellular Dynamics The primary difference between artificial neural networks (ANNs) and
biological systems is the presence of spatiotemporal dynamics, which range order of magnitude in both temporal and spatial
scales, compared to ANNs which primarily utilize instantaneous activation functions. These dynamics allow intracellular
processing by integrating inputs at different time-constants and allowing mixtures of these signals. Even the simplest dynamics,
such as a continuously evolving internal state, allows computations such as integrals and correct assignment of error through time
[2]. Utilizing even such simple dynamics in a recurrently connected system can lead to complex but predictable population-level
dynamics that can act as function generators for a variety of tasks [3]. When further expanded from a first-order to second-order
differential equation, internal dynamics are able to implement history-dependent effects such as rebound spiking, which has
been shown as essential for maintenance of information over extended periods of time [4], and implicated as a mechanism
for working memory [5]. Further allowing for spatial compartmentalization of membrane dynamics allows otherwise complex
operations such as division and multiplication to occur within the arborization of a single neuron [6]. Collections of dendrites
are then able to implement complex operations such as context-dependent processing [7], sensory fusion in neocortex [8], and
continual learning on multiple tasks in hippocampus [9]. Local processing of inputs may allow an implicit reconstruction and
operation on presynaptic membrane potential, circumventing information bottlenecks otherwise imposed by binary spikes [10].

Intracellular Dynamics Modify Intercellular Processing While simple LIF-like units respond with monotonically increased
firing rate in response to input spikes, additional intracellular dynamics enable the modulation of intercellular spike-based com-
munication. For example, units with a controllable inter-spike-interval pattern, which requires at least fourth-order differential
equations, carry higher information density than firing rates alone [11]. This increased information density can allow for
multiplexing of multiple streams of information [12], which then supports supervised [13], unsupervised [14], and one-shot
[15] learning. Local populations of neurons can also become synchronized due to small-magnitude oscillations in local-field
potentials coupling with intracellular responses, which then have causal effects on intracellular communication, by suppressing
or increasing intracellular responses to incoming spikes. Oscillations of various frequencies and underlying physical origin
have been implicated in multiple computational roles, including gating of information, spatial attention in visual systems [16],
role-binding [17], and working memory in prefrontal cortex [18], and prevents catastrophic interference in hippocampus [19].

Training In recent years, LIF-like units have been successfully trained using backpropagation methods, similar to those in
standard deep-learning approaches [20]. However, such approaches fail to optimize systems which require multiple temporal
scales of interactions, as will be the case in systems which utilize intracellular and intercellular processing. Therefore, to train
such systems, we will need to integrate biological learning rules which operate over multiple temporal scales, along with recent
advances in dynamic systems approaches [21], [22] which fit dynamics of systems rather than function approximations, akin
to physics-informed neural networks.

Implications for Analog Design and Scaling While the number of candidate dynamics outlined above prohibits bio-mimicry
approaches, the intracellular behaviors outlined above are all second-order equations, suggesting that neuromorphic systems
implement neural units as a mixture of universal-oscillators. Combined with negative feedback mechanisms, this class can create
stable attractors and other behaviors that mitigate the intrinsic noise and variability of analog systems. Simultaneously, utilizing
locally complex and dense computation within individual neurons can minimize the number of intercellular connections that
typically accompanies population encoding. This effect can be compounded by imposing general topological and functional
motifs that emphasize local communication [23], resulting in a hierarchy of extremely dense intracellular analog interactions,
locally analog but mean-field oscillatory interactions, and long-range interactions via spiking activity only. Such minimization
of long-range communication is critical for allowing high throughput of flexible digital routing [24], and enables relatively
seamless interaction with HPC-based systems for scaling.

Necessary Datasets To continue to develop a comprehensive view of the interaction of spike-based and intracellular dynamics,
we must continue to collect datasets which record both behaviors. Recently, systems neuroscience has emphasized methods
which enable recording of large populations of neural spikes, but which do not record intracellular dynamics provided by
earlier methods. However, novel and emerging techniques have allowed for recording of large populations, while also providing
information on the intracellular responses of dendritic arborizations [25], including neurotransmitter specific responses [26],
and relating these responses to systems-level activity [27].



Fig. 1. A multi-scale approach to processing. A An individual neuron is made of multiple analog compartments, each of which has a unique combination of
dynamics, chosen dependent on the use-case. B Local cortical structures, which are highly interconnected and transmit analog and spike values locally. Such
a population could be manufactured into a single chip. C For larger scale systems, individual analog chips (from B) communicate to other distance chips only
by spikes. These spikes can be routed by microprocessors (eg: MPI), allowing integration into existing HPC architectures.
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Position paper on neuroscience algorithms 
Despite significant advancements in neuroscience over the past decades, the field still lacks a comprehensive 
theory explaining how intelligent behavior emerges from neural activity. Although extensive datasets detailing 
neural correlates of behavior are available, the underlying causal structures remain largely unknown. To bridge 
this gap, we need a theoretical framework that elucidates the minimal set of rules from which computational 
functions emerge. These rules, once identified, can be translated into computational algorithms and 
implemented into analog circuits performing functions analogous to those executed by the brain. 
 An exemplary demonstration of this approach is our recent collaborative work [1] on an axiomatic 
framework, where we provide mathematical proof that spatially periodic firing patterns of grid cells in the 
entorhinal cortex arise from a simple sequence code of trajectories. This code is straightforward, interpretable, 
and intelligible. When implemented into a network simulation, such a code is expected to generate complex 
network activity patterns that perform the computational functions of grid cells. This indicates that identifying 
the simplest rules from which higher-order neural activity patterns emerge is crucial for reverse-engineering the 
simplest computational algorithms that perform complex brain functions. 
 This code leverages neural sequences, sometimes referred to as neural syntax, as a fundamental 
mode of brain function found in nearly all cortical regions, including the neocortex, entorhinal cortex, and 
hippocampus [2–5]. Implementing appropriate reader circuits, sequential activity of neurons can be used to 
store and consolidate memories and plan future actions. Despite their significance, current models rarely utilize 
sequential activity of neurons [6, 7]. Even when sequential activity emerges in simulations, it is often not read 
out by downstream readers to guide action, missing an opportunity to leverage the computational power and 
information content of neural sequences. 
 Sequential activity of neurons is embedded in brain rhythms, such as the hippocampal theta rhythm (6  
10 Hz in rodents) [8]. Theta-rhythmic temporal organization, play a pivotal role in organizing brain activity [9]. 
These rhythms can separate encoding and retrieval intervals, modulate synaptic plasticity, bind different brain 
regions through synchronization, and synchronize activity within a brain region [10]. Despite their importance, 
the computational advantages of rhythmic activity are rarely leveraged in artificial systems. Utilizing these 
rhythms as computational mechanisms will enhance the power and efficiency of artificial networks by 
employing self-organizing principles in the temporal domain. 
 Brain rhythms are also a defining feature of brain states. Neuromodulators, such as acetylcholine, 
serotonin, and dopamine, provide a powerful means to modulate brain states [11]. They influence network 
dynamics by modulating meta-learning rules, affecting synaptic wakefulness, arousal, alertness, motivation, 
and decision-making. However, neuromodulation is not widely incorporated into simulations of neural networks 
[6]. Integrating neuromodulators into artificial networks would enable these systems to adapt to novel 
challenges and requirements, such as switching between learning new features and retrieving previously 
learned features, thus preventing catastrophic interference—a common issue in artificial deep learning 
algorithms and a significant issue in changing environments or task settings. A theoretical framework is needed 
to explain the principles governing how novel information is stored in the brain while not erasing previously 
learned concepts. One such theory, introduced by Michael Hasselmo [12], suggests that the temporal 
organization of brain states by neuromodulation allows for the separation of learning and retrieval of 
information at long timescales, preventing the overwriting of previously stored information. On finer timescales, 
theta rhythmic activity separates encoding and retrieval intervals, enabling brain circuits to retrieve and predict 
information on an internal model of the world in one cycle and update this model in the next cycle. 
Implementing pacemaker circuits and/or neuromodulation would enable such computational functions. 
 Brain activity can be studied across multiple spatial scales, yet artificial neural networks do not replicate 
the various connectivity patterns across spatial dimensions, such as dendritic versus somatic sites and cross-
regional connections. Understanding the connectome and how architectural designs constrain activity while 
allowing flexible switching between different activity states will be critical in designing a circuit primitive. 
 To advance the field, it is essential to establish a common benchmark for testing and comparing the 
efficiency and performance of neural networks and artificial agents with that of animals and human subjects. 
This would facilitate meaningful comparisons and drive progress toward developing computationally efficient 
neuro-inspired algorithms. Meaningful progress can be made toward the standardization of common behavioral 
tasks with both neural and behavioral metrics comparable across agents, animals, and humans [13]. 
 In conclusion, identifying the simplest rules from which complex brain dynamics emerge is crucial for 
the development of computational algorithms that emulate brain functions. By leveraging the power of brain 
rhythms, neuromodulation, neural sequences, and understanding the spatial and temporal scales of brain 
activity, we can make significant strides toward creating more powerful and efficient artificial systems. 
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ABSTRACT
Neuromorphic computing is bio-inspired and energy-efficient. Var-
ious materials like HfO2 and TaOx are used to construct neuromor-
phic circuitry like synapses, neurons, dot product engines, spike
time-dependent-plasticity, reservoir computing, etc. The main chal-
lenge is to design and evaluate the system for reliability, energy
efficiency, and compact design area. Most emerging devices and
systems contain higher inherent variability, which is a big chal-
lenge to overcome without proper hardware design. At the time, to
optimize the design cost and time, a hardware-software co-design
can be beneficial. At the same time, a targeted performance is also
achievable with the software framework.

KEYWORDS
Memristor, synapse, inherent variation, process variation, program-
ming levels, system-level optimization, fine-tune.

1 INTRODUCTION
Neuromorphic research and system implementations are expand-
ing rapidly with significant success. Neuromorphic systems are
developed with conventional CMOS technology with area and en-
ergy overhead.[1]. Moreover, it provides a reliable functionality
with higher frequency. On the other hand, emerging materials are
used to construct neuromorphic hardware with optimized design
area and energy consumption [2–6]. At the same time, emerging
technology shows a reliability issue with higher inherent process
variation[2, 3]. However, analog neuromorphic circuits and systems
play an important role in reducing peripherals like encoders and
decoders. Spikes are treated as spikes in the neuromorphic cores
and communication networks. In addition, analog neuromorphic
systems are a good fit with various sensors. Analog data from a sen-
sor can be directly provided to a neural core. This approach is useful
to reduce the data prepossessing with peripherals. Various applica-
tions are covered with neuromorphic design such as dot product
engine (DPE)[2], spike-time-dependant-plasticity (STDP)[5, 7–10],
homeostatic plasticity[11], reservoir computing[12, 13], and so on.
These implementations with emerging materials show optimized
energy [5] and higher design density[4]. The main building block
of this kind of architecture is memristive devices, which are coined
with emerging materials like HfO2 and TaOx. There are various
challenges to using these emerging materials for large-scale design.
a proper and guided design method can optimize the design cost
and time with targeted performance.
2 CHALLENGE
Neuromorphic systems with emerging materials are highly sensi-
tive to their functionality, endurance, retention time, weight preci-
sion, operating voltage, and system-level integration & scaling[2, 3,

14]. The initial challenges of an emerging device development are to
maintain a higher endurance, longer retention time, the number of
programming levels, and a lower operating voltage. Whenever the
emerging devices are integrated with CMOS technology, the CMOS
devices also introduce variation on top of the emerging device vari-
ation. CMOS compatibility is required to make the device suitable
for system-level integration. Otherwise, expensive equipment will
be required to operate the device by itself. In addition, the CMOS
variation also reduces the programming levels. Most of the emerg-
ing materials require higher forming or switching voltage. Due to
higher operating voltage, sub-micron CMOS technologies are not
a good fit for emerging devices. Another change in designing an
analog neuromorphic system is to scale up the number of synapses
and neurons. The system will introduce reliability issues with the
scaling. It would be great if we could evaluate the system-level
design with the characteristics of the emerging devices and circuits.

3 OPPORTUNITY
There are various challenges to making an analog neuromorphic
system functional and reliable. At first, the issue with endurance,
retention time, and number of programming levels can be solved
with device or physics-level research. After that, reliable and fully
functional memristive circuitry like synapse, STDP, DPE, neural
core, and so on can be designed with proper scaling of CMOS de-
vices and supply voltage. Finally, the system-level integration and
performance evaluation can be done with an optimized network.
Evolutionary optimization for neuromorphic systems (EONS) and
liquid state machines (LSMs)[15] can be utilized to optimize the
spiking neural networks (SNN) for neuromorphic applications. At
the same time, a hardware framework called RAVENS is useful to
utilize for system-level performance evaluation[1]. The characteris-
tics of the neuromorphic hardware are mapped with look-up tables
and equations to observe the performance of a large-scale system.
The parameters of hardware can be fine-tuned to get a better ac-
curacy of various applications. Different parameters are useful for
different applications[13]. A dynamically adaptive system can be
designed to get a better performance at run time.
4 CONCLUSION
Analog neuromorphic system design and evaluation is a time-
consuming and expensive process. To mitigate the design time
and cost, a hardware-software co-design can be beneficial for rapid
development. The parameters of the hardware design such as la-
tency, power, leak, refractory, and number of weight levels can
be tuned according to the needs of the software or application’s
performance. A trade-off between performance and design cost can
be predetermined by the hardware-software co-design, which is
useful for ASIC design.
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Abstract 
We believe there is a need to develop an end-to-end approach for advancing AI at the edge for scientific 
applications through neuromorphic computing. Our approach would train neuromorphic AI models on 
quantum computers, simulate them in real-world scenarios on supercomputers, and deploy them in scientific 
applications on neuromorphic computers. We envision several key objectives: (1) Train neuromorphic AI 
models efficiently on universal quantum computers; (2) Develop an exascale simulator on the Frontier 
supercomputer for simulating neuromorphic AI models from analog circuity on real-world scenarios; (3) 
Develop a simulator for simulating digital, analog, and mixed-signal neuromorphic circuits and 
architectures; (4) Design and implement a digital neuromorphic hardware platform optimized for scientific 
edge AI applications; (5) Design a mixed-signal neuromorphic hardware platform; (6) Build a test bench for 
testing neuromorphic hardware platforms; and (7) Demonstrate the efficacy of our neuromorphic edge AI 
approach in two scientific applications: self-driving robotic cars and autonomous drones. 

I. Train SNNs on quantum computers: Quantum computers are good at solving such problems and 
are well poised to accelerate the training of SNNs. In our previous work, we have shown that it is 
possible to get an order of magnitude faster performance using a quantum computer to train machine 
learning models over a classical computer. However, SNNs have never been trained on quantum 
computers. 

II. Simulate SNNs in the SuperNeuroMAT simulator at exascale: Simulators for simulating 
neuromorphic algorithms have not been developed for HPC systems. Previously, we developed the 
SuperNeuroMAT simulator [3], which simulates neuromorphic algorithms and runs on CPUs on desktops 
and laptops. 

III. Simulate neuromorphic circuits and architectures in the SuperNeuroABM simulator: Use 
SuperNeuroABM, a simulator that uses agent-based modeling, to simulate neuromorphic architectures [3]. 
SuperNeuroABM runs in a multi-node and multi-GPU fashion on NVIDIA GPUs. We plan to develop 
SuperNeuroABM on Frontier using a first principles approach.  

IV. Develop an FPGA-based digital neuromorphic hardware platform: We will program a neuromorphic 
processor on a widely available, low-cost FPGA. FPGA-based implementations are faster, cheaper, and 
more reprogrammable than their analog counterparts. This will be helpful for users to implement and test 
SNN architectures quickly. 

V. Design a mixed-signal neuromorphic hardware platform: We will design neuromorphic chips using 
mixed-signal substrates in this project. Use mixed-signal implementation to design and rigorous 
simulation across process corners. In mixed-signal neuromorphic chips, the synapse circuitry occupies the 
most silicon real- estate. We will use non-volatile memory devices to design synapse circuits. This will 
significantly improve the integrated circuit density. 

This position paper lays out concepts to advance AI at the edge for scientific applications using 
neuromorphic computing by developing an end-to-end approach. Our plan involves training 
neuromorphic AI models on quantum computers, simulating them on supercomputers, and deploying 
them in scientific applications. Key objectives include: efficient training on quantum computers, 
developing exascale simulators on Frontier supercomputer, creating simulators for various 
neuromorphic circuits, designing digital and mixed-signal neuromorphic hardware platforms, building 
a test bench, and demonstrating the approach in self-driving robotic cars and autonomous drones. 

 



 

 

Supplemental Information 
 
 
 

 
Figure 1 A notional concept of the architecture of the proposed system based on prior research in these areas. Overview diagram of 
the project. Each objective is shown in a different color. 
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Brain-inspired Neuromorphic Computing 
For neuromorphic computing to incorporate more of the salient features of information 

processing in the brain, several additional capabilities should be considered beyond the concept of 
integrate-and-fire neurons: excitatory-inhibitory circuits, functional connectivity and small world 
modularity, rate and burst encoding, neuromodulation, and direct electrical coupling. The 
McCulloch and Pitts neural model (1943), developed concurrently with Hodgkin and Huxley’s 
Nobel Prize winning characterization of the “integrate and fire” action potential in the squid giant 
axon (1952) yielded the individual processing units of artificial neural networks. The recognition 
that learning occurs in a network because of adaptive weights between those functional units was 
first proposed by Hebb (1949) colloquially as “neurons that fire together, wire together”, and then 
was experimentally verified later in studies of long-term potentiation by Bliss and Lono (1973), 
gave rise to the deep learning algorithms that are ubiquitous today. Our understanding of brain 
function has advanced significantly in the past 75 years, but the transfer of core principles to 
algorithmic design has not. 

Excitatory-Inhibitory circuits enable the brain to efficiently process and respond to important 
stimuli, while filtering out unnecessary details. This ability to focus is essential for effective 
perception, decision-making, and adaptive behavior in complex environments. It is a well-studied 
phenomena in the retina for edge detection, contrast enhancement, and noise reduction. In the 
visual cortex, these microcircuits refine which microcolumns participate in the orientation 
selectivity, which themselves become the building blocks of perception. In motor cortex, it allows 
for the precision, coordination, and synchronization of movement. At a systems level, such as the 
loop that exists between the thalamus and cortex, the balance between these two contributions 
regulates states of consciousness. The computational concept is that the center of an activation 
inhibits the lateral processing units, or the “surround”).  
 It has been known since the ablation studies of Lashley in the 1930s that the brain is 
divided into specialized processing centers. More recently, functional studies of the brain have 
revealed that the organization within and between those centers are characterized by a high 
degree of clustering known as small world networks. This emergent property of the developmental 
process yields more efficient processing, striking a balance between local specialization and global 
integration, while minimizing the wiring cost of connectivity. But further, these networks are not 
simply hard-wired, but functionally connected in a dynamic, meta-stable manner such that rapid 
adaptive switching is possible between, for example, salience to outside stimuli, executive function 
such as working memory, decision-making, and problem-solving, and a default mode that is self-
referential and reflects on past and future events. This stands in contrast with the “layers” motif, 
which continues to be the organization principle of deep learning algorithms.  
 Many classes of neurons exist, and they are often characterized by the one or more distinct 
firing patterns they can produce: tonic, bursting, phasic, adaptive, rhythmic, or irregular. Many are 
electrically, directly, and dynamically coupled to each other (and to other non-spiking brain cells 
through gap junctions), which can result in synchronization at a very rapid time scale. 
Neuromodulators, chemicals which act on times scales several orders of magnitude longer than 
the duration of a typically “spike”, have the impact of shifting neurons between these patterns. The 
consequence of neural populations shifting their firing patterns is the resulting change in the 
excitatory-inhibitory balance in circuits, which in turn perturbates the metastability of the functional 
networks.  
 To summarize, a neuromorphic wish list from a neuroscience perspective would be to have 
devices with firing pattern-configurable “neurons”, modeled with chemical and electrical synapses. 
At the local network scale, activations result in a lateral inhibition of neighboring processing units. 
At a global scale, architectures should be physically connected using small world networks (which 
also reduces the demand on fan in/out requirements). These building blocks, drawn from canonical 
concepts in brain information processing, will lead to entirely new concepts in engineering efficient 
and effective analog information processing tools. 



Eichler West 
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Optimizing Mixed-Signal Neuromorphic Circuits: Bridging Computational Gaps 

    Ashish Gautam, Oak Ridge National Laboratory 

Introduction: A key application for neuromorphic chips is low-power intelligent edge AI systems, enabling 

sensors and devices to operate without internet connectivity. The critical design metrics are ultra-low power 

consumption and on-chip learnability. Digital implementations offer faster design cycles and higher CMOS 

integration, but mixed-signal chips with analog neuromorphic cores excel in low power consumption and, 

with emerging non-volatile memory, are expected to achieve high integration density in the near future. 

This paper explores future directions for designing mixed-signal neuromorphic chips. 

Implementation Challenges & Opportunities:  

Analog Neuromorphic core: One promising direction to minimize energy consumption in next generation 

chips is designing core circuits to operate at a lower power supply voltage of 200 mV —compared to the 

typical 1V—which also reduces the size of the membrane capacitor and the circuit footprint. However, the 

lower voltage limits the headroom for stacked devices to operate in saturation, making the design 

challenging. An example neuron circuit achieves lower voltage operation but generates only limited spiking 

behaviors [1]. Different spiking behaviors enable neurons to represent diverse information and perform 

complex computations [2, 3]. Similarly, while current-based log-domain integrator (LDI) synapse circuits 

[4] can operate with lower power supply, designing a conductance-based synapse necessary for 

implementing shunting inhibition remains challenging [5]. Therefore, new design techniques are needed. 

These techniques could exploit the non-idealities of MOS transistors at lower technology nodes and 

characteristics of emerging devices being explored for neuromorphic circuits [6]. 

On-chip Learning: Mixed-signal neuromorphic chips often suffer from fabrication mismatches 

deteriorating performance. On-chip learning mechanisms are essential for enabling spiking neural networks 

(SNNs) to adapt to these non-idealities without compromising accuracy. While local brain-inspired spike-

timing dependent plasticity (STDP) type learning rules have been implemented [7], they are costly in silicon 

area and power due to the need for high-precision synapses and still lag artificial neural networks (ANNs) 

in performance. Developing novel algorithms with binary or low-precision synapses, such as those using 

memristors, is essential. One promising direction is combining local plasticity rules with reduced 

compartment neuron models. This is inspired by the observation that local learning mechanisms in a 

neuronal cell differ depending on the synapse location in the dendritic tree [8]. Studies show that a neuron 

with active dendritic compartments can match the computational power of a multi-layer ANN [9], revealing 

a gap in neuromorphic research and indicating a need for further exploration of these models. 

Compartmental neuron models also open avenues to explore novel connectivity motifs between neurons in 

different layers and when combined with compartment specific local learning mechanism can create new 

computing primitives [10, 11]. Compartmental models could further benefit from probabilistic synapse 

circuits, with studies showing binary probabilistic synapses excel in machine learning tasks [12]. Synapse 

circuits using devices such as magnetic tunnel junction (MTJs) —which have been demonstrated to generate 

desired probability distributions [13]—for controlled probabilistic spike transmission could improve 

performance while reducing energy consumption and footprint. 

Benchmarking: The targeted datasets are output of neuromorphic event-based sensors that encode 

information spatiotemporally [14]. However, these sensors may not capture the brain's spike encoding 

mechanisms, which could be crucial for leveraging SNNs' computational power. Therefore, exploring 

datasets that reflect brain spike trains—either through sensory pathway modeling or Multi Electrode Array 

(MEA) recordings from brain organoid simulations [15]—is essential for developing next-generation 

neuromorphic sensors. 
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Key Challenges: Many different spiking neuromorphic platforms ranging from fully digital to hybrid 

digital-analog architectures have been proposed and implemented. In particular, analog circuitry and novel 

devices have become increasingly popular due to their promise of ultra-energy-efficient computation while 

providing novel exciting behaviors. Future hybrid system architectures are expected to incorporate such 

analog compute blocks with a digital backend to handle control logic and scalable networking among 

compute cores (Figure 1). These types of hybrid digital-analog architectures open many new co-design and 

design space exploration questions in terms of how to integrate emerging devices and analog sub-blocks at 

the system architecture and algorithm levels. Despite this, there is a lack of modeling and simulation tools 

to support rapid, early co-design and design space exploration. Such tools are crucial in allowing the 

designer to quickly explore tradeoffs between power, performance, flexibility, and functionality. Existing 

approaches are either purely functional, lacking any hardware or implementation aspects [1,2], or are based  

on low-level hardware simulation and models that are too detailed and slow for system-level design-space 

exploration while also not capturing full-system effects [3,4].  

Research Directions: Effectively co-designing next-generation neuromorphic systems requires novel tools 

that enable fast and accurate modeling and simulation of large-scale hybrid analog/digital architectures. 

Specifically, there is a need for system-level neuromorphic architecture simulators at high abstraction levels 

that model energy and performance of full system designs when executing real neuromorphic benchmarks, 

while also being flexible and extensible to support vast configurations of different architectures. In recent 

work, we have developed SANA-FE as a novel high-level simulator of advanced neuromorphic 

architectures for fast exploration [5]. SANA-FE uses an abstract and high-level execution model that 

simulates a given neuromorphic architecture executing an SNN-based application to accurately estimate 

performance and energy at time-step granularity (Figure 2). Similar to other architecture simulators, SANA-

FE is, however, currently limited to digital architectures while also requiring manual configuration and 

calibration against target implementation technologies.  

Further research is needed on automating the modeling process and support for modeling of analog sub-

blocks and sub-components integrated into CMOS+X based hybrid architectures. A promising approach is 

the use of machine learning (ML) for modeling and simulation. Such methods allow to automatically derive 

ML-based surrogate models that replace traditional simulators for fast performance and energy estimation 

through data-driven machine learning methods. In preliminary work, we have investigated such data-driven 

methods using various advanced regression models to automatically derive coarse-grain surrogate models 

for analog sub-blocks with energy and performance prediction [6]. Such models are fast and can easily 

integrate into the simulation backplane of existing digital simulators via a function call. ML-based models 

have the further advantage of potentially being differentiable, opening up opportunities for gradient-based 

co-design and exploration methods in finding optimal design points.  

A further potential research direction is the use of more robust ML techniques such as neural ODEs, which 

have garnered attention for circuit simulation due to their accuracy in predicting time-varying time-series 

data, and Bayesian models, which provide prediction intervals on energy and performance estimation. This 

methodology, using machine learning, also raises questions about the granularity of splitting analog blocks 

into sub-blocks, and how to mitigate additive errors in sequences of interconnected models during 

simulation. This work can be further extended to capture energy and performance behaviors of circuits 

composed of novel devices as well. The development of fast and accurate modeling and simulation 

methodologies for analog circuitry is required to effectively co-design next-generation hybrid digital-

analog neuromorphic architectures. 



 
Figure 1: Example of a scalable neuromorphic architecture. 

 

 
Figure 2: SANA-FE simulator overview. 
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Energy-efficient neuromorphic hardware using analog and unary computing
Patricia Gonzalez-Guerrero, Research Scientist, lg4er@lbl.gov

Motivation: Increasing the energy efficiency for AI training and inference is vital for scientific
discovery. Biologically inspired, neuromorphic computing can be the key to solving the energy
bottleneck limiting scientific AI workloads, given that the brain operates on a 20W budget [1]!

Methods: To address the AI energy bottleneck using neuromorphic computing we need a
hardware architecture that complies with four design criteria (DC): (i) massive parallel operation,
(ii) collocation of processing and memory, (iii) scalability, and (iv) event/data-driven computation
[2]. Moreover, the brain processes and communicates information using a train of sparse
electrical spikes. A brain-inspired hardware architecture (Fig. 3) that combines (i) unary
data representation alongside (ii) analog voltage/current instead of digital words, has the
potential to surpass conventional digital computing in both energy efficiency and
throughput because it can follow the aforementioned four design criteria. Moreover, in
unary data representations, information is mapped to the time, frequency, or pulse width
of a stream of "ones'' and "zeros," similar to the electrical spikes the brain uses to
compute and transmit information. This brain-inspired hardware architecture, could achieve
for the first time a neuromorphic hardware capable of using unary and analog data
representations from end-to-end (Fig. 1-3) thus improving the energy efficiency of AI/ML
algorithms such as Convolutional, Graph, and Spiking Neural Networks (CNN, GNN, SNN).

