
Abstract

Introduction

A foundational understanding of how biological neuronal networks 
function could prove instrumental for refined clinical applications and 
treatments. Spiking artificial neurons emulate action potentials of 
biological neurons, and are the foundation for enhanced, energy-efficient 
neuromorphic computing systems. Antiferromagnetic (AFM) materials are 
the framework for such spiking artificial neurons. The innate effective 
inertia and dual magnetization of AFM materials provides propensity for 
simulating biological neurons. AFM neurons consist of nanometer sized 
nitric oxide  mounted on platinum. When an electrical current flows 
through the platinum, it can elicit the rotation of the AFM magnetization 
and generate a voltage spike that behaves like an action potential in a 
biological neuron. We have developed a mathematical model that 
describes the voltage spike with a differential equation and a simulation 
software to simulate biological characteristics such as response latency, 
refractory periods, inhibition, and interconnectivity.
Compared to slower modern computational speeds, AFM neurons operate 
with a rapid spike duration of the order of a picosecond and minimal 
power consumption of about 10−3 pJ per synaptic operation. 
Intrinsic AFM qualities allow neurons to form networks and dynamically 
modeling biological neural circuitry to improve efficiency of artificial 
intelligence.

Artificial Intelligence (AI) has shown to enhance efficacy of healthcare 
through streamlining diagnoses and improving clinical outcomes. It  has 
been trained for  image recognition and data processing of skin cancers, 
radiographs, and beyond. While AI and machine learning is seemingly 
quintessential across society, its effectiveness is compromised by three 
main limitations: immense computing power, costly operations, and 
suboptimal performance speeds. It has been demonstrated that the human 
brain capacity operates with an efficiency that is orders of magnitudes 
greater than that of  computers. This has brought profound attention to 
the structure, topography, and interconnections of the human  brain.

Foundational understanding, simulation, and modeling of biological 
neuronal networks could prove instrumental for refined application of AI 
in clinical softwares  and treatments. As such, we have developed an 
artificial neuron that uses antiferromagnetic (AFM) auto-oscillators to 
produce ultra-fast voltage spikes as a response to external stimulation.  
AFM neurons have many features that not only closely resembling 
biological neurons, but also operate with faster speeds and lower energy 
consumption compared to state-of-the-art computers available today. 
Dynamic modeling of biological neural circuitry with AFM neurons can 
propel technology in medicine to augment the degree, efficacy, and quality 
of healthcare.

(a)This 
illustrates the 
architectural 
framework of an 
AFM neuron. 
AFM material 
(NiO) is mounted 
onto a metallic 
conductor, 
through which 
electrical 
current will 
flow. (b) Input 
current is 
graphed: Bias 
current ~198 µA; 
with 18µA input 
impulses just 
before 100 ps 
and 300 ps. (c) 
AFM-produced 
output spikes 
(~100µV) result 
from impulses at 
100 and 300 ps 
18µA.

Methods and Physics of Operation

The AFM neuron is mathematically modeled after a simple pendulum system with 
an applied torque. Velocity around this axis is dictated by 3 factors: 
1. Moment of inertia
2. Friction
3. Gravitational potential. 
The sum of these three is the Spin Transfer Torque (STT), which represents the 
current provided to the AFM neuron, directly modeling AFM spiking activity. 
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The physical schematic for the 
AFM architecture was 
established to be feasible, 
inexpensive, energy-efficient, 
dynamic, and compact. 
● AFM material: Nitric 

Oxide--cost-efficient and 
anisotropic.

● Electrical Conductor: 
Platinum– high spin-orbit 
coupling.

AFM spiking simulations demonstrate three things: firstly, AFM 
neurons are capable of accurately modeling the functionality and 
characteristics of biological neuron including response latency, 
refractory periods, and inhibition, which arise from an effective 
internal inertia. Secondly, our AFM artificial neuron model 
overcomes current AI limitations with its state-of-the-art speed of 
conduction, inexpensive and compact architecture, and minimal 
computational energy. Thirdly, this study develops a platform to 
perform further studies of neural circuitry such as physiological 
reflexes simulations, and training for robust diagnoses.

Neuron Equation
(AFM Input Equation)

Motion Equation

Negative inhibition, positive 
inhibition, and interconnectivity

Absolute Refractory Period

The AFM neuron is 
mathematically modeled after a 
simple pendulum system with an 
applied torque. Velocity around 
this axis is dictated by 3 factors: 

Numerical simulations 
were run through 
Mathmatica to demonstrate 
an AFM neuron generating 
spikes. 
(a) input currents
Critical Impulse is required 
to elicit a spike. This is 
comparable to a biological 
neuronal threshold for AP 
firing.
(b)degrees of magnet 
rotation
(c)voltage output
Latency Period exhibited
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