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Physical neural networks are artificial neural networks that mimic synapses and neurons using physical systems or materials.
These networks harness the distinctive characteristics of physical systems to carry out computations effectively, potentially sur-
passing the constraints of conventional digital neural networks. A recent advancement known as “physical self-learning” aims to
achieve learning through intrinsic physical processes rather than relying on external computations. This article offers a compre-
hensive review of the progress made in implementing physical self-learning across various physical systems. Prevailing learning
strategies that contribute to the realization of physical self-learning are discussed. Despite challenges in understanding the funda-
mental mechanism of learning, this work highlights the progress towards constructing intelligent hardware from the ground up,
incorporating embedded self-organizing and self-adaptive dynamics in physical systems.
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1 Introduction

Biological brains outperform state-of-the-art machine intel-
ligence in many aspects, especially in terms of energy effi-
ciency. For example, it is estimated that the energy consumed
by a modern supercomputer to train a natural language pro-
cessing model is about 1000 kWh, which is sufficient for hu-
man brains to operate for a full six years [1].

To emulate the energy-efficient computational capabilities

of biological brains, the field of neuromorphic computing, or
brain-inspired computing, has emerged. This computational
paradigm traces its origins back to Carver Mead at Caltech
in the 1980s [2], where the development of bio-inspired mi-
croelectronic devices took place. The proposition was made
that large-scale adaptive analog systems have the potential
to learn about their environment while consuming signifi-
cantly less power1), thereby harnessing the full capabilities
of silicon fabrication on a wafer scale [3]. Noteworthy ex-
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amples of state-of-the-art large-scale neuromorphic systems
include TrueNorth, Neurogrid, BrainScaleS, SpinNNaker,
Loihi, Qualcomm, and Tianjic, among others etc. [2, 4-6].

While the mechanism behind how the brain’s vast number
of neurons (approximately one hundred billion) and synapses
(around one hundred trillion) achieve flexible cortical config-
urations remains as a fundamental question in neuroscience
[7], computational scientists have developed machine learn-
ing models that attempt to mimic the operational principles
of the human brain. One such model is the artificial neural
network (ANN). An ANN is a computational framework con-
sisting of numerous interconnected elements, known as neu-
rons, which are capable of receiving, processing, and trans-
mitting information. The connections between neurons, re-
ferred to as synapses, are adjustable and possess the ability
to adapt and learn. A typical ANN is structured into multiple
layers, as depicted in Figure 1(a), where the value of each
neuron, denoted as y j, is determined by the collective input
from all neurons, xi, in the preceding layer [8]:

y j = F
∑

i

wi jxi + θi

 , (1)

with wi j the adjustable synaptic weights describing how
much the input neuron xi contribute and θi the bias locally
applied on output neuron. The activation function F is non-
linear and can take various forms, such as Sigmoid, Tanh,
and ReLU. There are two stages for a working ANN: (i)

The learning process, where the network learns from a large
amount of training data by adjusting weights as well as bias.
The state of the network can be characterized by the loss
function E(wi j, xi), and during the learning phase, the neu-
ral network essentially modulates the landscape of the loss
function, as schemed in Figure 1(b) and (c) [9,10]. When the
training is finished, the network moves to the next stage—(ii)
the inference process, where the network makes predictions
on new data according to the weights determined in the first
stage. With an increase in depth (number of layers), a neu-
ral network can express highly complex functions and learn
more complex features from the training data [11]. As a re-
sult, there is a widespread understanding that “Multi-layer
neural networks can do everything” [8], including emulating
physical phenomena and discovering new physical concepts
[12, 13].

Although the ANN model has achieved remarkable suc-
cess, it faces significant challenges, including high energy
costs in both learning and inference processes, as well as a
heavy reliance on external algorithms during learning. En-
hancing computational models, such as ANN, is a critical ob-
jective in the field of artificial intelligence and machine learn-
ing. Neuromorphic computing, on the other hand, aims to
address these challenges by mapping computational models
(e.g., the one shown in Figure 1(a)) onto hardware through
the design of physical neurons and synapses. State-of-the-
art neuromorphic chips, primarily based on complementary

Figure 1 (Color online) (a) Structure of artificial neural networks (ANN). Only one layer is shown for simplicity. Data are received and transmitted in a
feedforward way through the network. (b), (c) When the neural network is learning the vector xi, it’s actually looking for an appropriate set of weights wi j that
minimizes the loss function E(wi j, xi). Bias θi is not shown for simplicity. (d) Memristor crossbar array is a type of PNN with isomorphic structure as ANN
shown in (a). (e) Three types of PNNs which perform physical mapping from input to output, but not isomorphic to ANN shown in (a). The weights (and bias)
of PNNs can be either internal physical degrees of freedom or external control parameters. The learning process of PNNs can be represented in the same way
as demonstrated in (b) and (c). Reprinted with permission from refs. [9, 10].
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metal-oxide-semiconductor (CMOS) technology, have
achieved tremendous success and surpassed conventional
processors like the graphic processing unit (GPU) [14].
Other physical platforms, including photonics [15-17], spin-
tronics [18-21], superconducting Josephson junctions [22],
mechanical metamaterials [23, 24] and two-dimensional ma-
terials [25], among others [26, 27], are also making signifi-
cant advancements.

This review focuses on a specific subgroup within neu-
romorphic computing known as physical neural networks
(PNNs), where computation and training occur within the
physical processes of the aforementioned physical systems
[9] (Figure 1(e)). Both PNNs and CMOS neuromorphic
chips can be considered as physical implementations of deep
ANNs, which benefit from significant energy efficiency in the
inference process due to physical acceleration. For instance,
matrix multiplication can be efficiently performed in parallel
either by leveraging Kirchhoff’s law in electric circuits or by
utilizing wave interference and scattering in photonic circuits
[28,29]. However, there is a fundamental distinction between
PNNs and CMOS neuromorphic chips. While PNNs di-
rectly train the hardware’s physical transformations to carry
out desired computations, CMOS neuromorphic chips im-
plement trained mathematical transformations by designing
hardware with strict, operation-by-operation mathematical
isomorphism [9]. Nowadays, most of the neuromorphic
chips perform inference in situ but are trained ex situ, so
that external computational resources are still required dur-
ing the training process, which poses a bottleneck for further
improving the speed and energy efficiency of neuromorphic
computing. With their inherent capability of physical self-
learning, PNNs offer a promising avenue for training with-
out extensive reliance on external resources. Additionally,
PNNs can harness the abundant internal degrees of freedom
within physical systems, providing opportunities to enhance
their capacity. However, several aspects of PNNs, includ-
ing scalability, learning efficiency, noise tolerance, and the
emergence of properties in complex systems beyond simple
human-designed architectures, remain open questions that
warrant further investigation. These areas present intriguing
research directions to fully unlock the potential of PNNs and
deepen our understanding of intelligent systems. This review
primarily focuses on the learning (training) process in PNNs,
particularly exploring the emerging self-learning capabilities
embedded within these physical systems.

2 Physical neural networks

ANNs are virtual neural networks created in computers, with
neurons and weights stored digitally. In contrast, physi-

cal neural networks (PNN) have neurons and weights rep-
resented in physical systems, which can be either digital or
analog.

There are two main approaches to constructing PNN as
depicted in Figure 2 [9, 30]. The top-down approach in-
volves building and integrating individual physical neurons
and synapses based on the blueprint from an ANN. The
bottom-up approach entails creating a physical system with
a stimulus-response relation that mimics the input-output re-
lation of an artificial neural network, and has adjustable con-
figurations for training.

The top-down approach for constructing PNN typically
involves using discrete device elements as synapses, such
as interconnecting non-volatile memories [31-35]. There
are emerging memory technologies suitable for emulating a
physical synapse [36], including metal-oxide-based memris-
tors [37-40], also known as resistive random access mem-
ories (RRAM), spintronic-based memristors [41-49], ferro-
magnet/ferroelectric tunnel junctions [50, 51], ferroelectric
memristors [52, 53], phase change materials (PCM) [54-58],
and organic electrochemical devices [59]. Implementing
PNNs in this way can significantly accelerate inference by
taking advantage of the massively parallel operations allowed
by physical laws, such as Kirchhoff’s law. The memristor
crossbar array (Figure 1(d)) is one of the most successful top-
down type PNN, as demonstrated by various studies [60-63].