Challenges: Unary data representation is particularly well suited for mimicking the spiking
nature of communication in the brain. The problem with unary computing is that individual
components have been studied in isolation without system level or algorithm considerations. To
give one example, unary computing effectively addresses the massive parallelism (DC-i, DC-iii)
and low energy requirements because multipliers can be implemented with only 6 transistors
(Fig. 2) as opposed to the 3000 required for conventional computing, saving more than 90% in
passive/active power and area. However, the spectacular savings offered by the unary
computing paradigm usually fade away when considering the complete dataflow. In the previous
example, the cost of moving and transforming the data to the multiplier’s inputs with the
expected format is prohibitively expensive [3].

Potential: One of the most tantalizing promises of brain inspired computing (neuromorphic) is
the ability to do complex processing within an ultra-low power budget. For AI to be able to mimic
this energy efficiency, we need to part ways from conventional digital Von-Neuman paradigms
(one-fits-all) that were implicitly co-designed for fetch-execute data flows. Thus, if we
demonstrate that we can combine analog and unary computing in never-before ways that meet
the neuromorphic design criteria (i-v), we will get up to 50% savings in latency and 127X power
savings thanks to the asynchronous (clockless) computing data flow and the simplified analog to
streams interface [3,4,6]. This will be a disruptive technology that can pave the way for
energy-efficient AI for real-time and intelligent computing at the edge, and in-memory computing
in HPC systems. An experimental evidence of the approach will open new research avenues
such as (i) Co-design of unary/analog architectures for real-time, intelligent, edge computing for
applications such as microfluidics (Fig. 3), genomic sequencing, and micro-tomography (u-CT).
(ii) Exploration of mixed resolution for accuracy-latency-energy tradeoffs. (ii) Unary/analog
computing at supercomputing facilities for applications such as ML-density functional theory
(ML-DFT) and linear algebra kernels. (iii) Unary computing for neuromorphic wireless and wired
communications channels. (iv) Emergent technologies such as Magnetic Transfer Junctions
(MTJs) for probabilistic computing. (v) Modeling of alternative computing paradigms to obtain
metrics such as power, latency, throughput and process, voltage, and temperature variation.



Figure 1. Example of asynchronous stream of
ones and zeros, and energy efficient

mixed-signal exact-adder for streams. The
adder is a current integrator (analog), but the
output (asynchronous stream) has a digital
amplitude [5]. It exploits the best of both the

analog and digital worlds.

Figure 2. In stochastic computing (SC), one
of the unary computing variants, an

approximate multiplier is implemented with an
AND gate (top-left). 98% of the power

consumption is due to the binary to streams
conversion (SNG) [3]. Our approach aims to

minimize/eliminate this conversion.

Figure 3. An example of the proposed architecture used for edge processing. The analog
memory’s outputs and inputs are asynchronous streams. The memory’s analog outputs are

converted to streams with asynchronous sigma delta modulators (ASDM). The key
innovations involve end-to-end streams and analog datapath (never in the digital domain) and

collocation of memory and processing units, avoiding data transfer across memory
hierarchies.
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Introduction 

With the aim to mimic the energy-efficient and robust information processing capabilities in the human 
brain, neuromorphic-inspired analog computing systems promise significant advantages in terms of 
computational power, parallelism, and energy efficiency for high-performance computing. Although light 
has not yet been widely used in information processing and computing, photonic hardware has substantial 
benefits over its electronic counterpart in that photonics enhances parallelism, increases bandwidth, and 
provides an energy-efficient solution for data movement1. 

Approach 

Over the years, various optical neurons and synapses have been proposed at the device level. However, 
demonstrations of system-level photonic neural networks (PNN) are rare. For large-scale integration, a 
system compatible with silicon photonics and CMOS foundry technology processes is preferable2.  

Recently, several PNNs utilizing Mach-Zehnder interferometer (MZIs)3, phase-change materials (PCMs)4,5, 
PIN attenuators2, and metastructures6 have been demonstrated at the system level. However, most of these 
PNNs can only perform inference or use the backpropagation method for supervised learning. Furthermore, 
they require additional electronic circuitry for loss function computations during training. This necessitates 
optical-electrical-optical (O-E-O) transitions, which significantly reduce energy efficiency7. In the 
meantime, training in the electrical domain presents two primary disadvantages: (1) it is highly dependent 
on the model accuracy of the physical system, and (2) the speed and power efficiency of electronic circuitry 
can become system bottlenecks, negating the advantages of photonic hardware.  

What’s more, labeled datasets used in supervised learning are not always readily available4. Therefore, in 
some application scenarios, e.g., when using drones, we have to opt for unsupervised learning as an 
alternative method. During unsupervised learning, the network automatically updates its synaptic weights, 
gradually adapting to specific patterns over time without relying on labeled data. To fully leverage the 
capabilities of photonic hardware, it is essential to develop an all-optical PNN with a suitable online 
learning method. 

Based on the above arguments, we propose an all-optical PNN (Fig. 1), which includes local feedback and 
is capable of both supervised and unsupervised online learning. Our crossbar network can be constructed 
with non-volatile and reconfigurable PCM synapses and neurons. The local feedback effectively updates 
the network's synaptic weights according to the Hebbian rule, so unsupervised online learning can be 
realized. 

Conclusion 

By eliminating the O-E-O transitions and training-associated electronic circuitry, our all-optical neural 
network – optimized for unsupervised online learning – is expected to achieve the projected high efficiency 
and compute density of PNN and explore the full potential of photonic hardware1. 



 

Fig. 1 Crossbar PNN for unsupervised learning that learns on the fly. The PCM cells are depicted as orange 
rectangles on top of the waveguide. Input signals (rows) are illustrated by blue arrows with decreasing color 
intensity, output signals (columns, downward direction) are depicted by blue arrows with increasing color 
intensity, and feedback signals (columns, upward direction) are represented by red arrows with decreasing 
color intensity. The decreasing color indicates a reduction in signal strength, while the increasing color 
indicates an increase in signal strength. The special two-step pulses (orange color) reset the PCM cell in the 
PCM neurons back to the crystalline state (off state). 
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Harnessing Agent-Based Modeling and Evolutionary Algorithms for Scalable Heterogeneous 

Spiking Neural Network Co-Design 
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Introduction: Neuromorphic computing has paved the way for energy-efficient and massively parallel 

computing, inspired by the neocortex, that challenge the scaling limits and “end of Moore’s law” 

experienced by the Von Neumann architecture and CMOS technology [3]. Several neuron and synapse 

models for designing spiking neural networks (SNNs) on neuromorphic chips have been developed across 

a broad spectrum of biological plausibility and difficulty of implementation [10]. With the advent of 

beyond-CMOS circuit components and increasing scalability of neuromorphic chips [8, 5], it has become 

essential to explore the large space of possibilities regarding neuron and synapse circuit design, alongside 

neuron and synapse model selection and connectivity when co-designing heterogeneous SNNs. Mechanistic 

modeling and simulation methodologies such as agent-based modeling (ABM) combined with evolutionary 

algorithms (EAs) are well suited and scalable solutions for this task. 

Challenges: An ideal neuromorphic computing simulator would be highly scalable and capable of 

accommodating primitives that describe neuron and synapse circuit components and model SNNs at two 

resolutions: 1) the neuron and synapse models resulting from neuron and synapse circuit components, and 

2) the SNN architecture resulting from the networking of resulting neuron and synapse models. Such a 

simulator would produce highly scalable heterogenous SNNs, with multiple neuron and synapse models 

within the same network. The performance characteristics of the SNN, such as energy consumption, 

estimated hardware execution time, and accuracy, would be traceable to the circuit component primitives 

in addition to neuron and synapse model connectivity to enhance explainability. However, such an endeavor 

presents challenges in scalability, multi-tier modeling and simulation, and model interpretability that the 

current generation of neuromorphic simulators are not designed to accomplish. Unfortunately, the 

capabilities of extant simulators to seamlessly model heterogenous networks is highly limited, and the lack 

of explicit circuit mechanisms inhibits the ability to trace SNN performance characteristics to neuron and 

synapse circuit components. Furthermore, existing simulators do not make use of distributed GPU 

computation, limiting their ability to capitalize on high-performance computing (HPC) systems.  

Opportunities: As neuromorphic hardware develops rapidly, large-scale heterogeneous neuromorphic 

architectures such as Darwin 3 [6], Loihi [2], and SpiNNaker [4] are now capable of computing millions of 

neurons with greatly improved synapse capacity, in addition to accommodating flexible neuron and synapse 

models. Searching the vast space of possible neuron and synapse circuits alongside optimal heterogenous 

SNN architectures is essential to optimizing the use of these platforms in the dimensions of scale, energy 

consumption, execution time, and accuracy. A recent neuromorphic simulation suite, SuperNeuro [1], 

employs ABM of spiking neural networks with the capability to scale on distributed GPU systems such as 

the Summit supercomputer, while providing the ability to model neuron and synapse circuit level 

mechanisms within agents. Mechanistic representations of neuron and synapse circuits based on hardware-

emulating primitives, as provided by the ABM simulation paradigm, allow for device-scale traceability of 

SNN performance characteristics. This approach formulates a two-tier combinatorial problem that 

addresses both: 1) neuromorphic device selection for circuit co-design and, and 2) neuron and synapse 

model connectivity for SNN architecture search. EAs are highly scalable and suitable for combinatorial 

optimization and tools such as EONS use EAs for SNN architecture search on HPC [7, 9]. By expanding 

such EA frameworks to incorporate device-scale primitives to evolve heterogenous SNNs of mechanistic 

neuron and synapse models, the gap between algorithmic optimization and neuromorphic device selection 

during co-design may be further bridged. 
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Rich analog dynamic behavior of neurons and dense 3D analog interconnects are among the most critical 

features of biological brain systems. This position paper highlights key technology enablers to achieve 

dense reconfigurable analog neuromorphic computing and a potential pathway to achieve ‘beyond-biology’ 

capabilities in neuromorphic hardware systems.  

3D Spatio-Temporal Routing: Novel 2.5D and 3D heterogeneous integration schemes are being actively 

explored for traditional digital computing. While these technologies are being hailed as data bandwidth-

boosters for digital computing, they can also be repurposed for enabling dense 3-dimensional analog spatio-

temporal data transfer in neuromorphic systems, beyond the capabilities of current 2D semiconductor 

platforms. 3-dimensional connections between layers of neurons are ubiquitously found both in sensory 

neural systems as well as brain systems. Leveraging 3D interconnections for analog data routing could 

eliminate the need for typical address event representation systems used in existing neuromorphic hardware. 

An initial example of such a neuromorphic 3D system is a new proposal on retina-inspired sensors call IRIS 

(Integrated Retinal Functionality in Image Sensors [1]) wherein multiple functional layers of retina can be 

mapped into 3D integrated chips using hybrid Cu-Cu bonding leveraging direct 3D analog data 

communication (this includes both analog and spike data) between various layers of neurons. Seamless 

communication of analog data onto 3D interconnects could be a potential hallmark of the next generation 

of neuromorphic systems. 

Furthermore, recent advances in back-end-of-line (BEOL) devices including memory and transistors allow 

for reconfigurable interconnects embedded between 3D stacked chips. This in turn leads to the capability 

to dynamically modify the receptive field of neurons and synapses according to the needs of cognitive task 

being solved. For example, modifying the interconnections between bipolar and amacrine cells in a retinal 

neuromorphic hardware allows the hardware to rapidly switch between different visual features being 

extracted. This also leads to beyond-biology capabilities wherein the interconnections between neurons can 

be rapidly reconfigured in micro-/milli-second scale to suit the evolving nature of cognitive task at hand as 

opposed to biological counterparts that are adaptive but cannot be drastically reconfigured at rapid speeds.  

 

2.5D/3D Integrated Electro-Optics for Analog Neuromorphic Computing: While small scale analog 

neuromorphic processors have been demonstrated, large scale analog neuromorphic processors that can 

rival the scale of computing provided by modern digital systems like GPUs have remained elusive. Among 

other issues long-distance analog communication of information is a critical bottleneck for scalable analog 

neuromorphic systems. Analog Optical Interconnects (AOI) can provide the much-needed technological 

pathway to enable long-distance analog interconnects [2]. As opposed to existing optical interconnects that 

are used as high-speed synchronous digital links, neuromorphic systems need novel asynchronous analog 

optical interconnects. Commercial advanced photonic platforms like Globalfoundries 45nm Photonics 

SPCLO technology allows monolithic co-integration of MOS transistors with active Silicon photonics 

devices providing the needed platform to explore co-integrated electro-optic solutions for neuromorphic 

computing. Further, new optical SRAM (static random access memory) using foundry compatible 

technology [3] can be used for high-speed retrieval of synaptic weights while also enabling high-bandwidth 

analog photonic in-memory computing. 

 

Overall, future large-scale analog neuromorphic systems would deal with symbols (spikes or otherwise 

characteristic features of neuronal cells) as opposed to digital bits. 3D integration augmented with long-

distance analog optical interconnects and high-speed memory could pave the pathway for scaling analog 

neuromorphic systems by facilitating seamless transfer of neuromorphic symbols. Key technology agnostic 

metrics like energy per symbol per unit length for a given fan-out would represent the efficiency of these 

complex neuromorphic systems. 



 
Figure: (Top Left) Biological Retina with its layered structure, (Top Right) Mapping of retinal layers into 

3D integrated chip, (Bottom) Multi-chiplet neuromorphic hardware with long-distance analog optical 

interconnects. 
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Neuroscience-inspired Computing Principles 

The intersection of flow-based computing in nanoscale 2-D and 3-D crossbars and stochastic neuroscience 
models is a fertile ground for innovations in neuromorphic computing. The research can leverage detailed 
models of neuronal dynamics to replicate the complexity and efficiency of biological computing systems. 
This involves moving beyond traditional integrate-and-fire models to incorporate Class 1, Class 2, and 
Class 3 neuronal behaviors. These behaviors correspond to different types of neuronal dynamics observed 
in biological systems: 

• Class 1 Neuronal Dynamics: Neurons that move from their resting state to an active state through 
saddle node on an invariant circle bifurcation, encoding stochastic inputs. 

• Class 2 Neuronal Dynamics: Neurons that lose stability through saddle-node off invariant cycle or 
Andronov-Hopf bifurcation, resulting in oscillatory responses with preferred frequency patterns. 

• Class 3 Neuronal Dynamics: Neurons with a stable resting state that remains consistent over a range 
of inputs, essential for robust processing. 

These principles can guide the development of neuromorphic architectures capable of performing 
probabilistic and approximate computations, which are critical for applications in machine learning, data 
analytics, and other error-tolerant domains.  
 
Translation to Analog Microelectronic Circuits 

The translation of these neuroscience principles into analog microelectronic circuits involves the use of 
emerging nanoscale memory technologies, such as magnetic RAM (MRAM) as well as optical elements 
that can be fabricated in a crossbar structure. These technologies are characterized by their high speed, 
energy efficiency, and density, making them suitable for neuromorphic computing applications. The key 
steps for such a research agenda may include: 
• Design of Memristive Neuronal Circuits: Creating circuits that replicate neuronal dynamics using 

memristors, which can exhibit various forms of oscillatory and stable behaviors that serve as building 
blocks for higher levels of abstractions. 

• Development of Stochastic Neuronal Computing Systems: Utilizing flow-based computing through 
sneak paths in nanoscale crossbars coupled with memristive neuronal circuits to implement high-level 
tasks on compact 2-D and 3-D crossbar arrays. 

• Prototyping Neuromorphic Systems: Integrating these circuits into functional prototypes capable of 
performing computational tasks with high efficiency, such as machine learning on scientific data sets. 

 
Modeling and Simulation Approaches 

Modeling and simulation are crucial for understanding and optimizing the behavior of such bio-inspired 
neuromorphic circuits. This involves: 
• Algorithmic Synthesis: Developing methods to automatically synthesize networks of neuronal 

stochastic dynamical systems that can be realized on nanoscale devices. 
• Simulation of Neuronal Dynamics: Using stochastic differential equations and Andronov-Hopf 

bifurcations to model the behavior of memristive circuits and their interactions. 
• Performance Evaluation: Simulating the performance of these neuromorphic systems on standard 

computational tasks, such as image processing and machine learning, to assess their efficiency. 
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Figure 1: High-density 2-D and 3-D crossbars with nonlinear elements like memristors can provide stochastic 
dynamics to replicate neural behaviors and enable high-level intelligence, exploiting device-level parallelism 
through sneak paths. 
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Robust Autonomy via Reward-Modulated Insect Circuitry 
Due to investments such as the US BRAIN Initiative, consortia of neuroscientists1 are collecting 
nanoscale connectivity alongside functional and genomic data. These data give insight into the 
neural structure and function underlying model systems, such as the sensing, learning, and 
navigation systems of Drosophila2. Such behaviors require the interaction of many sub-systems 
for sensing, memory, and reward prediction, with different connectivity and learning rules, to 
enable behavior such as context-dependent navigation3. This includes circuitry for continual 
learning of sensory patterns in the mushroom body and the heading direction circuit, which 
fuses inertial and visual information to precisely estimate the organism’s heading and state. An 
approach is required to bring together neuroinformatics, machine learning design, low-power 
robotics systems, and hardware/software co-design approaches to demonstrate feasibility of 
this goal4. A key challenge will be achieving continual learning, including context modulation, 
transfer learning, and avoiding catastrophic forgetting5. The availability of large-scale Insect 
connectomes and datasets provide an opportunity to study the connectivity between systems 
involved in sensory, memory, goal-directed action selection.  
Technical Approach. By building an integrated model of sensory processing, learning and 
memory, state estimation, and reward-modulated learning, we aim to demonstrate robust and 
adaptable autonomy suitable for low-power neuromorphic hardware. We focus on modeling 
heterogenous system components, including stereotyped connections in small neuron populations in 
the central complex and high-dimension random connections in the mushroom body. In particular, 
this approach relies upon: 1) large-scale connectivity analysis of Drosophila circuitry at the 
neuron-synapse level, 2) incorporation of connectivity insight into functional models of 
Drosophila  subcircuits, 3) design of online learning rules suitable for implementation via 
neuromorphic hardware, and 4) testing and evaluation in continual learning scenarios.  

Three large Drosophila hemisphere volumes are now available2,6, containing critical circuits 
for learning (i.e., mushroom body) and state estimation (i.e., heading direction circuit).  Large 
scale connectivity can be investigated with query tools, including discovery of repeated circuit 
motifs7. Results of these analyses can be incorporated into functional models of key insect 
subcircuits; for instance, we have previously demonstrated continual learning through a replay-
based model incorporating details of mushroom body connectivity8, and heading direction 
estimation through a dynamic neural circuit implementing ring attractor dynamics9. Critical 
extensions are required to incorporate context-dependent dopaminergic reward pathways3 and 
to introduce inter-region connectivity. In order to utilize existing neuromorphic processor 
technologies, these networks need optimized dynamics and learning rules. We have shown the 
feasibility of our mushroom body model with binarized representations and local synaptic 
learning rules10. Further efforts are required to target existing neuromorphic hardware, including 
evolutionary design of hardware implementations utilizing specific platform constraints. An 
integrated system should be tested in sequences of tasks with different contexts (sensory cues, 
navigation paths, and distractors) and demonstrated on current neuromorphic processors.  
Benchmarks and Metrics. Key baselines include approaches for state estimation such as 
extended Kalman filters and visual inertial odometry, and action selection via shallow 
reinforcement learning policies. Individual subsystems can be benchmarked, such as the 
mushroom body continual learning circuit for image classification, to get single-system metrics. 
Overall testing can be conducted with a context-specific navigation task with changing sensory 
cues. Metrics include task performance (mean square error, classification accuracy, and 
reward), but also continual learning metrics built on single-task performance11.  
Potential for Impact. The goal is to demonstrate insect-inspired autonomy with low complexity 
but high adaptability, which may be adapted to other sensing and decision-making tasks in 
dynamic and changing environments. This may show a pathway from large-scale neural data 
analysis to the implementation of heterogenous algorithms on low power hardware, providing a 
compelling alternative to the increasing complexity of monolithic machine learning systems.  



 
Figure 1. Panel A, overview of proposed insect-inspired neuromorphic system for continual 
learning in navigation tasks, including heading direction circuitry, with black boxes highlighting 
components for further development. Panel B represents results for continual learning for 
CIFAR 100 classification using a connectome-inspired replay strategy. Panel C shows results 
for heading direction estimation for an insect inspired network for visual feature and angular 
velocity estimation.  
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INTRODUCTION AND INSPIRATION: While energy efficiency is showcased as the primary
advantage of neuromorphic computing, with speed metrics like Matmul secondarily showcased, other
practical metrics needed for realistic implementation—such as throughput, latency, chip area, scalabil-
ity, reliability, noise tolerance, and integration complexity—are rarely considered [1]. Nonetheless, the
advancement of scientific applications necessitates a comprehensive approach wherein these metrics are
adequately optimized and synergistically balanced. For example, in particle physics, detectors require
a fast detection of complex patterns within confined spaces. For practical use, brain-machine interfaces
require increased speed and miniaturization. Scalability demands are also increasing, as evidenced by the
recent increase in large language model use in science [2]. Neuromorphic systems are currently not suf-
ficiently optimized for these practical performance metrics, which are becoming increasingly important.
Neuroscience provides valuable insights into how to achieve these missing criteria. The brain’s event-
driven rapid identification of threats, responses, decisions, and motor signals, even in tiny insect brains,
is one example of this. The brain’s efficiency in tasks such as abstract reasoning and natural language
processing is unparalleled by advanced artificial systems. This stark contrast emphasizes the need to dig
deeper into neural mechanisms and build circuit primitives inspired by them.
NEUROMORPHIC PRIMITIVES: Existing neuromorphic primitives encompass a range of tech-
nologies, each with distinct advantages and limitations. Analog electronic circuits offer fast, energy-
efficient processing but struggle with noise sensitivity and variability. Digital implementations are scal-
able but less efficient for low- and moderate-precision applications [3]. Interfacing between these domains
remains challenging, with the energy and area budget of analog-digital and digital-analog converters of-
ten dominating overall resource usage [4]. Photonic integrated circuits excel in performing high-speed
communication and highly parallel computation [5, 6] but have relatively poor area efficiency. Hybrid
electro-photonic systems attempt to leverage strengths from both domains, but are often limited by the
performance of the electro-photonic interfaces [7]. Computing in memory using non-volatile elements
(such as RRAM) shows promise but lacks the maturity needed for complex applications. Despite these
diverse approaches, no single solution currently achieves the combination of all practical metrics required
to rival biological neural systems in complex, real-world applications, which motivates us to advocate the
following research directions in different level of abstraction and implementation:
- Neuronal primitives: Identification of region-specific neural pathways in the brain for emulation is
crucial. Research directions include 1) exploiting stochasticity in non-volatile memory [8], and 2) non-
linear photonics for performing complex, high-speed inference operations without sacrificing area [9].
- Interface and encoding primitives: Studies of noise resilience in biology [10] are required to improve
sparse encoding and error correction methods for analog and hybrid analog-digital computing. Research
into the attention and adaptation mechanisms of neurons in sensory pathways is also desirable [11].
- Architectural primitives: Development of improved 3D fabrication and integration techniques [12]
is critical for emulating the brain’s layered structure and massive neural connectivity. Other research
directions include 1) implementing brain-inspired regional specialization within electronic circuits that
emulates the heterogeneity of neural architectures [13], and 2) studying computational primitives based
on large-scale synchronization, wave propagation, and other collective phenomena [14, 15].
- Integration primitives: One potential direction for research is to address the challenge of partitioning
computations between analog, digital, and photonic domains and seamlessly interfacing them to leverage
their respective strengths in speed, area efficiency, and scalability [16]. This could involve developing new
signal conversion techniques, encoding methods, and hybrid computing paradigms.

CONCLUSION:While energy efficiency in neuromorphic computing remains crucial and promising, we
advocate increased focus on neuromorphic computing primitives that collectively optimize implementation-
focused metrics across multi-domain systems. This approach is crucial to address the rapidly evolving
demands of scientific applications, which increasingly require neuromorphic solutions that are not only
efficient, but also scalable and practical for real-world deployment.
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Biological processing has inspired the development of numerous learning algorithms and dedicated bio-
inspired hardware. A more prominent example of this in neuromorphic computing is hebbian plasticity and
spiking neurons that mimic local neuron and synapse dynamics to perform various degrees of intelligent
behavior. However, the range of plasticity mechanisms observed in neuroscience is much broader and
offers a fertile landscape for inspiration to neuromorphic computing researchers. Plasticity and learning are
arguably among the most effective techniques the brain employs to perform processing. An active area of
exploration is the ability to learn continually through experience. There is documented evidence on how
structural and synaptic plasticity support continual learning in mammals and other species. The question
then arises whether we can conceptualize such building blocks that facilitate learning. Can these mechanisms
be practically implemented in hardware? This question is of great interest.

Various neural mechanisms have been identified that help retain knowledge while responding to new
inputs without forgetting previous information. Capturing these mechanisms in hardware seems like a
critical step towards increasing both immediate application of neuromorphic computing towards real-world
problems, as well as advancing the level of intelligence displayed by these systems. Here, we present
plasticity mechanisms that have been shown to support continual learning.

Metaplasticity, the plasticity of plasticity [1] aids in continual learning based on the premise that
memories are stored by adjusting the strength of synapses in the brain [5]. This is achieved by regulating
changes to synapses to prevent overwriting of prior knowledge.

Synaptic consolidation refers to the transition between early-phase long term potentiation(LTP) and late-
phase LTP [7]. Biological synaptic weights involve multiple processes operating on different timescales.
The interaction between these components can allow rapid integration of new information while deciding
what to store permanently on a slower timescale.

Neuromodulation a phenemonon in which chemical signals modify how neurons process input signals
[6] can enable context-dependent processing. This can facilitate sparse, distributed representations which
are less prone to catastrophic interference.

Replay is the phenomenon that neuronal activity patterns that had previously occurred during waking
are re-occurring during later sleep or rest. This replay was first observed in the hippocampus [10], and
subsequently synchronously in the hippocampus and neocortical areas [3].

Each of these mechanisms can give rise to continual learning behaviors individually, but also integrated
to form a more robust system, which protects and transfers knowledge throughout the lifetime of learning.
Furthermore, combining these biological primitives for continual learning with homeostatic mechanisms
such as synaptic scaling can allow learning in more challenging scenarios where the model needs to infer
task boundaries between current data and previously experienced data to which it no longer has access (see
1). Based on these principles, preliminary neuromorphic hardware for continual learning [4] and analog
designs that take advantage of the physics of memristor devices [11].

A new array of learning algorithms for neuromorphic computing systems can be generated by integrating
these plasticity mechanisms inspired by biological phenomena.
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Method DI MNIST CI MNIST DI FMNIST CI FMNIST
SNN 64.91% 19.25% 82.83% 19.93%
NEO [2] 78.14% NA 86.82% NA
NACHOS [9] 81.27% 66.29% 92.37% 33.95%
PM [11] 83.69% NA 93.23% NA
Replay + Metaplasticity [8] 74.98% NA 88.46% NA

Table 1: Overview of proposed neuro-inspired mechanisms for continual learning with spiking neural
networks compared to state-of-the-art baseline models, evaluated for the MNIST and Fashion-MNIST
datasets in domain incremental, class incremental continual learning settings. NACHOS is a task-agnostic
continual learning framework that integrates metaplasticity, consolidation, decay, neuromodulation, and
synaptic scaling using only local information. PM is a hardware-oriented design of metaplasticity that
modulates the probability of a synapse undergoing plasticity based on inherent characteristics of memristor
devices. NEO is a neuromodulation scheme for forming compartmentalized clusters of neurons and regulating
their learning based on a neuron-level state of importance. Finally, a limited replay with a buffer of 2000
samples was used to evaluate the combination of replay and metaplasticity for efficient continual learning.
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Transformers-enabled Discovery of Neuromorphic Circuit Primitives from Large Scale Network 

Simulations  

Shruti R. Kulkarni, Seung-Hwan Lim, Oak Ridge National Laboratory 

 

Introduction: Human brain is capable of efficiently carrying out complex cognitive processing, with 

nearly hundreds of billions of neurons and trillions of synapses as the basic processing primitives. 

