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Abstract
Recent advancements in artificial intelligence(AI) have significantly enhanced the 
perception and cognition of language and the decision-making process. However, the 
increase in computational power and energy efficiency has also led to the emergence 
of computational and energy needs. Traditional Von Neumann architectures, with 
the separation of memory and processing, are costly due to numerous data transfers 
between hierarchical memory systems. Therefore, in large-scale AI workloads, energy 
consumption and data transfer latency are major challenges to scalability and 
efficiency. Using physical phenomena to compute and combining devices, circuits, 
and algorithms by co-design, these issues are resolved by physics-driven computing. 
In-memory operations, nonlinearity, and parallelism are also enabled by resistive 
switching, spin dynamics, phase transitions, and optical interference at the device 
level, thereby significantly reducing data transmission and energy consumption. 
Unless the entire hardware stack, including devices, circuits, architectures, and 
learning algorithms, is coordinated, one achieves limited system-level benefits. This 
review presents a unified physics-based AI hardware design by jointly optimizing 
device, circuit, and algorithm. It also discusses new device platforms, including 
memristive, spintronic, phase-change, photonic, and neuromorphic complementary 
metal-oxide-semiconductor (CMOS), and how the physics underlying these 
principles can be used to implement computational primitives. It is discussed further 
at the circuit level, e.g., in-memory computing arrays, event cameras, neuromorphic 
processors, and algorithms such as hardware-conscious training, spike-based neural 
computation, phase-based training, and stochastic inference are also discussed in 
these physical resources. Together, these innovations enable the development of 
scalable, adaptable, and energy-efficient intelligent hardware through integrated 
co-design of materials, electronics, and machine learning.
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1. Introduction
The advancement of deep neural networks and data-driven 
models with large amounts of information has fueled 
tremendous growth in the field of artificial intelligence 
(AI) over the past decade. Thanks to digital complementary 
metal-oxide-semiconductor (CMOS) technology 
and massively parallel technologies such as graphical 
processing units (GPUs) and tensor processing units 
(TPUs), they can perform at the human level in some tasks, 
including image recognition, natural language processing, 
healthcare diagnostics, robotics, and strategic decision-
making.1-4 There’s been a massive uptick in computing 
power; however, modern neural networks require lots of 
computational resources for training and deployment, 
and are stretching current hardware infrastructure as the 
number of parameters increases to billions or even trillions.

The main problem behind this is that the Von Neumann 
architecture of computation consists of separate memory 
and computing units. This paradigm of building has been 
followed for decades in digital computers, and in this 
paradigm, data must be reloaded from memory and moved 
to the processing units during the computation. With the 
increasing workload of a neural network, data movement 
cost at the system level in terms of energy consumption 
and system latency becomes increasingly important.5,6 In 
current machine learning systems, transfer can often be 
more expensive (in terms of energy) than arithmetic and is 
extremely expensive for large-scale AI systems. As a result, 
the Von Neumann bottleneck has become one of the key 
limitations in terms of scaling and energy efficiency of 
today’s AI hardware.

While cloud-based training infrastructure can be 
power-hungry, new AI applications need real-time 
inference and adaptive learning on edge devices. There are 
many applications out there, such as wearable healthcare 
devices, autonomous vehicles, drones, industrial sensors, 
and space systems, that demand high power, high thermal 
efficiency, low latency, and energy-efficient computation. 
Moreover, the explosive success of on-chip learning, where 
systems grow, change, and adapt to new data, further calls 
into question traditional architectures originally developed 
to enable deterministic digital logic but not data-rich, 
iterative learning.

Physics-driven computing, also known as physical 
computing, is an exciting alternative paradigm in this 
context. It is not based on ignoring nonidealities and 
analog behavior of devices, but on natural physical 
behavior, such as nonlinearity, memory, stochastic 
switching, phase synchronization, and collective dynamics, 
for native computing in hardware. It allows computation 
to occur physically in these processes, resulting in reduced 

data transfers, enhanced energy efficiency, and novel 
computational constructs more suited to intensive AI 
applications. This is a topic that has been gaining more 
interest in the past few years, with research in computer 
architecture based on device physics and dynamical 
systems for processing information.7-10

This has stimulated the exploration of other ways 
of computing that have the potential to overcome the 
limitations of traditional digital ways of computing. One 
approach is to use neuromorphic and physics-based 
computing, where electronic devices have computing 
structures analogous to biological neural structures. 
Motivated by the distributed and power-efficient operation 
of the brain, the main idea of neuromorphic architectures 
is to integrate memory and computation on a single 
physical platform and enable the flow of information and 
the processing of events in a highly parallel fashion.8,9 
Neuromorphic computing began as a concept to design 
electronic systems that mimic the architecture and function 
of biological neural circuits in the late 1980s. Over the past 
few years, several large-scale neuromorphic processors 
have been developed, such as the SpiNNaker system, the 
TrueNorth system developed by IBM, and Loihi developed 
by Intel, suggesting that it is now feasible to run large-
scale spiking neural networks (SNNs) that are much more 
efficient in terms of energy usage than their current digital 
implementation.10-12

Research on physics-based AI hardware has been 
widely conducted for various emerging devices, such as 
memristors, spintronic devices, ferroelectric memories, 
phase change materials, and photonic computing 
platforms, as substrates for physics-based AI hardware. 
Memristive devices and resistive-switching devices (RSDs) 
can be utilized for in-memory vector–matrix multiplication 
(VMM), enabling neural computing with in-memory 
arrays.11,12 Indeed, the ability to exploit electron spin 
dynamics has been used to develop spintronic devices for 
the realization of non-volatile memory, stochastic neurons, 
and oscillatory networks, which are naturally coupled to 
phase and frequency.7,13 Taking advantage of materials that 
can change their phase allows for a multilevel analog state 
for synaptic weighting and in-memory learning. To boost 
linear algebraic operations, which constitute the majority of 
workloads in deep learning applications, high-bandwidth 
signal propagation and optical interference properties are 
exploited in the photonic circuits.7,14 All these platforms 
hint toward the embedding of the computation in the 
intrinsic material properties and dynamics of physical 
devices.

Despite rapid change in the field, it is relatively fragmented, 
which is helping drive the gap between advancements in 
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hardware and software. The demonstrations are mostly 
at the device level and are based on changes in physics or 
material properties, not on changes at the circuit or system 
level. Models of device behavior in circuits are often highly 
ideal; however, real-world devices are variable, unreliable, 
have low yield, limited precision, limited endurance, 
and stochastic behavior. At the algorithmic level, several 
machine learning models exist that are designed without 
accounting for device limitations, such as noise, analog 
computation errors, and nonlinearity.7,15,16 Efficient AI 
acceleration, however, is based on the close association 
between the physics of the device, circuit architecture, 
and the learning algorithms. Moreover, quantization-
aware techniques for training memristive devices and for 
designing peripheral circuits to implement in-memory 
computing architectures are also important for the 
efficiency of memristive-based computing architectures. 
Likewise, a high level of co-optimization among the device 
coupling strength, learn-based synchronization circuits, 
and a phase-based learning algorithm must be achieved in 
a spintronic oscillatory network. The benefit in terms of 
power and processing, however, cannot be scaled up to the 

system level without co-design across several levels of the 
computing stack.

From this recognition, the device–circuit–algorithm 
(D–C–A) co-design paradigm has emerged, in which 
devices, circuits, architectures, and learning algorithms 
are co-designed in an optimized fashion.17,18 This is not 
done by considering each layer separately, but by using 
the laws of physics of the device to determine what kind of 
computational primitive can be implemented at the circuit 
level and then the circuit-level architecture to inform 
the algorithm-level adaptations that take into account 
aspects of the device like stochasticity, limited precision of 
numbers, or analog computation.

Figure 1 illustrates the aim and contribution of the 
D-C-A co-design approach described in this paper, and 
how it relates to the Von Neumann bottleneck through 
hardware co-design solutions inspired by physics.

There have been several reviews on each technology 
(including memristive in-memory computing7, 
neuromorphic spintronics19, phase-change accelerators14, 
and photonic neural networks), but a synthesis of various 

Figure 1. Conceptual overview and motivation of a physics-based device–circuit–algorithm (D–C–A) co-design paradigm of energy-efficient, scalable AI 
hardware.
Abbreviations: AI: Artificial intelligence; GPU: Graphics processing unit; TPU: Tensor processing unit.
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device types in a D–C–A framework has not been provided 
to date. In addition, the new developments in hardware-
aware training, in-memory computing, stochastic 
computing, SNNs, oscillatory neural networks, and hybrid 
mixed-signal architectures necessitate a new perspective 
that encompasses them. The new hardware platforms, the 
booming requirement for intelligence at the system level, 
and the rapid evolution of AI algorithms make it imperative 
to review the material physics to system-level intelligence.

This review aims to provide researchers with a coherent 
path toward the next generation of physical-computation-
based AI concepts and approaches by combining insights 
from devices, circuits, and algorithms. In this way, AI 
learning becomes a fundamental opportunity to shift 
from hardware merely implementing an AI algorithm 
to hardware that is intrinsically an AI learning platform. 
The rest of this paper is organized as follows: Section 2 
outlines the evolution of computing paradigms from Von 
Neumann architectures toward physics-driven platforms. 
In Section 3, the device-level basis for physics-driven AI 
accelerators is discussed, ranging from memristive, phase-
change, spintronic, photonic, and neuromorphic CMOS 
devices. In Section 4, circuit-level implementations, such as 
in-memory computing arrays, neuromorphic processors, 
oscillatory circuits, and photonic systems, are discussed. 
In the algorithms and hardware co-design section 
(Section 5), we explore specific algorithm–hardware 
co-design approaches, such as hardware-aware training, 
SNNs, oscillatory algorithms, and probabilistic inference. 
Section 6 describes illustrative use cases for system-level 
applications, including edge AI, autonomous systems, 
healthcare monitoring, robotics, and space electronics. A 
brief overview of the key challenges, open problems, and 
directions for future research is given in Section 7. The 
conclusions are given in Section 8. 

