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Abstract. The rapid expansion of artificial intelligence (AI), Internet of Things (IoT), edge
computing, and autonomous systems has significantly increased the demand for energy-
efficient computing technologies capable of supporting intelligent decision-making under
stringent power constraints. Conventional deterministic computing architectures based on
CMOS technology and the von Neumann model face growing challenges in terms of
energy consumption, memory bottlenecks, and computational scalability. Probabilistic
computing has emerged as a promising alternative paradigm by exploiting controlled
stochastic behavior rather than deterministic binary operations. Central to this approach
are probabilistic bits (p-bits), which fluctuate between binary states with tunable
probabilities, enabling efficient implementation of optimization, inference, machine
learning, and combinatorial computing tasks. Unlike quantum bits, p-bits operate at room
temperature using existing semiconductor technologies, making them practical for near-
term deployment. This review presents the fundamental principles of probabilistic
computing and p-bit architectures, emphasizing their role in developing ultra-low-power
intelligent systems. The paper discusses the theoretical foundations of probabilistic
computation, stochastic information processing, p-bit devices, probabilistic circuits, and
hybrid probabilistic-classical computing frameworks. By examining these foundational
concepts, the review provides a comprehensive understanding of how probabilistic
computing offers a scalable and energy-efficient alternative for future intelligent computing

systems operating in resource-constrained environments.
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1. Introduction

Artificial Intelligence Artificial Intelligence
(AI) has become one of the primary drivers of
scientific innovation and digital transformation,
enabling intelligent systems to perform complex
tasks across healthcare, manufacturing, finance,
transportation, robotics, and environmental
monitoring. Recent advances in machine learning
and deep learning have significantly improved the
capability of computers to recognize patterns,
make predictions, and support autonomous
decision-making. However, these achievements
have also resulted in rapidly increasing
computational complexity, requiring massive
processing power, high memory bandwidth, and
substantial energy consumption during both
training and inference [1], [2]. As Al applications
continue to expand toward edge devices and
embedded platforms, the demand for energy-
efficient computing architectures has become
increasingly important.

Most contemporary computing systems rely
on deterministic binary logic implemented
through Metal-Oxide-

Semiconductor (CMOS) technology and the

Complementary

traditional von Neumann architecture, in which

computation and memory are physically
separated. This architectural organization requires
continuous movement of data between processors
and memory units, creating the well-known von
Neumann bottleneck, which increases latency,
energy consumption, and computational overhead
[3]. Although hardware accelerators such as
Graphics  Processing Units (GPUs), Tensor
Processing Units (TPUs), and neuromorphic
processors  have improved computational
performance for Al workloads, the growing size
and complexity of modern machine learning
models continue to challenge existing computing

infrastructures [4].

Emerging computing paradigms  have
therefore attracted significant attention as
alternatives  to  conventional  deterministic
architectures. Among  these, probabilistic
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computing has gained considerable interest

because  many  real-world  computational
problems—including optimization, probabilistic
inference, uncertainty modeling, and machine
learning—are inherently stochastic rather than
deterministic  [5]. Instead of suppressing
randomness as unwanted noise, probabilistic
computing intentionally  utilizes  controlled
stochastic behavior to perform computation. By
representing uncertainty directly within hardware,
probabilistic

systems can solve complex

optimization and inference problems with
substantially lower energy consumption than
conventional digital processors [0].

The fundamental computational element of
probabilistic computing is the probabilistic bit (p-
bit). Unlike a classical binary bit, which assumes
either 0 or 1, or a quantum bit (qubit), which exists
in coherent quantum superposition, a p-bit rapidly
fluctuates between binary states according to a
[7].  The
probability of observing either state can be

tunable  probability  distribution
dynamically controlled through external inputs,
allowing p-bits to represent uncertain information
while remaining compatible with room-
temperature semiconductor technologies. This
characteristic distinguishes p-bits from qubits,
which require quantum coherence and often
operate under cryogenic conditions [8].