Simulations with millions of spiking neurons and billions of connections with plasticity have been 

demonstrated by various neuromorphic simulators on supercomputers [1], [2]. While deep learning 

models typically have layered networks, which can leverage the parallelization capabilities of Graphical 

Processing Units (GPUs), Spiking Neural Networks (SNN) topologies have primarily been small-world or 

have random connectivity between the neurons and operate with spare events, which poses a challenge in 

using matrix-vector accelerators like GPUs. SNN simulations with limited bio-plausibility have been 

demonstrated on heterogeneous platforms with GPUs, and Field Programmable Gate Arrays (FPGAs) [3], 

[4]. However, tools for interpreting the data from these large models, simulated on High Performance 

Computing (HPC) systems, are currently lacking. One way is to model the causal structure of different 

regions of such networks [5], [6] so that interpretable reduced order learning models can be developed, 

which can then enable the realization of neuromorphic circuit primitives for applications at various scales. 

 

Challenges: There are two key challenges in the current neuromorphic simulation frameworks, one being 

the ability to simulate diverse topologies of large scale SNNs [7], and second, being able to parse these 

simulation results to develop interpretable learning models for real-world applications. There is always a 

performance mismatch between the software trained models to when they are realized on the hardware, 

thus, there is a growing need to codesign neuromorphic algorithms and hardware circuit topologies [8]. 

However, analog circuit design is a very laborious and time-consuming process, with dependance on 

costly design tools. Neuromorphic simulators, while being able to simulate large-scale SNNs on HPC 

systems, would greatly enhance the codesign effort by incorporating workflows to map the causal 

structure of these event based SNN dynamics with that of low-level analog circuits. 

 

Opportunities: With the rapid emergence of generative Artificial Intelligence (AI) models, brings an 

opportunity to leverage these techniques for discovering novel learning models from large scale 

simulations of bio-plausible networks. Studies have shown that transformer models can learn the causal 

association between data sequences through their attention mechanisms [5] [9]. Transformer have also 

shown their potential to serve as surrogate models for analog circuits and accelerate the design search 

space [10], [11]. This presents a unique opportunity for the neuromorphic community to enhance the SNN 

simulation capabilities with causality modeling capabilities provided by transformers to solve the 

constrained optimization problem in analog design space with low-level circuit and post-CMOS device 

abstractions in an accelerated manner (see Figure 1). Recent simulators such as SuperNeuro [12], can 

simulate SNNs at scale by the agent-based modeling framework, which presents an opportunity to 

incorporate the dynamics of circuit elements as easily interpretable agent mechanisms, or as part of 

constraints within the neuronal dynamics. Hence, there is an opportunity to create a workflow wherein 

large-scale simulation tools are embedded with recent deep learning frameworks, that can infer the causal 

relationships between the simulated neural dynamics and those of analog circuit primitives, thereby, 

accelerating the codesign of efficient analog and mixed signal hardware platforms at scale. 

 

Benchmarking and Dataset Requirements: For the comprehensive design of a simulation platform that 

accelerates codesign of future neuromorphic platforms, we would need to benchmark both the simulation 

software and the transformer attention model in terms of accuracy, scalability, and speedup. Further, the 

data generated from SNN simulations to train the transformer models, could be curated as a database for 

further studies in this direction. This effort also requires establishing a methodology to create a database 

of circuit and device dynamics from analog circuit solvers and their behavioral models that can be 

integrated in the neuromorphic software simulators.  
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POSITION PAPER: THE NEED FOR BEYOND-BACKPROPAGATION AI TRAINING ALGORITHMS  

Suhas Kumar 

The energy spent on training increasingly large artificial intelligence (AI) 

models has grown at an alarmingly exponential rate (Fig. 1),1,2 raising 

infrastructural, financial, and computational costs.3–5 For example, training the 

model for Chat-GPT consumed >1000 MWh of energy (equivalent to >500 tons 

of CO2 emissions),3,4 a scale of cost that is unaffordable to most institutions. 

Despite growing demand for (and dependence on) AI, the high cost of training 

AI has slowed its growth since 2021.1,6 Fundamentally, this inefficiency is due 

to the use of the backpropagation algorithm (i.e. high-precision, incremental, 

first-order analytical math) implemented on energy-hungry digital/CMOS 

graphics processing unit (GPU) hardware in massive data centers.1,5,6 To support 

this crucially required technology and reduce its environmental footprint, we 

need a radical new energy-efficient approach.  

Such an approach might be found in the human 

brain, which learns quickly at very low power (~20 

W) and in a constrained substrate (e.g. low-

precision data, shallow layers, presence of 

stochasticity). Neuroscience suggests that the 

brain’s efficiency can be mimicked by numerical 

algorithms that possess additional degrees of 

freedom (e.g., by employing second-order 

derivatives/curvatures), thereby converging quickly and non-incrementally (Fig. 2).7–14 We term this class 

bio-plausible numerical optimization learning algorithms (BiNOLAs). On a map of learning 

algorithms, backpropagation is a very small corner (Fig. 2), with BiNOLAs occupying the vast majority of 

an unexplored space. In other words, we have barely scratched the surface of AI learning algorithms. 

Although BiNOLAs have been studied by neuroscientists and mathematicians, they have not been 

commercially successful because their underlying math (such as matrix inversion) does not scale well in 

existing digital/CMOS hardware, which is bottlenecked by data movement. In a parallel development, 

inexorable new post-digital (especially analog) hardware has significantly resolved the data bottleneck by 

combining memory and processing, leading to more energy-efficient matrix multiplication15 (and, recently, 

matrix inversion).16,17 But such hardware also poses severe non-idealities (e.g., programming errors, 

nonlinearity, asymmetry, noise, and variability), which make it unsuitable for the established 

backpropagation algorithm.18,19 Theoretically, post-digital hardware could efficiently support BiNOLAs 

(which are more resilient to noise and low precision), but there have been few efforts to tailor BiNOLAs to 

(and implement them on) post-digital hardware.  

Ongoing reliance on backpropagation in CMOS hardware is 

untenable; to enable radically cheap and efficient AI training, we 

urgently need to develop BiNOLAs that offer efficiency via both 

algorithmic advantages and compatibility with efficient post-digital 

analog hardware.  

How do we do it? Unlike the digital CMOS era, in the post-digital 

era, algorithms and hardware are going to be tailor-made to work 

with each other, and with a specific application. We identify three key challenges (C) that need to be 

addressed via co-design: (C1) discovering and scaling the fundamental math of first- and higher-order 

BiNOLAs, (C2) developing post-digital hardware architectures that work with BiNOLAs, (C3) identifying 

broad scientific and commercial use cases. 
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A Brain-Inspired-Attention-Based Spiking-Driven Neuromorphic System with Compute-
in-Memory Design 

Hai (Helen) Li, Clare Boothe Luce Professor, Duke University 
Attention-based models, inspired by brain mechanisms of selective concentration and dynamic allocation, 
have shown their excellence in capturing relevant information and improving performance on various 
cognitive tasks with deep learning techniques. However, in energy-constrained scenarios like edge 
computing, conventional attention-based hardware adopting clock-driven computation suffers from power-
consuming synchronous computation and dense data transmission. Alternatively, bio-inspired spiking 
neural networks (SNNs) enable sparse and asynchronous processing, and an optimized neuromorphic 
design promises the synergy effect for hardware efficiency. By fusing selective processing capabilities of 
attention mechanisms, a spiking-driven neuromorphic system will boost energy efficiency to an 
unprecedented level while preserving biological plausibility. 
We aim an energy-efficient compute-in-memory (CIM) neuromorphic system for bio-inspired attention-
based spiking neural networks (SNNs) with CMOS and emerging resistive random-access memory (RRAM) 
technology. Pursuing resource efficiency for data- and compute-intensive sequential processing 
applications in DOE, e.g., large-scale energy prediction, the proposed system incorporates cross-layer 
solutions at algorithm, architecture, and circuit levels including: (1) bio-plausible attention-based SNNs 
with efficient encoding schemes for substantial improvement of energy efficiency; (2) a dedicated 
neuromorphic CIM architecture that fully leverages the efficiency inherent in SNNs and thereby surpass 
conventional architecture; and (3) in situ RRAM/CMOS-based processing element (PE). 

 
Figure 1. Holistic system design with the cross-layer development of (a) an SNN algorithm with biological attention, 

(b) 2D mesh neuromorphic CIM architecture, and (c) CMOS/RRAM-based PE circuit. 
The multi-head attention mechanism has become a powerful solution for sequential data processing, such 
as language and bioinformatics. Bio-plausible SNNs have the potential as a breakthrough for further 
efficiency in the attention mechanism by embracing the sparse nature of biological computing: neurons in 
SNNs communicate with each other by discrete electrical spike signals and, correspondingly, can save 
hundreds of millions of operations per second. One of the key theories is that neurons are regulated by not 
a single but multiple learning rules. Hence, a possible approach for the implementation involves giving 
neurons adaptive spiking thresholds based on the maximum current the layer has received. 
Tackling the inadequacy of existing computer architectures, which do not mirror the intricacies of our brain-
like algorithm, our neuromorphic architecture tailored for SNNs with attention mechanisms, to fully harness 
the energy efficiency inherent in SNNs. A parallelizable 2D mesh interconnect of CIM architecture will 
constitute the neuromorphic system without the barrier between heterogeneous units. The adaptive 
execution by dynamic routers and controls with CIM will efficiently handle the challenges in attention-
based SNNs, i.e., irregular sparsity and dynamics.  
The neuromorphic PE is built with RRAM-CIM synaptic arrays and CMOS circuits that implement data 
encoding, neuron dynamics, and learning capability. CMOS neurons support various neuron models that 
effectively mimic the neuron dynamics in biological systems, such as the leaky integrate-and-fire (LIF) 
neuron with μW-scale power, taking spikes from excitatory and inhibitory synapses, integrating the 
membrane potential, and firing post-synaptic spikes. Such a circuit design supports differential operations 
from excitatory and inhibitory synapses, significantly simplifying the peripherals.  



Hypothesis-Driven Applications, Neuromorphic Circuits, and Technology Co-Design 
Peng Li, Dept. of Electrical and Computer Engineering, UC Santa Barbara, Email: lip@ucsb.edu     

Xiaoning Qian, Byung-Jun Yoon, Nathan Urban, Applied Mathematics, Computational Science Initiative, 
Brookhaven National Laboratory, Emails: xqian1@bnl.gov, byoon@bnl.gov, nurban@bnl.gov 

Primary Theme: Translation to analog microelectronic circuits 
Secondary Theme: Neuroscience-inspired computing principles 
The capabilities and efficiency of analog neuromorphic circuits hold strong promise for 
revolutionizing brain-inspired computing. However, a significant challenge arises from a lack of 
systematic, joint exploration of end applications, neuromorphic circuits, and technology. 
Emulating the functionality of specific neural circuits and brain regions, such as the cortex, 
hippocampus, and thalamus, offers a rich playground for realizing various brain-inspired learning 
mechanisms [1, 2]. However, there are gaps in translating these learning principles into practical 
machine learning applications. Key challenges and research questions include: (1) how can 
formal optimization approaches be used to improve the co-design of hardware, circuits or 
networks, and algorithms over the enormous design space, and (2) how can uncertainty and 
probabilistic reasoning be incorporated into both the operation and design of neuromorphic 
computing platforms, and more generally (3) how can the neuromorphic computing design task 
be organized into a closed-loop process of hypothesis generation, testing, and revision? 
As shown in Figure 1, to address the above challenges, it is crucial to develop methodologies that 
enable well-orchestrated co-design of applications, neuromorphic circuits, and technology, driven 
by brain-inspired learning hypotheses, for which fundamental brain learning principles can be 
mapped to a library of analog neuromorphic circuit primitives. The efficiency of these primitives 
can be enhanced through joint optimization of circuit design and the underlying device technology 
[3]. The resulting neuromorphic system, built from this library of optimized analog primitives, 
should then be assessed against real-world targets to identify potential performance gaps. 
Feedback from these assessments will drive revisions of the learning hypothesis, potentially 
coupled with in-vivo experimental data and evidence. Concepts from optimal experimental design 
and active learning [4, 5] can be used to more quickly identify limitations in the optimized 
neuromorphic system and accelerate the pace of design improvement. 
Beyond optimizing the targeted analog primitives, the design of their interconnections-– potentially 
inspired by connectivity patterns in neural circuits such as those in the visual and auditory cortices 
and hippocampus—should also be considered. This integrated exploration strategy is essential 
for developing analog neuromorphic systems that embed brain-inspired learning principles with 
practical, cross-cutting implications. Generating and further optimizing such system designs can 
leverage recent advances in generative AI and machine learning (ML) for efficiently exploring the 
huge design space. 
Uncertainties are inherent when co-designing neuromorphic circuits and technologies for specific 
applications.  To address this, Bayesian learning provides a powerful approach. With the natural 
inherent stochasticity of analog neuromorphic circuits, e.g., based on the nanoscale behavior of 
memristors [3], Bayesian inference and learning capabilities can be developed for more energy-
efficient uncertainty quantification (UQ). Brain-inspired Bayesian and non-Bayesian learning 
mechanisms and perceptual decision making [6-8], together with objective-driven uncertainty 
quantification, may open the door to more efficient probabilistic reasoning in neuromorphic 
systems and co-design of neuromorphic circuits, neuromorphic computing algorithms, AI/ML 
models, as well as underlying device/system technologies. It allows for a systematic and efficient 
exploration of information flow and co-optimization of key learning, circuit, and device parameters 
throughout the co-design process. The envisioned holistic methodology accounts for uncertainties 
arising from limited knowledge of learning principles, device characteristics and variability, and 
incomplete design exploration.   



 

 

Figure 1. Overview of Hypothesis-Driven Applications, Neuromorphic Circuits, 
Technology Co-Design with Bayesian Learning  
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Bio-inspired Emergent Intelligence for Scientific Computing

Backpropagation-based algorithms have shown state-of-the-art performance in the field of deep
learning, when training artificial neural networks on traditional GPU-based hardware. However, they are
computationally expensive to train. Neuromorphic computers mitigate this issue through event-driven
computing, meaning that they compute only when new data becomes available. Neuromorphic systems
are inherently parallel, where all the neurons and synapses perform computations simultaneously
and asynchronously, as opposed to their von Neumann counterparts, which rely on a centralized
processor [1]. However, most neuromorphic applications have been limited to backpropagation-based
approaches because of their state-of-the-art performance in deep learning. Backpropagation on
neuromorphic hardware often involves copying weights that were trained on a separate machine to
the neuromorphic chip [2] or having separate copies of the weights on-chip [3] that affects the highly
parallelizable, asynchronous attribute of the neurons. Common neuromorphic architectures are also
not inspired by the brain despite their goal being to emulate them.

Top-down feedback and lateral inhibition are two brain-inspired components offering critical ad-
vantages but have often been overlooked in standard DNNs, not to mention their neuromorphic
implementations. Earlier neuroimaging studies have found that bidirectional visual cortex activity has
functional consequences such as directing spatial attention or enhancing illusory-contour coding in
lower visual areas [4, 5]. The strength of feedback coupling in the early visual cortex has been found
to enhance contextual [6] and perceptional effects [7]. Top-down connections are also known to turn
inference into a dynamical process and attend to behaviorally relevant information [8]. Additionally,
lateral inhibition/competition is thought to contribute to feature selectivity [9], contrast-invariant tun-
ing [10], and noise filtering in the primary visual cortex[11]. The inclusion of lateral competition in
deep-learning architectures has enabled the learning of sparse representations, thereby adding to
robustness against attacks [12].

Recent developments at LANL have found several advantages to using an energy-based approach
that incorporates top-down feedback into neural networks. These methods implement a dynamical
energy-minimization rule where the representations are allowed to settle into attractors over time,
based on a learning framework called equilibrium propagation. The algorithms lack a global update,
which is otherwise memory intensive. Instead, weights are modified locally in time as well as in space,
eliminating the need for separate forward and backward passes and making it more viable for scalable
implementation in neuromorphic hardware. Furthermore, we also eliminated gradient computations by
comparing pre- and post-synaptic activations, inspired by spike timing dependent plasticity [13], while
learning the weights between neurons. While these advances promise energy-efficient computation,
there are far-reaching consequences of including biologically inspired components. Energy-based
models (EBMs) trained with local learning rules tend to be robust to adversarial attacks and natural
corruptions , see Figure 1. This is hypothesized to be caused by the complex energy landscape
where features are embedded [14]. Early investigation has also shown that EBMs exhibit state-space
hysteresis, where the prediction of the model depends on the priors it was instantiated with, which
allows for their applications in spatio-temporal datasets such as video classification and fluid modelling.
This opens avenues for scientific computing and discovery, something that was not accessible in
previous pursuits of neuromorphic computing.

In terms of practical implementation of energy-based models, there have been related non-spiking
analog implementations in the form of decentralized physics-driven flow networks that are resistant
to hardware damage [15]. The identification of materials that can realize local update rules is
necessary to eliminate the need for a central processor and bring miniaturization and scalability of
high-performance neuromorphic processors within reach. Fortunately, one may not have to look
far since these features already exist in present day neuromorphic substrate candidates. Lateral
artificial synapses have been materialized in several experiments, in the form of, but not limited to,
lateral memristors [16] protonic/electronic hybrid transistors [17], metal oxide heterojunctions [18] and
transition metal dichalcogenide layered channel tunnel-field-effect transistors [19] .

To conclude, the computational science community should not just adapt state-of-the-art deep
learning solutions such as transformer architectures into neuromorphic hardware but attempt to
surpass it with more brain-inspired emergent learning.
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Figure 1: Accuracy under adversarial attacks for models trained with different learning frameworks, plotted
against various strengths of attacks. ViT: Vision Transformers, BP-CNN: Convolutional neural networks trained
with backpropagation, Adv-CNN: CNNs trained with backpropagation and adversarial training with different
attack strengths and EP-CNN: CNNs trained with equilibrium propagation, with feedback connections. EP-CNN
exhibits the best robust performance without any adversarial training, without any drop in clean accuracy. Figure
adapted from [14].
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Scalable Ultrafast Superconducting Neuromorphic Circuits (SNC) 
The main driver for analog neuromorphic circuits is the prospect of orders-of-magnitude energy-

efficiency improvements. For years, data centers have remained somewhat stable in their power 
consumption, with efficiencies growing commensurate with workloads. With the AI revolution, however, 
the demands on computing capacity to train the largest AI models double every 3-4 months. It is 
expected that this growth will increase power demand by 160% over the next two years alone, 
consuming 3-4% of the world’s electricity while doubling carbon dioxide emissions. Scalable ultrafast 
superconducting neuromorphic circuits promise to offer a low powered, alternative building block for 
both data centers and supercomputers, deployable in a heterogeneous environment alongside 
traditional CMOS and emerging quantum technologies. 

Traditional analog circuits suffer from error accumulation as the length of the circuit increases, 
requiring high accuracy component biasing and sophisticated differential error compensation. Single flux 
quantum-based (SFQ) logic addresses many of these issues; it is spike based, providing the benefits of 
analog charge accumulation (in the form of currents), while also paired with threshold-based activation, 
thereby avoiding analog error propagation. Within a reasonable fan-out size between stages, this 
technology enables large scale energy-efficient circuit designs. 

SFQ logic exploits Josephson junctions (JJ), which devices that consist of two superconductors 
separated by a thin insulating barrier. The Josephson effect, which occurs in these junctions, is a 
quantum mechanical phenomenon where a supercurrent (a current of paired electrons with zero 
electrical resistance) flows across the junction without any applied voltage. Magnetic flux discretization 
naturally lends itself to analog spiking signal activity, following the dynamics of a dampened pendulum. 
SNC can model neurons with polarizing and hyperpolarizing channels, coupled with modeled chemical 
synapses. Built into a circuit, this logic naturally lends itself to retention and spike rate encoding, with 
speeds ~102 GHz and switching energy per gate ~10-19 J. Notably, this superconductive approach is an 
order of magnitude, to tens of gigahertz faster than neuromorphic chips developed commercially, such 
as IBM’s TrueNorth. 
 Challenges SNC include variations in fabrication processes or environmental conditions that can 
lead to differences in critical current density, junction capacitance, and other parameters, all of which 
can affect the overall behavior of an analog circuit by increasing noise. There are a number of a near-
term improvements which are being implemented or being considered for high-density, higher reliability 
fabrication process including Josephson junctions with higher critical current density, Josephson 
junctions with materials capable of withstanding up to 400 C processing temperatures, integrating 
multiple junction layers, self-aligned via shunts, high kinetic inductance layers, superconducting plugs, 
tunable HZO capacitors, etc.  

In parallel with improvements in materials and process have been new approaches to real-time 
pre-decoding error correction for the inevitable analog noise, employing stage encoding to reduce data 
rate and latency when performing parity checks. One approach towards pre-decoding error correction 
capabilities have been based on a convolutional neural network, as such a model implements the 
multistage sliding window process by which a parity check might be performed locally. 

Operating circuits at cryogenic temperatures require sophisticated cooling systems and 
insulation to maintain stable conditions and prevent thermal noise from affecting performance. 
However, as recently demonstrated by an IARPA funded study, the energy efficiency of these devices, 
even with the energy cost of a cryogenic system, is still three orders of magnitude greater than 
traditional CMOS processors. Further, as quantum devices already have cryogenic systems in place, SNC 
can be deployed next to qubits with energy-efficiency over six orders of magnitude better compared to 
CMOS processors which dissipate too much heat for co-locating. 
 Analog, scalable, and capturing the dynamics of chemical communication in biological neurons, 
we propose the SNC will emerge as a frontrunner in the next generation of neuromorphic computing.  
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INTRODUCTION: Neuromorphic computing, which is inspired by the brain’s organizational princi-
ples and dynamic capabilities, excels for specific workloads, such as complex spatio-temporal processing
and real-time decision-making, that are challenging for traditional von Neumann architectures. However,
their performance is strongly dependent on the methods used to encode information into asynchronous
neural outputs (known as spikes). Our hypothesis is that neuromorphic paradigms are highly efficient
and successful only when both the input data and neural outputs use appropriate encoding methods.
For instance, we expect neuromorphic systems to benefit from mimicking the neural encoding schemes
observed in brain regions such as the cortex, hippocampus, and thalamus during similar tasks. Thus, we
propose a novel approach to neuromorphic computing that emphasizes the crucial role of data encoding
as a foundational primitive needed to capture the full functionality of biological computing mechanisms.

To harness the full potential of neuromorphic circuits and systems, we advocate for a focused effort
on developing and implementing spike-based encoding schemes that align with the intrinsic strengths of
neuromorphic architectures while being resilient to noise and hardware errors. This targeted approach
will enable us to identify and solve computational problems where neuromorphic computing can be most
effective. Furthermore, we propose the development of encoding primitives tailored for applications in
nuclear physics, high-energy physics, and basic energy sciences providing a pathway for practical and
efficient implementation of neuromorphic systems with currently available technology. Our work aims
to contribute to the ongoing discourse in the neuromorphic computing community by providing insights
and practical solutions for translating neuroscience algorithms into functional neuromorphic circuits, ul-
timately advancing the field towards achieving true computational equivalence with biological systems.

ENCODING METHODS: Neural systems use a range of signal encoding methods, each with distinct
advantages and limitations [1]. Broadly speaking, the two main approaches are rate coding and temporal
coding. Rate codes embed information into the instantaneous or averaged rate at which one or more
neurons generate spikes, while temporal codes encode information in their relative timing. Temporal
codes can use a multitude of timing features, such as temporal contrast, latency and inter-spike intervals,
correlation and synchrony, and timing with respect to global references, with the choice for a particular
task determined by evolution. In fact, sensory systems have evolved highly efficient coding strategies
to maximize the information conveyed to the brain while minimizing the required energy and neural
resources [2–4]. For example, the coding used by auditory nerve fibers approaches an information theoretic
optimum for natural sounds and human speech [5]. However, such data- and task-specific optimization of
the encoding method has not been carried out for existing neuromorphic systems. Instead, the encoding
method is typically determined by hardware constraints set by the neurons or input/output buses.

Analysis of neuromorphic coding methods: It is important to theoretically analyze the efficiency
of encoding methods used by neuromorphic processors, analogous to the work already done for biological
sensory pathways [6,7], and then develop improved methods that approach the limits set by information
theory. A key goal is to study adaptive coding methods, which are common in biology [8].

Co-design of coding and hardware: Development of tools for the co-design of coding strategies
and neural hardware is critical for improving the performance of neuromorphic systems. Such tools should
allow users to optimize the coding methods used for particular data sets under hardware constraints [9],
such as speed, power, area, and the available parameter space for the neurons and synapses.

Applications in scientific computing: A key application of the proposed co-design tools lies in
the design of neuromorphic processors and coding strategies optimized for the unique needs of scientific
computing [10,11], which typically include a combination of low latency, low power, and scalability.
CONCLUSION: While the data encoding methods used by biological neurons have been extensively
studied, only a small subset of these methods have been applied to neuromorphic computing. Here we
highlight the need to address this gap by pursuing a co-design approach in which the encoding methods are
optimized for the expected workloads in a hardware-aware manner, i.e., while taking hardware constraints
into account. The proposed approach is expected to be a key enabler for the development of practical
neuromorphic processors that can meet the rapidly growing needs of scientific computing.
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Figure 1: Overview of the proposed hardware-coding co-design approach for optimizing neurormorphic
processors for use in emerging scientific applications.
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Topic: “Technologies and prototyping of neuromorphic analog primitives” 
Introduction and Position. The human brain is able to process information with astonishing efficiency by 
(i) combining information processing and storage at the same location and using very low energy single 
steps; (ii) using a large number of distinct information carriers; and (iii) building a massively 3D-
interconnected and parallelized information processing network. Ionic computing,1-3 which uses ions 
instead of electrons as information carriers, can mimic the brain computing paradigm. We believe that ionic 
computing platforms can utilize multiple types of ions as independent information carriers to take 
advantage of novel phenomena such as ionic memory, ionic crowding, and ion accumulation and depletion 
to implement neuromorphic functionality and advanced artificial intelligence algorithms and deliver high 
computational efficiency and complexity.  
Discussion. Our brains are the prototypical ionic computers, which use ions and small molecules to carry 
information through a vastly parallel and complex neural network built entirely with soft materials and can 
process information at a mere fraction of the cost of modern supercomputing infrastructure. We argue that 
ionic computing4, 5, which encodes information in ionic conductance states realized in nanostructured 
materials and assemblies that include nanofluidic channels,1, 2 mixed ion/electron conductors,6 and other 
platforms, has the potential to realize many of the advantages of neuromorphic computing. These pioneering 
examples have already demonstrated basic neuromorphic functionality, such as short- and long-term 
potentiation, spike-time dependent plasticity, and Hebbian learning, and implemented neuromorphic 
algorithms such as reservoir computing. Overall, ionic computing offers the following key advantages: 
(i) The information can be encoded with multiple ion types, which would not only enable parallel 

information processing but would also open up an opportunity to creates mixed analog states that 
would further enhance the system information processing capabilities.  

(ii) Even the first proof-of-principle ionic computing devices demonstrate impressive energy efficiency; 
for example, a nanofluidic synapse showed extremely low energy consumption of 0.66 pJ/spike.2 

(iii) Ionic circuits are typically based on soft materials that simplify 3D integration and offer an 
opportunity to create massively interconnected architectures that mimic brain complexity. 

To realize this potential, the following fundamental knowledge gaps must be closed: 
1. Current theoretical models and simulations of iontronic systems are limited in their ability to 

accurately predict behavior in complex, real-world scenarios. We need to develop robust, multi-scale 
theoretical frameworks and computational models that can accurately describe the dynamics of ions in 
nanofluidic environments, including interactions with surfaces, solvents, and other ions. 

2. We need to understand the physical origins of long-term and short-term ionic memory effects, their 
relationship to spatial confinement, chemical gradient, and electric field and how we can control them.  

3. While the concept of using multiple ions as information carriers is central to the proposed vision for 
ionic computing vision, there is little precedent for simultaneous specific detection of multiple ion 
states and fluxes on the size and complexity required for multi-ion computing. Thus, we need to 
develop completely new detection schemes, materials, and hardware to monitor multiplexed 
information flows in nanofluidic networks.  