2. Evolution of computing paradigms
For decades, modern computing systems have been based 
on the Von Neumann architecture, a design paradigm 
that physically separates the processing and memory 
units, with a shared data bus for communication. In this 
architecture, instructions and data are stored in memory 
and moved to and from the processor for execution. This 
model worked very well for general-purpose computing, 
but is not suitable for contemporary AI applications, which 
require very high data throughput and massive parallelism.

The memory wall is one of the most well-known 
problems in the von Neumann architecture, characterized 
by an increasing mismatch between processor performance 
and memory bandwidth. With the advent of ever-faster 
processors, memory systems were unable to keep pace, 

and today, latency and bandwidth in accessing memory 
are key factors in system performance. This was the first 
formal statement of the problem by Wulf and McKee20, 
who noted that as processor speeds increased, memory 
access limitations would become a greater constraint in 
computing systems. This is particularly an issue for modern 
AI workloads, which involve iterated operations on vast 
numbers of model parameters. In deep or transformer 
networks, billions of parameters are repeatedly accessed 
during processing, which requires high performance and 
high energy costs to access on-chip caches, high-bandwidth 
memory, and off-chip dynamic random-access memory 
(RAM). However, as pointed out by Sze et al.21, Moore’s 
law and Dennard scaling are slowing, and so is the ability 
to make processors more energy-efficient, as the need for 
increased processor performance continues to rise.

Energy consumed per data transfer is one of the 
important aspects of the memory wall. Memory accesses 
are known to often consume much more energy than 
arithmetic operations, such as a few pJ for a floating-point 
multiplication, compared to retrieving operands from 
off-chip memory, which can require tens to hundreds of 
pJ depending on the level in the memory hierarchy.21,22 
In fact, industry studies have shown that memory access 
is the largest contributor of energy cost in today’s AI 
accelerators23 and that data movement is not necessarily 
the biggest contributor to system efficiency. Sequential 
instruction execution is supported in the traditional 
architecture. Despite the fact that modern processors are 
based on multi-core parallelism, out-of-order processing, 
and vector processing extensions, they are mainly used 
to mask memory latency rather than to remove the data 
transfer bottleneck. With the increasing complexity of AI 
workloads, these incremental improvements aren’t enough 
to obtain the necessary throughput and efficiency.

Such constraints have led to a series of architectural 
innovations that represent successive evolutionary steps 
in AI computing. This evolution from Von Neumann 
processors to physics-driven platforms with increasing 
computation localization within or near the physical 
substrate to reduce data movement costs is shown in 
Figure 2. To motivate the paradigm change outlined in 
the subsections below, spanning parallel accelerators to 
in-memory, neuromorphic, photonic, and other emerging 
physics approaches, it is important to understand these 
fundamental limitations.

2.1. Parallel and domain-specific AI accelerators 
(GPU/TPU era)

Massively parallel computing was the first major 
architectural solution to the Von Neumann bottleneck. 
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AI workloads are dominated by dense linear algebra 
operations and have high data-level parallelism, which 
is well-suited to architectures that can perform a large 
number of arithmetic operations in parallel.

Graphics processing units were initially developed for 
graphics rendering, an application in which thousands 
of pixels must be processed simultaneously. Their single 
instruction, multiple data (SIMD) execution model, which 
executed thousands of lightweight threads in parallel, was 
highly effective for deep learning, enabling the processing 
of large batches of data simultaneously. With the advent 
of programming frameworks such as the Compute Unified 
Device Architecture (CUDA) and optimized libraries such 
as CUDA deep neural network (cuDNN), researchers 
were able to efficiently map neural network workloads to 
GPUs, and the training of large-scale AI models became 
the default platform of choice for researchers during the 
2010s.24 In 2012, the AlexNet result showed that GPU-
accelerated deep learning could outperform the traditional 
computer vision methods by a large margin2, marking 
a pivotal moment toward the dominance of GPU deep 
learning. Later generations of GPUs fused dedicated GPU 

Tensor cores for mixed-precision matrix operations, such 
as the NVIDIA A100, which provides up to 312 TFLOPS 
of FP16 Tensor performance23 to accelerate the training of 
large-scale AI models.

An advancement that followed was the Google TPUs, 
domain-specific accelerators designed for neural network 
operations, introduced in 2016. These were called systolic 
array architectures and involved repeatedly pumping data 
through arrays of multiply-accumulate units, resulting in 
lower control overhead than general-purpose processors 
and better data reuse.23 With later versions of TPUs, 
additional on-chip memory was added to reduce off-
chip memory accesses; in TPU v4, approximately 32 MB 
of on-chip static RAM (SRAM) is available.25 They are 
reported to achieve up to 15–30 times faster inference 
performance than the CPU-based system and 2–5 times 
superior energy efficiency for image classification tasks 
(such as ResNet-50)24 and, in some cases, 3.1 times faster 
inference performance than the A100-based system.26

Nonetheless, both GPUs and TPUs have continued to 
adhere to the Von Neumann architectural model, in which 
computational and memory resources remain physically 

Figure 2. Evolution of artificial intelligence (AI) computing paradigms from Von Neumann processors to physics-driven platforms. The trajectory 
progresses from CPU-based systems bottlenecked by off-chip memory access, through massively parallel graphics processing unit (GPU) and tensor 
processing unit (TPU) accelerators, toward architectures that increasingly embed computation within physical substrates, including in-memory computing, 
neuromorphic spiking systems, and photonic processors, each motivated by the need to reduce data movement and improve energy efficiency.
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distinct, and neural network weights must be repeatedly 
moved between them. With the shift to billions and trillions 
of parameters in AI models, the energy and latency of data 
transfer are now major performance factors, driving the 
investigation of paradigms that fundamentally rethink the 
memory–compute relationship.

2.2. In-memory and analog computing

Given the size limitation of the persistent memory in 
GPU and TPU architectures, an alternative approach was 
conceived: compute directly on the data where it is stored, 
thus avoiding the energy and latency costs of persistent 
memory. This concept, coined in-memory computing, 
was born from the realization that the weighted addition 
inherent in neural network inference can be naturally 
implemented using the physical characteristics of specific 
memory devices, without moving data to a separate 
processor.21

However, the significance of this paradigm shift is not 
so much in the specific circuit design as in the fundamental 
shift in conceptual thinking in how memory and 
computation are done now: memory aids computation; 
memory and computation are the same physical operation. 
This idea was widely explored in the experiments, and it 
was observed that this is not only possible but also quite 
feasible; for example, Diehl and Cook 27 demonstrated 
the feasibility of directly training and inferring a neural 
network within the memory array (digit recognition) 
using a memristor crossbar. Later demonstrations of 
competitive classification accuracy for some phase-change 
memory (PCM) array implementations, compared with 
digital implementations, further stimulated this direction 
of interest.25

The basic concept of in-memory computing is to create 
a dense array of new non-volatile memory technologies, 
such as resistive RAM (RRAM), PCM, and magnetoresistive 
RAM (MRAM), that can store analog values, with multiply-
accumulate operations directly derived from electrical 
laws. These devices and their organization into computing 
arrays via physical circuit architectures are discussed in 
Sections 3 and 4, respectively.

2.3. Brain-inspired (neuromorphic) computing

A new paradigm emerged from another source of 
inspiration: the extraordinary energy efficiency of the 
human brain. The brain is many orders of magnitude 
more efficient than conventional digital processors at 
doing cognitively intensive work—using just tens of 
watts to perform equivalent functions. This inspired 
the development of approaches to emulate the brain’s 
computational methods in hardware. Concepts are rooted 

in low-level mathematical models of neuronal dynamics. 
The integrate-and-fire model of the neuron was proposed 
by Lapicque28 to describe how electrical signals build up 
in a neuron until they reach a threshold, at which a spike 
is produced. Later, McCulloch and Pitts29 showed that 
a simplified version of the logical neuron could perform 
computation by being networked together, thus laying the 
foundations for neural computation. The modern idea of 
neuromorphic engineering was first explicitly stated by 
Mead24, who advocated the design of analog very large-
scale integration circuits that would directly emulate 
the neural processing of biological circuits, rather than 
simulating neural function on conventional processors. 

Neuromorphic systems compute in fundamentally 
different ways from conventional processors. They process 
asynchronously rather than following a global clock, so 
computation can only occur when neural spike events are 
generated. In this SNN model, described by Maass25 as the 
third generation of neural network models, information is 
encoded in the timing and rate of spikes, enabling efficient 
processing of signals that vary over time. With the advent 
of large-scale processors, the neuromorphic paradigm 
was put to the test. IBM TrueNorth achieved 1 million 
programmable neurons and 256 million synapses with 
low power usage (in the milliwatt range)30, and Intel Loihi 
showed on-chip learning capabilities using local plasticity 
mechanisms.31 These milestones set the stage for integrating 
millions of neurons with energy consumption hundreds of 
times lower than that of traditional digital implementations. 
In Sections 4 and 5, the circuit architectures and learning 
algorithms that implement these systems are described.

2.4. Photonic and optical computing

The discovery of substrates for computing beyond 
electronics led to a new computing paradigm that 
leverages a different physical substrate: light. In the 
photonic computing approach, computation is carried out 
by photons in optical media rather than by electrons in 
pathways with resistance. Optical systems can, in principle, 
be extremely high-bandwidth, low-latency, and low-
energy-consumption systems for certain computational 
tasks since photons have no resistive losses and travel at 
the speed of light.

Optical computing has been of interest for a long 
time, even before the era of deep learning. Early research 
showed that optical interference and diffraction could be 
used to perform convolution and Fourier transforms, the 
basic signal-processing operations.18 Later, theoretical 
work demonstrated that VMM could be performed via 
optical interference in an electro-optical system32, which 
laid the groundwork for optical neural computation. This 
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direction received further impetus when Shen et al.14 
showed, for the first time, deep learning inference on a 
coherent nanophotonic circuit, laying the foundation 
for a viable photonic computing system to accelerate AI. 
The important point is that the weighted summation is 
performed passively, that is, without having to switch active 
components, and across many channels simultaneously, 
without needing a large number of optical components. 
An additional multiplexing property of wavelength-
division multiplexing (WDM) is the ability to send a 
number of signals at different wavelengths through the 
same waveguide without disturbing each other, which is 
naturally missing in electronics. The structures of photonic 
devices and the photonic circuit architectures that enable 
these systems are described in Sections 3 and 4.