Networks of interconnected p-bits form
probabilistic circuits (p-circuits) capable of solving
computationally demanding problems through
stochastic exploration of solution spaces. Rather
than computing a single deterministic output, p-
circuits continuously generate candidate solutions
whose probabilities evolve according to network
interactions and external constraints. Such
behavior naturally aligns with probabilistic
graphical models, Bayesian inference, Boltzmann
machines, and combinatorial optimization
algorithms, making p-bit architectures particularly
attractive for machine learning and artificial

intelligence applications [9].
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One of the major advantages of probabilistic
computing is its exceptional energy efficiency.
Since p-bit devices rely on low-energy stochastic
switching rather than deterministic logic
transitions, they can perform many computational
tasks  with  significantly = reduced power
consumption [10]. This capability is especially
valuable for edge computing environments where
battery capacity, thermal limitations, and hardware
resources are constrained. Intelligent sensors,
wearable healthcare devices, autonomous robots,

of Things (IoT) platforms, and
environmental monitoring systems increasingly

Internet

require computational architectures capable of
supporting continuous learning and decision-
making while operating under strict energy
budgets [11].

Recent  developments in  spintronics,
(MT]s), resistive

memory devices, and stochastic nanomagnetic

magnetic tunnel junctions

technologies ~ have  accelerated  practical
implementation of p-bit hardware [12]. Low-
barrier nanomagnets exhibit intrinsic thermal
fluctuations that naturally generate probabilistic
binary outputs, providing an efficient physical
realization of p-bits without requiring complex
random number generators. Furthermore,
advances in CMOS-compatible stochastic circuits
have demonstrated that probabilistic processors
can be integrated with existing semiconductor

hybrid

architectures that combine deterministic and

technologies,  enabling computing
probabilistic computation [13].

Understanding the fundamental principles of
probabilistic ~ computing is  essential  for
appreciating its potential as a next-generation
computing paradigm. Concepts such as stochastic
computation, probabilistic inference, tunable
random variables, p-bit architectures, probabilistic
logic circuits, and hybrid probabilistic-classical
computation provide the theoretical foundation
for developing energy-efficient intelligent systems
capable of solving complex computational
problems under uncertainty. These principles also

establish an  important  bridge between
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conventional digital computing, neuromorphic

computing, and emerging unconventional
computing technologies.

This paper presents a review of the
fundamental principles of probabilistic computing
and p-bit architectures with emphasis on their role
in enabling ultra-low-power intelligent systems. It
examines the theoretical concepts underlying
stochastic information processing, probabilistic
circuits, hardware

hybrid
frameworks. By focusing on these foundational

bits, probabilistic logic
implementations,  and computing
principles, the paper provides a comprehensive
understanding of how probabilistic computing
can contribute to the development of future
intelligent systems that combine computational
efficiency, adaptability, and energy sustainability.

2. Principles of Probabilistic Computing
Probabilistic computing is an emerging
computational

paradigm  that

intentionally

incorporates randomness into  information
processing rather than treating it as an undesirable
characteristic. Unlike conventional deterministic
computing, where identical inputs always produce
identical outputs, probabilistic computing allows
computational states to evolve according to
probability distributions. This stochastic behavior
closely resembles many natural phenomena and
provides an efficient framework for solving
optimization, inference, machine learning, and
uncertainty modeling problems [14]. As many
involve

real-world computational tasks

incomplete  information and  probabilistic
reasoning, probabilistic computing offers a
promising alternative to traditional binary
architectures by enabling intelligent systems to
operate efficiently under uncertainty [15].

The foundation of probabilistic computing
lies in representing computational variables as
tunable random  variables whose  states
continuously fluctuate according to external
inputs and network interactions. Rather than
producing a deterministic

single output,

probabilistic systems explore multiple candidate
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solutions through stochastic state transitions,
gradually converging toward the most probable
solution. This computational strategy naturally
aligns with Bayesian inference, Markov processes,
Boltzmann statistics, and stochastic optimization
techniques, making probabilistic computing
particularly attractive for artificial intelligence and
scientific computing applications [16].

2.1.Foundations of Probabilistic Computing

Traditional digital computers  process
information using deterministic binary logic,
where each bit assumes a fixed value of either 0 or
1 until modified by logical operations. Although
this approach has enabled remarkable advances in
modern computing, it often becomes inefficient
for problems involving uncertainty, optimization,
and probabilistic reasoning. Many computational
tasks in machine learning, pattern recognition, and
scientific modeling require evaluating numerous
possible solutions before identifying an optimal
outcome, resulting in substantial computational
complexity [17].