4. A single biological neuron makes on average 7,000 synaptic connections to other neurons over a 3D 
network that packs trillions of such connections in a relatively small volume. We need to develop new 
approaches and materials that will support manufacturing or programmable self-assembly that could 
achieve the required complexity and integrate the required functionality. 

5. We need to develop new computational paradigms, algorithms, and approaches for “multi-color 
computing” that can take advantage of ionic computing capabilities. 

Conclusion. We believe that the concept of information processing with ions can deliver advanced 
complexity and energy efficiency that is a hallmark of neuromorphic computing. We also believe that 
addressing some of the fundamental knowledge gaps that we have outlined will bring us significantly 
closer to making neuromorphic ionic computing a reality. 



 

 
Figure 1. A. Fundamental mechanisms enabling neuromorphic behavior in nanofluidic channels and 
droplet interfaces.5 B-D. Examples of neuromorphic functionality implemented in nanofluidic systems. 
From: Ref. 1(B); Ref. 3 (C); Ref. 2 (D).  
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Introduction:  
The human brain is one of the most intricate and sophisticated organs, with approximately 86 billion 
neurons forming trillions of synaptic connections that enable memory, logic, sensory processing, and 
motor coordination. Neurons communicate through electrical and chemical signals, creating a dynamic 
web of activity underlying thoughts, emotions, and behaviors. The brain's specialized regions handle 
distinct functions such as memory and logic while its plasticity allows for lifelong adaptation and 
learning. This complexity makes the brain a center of intelligence and consciousness and a profound 
enigma for neuroscientists. Spiking neural networks (SNNs) are inspired by the brain's processing of 
information through electrical spikes, allowing for time-dependent data processing and dynamic neural 
interactions. By mimicking these natural mechanisms, SNNs offer efficiency and adaptability advantages 
in artificial intelligence, with promising applications in robotics and sensory processing. 
 
Challenges:  
Despite their inspiration from the human brain, spiking neural networks (SNNs) do not fully replicate its 
capabilities, especially in memory, logic, and behavior. SNNs mimic the brain's communication through 
electrical spikes but lack the complex, multi-layered processes of human memory and logical reasoning. 
Human memory relies on an elaborate network of neurons, synapses, and biochemical signals for precise 
information storage and recall. Logical thinking in the brain involves sophisticated neural circuits and 
dynamic interactions across regions, far surpassing the simple mechanisms of SNNs. Current 
neuromorphic hardware significantly constrains the scale of SNNs, which require specialized technology 
still in its infancy and not yet scalable for large applications. As a result, SNNs, while insightful, remain 
simplified approximations unable to fully capture the advanced functions of the human brain. 
 
Opportunities: 
Oak Ridge National Laboratory (ORNL) developed the 2023 R&D 100 Award winning SuperNeuro1 for 
simulating SNN architectures. SuperNeuro is a python-based neuromorphic simulator capable of 
simulating diverse workloads of SNNs at different scales of network sizes and timesteps in an accelerated 
manner and has simulated a 5 million neuron SNN (0.006% of the human brain) on ORNL’s Summit 
machine. This simulator leverages matrix operations, high performance computing (HPC), and agent-
based simulation on GPUs for accelerating the underlying neuronal and the network-level spiking 
dynamics. This simulation framework provides an opportunity to explore SNNs at scales beyond the 
limits of current neuromorphic hardware as well as simulate new neuron models. Further, there is an 
opportunity to explore SNN architectures as they relate to functions. For example, structures that support 
functions of long-term and short-term memory, logic, and behaviors (e.g., fight or flight). With current 
DOE HPC platforms, such SNN architectures would be modeled at very large scales. For instance, using 
all of ORNL’s Frontier, we could simulate different structures for memory, logic, behavior as well as their 
interactions and co-evolution. Consequently, a taxonomy of structures and their corresponding functions 
would be created enabling researchers to leverage macro-level structures to build different networks for 
applications (i.e., like Lego blocks of known size and function for building larger structures). Insights 
from this research could be used to drive neuromorphic hardware and application development. 
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Our daily experience of the world is a continuous flow of information that is segmented into discrete 
and meaningful episodes during memory encoding (Ben-Yakov and Henson 2018). However, how the 
hippocampus, a brain region essential for memory encoding, mediates the encoding of segmented 
experience, has remained unclear. Recently, we found a hippocampal code where neurons respond at the 
boundaries between individual episodes and then exhibit continuously evolving population dynamics to 
encode the subsequent segmented experience (Heldman et al. 2023). These neurons form a novel coding 
scheme different from the well-known place cell code, where neurons respond at discrete locations or time 
points, encoding discrete moments of experience (O’Keefe and Dostrovsky 1971).  

In our experiments, mice performed a repetitive task that requires the integration of self-motion 
information to infer distance traveled or time elapsed in order to receive a reward at the end of each trial 
(Fig. 1A). To perform the task successfully, mice must segment a continuous session into discrete episodes 
(trials) and integrate the subsequent experience following the boundary of each episode (Fig. 1B). In the 
hippocampal CA1 area, the majority of pyramidal neurons exhibit sharp changes in their activity at the 
episode boundary. Specifically, the neural activity of one subset of neurons rises sharply before decaying 
over distance or time (Fig. 1C, top). The neural activity of another subset of pyramidal cells falls sharply 
before ramping up toward the reward (Fig. 1C, bottom). These subsets of neurons thus exhibit distinct 
neural activity dynamics that together encode discrete episodes of experience, in this instance, tracking 
distance traveled or time elapsed in reference to their own response at the boundary. These two dynamic 
patterns form a novel coding scheme that complements the place cell code in encoding experience episodes 
with different levels of spatiotemporal precision. 

Furthermore, optogenetic manipulations revealed specific interneuron subtypes that predominantly 
modulate either the subset of pyramidal neurons whose neural activity rises or the subset whose neural 
activity falls at the episode boundaries. Therefore, the pyramidal neurons and distinct interneuron subtypes 
form parallel circuit motifs to generate different dynamic patterns and support the new coding scheme. 

We constructed a computational model of canonical CA1 circuits that can replicate our 
experimental observations (Fig. 1D). This model consists of a population of pyramidal neurons, each with 
a somatic and a dendritic compartment. We demonstrated that two inhibitory interneuron subtypes target 
distinct compartments of pyramidal cells to form two parallel circuit motifs, which may play critical roles 
in modulating one of the two subsets of pyramidal cells (Fig. 1E, F). These parallel circuit motifs together 
form a basic computational unit that can generate the observed CA1 neuronal dynamics and explain the 
experimental results from manipulating interneuron subtypes. 

Hence, we suggest two ideas to contribute to future neuromorphic circuit design. First is the concept 
of complementary coding schemes. In the novel coding scheme we describe, subsets of pyramidal neurons 
exhibit abrupt changes in activity at episode boundaries, signaling the start of episode encoding. 
Additionally, the continuous neural dynamics following the boundary response may bind together the 
experience segment into an episode. By contrast, the place cell code displays specific tuning at discrete 
moments of experience. Together, these two complementary coding schemes can encode experience 
episodes with different spatiotemporal precision. 

Second, we propose a basic computational unit that can contain two parallel circuit motifs within a 
single pyramidal neuron formed by its interaction with distinct types of interneurons. By leveraging 
dendritic compartmentalization and nonlinear summation of inputs, specific interneurons can support the 
generation of one of the two dynamic patterns in pyramidal neurons based on the excitatory inputs they 
receive. A population of such computational units enables the coding scheme consisting of two 
subpopulations with distinct dynamic patterns. These distinct subpopulations may control distinct 
components of memory encoding, such as binding ongoing experience or encoding reward. 

Taken together, we propose that our computational model may be adapted for neuromorphic 
computing as a series of interconnected circuit motifs (Fig. 1G) and can provide a foundation for designing 
scalable neuromorphic circuits that emulate the brain’s episodic memory encoding mechanisms.



 
 

Figure 1.  
A. Schematic of the behavioral task where head-fixed mice are required to run on a treadmill for a 

fixed time or distance interval after a start cue, and then lick actively at the end of the trial to trigger a drop 
of water reward. B. Diagram showing how continuous experience is segmented into discrete episodes 
(trials). The start of each episode can be different for each trial. C-F. The mean activity of the pyramidal 
neuron subset that abruptly increases activity at episode boundary (top) and decreases activity at episode 
boundary (bottom). Aligned to episode boundary. C. Experimental data from extracellular recordings. D. 
Modelling results of the data in C. E. Modelling results when inactivating interneurons subtype B shown in 
Figure 1G. F. Modelling results when inactivating interneurons subtype A shown in Figure 1G. G. 
Schematic of plausible modular implementation of the computational model with neuromorphic circuits. 
Pyramidal neuron in black with one dendritic and one somatic compartment. Two interneuron subtypes (A 
and B) that target either the dendritic or somatic compartment of pyramidal neurons and form two parallel 
circuit motifs (dotted outlines). Color of the outline indicates the type of dynamic pattern produced when 
the highlighted circuit motif receives strong inputs. Same color scheme as in C-F. 
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Topic: This position paper addresses challenges and opportunities for scalable integration for 

neuromorphic computing modeling. 

 

Challenge:  

With inspiration from biology, a neuromorphic system aims to build an electronic computing system that 

clones the energy efficiency and computational capabilities of the human brain. Simulators are an essential 

element of the design and development cycle of such neuromorphic systems. They provide a platform to 

build a mathematical model that describes the dynamic behavior of neural circuits and compute evolution 

of such circuits through time. Using these simulation frameworks, we can verify our existing understanding 

in computational neuroscience and evaluate new hypothesis even with novel neuromorphic technologies 

which are not ready for large scale commercial production. Such tools for simulating neural networks fall 

into two categories: simulation software and neuromorphic hardware [1]. Software frameworks such as 

Brian2 [2], Nest [3] and NEURON [4] generally target computational neuroscience [5] whereas hardware 

frameworks such as TrueNorth [6], Loihi [7], Braindrop [8] support millions of neurons using a multi-

chip array and offers good power efficiency and performance [9]. 

While several features are available and often desired in a simulator, some features are especially necessary 

for replicating the benefits of brain-inspired computing. Such features include scalable connectivity, event-

driven computing, high performance, etc. Each of these features of neuromorphic systems is inspired by a 

particular characteristic or a region of the brain.  

 

Opportunity: 

Co-design of novel, bio-realistic neuromorphic circuits and neuroscience-based algorithms requires a 

framework which allows large-scale, high-performance co-simulation of software primitives for 

computational neuroscience and microelectronic primitives for neuromorphic circuits. In order to capture 

vital biological computing mechanisms with the right level of abstraction we should have capabilities to 

simulate large-scale neuromorphic circuit primitives with different level or precision and abstraction. 

Eventually we should be able to efficiently and precisely simulate a human brain, or parts of it, to understand 

how changes in the physical connectivity or structure would impact its behavior.  

An opportunity exists for the co-design of neuromorphic system and theoretical understanding in 

computational neuroscience. New computing architecture can be developed which make use of emerging 

analog primitives for flexible synapse connectivity, temporal delays, etc. Recent evidence suggests that the 

brain display a complex multi-scale temporal organization where different regions exhibit different 

timescales [10]. A new co-simulation environment supporting such muti-scale temporal organization would 

allow us to improve our understanding on how brain processes information. Such an integrated multi-mode 

simulation framework would allow for focused developed of new neuromorphic computing, 

communication, and sensing system along with opportunities for rich collaborations between diverse 

research groups in computational neuroscience, biology, and integrated circuits.  

 

 



Assessment: 

Modeling and simulation of large-scale neuromorphic systems are computationally intensive and should 

utilize High-Performance Computing (HPC) system for highly parallel and distributed implementation. We 

believe that a holistic simulation framework (see Figure 1), that includes discrete-event simulator for 

processing neural states and different timescales; logic simulator for digital primitives; and SPICE-like 

continuous time simulator for emerging analog primitives would provide a platform suitable for 

understanding the behavior of large-scale neural systems and hardware/software co-design of neuromorphic 

systems using existing technologies as well as new technologies/approaches where commercial fabrication 

has not matured enough. 

It is our position that the co-design, co-optimization, and co-simulation of neuromorphic hardware and 

algorithm will enable the development of novel circuit primitives, accelerate discovery of new bio-realistic 

functionality, and capabilities to simulate large-scale neuromorphic systems that can match the cognitive 

capabilities of the brain. 
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Leveraging Circuit Dynamics for Temporal Applications and Event Driven Computing 
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The human cognitive process relies on the interaction between long-term and short-term memory. While 
long-term memory is based on persistent changes in molecular and cellular structures, short-term 
memory operates through sustained neural circuit activities [1]. The rapid advancement of machine 
learning has produced very large neural network models for image and language applications, which can 
be seen as long-term memories containing information engrams. For applications with temporal input, 
such as decision-making, sensing, and actuation, short-term memory is needed for retaining, integrating 
past information and extracting temporal features from time series.   

Recurrent neural networks (RNN) are typically used for temporal applications. Emerging technologies such 
as Process in memory (PIM) and compute-in-memory (CIM) can significantly enhance the energy efficiency 
and throughput of neural networks by executing multiply-and-accumulate (MAC) operations near or 
within memory. Figure 1 illustrates the inference flow of a simple RNN implemented using memristor CIM. 
Despite the advantages of CIM and PIM, the system still faces significant challenges: (1) It suffers from 
dense data and intensive computing activities. (2) Updating the hidden state of an RNN requires costly 
global operations, including analog-to-digital (A/D) and digital-to-analog (D/A) conversions. (3) The 
conventional approach to training an RNN, which involves unrolling the network along the time axis and 
performing backpropagation through time (BPTT), is too expensive in terms of both hardware and energy.  

Biological leaky-integrate-and-fire (LIF) neurons are stateful devices. The membrane potential charging 
process allows them to keep a record of historical inputs, while the leakage process serves as a timer to 
differentiate temporal patterns in the input. Recent neuroscience research indicates that each dendrite 
of the neuron exhibits its own dynamic behavior [2] and a single neuron itself is an RNN can function as 
an RNN, providing complex responses to various temporal patterns. When these neurons form a network, 
even without recurrency, states are maintained locally within the network elements without global 
loops. As spikes are only generated when membrane potential exceeds the threshold, neurons have very 
sparse output, maintaining low data traffic within the network. Furthermore, biological neural networks 
do not undergo unrolling or BPTT for learning. Instead, they use simple local rules such as three-factor 
Hebbian learning [3], which leverages a reward function modulated with pre-synaptic (i.e., input) and 
post-synaptic (i.e., output) spike timing dependent plasticity (STDP).  

We argue that circuits with inherent device-level dynamics should be leveraged to implement stateful 
neurons in short-term memory. Our previous research has demonstrated that even feedforward SNNs 
exhibit performance comparable or superior to RNNs, showcasing sparse computing activity in sequential 
input processing and pattern generation [4, 5, 6, 7]. Additionally, we have developed a three-factor 
Hebbian learning algorithm to train the stateful SNN without using BPTT [8]. We also proposed a CIM-
based inference circuit [9] where the LIF neuron is implemented using CMOS circuits. Through the use of 
hardware-based LIF neurons and with proper training, the global loop in Figure 1 can be reduced to local 
loops and the dense data is replaced by sparse spiking activities, as illustrated in Figure 2. Although the 
system is effectively still an RNN, the state update is performed within the neuron, hence significantly 
reducing the amount of register reads, writes, and data movements. Since spikes are binary, no A/D and 
D/A conversions are needed to interface with the memristor array. The voltage-based CMOS LIF neuron 
can also be replaced by a 1M1T1R diffusive memristor, which not only performs leaky integration and 
firing but also spontaneously returns to its resting state afterward [10]. There is an urgent need to study 
the performance of learning and inference of such stateful SNN at large scale for its potential as a 
mechanism for short-term memory. 
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Figure 1 RNN using conventional CIM. 

Figure 2 Stateful SNN using LIF neuron. 
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Neuromorphic Learning with Over-Parameterized Generalized Feedback Networks 
The ability of online learning in biological systems to continuously update synapses is 
fundamental to the functionality and robustness of biological intelligence. Performant artificial 
neural networks are trained via backpropagation of error to calculate credit assignment for each 
parameter based on first-order gradients, which is not biologically plausible and not readily 
implementable in neuromorphic hardware. In particular, “weight transport,” utilized in 
backpropagation is not amenable for neuromorphic implementation because it assumes two sets 
of identical and co-evolving weights between neurons in a forward pass for inference and a 
feedback pass for error-gradient-based credit assignment. In neuromorphic hardware that 
supports online learning [Davies et al. 2018, Denim et al. 2021, Pehle et al. 2022], the most 
common type of learning implemented are parsimonious rules, such as variants of spike-timing-
dependent plasticity (STDP) [Cramer et al. 2020, Denim et al. 2021], which have not been 
demonstrated to scale across multiple neuron populations or layers, or to enable high 
performance on modern machine learning benchmarks. For calculating weight updates, a 
parsimonious rule is attractive from a modeling and neuroscientific perspective, however in 
biology, synaptic modification relies on complex biochemical processes and specialized network 
components to impose credit assignment for synaptic modification (including calcium dynamics, 
active and passive membrane potential dynamics, metaplasticity, and protein synthesis) [Lillicrap 
et al. 2020, Bliss 2022], which may not be able to be distilled to a parsimonious rule while 
maintaining robust online learning. We believe that neuromorphic computing systems should 
include flexible computation of online learning which goes beyond simplified learning rules or even 
direct approximation of first-order error gradient approximation. Instead, online learning should be 
over-parameterized to approximate the richness of biological synaptic modification. 
Technical Approach. We propose to investigate generalized feedback networks, which extends 
the feedback network structure pass utilized in backpropagation to encompass a broader set of 
functions to calculate network parameter updates while preserving the recursive structure of 
backpropagation. Generalized feedback networks extend parameter update calculation as utilized 
in backpropagation by still having the same inputs (pre- and post-synaptic activity and a collection 
of error signals) and outputs (estimated weight change and feedback error signals). However, 
instead of a linear input-output transformation with weights shared with the feedforward pass (as 
in backpropagation), generalized feedback networks can encompass a broader set of functions, 
including artificial neural network components such as a multi-layer perceptron (MLP) and can 
update a vector of state variables for each synapse. These generalized feedback networks can 
be directly optimized. Optimization approaches include utilizing an exemplar optimal trajectory of 
weight changes and utilizing an error-based objective function to directly optimize the feedback 
network. Thus, generalized feedback networks represent a flexible approach to capture the 
richness of biological processing mechanism for synaptic modification while maintaining a 
practical engineering approach targeted to enabling a performant system. Furthermore, 
generalized feedback networks can be optimized to approximate different forms of idealized 
network parameter updates, including conditioning on unseen data, higher-order error-gradients 
[Anil et al. 2020], continual learning regularization approaches [Kirkpatrick et al. 2017], and weight 
updates observed in biological systems.  
Potential for Impact 
Ultimately, biological neural networks have advantages over artificial neural networks in training 
efficiency while utilizing specialized network structures to impose credit assignment for synaptic 
modification. The proposed direct optimization of generalized feedback networks represents a 
promising path forward to enable scalable online learning in neuromorphic systems with 
enhanced performance while capturing neuroscience-based computing principles. 
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Recurrent quasi-Boolean circuits for neuromorphic primitives and micro-brain modeling 
 
Development of scalable neuromorphic computing hardware and algorithms is hampered by a 
lack of knowledge of the critical neural primitives of processing and learning, and by the long and 
costly cycle of novel hardware design, development, and fabrication at scales needed to realize 
practical use cases. We argue that “quasi-Boolean circuits” (QBCs), defined as those composed 
of unclocked and recurrently connected logic gates, can serve as a low-cost, presently available 
substrate for developing and testing neuromorphic computing hardware. QBCs can exhibit analog 
and spike-like transients at nanosecond time scale (Fig 1B), and require very low energy 
consumption when designed to have transient sparsity. Commercial FPGAs contain ~106-107 
logic elements, or look-up tables (LUTs), and support reconfigurable implementation of QBCs. 
These circuits are compact, operate at high-speed, and are energy efficient compared to digital 
artificial neural network accelerators. 
Technical approach: Due to the reconfigurability of circuit topology and LUT content, FPGAs 
could serve as an effective platform not only for the study and development of QBC-based 
neuromorphic hardware, but also as a deployable platform directly, with no additional hardware 
development necessary. QBCs used to date1,2,3,4,5 have neuromimetic analogs including individual 
neurons (LUTs or modules of LUTs), spiking (transitions between logic states), neural 
transmission delay (series of inverter gates), and dynamics with a tight border between order and 
chaos3. To bring additional biological analogs to QBCs and study their impact on 
neurocomputation and learning, researchers could explore novel QBC subcircuits that are 
designed, synthetically evolved, or gleaned from biological connectomic data. Diversity of neuron 
types could be simulated using a set of distinct LUTs or LUT modules. Greater spiking realism 
(punctate low-high-low transitions and refractory periods) could be designed in canonical 
subcircuits. And while non-biological learning in the form of synthetic evolution5,6 or gradient-
based learning7 could be studied, the recent commercial availability of online reconfigurable LUTs, 
updateable at microsecond time scales, provides a mechanism by which plasticity and online 
learning could be modeled in QBCs. In addition, models of entire micro-brains could be 
conceivably implemented in QBCs, up to the size of a fruit fly on current or near-future FPGAs, 
for study of the topology and computational mechanisms that give rise to observed biological 
behaviors. It is worth nothing that QBCs can support not only development of biofidelic 
neuromorphic models, but more general “neuro-inspired models” that can be applied to traditional 
machine learning task with greater energy efficiency, speed, and perhaps capability, relative to 
modern neural networks implemented on CPUs, GPUs, or even FPGAs under conventional use 
case (clocked and feedforward). For this latter application, existing ML benchmarks, metrics, and 
datasets are suitable, when also including measures of hardware platform size, weight, and power 
requirements. The addition of a suite of temporal-based tasks with spike-based inputs and outputs 
would better assess the advantages of more neuromimetic models. Example include the Spiking 
Heidelberg audio8 and DVS gesture9 datasets. 
Impact: Given the market availability of low-cost FPGAs with ~106-107 logic units, we believe this 
approach could allow a large number of academic and industry research labs to do broad and 
deep experimentation into neuromorphic computation and learning, rapidly advancing the field 
and ultimately greatly reducing the cost and power requirements of AI/ML while allowing for 
extreme scales of computation. Implementations with greater brain fidelity may also allow for 
faster learning, online learning, and better generalization. Finally, while some outcomes may 
motivate fabrication of novel neuromorphic hardware that more efficiently implements neural 
mechanisms simulated in QBCs, it is likely that existing FPGA hardware will be suitable for a 
subset of large-scale QBCs for challenging and important problems, allowing rapid prototyping 
and deployment of neuromorphic solutions for this range of applications. 
 
 



 
 
 
 

 
Figure 1: (A) FPGA development boards with >106 logic elements cost only a few hundred to a 
few thousand US dollars and are widely available. (B) Quasi-Boolean Circuits (QBCs) made up 
of unclocked, recurrent logic elements give rise to fast dynamics and spike-like analog signals. 
(C) QBCs modules could be designed to mimic neural primitives such a transient spike with 
refractory periods, diverse neuron types, and even real-time plasticity. Larger FPGAs could host 
QBC network models of entire micro-brains, built from the modules. Such models would be 
computationally fast and energy efficient, and enable broad study by academic and industry 
researchers. 
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What is the basic element of neural compu3ng? 
Fred Rothganger, Sandia Na1onal Labs 

 

In digital electronics, there is the no1on of a universal gate. With that one kind of gate and sufficient 
wiring, you can make any other basic gate, and thus build any logic system. Examples include NAND and 
NOR. Is there a universal gate for biological compu1ng? 

For neural compu1ng, the default answer is the leaky-integrate-and-fire (LIF) model, combined with 
event messages (spikes). Most exis1ng neuromorphic plaNorms support this basic model in some form, 
and much of the algorithm research assumes it. However, LIF has its shortcomings. It must be 
augmented with a plausible learning mechanism such as spike-1ming-dependent plas1city (STDP). Even 
then, it’s not clear the LIF is suitable to “capture the full func1onality of … biological compu1ng”. 

To find a beVer answer, we need to pull back and ask: What is the purpose of biological compu5ng? This 
brings us to the field of Cyberne1cs, that is, communica1on and control [Norbert Wiener, 1948]. Despite 
the overwhelming complexity seen in cellular-molecular systems, and par1cularly neural systems, we 
consistently observe them controlling other parts of the system, or conveying informa1on for the 
purposes of control. Of course, these are not the only func1ons of a biological system, but they are 
frequently present even when the mechanism has some other purpose. 

This suggests a higher-level abstrac1on for describing biological computa1on: the feedback controller. 
This device takes an input signal from its surrounding and outputs a control signal. The content of this 
black box can take several mathema1cal forms. It generally has some internal memory as state variables, 
some parameters, and perhaps a direct feedback pathway independent of the loop through the 
environment. A feedback controller tries to keep its input within some range defined by its parameters. 

No1ce two things. First, a basic feedback controller is mathema1cally no more complex than a LIF model. 
A basic circuit could be built, in digital or analog, that would have the general flexibility of an FPGA gate. 
Second, spikes are not necessary to the model, but it could generate them if needed by some other part 
of the system. The key advantage of event messages is that they would eliminate the need to 
con1nuously convey the output value. In a sense, spiking would make this a “bang-bang” controller. 

Suppose the output of one controller is coupled to a parameter in another controller. This creates a 
second-order system capable of adapta1on and learning [W. Ross Ashby, 1952]. The input to the second-
order controller is the reinforcement signal, while the first-order controller implements the actual 
behavior of the system. This kind of arrangement can be extended into a complex web or hierarchy. 

The significance of such an approach is that, on the one hand, it has a concrete and prac1cal 
implementa1on, while on the other hand, it allows the programmer to express higher-level concepts 
about the biological mechanism in view. By extension, it can express the concepts and goals of ar1ficial 
technological systems. As such, it is an appropriate abstrac1on. 

A feedback controller can encompass the behavior of mul1ple neurons, perhaps en1re popula1ons. It is 
also possible to build a detailed model of one biological neuron out of feedback controllers. As such, this 
device is scale free, truly a universal “gate” for biological compu1ng. 
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The Propor1onal-Integral-Deriva1ve (PID) controller is popular because of its simplicity and general 
usefulness. Subtypes can be created by segng some of the parameters K to zero. The full model requires 
only two state variables and a handful of opera1ons. Of course, more sophis1cated controllers also exist. 

 

 

Diagram from [Ashby, 1952], with added nota1ons in blue. The lower plane is a system that is driiing 
out of equilibrium. Once it hits the limit, a signal is triggered that starts “learning”. It then updates the 
parameters to new values that produce the dynamics on the upper plane. These are stable, since the 
aVractor is inside the homeosta1c limit. 
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Photonic Integrated Circuits (PICs) and their co-integration with CMOS electronics have successfully 

replaced electrical links in the data centers that support artificial intelligence (AI) computation. PICs have 

recently demonstrated massive computing ability for analog neural networks (NN) by exploiting the very 

high bandwidth of photonic circuits. However, investigations of electronic photonic integrated circuits 

(EPICs) have lagged in neuromorphic computing. This is especially important as we look at rack-scale 

comprised of over a thousand neuromorphic processors recently deployed by DOE [1]. This position paper 

presents an overview of the challenges and opportunities for EPICs for neuromorphic computing. 

Optical Interconnects for Neuromorphic Computing: Neuromorphic computing encompasses analog 

NN computing using subthreshold analog or digital integrated circuits, mainstream, and emerging memory 

arrays, and spiking neural networks (SNNs) [2]. A key expectation is that energy efficiency is gained from 

leveraging the massively parallel, sparse, and event-driven brain-inspired primitives [3]. Neuromorphic 

systems employ Address Event Representation (AER) or similar interconnects to support asynchronous 

communication between neuromorphic chips [2]. As the size of these systems scales beyond thousands of 

chips, the throughput of electrical interconnects will need a rethink. EPICs can play a pivotal role here by 

allowing extremely high throughput with low-loss communication over lightweight optical fibers.  

 EPICs feature compact microring modulators that leverage dense wavelength and mode division 

multiplexing (WDM/MDM) to scale data rates to Peta bits/s (Fig. 1) [4]. However, adapting these to 

Neuromorphic computing will require innovation. Spike-based or asynchronous communication requires 

these optical interconnects to support bursty and short pattern lengths. This requires a rethink of 

conventional link design and design of event-based equivalent of serializer and deserializer (SerDes) 

circuits at extremely low power. These will require new mixed-signal circuit primitives and their close co-

integration with silicon photonic devices and compact chip-scale lasers. 