2.5. Other emerging approaches

In addition to in-memory, neuromorphic, and photonic 
computing, there are a number of other physics-based 
paradigms that emerge based on the intrinsic physics 
dynamics for computation. These methods are not 
deterministic digital logic, but rather utilize nonlinear 
dynamics, randomness, and quantum phenomena.

Oscillatory computing relies on networks of coupled 
oscillators that compute via their synchronization 
dynamics. Theoretical and experimental work initially 
showed that physical oscillator systems can support 
associative memory models similar to those of Hopfield 
networks, in which stable synchronization states represent 
patterns or optimal solutions stored in the network.33,34 
More generally, coupled-oscillator dynamics has been 
recognized as a computational mechanism in nonlinear 
systems.35,36 This paradigm goes beyond the rate-
based representation of information in neuromorphic 
computations by coding information in oscillators’ phases 
rather than their rates, and by computing using phase 
synchronization and dynamical convergence.

Recognizing that many machine learning algorithms are 
robust to noise and that the noise generated by nanoscale 
devices could be used rather than ignored, stochastic and 
probabilistic computing emerged. In stochastic computing, 
the numbers are encoded as probabilistic bit streams, so 
that arithmetic is possible using only simple logic gates.36 
In a more general context, probabilistic computing is a way 
of dealing with uncertainty as a computational resource, 
and there is a natural substrate for Bayesian inference, 
probabilistic graphical models, and generative modeling in 
this space.36,37

It was suggested that the nonlinear dynamics of a 

recurrent system be used to process temporal information 
using reservoir computing.38 The reservoir is a fixed 
dynamical system that capitalizes on the input signal to 
generate high-dimensional representations, which are read 
out by a simple linear output layer and classified afterward. 
This idea has been realized in a variety of physical 
media, including photonic circuits, analog electronic 
systems, and spintronic oscillators. Quantum-inspired 
optimization algorithms can be combined with physical 
devices, including Ising spin models, a field known as 
quantum-inspired computing that links quantum-inspired 
algorithms and physics-driven devices.14,39 This direction 
includes the quantum approximate optimization algorithm, 
which is one of the hybrid quantum-classical computation 
frameworks for combinatorial optimization.39 Although a 
large-scale fault-tolerant quantum computer is still being 
developed, quantum-inspired techniques are effective in 
solving optimization and sampling problems in AI.

Common problems across these emerging paradigms 
include maintaining intrinsic noise and variability, 
scaling nonlinear dynamics to large problem sizes, and 
benchmarking against conventional accelerators for deep 
learning. Together, they show how computation can be 
integrated into the actual dynamics of the hardware, 
which is what all physics-based approaches to AI have in 
common. In the next section, the physical technologies 
that make each of these paradigms possible are analyzed.

3. Device-level foundations for physics-
driven artificial intelligence
The new generation of nanoscale devices, which go beyond 
conventional binary CMOS switches, enables the evolution 
of computing paradigms described in Section 2. Emerging 
electronic and photonic devices have complex physical 
processes, including resistive switching, magnetic spin 
interactions, phase transitions, and optical interference, 
which can be directly implemented to implement 
computational primitives, unlike digital transistors, 
which need to act as deterministic on/off switches. This 
allows physics-native computation, that is, the material 
dynamics are used directly for AI computation rather 
than being emulated by digital logic circuits.14,40 The 
physical mechanisms, material properties, and device-
level computational primitives of five major classes of 
devices: memristive, phase change, spintronic, photonic, 
and neuromorphic CMOS devices are explored. The 
circuit topology used to organize functional computing 
systems is discussed separately in Section 4. These device 
types are discussed in detail in the subsections below, and 
their physical structures and operating mechanisms are 
summarized in Figure 3.
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3.1. Memristive and resistive switching devices

The memristor is a theoretically proposed fourth 
fundamental circuit element related to charge and 
magnetic flux.41 Later, non-volatile modulation of the 
resistance state of such metal-oxide thin-film devices was 
practically demonstrated, showing that internal physical 
processes can be used to modulate and retain the resistance 
state non-volatilely.40

In most of the experimental manifestations, the 
memristive switching is triggered by one of three physical 
effects: either by the movement of metal ions or oxygen 
vacancies (ionic migration) under an electric field, and 
the formation of a conducting bridge (filament) between 
the electrodes; by modulation of the resistance at the 
interface between the metal and the oxide (interfacial 
resistance modulation); or by modulation of the bulk 
electronic effects of a strongly correlated material (bulk 
electronic modulation). The conductive filament formed 
by ionic migration has been demonstrated to be stable 
and reproducible in oxide-based devices.42 The materials 
explored range from the transition metal oxides (HfO 
and TaOx) to the chalcogenides and new two-dimensional 

materials, with different switching kinetics and retention 
properties.

One physical characteristic unique to memristive devices 
is that their conductance can be continuously controlled at 
many intermediate states, rather than switching between 
two binary states. This multilevel behavior is due to partial 
filament formation/dissolution, enabling the device 
resistance to be programmed to a desired analog value. 
This property allows memristive devices to physically store 
conductance states that can represent synaptic weights, 
a graded value that can be stored non-volatily.40,43 At the 
single-device level, the relationship between the device 
current, applied voltage, and conductance is as follows:

 ij ij iI G V= 	 (1)

where ijG  is the conductance of the programmable device, 
and iV  is the applied voltage. This Ohmic property of the 
device is the physical basis for analog multiply-accumulate 
operations; how multiple devices can be configured into 
computing arrays to exploit this property is discussed in 
Section 4. 

Figure 3. An overview of device-level implementation of emerging platforms in physics-inspired computing, including neuromorphic computing and 
analog in-memory computing, consisting of resistive and phase-change memory devices, spintronic magnetic tunnel junctions (MTJs), photonic circuits, 
complementary metal oxide semiconductor (CMOS), and hybrid one-transistor integration schemes.
Abbreviations: BE: Bottom electrode; BL: Bit line; RRAM: Resistive random-access memory; SL: Select line; TE: Top electrode; VVM: Vector–matrix 
multiplication; WL: Word line.
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There are several physical non-idealities related to the 
stochastic nature of filament formation and ion migration. 
The variation from device to device is due to the random 
nucleation of the conductive filament, and the variation 
from cycle to cycle is due to irreproducible filament 
rupture and nucleation. Nonlinear and asymmetric 
conductance update characteristics, in which the 
conductance increase per programming pulse is not the 
same based on the conductance state, make it difficult to 
program a precise weight. Limited endurance is due to 
progressive damage to the switching layer from repeated 
cycling, and conductance drift with cycling time is due 
to progressive relaxation of the filaments.14 The reliability 
of circuits and systems designed based on these physical 
non-idealities can be crucially dependent on the accuracy 
of the compact models.7 These effects can be minimized by 
device engineering and compact modeling, but they can 
never be eliminated, and the analog precision vs. device 
endurance trade-off will continue to be a challenge for 
widespread use.14 The effects of these can be reduced by 
engineering the devices and by using compact models, 
but cannot be fully removed, and there is an opportunity 
for research in large-scale deployment for a trade-off 
between analog precision and device endurance. Although 
these can be mitigated by various device engineering and 
compact modeling methods, they cannot be completely 
avoided, and there is an opportunity for research on large-
scale deployment to balance analog precision and device 
endurance.

3.2. Phase-change memory devices

Phase-change memory devices exploit reversible structural 
phase transitions in chalcogenide materials, typically 
Ge2Sb2Te5, that result in the amorphous and crystalline 
phases.44 Thermally induced phase transitions are achieved 
via electrical heating pulses using an adjacent resistive 
heater element. When the chalcogenide material is rapidly 
melted and quenched to the disordered amorphous state 
by a high-amplitude, short-duration pulse called RESET, it 
has a high electrical resistance. A lower-amplitude, longer-
duration pulse (SET) will anneal the material above the 
crystallization temperature, and the ordered crystalline 
phase will revert to a lower electrical resistance. The 
resistance difference of the two phases is several orders of 
magnitude, resulting in a wide read margin and reliable 
state detection.44

Phase-change memory devices allow intermediate 
conductance with finely graded intensity, rather than 
binary switching, through controlled partial crystallization. 
Carefully varying the amplitude and duration of the 
SET pulses allows crystallization of a range of volume 
fractions within the chalcogenide film and, hence, the 

attainment of intermediate resistance values between the 
fully amorphous and fully crystalline extremes. PCM 
devices can have over 100 distinct conductance levels per 
cell7, which is significantly more than the typical range of 
a resistive memory device and the level of precision needed 
for gradient-based training of neural networks.

Conductance drift, which is the change in the resistance 
of the amorphous phase with time, is the main physical 
issue unique to PCM that arises because of the tendency of 
the disordered structure of the amorphous phase to relax 
toward a more stable configuration. These are inherent 
material properties that cannot be optimized solely at the 
programming level and should also be considered when 
designing at the system level.45 Other physical problems 
include cycle-to-cycle variations in programming, limited 
endurance due to structural damage from repeated phase 
transitions, and thermal crosstalk between neighboring 
cells in close-packed arrays. Especially in the context 
of PCM-based training, one of the most important yet 
unanswered questions is the time over which stored 
weights can be guaranteed to remain accurate, which is 
directly constrained by conductance drift. Maintaining 
reliable weights on the PCM over the long term is one of 
the most important unsolved problems for such systems44, 
due to conductance drift. 