The bottom-up type PNN, in contrast, is usually based on
a physical system that has some specific stimulus-response
features. The individual neuron or synapse may or may not
be identified. But overall, the system achieves the function
of a neural network, which is to perform a nonlinear map-

Figure 2 (Color online) Top-down vs. bottom-up. (a) Top-down approach
maps the computational model of ANN isomorphically into neuromorphic
hardwares, such as memristor crossbar arrays. (b) Bottom-up approach treats
a physical system as a PNN and performs training and inference based on its
reconfigurable stimulus-response features. Reprinted with permission from
refs. [9, 30].
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ping from input to output, though the mapping of a PNN may
not be explicitly generic. For instance, a magnetic thin film
with complex magnetization patterns can be used to imple-
ment a Hopfield neural network [64]. Random nanoclus-
ter networks formed by disordered nanowires and nanopar-
ticles can also exhibit collective intelligence [65]. Dynam-
ical systems with high complexity, such as coupled oscilla-
tors, can operate on oscillatory signals, whose synchroniza-
tion can be used to achieve non-trivial pattern classification
tasks [66, 67]. Emerging devices like dynamic memristors
[68-70], magnetic tunnel junctions (MTJs) [71] and material
systems such as ferroelectrics [72,73], synthetic active parti-
cles [74] and artificial spin ice [75] have been demonstrated
to function as a physical reservoir [10] used in reservoir com-
puting, which utilizes the intrinsic nonlinear dynamics of a
given physical system as a computational resource for stor-
age [76].

There are trade-offs associated with the top-down and
bottom-up approaches for constructing physical neural net-
works. The top-down approach allows for a well-defined net-
work structure and easy implementation of algorithms. How-
ever, it faces challenges in precisely replicating idealized net-
work models with real physical devices that have variations
and noise. The bottom-up approach leverages the natural dy-
namics of the physical platform. However, it is difficult to
implement complex architectural designs, and the learning
rules may not be fully determined. Overall, top-down PNNs
have well-controlled implementations but struggle with non-
idealities, while bottom-up approaches are more tolerant of
hardware variations but lack programming flexibility. Nev-
ertheless, both approaches can significantly enhance the ar-
chitecture design of neuromorphic computing. A noteworthy
example is the rotating neurons reservoir proposed by Liang
et al. [77], which adopts a top-down approach by mapping
the cyclic reservoir algorithm onto the physical rotation of
a dynamic neuron array. This innovative design showcases
the potential of integrating algorithmic concepts into phys-
ical systems to achieve efficient and effective computation.
Conversely, researchers can consider a bottom-up approach
by exploring physical systems, such as electronics and me-
chanical systems, that possess natural rotating components.
By embedding and implementing algorithms like the cyclic
reservoir within these systems, they can leverage the inherent
properties of the physical components to achieve computa-
tional capabilities.

3 Learning and inference

Neural network models are effective for two primary reasons.
Firstly, they offer enough flexibility to accurately represent
real-life situations, with a sufficient number of synapses or

weights. Secondly, and more importantly, these models are
trainable through efficient algorithms or learning rules. There
are two working stages for both ANNs and PNNs, i.e., learn-
ing and inference.

3.1 Learning for PNN

Learning or training is the process through which a neural
network can adapt itself to the environment, allowing for the
construction of a faithful internal representation of the envi-
ronment [78, 79]. The main objective of the learning pro-
cess is to identify a set of weights that enable the network to
make accurate predictions on new data. The training/learning
process can be paced in two steps: Firstly, determining how
much the weights need to be modified at each learning epoch,
and secondly, actually updating the weights stored in the net-
work, either in digital memory or in an analog physical en-
tity. The learning is achieved by following certain learning
rules, which govern how the weights should be updated based
on the information at hand. One of the most widely known
learning rules is the Hebbian principle based on the synap-
tic plasticity [80]: Neurons that fire together wire together,
which was first proposed by Donald O. Hebb [81] in his 1949
book The Organization of Behavior.

Two types of learning are distinguished based on how the
learning rules are implemented, as shown in Figure 3: dig-
ital learning and physical learning. The primary difference
between these two types of learning lies in the digitalization
of the learning process. Digital learning implements learning
rules in a digital form using algorithms (such as the back-
propagation algorithm) running on digital computers, while
physical learning embeds the learning rules in an analog form
through physical processes within physical systems.

Understanding how to adjust the weight and by how much
is a crucial part of the learning process. Digital learning
uses external training algorithms to calculate this informa-
tion, while physical learning incorporates this part directly
into the physical system. Nowadays, ANNs are primar-
ily trained using digital learning through training algorithms
such as the back-propagation algorithm with gradient de-
scent. However, PNNs can be trained using either digital
learning or physical learning. Digital learning is more suit-
able for top-down PNNs, which have well-defined individual
neurons and synapses. In contrast, bottom-up PNNs, which
lack well-defined weights, are not typically compatible with
digital learning. Instead, their learning process relies on the
physical processes inherent in the physical system.

3.1.1 Digital learning

Top-down PNNs, which are designed to accelerate inference,
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typically lack the ability to adjust independently. There-
fore, training of these PNNs must be carried out using digital
learning. In reality, digital learning of a PNN is quite similar
to that of an ANN, with the key distinction lying in the actual
update of the trained weight. In ANNs, the weight and its
update are digital and stored in computer memories, while
in PNNs, the weight and its update are usually carried out
through physical control of the analog physical entities that
store the weights, or be stored. Recent studies on deep PNNs
[9, 82] demonstrate the possibility of storing weights (or pa-
rameters) digitally, where the PNNs are still controllable by
these external parameters.

Depending on when and how the physical entities are in-
volved in the training process, ideas of online and offline
training used in machine learning are borrowed for training
PNNs. In the context of PNN training, the online and offline
training refers to whether the weights are updated physically
in an incremental way based on new data or in a single batch
process where the weights are calculated based on all training
data collected beforehand. Both online and offline training
methods have their advantages and disadvantages, and the
choice of training method depends on the specific require-
ments of the neural network and the nature of the data being
used for training.

Offline learning, also known as ex situ or in silico learning,
refers to train a PNN completely in computers based on an
ANN that is considered as a digital twin of the PNN. Once the
ANN has been trained, its weights are injected into its PNN
twin. Throughout the whole training process [4], the PNN
plays no role at all, or regarded as offline. One advantage
of offline learning is that synaptic weights can be predeter-
mined using deep learning algorithms on conventional com-
puters. Offline learning has been widely applied in memristor
crossbar arrays [60-63] for pattern classification [83,84], im-
ages storage [60], and realization of sparse coding trained by
locally competitive algorithm [85]. However, there are still
challenges that need to be addressed, including material ad-
vancements [86] and device improvements [87]. These chal-
lenges involve achieving target conductance values with high
accuracy, maintaining low fluctuations and drifts in resis-
tance states, obtaining high absolute resistance values for in-
ference, and ensuring high endurance for repeated program-
ming/training [63].

Online learning, also known as the in situ learning, in-
volves updating the network’s parameters after each individ-
ual data point or small batches of data. This approach is nec-
essary when not all training patterns are available simulta-
neously [88]. The primary advantage of online learning is its
ability to adapt to changing environments, where the data dis-
tribution gradually shifts over time [89]. Unlike offline learn-
ing, where the weights are determined using all training data

in a batch, online learning is a process where the old weight
vector w is iteratively updated to a new one w′. This abil-
ity allows the rate of convergence or the degree of accuracy
to automatically increase based on whether the weight vector
is significantly different from the optimal or nearly optimal
solution [88, 90, 91]. Although online learning was initially
proposed for software implementation, it has provided valu-
able guidance for enabling physical systems to interact with
external circuits, leading to the concept of “on-chip” learning
[92,93]. The online learning strategy has found wide applica-
tion in RRAM and memristor crossbar arrays for tasks such
as digital pattern classification [92, 94-96], self-organizing
map implementation [97], feature extraction and dimension-
ality reduction [98], unsupervised K-means clustering [99],
and construction of deep belief neural networks [100]. No-
tably, online learning can also be applied to train spiking neu-
ral networks [101,102], where artificial neurons exhibit leaky
integrate-and-fire characteristics, as traditional learning rules
for ANNs, such as the conventional backpropagation algo-
rithm, cannot be directly used [103].

3.1.2 Physical learning

Physical learning for PNNs involves integrating knowledge
of physical laws and principles into the training process of
neural networks. This includes incorporating fundamental
laws of physics, such as conservation of energy, momentum,
and other physical constraints, into the design and training of
the neural network. Depending on the involvement of physics
in the learning process, we can distinguish between physics-
aware learning, where physical laws play a more passive role,
and physical self-learning, where physical laws play an ac-
tive role. When physical laws actively contribute to learning,
the PNN may acquire self-learning capability, similar to var-
ious life forms that adjust themselves to better adapt to their
environment.