Probabilistic computing addresses these
limitations by replacing deterministic binary
variables with stochastic computational elements
whose outputs fluctuate between logical states
according to controllable probability distributions.
Computation therefore becomes a statistical
process rather than a purely deterministic
sequence of logical operations. The probability
associated with each computational state reflects
the likelithood of a particular solution, allowing the
system to naturally explore complex solution
spaces while avoiding premature convergence to
suboptimal solutions [7].

Unlike quantum computing, which relies on
quantum  coherence,  entanglement, and
superposition, probabilistic computing operates
entirely within classical statistical mechanics and
therefore  does not  require  cryogenic
environments or quantum error correction [18].
Instead, stochastic behavior is generated through
fluctuations, electronic

thermal noise, or

intrinsically random physical devices.
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Consequently, probabilistic computing provides
many computational advantages associated with

stochastic ~ optimization  while  remaining
compatible  with  existing  semiconductor
manufacturing technologies.

Several characteristics distinguish
probabilistic computing from conventional
deterministic architectures:

¢ Controlled stochastic behavior.

o Probability-based information

representation.

¢ Continuous exploration of multiple

candidate solutions.

e Intrinsic  support  for  uncertainty
modeling.
e High computational efficiency for

optimization and inference problems.
These establish  probabilistic
computing as a promising computing paradigm

properties

for future intelligent systems operating under
limited computational resources.

2.2.Stochastic Information Processing

Stochastic information processing forms the
theoretical basis of probabilistic computing.
Rather than processing deterministic logical
values,  probabilistic  systems  manipulate
probability distributions that evolve dynamically
according to statistical interactions among
computational elements [19]. This computational
model closely resembles many natural processes in
biological neural systems, statistical physics, and
thermodynamic optimization.

One of the central concepts in stochastic
information  processing is the Boltzmann
distribution, which describes the probability of
observing various system states according to their
corresponding energy levels. Computational
systems utilizing stochastic dynamics tend to
evolve toward lower-energy configurations while
maintaining sufficient randomness to escape local
minima during optimization [20]. This property
enables probabilistic processors to efficiently

solve combinatorial optimization problems that
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are often computationally expensive for
deterministic algorithms.

Another important principle is Markov Chain
Monte Carlo MCMC) sampling, which generates
sequences of probabilistic states whose long-term
distribution

probability distribution. MCMC techniques are

converges toward a desired

widely employed in Bayesian inference, statistical

learning,  uncertainty  quantification,  and

probabilistic graphical models [21]. Probabilistic
stochastic  state

hardware  implementing

transitions can perform such sampling directly

within ~ hardware, reducing computational
overhead  associated with  software-based
simulations.

Probabilistic  inference further extends

stochastic information processing by estimating
unknown variables based on observed evidence
and prior probability distributions. Bayesian

networks, factor graphs, and probabilistic
graphical models provide mathematical
frameworks for representing complex

relationships among uncertain variables [22].
These models have found widespread applications
in computer vision, speech recognition, medical
diagnosis, autonomous systems, and intelligent
decision support.

Compared with deterministic processors,
stochastic information processing offers several
important advantages:

o Efficient probabilistic inference.

e Improved robustness against hardware

noise.

e Lower computational complexity for

optimization tasks.

e Natural representation of uncertainty.

e Reduced energy consumption through

approximate computation.

These advantages have positioned stochastic
computing as an attractive computational model
for future artificial intelligence systems requiring
efficient probabilistic reasoning.
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2.3.p-Bits and Their Operating Principles
The probabilistic bit (p-bit) is the
fundamental =~ computational ~ element  of
probabilistic computing. A p-bit is a tunable
stochastic ~ binary  device whose output
continuously fluctuates between 0 and 1 according
externally probability
distribution [7]. Unlike deterministic bits that

remain fixed until explicitly modified, p-bits

to an controllable

inherently generate random outputs while
allowing the probability of each state to be
adjusted through external bias signals.

Mathematically, the behavior of a p-bit is
commonly represented wusing a sigmoidal
activation function in which the output probability
depends upon the weighted sum of external inputs
[23]. As the input bias increases, the probability of
observing one logical state gradually becomes
dominant, while negative inputs favor the
opposite state. When no external bias is present,
both binary states occur with nearly equal
probability due to intrinsic thermal fluctuations.

Physical implementations of p-bits have been
demonstrated using several emerging device
technologies, including:

e Low-barrier nanomagnets.

e Magnetic Tunnel Junctions (MT]s).

e Spintronic devices.