3.3. Spintronic devices

Spintronic devices exploit the spin degree of freedom 
of electrons, in addition to charge, to enable a new class 
of non-volatile devices with high endurance and low 
switching energy.46 The basic element of spintronic devices 
is the magnetic tunnel junction (MTJ), composed of two 
ferromagnetic layers that are separated by a thin insulating 
tunnel barrier, usually MgO. The electrons tunnel through 
the barrier quantum mechanically, and the probability 
of tunneling and hence the device resistance depend on 
the relative orientation of the magnetization vectors of 
the two ferromagnetic layers. Low resistance is observed 
when the magnetizations are parallel, and high resistance 
when they are antiparallel. This effect, called tunnel 
magnetoresistance, is the physical mechanism responsible 
for non-volatile information storage in spintronic devices.47

Spin-transfer torque (STT) devices switch in response 
to the flow of a spin-polarized current through the MTJ 
stack. As the spin-polarized electrons flow through the free 
ferromagnetic layer, they transfer angular momentum to 
the free layer, and the torque is great enough to switch the 
direction of its magnetization when the current is larger 
than a critical switching current. Spin-orbit torque (SOT) 
devices separate the paths of the read and write currents by 
relying on the giant spin Hall effect in an adjacent heavy-
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metal layer, which generates a transverse spin current that 
switches the free-layer magnetization. The advantage of 
SOT switching over STT is that the oxide tunnel barrier is 
not strained during writing19,48, thereby improving energy 
efficiency and endurance.

In addition to binary switching, some spintronic 
structures can sustain self-oscillation. Spin-torque 
nano-oscillators (STNOs) are devices that can produce 
magnetization precession at microwave frequencies when 
operated by a direct current above a threshold, resulting in 
an oscillating resistance and a microwave voltage output. 
The oscillation frequency and phase can be controlled 
by the current and magnetic field applied to the device, 
offering a single-device-level electrically controllable 
oscillatory degree of freedom. This is a physical property 
that is the device-level basis for oscillatory and phase-
based neural computation.40,47

When the magnetic free layer is only a few nanometers 
in size, thermal energy fluctuations can approach the 
energy barrier between the parallel and antiparallel 
states. This renders the switching process probabilistic 
instead of deterministic, and the switching probability 
can be controlled by applying current, pulse duration, 
and temperature. The randomness of spintronic devices 
can be precisely described and, as a physical resource for 
probabilistic computing, differs from that of memristive 
devices. Hardware-native random number generation 
with tunable probability is possible using stochastic MTJs 
operating in the thermally unstable regime, which can 
function as physical probabilistic neurons.49 This can be 
used in combination with the deterministic multilevel 
analog states of the PCM devices described in Section 3.2. 

3.4. Photonic devices

Photonic devices exploit the physical properties of light 
for computation and offer a fundamentally new hardware 
substrate compared with charge-based electronic devices. 
Photonics devices can enable ultra-high bandwidth, low 
latency, and energy-efficient signal processing, as photons 
can travel at the speed of light with no resistive losses in 
optical waveguides.

The information used in computing is encoded in the 
physical properties of the optical fields, including the 
amplitude, phase, or wavelength of the signal. The physical 
process that allows for linear computation in photonic 
systems is optical interference, namely the constructive or 
destructive addition of the electric fields of two coherent 
optical fields when they interact in the same space. This is 
a passive physical process that does not require any active 
switching energy per operation, instead performing a 
weighted summation.

Photonic computing platforms are made of several 
building blocks: photonic device components. Optical 
waveguides can confine and guide photons by total internal 
reflection at the interface between a high-refractive-index 
core and a lower-index cladding. Programmable optical 
interference can be achieved using phase shifters that 
modulate the optical phase of a guided signal based on the 
thermo-optic or electro-optic effect. Micro-ring resonators 
are resonant structures that can be wavelength-selective, 
with transmission characteristics controlled by varying 
temperature and/or carrier injection rate. The conversion 
of optical signals back to electrical currents is performed 
by photodetectors at the output of a photonic circuit. The 
physical difference between photonic devices is that more 
than one optical signal at different wavelengths can travel 
simultaneously in the same waveguide without interfering, 
since they are in orthogonal modes of the electromagnetic 
field. This wavelength orthogonality allows the wave to 
exhibit inherent spatial parallelism at the device level 
without any electronic analog.14

Linear operations are easily and efficiently performed 
in the optical domain using optical interference; however, 
introducing nonlinear optical effects at the device level 
is quite difficult, as such effects generally require high 
optical intensities and/or long interaction lengths. This 
fundamental limit of physics renders the use of nonlinear 
functions in photonic AI systems, in general, opto-
electronic.50 The manufacturing tolerances for photonic 
devices are also very tight, typically 1% or less, to ensure 
good inference accuracy. In addition to fabrication 
tolerances, refractive index drift due to thermal crosstalk 
between optical components continuously disturbs phase 
settings during operation, requiring correction by active 
circuits that incur power and area overheads.

3.5. Neuromorphic complementary metal-oxide-
semiconductor and hybrid devices

Neuromorphic CMOS devices use standard semiconductor 
technology to implement brain-like computation 
primitives, whereas hybrid approaches use emerging 
device technologies. The leaky integrate-and-fire (LIF) 
neuron model is the simplest model that mimics the 
essential dynamics of biological neurons in two coupled 
physical processes. A passive, physical integration process 
(no switching energy required) first occurs: a capacitor 
charges to the neuron’s membrane potential when synaptic 
input currents flow into the neuron. Second, a threshold 
comparator determines the capacitor’s voltage; when it 
exceeds a firing threshold, a spike is generated, and the 
capacitor is discharged. This implementation does not 
consume active energy during the integration phase, 
except for rare spike activations.49 This is the source of the 
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energy efficiency of this implementation.

A hybrid CMOS–memristor architecture can directly 
encode the synaptic weight in a memristive device, 
storing the physical state of resistance, without using a 
separate SRAM cell to store the weight value. Similarly, 
PCM devices can be used for high-precision multilevel 
weight storage, while spintronic MTJs can be used for fast 
switching with high endurance for frequently updated 
synaptic connections.23 An important integration scheme 
at the device level is the one-transistor-one-resistor 
(1T1R) cell, in which a select transistor is connected in 
series with each memory device. The transistor enables 
accurate current adjustment during programming and 
prevents sneak-path leakage, enabling individual devices 
to be addressed. Memory stacks can be co-fabricated on 
top of the CMOS layer using back-end-of-line processing 
and provide high-density vertical integration without 
increasing chip area.23 This is a physical integration-based 
approach, at the device level, for the crossbar computing 
arrays described in Section 4. The physical mechanisms of 
the devices described in this section lay the groundwork 
for the circuit architecture described in Section 4 and 
for how these devices are organized, interconnected, and 
controlled to form functional computing systems. Table 1 
offers a summary comparison of the five device platforms 
covered in this section.

4. Circuit-level implementations
In the case of physics-driven AI, the actual physical 
mechanisms of the device are described at the device 
level in Section 3 and serve as the basic computational 
primitives upon which the AI can operate. Turning these 
primitives into practical and scalable computing systems 
necessitates circuit architectures that organize, connect, 
and control devices to create hardware platforms that 
can perform valuable computation. Circuit-level design 
addresses practical issues that do not arise at the single-
device level, such as analog-to-digital and digital-to-
analog signal conversion, asynchronous communication 
across large arrays of circuits, and the integration of 
different device technologies into a single design. Four key 
circuit-level architectures: in-memory computing arrays, 
neuromorphic and event-driven circuits, oscillatory and 
stochastic circuits, and photonic circuits are explored. 
For each, the discussion emphasizes the circuit-level 
organization and control of devices, while referring to the 
discussion of device physics in Section 3 and the co-design 
of algorithms and hardware in Section 5.

4.1. In-memory computing circuits

In-memory computing circuits can directly perform 
VMM operation in memory arrays, avoiding the 
continual copies and movement of data between the data 

Table 1. Comparative overview of physics-driven AI hardware platforms

Platform Computational 
principle Scalability Precision Energy efficiency Primary non-

ideality
Application 

targets

Memristive 
(RRAM)

Analog 
conductance for 

in-memory VMM
High 4–8 bits effective Tens of TMACS/W Variability, 

endurance, drift
Edge inference, 

on-chip learning

Phase-change 
memory

Multilevel 
amorphous–

crystalline 
transitions

Moderate Up to 100 levels/
cell High for inference Conductance drift, 

thermal cross-talk
Synaptic storage, 
analog training

Spintronic (MTJ)

TMR for 
memory; STNOs 

for oscillatory 
computation

High endurance Binary to low-
precision

Sub-pJ switching 
energy

Thermal stability, 
variability

Non-volatile 
memory, 

probabilistic 
computing

Photonic

Optical 
interference for 
passive linear 

VMM

Limited by 
fabrication 
tolerances

6–8 bits effective

Ultra-low latency; 
laser overhead 

limits net 
efficiency

Phase calibration, 
thermal drift

High-speed 
inference, data-

center AI

Neuromorphic 
CMOS

Event-driven spike 
integration; hybrid 

CMOS-memory 
synapses

High (millions of 
neurons)

Spike-based 
temporal encoding

Milliwatt-range for 
sparse workloads

SNN training 
difficulty, interface 

overhead

Edge AI, 
healthcare, 

robotics

Abbreviations: AI: Artificial intelligence; CMOS: Complementary metal-oxide-semiconductor; MTJ: Magnetic tunnel junction; RRAM: Resistive 
random-access memory; SNN: Spiking neural network; STNO: Spin-torque nano-oscillator; TMACS/W: Tera multiply-accumulate operations per 
second per watt; TMR: Tunnel magnetoresistance; VMM: Vector–matrix multiplication.
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processor and memory, which are responsible for most 
energy consumption in conventional Von Neumann 
accelerators.7,51

The basic structure of circuits in in-memory computing 
systems is the crossbar array, where a physical switching 
device, such as a memristor, a PCM cell, or a ferroelectric 
field-effect transistor (FeFET), as described in Section 3, is 
crossed by horizontal word and vertical bit lines. Analog 
voltages (Vi) are given as inputs row-wise. As per Ohm’s 
law, the currents flowing through each of the devices are as 
in Equation 1; the currents thus add up along each column 
as per Kirchhoff ’s current law:

j ij i
i

J G V=∑ 	 (2)

This column current jJ  corresponds directly to the dot 
product of the input voltage vector with the j-th column of 
the conductance matrix, implementing VMM in a single 
passive electrical step across the entire array simultaneously, 
without any data movement.21 Digital-to-analog converters 
(DACs) are needed to convert the digital input activation 
values to analog voltages applied to the rows of the crossbar, 
and analog-to-digital converters (ADCs) are needed to 
convert the analog output currents from the columns into 
digital values for use in downstream processing. ADC and 
DAC circuits are often a significant contributor to system-
level energy consumption and latency, and in some cases, 
their power consumption accounts for most of the total 
system power, partially eliminating the benefits of analog 
in-array computation.21,30

There are several circuit-level effects that do not 
occur at the single-device level and affect the accuracy of 
crossbar VMM. The voltage supplied to devices farther 
from the driver on the word or bit line will differ from the 
desired input voltage due to current-resistance product 
drop across the word or bit line resistance, resulting in 
systematic computation errors that increase with the 
array size. In passive crossbar arrays, sneak-path currents 
cause a false loading on column currents, and circuit-level 
modeling has demonstrated the need for correct sneak-
path characterization to guarantee reliable array design for 
large arrays.31 The 1T1R cell structure has been proposed 
to solve the sneak-path currents problem by adding a select 
transistor (1T) for every memory device, thus individual 
cell addressing is achieved at the expense of increased cell 
area.21,31 The hierarchical array tiling approach is to divide 
large logical arrays into small physical sub-arrays with 
their respective local peripheral circuits to limit IR drop 
and the accumulation of sneak-paths to manageable levels. 