Physics-aware learning is a hybrid in situ - in silico algo-
rithm to solve the mismatch between the analog physical
weight and its digital representation in the machine learn-
ing algorithms, first proposed by Wright et al. [9]. Physics-
aware learning combines the advantages of backpropagation
algorithm, the de facto training method for large-scale neu-
ral networks, with the ability to train controllable physical
systems. By breaking the traditional software-hardware di-
vision, the physics-aware learning allows for the training of
deep PNNs made from layers of controllable physical sys-
tems, even when these physical layers lack mathematical
isomorphism to conventional artificial neural network lay-
ers. This approach enables the scalability of backpropaga-
tion while automatically mitigating imperfections and noise
achievable with in situ algorithms. The concept is univer-
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sal and has been applied experimentally on optics, mechan-
ics, and electronics systems [9]. A similar concept has been
applied in a designless nanoparticle network, whose electri-
cal properties depend on input-voltage signals from multiple
electrodes. The nanoparticle network can be optimized us-
ing a genetic algorithm or a deep-learning approach, aiming
to perform reconfigurable computational tasks after training
[104, 105]. The physics-aware learning applies to both top-
down and bottom-up PNN.

Physical self-learning, as described by Feldmann et al.
[106], Yu et al. [64], and López-Pastor et al. [107], involves
a learning process where the internal degrees of freedom of
a PNN evolve in response to a given environment or stim-
ulus based on physical laws enabled by the physics system,
rather than relying on external computation. As a result, the
weights encoded within these internal degrees of freedom can
autonomously adjust themselves through physical evolution
without the need for external computations, as depicted in
Figure 3(d). It is important to note that the concept of phys-
ical self-learning discussed here is synonymous with the no-
tion of autonomous training proposed in ref. [108], and it
is closely related to autonomous physical learning as intro-
duced in ref. [109], albeit with a more specific definition.

In order to facilitate the self-learning capability of a PNN,
specific requirements must be met by the underlying phys-
ical system. The learning process involves feeding back
the inference error to the neural network, and a component
within the system will utilize this error information to ad-
just the neural network. In traditional machine learning, this
component is the digital computer. This process is to learn
from the mistakes, which is to tune the weights to reduce
mistakes. Equally efficient, neural networks can also learn
from correctness, which is to strengthen the weights when
the correct answer is fed to the network. For self-learning,
the weight-tuning must be carried out autonomously by the
PNN itself without external intervention. Therefore, such er-
ror/correctness sensing should be built-in in the PNN, and the
response to the sensed error/correctness must also be embed-
ded in some physical process within the PNN.

An example of achieving autonomous sensing and updat-
ing involves a non-volatile resistor with positive feedback.
For instance, the resistance decreases (increases) when a
large (small) current flows through it, and this resistance
change is maintained when the current stops flowing. This
mechanism strengthens the correct flow pattern injected into
the network, enabling self-learning. We anticipate that such
self-learning capabilities could arise in large complex sys-
tems exhibiting emergent collective dynamics [7]. By har-
nessing the embedded learning rules within physical sys-
tems, the construction of a PNN becomes achievable using
a bottom-up methodology [110], as opposed to the conven-

tional top-down design approach used for electric circuits.

3.2 Inference for PNN

The inference process differs significantly between tradi-
tional digital learning systems and emerging physical learn-
ing paradigms. In digital ANNs, inference involves feed-
ing input data forward through the network layers via nu-
meric matrix multiplications calculated step-by-step using
computer processors. This digital computation of inferences
consumes large amounts of energy and time, particularly for
deep networks with many layers [1]. In contrast, PNNs as
well as hardware implementation of ANNs implement infer-
ence directly within analog physical systems using massively
parallel natural dynamics. For example, memristor cross-
bars perform matrix-vector multiplications intrinsically via
Kirchhoff’s law [4], enabling ultrafast, low-power inferences
by analog signal propagation through interconnected devices.
Other approaches use nanophotonic circuits [106], spintronic
oscillators [66,111] or elastic/fluidic systems [112,113] to in-
fer outputs from optical, magnetic or mechanical inputs. This
physical acceleration circumvents the intrinsic inefficiencies
of conventional processors, which serves as a primary moti-
vation driving the field of neuromorphic computing [29].

3.3 Four scenarios for neuromorphic computing

We categorize four scenarios for neuromorphic computing in
Figure 3, regarding to whether the learning and inference

Figure 3 (Color online) Digital learning vs. physical learning. Neuro-
morphic computing can be divided into four categories regarding to whether
the learning and inference are performed in ((a), (c)) digital machines by al-
gorithms (ALGO) or ((b), (d)) physical systems by embedded physical pro-
cess. Physical self-learning belongs to the paradigm where both inference
and learning are carried out within the same physical system.
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are performed in conventional computers by algorithms or in
physical systems according to physical process.

Inference and learning are both performed in digital ma-
chines (Figure 3(a)). This aligns with the well-established
field acknowledged as “machine learning” and falls outside
the scope of this review.

Inference is performed in digital machines, while learn-
ing is performed in physical systems (Figure 3(b)). This is
a relatively unexplored scenario, because the advantage of
physical inference on physical acceleration was first realized
by the community of neuromorphic computing while phys-
ical learning is still in its infant stage. However, a rapidly
emerging field known as physics-informed neural networks
(PINN) [114] has gained attention, which approximate solu-
tions to partial differential equations (PDEs) for various do-
mains, including fluidic [115], atomistic [116], and quantum
dynamics [117].

Inference is performed physically and learning is per-
formed in digital machines (Figure 3(c)). Most neuromor-
phic hardware, such as memristor crossbar arrays [61,63] and
other types of PNNs [9, 82], align with this scenario.

Both learning and inference are performed in the same
physical system (Figure 3(d)). In this scenario, physical
laws can either passively contribute through physics-aware
learning or be actively involved according to physical self-
learning. In the subsequent section, we will review recent
advancements that have either implemented or hold the po-
tential to achieve the concept of physical self-learning.

4 Physical systems capable of physical self-
learning

4.1 Self-routing in random nanocluster networks

Disordered clusters of nanowires and nanoparticles can form
networks that exhibit collective intelligence. Manning et
al. [65] demonstrated the emergence of “winner-takes-all
(WTA)” paths in macroscale nanowire networks. In WTA
algorithms, neurons in a layer, typically the output layer,
compete with each other for activation until only one neu-
ron emerges as the winner and becomes active, represent-
ing the neuron associated with the strongest input signal. In
this case, the WTA behavior is physically manifested through
the clustering of mobile ions within the metal-insulator-metal
junction, induced by an applied electric field. The largest
cluster grows more rapidly than others, as depicted in Fig-
ure 4(a) and (b). The experiments indicate that the net-
work dominated by junctions possesses the capability to au-
tonomously select the lowest energy connectivity pathway
within a complex random network. Similar to biological sys-

Figure 4 (Color online) A winner-takes-all conducting path is formed,
corresponding to the lowest-energy connectivity path (a) before and (b) after
the electric field is applied. Reprinted with permission from ref. [65]. (c)
Interconnected nanowire pathway with low resistance is formed when volt-
age difference is applied on corresponding electrodes. (d) A 2-bit pattern
is stored as an ensemble of higher connectivity pathways between the se-
lected input/output channels. Reprinted with permission from ref. [119]. (e)
Schematics of the ant colony algorithm. (f) Implementation of ant colony
algorithm based on Ag nanoclusters, analogous to the ants. Reprinted with
permission from ref. [121].

tems, memory is stored in the conductance state and encoded
within specific connectivity pathways, which holds signifi-
cant implications for the application of reservoir computing.
A similar functionality can be achieved using molecular neu-
romorphic networks composed of single-walled carbon nan-
otubes complexed with polyoxometalate [118].

Diaz-Alvarez et al. [119, 120] designed and demonstrated
an associative device based on nanowire networks with re-
sistive switching and retained connectivity. As illustrated in
Figure 4(c), associative routing between input node 1 and
output node 9 can be established by reducing the resistance
in the nanowire networks through voltage activation. This
leads to the formation of multiple pathways with low resis-
tance, thereby enhancing nanowire-to-nanowire connectivity.
Subsequent cycles of training and testing strengthen the lo-
cal connectivity between the selected channels, enabling the
simultaneous training of multiple patterns within the same
network. A 2-bit pattern, exemplified in Figure 4(d), can be
stored, and the network accurately retrieves the trained pat-
tern during the testing procedure.

Swarm intelligence-inspired algorithms, including genetic
algorithms and ant colony algorithms, have played a cru-
cial role in optimization and distributed artificial intelligence.
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Xu et al. [121] presented a remarkable demonstration of
a multi-agent hardware system that utilizes distributed Ag
nanoclusters as physical agents. In response to external
electrical stimuli, the Ag nanoclusters adaptively evolved to
form different connectivity patterns based on combined input
schemes, as illustrated in Figure 4(e) and (f). The result-
ing connection path represents the optimal decision, consid-
ering both the cost (distance) and reward (voltage). The self-
organization of the Ag physical network, driven by positive
feedback from information interaction, leads to a significant
reduction in computational complexity. The proposed hard-
ware system exhibits efficient solutions for graph problems
and optimization tasks, such as demonstrating gradient de-
scent route planning with self-adaptive obstacle avoidance.