¢ CMOS stochastic circuits.

e Resistive switching devices.
low-barrier

Among these technologies,

nanomagnets  have attracted  considerable
attention because thermal fluctuations naturally
generate stochastic switching behavior while
requiring extremely low operating energy [12].
When combined with CMOS control circuitry,
these devices provide compact, scalable, and
energy-efficient implementations of probabilistic
processors [9].

Unlike qubits, which maintain coherent
quantum states, p-bits operate entirely within
classical physics and therefore avoid many of the
technological challenges associated with quantum
hardware. This practical compatibility with

existing semiconductor fabrication processes
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makes p-bit architectures attractive candidates for
near-term deployment in intelligent embedded

systems.

2.4.Probabilistic Logic Circuits

Individual p-bits become significantly more
powerful when interconnected into probabilistic
circuits (p-circuits). A p-circuit consists of
multiple interacting p-bits whose stochastic
outputs collectively evolve toward solutions
satisfying predefined logical or optimization
constraints  [24]. Rather than implementing
deterministic Boolean logic, p-circuits perform
computation through statistical interactions
among interconnected stochastic devices.

One remarkable property of p-circuits is
invertible logic. Conventional digital logic gates
compute outputs from known inputs in only one
direction. In contrast, probabilistic circuits operate
bidirectionally, allowing either inputs or outputs to
be specified while automatically

probabilistic

inferring

unknown  variables  through
reasoning [7]. This capability greatly expands
computational flexibility and enables efficient
implementation of optimization, constraint
satisfaction, and inverse problem solving.

Probabilistic logic circuits have successfully
demonstrated implementations of:

e AND, OR, XOR, and NOT gates.

e Adders and multipliers.

e Integer factorization.

e Boolean satisfiability (SAT) problems.

e Traveling Salesman Problem (TSP).

e Ising model optimization.

Because computation emerges through
stochastic exploration rather than exhaustive
deterministic search, p-circuits often require
substantially lower computational effort for
solving combinatorial optimization problems [25].
Furthermore, their inherent fault tolerance allows
reliable computation despite hardware variability
and thermal noise, making probabilistic circuits
particularly attractive for future ultra-low-power

intelligent systems.
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2.5.Hardware
Architectures

Technologies  for  p-Bit

The practical realization of probabilistic
computing depends upon hardware devices
capable of generating controllable stochastic
behavior while consuming minimal energy. Unlike
conventional digital circuits that suppress noise to
deterministic

achieve operation, p-bit

architectures  intentionally  exploit intrinsic
physical randomness to perform probabilistic
computation. Recent advances in nanotechnology,
spintronics, emerging memory devices, and
CMOS-compatible

significantly accelerated the development of

stochastic  circuits  have
practical p-bit hardware [20].

Among the various implementations, Low-
Barrier Nanomagnets (LBNMs) have emerged as
one of the most promising candidates for realizing
p-bits. Unlike stable magnetic devices used in
conventional memory applications, low-barrier
nanomagnets  possess  reduced  magnetic
anisotropy, allowing thermal fluctuations at room
temperature to continuously switch their magnetic
orientation between two states [12]. These
stochastic transitions naturally generate random
binary outputs without requiring dedicated
random number generators, making LBNMs
highly energy-efficient computational elements.

Another important hardware technology is
the Magnetic Tunnel Junction (MT]), which
consists of two ferromagnetic layers separated by
an insulating tunnel barrier. The electrical
resistance of an MT] depends upon the relative
orientation of the magnetic layers, enabling
stochastic magnetic switching to be directly
converted into probabilistic electrical outputs [9].
When combined with CMOS circuitry for input
control and output sensing, embedded MT]Js
provide compact implementations of tunable p-
bits suitable for large-scale probabilistic
processors.

Beyond spintronic devices, several emerging
memory technologies have also been investigated

for probabilistic computing. These include:
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e Resistive Random Access Memory
(RRAM)

e Phase Change Memory (PCM)

o Ferroelectric  Field-Effect Transistors

(FeFETS)
e Spin-Orbit Torque (SOT) devices
e Memristive crossbar arrays
These exhibit
switching dynamics, analog programmability, and

technologies nonlinear
low operating voltages that make them suitable for
stochastic information processing [27]. In

particular, memristive devices enable
simultaneous storage and computation, thereby
reducing data movement and mitigating the von
Neumann bottleneck.