To achieve a higher effective number of bits of precision 

than is possible with a single analog device, a bit-slicing 
architecture stores each synaptic weight in a bunch of 
low-precision memory elements and then combines the 
output of the memory elements in the digital domain 
with the correct binary weighting. Open and closed 
loops of write-and-verify circuits repeatedly program 
each device and check its conductance state to account 
for device variability and achieve more accurate weight 
placement.21,31 Implementing in-memory computing 
circuits based on FeFETs has reached power efficiency of 
more than 800 TOPS/W7, and large-scale systems based 
on memristors have been able to reach energy efficiency 
of tens of TMACS/W with mixed precision.7,31 One such 
example of the necessity of cross-layer co-design is the 
consideration of memristive conductance variability in the 
system’s accuracy. The variability across memristive device 
cycles is 10–20%, which can cause systematic errors in 
each crossbar’s output in the VMM and reduce inference 
performance by a few percentage points when using the 
VMM without hardware-aware optimization. When 
trains are noise-aware, and circuits include closed-loop 
write-and-verify circuits, this error rate can be reduced 
to less than 1% for standard classification circuits without 
sacrificing algorithmic or circuit fixes.

4.2. Neuromorphic and event-driven circuits

The components of neurons and synapses are arranged into 
asynchronous, event-driven systems called neuromorphic 
circuits that compute only when they receive a spike event 
and do not use a global clock. This paradigm at the circuit 
level enables high savings in power consumption and data 
transfers for sparse, temporally encoded workloads.23

The LIF neuron model is implemented at the circuit level 
by using three functional blocks. The passive integration 
of membrane potential over time is achieved through a 
membrane capacitor, Cm, which stores incoming synaptic 
currents. A leak resistor provides a continuous discharge 
path, allowing the membrane potential to decay toward 
the resting voltage. When the capacitor voltage Vm reaches 
a threshold, the threshold firing voltage Vth is detected, 
generating an output spike pulse and quickly resetting 
the capacitor voltage to a specific level, thereby quickly 
entering the refractory period. The analog CMOS version 
of this circuit consumes power only during spikes but is 
vulnerable to process variations.31 In recent years, mixed-
signal solutions that integrate analog and generate digital 
spikes in the neuromorphic processor are gaining more 
traction.52

In hybrid neuromorphic designs, synaptic weights are 
physically stored in a non-volatile memory device, and 
read-current sensing and spike-triggered weight-update 
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operations are performed by CMOS circuits. Coincidence 
detection circuits can implement spike-timing-dependent 
plasticity (STDP) locally at the synaptic level, enabling 
on-chip weight adaptation without relying on an external 
training infrastructure.14

Communication in large-scale neuromorphic systems 
uses asynchronous communication (address-event 
representation [AER]), where spikes are sent as digital 
packets containing the address of the firing neuron. 
AER-based interconnects transmit information sparsely 
at the circuit communication level by implementing 
event-driven sparsity.52 IBM TrueNorth is a fully digital, 
event-driven, massively parallel architecture with 1 
million programmable neurons and 256 million synapses, 
consuming a few milliwatts of power when performing 
inference workloads.30 Intel Loihi has on-chip learning 
circuits that enable local plasticity rules, such as STDP31, 
and programmable spiking neuron models.

4.3. Oscillatory, stochastic, and probabilistic circuits

Oscillatory, stochastic, and probabilistic circuits leverage 
the inherent dynamics and randomness of physical 
systems as computing resources, rather than treating them 
as sources of error to be suppressed.53 Networks of coupled 
oscillators are realized in the circuit domain as CMOS ring 
oscillators, STNOs, or memristive relaxation oscillators. 
Individual oscillators are coupled to one another via 
electrical resistors, capacitors, or mutual inductance, and 
the values of these components determine the strength of 
the coupling. Injection locking, in which a reference signal 
is injected into an oscillator, locks the oscillator’s phase 
to the injected reference, and mutual phase coupling, in 
which two oscillators interact to establish stable phase 
relationships, are the two main circuit-level mechanisms 
that underlie computation. The collective circuit dynamics 
converge toward phase configurations that minimize a 
global energy function, physically implementing Ising 
machine optimization:

, ij i ji j
E J s s= −∑ 	 (3)

where /i js  is the state of the phase of oscillator i/j, and Jij 
is the coupling strength between oscillators i and j. This 
directly maps to the physical dynamics of the circuit, the 
combinatorial optimization problems.54

Stochastic circuits use the natural noise from devices, 
such as thermal noise, random telegraph noise, and 
stochastic MTJ switching, to produce random bitstreams at 
the circuit output. The numbers [0,1]x∈

 
are represented 

in the stream by the probability that a particular bit in the 
stream is set to logic 1. Then the minimal logic circuits are 

used to carry out arithmetic operations: the multiplication 
is performed using a single AND gate:

1 2y x x= ⋅ 	 (4)

and the scaled addition by a multiplexer. This significantly 
reduces hardware complexity compared with conventional 
binary arithmetic hardware units.52,53 Tunable probability 
distributions are wired into circuit configurations of 
stochastic MTJs and phase change devices, which have 
intrinsic randomness. By using voltage-controlled biasing 
circuits, the switching probabilities of stochastic devices 
can be programmed to produce random outputs that can 
be used as physical samplers in Markov Chain Monte 
Carlo (MCMC) sampling and Boltzmann machine (BM) 
inference, enabling hardware-efficient probabilistic AI 
without software-based random number generation.44,52

4.4. Photonic and optical circuits

For use in computing systems, the waveguides, 
interferometers, modulators, and detectors described 
in Section 3.4 need to be organized and interconnected 
into a photonic circuit. The basic programmable circuit 
element in photonic computing is the Mach–Zehnder 
interferometer (MZI), which consists of a pair of phase 
shifters and a pair of 50/50 beam splitters and can be used 
to perform a programmable unitary 2 × 2 transformation. 
An arbitrary N × N unitary matrix transformation can 
be implemented by arranging N (N − 1)/2 MZIs in a 
triangular or rectangular mesh topology, thus forming the 
circuit-level basis for optical VMM.19

By using wavelength-selective components such 
as arrayed waveguide grating or banks of micro-ring 
resonators, multiple wavelength channels can be routed 
through a common waveguide network in a WDM circuit 
architecture, and many independent VMM operations can 
use the same physical MZI mesh using different wavelength 
channels. With WDM technology, more than 100 parallel 
computational channels can be accommodated on a single 
waveguide, far more than can be achieved with electronic 
interconnects.7 Further increasing computational 
throughput is temporal multiplexing, where multiple data 
streams are interleaved in time using optical delay lines 
and fast switches.

The current photonic AI circuits are in a hybrid 
configuration. In the optical domain, high-speed, passive 
linear operations are performed using MZI meshes. 
Nonlinear activation functions, memory of the weight, 
scheduling, and generation of control signals for the 
phase shifters are generated in the electronic domain. 
Interface circuits include electro-optic modulators and 
photodetectors and are used to convert signals between the 
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electrical and optical domains at the circuit boundaries. 
One of the most important circuit-level specifications 
is active phase calibration, which can be used to correct 
static phase offsets due to waveguide geometry variations 
that degrade VMM accuracy. Closed-loop correction 
circuits keep the phase error below 1%.23 Fabrication-
induced phase errors from 1–2% have been demonstrated 
to decrease the inference accuracy of a neural network by 
5–15% compared to the ideal case (dependent on both 
the depth of the neural network and the number of MZI 
stages). The power and area costs of these active calibration 
circuits are intrinsic to any system-level efficiency analysis, 
as they are directly driven by these circuits.14,50 A summary 
of the circuit-level architecture discussed in this section is 
presented in Table 2, which cross-correlates the platform 
with the important circuit-level architectures in each, the 
primary operation performed by each architecture, and the 
major problem at the circuit level.

5. Algorithm-hardware co-design
A major paradigm to enable efficient AI systems on new 
computing substrates is the co-design of algorithms and 
hardware. AI paradigms such as in-memory computing 
systems, neuromorphic processors, and photonic 
accelerators deviate from the traditional digital computing 
paradigm because their algorithms depend on the devices’ 
physical properties, including finite precision, device 
variability, stochastic switching, and other nonlinear 
response characteristics.