4.2 Memory formation in adaptive elastic networks and
flow networks

The effect of “Directed Aging” has been shown by Pashine
et al. [23] that the elastic properties of materials can de-
pend strongly on the history of the imposed deformations,
which obeys a natural greedy algorithm and follows the path
of most rapid and accessible relaxation, making elastic net-
works an intriguing platform to discuss about memory for-
mation. Stern et al. [122] theoretically studied an elastic
network whose links grow and strengthen over time accord-
ing to the local geometry of the network. It is found that such
a network can acquire desired stable states in sequence only
if the elastic elements are sufficiently nonlinear. The elastic
networks is constructed with N nodes, and each two nodes
are connected by a spring of stiffness ki j and rest length li j.
The position of node i is described by xi, and the energy of
the elastic network is determined by

E({x}) = 1
2

N∑
i=1

N∑
j=i+1

ki j

(
ri j − li j

)ξ
, (2)

with ri j ≡ ∥xi − x j∥ the distances between nodes and ξ
parametrizes the nonlinearity. When a spring is pulled away
from its preferred length, it exerts a force given by F ∼
(r − l)ξ−1. The behavior of the spring depends on the expo-
nent ξ. For ξ = 2, the spring is linear, meaning that the force
increases as the spring is strained further. However, for ξ < 2,
the spring exhibits softer restoring forces at larger distances.
In particular, for ξ < 1, the spring’s response weakens as it is
strained.

In the elastic network, two learning strategies can be ap-
plied: simultaneous stabilization and continual learning. Si-
multaneous stabilization aims to stabilize multiple desired
states by solving the equations 0 = ∂xa E on each node, find-
ing appropriate stiffness values ki j and rest lengths li j. The

capacity of such networks to store multiple stable states is
expected to scale linearly with the system size. However,
adding a new stable state requires a complete rewiring of the
network with new springs. In contrast, continual learning,
as proposed by Stern et al. [122], introduces the concept of
an effective spring constant that grows with time for the rods
connecting two nodes i and j, which is given by

dkeff
i j

dt
= k0 f (ri j). (3)

Continual learning involves an incremental growth model,
where unstretched elastic rods gradually form between every
pair of nodes when the material is left in a configuration for a
certain period. The growth rate f (ri j) depends on the separa-
tion between the nodes, as illustrated in Figure 5(a) and (b).
It has been found that continual learning without forgetting
requires nonlinear springs. These nonlinearities are essen-
tial for a broad class of continual models where the spring
network is updated based solely on the current configuration,
without knowledge of past or future desired configurations.
The frameworks of simultaneous stabilization and continual
learning have complementary strengths. The implementa-
tion of physical continual learning requires a nonlinear spring
while it possible to apply the concept of simultaneous stabi-
lization applies for spring-node systems with any value of
nonlinearity. Continual learning may outperform simultane-

Figure 5 (Color online) (a) Continual learning in elastic networks can
learn multiple states according to incremental growth of effective springs,
as schematically shown in (b). Reprinted with permission from ref. [122].
(c) A flow network evolved with a stimulus equally distributed over the blue
filled nodes. (d) Power loss before and after training, where training stimulus
is applied at the angle θ2 = θ1. Reprinted with permission from ref. [112].
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ous stabilization regarding to quality of encoding (such as
barrier height and attractor size).

Similar to the elastic networks, the continuous adaptation
of flow networks has been proven to play an important role in
memory formation. Bhattacharyya et al. [112] theoretically
investigated an adaptive flow network and show that adapta-
tion dynamics allow a network to memorize the position of
an applied load within its network morphology. As depicted
in Figure 5(c), flow network is a physical model where links
are strengthened and weakened over time adaptively. The
network is defined as a graph of N nodes connected by links
which have length of links li j and corresponding conductance
Ci j(t) varying over time t. The flow rate can be obtained as
Qi j(t) = Ci j(t)(pi(t) − p j(t)), where pi represents pontential
at node i. The network can be characterized by an energy
function (averaging over a period T ):

E(t) =
∑
⟨i j⟩

⟨Qi j(t)2⟩T
Ci j(t)

− λ
∑
⟨i j⟩

(Ci j(t)li j)γli j, (4)

where the first term is exactly the power loss and the second
term applies a global constraint in the presence of building
cost, with λ the Lagrange multiplier and the parameter γ de-
termining how link conductance contribute to the building
cost. An adapting rule on Ci j(t + δt) can be explicitly de-
rived by solving the Lagrange multiplier. The adaption even-
tually minimizes the power loss of the whole network given
the constraint of material conservation.

Notably, the parameter γ in the building cost has a signif-
icant impact on memory formation in flow networks. For in-
stance, when an additional load is applied at a specific angle
on the network’s boundary over a duration, memory can be
formed for γ = 0.5. This process can be considered as a train-
ing phase. After training, the power loss is minimized pre-
cisely for the angle at which the writing stimulus was applied,
indicating that the network configuration has been optimized
through memory of the stimulus (see Figure 5(d)). Memory
formation, however, is only possible for γ < 1, while γ = 1
is typical for resistor networks or porous media.

In the field of neuroscience, it has been observed that
memory formation is influenced by synaptic plasticity-
dependent competition rules [123]. Biological networks
can develop without centralized control, which allows them
to yield reasonable solutions to combinatorial optimization
problems [124, 125]. This section highlights that both the
parameter ξ in elastic networks and the parameter γ in flow
networks play vital roles in determining the nonlinearity of
connections and whether memory formation is possible. Al-
though the discussion focuses on physical networks, it is
worth noting that there is a broader scientific community ded-
icated to understanding memory effects that appear in mate-
rials [126].

4.3 Magnetic textures with intrinsic Hebbian learning as
associative memory

Energy-based models have garnered interests from both the
physics and machine learning communities [127]. One spe-
cific type of artificial neural network is the Hopfield neural
network, originally proposed by Hopfield [128]. This net-
work architecture aims to mimic physical systems like the
Ising spin-glass model [129], exhibiting emergent collective
computational abilities. One of the prominent applications
of the Hopfield neural network is associative memory. As-
sociative memory is a dynamical system concerned with the
storage and retrieval of memories [130]. In this framework,
uncorrupted memories are associated with local minima in
the network’s energy landscape. Conversely, more corrupted
memories correspond to higher energy values. The Hopfield
network is capable of reconstructing an entire memory from
partial information through a dynamic inference process, as
long as the provided partial information is sufficient to iden-
tify a single memory.

Hopfield neural networks are a specific type of recur-
rent neural network architecture characterized by fully con-
nected neurons. Due to their ease of implementation, these
networks have been successfully mapped to various physi-
cal systems, enabling the realization of associative memory
functions [53, 131-137]. In most of these works, the focus is
primarily on the inference process, which involves retrieving
information from the network after the training stage. During
training, the weights of the network are computed using al-
gorithms implemented on conventional computers, aligning
with the paradigm depicted in Figure 2(c).

Yu et al. [64] proposed a hardware scheme that enables
self-learning within the framework of Hopfield neural net-
works. The physical system they considered consists of con-
ducting magnetic films with inhomogeneous textures, as de-
picted in Figure 6(a). When subjected to electric currents,
the magnetic textures undergo spatial reconfigurations due
to spin-transfer torque. This results in increment in conduc-
tance along the longitudinal direction (parallel to the current)
and a decrease in conductance along the transverse direc-
tion (perpendicular to the current). The conductance evolu-
tion, illustrated in Figure 6(b), exhibits both excitatory and
inhibitory features, indicating that the magnetic textures be-
have like adaptive synapses.

To demonstrate the feasibility of their approach, Yu et
al. [64] mapped a four-node Hopfield neural network model
onto a magnetic film with four electrodes. The synaptic
weights were stored as a conductance matrix defined by
distributed electric contacts. The relationship between the
output current Ii and the input voltage V j was described by
Kirchhoff’s law: Ii =

∑
j Gi jV j. The energy function of the
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Figure 6 (Color online) (a) Snapshot of a maze domain structure. (b) With
applied voltage, current flowing through the magnetic textures exerts spin-
transfer torque, so that the spatial distribution of magnetic configuration as
well as conductance state evolve with time. (c) The model of a four-node
Hopfield neural network is mapped to a magnetic device with four elec-
trodes, with input, output and weight encoded as voltage V j, current Ii and
conductance Gi j respectively. Reprinted with permission from ref. [64].

physical Hopfield neural network can be expressed as:

E = −
∑
i, j

Gi j[m(r)]ViV j, (5)

where Vi is binary voltage applied on each electrode and
Gi j[m(r)] is element of conductance matrix which depends
on spatial distribution of magnetic textures, which is deter-
mined during the self-learning process. Because of the plas-
ticity of the magnetic texture, electric currents can train the
network by modulating the texture as well as corresponding
conductance (weight) matrix, without interference of exter-
nal computational algorithms.