Although

substantial energy savings, CMOS-based p-bit

specialized nanodevices offer

implementations remain attractive because they
are compatible with existing semiconductor
CMOS
circuits emulate probabilistic behavior using

fabrication infrastructure. stochastic
compact random-number generators, feedback
logic, and probabilistic activation functions [28].
This compatibility facilitates gradual integration of
probabilistic computing into current digital
computing platforms while supporting hybrid
deterministic-probabilistic architectures.

As fabrication technologies continue to
mature, large-scale arrays of interconnected p-bits
are expected to provide scalable hardware
platforms capable of supporting optimization,
inference, machine learning, and intelligent
decision-making with significantly reduced energy

consumption.

2.6.Energy Efficiency and Ultra-Low-Power

Intelligent Systems

Scientific  discovery  Energy efficiency
represents one of the primary motivations for
developing probabilistic computing architectures.
Modern artificial intelligence systems require
enormous computational resources for training
and inference, resulting in increasing electricity
thermal

consumption and management

challenges. Data centers supporting deep learning
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applications consume substantial amounts of
electrical power, while edge devices often face
severe limitations in battery capacity and
processing capability [29].

Probabilistic computing addresses these
challenges by replacing deterministic switching
with stochastic computation that naturally exploits
thermal fluctuations rather than overcoming
them. Consequently, p-bit architectures can
perform probabilistic inference and optimization
while consuming considerably less energy than
conventional deterministic processors [30].

Several architectural characteristics
contribute to the energy efficiency of probabilistic
systems:

e Low-voltage stochastic switching.

¢ Reduced computational complexity for

optimization.

¢ Intrinsic parallel information processing.

e In-memory probabilistic computation.

e Approximate computation with graceful

accuracy degradation.

Unlike deterministic processors that execute
every logical operation precisely, probabilistic
processors often compute approximate solutions
sufficient for many artificial intelligence
applications. 'This principle of approximate
computing significantly reduces switching activity,
computational latency, and energy consumption
without substantially affecting overall system
performance [31].

Another important advantage is the ability of
probabilistic circuits to perform massively parallel
Multiple

different

stochastic exploration.

p-bits
simultaneously  evaluate candidate
solutions, allowing optimization processes to
converge efficiently without exhaustive sequential
computation. This massively parallel architecture
resembles biological neural systems, where large
populations of neurons collectively process
uncertain information using distributed stochastic
dynamics [32].

The low-power characteristics of

probabilistic computing make it particulatly
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attractive for numerous intelligent applications,
including:

e Edge Artificial Intelligence (Edge Al)

e Internet of Things (IoT)

e Wearable healthcare devices

e Smart environmental monitoring

e Autonomous robotics

e Wireless sensor networks

e Smart agriculture

e Intelligent transportation systems

In these applications, battery lifetime,
computational efficiency, and real-time decision-
making are critical design requirements.
Probabilistic processors provide an attractive
balance between computational performance and
energy efficiency, enabling intelligent systems to
operate continuously under stringent resource
constraints [11].

Furthermore, hybrid architectures combining
deterministic ~ processors  with  probabilistic
accelerators allow computational tasks to be
assigned according to their characteristics.
Deterministic processors execute conventional
arithmetic and control operations, whereas
probabilistic  hardware efficiently —performs
optimization, inference, sampling, and uncertainty
estimation. Such heterogeneous architectures
maximize overall computational efficiency while

minimizing energy consumption [33].

2.7.Summary

Probabilistic ~ computing  represents  a
significant shift from conventional deterministic
computation by embracing controlled
randomness as a computational resource rather
than treating it as undesirable noise. Through
stochastic information processing, probabilistic
inference, p-bits, and probabilistic logic circuits,
this emerging paradigm provides an efficient
framework for solving optimization, sampling,
and machine learning problems that are
computationally demanding for traditional digital

architectures [7], [23].
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Advances in spintronic devices, magnetic

tunnel junctions, low-barrier nanomagnets,
memristive technologies, and CMOS-compatible
stochastic circuits have established practical
hardware foundations for implementing scalable
p-bit architectures [9], [12]. These devices exploit
intrinsic ~ thermal fluctuations to perform
probabilistic computation while maintaining
compatibility ~with existing semiconductor
manufacturing processes.