Algorithms assume a certain kind of relationship that 

may not hold in hardware, leading to a massive loss of 
accuracy when directly mapped onto it.55 Thus, co-design 
methods are becoming more and more in demand, where 
the learning algorithm is specifically designed for the 
physical properties of the underlying hardware, especially 
in the context of analog and mixed-signal systems, in 
which the amount of computation is limited by the physics 
of the hardware.7

Algorithms and hardware design go hand in hand, 
and, most importantly, hardware defects should not 
be overcome solely by the algorithm but leveraged as a 
computational resource. The stochastic nature inherent in 
nanoscale devices can be used for probabilistic inference 
and sampling-based learning8, and analog dynamics in 
a physical system are an efficient way to implement an 
optimization process by minimizing the energy of the 
system.52 Since computation in neuromorphic systems is 
event-driven, it offers sparse and asynchronous information 
processing with much less energy consumption than 
synchronous digital ones.45 Co-design has been reported 
to bring about significant benefits in terms of energy 
efficiency, latency, and scalability, specifically for edge and 
resource-constrained workloads21 by co-optimizing the 
algorithm design with device and circuit properties.

5.1. Co-design framework and cross-layer 
optimization

The algorithm–hardware co-design can be considered 
a multi-layer optimization framework that accounts for 
the constraints and opportunities of devices, circuits, 

Table 2. Summary of circuit-level architectures for physics-driven AI

Circuit type Key circuit structures Primary computation Device basis Dominant challenge

In-memory computing Crossbar arrays, 1T1R cells, bit-
slicing, ADC/DAC peripherals

Analog VMM via Ohm’s and 
Kirchhoff ’s laws

Memristors, PCM, FeFET ADC/DAC overhead, 
current-resistance 
product drop, sneak-path 
currents

Neuromorphic and 
event-driven

LIF neuron circuits, synaptic 
weight circuits, AER 
interconnects

Event-driven spike integration 
and communication

Neuromorphic CMOS, 
hybrid memory synapses

Analog-digital trade-off, 
SNN training mapping

Oscillatory and 
stochastic

Coupled ring oscillators, 
STNOs, stochastic bitstream 
generators

Phase synchronization, Ising 
energy minimization, MCMC 
sampling

CMOS oscillators, 
spintronic MTJs, PCM

Synchronization stability, 
noise control, digital 
interface

Photonic and optical MZI meshes, WDM 
multiplexers, AWGs, hybrid 
electro-optical interfaces

Optical VMM via interference, 
wavelength-parallel 
computation

Waveguides, phase 
shifters, micro-ring 
resonators

Phase calibration, 
nonlinear activation, 
CMOS integration

Abbreviations: 1T1R: One-transistor-one-resistor; ADC: Analog-to-digital converter; AER: Address-event representation; AI: Artificial intelligence; 
AWG: Arrayed waveguide grating; CMOS: Complementary metal-oxide-semiconductor; DAC: Digital-to-analog converter; FeFET: Ferroelectric 
field-effect transistor; LIF: Leaky integrate-and-fire; MCMC: Markov Chain Monte Carlo; MTJ: Magnetic tunnel junction; MZI: Mach–Zehnder 
interferometer; PCM: Phase-change memory; SNN: Spiking neural network; STNO: Spin-torque nano-oscillator; VMM: Vector–matrix multiplication; 
WDM: Wavelength-division multiplexing.
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architectures, and algorithms. Unlike classical design 
flows, where hardware and software design are regarded 
as largely independent layers, co-design is a correlation in 
which the possibility to use a given hardware influences the 
design of the algorithm, and the need for a given algorithm 
influences the choice and configuration of the hardware 
used in its implementation.10

Co-design is, at heart, a way to cope with the mismatch 
between idealized algorithmic models and non-ideal 
hardware implementations. Unlike conventional deep 
learning, which is assumed to use high-precision 
arithmetic with exact weight updates, emerging platforms 
support low- or medium-precision arithmetic and are 
inherently nondeterministic due to noise, variability, and 
the nonlinearity of the platform.16,56

The co-design framework of D–C–A is shown in Figure 
4. Algorithm-level methods limit precision, tolerance 
to variability, and sparsity. Top-down and physics-level 
primitives drive hardware capabilities and constraints 
top-down from device/circuit levels. At the circuit-
architecture level, these two directions converge to provide 
co-optimized systems that leverage, rather than merely 
tolerate, physical dynamics.

Physically, the variability, noise, nonlinearity, and 
limited precision of the devices add constraints on 
the behavior of the circuits and performance of the 

algorithms. Conductance drift and stochastic switching 
in memristive devices affect the stability and accuracy 
of the weights that, in turn, affect training dynamics and 
inference reliability.18,56 Developing effective precision, 
latency, and energy efficiency at the circuit level is directly 
tied to algorithmic requirements, such as quantization 
levels, training strategies, and model architectures7,57, 
which are influenced by design choices such as the size of 
the crossbar array, the resolution of the ADC/DAC, and 
peripheral overhead. Algorithms such as hardware-aware 
training, quantization-aware learning, and noise-aware 
optimization modify models to account for hardware 
constraints, achieving robust, efficient performance in the 
presence of hardware nonidealities.16,56 The main enablers 
for effective cross-layer co-optimization are hardware-
aware algorithms with explicit consideration for the 
characteristics of the devices and circuits in the system 
during training16,57; algorithm–architecture co-design 
where the algorithm structure is tailored to the hardware 
capabilities of the system16,21 mixed precision computing, 
where different layers of the system are allocated different 
number of bits for precision57; and calibration and adaptive 
tuning, which compensate for device variability and aging 
during the system lifetime.13 With the increasing trend 
of using modern AI accelerators that feature a mix of 
digital CMOS cores, analog in-memory computing blocks, 
neuromorphic processors, and photonic interconnects, 

Figure 4. Cross-layer device–circuit–algorithm (D–C–A) co-design framework combining top-down algorithm-constrained and bottom-up physics-
constrained primitives to neuromorphic and physics-driven artificial intelligence (AI) systems.
Abbreviations: 1T1R: One-transistor-one-resistor; CNN: Convolutional neural network; MTJ: Magnetic tunnel junction.
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careful co-design of communication protocols, dataflow, 
and workload partitioning is required.16,21

5.2. Precision-aware and hardware-aware training

The software–hardware mismatches are associated with the 
non-ideal behavior of emerging hardware platforms and 
are the subject of the research area known as hardware-
aware training. Conventional deep neural networks 
are trained under the assumption of high-precision 
numerical computation, fixed weight updates, and 
precise linear operations. However, when implemented in 
analog or mixed-signal systems such as resistive crossbar 
arrays, PCM systems, and neuromorphic processors, 
the above assumptions are no longer valid because of 
device variability, limited precision, noise, and nonlinear 
programming characteristics.16,56,57 

Weight updates are often nonlinear and asymmetric 
in analog in-memory computing systems because of 
the physics of the devices described in Section 3.1, and 
inference is subject to conductance drift, IR drops, and 
read noise.18,56 Noise-aware training adds stochastic 
perturbations to simulate the device variability, thus 
enhancing generalization and robustness when deployed in 
hardware.56 Reports of device-aware training frameworks 
that explicitly model conductance quantization and a 
restricted dynamic range enable community networks to 
be tailored to discrete, restricted weight representations.58

Quantization-aware training (QAT) bounds weights 
and activations to low-bit representations, such as 4-bit or 
8-bit, and mimics the quantization effect during training 
to maintain accuracy at inference time.59 It has been 
demonstrated that QAT can be used with reduced precision 
to achieve near-floating-point precision while reducing 
the energy required to deploy it on a platform with limited 
resources.58 A good compromise between precision and 
efficiency is given by mixed-precision strategies, where 
important layers have high precision.57

In a memristive crossbar array, the incremental 
conductance modification is also a nonlinear function of 
the programming pulses; training algorithms that account 
for this nonlinearity can model the weight evolution 
during training to match the actual device programming 
behavior.56 The presence of non-ideal synaptic devices 
further boosts the training accuracy and convergence in 
closed-loop write-and-verify schemes and pulse-based 
update models.13 These stochastic perturbations, such as 
dropout or adversarial noise injection, are regularization 
techniques that can also improve generalization in low-
precision and analog computing regimes16,56 while also 

helping to create deployment-robust networks.

5.3. Spiking neural networks and learning rules

Spiking neural networks are a fundamentally new 
paradigm of computation that propagate information 
and compute in the form of spike events rather than 
continuous-valued activations, as in conventional artificial 
neural networks (ANNs). This representation is time-rich 
and naturally aligns with neuromorphic hardware (Section 
4.2), allowing for sparse, asynchronous, and energy-
efficient computation.25,45

One of the main problems in SNNs is the design of an 
efficient learning algorithm; such algorithms struggle to be 
directly applied to conventional backpropagation because 
spike events are non-differentiable. The first works were 
biologically inspired local learning rules, notably STDP27, 
which adjust synaptic weights based on the relative timing 
of pre-synaptic and post-synaptic spikes. Although very 
scalable to shallow architectures, STDP is not as suitable 
for unsupervised feature extraction with high hardware 
compatibility as it is for deep architectures.27,31 While 
biologically realistic models and current machine learning 
methods have been connected in the past via gradient-
based optimization, this concept was later extended to 
spiking networks by Bohte et al.60, who showed how error 
back-propagation can be adapted for use with temporally 
encoded spiking networks.

Surrogate gradient methods, based on a smooth 
surrogate, are used in the backpropagation process for 
SNNs to optimize the network using gradient-based 
methods when the spike activation function is non-
differentiable.61 The energy efficiency (on neuromorphic 
hardware58) and the fact that surrogate gradient learning 
has been a powerful method to improve the accuracy of 
SNNs on benchmark tasks with performance near ANN-
level have motivated the development of this method. 
However, the use of a surrogate gradient function brings its 
own problems (sensitivity to the specific choice of surrogate 
function, convergence instability in deep architectures, and 
lower accuracy than conventional ANNs on more complex 
tasks), which remain open questions and active areas 
of research.58,61 SNNs utilize spike timing, spike rate, or 
spike phase to encode information, with no computation 
occurring in between spikes and thus exhibiting naturally 
sparse activity25, which can directly lead to lower energy 
use on neuromorphic hardware. A few promising proof-
of-concept implementations of SNNs, such as IBM 
TrueNorth and Intel Loihi, have demonstrated that they 
can be a viable alternative to digital processors and are 
significantly more energy efficient.30,31
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5.4. Oscillatory and phase-based algorithms

Oscillatory and phase-based computing paradigms are a 
class of physics-inspired paradigms in which computation 
arises from the collective dynamics of coupled nonlinear 
oscillators. In contrast to traditional neural networks, 
which store information in the weighted sum and 
nonlinear activation of a set of static neurons, these 
networks store information in the phase, frequency, or 
synchronization state of the oscillatory elements, and 
use the synchronization, phase locking, and energy 
minimization of these elements to solve optimization and 
inference problems.52 While Section 4.3 discusses circuit-
level implementations of oscillator networks, this section 
focuses on the algorithmic principles and computational 
mappings.