In conventional training strategies for Hopfield neural net-
works, the synaptic weights are determined by computers
using algorithms such as the outer product method wi j =∑k

s=1 xs
i xs

j with wii = 0 [138, 139], where xs represents the
state vector of the pattern s being memorized. However, the
approach proposed by Yu et al. [64] differs from conventional
implementations. Instead of relying on external computation,
the malleable magnetic textures autonomously train the net-
work according to an incremental Hebbian learning princi-
ple:

Gn+1
i j = Gn

i j + ∆
n
i j[Vi]. (6)

A possible explicit form of this learning rule has been re-
cently investigated2), and it shares similarities with the well-
known Oja’s rule [140] which incorporates a “forgetting”

term to stop the unconstrained growing of weights guided by
original Hebbian’s rule. Moreover, this self-learning mecha-
nism aligns conceptually with the synaptic plasticity rule pro-
posed by Krotov and Hopfield [141]. The incorporation of
synaptic “plasticity” and “competence” required by Hebb’s
rule is believed to influence memory formation in neuro-
science [123, 142], and now these principles are intrinsically
built into the physical process.

While the self-learning mechanism in malleable magnetic
textures shows promise, there are several aspects that require
further investigation. For example, it is important to explore
whether the memory capacity [143-145] can be further im-
proved using the physical self-learning rule and what is the
scaling law of self-learning process on either energy con-
sumption or learning duration when the number of nodes in-
creases. Additionally, investigating the applicability of the
self-learning strategy in multilayer networks, such as back-
propagation [146], would be valuable. Recent experimental
verification of this concept has been conducted using field-
driven permalloy films, where the gradient descent nature of
the learning rule has been discovered2). Kumar et al. [147]
have also demonstrated a similar intrinsic Hebbian rule ex-
perimentally using hybrid volatile/nonvolatile memory de-
vices with ternary metal oxide as the active material. The
concept is expected to extend to higher dimensions, such as
three-dimensional nanoscale gyroid networks [148].

4.4 An atomic Boltzmann machine capable of self-
adaption

Boltzmann machines are recurrent neural networks that em-
ploy stochastic neurons and are capable of solving various
challenging computational tasks [149-151]. Despite shar-
ing a similar structure with Hopfield neural networks, find-
ing an effective training algorithm for Boltzmann machines
has been challenging due to their stochastic nature. Ack-
ley et al. [152] proposed a typical learning rule for Boltz-
mann machines, where the weight change ∆wi j is given by
∆wi j = η(pi j − p′i j). Here, pi j represents the average proba-
bility of both connected units being in an excited state when
the visible units are clamped, p′i j represents the same proba-
bility when the network is running freely, and η is the learn-
ing rate that scales the size of each weight change. Notably,
this learning rule is local, relying only on the behavior of the
two connected units, without the need for global statistical
measures.

Boltzmann machines are powerful tools for solving prob-
lems in combinatorial optimization [153,154], but their train-
ing algorithm poses challenges and tends to struggle with

2) C. Niu, et al. Self-learning magnetic textures with intrinsic gradient descent adaption. Unpublished.
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large problem sizes [155]. Inspired by such a local learning
rule, Kaiser et al. [156] designed a probabilistic circuit for
autonomous learning, mapping a continuous version of the
Boltzmann machine learning rule to a clockless autonomous
circuit. While this learning rule can be implemented in a top-
down manner, the effective implementation of such a rule in
a stochastic physical system remains a challenging question.

In recent research, Kiraly et al. [157] made significant
progress in pushing the concept of self-learning to the atomic
level by creating a self-adapting Boltzmann machine using
cobalt (Co) atoms on black phosphorus. They represented
the stochastic neuron physically using the probability dis-
tribution of surface Co atoms, where each atom could oc-
cupy one of two possible locations, as probed by scanning
tunneling microscopy (STM). In their setup, a configuration
of three Co atoms was used, with two atoms representing
stochastic neurons (s) and the third atom (k) influencing the
synaptic weight w12 through substrate-mediated interactions
(Figure 7(a)). Interestingly, the synaptic weight w12 could
be tuned in a binary fashion depending on the position of
atom k (k = 0 or 1), which in turn affected the probabil-
ity distribution P(s|k) of the two Co atoms (Figure 7(b)-
(d)). Importantly, this self-adapting process occurred with-
out the need for external computational power. The authors
also demonstrated the ability to achieve multi-valued synap-
tic weights using additional Co atoms and the capability to
tune the synaptic weights in a semi-continuous manner by
adjusting the STM tip voltages. While challenges such as
scalability and the underlying learning rule still need to be
addressed, this work establishes a promising connection be-
tween atomic-level physical interactions and the self-learning
capabilities of physical neural networks.

4.5 Spiking neural networks with STDP learning rule

Spiking neural networks (SNN) have emerged as one of the
most promising platforms in both the machine learning and
material science communities [6, 101, 106, 158-160]. Al-
though still in its early stages compared to deep neural net-
works (DNN), SNN chips offers ultralow power consumption
by encoding and delivering information in spikes, similar to
the functioning of the human brain. Notably, SNN chips such
as BrainScaleS, TrueNorth, and Loihi have demonstrated re-
markable energy efficiency in implementing spiking-based
training algorithms through offline or online training ap-
proaches [14, 161].

In the realm of learning in physical systems, spike tim-
ing dependent plasticity (STDP) has been extensively studied
as an unsupervised learning rule across various material sys-
tems. STDP is a synapse-specific Hebbian form of plasticity
that implements Hebb’s original hypothesis by strengthening

Figure 7 (Color online) Atomic Boltzmann machine with self-adaption.
(a) Illustration of physical system consisting of Co atoms on black phos-
phorus surface, probed by STM technique. (b) Representation of physical
system in (a) that mimics Boltzmann machine. (c) STM topography images
of two Co atoms s with a third atom at state k = 0, 1. (d) Corresponding
probability distributions P(s|k) of two atoms (neurons) s with k = 0, 1, re-
spectively. Reprinted with permission from ref. [157].

synapses when the presynaptic neuron fires before the post-
synaptic neuron [4, 162]. This plasticity captures the funda-
mental workings of biological neurons and synapses, where
chemical synapses can be excitatory or inhibitory, promot-
ing or inhibiting the membrane action potential, respectively
(Figure 8(a)) [160]. Jo et al. [37] pioneered the implemen-
tation of synaptic STDP behavior in memristors, where the
synaptic weight is physically represented as electrical con-
ductance in a two-terminal junction, modulated by the differ-
ence in pre and post spike timing (Figure 8(b)) [31, 32].

The utilization of STDP in physical systems offers several
distinct advantages: (1) STDP behavior is applicable to a
wide range of materials, including ferroelectric [51, 163],
magnetic tunnel junctions [50, 164], spin-orbit-torque
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Figure 8 (Color online) Spiking neural networks with STDP for physical
learning. (a) Illustration of biological synapses and neurons that encode and
pass information with spike signals. Reprinted with permission from ref.
[51]. (b) STDP behavior in memristive nanodevices. Reprinted with permis-
sion from ref. [37]. (c) Schematic of a lateral inhibition array circuit with
crossbar array structures. Reprinted with permission from ref. [168].

devices [165], Mott materials [166], and optics [106]. This
enables collaboration and advancements across multiple re-
search communities, bridging materials science and compu-
tational science. (2) Many of these materials are CMOS
compatible and can be fabricated as crossbar arrays (Fig-
ure 8(c)), facilitating analog calculations of matrix multipli-
cation directly within the materials. This alleviates the en-
ergy consumption typically associated with software-based
operations. (3) In SNN, neuronal behavior can be emu-
lated using models such as leaky integrate-and-fire (LIF),
which can be achieved with phase change, magnetic, ferro-
electric, and Mott materials. Consequently, the development
of fully material-implemented SNN hardware enables highly
energy-efficient on-chip learning and self-learning in mem-
ristor crossbar arrays [101, 167, 168] and all-optical neural
networks [106]. Ongoing research in this field focuses on
improving benchmarks, including linearity, operation volt-
age, endurance, and other factors, to further enhance energy
efficiency and network performance.

Despite the successful integration of STDP and physical
devices, this research field is still in its early stages. In
terms of SNN, STDP represents a relatively simple learning
rule. SNNs, in general, are challenging to train due to the
non-differentiable nature of spikes, and it remains uncertain
whether SNN performance can match that of DNN-based al-
gorithms. Active research areas include learning mechanisms
such as prescribed error sensitivity, ANN-to-SNN conver-
sion, and various forms of STDP [160]. The feasibility of im-
plementing these learning mechanisms in materials remains

largely unexplored. Additionally, the monotonic increment
in memristors may lead to synaptic conductance saturation,
which necessitates additional circuit designs to address this
issue. At the architectural level, constructing functional au-
tonomous networks with spiking models for relevant tasks
is an inspiring research direction [169]. The exploration of
new physical systems with dynamics capable of responding
to various network geometries, spike stimuli, and algorithms
can introduce novel aspects of efficient learning in materials.