EPICs for Analog Neuromorphic Computing: Recent demonstration of analog NN computing using 

PICs has spurred great interest in optical computing [5]. These architectures are based on optical 

interferometric arrays [6], crossbar arrays using WDM (Fig. 2), or diffractive optics. Thermo-optic devices 

commonly realize the optical-domain weights but incur thermal crosstalk between these components, which 

limits the scaling of these architectures (Fig. 3) [7]. Thermal crosstalk mitigation is the key challenge for 

realizing large-scale EPICs and is a topic of active research in novel materials, device fabrication, and 

circuit interfaces. The recent integration of low-loss phase change materials (PCM) has shown promise for 

multi-bit nonvolatile state retention but requires improvements in endurance [8]. 

Another major challenge, similar to analog NN computing arrays, is the size and energy of data 

converters (DACs and ADCs). These are particularly challenging for the Gbps rate at which the optical 

interfaces operate to amortize the energy cost of the laser and drivers [5]. Consequently, new optical 

architectures that circumvent the need for analog to digital conversion and vice versa and maintain NN 

activations in the analog domain can be transformative. Spiking optoelectronic neurons can alleviate this 

issue by precluding data converters and require robust circuits that can operate at the desired >100 TOPS 

equivalent throughout and near fJ-per synaptic event (fJ/SynOp) energy efficiency. 

Other Application Areas: Optical neuromorphic primitives also apply to DOE’s high-energy Physics 

(HEP) research, where a large multitude of detector readout circuits in a particle accelerator can be closely 

interfaced with fiber optics to improve clutter and performance in high-radiation environments. 

Asynchronous optical interconnects can play an important role in this space [9]. 
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Figure 3. A large-scale PIC for neural network 

computations [7]. 
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To enable neuromorphic supercomputing systems with billions of neurons and trillions of synapses capable 

of general intelligence and cognition, the guiding theme from neuroscience is to construct hardware 

capable of efficient movement of information across space and time. This capability is enabled by device, 

circuit, and network attributes, which all must be considered from first principles when designing 

neuromorphic hardware. Regarding network architecture, cognition derives from the ability of many 

interconnected processing modules to rapidly share the results of their computations across large 

networks. To accomplish this extraordinary feat of communication, each node must make many 

connections to other modules to maintain a short average path length across the network so that each 

module can communicate to any other with a small number of intermediate nodes. The connections must 

be fully dedicated (an independent communication channel for every connection), so latency is minimal 

and independent of network traffic. The physics of electrical wires makes these traits impossible to achieve 

with copper interconnects, so nearly all neuromorphic systems use address-event representation (AER), 

resulting in latency that depends on network activity. With AER, latency grows with network size. Systems 

of trillions of synapses are orders of magnitude slower than biological brains. However, if light is used for 

communication, direct connections can be realized in trillion-synapse systems, because light does not 

experience wiring parasitics. The low-energy limit of optical communication is one photon per synapse 

event, achievable with single-photon detectors at each synapse (Fig. 1). Superconducting detectors are 

ideal for this purpose. They must be cooled to 4K, but the energy saved from communicating with single 

photons more than offsets the energy required for cooling. Operating at 4K also brings the tremendous 

benefit of superconducting Josephson junctions, which naturally implement analog computational 

primitives that render neural systems powerful for efficient processing and movement of information. 

These operations include thresholding and saturating nonlinearities; coincidence and sequence detection 

(Fig. 2(a)); inhibition (Fig. 2(b)); and analog multiplication and addition. Superconducting circuits also 

enable a wide range of time constants, from a few picoseconds to indefinite signal retention through 

persistent supercurrents (as used in the memory cells of Fig. 3). Movement of information across space 

and time includes information storage, so myriad memory and plasticity mechanisms are required on time 

scales from the inter-spike interval to the operational lifetime of the system. Superconducting circuits with 

a few Josephson junctions can implement short-term plasticity, spike-timing-dependent plasticity, 

homeostatic mechanisms, and three-factor learning rules for metaplasticity. With superconducting 

optoelectronic circuits, many relevant neural cell types can be realized, including thalamocortical relay 

cells, pyramidal neurons with elaborate dendritic morphology, place cells, time cells, grid cells, 

interneurons, and numerous neuromodulatory cell types. We demonstrated many of these core 

operations in hardware, including single-photon synapses with weighting, a wide range of post-synaptic 

time constants, local synaptic-weight memory cells, and dendritic coincidence/sequence detection. We 

demonstrated multiplanar optical waveguides for axonal routing, single-photon communication links, and 

superconductor-semiconductor interfaces. Analysis of the scaling of this hardware to a supercomputer 

with 10 trillion synapses reveals that such a system would occupy a volume two meters on a side and 

would consume 10 kW of power if efficient light sources can be achieved. Such a system would incorporate 

the device, circuit, and network principles of the brain while operating a million times faster. We recently 

developed a compact, phenomenological modeling framework that enables us to efficiently simulate large 

systems of these circuits on GPUs. After demonstrating synapses, dendrites, transmitters, and waveguide 

interconnection networks, our immediate next step is to construct systems of 100 neurons implementing 

energy models to solve graph partitioning problems as well as a similar-scale system for video processing 

with a small-scale version of a mammalian visual and auditory cortex. 



 

Figure 1: Measured data from superconducting optoelectronic single-photon synapses. (a) Response to one synapse event. The 
various curves show different synaptic weights. (b) Response to a train of 20 input synapse events showing the ability of the synapse 
to integrate the post-synaptic signal. (c) Burst coding, where the integrated signal depends on the number of pulses in a train. (d) 
Frequency coding, where the integrated signal depends on the frequency at which synapse events arrive. 

 

Figure 2: Experimental demonstration of operations with two synapses connected to a common dendrite. (a) Coincidence 
detection. The integrated signal is only appreciable when the two synapses receive events within a microsecond time window. This 
operation is crucial for forming grid cells as well as for spike-timing-based learning rules. (b) Inhibition. A train of synapse events 
is incident upon an excitatory synapse. The dendritic signal is temporarily suppressed after the activation of an inhibitory synapse.  

 

Figure 3: Experimental demonstration of synaptic weight updates with local memory cell. A train of synapse events is 
interspersed with potentiating and depressing pulses to the memory cell, which increase or decrease the post-synaptic response. 
Here we show eight memory levels. We also demonstrated memory cells with 400 synaptic weight levels. 
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The connections between computation in brains and machines have been topics of interest for scientists
and philosophers for generations [1]. While a large body of work is studying the lofty goal of how these
paradigms can influence each other conceptually in enabling learning and manifesting intelligence, we have
only begun to mine the connections at the systems and implementation level [2,3]. Our expeditionary research
will address this mostly untapped area, examining the relationship between biological neural circuits and
machine learning hardware and software as efficient computing platforms [4].

Our goal will be a better understanding of how similar and different the computational infrastructure
underlying these two paradigms is, and what can be deduced from one area about the other. Our work will
not be just about neuromorphic computing, the mimicking of neural tissue in hardware, but rather how we
can learn from brains in order to make machine learning algorithms, and computing systems in general,
faster, more compact, and more energy efficient.

When one examines neural tissue, one cannot but be impressed by its efficiency. At a systems level, it
has locality of reference (many neurons connect into their close-by neighbors), but also efficient long range
communication between brain regions. It has synchronous behavior on the macro level (as in brain waves)
and yet has asynchronous behavior at the micro level (neuron firing patterns). It is sparse in its connectivity
patterns, and sparse in its firing patterns. It uses prediction of context to focus the computation (by way of
inhibition) and deliver efficiency, ridiculously low power consumption, and better latency [5]. The list goes
on. All of these are topics of great interest in the area of machine learning systems (MLSys), an area devoted
to the design of better machine learning hardware and software. It is also of general interest in the design of
parallel and distributed algorithms and data structures [6].

Two recent shifts make our research timely. On the neurobiological side, for the first time, we have
access to large scale synaptic level connectivity maps of neural tissue together with neuron level recordings
of its activity (the C. elegans and Fly brains, the Microns Mouse V1 dataset, etc). Ever larger datasets
will be arriving in the coming years, including for the first time whole brain maps with recordings. On the
MLSys side, the scale of deployment of ML has moved it from the small neural networks of the past that
were easy to train and deploy, to brain scale computational systems with tens and hundreds of billions of
weights and massive computing scale. Thus, MLSys direly needs breakthroughs in systems level design, and
neurobiology is in the process of uncovering a platform that already has them.

The researchers setting out on this expeditionary project have already contributed to this budding area.
They have designed better routing algorithms and data structures based on brain connectivity [1], better
pruning algorithms, improved sparse transformer designs [7] and sparse execution algorithms both in weights
and activations [8], better understanding of the computational effectiveness of neurons in both tissue and
software, and the relations of neuronal computation to CS concepts such as hashing and cache efficiency.

Our goal is to bring research in neurobiology and ML systems together in order to push forward this
interdisciplinary agenda: to design our future computing systems based on the principles that nature has
already tested and deployed after millenia of evolutionary development.



Figure 1: Summarization of our vision
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Neuromorphic computing has roots reaching back to the infancy of digital computing [1]. Concepts 
from neuroscience gave birth to early efforts in neural networks [2], which have taken on a life of 
their own [3-7]. Spike-based neuromorphic computing has emerged from the field of neuroscience 
[8] and many modern spiking algorithms are neuroscience-inspired [9-10]. Due to their proven 
Turing completeness [11], it is known that spiking algorithms can, in principle, perform arbitrary 
computations, including anything that is computable with standard computer hardware. In this 
context, neuromorphic machine learning and AI algorithms are of particular importance due to 
their demonstrated low power consumption [12-13] relative to standard computer hardware. 
   The structure of neuromorphic computers is inherently non-von-Neumann in that neuromorphic 
computers are often analog and consist of many simple computational elements (neurons) 
connected via a massively parallel communication network. Due to this unique architecture, the 
set of mechanisms necessary for implementing neuromorphic algorithms of any sort (learning or 
otherwise) must be carefully considered and developed from the point of view of both 
computational efficiency and computational complexity (relative to standard computers). 
   Our position is that the focus of neuromorphic computing must move from the current largely 
implementational stage (as first named by David Marr [14]) to the algorithmic and computational 
stages of the information processing hierarchy. These second and third stages typically involve 
more abstract abilities for a neuromorphic circuit to control information flow, and, in particular, 
where and when (within a given circuit) processing, learning, and decision making occur. At these 
higher levels, entire modules may be invoked or suppressed at appropriate times depending on 
the processing context. 
   This change in focus not only allows for more complex neuromorphic algorithms and 
computation, but also for a modular approach to neuromorphic programming. Although new 
neuromorphic languages such as Lava [15] have been introduced to allow high-level 
neuromorphic programming, the understanding and implementation of underlying supporting 
neuronal mechanisms to allow this have struggled to keep up. 
   Neuroscience provides evidence of important mechanisms used at algorithmic and 
computational levels for the coordination of information processing in the brain. Of particular 
interest is the concept of Communication Through Coherence, first introduced by Pascal Fries in 
2005 [16]. In his work, Fries gives evidence that the brain makes use of probabilistic information 
(spike) coincidence to make decisions and gate information appropriately within the brain. Based 
on this concept, we have developed a framework for controlling information processing, including 
complex, multi-layer learning systems on neuromorphic processors [17-19]. Our framework is 
generally applicable to both digital and analog neuromorphic systems. Additionally, we have 
demonstrated that it results in low power machine learning algorithms [18-19]. 
   Our position is that, given our previous demonstrations that entire neuromorphic machine 
learning algorithms that include the ability to learn on-chip with low power may be realized [18-
19], the concept of spike coincidence as a general control mechanism for neuromorphic 
algorithms should be more fully investigated. In particular, the gating use-case of spike 
coincidence above can be extended for the rapid multiplication of matrices for attention-based 
learning mechanisms. This, and the use of network-wide broadcast of spikes for coincidence 
controlled modular interactions should be targeted for efficient, hierarchical neuromorphic 
computation. 
   We consider the further extension of these general concepts to be crucial for the scaling of 
neuromorphic algorithms to the point that they can compete with standard processors and 
programming frameworks.  
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The Case for Waferscale Neuromorphic Architecture using Asynchronous Stream Computing  
The landscape of artificial intelligence has been dramatically transformed by scaling up the depth 

and number of parameters/weights in conventional AI models. This approach of deeper and deeper models 
with ever more number of parameters/weights has been pivotal in taking conventional Artificial Neural 
Networks (ANNs) from the old days of low-depth networks, such as the perceptron which showed 
interesting behavior but was so limited that it triggered an “AI winter,”  to the first truly deep models such 
as LeNet-5 Convolutional Neural Network (CNN) to the current generative models based on transformers 
with trillions of parameters but also with “superhuman” performance on many tasks. The only major 
drawback of the conventional ANN approach is their energy inefficiency which is unsustainable in the long 
run. These conventional ANNs are inspired by biological neural networks and the brain but only in a high-
level abstract way implemented with digital circuits. In parallel with these conventional ANNs there has 
been an effort to create spiking neural networks (SNNs) which are trying to more faithfully mimic features 
of biological neural networks such as spiking behavior, spike-timing dependent plasticity (STDP), etc. 
Several commercial examples of this neuromorphic approach are TrueNorth from IBM and Loihi from 
Intel, with an extreme case in the Human Brain Project in the EU. While these neuromorphic approaches 
have showen promise it is quite cleat by now that the gap between conventional ANNs and neuromorphic 
ones is actually increasing, not decreasing as time goes by. 

We believe that neuromorphic solutions don’t need to try to faithfully mimic all biological features 
but only use some of the biologically-inspired aspects (such as the asynchronous time-domain data 
representation) while adopting the scaled-up depth and large number of parameters/weights of 
conventional ANNs. After all a plane does not flap its wings yet it arguably outperforms any biological bird.  

This position paper advocates for the implementation of waferscale ASC-based deep neuromorphic 
architectures based on Asynchronous Stream Computing (ASC), emphasizing energy efficiency, scalability, 
and performance, primarily addressing the theme of translating neuroscience-inspired principles to analog 
microelectronic circuits and secondarily focusing on performance metrics and energy efficiency. 

Central to the ASC paradigm is the encoding of information into asynchronous streams of “ones” 
and “zeros”, Fig. 1 [1]. This method captures the input signal characteristics, such as magnitude and rate of 
change, using the temporal domain for data representation. Unlike traditional digital systems, which often 
face limitations in parallelism and power consumption, ASC leverages the analog time domain to achieve 
significant energy efficiency. By employing continuous-time asynchronous sigma-delta modulators 
(ASDM), ASC generate and manipulate pulses akin to spikes that are naturally event-driven. The 
architecture features Compute-in-Memory (CiM) tiles, Fig. 2 [2], which bypass the limitations of traditional 
RRAM-based CIM solutions by eliminating the need for DAC/ADCs. This not only enhances energy 
efficiency but also reduces area and cost, making ASC a viable scalable solution for complex AI models. 

One of the most compelling advantages of waferscale ASC is its potential for unprecedented energy 
efficiency. By mimicking the energy-efficient mechanisms of biological neurons, ASC reduces the power 
consumption typically associated with digital computations. The temporal encoding of data in ASC streams 
enables fine-grained control of power and performance trade-offs, crucial for handling large-scale scientific 
models and neural network ensembles. The architecture further enhances this efficiency through a 
hierarchical programming methodology, allowing directed configuration and reconfiguration of ASC cores, 
thus optimizing computational flow and minimizing energy expenditure, Fig. 3. The scalability of ASC-
based architectures is another critical benefit. Traditional digital systems often struggle with scaling due to 
increased power and thermal issues. In contrast, waferscale ASC can accommodate extensive models on a 
single computational engine. 

The transition to waferscale neuromorphic architectures using Asynchronous Stream Computing 
will represent a significant leap forward in AI neuromorphic hardware acceleration. By harnessing the 
principles of neuroscience and translating them into analog time-domain microelectronic circuits, ASC-
based architectures offer a path to scalable, energy-efficient, and high-performance AI systems, overcoming 
the limitations of current SNNs and conventional digital solutions. 
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Fig. 1 Asynchronous Stream Computing (ASC) data representation 
 

 
Fig. 2 Compute-in-Memory (CiM) tile using ASC 

 
 

Fig. 3 Hierarchical reconfigurable waferscale neuromorphic ASC architecture 
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A typical mammalian neuron maintains parallel physical contact with ~10,000 other neurons. It is widely 
recognized that photonic interconnects could achieve such high (parallel) connectivity because of their 
massive wavelength-multiplexing-based parallelism and support for near-dissipation-free optical signal 
propagation [1]. Despite these advantages, however, no prototype of photonic interconnects has yet 
demonstrated even 5% of the required neuromorphic connectivity (~500 spatially parallel optical 
connections). Here, we summarize the challenges and opportunities the neuromorphic photonic 
interconnects research faces, and the future directions that could be taken, to meet this yet-elusive goal of 
realizing high neuromorphic connectivity. 
 

Shortcomings and Challenges. Researchers have explored several different approaches for realizing 
photonic interconnects for neuromorphic connectivity. Among these, the most popular approach is to use 
integrated photonics. Using integrated photonics to realize interconnects offers compactness and energy 
efficiency. However, this approach faces the following shortcomings. (1) Lack of scalable, multi-
wavelength, on-chip light sources. Recent advancements have enabled the realization of on-chip-
integration-feasible optical comb sources that can provide up to 500 optical wavelength channels over the 
spectral span of ~ 200 nm across the O band or the C and L bands [2]. But 500 wavelength channels are 
insufficient, as they can barely cover 5% of the required connectivity of ~10,000 contacts per neuron. (2) 
Small free spectral range for wavelength multiplexing. The most common approach for realizing the 
required multiplexing and other optical signal manipulations (e.g., routing to realize flexible fan-in, and 
synaptic weighting) is to employ wavelength-selective active resonant devices. However, the most practical 
devices have a free spectral range of <35 nm, which is very small compared to the 200 nm spectral range 
available for exploitation through optical comb sources. (3) Low dependability of wavelength-selective 
devices. The wavelength-selective resonant devices typically employed in photonic interconnects show 
high device-to-device and chip-to-chip variability and high susceptibility to on-chip temperature gradients 
[3]. This keeps them from being useful for realizing scalable connectivity. (4) Unknown power handling 
limits of active devices. Most commonly used materials for realizing photonic interconnects (e.g., III-V, 
silicon, germanium, lithium niobate) exhibit multiple optical nonlinear effects. These nonlinear effects often 
compete in the active resonant devices made of these materials, inducing instability and/or metastability in 
the devices for specific values of resonance detuning, quality factors, and input optical power [4]. This 
effect is likely to limit the achievable connectivity to a few tens of optical signals per neuron [5]. (5) Optical 
losses versus electro-optic activity trade-off. Most electro-optically active devices, which are required in 
photonic interconnects for realizing essential optical signal manipulations (e.g., routing, synaptic 
weighting), exhibit moderate-to-high optical losses. The fundamental problem is the presence of a trade-
off between electro-optic activity and optical signal losses in the materials employed for realizing these 
devices. For instance, silicon nitride-based devices exhibit low optical losses [6]. But they lack electro-
optic activity [7], [8]. 
 

Opportunities and Future Research Directions. Prospects for integrated photonic interconnects are not 
all gloomy though. Opportunities exist for high-impact, transformative research (1) to design low-area, 
high-efficiency, and low-latency photonic resonant devices with very-large-FSR [9] or FSR-free [10], [11] 
operations, to consequently enable efficient and full use of the comb sources’ available spectral range of 
200 nm, (2) to innovate for realizing highly stable yet wavelength-selective resonant devices with massive 
fan-in, (3) to forge new designs of slow-light modulators [12], [13] to achieve dependable performance for 
low-overhead, on-chip light manipulation, and (4) to enable efficient use of optical mode division 
multiplexing [14], [15], [16] to multiply homodyne fan-in for realizing massive connectivity.  
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Overview. Biological brains exhibit remarkable properties that artificial neural networks have yet
to fully emulate. These include adaptive learning rates, self-organized learning, efficient inhibition
mechanisms, and the ability to learn continuously from a stream of data without catastrophic
forgetting (cf. Figure 1). Understanding and implementing these bio-inspired features in artificial
neural networks could potentially lead to more robust, efficient, and adaptable AI systems.

This whitepaper highlights several remarkable differences between learning mechanisms in the
traditional artificial neural networks and biological neural networks. It proposes several potential
avenues for bringing the bio-inspired learning to artificial networks. The proposed learning ap-
proaches have potential to synergize with the neuromorphic hardware, due to its similarity with
biological networks. However, their application can be also explored with the traditional Deep
Learning (DL) architectures to workaround their limitations and further advance the field of arti-
ficial intelligence in general.
Adaptive Learning Rate Adjustment. Biological brains are able to adjust their learning
rates based on either the current prediction error or based on received rewards/punishments [2].
These learning rate adjustments are mediated by neurotransmitters and allow animals to quickly
incorporate new information into the world model and reinforce rewarding behaviors. The release
of neurotransmitters is controlled by the brain itself. That is, the brain can adjust its learning
rate depending on the sensory inputs and its internal state. Similar bio-inspired learning rate
adjustment algorithms can be explored for Artificial Neural Networks (ANNs) as means of more
efficient learning, or as alternative strategies for Reinforcement Learning.
Self-Organized Learning. Unlike the traditional Deep Learning models trained by backpropa-
gation of errors, biological brains present a completely different, self-organized learning mode [3, 1].
There are no computational graphs built in animal brains. There is no central agent that syn-
chronizes computations layer by layer. There is no global optimizer that updates neuron weights.
In biological brains, each neuron is an independent unit. Each neuron chooses when to propagate
information. Each neuron learns independently by locally interacting with its neighbors. There
are no explicit training/inference modes in the brain. Instead, a brain is able to learn continuously
just by observing a stream of data. Animal brains have a remarkable ability to learn new modal-
ities of data, and apparently do not suffer from catastrophic forgetting. The high adaptability of
self-organized learning indicates that such learning has enormous potential for ANNs.
Adaptive Self-Inhibition. Biological brains are capable of selectively inhibiting a large fraction
of neurons with the help of a special class of GABAergic neurons [1]. This inhibition mechanism
allows the brain to save energy by avoiding useless computations. It also regulates self-organizing
learning, distributing the computations evenly across the neighboring neurons, allowing them to
learn different features from the data. The use of adaptive inhibition mechanisms holds potential
to improve the energy efficiency of ANNs and sparsify their activations.
Impact. To illustrate potential applications, a conventionally pre-trained large language model
(LLM) can be endowed with a self-organized learning mode. This will allow the LLM to continue
to learn by simply interacting with users and environment, similar to a biological brain. Next, to
make this model multi-modal, one can just inject image tokens (from a pre-trained image encoder)
into the stream of text. The high adaptability of self-organized learning will allow the LLM to
learn to align image representations to the LLM’s world model and use new image data efficiently.
Moreover, since the computational requirements of self-organized learning match requirements of
a model’s forward pass, the whole training could be done on a single GPU.
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Figure 1: Some of the differences between Deep Learning and learning in Biological Brains.
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One of the most significant challenges in processing streaming data generated from sensors, 

such as radar, multi-hyperspectral, or RGB frame-based cameras, is the sheer amount of data to be 

analyzed. Even dynamic vision sensor (DVS) can generate a stream of data that is overwhelming for 

machine learning systems. Data sampling or techniques in data reduction, which can incur information 

loss, are applied to mitigate and accommodate the hardware resources available for the tasks in 

terms of memory, processing, latency, and power consumption. Biological neural systems naturally 

ingest and process massive amounts of data efficiently.  In modeling and simulating neuromorphic 

systems, spiking autoencoder architectures can compress temporal data, enabling a system that can 

process large amounts of sensor signals and seamlessly integrate with other computing frameworks, 

considering all the signal data produced by the sensors. 

For this purpose, we propose using spike autoencoders (SAE) to encode and represent data. 

Figure1 shows the results of the spike autoencoder on the MNIST and CIFAR-10 datasets. In 

contrast, Figure 2 shows that the results obtained by the proposed method on the CIFAR-10 dataset 

achieve better Frechet Inception Distance (FID) and Inception Score (IS) scores than in [1].  

Moreover,  Figure 3 shows SAE applied to Frequency-Modulated Continuous Wave (FMCW) radar 

data, demonstrating the capability to learn representation, irrespective of sensor signal type. 

Autoencoders intrinsically compress input signals into the latent space dimension, representing a 

spatial compression space used for further downstream applications such as recognition or 

detection. To achieve a compressed temporal representation, we explore the temporal nature of 

SNNs.  Figure 4 shows the basic concept.  At training, we repeat the input 𝑛 times for the SAE to 

learn to reproduce the signal, while at inference, the system will ingest the signal as it comes, whereas 

the output of the SAE depends on the temporal sequence of the stream of data. For conceptual 

purposes, Figure 5 depicts this effect on the MNIST samples, showing a sequence of 10 inputs from 

left to right, the average image < 𝑖(𝑡) > of these inputs, and then the sequence of 10 outputs of the 

SAE 𝐴𝐸(𝑖(𝑡)).  There are two opposing sequences for each digit, showing the temporal dependency 

of the output signal. This can be attributed to a memory effect due to the stateful nature of the 

integrate and fire neural model.  Figure 6 shows an example of applying the scheme on a sequence of 

radar data cubes. It shows the last range-Doppler radar cube from a sequence that contained 192 

cubes and compressed to 24 cubes, thus an 8x factor.   

To evaluate the quality of the compressed temporal representation, we applied the scheme 

to the Soli radar hand gesture dataset [2]. We compressed each gesture sequence of range-Doppler 

data and applied a convolution spiking neural network, achieving SOTA accuracy rates >99% using all 

available channels of the dataset.  While the compressed latent space of the SAE can be used for the 

downstream application tasks, using the compressed temporal representation output reconstructs 

the physical dimensionality of the signal, i.e., range-Doppler for radar, spectrum values for multi-

hyperspectral data or accumulated events from DVS frames. This scheme has several advantages, such 

as compatibility, as it allows for seamless integration with previous or legacy systems. For example, 

any post-processing or previous machine learning systems can continue to be compatible with the 

data stream.  Second, modularity, as any changes or updates done on the SAE module, will not impact 

the other modules.  Finally, flexibility, as the system does not require end-to-end training, an update 

on the SAE does not imply a need to re-train any other machine learning algorithms used after this 

module and the other way around.  

This position paper addresses theme 3, modeling and simulation approaches. We hope to 

contribute to the scalable integration thrust. We demonstrate a scheme in which neuromorphic 

computing processes massive amounts of streaming data generated by sensor devices while 

proposing an architecture that allows seamless integration with other modules and computing 

frameworks.



 
Figure1 Spiking Autoencoder on MNIST and CIFAR-10 

 
Figure 2 Reconstruction quality metrics for CIFAR-10

Figure 3 Reconstruction of FMCW range-Doppler data on different azimuths

        
Figure 4 Exploring SNN temporal nature for compression.  

 
Figure 5 Sequence of input and output from a MNIST SAE   

 

 

 
Figure 6 Compressed temporal representation on radar signal 
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Challenges: The rapid growth of AI and ML for science and the increasing demand for computing power 

will only exacerbate in the next five years. Memory walls and limitations of current AI chip packaging 

remain serious challenges. Novel technologies such as neuromorphic computing and chiplets are poised to 

become adopted solutions to address these barriers, but they have remained separated, rather than 

considered together as a unified solution approach. Indeed, neuromorphic systems have largely remained 

homogeneous monoliths that are only inspired by mammalian cortex, rather than having heterogeneous 

modularity that is inspired by the full armamentarium of neurobiology that includes small organisms. 

Moreover, design tools and methodologies are seriously lagging to leverage these technologies. Further, 

current neuromorphic systems have yet to demonstrate the cognitive functionality of mainstream AI 

methods (e.g., deep nets) or the energy efficiency of the brain. Existing approaches do not fully embrace 

the notion of co-design and co-optimization across the different layers of the system design hierarchy, 

which is needed to achieve neuromorphic systems that can tackle real-world problems, especially AI for 

science. Function disaggregation which allows architecting an integrated circuit (IC) from a system on 

chip (SOC) to a chiplet-based system in package (SiP) is currently performed ad hoc. There is no 

established methodology for optimization to help determine how many separate chiplets should be used to 

meet specifications. Once the chiplet design landscape becomes more democratized, there will be more 

choices from different vendors which will make disaggregation more chaotic. 