The most notable use of oscillatory computing has been 
for Ising machines for solving combinatorial optimization 
problems. Oscillator phases code for binary variables, 
and the intensity of the interactions between variables is 
coded as coupling strengths.52 The dynamics of the system 
are based on phase synchronization to minimize the Ising 
energy function of Equation 3, which helps to solve non-
deterministic polynomial-time (NP) hard problems such 
as graph partitioning, traveling salesman, and constraint 
satisfaction efficiently.52 The computation in the phase-
based approach is based on the relative differences in 
phases of information and not absolute amplitude. 
Coupled oscillator systems can display phase transitions, 
frequency entrainment, and collective synchronization, 
which can be utilized to achieve powerful information 
processing even in the presence of noise and variability.52,54 
While SNNs can be used to represent temporal dynamics, 
hybrid solutions, involving the combination of SNNs 
and oscillatory dynamics, have been developed to enable 
richer temporal representations, while oscillator networks 
coupled with probabilistic devices can be used for sampling 
and inference in probabilistic computing.62

5.5. Probabilistic and stochastic inference

Probabilistic and stochastic inference is not merely a way of 
dealing with uncertainty or randomness as sources of error, 
but as a source of computational resources. Probabilistic 
models, unlike deterministic neural networks, which 
always output the same result for a given input, explicitly 
model uncertainty and allow reasoning with incomplete or 
noisy information, which is crucial for applications such 
as Bayesian inference, generative modeling, and reasoning 
under uncertainty.63

Stochastic computing is a way of representing 
numerical values as a stochastic bitstream, where each bit 
encodes a probability. A value x ∈ [0, 1] is represented by 

a series of bits with a probability of getting a logic 1 of x. 
Minimal logic circuits are then used to execute arithmetic 
operations: Multiplication is carried out by multiplying the 
two inputs x1 and x2 with a single AND gate, and scaled 
addition uses a multiplexer, which greatly simplifies the 
hardware implementation.52 New devices that naturally 
produce random fluctuations enable hardware-based 
sampling for MCMC methods and Bayesian inference.52,62

Probabilistic inference can be conveniently expressed 
in terms of energy models, in which the probability of a 
state of the system is:

( ) ( )( )1 expP s E s
Z

= − 	 (5)

The partition function is a function Z  that is used to 
calculate the energy function ( )E s . T﻿his formulation is 
very similar to the Ising model in Equation 3, thereby 
establishing a direct link between stochastic inference and 
physics-based optimization.63 This framework is exploited 
by BMs to learn and perform inferences by sampling from 
the energy distribution; hardware implementations of the 
BMs can take advantage of the intrinsic stochasticity of the 
device, allowing this sampling to be performed efficiently, 
with much reduced computational overheads as compared 
to digital implementations.52 Thermally activated switching 
spintronic devices enable tunable probability distributions 
for stochastic neurons and memristive devices designed 
to operate in the probabilistic switching regime, enabling 
stochastic learning and inference.57,62 

A summary of the algorithm–hardware co-design 
strategies discussed in this section is provided in Table 3, 
which indicates the extent of hardware properties exploited 
by the algorithmic technique, the representative hardware 
platform, and the device basis for each paradigm.

6. System-level applications
The D–C–A innovations described in Sections 3–5 
collectively enable a new generation of intelligent 
hardware systems with capabilities that extend well beyond 
conventional digital accelerators. This section examines 
how physics-driven AI platforms translate into tangible 
system-level impact across five representative application 
domains: edge AI and wearable devices, autonomous 
vehicles and drones, healthcare monitoring, robotics, and 
space electronics.

6.1. Edge artificial intelligence and wearable devices

Edge AI is the deployment of intelligent inference and 
learning on resource-constrained devices that are not 
dependent on cloud connectivity. Some applications 
of this include keyword detection in smart speakers, 
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gesture recognition in smart watches, anomaly detection 
in industrial sensors, and activity classification in fitness 
trackers. All these applications have similar requirements: 
low power consumption, real-time response, small size, 
and operation without a power cord, all powered by 
batteries.23

Sensory inference workloads are power-efficient with 
neuromorphic processors such as IBM TrueNorth and Intel 
Loihi, which consume only milliwatts of power and process 
only when relevant input events occur. SNNs (Section 5.3) 
are naturally sparse and intermittent, similar to the nature 
of data streams from wearable sensors, thereby allowing 
energy consumption to be proportional to the amount of 
input activity, rather than a fixed, clock-driven overhead. 
Further efficiencies in inference energy come from analog 
in-memory computing circuits (Section 4.1) that execute 
multiply-accumulate operations within memory arrays, 
making it possible to achieve hundreds of TOPS/W.7 
When it comes to analog devices, hardware-aware training 
techniques (Section 5.2) ensure that the models used on 
these low-precision devices are still accurate enough for 
deployment, despite the variability in the devices.16

6.2. Autonomous vehicles and drones

To make safety-critical decisions based on high-bandwidth 
streams of data from various types of sensors, such as light 
detection and ranging (LiDAR) point clouds, camera 
frames, and radar returns, autonomous vehicles and 
unmanned aerial vehicles require real-time processing 
under strict latency and power constraints.23 In this field, 
photonic accelerators (Section 4.4) are especially suited 
since the optical interference can be used to perform 

matrix multiplications at the speed of light with very low 
energy consumption per operation, which is necessary for 
the very low latency demanded for real-time navigation.14,19 
WDM also allows multiple sensor streams to be processed 
in parallel on the same physical circuit. A natural 
uncertainty-estimation substrate for a perception system 
would be spintronic probabilistic computing (Section 5.5), 
which would allow vehicles to estimate the confidence of 
sensor interpretations and take conservative actions when 
they are not confident.

6.3. Healthcare monitoring

Healthcare monitoring involves continuous cardiac 
rhythm analysis, epileptic seizure detection, glucose 
level prediction, sleep staging, and the diagnosis of the 
initial stage of a disease from biosignal streams. These 
applications need to be sustained with low-power, real-
time anomaly detection of the patient’s physiology and 
on-device learning to adapt to each patient’s physiology.8 
Neuromorphic computing platforms are very suitable for 
healthcare monitoring due to the time-varying nature, 
sparsity, and event-driven nature of biosignals such 
as electroencephalography, electrocardiography, and 
electromyography. SNNs (Section 5.3) take these signals 
and detect clinically pertinent patterns while consuming a 
low amount of energy resources.31,45 Memristive and PCM 
synaptic devices can adaptively update synaptic weights in 
hardware, rather than via external server communication, 
to better suit individual patient data, and can be performed 
continuously through online learning7,12. In clinical 
applications, one of the most interesting frameworks is 
probabilistic inference (Section 5.5), as it is important to 
quantify uncertainty to make a reliable diagnosis.63

Table 3. Summary of algorithm–hardware co-design strategies across physics-driven AI paradigms

Co-design dimension Precision-aware training Spiking neural 
networks

Oscillatory and phase-
based

Probabilistic and 
stochastic References

Device basis Memristive and PCM 
analog conductance

Neuromorphic CMOS 
LIF circuits

Spintronic and CMOS 
oscillators

Stochastic MTJ, 
memristive noise 7, 31, 47, 58

Primary algorithm 
technique

QAT, noise-aware 
training, device-aware 

backprop

STDP, surrogate 
gradient learning

Ising energy minimization, 
phase encoding

MCMC sampling, 
Boltzmann inference 27,47,59,63

Energy efficiency 
mechanism

Eliminated data 
movement via IMC

Temporal sparsity, 
event-driven processing

Physics-native 
convergence

Simple logic gates 
replace arithmetic units 7,25,47,48

Key challenge Accuracy loss under 
device variability

Training convergence, 
scaling to deep SNNs

Synchronization stability 
at scale

Precision vs. 
convergence speed 

trade-off
47-49,56

Abbreviations: AI: Artificial intelligence; CMOS: Complementary metal-oxide-semiconductor; IMC: In-memory computing; LIF: Leaky integrate-and-
fire; MCMC: Markov Chain Monte Carlo; MTJ: Magnetic tunnel junction; PCM: Phase-change memory; QAT: Quantization-aware training; SNN: 
Spiking neural network; STDP: Spike-timing-dependent plasticity.
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6.4. Robotics

The perception, planning, and actuation elements of robotic 
systems need to be tightly coupled with short time delays, 
low latencies, and high adaptability. Event-based vision 
sensors with neuromorphic processing have tremendous 
potential for revolutionizing robotic perception. Event 
cameras are not traditional frame-based cameras; instead, 
they emit a sparse stream of asynchronous events when 
pixel intensities change, greatly reducing data bandwidth.26 
Real-time optical flow estimation and object tracking can 
be done orders of magnitude more efficiently in terms 
of energy consumption using neuromorphic processors 
natively processing AER spike streams.30,31 Oscillatory 
neural networks (Section 5.4) are a natural framework to 
model coordinated rhythmic motor patterns similar to 
those found in biological central pattern generators for 
motor control.52,53 Stochastic policy gradient methods have 
been used in robotic control39,49, including for spintronic 
devices that exhibit intrinsic stochastic dynamics.