5 Learning strategies towards physical self-
learning

While the concept of physical self-learning is still emerging,
significant efforts have been dedicated to achieving efficient
learning in PNNs. In this regard, various learning strategies
have been explored on analog hardware as concluded in Ta-
ble 1 [9, 10, 60, 61, 64, 65, 69, 70, 72, 74, 75, 77, 82, 93, 96, 97,
101,104,106,111-113,119,121,122,157,168,170-181], mov-
ing away from digital approaches. These strategies leverage
the intrinsic dynamics of physical systems and aim to min-
imize reliance on external computation, thereby paving the
way for the implementation of physical learning. Although it
remains uncertain whether these strategies fully achieve the
goal of physical self-learning, they undoubtedly contribute to
the advancement of this field.

Incremental Hebbian learning. Taking Hopfield network
as an example, the incremental Hebbian learning was applied
by Hopfield [128] to learn a new memory xs and the incre-
ment of weight matrix elements takes the form as:

∆wi j ∝ xs
i xs

j, (incremental Hebbian learning). (7)

In order to enhance the performance of the network in access-
ing real memories and in minimizing spurious ones, Hopfield
et al. [182] further proposed an unlearning strategy, where
the final equilibrium state x f is weakly unlearned by the in-
cremental change

∆wi j ∝ −ϵx f
i x f

j , (unlearning), (8)

with 0 < ϵ ≪ 1, so that the accessibility of stored memories
can be made more nearly even. Other strategies have been
proposed such as Grossberg’s rule [183] and Oja’s rule which
considered “forgetting” mechanism by adding a constraint
term into the learning rule [140]. Krotov and Hopfield [141]
extended the Oja’s rule to a biologically inspired learning al-
gorithm, called synaptic plastic rule which considers compe-
tition between hidden units and implements the Hebbian-like
plasticity subjet to homostatic constraints on the length of
synaptic weights. The strategies related to incremental Heb-
bian learning have been widely applied in top-down approach



W. Yu, et al. Sci. China-Phys. Mech. Astron. August (2024) Vol. 67 No. 8 287501-13

Table 1 Some typical neuromorphic architectures and their features

Architectures Design approach
Underlying physical process

(Learning concept)
Physical substrate

Learning/inference
mode

Demonstration

PNNs with crossbar array structures
[60, 61, 93, 96, 97, 101, 170, 171]

top-down digital learning
memristors, ferroelectrics,

phase change materials, etc.
learn digitally,
infer physically

image classification and
speech recognition etc.

Physical reservoirs
[10, 69, 70, 72, 74, 75, 77, 111, 172-177]

top-down digital learning
artificial spin ices,

dynamic memristors etc.
learn digitally,
infer physically

time series prediction and
spoken-digit recognition etc.

Photonic neural networks
[178-181]

top-down backpropagation photonic chips
learn digitally,
infer physically

data/image classification

Memristive SNN
[168]

top-down STDP rule
threshold switching and

resistive switching devices
learn & infer physically pattern recognition

All-optical SNN
[106]

top-down STDP rule
photonic waveguides and
phase change materials

learn & infer physically pattern recognition

Deep PNNs [9, 82] bottum-up
backpropagation and

physical local learning
mechanical, optical

and electronic systems
learn & infer physically

image classification and
vowel classification

Magnetic Hopfield network [64] bottom-up
intrinsic Hebbian

(Oja) learning
magnetic textures learn & infer physically associative memory

Atomic Boltzmann machine
[157]

bottom-up
self-adaptive

orbital memory
Co atoms on

black phosphorus
learn & infer physically Monte Carlo sampling

Nanoparticle networks [104] bottom-up
Coulomb blockade and

single-electron tunneling
Au nanoparticles learn & infer physically Boolean logic

Nanocluster networks
[65, 119, 121]

bottom-up
aggregation of nanoclusters

with positive feedback
Ag nanowires

and nanoparticles
learn & infer physically

gradient descent
route planning

Nonlinear elastic network
[113, 122]

bottom-up
physical continual learning and

physical coupled learning
actin networks,

kirigami structure etc.
learn & infer physically pattern recognition

Adaptive flow network
[112]

bottom-up
global cost and

function optimization
vasculatures,

nonlinear resistors etc.
learn & infer physically memory encoding

described in Figure 2. Regarding to physical self-learning,
one straightforward way is to look for a non-volatile physi-
cal quantity as weights wi j (e.g., conductance or resistance),
whose increment is a function of input physical quantities x
(e.g., voltages) as implemented by ref. [64].

Contrastive Hebbian learning. The strategy is a gen-
eralization of the incremental Hebbian learning including
unlearning process mentioned above, which updates the
weights proportionally to the difference in the cross prod-
ucts of activations in a clamped and a free running phase
which can be applied in continuous Hopfield network [184]
and Boltzmann machines [185]. The key idea of contrastive
learning is to introduce a contrastive function J = ĒC − ĒF

which is difference of energy functions at equilibrium (de-
noted by “ ¯ ”) when the inputs and outputs are both clamped
(C), and when the inputs are clamped and outputs are free
(F), respectively. Therefore, the system performs the learning
successfully when J = 0. By differentiating the contrastive
function ∂J/∂wi j, one can obtain the contrastive learning rule

∆wi j ∝ x̄C
i x̄C

j − x̄F
i x̄F

j , (contrastive Hebbian learning), (9)

with x̄C and x̄F the state vector at equilibrium for clamped
phase and freely running phase. After each learning step, the

difference in energy at equilibrium between the clamped and
free states becomes smaller. It needs to be remarked that the
contrastive Hebbian learning is equivalent to backpropaga-
tion learning when there are no hidden units [184], i.e.,

∆wi j ∝ Ii f ′(x j)(t j − x j),

(backpropagation, no hidden units), (10)

with t j the teacher vector at outputs, Ii the input vector, and
f ′ the derivative of activation function. Backpropagation is
one of the most successful algorithms to train neural net-
works [8]. However, it is considered neither biologically nor
physically plausible [186] due to its requirement of a special
computational circuit during training, requirement of accu-
rate knowledge about the whole physical system [187] and
the need for analytically calculating the derivative of the ac-
tivation function [188].

Equilibrium propagation. Equilibrium propagation is a
learning framework for energy-based models, sharing simi-
larities with contrastive Hebbian learning and backpropaga-
tion, but requiring only one computational circuit and one
type of computation for training [189]. Equilibrium propa-
gation involves two phases: (1) In the first phase, the inputs
are weakly clamped, and the network relaxes to a fixed point.
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Predictions are then read out from the output units. (2) In the
second phase, the outputs are nudged toward their targets,
and the network relaxes to a new fixed point corresponding
to a smaller prediction error. The system learns the second-
phase fixed point by reducing its energy while unlearning the
first-phase fixed point by increasing its energy.

Equilibrium propagation differs from contrastive Hebbian
learning in certain aspects. The learning rule for equilibrium
propagation can be expressed as:

∆wi j ∝
1
β

(
xβi xβj − x0

i x0
j

)
, (equilibrium propagation), (11)

where x0 is state vector at freely running phase (equivalent to
xF in the case of contrastive Hebbian learning) and xβ is the
state vector at weakly clamped phase with β the clamping
factor that controls whether the output is pushed toward the
target or not and by how much [189]. When β → +∞, the
learning rule comes to the strong clamped scenario as con-
trastive Hebbian learning (xβ → xC). The concept of equilib-
rium propagation has found applications in training electric
resistor networks [190,191] and an Ising machine [192]. Ad-
ditionally, there are other strategies closely related to equi-
librium propagation. One such strategy is contrastive diver-
gence, which is used for training Boltzmann machines [193].
Another related strategy is recurrent backpropagation [146].

Physical coupled learning. Inspired by the concept of
contrastive Hebbian learning and equilibrium propagation,
Stern et al. [113] proposed a general and physically plau-
sible framework called “coupled local supervised learning”
which has two phases, namely free phase and clamped phase.
Given any physical network with a known physical cost func-
tion E(x,w), one can drive the relevant coupled learning rule
directly according to

∆wi j ∝ −∂wi j (E
F − EC), (physical coupled learning) (12)

where the weights wi j are physical learning degrees of free-
dom such as pipe conductance in flow networks and spring
constant in elastic networks. Because the cost function E can
be written as a sum over individual costs of edges E =

∑
i Ei,

the learning rule is local, i.e., each edge independently ad-
justs its learning degrees of freedom taking into account only
its own response to the applied boundary conditions. Such
locality of learning rules promises almost same amount of
learning time when applied in networks with larger size. As
a proof of principle, the strategy of coupled learning has been
experimentally applied to electric resistor networks based on
variable resistors [194-196]. In these cases, a circuitry is re-
quired to locally compare the response of two identical net-
works subjected to different sets of boundary conditions. The
effect of directed aging demonstrated by Pashine et al. [23]

can be seen as a simplified form of coupled learning in the ab-
sence of the free term. Anisetti et al. [197] considered a flow
network where chemicals can spread via a diffusion process,
which can increase or decrease the conductance of pipelines.
This approach allows the learning rule to compute gradients
using local information for each weight without the need to
store the free state. The work by Anisetti et al. [197] provides
inspiration for conducting coupled learning using two inde-
pendent physical quantities, which ensures non-interference
between the input signal and the feedback signal.