Opportunity: To implement future computing systems with advanced nodes, the semiconductor 

community is shifting from traditional monolithic approaches due to inevitable physical constraints of 

Dennard scaling in semiconductor devices. Instead, the multi-chip (“chiplets”) approach [1–3] is gaining 

momentum and support from chip foundries, IP vendors, assemblers, and testers due to its multi-fold 

advantages such as high yield, low wafer cost, decreased time-to-market, and more. On top of that, 

advanced packaging technologies for 2.5D, 3D (stacking) ICs such as Intel’s Foveros [4] or TSMC’s 

CoWoS [5] enable more complicated design methodologies at the chip level, give the designers more 

flexibility but also blur the boundary between chip and package design. The highly-efficient anatomical 

and functional neurobiologies of small organisms such as Caenorhabditis elegans, Megaphragma 

mymaripenne, Ciona intestinalis, and Heterodera glycines are becoming better understood [6-9], so as to 

inspire basic worm, microwasp, and tunicate chiplets that can be assembled together. There are maturing 

nanoscale neuro-primitives based on CMOS-integrable emerging materials, like magnetics, ferroelectrics, 

and 2D materials, with advanced functionalities such as non-volatility, fusion of logic and memory, 

reconfigurability, and ability to replicate brain dynamics.  

Timeliness or maturity: There is a massive energy-capability performance gap between neurobiology 

and current information processing systems. We therefore argue that it is imperative that new computer 

architecture and system-level integration be implemented soon. We believe there is need for a 

multidisciplinarity that will enable artificial general intelligence (AGI)-capable chips that comprise 

chiplets inspired by not just mammalian neocortex but also small-organism-neurobiology, and use novel 

physics in beyond-silicon materials that can be harnessed for computing purposes. These must be coupled 

with heterogeneous integration. Strong collaboration will be needed, using co-design methods that 

encompass cross-layer (materials, devices, circuits, systems), multiple domain (analog, mixed-signal, 

digital), multi-physics (electrical, thermal, mechanical, optical), and diverse neuroscience. A viable 

approach to research would consist of: (1) Exploring neurobiology-driven algorithms and hardware 

software co-design methodologies; (2) Modeling intelligent materials and devices; (3) Designing scalable 

circuit macros and architectures; (4) Integrating heterogeneous components and chiplets at the system 

level. In summary, the goal is to use neural design principles with rigorous information-theoretic 

foundations and materials-to-systems approach to overcoming the longstanding speed, energy, and 

cognitive capability limitations of today’s AI hardware for scientific discovery. 
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Enabling scalable neuromorphic systems with error-aware simulation frameworks

Biological neural systems that orchestrate diverse modalities of neurons and synapses demon-
strate high efficiency of cognitive processing. However, emulating the underlying computation
of biological neural systems using analog device/circuit primitives and non-von Neumann ar-
chitectures encounters the challenge of accuracy loss because of analog errors from hardware
non-idealities. As of today, while neuromorphic hardware primitives have shown promising
results at small-scale tasks such as MNIST hand-written digit classifications [6, 5, 4], imple-
menting neuromorphic systems for large-scale complex applications remains challenging. We
envision that one of the critical characteristics for effective large-scale simulation of neuromor-
phic systems is understanding the implication of hardware errors and the related
design space that comprises error-aware hardware heterogeneity and optimizing the trade-off
between functional accuracy and hardware efficiency.

In this position paper, we focus on Theme-3:Modeling and simulation approaches,
and identify crucial topics on developing error-aware neuromorphic circuits and systems for
enabling scalable neuromorphic computing. The scalability metrics include model sizes
(number of parameters) and input sizes (ranging from MNIST to CIFAR-10 and ImageNet).
As summarized in Fig.1, such developments inherently embody hardware-software co-design,
calling for research efforts across the stack from customizing analog device/circuit designs to
developing robust and efficient neuro-inspired algorithms.

First, it is imperative to develop a methodology with suitable metrics to analyze error
sensitivity for given algorithm-level workloads. For example, circuit-level metrics can be
the normalized difference between ideal and non-ideal voltage/current, while system-level
metrics can be loss of inference accuracy. We will then use the metrics to profile the impacts of
error on different parts of a workload. Generic perturbation-based sensitivity or saliency-based
evaluation can be developed to quantify the impacts of errors on various portions of an algorithm
[7, 10, 3]. Such workload analysis will be instrumental in partitioning high-level workloads at
different granularity when implementing a system with inhomogeneous error resiliency [8]. For
example, synaptic crossbar arrays with higher bits per cell achieve high storage density but
suffer more from device/circuit variations. Hence, the most (least) sensitive portion of the
workload may choose single- (multi-) bit representations of weight storage.

Next, to characterize the realistic behavior of neuro-inspired computing primitives, we will
develop technology-aware simulations of devices/circuits based on measurement and simulation
data (related to Theme-2 on analog circuits). Both analytical and data-driven machine
learning (ML) based models can be employed to emulate the device/circuit behaviors. It is
important to note that while analytical solvers are the standard approach, ML-based emulators
informed with underlying physics can potentially speed up the overall process while achieving
satisfactory accuracy, circumventing excessive device-level or SPICE simulations [1, 2].

Moreover, the error-efficiency trade-off of neuromorphic architecture will be investigated as
a part of the co-design framework. Leveraging the algorithmic robustness in neuro-inspired
computing models, architecture-dependent simulations need to quantify the hardware efficiency
and accuracy of the non-ideal circuits and devices at varying magnitudes of analog errors[9].
Conceptually, the analog error becomes a tunable knob to achieve a balanced performance in
a heterogeneous system with reconfigurable building blocks. Quantifying the response of the
neuromorphic system to errors helps bridge the gap between the device/circuit error character-
ization and the design of robust and efficient systems.

Finally, we envision that the cross-layer co-design of large-scale neuromorphic computing
systems will also incorporate optimizing the algorithm-level neuro-inspired models with the
awareness of analog errors. A likely scenario is that the erroneous hardware primitives will
prefer a different algorithm design point than the ideal hardware. Exemplary differences include
deep versus wide neural network topologies, or sparse versus dense weight matrices. Since the
device/circuit errors impact the functional accuracy and are possibly linked with hardware
efficiency, reinforcement learning-based automated network architecture search (NAS) will be
implemented to cope with the ample design space.



Figure 1: Overview of the error-aware framework for developing scalable neuro-computing
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More is different, and large-scale simula8on brings along many challenges that are easily 
overlooked at the smaller scales [1]. For scalable integra8on, there is a cri8cal need to develop 
simula8on tools to be parallelized and distributed from the ground up, rather than aKemp8ng to modify 
exis8ng serial or single-node solu8ons directly. Considering the distributed nature of neuromorphic 
compu8ng, suppor8ng data structures and algorithms should incorporate lessons on data locality, 
memory efficiency, and minimiza8on of data movement during run8me, but also remain flexible to 
incorpora8ng the levels of biological detail required for algorithm explora8on and co-design. 

Although many frameworks, libraries, and tools currently exist in the neuromorphic compu8ng 
ecosystem [2, 3, 4, 5, 6], there has not been widespread adop8on of any par8cular approach analogous 
to libraries like PyTorch for deep learning [7]. This posi8on paper encourages the development of an 
“industry standard” specifica8on for defining, construc8ng, and simula8ng neural networks at scale. 
Ideally, this would be split between a rela8vely intui8ve set of graph-like abstrac8ons (coming close to 
being a domain specific language) for a user to fric8onlessly convert ideas to code, and a rela8vely 
performant and scalable implementa8on (i.e. parallel, distributed, poten8ally streaming). 

An illustra8ve example of this need from a recent hippocampal simula8on paper [8], was that 
although the network (5.3 million neurons and 40 billion synapses) used the popular NEST simulator [9], 
the authors reported that network construc8on nevertheless took 240 hours and required the custom 
paralleliza8on of the genera8on script. We envision that an effort around scalable tooling will do more 
than just accelerate the construc8on of networks, but ideally also support model sharing, modifica8on, 
and debugging, bringing neuromorphic compu8ng modeling closer in maturity to integrated SoC design. 
Here, usability metrics such as the ease and efficiency of programmability also become important. 

Of course, this will require the considera8on of many compe8ng design specifica8ons and trade-
offs. Taking inspira8on from exis8ng tools, we offer the following desiderata: The language (or data 
object) used to define a network should be compressed where possible (such as in the case of 
procedural connec8ons, or duplicated structures), but also allow for uncompressed components (such as 
in the case of user-defined arbitrary connec8ons). One of the key programming abstrac8ons that should 
be incorporated is a method to virtualize or group (sub)sets of neurons w.r.t. to their concrete 
instan8a8ons, essen8ally providing a level of indirec8on that would allow for more flexible ways of 
construc8ng the connec8ons between neurons. Another useful abstrac8on is to allow for hierarchical 
structure. Although this is oeen implemented at a neural popula8on level, it should also be possible to 
define connec8ons hierarchically (e.g. connec8ng two higher-level popula8ons should resolve to 
connec8ng their lower-level neurons). At an implementa8on level, we expect these abstrac8ons to 
involve mul8ple methods for indexing (e.g. par88oned global, local, virtual). 

Beyond just the network defini8ons, other issues are how to handle or configure I/O, recording 
spikes and state informa8on, and how to embed the network within poten8al experimental setups (e.g. 
training, tes8ng, parameter sweeps, batch, interac8ve, real-8me, etc.). Here, another key considera8on 
is the ease of mapping networks onto hardware (in addi8on to providing a reference simula8on). A 
major challenge of hardware is that oeen8mes there will need to be modifica8ons to the canonical or 
reference network, for example, when certain nodes exceed hardware limita8ons in fan-in/out or certain 
connec8ons exceed delay limita8ons [10, 11]. These steps will necessarily modify both the structure and 
states of the reference network, poten8ally resul8ng in divergent computa8on. In addi8on to a par88on-
based implementa8on (which benefits both HPC and neuromorphic plahorms), we also expect 
advantages to having an intermediate representa8on that enables reversible modifica8on to the 
network as it undergoes hardware-specific repar88oning and mapping. 



 

 
Figure: Conceptualized example of using a neuromorphic modeling library to develop a network with hierarchically 
nested structure, virtual connec>ons (do@ed lines), duplicated structure and recurrent connec>ons (popula>on 2), 

complex neuron types, mul>ple connec>on types, network snapshots, and swappable components (in code). 
 
References: 
[1] F. Wang, S. Kulkarni, B. Theilman, F. Rothganger, C. Schuman, S.-H. Lim, and J. B. Aimone, “Scaling neural 
simulaEons in STACS,” Neuromorphic Compu>ng and Engineering, vol. 4, no. 2, p. 024002, 2024. 
[2] J. B. Aimone, W. Severa, and C. M. Vineyard, “Composing neural algorithms with Fugu,” in Proceedings of the 
Interna>onal Conference on Neuromorphic Systems (ICONS), p. 3, 2019. 
[3] Intel Labs, “Lava: A soUware framework for neuromorphic compuEng,” h@ps://lava-nc.org, 2024. 
[4] A. Davison, D. Brüderle, J. Eppler, J. Kremkow, E. Muller, D. Pecevski, L. Perrinet, and P. Yger, “PyNN: a common 
interface for neuronal network simulators,” Fron>ers in Neuroinforma>cs, vol. 2, 2009. 
[5] E. Yavuz, J. Turner, and T. Nowotny, “GeNN: a code generaEon framework for accelerated brain simulaEons. 
ScienEfic Reports 6, p. 18854, 2016. 
[6] M. SEmberg, R. Brece, and D.F.M. Goodman, “Brian 2, an intuiEve and efficient neural simulator,” eLife vol. 8, p. 
e47314, 2019. 
[7] A. Paszke et al. “PyTorch: An ImperaEve Style, High-Performance Deep Learning Library,” arXiv, p. 1912.01703, 
2019. 
[8] D. Gandolfi, J. Mapelli, S.M.G. Solinas, P. Triebkorn, E. D’Angelo, V. Jirsa, and M. Migliore, “Full-scale scaffold 
model of the human hippocampus CA1 area,” Nature Computa>onal Science, pp. 1–13, 2023. 
[9] M.-O. GewalEg and M. Diesmann, “NEST (Neural SimulaEon Tool),” Scholarpedia, vol. 2, no. 4, p.1430, 2007. 
[10] M. Davies et al., “Loihi: A Neuromorphic Manycore Processor with On-Chip Learning,” IEEE Micro, vol. 38, no. 
1, pp. 82-99, 2018. 
[11] S.B. Furber et al., “Overview of the spinnaker system architecture,” IEEE Transac>ons on Computers, vol. 62, 
no. 12, pp. 2454–2467, 2013. 



Exploiting Brain-Scale Computing Through a Memristor Based Bio-Inspired Analog Architecture
Chris Yakopcic, Shahanur Alam, and Tarek M. Taha

University of Dayton



Exploiting Brain-Scale Computing Through a Memristor Based Bio-Inspired Analog Architecture 
Chris Yakopcic, Shahanur Alam, Tarek M. Taha 

Introduction: The traditional digital approach to computer processing leads a path to looped, bit-wise, 
multiply-adds, and an inevitable memory bottleneck, well before brain-scale computing is achieved. Thus, 
we present our memristor-based SNN neuromorphic system, and how this design has the potential to 
yield extreme gains in energy and compute efficiency when compared to traditional CPUs. The following 
are the key aspects of our system that most significantly impact of our ability to complete extreme low 
SWaP (Size, Weight, and Power) neuromorphic processing. 
Large Scale Analog Computation: Synaptic density is a key contributor to overall system efficiency. 
However, many operations in neuromorphic applications require large sparse matrices. Thus, there is a 
mismatch between the concept of an ultra-high-density crossbar, and a synaptic weight matrix that 
contains mostly zeros. An abundance of zero multiplies results in a lot of wasted computation elements, 
and unnecessary analog noise. Thus, in our system we employ multilayer 3D crossbars (Fig. 1), reducing 
the number of elements needed in a single x-y crossbar grid, also reducing wire resistance and detrimental 
parasitic effects. Cross points in our 3D crossbar are staggered between layers, so input data streams can 
be routed to different layers to achieve desired sparsity, without sacrificing chip area and SNR. 
Biologically Accurate Analog Data Propagation: To accurately model biological processes, it is 
important to have spiking neuron circuits (Figs. 2,3) be the output of the 3D memristor crossbars. Key 
benefits of spiking neurons are the dramatically lower communications costs and the elimination of 
power-hungry analog to digital converter circuits. Our capacitive accumulation approach allows for the 
time integration and leakage characteristics needed at low area and energy overheads. Our analysis has 
shown that the Izhikevich [1] neuron model would be the best model to emulate in the neuron circuits, 
given its flexibility and biological accuracy. We have already shown that reworking traditional algorithms 
in spiking form leads to great gains in efficiency [2], and this flexible neuron allows for many different 
algorithm-to-neuron mapping options. 
Spike Time Driven On-Chip Learning: On-chip learning is an inevitable necessity of neuromorphic 
hardware. Based on our previous work in this area [3], we use analog processes to transmit weight update 
amounts to the correct layers. Non-binary weight updates are achieved by scaling both pulse width and 
voltage magnitude for high resolution trainability. Given that system uses spiking neurons exclusively, 
STDP is used to generate weight update amounts. The use of STDP provides us with simplicity and 
efficiency, compared to traditional back propagation, where we would be required to store high resolution 
values for both input and outputs of the activation function to determine gradients for weight updates [3].  
Physically Accurate Large-Scale Circuit Simulation: Based on our previous work in physical 
modeling of memristor based neuromorphic systems [4], we developed a multilevel approach for 
simulating this neuromorphic system at a large scale. This involves physical modeling at the device level 
for the memristor arrays (Fig. 4). We use SPICE to evaluate bio-inspired neurons (Fig. 3), and MATLAB 
scripts that capture wire resistance and multilayer data propagation. We also use a software-in-the-loop 
approach [3] where MATLAB initiates SPICE calls so that intricacies of spiking neurons can be captured 
over the course of larger input data streams. Fast simulations of larger memristor arrays, we developed a 
fast simulation approach that can reduce the time to simulate a 256×256 crossbar circuit in SPICE from 
over 10 hours down to less than 2s [5] with 99.9% accuracy (Fig 5). 
System Simulation Using Loihi Array: While we have future plans to translate our neuromorphic 
system to silicon, analog chip design is extremely costly and time consuming. Prior to designing the full 
analog circuits, we are working on simulating a large collection of neuronal circuits modeling brain 
activity. Our extensive experience [2,6] with the Intel Loihi processor has convinced us that this is a great 
platform for such modeling. The Loihi can model a large collection of neuron types, supports STDP 
learning, and can easily scale to a biological level through a large collection of Loihi chips. 
Conclusion: In the future we plan to demonstrate through simulation, that our proposed neuromorphic 
system is capable of extreme low SWaP processing with real time input data streams. This will allow us 
to perform large scale benchmarking and system comparison, quantifiably demonstrating the necessity of 
a brain-scale system. 
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Fig. 1. 3D memristor array structure provides more input
mapping flexibility, and is a better match for sparse weight
matrices. Memristor array volume allows for a reduction of
cross points per layer without compromising synaptic
density, and reduces sneak currents and parasitic effects.

Fig. 2. Analog neuron analyzed in [7], proposed in [8].

Fig. 3. Simulation of analog neuron in Fig. 2, small
scale SPICE simulation, and large scale MATLAB
simulation [7].

Fig. 4. Example of memristor model [4] capable of
automatically deriving an IV curve based on input
characterization data, where model is an average
representation of multiple input IV sweeps.
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Fig. 5. Voltage potential across all memristors in a 300 by 300 crossbar, obtained through SPICE simulations, and
the proposed MATLAB framework based simulations, with virtually a perfect match.
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The forgotten chemical connectome: how to implement a neuro-
modulatory system and why should we care about it
Angel Yanguas-Gil (Email: ayg@anl.gov), Jeffrey W. Elam, Argonne National Laboratory

Why neuromodulation and why it matters
The costs of computing and data movement in biological systems explain many of the attributes of
the brain: 1) local computing is cheap, done primarily via chemistry: this leads to complex stateful
neurons and gap junctions for local computing; 2) moving data far and fast is expensive: this leads
to spiking neurons in larger brains; 3) broadcasting of signals is cheap, using passive diffusion or
relying on the circulatory system: this leads to neuromodulators. The connectionist approach is
based on constraints #1 and #2. In contrast, #3 has been comparatively ignored.

Neuromodulation is a key building block of the brain that enables unique functionality. The
so called chemical connectome is pervasive across species. From a functional perspective, one
of the key enabling features is providing a conceptual framework to build top-down mediated
multifunctional networks, where the specific functionality is modulated based on a global context.
Recently, we adapted neuromodulatory design principles found in the olfactive system of insects
to design compact, multifunctional networks whose functionality is dictated by top-down inputs
(Figure 1). Network size was further reduced by implementing deep task learning, where a larger
number of tasks is projected into a smaller dimensional space of neuromodulators. This further
provides a simple way of building complex recurrent systems on top of these networks to process
complex data streams via coupling to state machines.

The challenge of implementing modulatory systems in neuromorphic systems
There are essentially three approaches to implement modulatory systems in hardware:

The first option is expanding current spike routing approaches in digital implementations.
While currently we are exploring AI testbeds at ALCF to test the mapping of neuromorphic archi-
tectures to highly distributed systems, this approach is likely to lead to slow systems performing
at sub MHz range, similar to neuromorphic chips such as Loihi or TrueNorth.

A second option is to leverage existing microfluidics approaches to use molecules as neuro-
modulators. Setting aside the challenge of having reservoirs, the need to find orthogonal chemistries
to achieve the desired selectivity and the right surface chemistry to control the residence time of
adsorbed species, preliminary calculations of transport of molecules inside microfluidic channels
lead to rates that are comparable to those of biological systems (i.e. kHz range). Some of the
surface chemistry challenges can be addressed using techniques such as atomic layer deposition,
which would allow to design surface with the desired reactivity, as shown in our prior research.

A third route is to use other physical channels, such as EM fields. In the case of photonic
devices, two key differences between this and prior approaches is that modulatory systems do not
require point-to-point connectivity nor require the ability to operate with multiple wavelengths. We
can address sensing selectivity through the use of photonic structures tailored to act as selective
reflectors or absorbers, as shown in Figure 2. As before, we can use high precision manufacturing
techniques such as ALD to create patterned multilayered structures with the right optical properties
or to functionalize already patterned structures to control selectivity. This is something we have
done in the past in the context of selective solar absorbers.

Conclusions
Modulatory systems can greatly expand the capabilities of existing neural networks. Regardless
of the proposed approach, there are still fundamental challenges that need to be overcome from a
computing, simulation, and fabrication perspectives.. Finally, we need a deeper understanding of
the fundamentals of modulation and their role in the brain.
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Figure 1: Expanding conventional neural networks with neuromodulatory interactions provides
a straightforward approach to the design of compact networks capable of doing multiple tasks.
Application of this method to classification tasks (MNIST in this example) leads to networks
capable of identifying any digit depending on the top-down context that are 60% smaller than the
original networks without any loss of accuracy. We have used these networks as building blocks of
more complex tasks, mimicking how neuromodulators drive the antennal lobe of insects towards
specific tasks based on top-down contextual information

Figure 2: Using physics simulation tools such as meep and synthesis methods such as atomic layer
deposition we can design photonic layers with highly tailored optical properties. These can be used
to provide the selectivity required to fabricate modulatory systems based on photonic architectures.
A key difference with neuromorphic photonic approaches is that information is broadcasted across
large areas, circumventing limitations related to the large size of photonic elements, since a single
photodetector can serve a large section of a chip.
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1.  Challenges  
For many decades, there have been world-wide efforts to design and realize a brain-like flexible learning 

system of similar capability, comparable power consumption, and compact size as the human brain.  While 
the software and algorithms for machine learning (ML) and artificial intelligence (AI) have advanced 
remarkably, the actual ML and AI hardware systems lagged significantly compared to the brain in terms of 
its flexible learning capability and its size, weight, and power.  The human brain, in contrast, is capable of 
remarkably fast learning in a manner that is flexible and enables generalization to new situations and tasks, 
and it does so with a remarkably low level of energy consumption relative to traditional computational 
hardware.  To address the failures of previous efforts in reverse-engineering the brain, we identify four 
fundamental scientific and technological “Gaps” summarized in Table 1[1], [2]. 

2. Four Gaps, Four Hypotheses, and Four Objectives in Neuromorphic Computing 
Table 1. Possible four ‘Gaps’ commonly seen in the previous neuromorphic computing research activities, and the corresponding 
Hypotheses and the Objectives of the Brain-derived methods for neuromorphic computing . 

Gap 1: Lack of understanding of the principles of learning, plasticity, and dynamics in the context of networked neurons with 
structured connectivity 
Hypothesis 1: Human-level intelligence emerges through dynamic networked interactions between multiple specialized brain 
systems with structured and efficient large-scale hardware connectivity. 
Objective 1:  Develop a comprehensive simulator and build a novel neuromorphic computing prototype system that incorporates 
insights from cutting-edge modeling and experiments about synaptic plasticity, network dynamics, and learning in cortical circuits, 
and fundamental attributes of human learning and memory. In reverse, utilize the prototype system to understand the brain. 

Gap 2: Lack of methods to realize neuromorphic dynamics in bio-derived materials 
Hypothesis 2: Conventional electronic materials such as silicon are unable to faithfully replicate the dynamicity driven by ions, 
molecules, and structural changes in the dendrites, synapses, and somas. 
Objective 2: Pursue new photonic, electronic, and ionic memristive materials that can closely resemble the dynamic mechanisms 
responsible in the biological neural systems.  
Gap 3: Lack of methods to realize brain-derived neuromorphic devices 
Hypothesis 3: Conventional electronic devices such as CMOS transistors and electrical wires are unable to faithfully replicate the 
dynamicity seen in the dendrites, synapses, and somas. 
Objective 3: Pursue new photonic, electronic, and ionic memristive devices that can closely resemble the dynamic mechanisms 
seen in the biological neural systems.  
Gap 4: Lack of scalable and energy-efficient interconnecting circuits for brain-like hierarchical learning 
Hypothesis 4: Current (analog) electronic approaches are unable to achieve the connectivity (e.g. ~8000 synaptic connections per 
neuron) at scale (e.g. billions of neurons) limited by electronic wirings. 
Objective 4: Pursue 3D photonic-electronic integrated circuits that offer high density and high connectivity with extreme efficiency 
at scale while supporting hierarchical learning in optical macro-circuits and electronic micro-circuits. We will conduct simulation 
and experimental testbed studies. 

3. Brain-Derived Neuromorphic Computing with 3D photonic-electronic-ionic integrated circuits  
We propose to pursue Brain-Derived rather than Brain-Inspired neuromorphic computing that addresses 

the four Gaps of Table 1 and exploiting the new direction depicted in Figure 1.  The new 3D Nanoscale 
Photonic-Electronic-Ionic neuromorphic computing pursues new material, device, circuit, and system 
capabilities of co-designed 3D photonic and electronic integrated circuits (3D EPICs) designed for 
hierarchical learning.  As Figure 2 illustrates, the proposed 3D nanoscale photonic-electronic integrated 
circuits for hierarchical neuromorphic computing consisting of photonic neuromorphic computing circuits 
and electronic/ionic neuromorphic integrated circuits [3], [4]. 

4. Timeliness 
The popularity of the deep learning AI systems is currently driving AI-related energy-consumptions to 

double every 3.4 months  [6] .  Comprehensive research on Brain-Derived neuromorphic computing research 
covering all topics of the Workshop should start now.  



 
Figure 1. A conceptual 3D Hierarchical Neuromorphic Nanocomputing architecture extending on the framework by [7]. (A) A 
canonical neuron, (B) Neuron’s minimal structure, (C) Neuron’s simplified functional diagram (optoelectronic neuron example), (D) A 
physical schematic for a nanoscale optoelectronic neuron, (E) cortical microcircuit, (F) Structure of a neurosynaptic core with axons 
as signal carriers (inputs/output), synapses as directed connection strength, and neurons as nonlinearity. (G) Functional view of a 
photonic synaptic mesh between presynaptic and post synaptic neurons. (H) Physical layout of (G). (I) A two-dimensional map of 
cortical columns in a functional network. Multichip scales are both created by interconnecting (J) neuron microcircuits reconfigurable 
optical synaptic interconnects. (K) Hybrid optical (red) and electronic (green) neural network forming a hierarchical macrocircuit. (L) 
Schematic of 3D electronic photonic integrated circuit (EPIC) neural network consisting of multiple planes of (K). (M) Illustration of 
long-range connections between cortical regions in the macaque brain [8]. (N) Interconnections of many functionally specialized neural 
macro-circuits (J). (O) Multi-3D EPIC chip neural networks emulating functional specializations of interconnected human brain 
structures. (P) Schematic of (O). 

 
Figure 2. The proposed 3D nanoscale photonic-electronic integrated circuits for hierarchical neuromorphic computing consisting of 
photonic neuromorphic computing circuits and electronic/ionic neuromorphic integrated circuits. 
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1 Challenge

Through rigorous study of biology, we know that it is possible to perform very complex human-
capable tasks, which computers have traditionally struggled with, using very low power with a
complex biological system, i.e. a brain. Estimates state that the brain uses around 10 W of energy
and operates at around 10 Hz, with billions of neurons, each having thousands of connections
resulting in trillions of synapses. This level of energy efficiency, performance, and scale of elements
is currently out of reach; however, the target is in front of us.

Some of the key challenges we face when trying to replicate the success of the brain are as
follows: 1) We do not fully understand the underlying biological features contributing to the brain’s
capabilities. Specifically, we do not know if a particular feature observed in biological systems is key
to its capabilities or if it is a byproduct of the electrochemical/biological medium. Therefore, we
don’t know if the feature is needed to replicate the capability in microelectronics. 2) Researchers
have developed novel devices that exhibit complex brain-like spiking behavior; however, There
remains a large research gap between designing an interesting device and building a neuromorphic
architecture capable of leveraging the device’s characteristics in a complete system. 3) Scaling the
simulations and models of complex microelectronics to biologically realistic scales and complexities
is computationally prohibitive on existing HPC systems.