One of the most compelling advantages of
probabilistic computing is its exceptional energy
efficiency. By

combining approximate

computation, massively parallel  stochastic
exploration, and hardware-native uncertainty
representation, p-bit architectures significantly
reduce computational complexity and power
consumption. These characteristics position
probabilistic computing as a promising technology
for ultra-low-power intelligent systems operating
in resource-constrained environments, including
edge Al, autonomous robotics, IoT, wearable
electronics, and scientific optimization.

As  hardware technologies, probabilistic
algorithms, and hybrid deterministic-probabilistic
computing frameworks continue to evolve, p-bit
architectures are expected to become increasingly
important components of next-generation
intelligent computing systems. Their ability to
integrate efficient probabilistic reasoning with
scalable semiconductor technologies offers a
compelling pathway toward sustainable, adaptive,

and energy-efficient artificial intelligence.

3. Conclusion

Probabilistic computing has emerged as a
promising post-CMOS computing paradigm that
fundamentally redefines the role of randomness in
computation. Unlike conventional deterministic
architectures that attempt to eliminate stochastic
behavior, probabilistic computing intentionally
exploits  controlled  randomness as a
computational resource for solving optimization,
inference, and machine learning problems. By

utilizing probabilistic bits (p-bits) as tunable
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stochastic computational elements, this emerging
paradigm offers an energy-efficient alternative to
conventional digital computing while maintaining
compatibility ~with existing semiconductor
technologies.

The principles discussed in this review—

including stochastic information processing,

probabilistic  inference, p-bit architectures,
probabilistic  logic  circuits, and  hybrid
deterministic-probabilistic computing—

collectively establish the theoretical foundation of
These
demonstrate that randomness can significantly

probabilistic  computing. concepts
improve computational efficiency for numerous
artificial intelligence tasks, particularly those
involving uncertainty, probabilistic reasoning,
combinatorial optimization, and approximate
computation. Unlike quantum computing, which
requires sophisticated quantum hardware and
cryogenic  operating  environments,  p-bit
architectures operate at room temperature using
CMOS-compatible spintronic and nanomagnetic
devices, making them attractive candidates for
near-term practical deployment.

Recent advances in low-barrier nanomagnets,
magnetic tunnel junctions, memristive devices,
stochastic CMOS circuits, and probabilistic spin
logic have accelerated the development of scalable
hardware platforms capable of implementing large
These

technologies enable massively parallel stochastic

networks of interconnected p-bits.

computation while significantly reducing energy

consumption compared with deterministic

hybrid

frameworks that integrate conventional digital

processors.  Furthermore, computing
processors with probabilistic accelerators provide
a practical pathway toward deploying probabilistic
computing in existing computing infrastructures.
The application potential of probabilistic
computing extends across numerous scientific and
engineering domains. Optimization problems in
logistics, manufacturing, finance, communication
networks, and scientific research can benefit from
probabilistic search mechanisms that efficiently
explore large solution spaces. Similarly, artificial
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intelligence  applications—including  Bayesian
learning, probabilistic graphical models, neural
networks, autonomous robotics, computer vision,
natural language processing, and edge Al—can
exploit p-bit architectures for low-power
intelligent inference under uncertain conditions.
These
computing particularly attractive for Internet of
Things

autonomous vehicles, smart healthcare systems,

characteristics ~ make  probabilistic

(IoT) devices, wearable electronics,

environmental monitoring, and intelligent sensor
networks where computational resources and
battery capacity are limited.

Despite these promising developments,
several research challenges remain before large-
scale probabilistic computing systems become
commercially viable. Device variability, stochastic
stability, fabrication consistency, hardware
scalability, programming methodologies, and
further

software-hardware co-design require

investigation. Developing standardized
programming frameworks, compiler support,
benchmarking methodologies, and application-
specific probabilistic algorithms will be essential
for accelerating industrial adoption. Continued
research in spintronic materials, nanoscale device
engineering, probabilistic architectures, and
machine learning algorithms is expected to
address many of these limitations over the coming
years.

In conclusion, probabilistic computing
represents an important milestone in the evolution
of next-generation computing technologies. By
combining stochastic hardware, probabilistic
reasoning, and energy-efficient computation, p-bit
architectures provide a practical and scalable
foundation for developing ultra-low-power
intelligent systems. As research progresses,
probabilistic  computing is  expected  to
complement conventional digital processors,
neuromorphic systems, and quantum computing
platforms, thereby contributing significantly to the
sustainable  artificial

future landscape of

intelligence and intelligent computing.
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