Physical local learning. Momeni et al. [82] proposed
a simple deep neural network architecture augmented by a
physical local learning (PhyLL), which enables one to per-
form supervised and unsupervised learning on a deep PNN
without detailed knowledge of the nonlinear physical layer’s
properties. The strategy is closely related to the physics-
aware learning [9], which aims to train a deep PNN by per-
forming backpropagation on a twin digital model. The im-
provement of physical local learning is to replace the stan-
dard backward pass (performed by a digital computer) with
an additional single forward pass through a physical sys-
tem, eliminating the twin modelling phase. Instead of a for-
ward and backward pass applied by standard backpropaga-
tion method, PhyLL shares similarity with the concept of
“contrastive learning” by using two physical forward passes:
a positive and a negative forward pass through the physical
system, each running on different physical inputs. In each
passes, the datasets as well as the correct (incorrect) labels
are input together into the multiplayer PNNs and the output
on each layer can be expressed as:

ypos/neg = wt · F (wp · xpos/neg), (13)

where wp is untrainable weight matrix provided by physical
interconnections and wt is trainable weight matrix to be up-
dated by minimizing a loss function

L = log
(
1 + exp

(
θ
(
cossim(ypos, yneg)

)))
, (14)

with θ a scale factor and cossim denotes the cosine similarity
defined as the cosine of the angle between the two arguments.
One can obtain the learning rule according to

∆wt ∝ −
∂L
∂wt
, (physical local learning). (15)

During the training of deep neural networks using back-
propagation, three primary steps must be accomplished: (1)
forward propagation, (2) error backpropagation, and (3) gra-
dient computation (updating) steps. PhyLL demonstrates the
capability to execute the initial two steps utilizing physical
systems, leading to a notable 2/3 enhancement in both speed
and energy efficiency when compared to fully digital learn-
ing [82]. In contrast, physics-aware learning achieves an ap-
proximate 1/3 improvement and the ultimate goal of physical
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self-learning is to accomplish a perfect 3/3, whereby every
step of the learning process occurs within physical systems.

Hamiltonian echo backpropagation. López-Pastor and
Marquardt [107] introduced a general scheme for self-
learning in any time-reversible Hamiltonian system. Al-
though the idea of physical backpropagation has been pro-
posed in optical neural networks decades ago [181] and
more novel implementations have been realized thereafter
[178-180, 198, 199], all presently existing proposals are suit-
able only for some setups with very specific nonlinearities.
According to López-Pastor and Marquardt, the self-learning
approach consists of three main steps: (1) Forward pass: The
evaluation field Ψ(−T ) and the learning field Θ(−T ) (which
can represent any physical degrees of freedom in the Hamil-
tonian system) are prepared at time t = −T and evolve ac-
cording to Hamilton’s equations for a given Hamiltonian. (2)
At time t = 0, a perturbed echo is injected, and a time-
reversal operation is performed. (3) Backward pass: The
learning field continues to evolve until time t = T , and the
final result of the entire process is equivalent to the following
update of the learning field:

Θ(T ) = Θ(−T ) − iϵ
∂C

∂Θ∗(−T )
, (echo backpropagation), (16)

where C is the sample-specific cost function, Θ∗ is the con-
jugate of learning field, and ϵ can be understood as the mag-
nitude of variation as a perturbation travelling on top of the
time-reversed field from output to input. This self-learning
approach requires the physical system to be Hamiltonian and
obey time-reversal symmetry. Examples of suitable physical
platforms include, but are not limited to, nonlinear nanopho-
tonic circuits [17, 54], superconducting microwave cavities
[200-202], cold atoms trapped in optical lattices [203], and
spin wave systems [204-206] without broken time-reversal
symmetry.

6 Discussion and outlook

In the last section, we discuss distinctive features, challenges,
and opportunities associated with the concept of physical
self-learning.

Common attributes required for self-learning. As dis-
cussed in sect. 4, several common attributes are observed
across various physical systems. To emulate Hebbian’s prin-
ciple, a positive feedback process is invariably necessary,
which can be commonly observed in a nonlinear conducting
system whose conductance strengthens with the flow of cur-
rent, as introduced in sect. 4.1. However, a monotonous in-
crease in synaptic weight is not universally feasible, either bi-
ologically or physically. This typically necessitates a global

constraint on weight evolution, and the specific form of this
constraint is closely linked to the nonlinear characteristics of
physical systems (sects. 4.2 and 4.3). Moreover, the physi-
cal quantities employed to encode weights need not be static
and deterministic; they can be dynamic and stochastic, even
in the absence of an explicit form (sects. 4.4 and 4.5). As
discussed in sect. 5, the progression of learning strategies
in PNNs begins with early versions such as incremental Heb-
bian learning (learning rule as a function of training data) and
advances towards later versions like physical coupled learn-
ing (learning rule as a function of feedback from the physical
systems). This shift signifies a departure from solely relying
on training data and instead harnesses the rich dynamics and
interactions within the physical domain.

Perfection vs imperfection. Modern architectures for neu-
romorphic computing, such as memristor crossbar arrays
[85, 207, 208], strive for perfection. In these architectures,
the variation of devices or computing units (such as memris-
tors) is expected to be minimal, as training strategies assume
ideal circumstances. However, a gap exists between the per-
fect neural network model and the imperfect realistic devices.
This discrepancy poses challenges, as widely used backprop-
agation training algorithms for offline and online learning
are generally incompatible with hardware due to mismatches
between analytically calculated training information and the
imprecision of actual analog devices. To address this issue,
training strategies such as the activity-difference technique
[170] and physics-aware training [9] have been developed.
On the other hand, the autonomous learning process in PNNs
appears to be more tolerant of imperfections. Strategies like
coupled learning and Hamiltonian echo backpropagation are
less sensitive to device variability and can effectively handle
noise [107].

Nonlocal rules vs local rules. Conventional learning rules
implemented on digital computers are generally nonlocal,
obtained by performing gradient descent on a global cost
function. Consequently, the weight updates have a com-
plex nonlocal dependence on other neurons in the network,
making it challenging to implement traditional strategies like
backpropagation in PNNs [107, 113]. On the other hand, the
physical learning strategies discussed in this review are all lo-
cal. This means that the weight update between two neurons
depends solely on the state of those two neurons and is inde-
pendent of other neurons in the network. As a result, these
local rules enhance the physical plausibility of PNNs, and
the weight updates can be performed in parallel, leading to
promising scalability of learning speed with increasing net-
work size. While simple physical networks with local learn-
ing rules are sufficient for achieving physical self-learning, it
remains an open question whether nonlocal learning rules ex-
ist in physical systems and whether they can improve learn-
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ing performance.
Potential applications. In this review, we primarily focus

on the implementation of physical (self-)learning in typical
structures such as artificial neural networks (ANNs), spik-
ing neural networks (SNNs), and recurrent Hopfield net-
works. However, extending the concept of self-learning to
other structures presents intriguing opportunities. For in-
stance, non-volatile memories acting as artificial synapses
can be replaced by wireless connections [209], and artificial
neurons with spiking dynamics can be substituted with non-
linear oscillators [67]. This allows for the construction of
cellular neural networks (CNNs) where units or cells com-
municate with spatially dependent connections [210]. The
concept of Kohonen neural networks can be applied by con-
sidering short-range lateral feedback between neighboring
neurons. This enables self-organizing mapping from multi-
dimensional data to lower-dimensional representations [211].
Such self-adaptive or self-organized behaviors are expected
to be prevalent in physical systems. Constructing continu-
ous attractor neural networks can predict the trajectories of
moving objects without the need for training [212]. It is an-
ticipated that more novel functions can be realized by apply-
ing physical self-learning to dynamical synapses. PNNs with
self-learning capabilities can be combined with front-end
devices to perform multimodal in-sensor computing [213].
For instance, artificial retinas can be designed by connecting
self-adaptive PNNs with photoelectric receivers [214, 215].
Lastly, PNNs can enter the quantum regime by leveraging
the infinite degrees of freedom in phase space [216, 217].