6.5. Space electronics

Space computers are extremely power-constrained, exposed 
to high radiation levels (which can flip bits and degrade 
device performance), subject to strict thermal control, 
and are not physically maintainable once deployed.23 
Another benefit of PCM devices (Section 3.2) is that they 
are inherently radiation-hard, unlike SRAM-based digital 
memories, which depend on stored charge, and hence do 
not suffer from single-event upsets caused by high-energy 
particles hitting them.7,35 A power-efficient way to operate 
neuromorphic processors is to use them in event-driven 
mode, where they consume power only when processing 
relevant data, thereby exhibiting duty-cycled operation, 

significantly reducing average power consumption, and 
being very well suited for Earth observation satellites that 
have to process hyperspectral image streams on board.30,31 
Spintronic MRAM offers non-volatility, high endurance, 
and radiation tolerance, ensuring weight retention across 
temperature extremes and radiation doses in low Earth 
orbit (LEO) and geostationary orbits, respectively.39

A summary of the mapping of application-domain 
requirements to physics-driven hardware platforms 
discussed in this review is given in Table 4. One theme that 
emerges in all five of these application domains is that the 
physical characteristics of emerging hardware platforms, 
such as event-driven sparsity, analog in-memory 
computation, stochastic dynamics, and optical parallelism, 
are natural matches to the computational requirements of 
real-world intelligent systems. This alignment drives the 
design philosophy of the D–C–A, the focus of this review.

7. Challenges, open problems, and future 
directions
Despite rapid advances in physics-based AI, several 
challenges remain in implementing these new paradigms 
into a scalable, reliable, and widely deployable system. 
There are problems at every level—device physics, 
algorithms, and system integration—and there is still a 
need for innovation and cross-disciplinary innovation.

7.1. Device-level challenges: variability, reliability, 
and scalability

With the advent of new technologies such as memristors, 
PCM, and spintronic devices, there is inherent variability 
in switching mechanisms across devices due to stochastic 
switching, fabrication defects, and material variations. 

Table 4. Mapping of system-level application requirements to physics-driven AI hardware platforms

Application domain Key requirements Primary challenge Suited hardware platform Reference

Edge AI and 
wearables

Sub-mW power, real-time 
inference, small footprint

Always-on operation with 
minimal energy

Neuromorphic processors, analog 
IMC arrays 7,30,31

Autonomous 
vehicles and drones

Ultra-low latency, high bandwidth, 
real-time perception

Processing dense sensor streams 
within ms windows

Photonic accelerators, hybrid 
analog–digital IMC 7,14,19

Healthcare 
monitoring

Low power, on-device learning, 
uncertainty quantification

Adapting to individual patient 
physiology

Neuromorphic SNNs, memristive 
and PCM synapses, probabilistic 

circuits
7,31,63

Robotics Real-time sensorimotor 
processing, adaptive learning

Event-driven perception and 
motor control

Neuromorphic event cameras, 
oscillatory networks, spintronic 

devices
31,43,47

Space electronics Radiation hardness, thermal 
tolerance, self-calibration

Device degradation under 
radiation exposure

PCM-based IMC, spintronic 
MRAM, neuromorphic processors 7,30,33

Abbreviations: AI: Artificial intelligence; IMC: In-memory computing; MRAM: Magnetoresistive random-access memory; mW: milliwatt; PCM: Phase-
change memory; SNN: Spiking neural network.
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Such non-idealities include conductance drift, cycle-to-
cycle variations, endurance limitations, and retention 
degradation, all of which affect computational accuracy 
and long-term reliability.

At scale, other effects such as IR drop, sneak-
path currents, and thermal cross-talk further impact 
performance in dense arrays. These effects can be exploited 
in stochastic computation applications, but are a serious 
limitation for deterministic and precision applications. 
However, a key challenge for practical deployment is to 
obtain characteristics that are reliable, reproducible, and 
manufacturable.

7.2. Circuit-level constraints and energy bottlenecks

Analog and mixed-signal circuits are subject to inherent 
precision limitations at the circuit level due to noise, 
quantization, and non-ideal analog circuit components. 
Peripheral circuits, such as ADCs and DACs, can consume 
significant system energy, canceling out the efficiency of 
in-memory/analog computation.

Moreover, parasitic effects will compromise signal 
integrity during the scaling up of crossbar arrays, and 
the stability of oscillatory and neuromorphic circuits 
becomes increasingly complicated as they scale up. These 
restrictions make it clear that circuit architecture is needed 
that combines accuracy, low power consumption, and 
scalability.

7.3. Algorithmic robustness and learning paradigms

The algorithms used in classical digital hardware cannot be 
directly transferred to physics-based hardware because of 
imprecision, stochasticity, and nonlinear device properties. 
Hardware-aware training and quantization techniques 
have shown some promise, but consistent performance 
across different hardware substrates remains an open 
question.

Moreover, new issues are arising in training and 
optimization due to paradigms such as SNNs, stochastic 
inference, and oscillatory computing, such as non-
differentiability, convergence instability, and sensitivity 
to noise. There is a research direction toward developing 
learning frameworks intrinsically tied to the physics of the 
hardware, rather than working around it.

7.4. System integration and cross-layer complexity

One of the biggest problems is integrating different 
computing paradigms, such as analog in-memory 
computing, digital logic, neuromorphic processors, and 
photonic interconnects. Efficiently coordinating the 
activities of these elements is essential, since a large portion 
of the energy consumed in the system is often devoted to 

moving data and communicating among components.

Efficient workload partitioning, scheduling, and 
interface design are necessary to balance the computation 
among the different domains. Additionally, the lack of 
common design methodologies, interactions, or interfaces 
with other systems in a large-scale integration reduces the 
scalability of existing solutions.

7.5. Benchmarking, standardization, and evaluation

One of the biggest challenges to advancing the field 
is the lack of common benchmarking initiatives for 
physics-driven AI systems. However, it is difficult to 
make performance comparisons because of differences 
in databases, levels of accuracy, and evaluation methods. 
Measures of robustness, adaptability, and reliability 
under real-world conditions must be included alongside 
traditional metrics, e.g., throughput and energy efficiency. 
To facilitate fair comparisons and accelerate technology 
adoption, it is necessary to establish unified evaluation 
frameworks.

7.6. Software–hardware interface and 
programmability

A lack of well-developed programming models and 
software tool chains is another major challenge. Whereas 
in traditional computing platforms, there are well-
defined software abstractions, programming physics-
driven hardware requires consideration of device and 
circuit behavior. The fundamental challenge of bridging 
high-level machine learning frameworks and low-level 
hardware implementations remains. Compiler, simulation, 
and hardware-aware programming abstractions will play 
a key role in enabling these systems to be accessible to a 
wider research and engineering community.

7.7. Emerging directions and research opportunities

Amidst these difficulties, there are also some encouraging 
steps forward that are poised to impact the future of 
physics-based AI:

•	 Hybrid computing paradigms: Several of the 
aforementioned computing paradigms (analog, 
digital, neuromorphic, photonic) will be combined 
into a single architecture in the future, and the best of 
each domain will be used to achieve better trade-offs 
between accuracy, speed, and energy.

•	 Physics-native learning algorithms: There is growing 
interest in developing algorithms that directly exploit 
device physics rather than merely compensating for 
non-idealities, including oscillatory optimization, 
stochastic sampling-based learning, and analog 
gradient computation.
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•	 Self-adaptive and self-calibrating systems: AI hardware 
could also become self-adaptive and self-calibrating, 
dynamically adjusting to device variations, aging, and 
environmental factors to ensure long-term reliability 
and robustness.

•	 AI for hardware co-design: Automated exploration 
of complex, high-dimensional design spaces can be 
achieved by optimizing hardware components, circuit 
parameters, and system architectures using machine 
learning techniques.

•	 Edge AI and autonomous systems: Physics-driven 
AI is well-suited for edge applications, especially for 
low latency and energy efficiency, enabling real-time, 
on-device intelligence to monitor healthcare, robots, 
and autonomous vehicles.

•	 Beyond Von Neumann computing: Finally, physics-
driven AI is a step toward fundamentally new 
computing paradigms that overcome the limitations 
of traditional Von Neumann architectures by offering 
tightly integrated memory, computation, and 
communication.

Physics-driven AI represents a paradigm shift in 
computing, promising routes toward energy-efficient, 
scalable, and adaptable intelligent systems. There are still 
significant challenges at the device, circuit, algorithm, and 
system integration levels, but cross-layer co-design, new 
materials, and novel computational approaches are making 
rapid strides to close the gap between theoretical potential 
and practical fruition. As these technologies evolve and 
mature, they are poised to revolutionize the building 
blocks of computing and enable the development of more 
efficient, resilient, adaptive, and physically inspired AI 
systems.

8. Conclusion
This paper provides an extensive overview of physics-
inspired AI, focusing on moving from traditional digital 
computing architectures to those that leverage physical 
phenomena directly for computation. It began by 
explaining the Von Neumann architecture and the memory 
wall paradigm, then focused on emerging paradigms for 
fundamentally new approaches to energy-efficient and 
scalable AI, such as in-memory computing, neuromorphic 
systems, oscillatory and stochastic computing, and 
photonic architectures. 

Technologies such as memristive, spintronic, and phase-
change devices enable the integration of memory and 
computation at the device level and form the foundation of 
a physics-native approach to computing. New circuit and 
architectural implementations, such as crossbar arrays, 
neuromorphic cores, and oscillatory networks, illustrate 

how one can exploit physical dynamics to perform efficient 
computation. In terms of the algorithmic approach, 
methods such as hardware-aware training, SNNs, stochastic 
inference, and oscillatory optimization demonstrate the 
need for algorithmic and hardware co-design.

An interesting idea that recurs throughout this work 
is co-optimization: devices, circuits, architectures, and 
algorithms are designed together to optimize the system 
as a whole. The limitations of traditional computing and 
the full exploitation of emerging hardware capabilities can 
only be overcome through this holistic approach. 

Although there has been considerable progress, issues 
remain in device reliability, circuit scalability, algorithm 
robustness, system integration, and standardization. The 
challenges will need to be addressed through ongoing 
interdisciplinary work across materials science, device 
engineering, circuit design, computer architecture, and 
machine learning.

Physics-driven AI is a transformative path for future 
computing systems overall. It goes beyond abstraction 
layers and exploits the inherent characteristics of physical 
systems to create innovative, energy-efficient, adaptive, and 
scalable intelligent machines. These paradigms are poised 
to be pivotal in the development of future AI technologies 
as research progresses.
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