2 Opportunity

With these great challenges, there are also tremendous opportunities to work together to expand
our technological capabilities and our understanding of the brain. 1) Deep co-design in the technology
stack from devices, circuits, architectures, software, algorithms, and applications, along with close
interdisciplinary collaboration with expert neuroscientists, is needed to develop a completely feasible
solution and to understand the intricacies of the brain’s operation [1]. 2) New heterogeneous
and specialized computing architectures are needed both for the neuromorphic computing systems
under development but also as evaluation and simulation systems capable of modeling the design
space. The boon that AI/ML has enjoyed recently is powered by the widely available processing
capabilities present with GPUs and the open-source development of software toolchains. Spiking-based
neuromorphic systems will need a similarly well-suited hardware accelerator able to evaluate and
model novel analog neuromorphic circuits and a more open collaboration effort to accelerate the
development.

3 Timeliness

Already, the neuromorphic systems and algorithms currently being researched that leverage
simplistic neuron models and traditional digital circuitry [2]–[4] are capable of matching or ex-
ceeding traditional approaches in terms of application performance, power, and area usage [5]–[7].
By integrating novel devices, a more modern understanding of the brain, emerging architecture
designs [8], development platforms [9], improved spike-based communication [10]–[13], and packaging
techniques [14], neuromorphic computing systems will continue to improve.

1
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Neuroscientific Basis of Proposed Research 

The brain’s remarkable ability to adapt and learn 

in response to experiences and environmental 

changes can be encapsulated in the concept of the 

“Livewired” brain, extensively studied by 

Stanford neuroscientist David Eagleman [1]. A 

key aspect of the livewired brain is its continuous 

rewiring and the constant competition for the 

brain’s cortical territory among sensory systems 

sending information to the brain. Since the 

biological neurons in the brain typically have 

similar underlying dynamics, the cortical 

territories for various sensory inputs are 

interchangeable [1]. The brain allocates its 

resources based on importance and creates a 

competitive environment among its regions [2, 

3]. This for example explains why, when a 

person’s hand is amputated, the brain’s cortical 

territory previously dedicated to the hand 

representation is taken over by neighboring face 

and upper arm territories (See Figure 1). The 

distribution of cortical real estate and continuous 

rewiring are key principles of brain functionality 

and capability that are less researched in the 

neuromorphic community. Therefore, translating 

these principles into neuromorphic systems could 

potentially lead to significant advancements in 

performance, robustness, and adaptability. 

From Livewired Brain to Livewired 

Neuromorphic Systems 

This paper introduces Livewired Neuromorphic 

Systems by combining evolving spiking neural 

networks (eSNNs) with evolvable hardware. The 

key feature of eSNNs is the online learning of 

patterns by evolving their network structure [4]. 

For each new input, a new neuron is dynamically 

allocated and connected to the input neurons. The 

weights of the connections between the sensory 

input neurons and the new neuron are determined 

based on the rank-order rule [5], enabling fast, 

one-pass learning of the input patterns in both 

supervised and unsupervised modes [6-8]. In a 

unimodal perception mode, the system continues 

evolving until the entire hardware real estate is 

utilized. When all hardware resources are taken 

over, new input causes neurons with similar 

weighted connections to merge, freeing up space 

for new neurons. In the multi-modal perception 

mode, like a livewired brain, there is a do-or-die 

competition between different hardware 

territories processing different modalities, 

involving an ongoing cycle of neuron creation 

and pruning. Deploying eSNNs for real-world 

applications requires evolvable neuromorphic 

hardware with runtime reconfiguration and 

rerouting capabilities. To realize the livewired 

neuromorphic system, a novel reconfigurable and 

evolvable analog hardware is necessary. This 

hardware can leverage analog memristive 

synapses and neurons [9-14] interconnected 

through a highly flexible analog network-on-chip 

to support rewiring and evolution required in 

livewired evolving SNNs.  

Call for Action and Future Research 

Directions 

The Livewired Neuromorphic Systems have the 

potential to achieve adaptability and robustness 

on an unprecedented scale. These systems 

necessitate innovative software-hardware co-

design approaches and cross-layer collaborations 

to address critical research questions, including 

but not limited to the following: 

1. What are the best strategies for dynamically 

allocating and connecting new neurons to 

ensure effective learning? 

2. How do different input patterns affect the 

evolution and structure of the livewired 

neuromorphic systems? 

3. How can the runtime reconfiguration 

capabilities of analog hardware be enhanced 

to match the dynamic needs of eSNNs? 

4. What theoretical models can be developed to 

predict the behavior and performance of 

livewired neuromorphic systems?  

5. How can the effectiveness of the proposed 

system in various real-world scenarios be 

empirically validated?  

Livewired Neuromorphic Systems: Where Evolving SNNs Meet Evolvable Hardware   

Ramtin Zand, Assistant Professor of Computer Science and Engineering, University of South Carolina 
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Figure 1: When a hand is amputated, the region of the brain dedicated to hand is taken over by the 

adjacent cortical territories. Figure adapted from [1]. 
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1. Why the need for neuromorphic computing? 

A major grand challenge for our time is to rethink computing in an efficient, intelligent, and extremely 
scalable way. Current Artificial Intelligence/Machine Learning (AI/ML) technologies suffer from extreme 
brittleness when confronted with situations outside their training distributions, reflecting an inability to 
learn causal world models that generalize the underlying cause and effect relationships to novel situations. 
Can we create a fundamentally new computing paradigm inspired by the brain’s structure, learning 
capabilities, robustness and extreme energy efficiency? Engineering a neuromorphic computing 
architecture with similar learning abilities, robustness and extreme energy efficiency as the brain is one of 
the most exciting and difficult scientific endeavors of our time. Neuromorphic computing has the potential 
to transform everything from large scale scientific calculations, such as climate simulations, to 
revolutionizing how intelligent agents and sensors are integrated into our day to day lives. It could provide 
the capability for human level intelligence at minimal energy cost for instant ON systems that can be carried 
in the pocket, transforming robotics, healthcare, autonomous vehicles, security, environmental monitoring 
to name a few. 

A neuromorphic system which can process and intelligently interpret data at extreme scales will require 
novel hardware fabrics that are efficient and scalable. We believe that analog hardware with capability for 
reconfigurability and modularity can provide support for parallelizing computing operations and resource 
allocations depending on the workloads, as well as supporting new features in security, fault tolerance, etc. 
Analog neuromorphic circuits organized in flexible hierarchical architectures inspired by brain organization 
could support this endeavor and deliver high temporal or/and high spatial processing resolution. Such 
analog circuits would have to operate the components under extremely low currents, small voltages, and 
use physical principles of their devices to directly perform complex computation efficiently in 
hardware. The metrics necessary to quantify performance at extreme scale for neuromorphic computing are 
also an open issue. 
 
However, developing neuromorphic computing systems is rendered very difficult by our incomplete 
understanding of the computational mechanisms used by the brain. The challenge lies in the sheer number 
of neurons, neuron types, synapses, neuromodulators and connectivity patterns of biological neural systems, 
in addition to non-neural components, such as neuroglia. How much of this biological detail must be 
replicated  to create the complex, diverse behaviors of the brain? The brain relies on biological resonant 
analog circuits that use electro-chemical stimuli to receive and interpret the world we live in. We believe 
that replicating the computational mechanisms employed by the brain will require fundamentally rethinking 
how to create efficient analog neuromorphic circuits. These neuromorphic circuits should capture the key 
aspects of the biological functionality, such as adaptive dynamics exhibited by biological neurons, synapses 
and circuits. Moreover, extensive simulation on high-performance computers will be required to understand 
how these analog circuits can be developed and improved at a fundamental level, and how they can be 
effectively combined into scalable systems. Such simulations are essential tools for advancing current 
research into biological processing mechanisms. Achieving a new computing paradigm based on the brain 
itself will require a massive co-design effort in which neuromorphic algorithms, simulations and hardware 
evolve in parallel. The final report will seek to lay out fundamental basic needs, research questions and a 
roadmap for neuromorphic computing. 
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The final report will be developed in connection with a workshop that aims to bring together 
interdisciplinary experts to discuss and draft a set of basic research challenges and next steps for rethinking 
the field of neuromorphic computing.  The workshop will be centered around three key areas of exploration: 
first, exploration of key neuromorphic computing primitives drawing from recent insights from 
neuroscience regarding brain function; second, path-breaking research into novel technologies for 
prototyping neuromorphic hardware, and third, the investigation of new methodologies for simulating these 
neuromorphic circuits at massive scale in order to understand the orders-of-magnitude improvements in 
energy efficiency and cognitive abilities that are achievable with next-generation neuromorphic hardware.  

The fundamental questions being address by this workshop are: 

Q1. What are the key neuromorphic circuit primitives that are needed to capture critical biological 
computing mechanisms with the right level of abstraction?  

Q2. What are the technologies needed to demonstrate and prototype these key neuromorphic circuit 
primitives? 

Q3. What are the critical characteristics for effective large-scale simulation of neuromorphic circuits 
and systems? 

Q4. What are the neuroscience-based benchmarks and datasets by which to effectively test and 
characterize neuromorphic computing circuitry and simulations?  

The goal of the workshop is to understand the interdisciplinary research needs in identifying what the key 
neuromorphic primitives are, how they need to be implemented and how they can be scaled. A cross-cutting 
effort will be to discuss what testing data and benchmarking are needed for neuromorphic circuits to reflect 
biological-level performance and capabilities. This workshop will help build a research program to 
prototype the circuitry and simulation capabilities for a truly neuromorphic computer which will enhance 
the capabilities of AI by emulating biological neural systems while simultaneously achieving dramatic 
reductions in power consumption. Workshop participants will present relevant research and brainstorm to 
identify the key scientific research needs and challenges leading to the development of proof of principle 
neuromorphic circuits and reconfigurable ultra-low power systems for intelligent sensing. The impact of 
neuromorphic computing and the fundamental basic research needed in this area is essential to the success 
of scientific computing relevant to the Department of Energy (DOE).  

 

2. Current state-of-the-art 

The term 'Neuromorphic computing' was first introduced in the late 1980s. It has come to denote computing 
approaches, including both software and hardware, that are inspired by the structure and function of the 
brain. Unlike traditional computing architectures that are based on the von Neumann architecture in which 
memory and computation are physically separate, neuromorphic computing systems exploit biologically-
inspired mechanisms for computation. Information is processed and stored locally where it is used, and 
signals are transmitted via efficient action potentials (or spikes). By using low-power analog elements and 
mitigating communication costs, neuromorphic circuits can achieve many orders-of-magnitude reduction 
in power requirements compared to conventional digital circuits. Moreover, because every component is 
continuously updating in parallel, neuromorphic circuits can also achieve orders-of-magnitude 
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improvements in speed compared to digital simulations of neuromorphic systems. In this workshop, we 
seek to develop a roadmap for realizing the next generation of neuromorphic systems that capture the rich 
structural and dynamical complexity of biological neural circuits with the ultimate goal of matching the 
cognitive capabilities of the brain. 
 
Whereas numerous concepts intended for neuromorphic computing have been proposed, significant 
challenges remain for the development of emerging circuits that provide functional complexity comparable 
to biological neural circuits. The maximally-parallel, asynchronous, continuous-time analog dynamics 
intrinsic to biologically-realistic neuromorphic computing presents challenges for contemporary 
semiconductor circuits, which were primarily developed for executing clocked Boolean operations 
sequentially on physically distinct processing cores. On the other hand, analog and mixed-signal designs 
aiming to emulate the biological functions of neurons and synapses frequently incur substantial upfront 
hardware expenses and are difficult to reconfigure or scale to brain-sized systems. Much effort has focused 
on emerging nanodevices, such as memristive and spintronic technologies, which have gained popularity 
in research for their potential to closely mimic certain biological behaviors at exceedingly low power costs. 
Indeed, circuits based on these devices have shown potential to learn through both supervised and 
unsupervised approaches. Oscillatory and stochastic behaviors of various nanoscale devices have also 
attracted significant attention due to analogous biological behavior at the device level. Moreover, scaling 
challenges associated with electronic hardware systems, such as the plateau of Moore’s law and the end of 
Dennard scaling, have motivated the search for alternative hardware systems beyond electronic platforms. 
In this regard, neuromorphic computing enhanced by photonic approaches presents an exciting avenue to 
potentially address some of these limitations and support high bandwidths and ultrafast switching 
capabilities while incurring low propagation losses. Nevertheless, bio-realistic circuits that leverage these 
behaviors remain elusive. Incorporating these emerging hardware principles into useful analog circuit 
building blocks often face significant obstacles related to device variation and robustness as well as 
obstacles related to achieving the rich, reconfigurable connectivity central to neurobiological learning. 
These obstacles have substantially impeded the construction of useful systems for practical applications. 
The primary goal of the workshop will be to identify novel emerging technologies and/or design strategies 
that can overcome the obstacles to the construction of biologically realistic neuromorphic circuits. 
 
Despite significant efforts to explore the myriad design possibilities within neuromorphic computing, 
progress has been modest when compared to advancements in competing technologies like GPU driven 
generative AI, largely based on the simple perceptron model from the 1940s. Much effort has been 
expended on digital accelerators for deep feed-forward neural networks that rely on vector-matrix 
multiplication, but such uniform circuit structures have limited bio-realism and may therefore be unlikely 
to reproduce the learning capabilities, robustness, complexity, or energy efficiency of the brain. The true 
advantage of neuromorphic computing—in terms of ultra-high energy efficiency, resiliency, adaptability, 
and generalizability—lies in the development of scalable and tightly integrated biologically-realistic 
neuromorphic circuits, architectures, and algorithms. Indeed, much as the remarkable advances in deep 
learning have been driven by advances in digital acceleration, particularly as regards the essential role of 
GPUs, analogous advances in neuromorphic computing will be driven by concomitant advances in the 
development of biologically-realistic hardware. The complexity inherent in designing each of these 
neuromorphic components often leads to a disconnect between research at different levels. A major goal of 
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the workshop is to devise strategies for how research at different levels in the neuromorphic stack can 
coordinate most effectively in an integrated co-design effort.  
 
Extensive hardware innovations have to come in tandem with simulation and algorithmic developments. 
There are several simulation packages that can accurately model biologically-realistic circuits but do not 
scale efficiently to large numbers of neurons. Large systems of simplified spiking neurons can be simulated 
using conventional digital accelerators, but such systems lack biological realism and performing supervised 
training on such networks presents challenges due to the need to maintain exactly reciprocal forward and 
backward copies of the network in order to support backprop. One approach is to train a non-spiking neural 
network model using back propagation and to then convert to an otherwise equivalent Spiking Neural 
Network (SNN) model. Surrogate-based methods and random feedback alignment are also approaches that 
are currently being studied. These approaches can produce SNN models at large scales that accurately 
approximate the performance of the original non-spiking model but fail to address the issue of online 
training and do not provide a method for incorporating more biologically realistic neurons and synapses. 
Other approaches involve the use of agent-based approaches for modeling different types of neurons and 
synapses. Again, a key limitation of these models is the ability to develop a scalable learning method. Spike-
timing-dependent plasticity (STDP) is a learning rule that is observed ubiquitously in neurobiological 
preparations but its ability to explain the emergence of complex learned behaviors has yet to be 
demonstrated. Recently, deep attractor models with bidirectional connections have been shown to achieve 
classification performance similar to that obtained by conventional feed-forward neural networks 
possessing the same number of neurons, layers and independent connection weights. Because deep attractor 
models can be trained using only local Hebbian and anti-Hebbian learning rules, they are compatible with 
many existing neuromorphic hardware architectures, which like the brain, are restricted to employing only 
local learning rules. Whether deep attractor models can provide a basis for training more biologically 
realistic neuromorphic circuits is an open research question. A fundamental goal of the workshop is to focus 
on learning approaches that can efficiently scale to massive networks along with promising strategies for 
training biologically realistic neuromorphic circuits to perform useful, brain-like tasks. 
 
Related to the question of simulation and algorithmic development is digital emulation. Specifically, a 
number of all-digital neuromorphic processors have been developed, many of which emulate important 
aspects of brain function, such as spiking dynamics, spike-based communication and STDP. While all-
digital neuromorphic processors can in principle be scaled up to very large, brain-sized networks, the ability 
to emulate the cognitive performance or energy efficiency of the brain at scale has yet to be demonstrated. 
In part, this may reflect the lack of biological realism intrinsic to existing all-digital designs, which largely 
adhere to an integrate-and-fire paradigm. Nonetheless, an important goal of the workshop could be to 
identify how all-digital neuromorphic processors could be leveraged, if possible, to help discover the 
algorithmic possibilities and/or limitations of such systems. 
 
The workshop seeks to integrate the above efforts into a cohesive vision. The urgency for this initiative 
stems from two critical challenges. At the hardware level, how can we emulate the functionality of 
biological circuits in the development of neuromorphic circuits? At the algorithmic level, advances in our 
understanding of biological computing mechanisms will require the co-design of neuromorphic circuits that 
can be assembled into complex, brain-like sub-systems. The workshop aims to convene a meeting of the 
nation’s top experts to brainstorm and formulate a strategic basic research program for the co-design of 
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novel, biofunctionally-realistic neuromorphic circuits and neuroscience-based algorithms. The discussions 
will focus on how to best capture the functional complexity of their biological counterparts, ultimately 
providing a pathway for replicating the cognitive capabilities and computing requirements of the brain.  
This co-design effort will require innovative modeling approaches and advanced computing architectures 
for simulating interconnected neuromorphic circuits at the scale necessary to reveal complex emergent 
behaviors. In summary, our objective is to establish a foundation for future innovations in the realm of 
biologically-based artificial intelligence while addressing the pressing need for vastly lower energy 
consumption.  
 

3. Long-term vision and near-term basic research goals 

Unlocking the potential of neuromorphic computing hinges on discovering neuroscience-inspired 
algorithms that can efficiently process and model data in a manner inspired by the brain and mappable to 
modern micro- and nanofabrication techniques. Success also requires developing innovative architectures 
and hardware designs capable of emulating biological circuits with high efficiency.  The goal is to decode 
the operations of biological neural networks, which can process diverse inputs and dynamically interact 
across a variety of spatiotemporal scales and modalities – including chemical, ionic, magnetic, optical, 
mechanical, and/or electrical. Our ultimate ambition is to explore a broad potential solution space that spans 
both software and hardware, aiming to create an integrated neuromorphic computing architecture. This 
emerging computing architecture could not only surpass the performance and scalability of current state-
of-the-art deep learning systems but also achieve it with significantly lower hardware costs and 
computational demands.  
 
To support this vision, this workshop research outlines a collaborative effort to design innovative computing 
architectures that prioritize neuro-realism while supporting the advancement of neuromorphic computing 
architectures and energy efficiency. The emphasis will be placed on developing and simulating novel analog 
computing circuits employing unconventional neuromorphic methodologies. Therefore, ideas that focus on 
single neuromorphic components in isolation without consideration of how functional neural circuits can 
be constructed, characterized, and vetted will be considered out of scope. The ideas proposed should focus 
on state-of-the-art prototyping, simulation mapping, and hardware development driven by biological 
realism with a focus on capturing the functionality and structural complexity of brain neural networks. 
 

4. Open issues 

The aim of the overall program in neuromorphic computing will be to support a vertically integrated vision, 
combining new computing insights from neuroscience with emerging neuromorphic devices to create a new 
type of computing architecture for both scientific and edge applications. 

 

4.1.  Neuroscience-based computing principles 
This open basic research issue is driven by the fundamental question “What are the key neuromorphic 
circuit primitives that are needed to capture critical biological computing mechanisms at the right level of 
abstraction?” The goal of the activities in this space is to understand what principles of brain organization 
and dynamics underpin its functionality, robustness and cognitive capabilities and how these principles can 
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be translated into biofunctionally-realistic neuromorphic circuits and systems. Biological components are 
astounding in their diversity, energy efficiency, and complex behavior and the existing artificial neural 
network counterparts lack such sophistication, focusing primarily on simplistic neuronal and spiking 
behaviors. It is widely agreed that nervous systems can be aptly described as directionally interconnected 
networks of diverse neurons, each emitting complex spike analog signals when the combined inputs 
received from other neurons exceeds a threshold. The connection (synapse) between two neurons changes 
its weight continuously in an activity-dependent manner, but its sign remains constant and is uniquely 
determined by the excitatory or inhibitory nature of the sending neuron type. In this traditional “neural 
network” model, spatial-temporal neural patterns (which neurons spike and when) represent the content – 
memories, decisions, plans, etc. – whereas synaptic plasticity (weight changes) underlies learning. It is also 
broadly recognized that sparse activity is key to energy efficiency: fewer than 1% of the neurons spike at a 
time. In addition, neuronal adaptation seems to play a key role in computation. It is a slow process, and it 
builds up over several spikes. Most neurons, particularly the excitatory neurons, will respond to the input 
with a spike train where intervals between spikes increase successively due to adaptation until a steady state 
of periodic firing is reached. Bursting and stuttering neurons respond to constant current stimulation by 
sequences of spikes interspaced by long non-spiking intervals, periodically or aperiodically respectively. It 
is an open issue how to understand and model this neuronal diversity. 

Another organizational principle of nervous systems is that brain connectivity is also extremely sparse: a 
typical mammalian neuron “only” contacts ~10,000 other neurons, i.e. less than 0.01% of the whole network 
even in small rodent brains. Moreover, connectivity is exquisitely specific and structurally plastic. Any 
given neuron has a limited pool of partners (typically ~100,000 or ~0.1% of all neurons) that it can possibly 
connect to, defining a crucial blueprint of that particular functional circuit (say, visual recognition vs. spatial 
navigation). Which 10% of its ‘partner pool’ a neuron actually contacts, varies over time based on their 
activity, providing a core substrate for memory storage and retrieval. Sparse, highly-specific connections 
and structural plasticity are absolutely fundamental to the working of the brain, yet are seldom captured in 
hardware and software models alike. While such an organization can in theory be emulated by all-to-all 
connectivity and a majority of quasi-zero weights, in practice, that solution is eminently non-scalable in 
physical space due to volume packing and heat dissipation. Therefore, that alternative artificial design 
prevents the assembly of the required minimum network size to tackle difficult computational tasks. 

Long-range connection pathways typically remain computationally segregated when they converge on 
individual neurons based on non-linear dendritic processing and compartmentalization. Non-linear 
dendritic processing combinatorially increases neural information capacity by allowing every circuit to 
precisely gate and thus selectively control each independent processing stream. 
 
Neuronal communication in the brain is mediated by synaptic transmission. For example, basket neuron 
cells in the hippocampus can receive input from more than 30 distinct neuron types. Synapses have been 
shown to change their synaptic strengths via Hebbian STDP. Different types of STDP responses have been 
observed. For example, symmetric STDP was observed in the hippocampus between pyramidal neurons. 
Asymmetric STDP was observed between cultured hippocampal neurons. Nevertheless, biological synaptic 
transmission in the brain is a stochastic process with considerable variability across spikes. Variability in 
synaptic transmission is present across different types of synapses in the brain, with different synaptic 
behavior in different regions. This variability arises because neurotransmitter release is probabilistic and 
the postsynaptic response to the neurotransmitter release has variable timing and amplitude. Nevertheless, 
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the brain seems to perform robust computation. How does the stochasticity of the synaptic transmission 
impact computation in the brain and what mechanisms are in place to support the robustness? These insights 
will provide support for the translation into new types of neuromorphic hardware. 
 
Additional contemporary neuroscience insights that can help reimagine neuromorphic computing involve 
1) incorporating models of a variety of brain cells, including glia, in addition to the more complex neuron 
and synapse models; 2) developing specialized circuits tailored to different brain regions such as the 
hippocampus, cortex, brainstem, and cerebellum; 3) innovating neuromorphic in-sensor computation by 
understanding the computational processes happening within biological sensors, like the retina; 4) 
advancing neuromorphic designs by leveraging insights from the study of biological neural networks and 
connectomic maps. 
 
In addition, the locality of cortical plasticity, microcircuit diversity, self-organization capabilities, 
emergence of organized network spiking behaviors, etc. are additional features that could have a significant 
impact on the energy efficiency, adaptability and cognitive capabilities of neuromorphic systems. Although 
incorporating these neuroscience principles in next-gen neuromorphic designs undoubtedly constitute a 
formidable scientific and engineering challenge, the resulting technological breakthroughs promise to 
radically transform the power of machine computation, ushering in a new era for human society. The aim 
is to develop new computing principles that can support processing of zettascale data and complex spatio-
temporal problems, which are currently not effectively addressed using traditional computing methods. 
 
The neuroscience-based computing principles identified should: 
● Offer a well-defined computation (computational primitive). The circuit/neuron must be well-studied 

enough by neuroscience that there are already agreed-upon (or at least widely accepted) descriptions 
of the functionality and evidence on how it influences macro-level behavior, such as learning or 
cognition. 

● Be captured by a small neural circuit (the exemplar)  

● Have well-characterized exemplars – at minimum the essential components and biological 
mechanisms for each exemplar should be identified and reasonably well described. The output of the 
circuit should be predictable given a defined set of inputs. 

● Ideally the neuroscience challenge should offer multiple exemplars.   

● Should include quantitative metrics for assessing how well a given neuromorphic circuit primitive, 
once fabricated, approximates the range of behaviors displayed by comparable biological circuits. 

 

4.1.1. Physical circuits for cortical, hippocampus, thalamus, sensing, motor control, etc. 

There are numerous well-studied biological circuit motifs in which the relative contributions of subcellular 
and circuit level components to learned behaviors can be explored. An example is the dimensional 
expansion at excitatory feed-forward synapses into granule cells in the dentate gyrus of the hippocampus 
or in the cerebellar cortex. Other examples include the excitatory projections from the lateral geniculate 
nucleus to the spiny and non-spiny stellate cells in the primary visual cortex or from thalamic nuclei to 
barrel cortex in rodents. The early olfactory system, in both insects and vertebrates, provides another 
example system where the interplay between subcellular and adaptive circuit components can be explored 
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in fabricated neuromorphic materials. These few examples are a small subset of the circuit motifs found in 
biological systems that have been experimentally characterized. 

 

4.1.2. Neuromorphic micro-brain approaches 

Insects achieve complex movements, environmental adaptation, and reproduction despite their small 
nervous systems. Advances in imaging techniques in experimental neuroscience have supported the non-
invasive determination of neuronal connectivity in a variety of brain types. Connectome data is now 
available for a range of species, including Caenorhabditis elegans and the fruit fly. These connectomes 
indicate that structural connectivity features non-optimal component placement which incurs higher energy 
costs for connection establishment and maintenance but enables a wider range of brain network dynamics. 
C. elegans, a type of roundworm, is the only animal for which a complete connectome is available, featuring 
302 neurons for the hermaphrodite form and 381 neurons for the male form. The central brain of Drosophila 
melanogaster comprises approximately 135,000 neurons, significantly more so its connectome is only 
partially characterized. By comparison, the mouse brain has over 100 million neurons, the macaque brain 
has over 1.3 billion neurons and the human brain has tens of billions of neurons. 

Neuronal circuits are often more completely characterized in smaller brains and offer insight into the 
necessary building blocks for brain function. For example, it was recently demonstrated that protocerebral 
bridge neurons in fruit flies (Drosophila) multiply their inputs encoding perceived heading and perceived 
velocity. What makes this a good exemplar is that the inputs to these neurons are also well-described in the 
neuroscience literature, so neuromorphic efforts to reverse engineer this circuit could be validated.  Such 
engineered “artificial neuromorphic microbrains” could be integrated into autonomous robots, to efficiently 
analyze the sensor inputs, compute a suitable trajectory and actuate the robotic limbs. Biologically-inspired 
neuromorphic approaches capable of unsupervised learning could ensure a degree of error tolerance and 
adaptability unmatched by any other methods in such edge systems.   

 

4.2. Neuromorphic circuit primitives 

Understanding what the neuromorphic circuit primitives need to be comes hand in hand with figuring out 
their implementation. This effort is driven by the second fundamental question “What are the technologies 
needed to demonstrate and prototype these key neuromorphic circuit primitives?” 