Challenges and opportunities. While significant advances
have been made in realizing physical self-learning, both chal-
lenges and opportunities remain for this promising field. One
of the key obstacles lies in enhancing device properties, such
as nonlinear conductance thresholds, endurance, and vari-
ability tolerance. Additionally, there are unresolved architec-
tural questions pertaining to the implementation of diverse
network structures and complex algorithms within physical
systems. At a systems level, comprehending emergent be-
haviors arising from collective physical dynamics poses an-
alytical difficulties. From a materials standpoint, there are
exciting prospects in identifying new platforms with embed-
ded intelligence, such as 2D [25, 218] or spintronic [18] sys-
tems. Boosting capabilities can be achieved by developing
learning rules inspired by life-like principles of homeostasis,
competition, and memory formation. Moreover, integrating
PNNs with sensing and actuation capabilities empowers po-
tential applications like near-sensor computing [213], artifi-
cial retinas [219] and autonomous robotics [5]. By address-
ing these challenges through multidisciplinary collaboration,
there is the potential to revolutionize computing using intel-
ligent matter programmed by the laws of physics.

Conclusion. In this review, we have explored the con-
cept of physical learning, particularly physical self-learning,
which represents a promising frontier in the field of neuro-
morphic computing. Our investigation suggests that physical
systems have the potential to exhibit intelligence by interact-
ing with the environment, receiving and responding to exter-
nal stimuli, and internally adapting their structures to facili-
tate the distribution and storage of information [220]. Gen-
erally speaking, the concept of physical self-learning can be
understood as an optimization process performed by physical
optimization machines, which evolve based on the principle
such as least action and least power dissipation [221]. By
delving deeper into the concept of self-learning, we aim to
gain a better understanding of natural intelligence [222,223].
Achieving this goal requires collaboration among various sci-
entific and engineering disciplines, as they contribute to the
exploration and advancement of self-learning.
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1 D. Marković, A. Mizrahi, D. Querlioz, and J. Grollier, Nat. Rev.
Phys. 2, 499 (2020), arXiv: 2003.04711.

2 S. Furber, J. Neural Eng. 13, 051001 (2016).
3 C. Mead, Proc. IEEE 78, 1629 (1990).
4 D. S. Jeong, K. M. Kim, S. Kim, B. J. Choi, and C. S. Hwang, Adv.

Electron. Mater. 2, 1600090 (2016).
5 J. Pei, L. Deng, S. Song, M. Zhao, Y. Zhang, S. Wu, G. Wang, Z.

Zou, Z. Wu, W. He, F. Chen, N. Deng, S. Wu, Y. Wang, Y. Wu, Z.
Yang, C. Ma, G. Li, W. Han, H. Li, H. Wu, R. Zhao, Y. Xie, and L.
Shi, Nature 572, 106 (2019).

6 Y. Zhang, Z. Wang, J. Zhu, Y. Yang, M. Rao, W. Song, Y. Zhuo, X.
Zhang, M. Cui, L. Shen, R. Huang, and J. Joshua Yang, Appl. Phys.
Rev. 7, 011308 (2020).

7 D. R. Chialvo, Nat. Phys. 6, 744 (2010), arXiv: 1010.2530.
8 R. Rojas, Neural Networks: A Systematic Introduction (Springer,

Berlin, Heidelberg, 2013).
9 L. G. Wright, T. Onodera, M. M. Stein, T. Wang, D. T. Schachter, Z.

Hu, and P. L. McMahon, Nature 601, 549 (2022).
10 X. Liang, J. Tang, Y. Zhong, B. Gao, H. Qian, and H. Wu, Nat. Elec-

tron. 7, 193 (2024).
11 P. Mehta, M. Bukov, C. H. Wang, A. G. R. Day, C. Richardson,

C. K. Fisher, and D. J. Schwab, Phys. Rep. 810, 1 (2019), arXiv:
1803.08823.

12 R. Iten, T. Metger, H. Wilming, L. del Rio, and R. Renner, Phys. Rev.
Lett. 124, 010508 (2020), arXiv: 1807.10300.

13 C. Gigli, A. Saba, A. B. Ayoub, and D. Psaltis, APL Photon. 8,
026105 (2023), arXiv: 2208.05793.

14 W. Zhang, B. Gao, J. Tang, P. Yao, S. Yu, M. F. Chang, H. J. Yoo, H.
Qian, and H. Wu, Nat. Electron. 3, 371 (2020).

https://doi.org/10.1038/s42254-020-0208-2
https://doi.org/10.1038/s42254-020-0208-2
https://arxiv.org/abs/2003.04711
https://doi.org/10.1088/1741-2560/13/5/051001
https://doi.org/10.1109/5.58356
https://doi.org/10.1002/aelm.201600090
https://doi.org/10.1002/aelm.201600090
https://doi.org/10.1038/s41586-019-1424-8
https://doi.org/10.1063/1.5124027
https://doi.org/10.1063/1.5124027
https://doi.org/10.1038/nphys1803
https://arxiv.org/abs/1010.2530
https://doi.org/10.1038/s41586-021-04223-6
https://doi.org/10.1038/s41928-024-01133-z
https://doi.org/10.1038/s41928-024-01133-z
https://doi.org/10.1016/j.physrep.2019.03.001
https://arxiv.org/abs/1803.08823
https://doi.org/10.1103/PhysRevLett.124.010508
https://doi.org/10.1103/PhysRevLett.124.010508
https://arxiv.org/abs/1807.10300
https://doi.org/10.1063/5.0119186
https://arxiv.org/abs/2208.05793
https://doi.org/10.1038/s41928-020-0435-7


W. Yu, et al. Sci. China-Phys. Mech. Astron. August (2024) Vol. 67 No. 8 287501-17

15 X. Sui, Q. Wu, J. Liu, Q. Chen, and G. Gu, IEEE Access 8, 70773
(2020).

16 B. J. Shastri, A. N. Tait, T. Ferreira de Lima, W. H. P. Pernice, H.
Bhaskaran, C. D. Wright, and P. R. Prucnal, Nat. Photon. 15, 102
(2021), arXiv: 2011.00111.

17 F. Ashtiani, A. J. Geers, and F. Aflatouni, Nature 606, 501 (2022),
arXiv: 2106.11747.

18 J. Grollier, D. Querlioz, K. Y. Camsari, K. Everschor-Sitte, S.
Fukami, and M. D. Stiles, Nat. Electron. 3, 360 (2020).

19 J. Zhou, and J. Chen, Adv. Electron. Mater. 7, 2100465 (2021).
20 Y. J. Zhang, Q. Zheng, X. R. Zhu, Z. Yuan, and K. Xia, Sci. China-

Phys. Mech. Astron. 63, 277531 (2020).
21 W. Cai, Y. Huang, X. Zhang, S. Wang, Y. Pan, J. Yin, K. Shi, and W.

Zhao, Sci. China-Phys. Mech. Astron. 66, 117503 (2023).
22 S. E. Russek, C. A. Donnelly, M. L. Schneider, B. Baek, M. R.

Pufall, W. H. Rippard, P. F. Hopkins, P. D. Dresselhaus, and S. P.
Benz, in Stochastic single flux quantum neuromorphic computing
using magnetically tunable Josephson junctions: Proceedings of
the 2016 IEEE International Conference on Rebooting Computing
(ICRC) (San Diego, 2016), pp. 1-5.

23 N. Pashine, D. Hexner, A. J. Liu, and S. R. Nagel, Sci. Adv. 5,
eaax4215 (2019), arXiv: 1903.05776.

24 M. Stern, C. Arinze, L. Perez, S. E. Palmer, and A. Murugan, Proc.
Natl. Acad. Sci. USA 117, 14843 (2020).

25 K. Zhu, S. Pazos, F. Aguirre, Y. Shen, Y. Yuan, W. Zheng, O. Al-
harbi, M. A. Villena, B. Fang, X. Li, A. Milozzi, M. Farronato, M.
Muñoz-Rojo, T. Wang, R. Li, H. Fariborzi, J. B. Roldan, G. Benstet-
ter, X. Zhang, H. N. Alshareef, T. Grasser, H. Wu, D. Ielmini, and M.
Lanza, Nature 618, 57 (2023).

26 J. del Valle, J. G. Ramı́rez, M. J. Rozenberg, and I. K. Schuller, J.
Appl. Phys. 124, 211101 (2018), arXiv: 1812.01120.

27 M. Zhao, B. Gao, J. Tang, H. Qian, and H. Wu, Appl. Phys. Rev. 7,
011301 (2020).

28 E. Khoram, A. Chen, D. Liu, L. Ying, Q. Wang, M. Yuan, and Z. Yu,
Photon. Res. 7, 823 (2019).

29 D. V. Christensen, R. Dittmann, B. Linares-Barranco, A. Sebastian,
M. Le Gallo, A. Redaelli, S. Slesazeck, T. Mikolajick, S. Spiga, S.
Menzel, I. Valov, G. Milano, C. Ricciardi, S. J. Liang, F. Miao, M.
Lanza, T. J. Quill, S. T. Keene, A. Salleo, J. Grollier, D. Marković,
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