Novel neuroscience inspired circuits based on new devices and designs, and new principles, have to be 
developed to support the diversity of neuromorphic functionality needed. Such devices should enable high 
energy efficiency and the co-location of memory and processing capabilities in a compact way. These 
circuit technologies should cohesively span orders of magnitude in performance, in terms of energy 
efficiency, endurance, range of tunable resistance / capacitance / inductance values, temporal delays, etc. 
New circuitry metrics might have to be devised to capture non-ideal behaviors across large populations of 
non-ideal devices and allow device-architecture co-design. Prototyping platforms should support a variety 
of circuit and device technologies to experimentally demonstrate novel analog primitives and proof-of-
concept neuromorphic computing principles. 
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The neuromorphic circuits primitives should be: 

● Focus on emulating the functionality of the neuroscience-based computing principles to the best extent 
possible. The neuromorphic implementation should offer testable predictions in hardware and support 
the development of equivalent models for neuromorphic computing modeling and co-design 
simulation. 

● Being willing to “fail” at accurately reproducing their biology counterparts is acceptable, provided the 
lessons learned identify addressable technological gaps or limitations. 

● Be buildable from devices and materials that exist today or highlight new functionalities needed. 

● Be capable to be imaged and probed 

● Take advantage of nontraditional implementations/integration/uses of existing and novel devices for 
the development of neuromorphic circuit primitives and their interconnects. 

 

The building blocks of neuromorphic circuits should be defined. Hardware-mappable neuronal primitives 
that reliably represent the functionality of their biological counterparts are needed. A co-design approach 
is needed, starting from neuroscience insights and experimental measurements of biological building 
blocks, e.g. neurons, synapses, glial cells, etc. Identifying all the different building blocks in a given region 
is an important step towards understanding in detail how this brain region works. 

Neuronal behavior has been core to the modeling and mapping efforts, but limited progress has been made 
in defining comprehensive hardware-mappable models that realistically represent biological diversity. 
There are some approximate hardware-mappable hardware models in the literature, but each has advantages 
and disadvantages. Therefore, there are many open issues to tackle. For example, one of the basic neuronal 
models and the most widely mapped in hardware is the leaky-integrate-and-fire model. This model makes 
the assumption that the information is entirely encoded temporally, in the events that are happening at 
precise moments of time. No attempt is made to describe the shape of the actual action potential, which 
seems to be an important feature in the communication of stimulus history in the brain circuitry. Moreover, 
in this model, the input is integrated linearly and does not consider the state of the postsynaptic neuron. 
These are major limitations, since no memory of previous spikes is kept, resetting the state after spiking to 
the original state. This simplistic model aims to capture fast spiking neurons, e.g. certain subtypes of 
inhibitory neurons, but it is unclear if it is even sufficient for this modeling task. This simplistic model 
cannot capture the processes that lead to learning and adaptation in the brain and cannot capture the different 
spiking behaviors needed. Despite these severe limitations, the leaky-integrate-and-fire model has a 
widespread use in the modeling of spiking neural networks and for event-based hardware implementations 
due to their computational simplicity allowing for easy scalability. Compact transistor-based circuit 
equivalents have been developed to provide very fast digital pulses and address-event representations have 
been implemented to transmit spikes off-chip. While such models require only a few transistors per artificial 
neuron, they do not produce the diversity of behaviors necessary for investigating biofunctionally-realistic 
neural circuits. 

More sophisticated models, e.g. Izhikevich models, and their hardware implementations have been 
developed to be able to capture a broad range of spiking behaviors seen in biological neurons. 4-parameter 
and 9-parameter variants exist for the Izhikevich models, which can represent a variety of regular spiking, 
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fast spiking and bursting behaviors with various degrees of complexity. Analog circuit implementations 
have been proposed, particularly for the 4-parameter Izhikevich model.  While it can take more transistors 
than a leaky-integrate-and-fire model, it provides more capabilities for neuromorphic computing. 
Neuroscience inventories are also increasingly developing Izhikevich models based on experimental 
neuronal data. However, additional refinements of these models are needed, e.g. to limit the firing rates 
within biologically realistic ranges. 

Electrophysiologically realistic models, such as Hodgkin-Huxley, can simulate in even more detail the 
biological properties of neurons. However, this biological realism comes at the expense of complexity. The 
model is based on differential equations that require a significant number of transistors for analog circuit 
implementations. Emerging device technologies should be explored to map biofunctionally-realistic 
neuronal models in an area and energy efficient way. Moreover, ways to incorporate behavioral variability 
should be incorporated, to mimic any diversity of spiking between neurons of the same type. 

In addition, important consideration needs to be paid to the connectivity between neurons and the synaptic 
behavior, including the physical (e.g., electrical, magnetic, ionic, photonic) connectivity between the 
neurons and synapses. The richness of connectivity across the brain regions is highlighted in prior 
experimental neuroscience work and has to be considered for translation into the neuromorphic hardware. 
There is an open research question regarding how much of this complexity needs to be implemented in 
artificial computing circuits. This will likely require novel hardware to provide extensive computing 
resources for large-scale models. New hardware technologies, such as memristors have shown biological 
relevant STDP, as well as other behaviors such as short-term plasticity (STP) behavior in a compact and 
efficient way. However, such emerging hardware that can provide dense storage is notorious for having 
device-to-device and cycle-to-cycle variability. The goal is to investigate neuromorphic primitives using 
existing and emerging devices that show robustness to synaptic unreliability (e.g. variability, quantization 
and turnover) and can perform tasks of high accuracy of scientific relevance. 
 

4.2.1. Emerging electronic analog circuits 

Perhaps the greatest challenge facing neuromorphic engineers is the design of analog circuit primitives that 
capture the full dynamic range and adaptive capabilities of their biological counterparts. At the subcellular 
level, examples of physiological components that may be needed in order to capture full bio-mimetic 
functionality include spine morphology, dendritic processing, tripartite synaptic dynamics, somatic 
integration, spike generation, axonal propagation and stochastic synaptic release, the latter varying in 
accordance to STP rules. At the circuit level, examples of recurring motifs include feed-forward 
excitation/inhibition and both lateral and top-down excitatory and inhibitory feedback. All of these circuit 
motifs employ functional adaptation governed by local learning rules, particularly STDP, that underlies the 
acquisition of learned behaviors. This workshop will explore proposals for fabricating bio-mimetic circuit 
motifs that exhibit adaptive learned behaviors similar to those exhibited by equivalent circuits found in 
nature while also operating within similar size, weight and power (SWaP) constraints. 
 
A key feature that should be considered as part of the neuron and synapse neuromorphic circuit design 
research approaches that has been a limitation of existing neuromorphic computing approaches is 
scalability. It is important that scalability be considered even in the design of small-scale circuits, as, 
eventually, it is critical to build large scale neuromorphic computing architectures (> 100 billion neurons). 
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Though it is important to start with a small number of neurons and synapses, planning for scalability should 
be a part of the basic research process. Moreover, compartmental representation of network connectivity 
has to capture the computationally distinct subunits that emerge from layer-specific axonal targeting, a key 
component of biological circuitry.  This feature will likely complicate the hardware mappability and the 
scalability even further. 
 
It is well known that there is a large diversity of different types of neurons and synapses in biological brains, 
even in simple organisms. To be able to produce different neuroscientifically accurate behaviors, as well as 
to allow for exploration of different capabilities, one path forward is to focus on the development of circuits 
for neurons and synapses that are programmable and reconfigurable.  As such, it would be worthwhile to 
focus on developing this library of circuits that also emphasize plasticity, programmability, and 
reconfigurability.  There is an open issue where and how these features can be incorporated into 
neuromorphic circuitry with maximal contribution to the computation while minimizing hardware costs. 
 
A tremendous area of research in neuromorphic computing has focused on a wide array of different types 
of devices and materials for neuromorphic computing. New electronic devices, e.g., memristors, phase 
change memories, etc. have shown STDP and STP behavior and can be densely integrated with transistor 
circuits for a broad range of spiking functionalities. For example, oxide-based memristors have shown 
experimentally a diversity of STDP behaviors similar to those observed in biology for synapses in different 
layers of the neocortex and the hippocampus. These devices show complex internal behavior, have analog 
state programmability and state retention driven by ionic movement, with some resemblance to the ionic 
movement in biological neural systems. Moreover, these devices are suitable for back-end-of-line 
integration between different metal layers during the CMOS manufacturing, thus having potential for ultra-
dense systems as required to map the large density of synapses in the brain structures. Other physical 
phenomena can also be considered. The rich physics of magnetism enables a wide range of opportunities 
to utilize spintronic phenomena in neuromorphic computing circuits. The hysteresis intrinsic to 
ferromagnetic non-volatility can emulate the memory capabilities of neurobiological systems by taking 
advantage of a variety of devices, each with unique features and relative strengths and weaknesses. 
Additionally, the magnetic field interactions between nearby magnets that are electrically isolated permit 
unique circuit structures leveraging the implications of such contact-free interactions on input/output 
isolation, and therefore cascading and fan-out.  Magnetic technologies, e.g. STT-MTJ, are currently being 
developed, producing device characteristics relevant to neuromorphic circuits such as analog/multi-level 
resistance states, and neuron-like integration, leaking, and firing. Though many of these emerging devices 
have radically different behaviors, it would be of tremendous use to the research community to define and 
maintain a library of common / canonical / primitive circuits building blocks.  
 

4.2.2. Potential photonics integration for neuromorphic computing 

The brain is based on high connectivity, which can be difficult to achieve in purely electronic 
architectures. Light-based structures naturally offer higher bandwidths for data transmission compared to 
electronic connections. In the context of computing, this directly translates into faster communication 
between different components of a neuromorphic system, enhancing the overall processing speed. Higher 
bandwidths can also enable parallel processing, allowing multiple computations to occur simultaneously. 
This aligns well with the parallel nature of neural networks in the brain, enhancing the efficiency of 
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neuromorphic computing systems. In addition, photon propagation and manipulation can in principle occur 
with very high efficiencies and incur very low levels of loss. As a result, light can offer more energy-
efficient computing compared to traditional electronic circuits. Lower energy losses also mean less heat 
generation and dissipation in photonic architectures, something that can minimize heat-related issues which 
pose major challenges in electronic processors. 
 
Intense research efforts are devoted to advancing photonic neuromorphic computing. The potential success 
of this growing field depends upon addressing a number of key challenges. Firstly, developing high 
performance chip-scale photonic neuromorphic hardware requires photonic circuits capable of performing 
both linear and nonlinear operations on the same chip. This contrasts with the current-state-of-the-art which 
uses separate, often hybrid optoelectronic hardware, to accomplish linear processing and nonlinear 
activation functions. A key technology in this direction is the development of efficient, ultrafast all-optical 
switches that are compatible with common material platforms in integrated photonics. This is an active area 
of research in nonlinear optics and ultrafast photonics with valuable inputs from material science and 
technology. Secondly, efficient light-based processors need integrated light emitters and sources that are 
highly tunable while consuming low energy. In this respect, photonic neuromorphic computing could 
certainly benefit from recent advancements on chip-scale optical frequency comb sources that emit light in 
a wide range of spectra. Finally, achieving efficient and scalable integration of photonic and high-speed 
electronic components is yet another hurdle to be addressed. Along these lines, low-loss, ultra-high 
bandwidth electro-optic modulators and optical interconnects continue to evolve and will be indispensable 
parts of future photonic processors. Overcoming these challenges crucially depends on active collaborations 
among multiple fields ranging from ultrafast and nonlinear photonics and electronics to material and 
computer science and presents immense opportunities for future generations of neuromorphic computing 
hardware.  

 

4.3. Neuromorphic computing modeling and co-design simulation 

The efforts in algorithmic research and circuit development have to be scaled up in order for the full impact 
of novel neuromorphic technologies to become visible at the scientific and societal levels. Therefore, the 
third fundamental question to be discussed in the workshop is “What are the critical characteristics for 
effective large scale simulation of neuromorphic circuits and systems?” 

There are a number of significant challenges simulating the behavior of biofunctionally-realistic spiking 
neural networks executing on analog neuromorphic circuits. Three key challenges relate to the necessity of 
approaching neuromorphic computing from the standpoint of biological functionality, the challenge of 
encoding spikes and the difficulty of reliably and efficiently training spiking neural networks. 

In terms of rethinking the perceptron model, it is important to realize that this model has been the backbone 
of neural networks since the 1950s. This basic representation of neurons and synapses has proven 
remarkably powerful in modern AI. However, this model is focused on minimizing the computational 
complexity of neural networks, and less on the bio-plausibility of the model. The structure and function of 
the brain is quite different from that of the perceptron model. As powerful as the perceptron model is, there 
is great potential for significant advances in exploring a biofunctionally-realistic model as the base 
component for a neural circuit and SNN. 
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Encoding spikes in a bio-realistic way seems to be another key component required for neuromorphic 
computing, by comparison with traditional AI. One of the key strengths of generative AI rests in the ability 
to encode data into real numbers that can then be used to train ANNs, leveraging the sparsity of the data. 
An SNN works on binary signals that hold information based on the sequence and timing of their generation. 
These signals have a temporal sparsity that is difficult to encode without aggregating the spikes into a time 
window, thus losing an element of the temporal nature of the data. A significant research challenge is to 
explore how to effectively encode the sparsity of the temporal spikes such that a SNN can learn from them. 
There needs to be further research into how to train SNN models based on the latest neuroscience findings, 
and on how to optimize algorithms that simulate these training methods.  
 

4.3.1. Design space exploration  

As our brains all are different, the number of possible designs of an SNN as the size grows is limitless. 
Assessing what network architectures will produce reasonable results is a significant challenge. 
Evolutionary algorithms and Bayesian optimization have been successfully demonstrated on a small scale, 
but with strict constraints. A bio-plausible design will require massive numbers of components and 
connections. As our brains all are different, having different “designs” some aspects formed by nature, 
others by experience. We will need to explore what are the optimal design characteristics for a basic SNN, 
what it is born with. Then what are the optimal structures for the system to learn new information. This 
design process can take clues from neuroscience, and existing neural architecture discovery approaches, 
but novel and scalable methods will be required. These techniques can be utilized at the circuit design level 
as well, in a co-design approach. Given the complexity, these design space explorations will require 
significant interdisciplinary know-how and high-performance computing resources. Both human-driven 
design as well as automated AI-driven optimization will be needed to enable the fast scientific discovery 
of new neuromorphic computing primitives. 

 

4.3.2. Scalable integration 

There are several state-of-the-art SNN simulators, each supporting various neuro-inspired algorithms -such 
as plasticity, evolutionary algorithms, and backpropagation-based learning- with a variety of models and 
simulators for the underlying neuromorphic architectures. Despite these efforts, there has not yet been any 
success in translating these simulators at the biorealistic circuit level. There is an urgent need to determine 
the building blocks of the future neuromorphic simulators and study how to connect, program, and 
configure them, to unlock the full potential of neuromorphic computing at large-scale. This includes but 
not limited to, defining neuromorphic benchmarks that enable comparisons between different architectural 
and algorithmic simulators, defining metrics and evaluating criteria that capture the integrated performance 
of the neuromorphic computing, and developing reconfigurable architectures and algorithms that can be 
integrated to achieve scalability. Additionally, one promising avenue for basic research on scalable 
neuromorphic computing involves designing algorithms and architectures that seamlessly integrate with 
other computing frameworks. By enabling a seamless integration, researchers and engineers can leverage 
the unique strengths of each framework. This could lead to breakthroughs in computational efficiency, 
speed, and adaptability, significantly advancing fields such as artificial intelligence, complex modeling, 
and temporal and adaptive decision making, ultimately pushing the boundaries of what is computationally 
possible. 
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There is also a need to scale these simulation methods to hundreds of millions of neurons and synapses 
using high performance computing. This presents some key challenges, such as how to effectively use 
existing hardware (CPUs, GPUs, FPGAs and accelerators) to support the simulations, and how to 
effectively simulate the synapse interactions among the neurons. Simulating the communication among 
neurons typically requires a sophisticated message passing algorithm which creates a great deal of network 
activity. This input/output bound task is manageable for small simulations, but quickly becomes a limiting 
bottleneck as the model grows in size. New approaches are needed to create bio-plausible simulations of 
synapse connectivity and communication. The goal is to perform the necessary computational calculations 
quickly and in a massively parallel way. Research is needed in how to leverage the computational power 
of existing hardware and high-performance computing infrastructure for simulating biofunctionally-
realistic computing primitives leading to neuromorphic architectures. 
 

 

4.4. Data and testing towards analog neuromorphic computing architectures 

A cross-cutting research question driving this effort is “What are the neuroscience-based benchmarks and 
datasets by which to effectively test and characterize neuromorphic computing circuitry and simulations?” 
This is a fundamental question that has to be addressed throughout the co-design effort is related to data 
and metrics, in order to ensure the cohesive research and development towards scalable neuromorphic 
computing architectures. 

While a significant amount of data and neuroscience literature has been generated to characterize different 
types of neurons, synapses, etc. in different brain regions, the data is scattered across different sources, 
making it hard to compare and to use for modeling and hardware mapping.  This data also often fails to 
consider the physical interconnections between synapses and neurons, neglecting the requisite 
interconnection circuitry and its associated hardware costs. Moreover, the data might be more abundant for 
particular neuronal types, for particular brain regions or for particular species. This lack of neuroscience 
data and insight might make it difficult to model biologically-realistic neuromorphic building blocks. 
Therefore, it is important to identify what neuroscience data is currently available and sufficient for 
mapping to software simulations and hardware emulations. For example, the rodent hippocampus is among 
the most intensively studied neural systems and there are inventories that curate the experimental evidence 
about neuronal types, synaptic variability, etc. together with models for these building blocks. However, 
additional work needs to be done to synthesize the experimental neuroscience data of different brain regions 
and aggregate it in inventories useful for developing neuromorphic building block-equivalents. 

Testing and benchmarking these neuromorphic technologies for biologically realistic performance require 
access to neuroscience-relevant data and metrics at different levels of the stack. Discussions will center 
around what relevant data is available in the neuroscience literature that can support these efforts. Gaps will 
be identified to be able to guide future efforts. Potential metrics that bridge biologically-realistic 
neuromorphic circuits and neuroscience experimentation will also be discussed. 
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4.4.1. Metrics and requirements for circuit and architecture design 

A comprehensive view of the metrics for neuromorphic circuits and computing architecture takes into 
consideration its neuroscience inspiration as well as engineering requirements. The circuit primitives would 
have to be considered along several interconnected dimensions. 

The first dimension refers to whether the circuit primitive is representative of experimental data or is based 
on a theory of neuronal behavior. The data-driven circuit primitives would have high biological realism, 
with their behavior closely matching the biologically-equivalent behavior as measured by metrics across a 
broad range of inputs and conditions. For example, measures of spike train synchrony could be used to 
quantify the degree of similarity between spike patterns obtained from analog neuronal circuits and 
experimental measurements of biological neuron spiking. On the other hand, circuits could also be derived 
from first-principles dynamics, e.g. membrane channel behaviors, temporal integration, spike generation, 
etc. Such primitives could be easier to implement by mapping the respective set of equations to tunable 
circuit blocks. The advantage is that the resulting primitives could be used to produce predictions and 
potentially provide insights into what dynamics plays what role in supporting efficient and robust 
neuromorphic computation. Metrics such as the predictive power score, could provide insight into the 
predictive power of the circuit. At the architecture level, intermediate approaches seem possible and could 
be based on first-principles dynamics on neuronal models that are linked by data-based estimates of large-
scale patterns of connectivity. 

The other dimension is related to complexity. The fine-grained representations, e.g. mimicking molecular 
dynamics inside different neuronal structures in new types of devices, could provide significant capabilities 
in neuromorphic hardware to support emergent relationships between structure and function. However, 
measuring these emergent behaviors without disturbing the system could be challenging, so appropriate 
metrics are needed. Coarser-grained representations, at the level of neurons or ensembles of neurons might 
be useful in providing approximation of the properties of smaller units, in case they are not typically directly 
accessible for measurement or to avoid disturbances. Moreover, biological expressivity might also 
significantly increase complexity. Therefore, it will be critical to understand what are the neuroscience-
based behaviors that are expected of the neuromorphic computing circuits and at what level of complexity, 
with any trade-offs that might impact functionality. 

The third key dimension is related to implementation metrics. Metrics such as computing density, energy 
efficiency, computing accuracy, and on-chip learning capability have been proposed to quantify and 
benchmark the area, power consumption, performance, etc. These metrics might have to be expanded as 
new technologies and new insights are being adopted. At a minimum, the model circuit architecture should 
have the same activity sparseness and connectivity sparseness as the biological network it aims to emulate. 
Additional metrics, e.g. related to scalability and robustness to hardware imperfections, should also be 
carefully discussed and considered. Appropriate datasets that can provide biologically-realistic inputs and 
outputs are also needed to support the neuroscience-inspired metrics to be used and thus the end-to-end 
development of neuromorphic systems. 

 

4.4.2. Potential for accelerating scientific discovery 

The aspirational goal for this workshop is to set the vision that will enable the development of the necessary 
circuitry primitives for neuromorphic computing which could accelerate scientific discovery in 10-20 years. 
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Reverse engineering the smallest units of select brain structures into functionally-equivalent circuits would 
provide significant advancement in many complementary scientific fields. In the area of computing, this 
endeavor will provide insight into what foundational concepts have to support efficient and scalable brain-
inspired computing. Algorithmic developments will be needed to support large-scale simulations, capable 
of connecting neuroscience learning paradigms and analog circuitry models in a scalable way on high 
performance computing systems. In the area of circuit design, this effort will contribute with methodologies 
to translate the functionality of key biological neuronal primitives into analog circuit primitives with similar 
behavior across a range of conditions. Device variability and process, voltage and temperature variations 
tend to significantly affect the behavior of analog circuits. Therefore, design developments inspired by the 
robustness of brain structures to non-idealities will be needed to support functional robustness of the 
resulting circuit primitives. New interconnection mechanisms should be developed to enable the integration 
of large numbers of these computational primitives to provide bio-mimetic behavior at the system level.  

All these advances will advance the field of neuromorphic computing towards the development of hardware 
systems capable of performing at the energy efficiency and complexity of their biological counterparts. 
These hardware systems could be embedded into efficient high performance computing clusters beyond the 
exascale to support scientific advances in areas of interest to DOE for societal benefit, e.g. new materials, 
new technologies, better energy systems and better forecast capabilities. Long term, such neuromorphic 
hardware could also support the emulation of brain regions, support the advancement of neuroscience 
research and development of new therapies and prosthetics. The neuromorphic algorithmic and circuit 
insights could also support developments in other engineering fields in need of efficient and robust 
algorithms and circuits, e.g. communications and control systems. 

 

5. Key open research questions: 

1. What are the key neuromorphic circuit primitives that are needed to capture critical biological 
computing mechanisms with the right level of abstraction?  

2. What are the technologies needed to demonstrate and prototype these key neuromorphic circuit 
primitives? 

3. What are the critical characteristics for effective large-scale simulation of neuromorphic circuits and 
systems? 

4. What are the neuroscience-based benchmarks and datasets by which to effectively test and 
characterize neuromorphic computing circuitry and simulations? -CROSS-CUTTING QUESTION 

 

6. Conclusions 

In conclusion, one of the grand challenges of our time is to rethink computing in a way that is both 
physically intelligent and scalable. A potential solution lies in creating a new computing paradigm inspired 
by the brain's cognitive functionalities, capabilities and energy efficiency. Engineering a neuromorphic 
computing architecture with similar attributes is one of the most exciting and challenging scientific 
endeavors, promising significant breakthroughs. However, this task is complex due to our incomplete 
understanding of the brain's computational mechanisms, including the intricate behaviors of neurons and 
their connectivity patterns. The potential impact of neuromorphic computing on the future of scientific 
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computing, particularly for the Department of Energy, is immense. It necessitates emerging computing 
architectures to efficiently process beyond exascale and autonomously analyze complex datasets. To 
achieve this, new circuit and device technologies must be developed and integrated to emulate the brain's 
complexity, and extensive research, simulation, and prototyping of neuromorphic computing circuit 
architectures are essential. 

This workshop aims to gather interdisciplinary experts to draft a set of basic research needs and brainstorm 
the next steps for neuromorphic computing research and development. Our focus is on two key areas:  

● Innovative research into neuromorphic circuits inspired by advances in neuroscience  
● The development of simulation methodologies for neuromorphic circuits at increasing scales.  

The primary goal is to create a basic research program that accelerates AI capabilities while significantly 
reducing power consumption, identifying key research needs and challenges to develop proof-of-concept 
neuromorphic circuits. 

 

7. Call for white paper submissions 

The 2024 Workshop on Basic Research Needs for Neuromorphic Computing will inform and draft a set of 
grand challenges for advancing the field of neuromorphic computing and developing proof of principle 
neuromorphic circuits applicable for High Performance Computer (HPC) acceleration for scientific 
discovery, and brainstorm ideas needed for a successful, robust, and world leading basic research program. 

Engineering novel neuromorphic computing systems with functionalities, capabilities, and energy 
efficiency similar to biological brains is one of the most exciting and challenging scientific endeavors of 
our time. This workshop aims to identify key research needs, challenges, and next steps necessary to 
develop biofunctionally-realistic neuromorphic circuits primitives that capture the functionality of neural 
systems found in nature. Moreover, simulating neuromorphic computing primitives integrated into 
networks will be key to understanding their behavior at scale, particularly for those computing architectures 
where full-scale commercial fabrication is not yet readily accessible. Appropriate neuroscience datasets and 
metrics will have to be established to vet proposed neuromorphic circuits. 

In the development of new circuits and methodologies for neuromorphic computing, it is critical that there 
is close collaboration among circuit designers, computer engineers, computational neuroscientists, and 
algorithms and simulation researchers.  This workshop aims to bring together a diverse range of experts 
across three complementary technical areas. 

Submit your position paper to the technical areas below: 
 

1. Neuroscience algorithms and translation to neuromorphic analog circuits 
This technical area is driven by the fundamental question “What are the key neuromorphic circuit 
primitives that are needed to capture the full functionality of critical biological computing 
mechanisms?”. The goal of the activities in this space is to understand what principles and circuit 
structures of brain organization and dynamics underpin its functionality and robustness capabilities 
and how these principles can be translated into functionally-equivalent neuromorphic circuits and 
systems that could be practically implemented (with available technology?). Ideas related to 
neuromorphic computing principles inspired from brain regions/functions (cortical, hippocampus, 
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thalamus, sensing, motor control, etc.) are sought after. Topics related to neuromorphic approaches 
and emulations of small invertebrate brains are also of interest. 

2. Technologies and prototyping of neuromorphic analog primitives 
This technical effort is driven by the fundamental question “What are the technologies needed to 
demonstrate and prototype key neuromorphic circuit primitives?” Ideas related to novel 
neuromorphic circuits based on new devices and designs, and new principles guided by neuroscience-
inspired functionality are of interest. Ideas related to emerging analog technologies that provide 
orders of magnitude in performance, parallelism, energy efficiency, tunability range, temporal delays, 
etc., and that mimic the biological behavior and robustness of key primitives are welcomed. Also of 
interest are topics related to high neuromorphic connectivity capabilities, e.g. optoelectronic 
technologies and photonic interconnects.  

3. Scalable integration for neuromorphic computing modeling 
The fundamental question driving this technical area is “What are the critical characteristics for 
effective large-scale simulation of neuromorphic circuits and systems?” New approaches are needed 
to create simulations of large-scale biofunctionally-realistic neural networks, diverse synapse 
connectivity, and sophisticated network activity. Of interest are ideas related to novel methods to 
integrate and to scale up the simulation of the neuromorphic circuit primitives using high-
performance computing in order to understand their interactions in the context of hundreds of millions 
of neurons and synapses. Also welcomed are novel methodologies for the efficient exploration of the 
large co-design space between neuromorphic algorithms and circuit technologies. 

 

When discussing the technical idea and how it fits in the technical area(s) and the overall vision of the 
workshop, include a discussion on the benchmarks, metrics, and/or datasets requirements for neuromorphic 
computing for your proposed implementation. 

Submit your position paper in response to the call for position papers by July 22, 2024.   

The structure for the ideal position paper may include several of the below themes: 

1. Neuroscience-inspired computing principles 
2. Translation to analog microelectronic circuits 
3. Modeling and simulation approaches 
4. Performance metrics, data requirements, and energy efficiency 

The position paper should be an individual submission, one paper per investigator. The format is 1 page 
(+1 extra page for figures, captions and references only), 11pt font size submitted in a Word or PDF 
document. The primary theme should be mentioned during the submission, a secondary theme is optional. 
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