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1. Summary

This technical report summarizes the R&D efforts for the AFRL project “Magnetic 
Nanoelectronics for Brain-Inspired Computing (MN-BRIC): From Materials to Circuit Models”. 
In this project, we focus on spintronics technology, wherein we exploited the magnetization 
dynamics of magnetic materials, most prominently antiferromagnets (AFMs), to implement brain-
inspired circuits and architectures. The project focused on developing physics-based models at 
various levels of the design hierarchy to fully quantify the potential and limits of spintronics for 
brain-inspired computing. This effort leveraged RPI’s complementary expertise in neuromorphic 
hardware simulator (NeMo) that can simulate neuromorphic architectures of arbitrary dimensions, 
allowing for novel architecture performance benchmarking. The major outcomes of the effort 
include (i) materials and device models of AFM neurons and ferromagnetic (FM) synapses, (ii) 
circuit-compatible SPICE models of these neurons and synapses, (iii) full architecture level 
benchmarking, including power, throughput, and area assessment of a neuromorphic architecture 
leveraging magnetic neurons and synapses and (iv) quantification of the impact of interconnects 
on architecture performance. Our results show that although spintronics hardware offers 
significant energy and latency advantages, for larger neuromorphic cores, the performance is 
dominated by interconnection networks. This limitation is overcome by architectural changes to 
the network or by using new interconnect materials that offer lower resistance and capacitance 
compared to copper/low-k interconnects, currently used in CMOS chips. Our work under this grant 
has also generated new concepts of brain-inspired computing at the thermodynamic limits based 
on diffusive and stochastic phenomena that can be obtained in magnetic devices.  
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2. Introduction 

The human brain is widely regarded as the ultimate computing engine with extremely high 
energy efficiency, reliability, and learning and cognitive capabilities. The aspiration to design 
computing platforms with attributes approaching those of the brain is universal and long-standing. 
The area of neuromorphic or brain-inspired computing1 has its origins in the pioneering work of 
Carver Mead and his collaborators in the 1980s [1]. Though much progress has been made since 
then, neuromorphic systems have yet to demonstrate the cognitive functionality of mainstream AI 
methods (e.g., deep nets) or the energy efficiency approaching that of the brain. A key reason is 
that there exists a huge mismatch between the properties of mainstream (CMOS) devices vs. those 
of the brain. To overcome this challenge, in this project, we evaluated the full-stack performance 
of neuromorphic systems that exploit the neuro-synaptic dynamics in magnetic devices. Unlike 
CMOS devices, magnetic devices demonstrate dynamics that are similar to those of biological 
neurons and can be tuned from several 10’s of gigahertz to near-terahertz [2]. Moreover, magnetic 
devices acting as neurons and synapses, the building blocks of neuromorphic systems, possess low 
area (< 1 µm2) and operate at significantly lower energy (<10-3 pico-joules) compared to their 
counterparts. Therefore, these materials can serve as the computational primitives of a biologically 
inspired hardware that promises to emulate the highly efficient and low-power cognitive 
capabilities of the human brain in hardware. 

 
New devices can be classified into two main categories, depending on whether they realize 

synaptic behavior or the nonlinear transfer function of neuron in hardware. Non-volatile 
memristors, such as resistive random-access memory (RRAM), phase-change memory (PCM), 
and ferroelectric random-access memory (FeRAM) function of hardware synapses. Similarly, 
memristive dynamics is also feasible in magnetic materials, which was first experimentally 
observed by Kyrysteczko in 2012 [3]. On the other hand, neuron hardware emulators typically 
utilize silicon transistor, although more recently spin dynamics in magnetic tunnel junctions 
(MTJs) have also been explored [4]. In the last five years, significant research progress has been 
reported in antiferromagnetic spintronics [5-7]. Unlike ferromagnets that have been the active 
elements in all spintronic devices, whether it is for memory applications or neuromorphic / brain-
inspired computing applications, antiferromagnets traditionally served a secondary role wherein 
they were used mainly to create exchange bias2 in a proximal ferromagnet. However, 
antiferromagnets have unique magnetization dynamics [8] that make them particularly useful for 
emulating biological neurons in hardware. For example, antiferromagnets can display coherent 
oscillations, incoherent oscillations (e.g., spiking, bursting, chirping), and memristive switching.   

 
Meanwhile, ferromagnetic devices have been used for memory and neuromorphic computing; 

however, in current methods, their brain-inspired spin dynamics are not truly harnessed. For 
example, most neuromorphic architectures only exploit the memristive dynamics in ferromagnetic 
devices. But our group and others have shown that the intrinsic noise in ferromagnets can also be 
harnessed for stochastic resonance and stochastic facilitation [9,10] — phenomena in which noise 
promotes neural synchronization and information transmission in the brain. 

 

 
1 We will use the term “neuromorphic” and “brain-inspired” interchangeably throughout this document.  
2 Exchange bias refers to the pinning of the magnetization direction of a proximal ferromagnet that is in contact with an antiferromagnet. This 

effect is caused due to the exchange interaction at the interface between a ferromagnet and an antiferromagnet. A soft ferromagnet film will have 
its interfacial spins pinned if it is strongly exchange coupled to the antiferromagnet in a bilayer or multilayer structure.  
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Our research adopts a materials-centric approach to computing and combined with a rigorous 
mathematical underpinning breaks new ground in theory-driven discovery and design of magnetic 
nanostructures with functional capabilities that go beyond state-of-the-art (SOTA) approaches for 
brain-inspired computing.  

Specifically, this project harnesses the intrinsic brain-inspired spin dynamics in magnetic 
nanostructures, including antiferromagnetic and ferromagnetic materials and devices, to 
implement circuits and architectures that can provide a higher degree of cognition (e.g., processing 
of both spatial and temporal tasks) at much smaller circuit area and high energy efficiency 
compared to SOTA CMOS and neuromorphic technologies. 

The key technical outcomes of this research are as follows.  

 For the hardware emulation of neurons, we numerically solved for the spin-torque-induced
magnetization dynamics in metallic and insulating antiferromagnets and obtained closed-
form expressions for the output as a function of the input spin current. Specific materials
analyzed include nickel oxide (NiO), chromium oxide (Cr2O3), and a Weyl semi-metal
manganese tin (Mn3Sn).

 We also explored the magnetization dynamics in the pulsed limit (i.e., when the magnet is
excited with a pulse of spin current). This regime is particularly useful for low-power
applications and in spiking neural networks.

 We investigated memristive dynamics in magnetic tunnel junctions for their use as a
synapse in neural networks.

 We developed compact models of interconnects for the neural network which allowed us
to estimate the overhead of data communication or signaling in large-scale networks for
solving data-intensive tasks.

 We scaled up the models so that the hardware costs of neuromorphic computing could be
readily assessed across the full stack, that is ranging from materials hardware costs to the
system-level hardware costs.

 We evaluated the hardware costs for realistic workloads which include the LeNet model
for MNIST and Fashion-MNIST. A small LeNet (SL) and a large LeNet (LL) were used.
Our results conclusively show that bulk of the hardware costs are associated with
connections between neurons, rather than the neurons themselves. This indicates that
architectures with shorter interconnects or new interconnect materials with lower resistivity
at scaled nodes are important research directions to explore in the future.
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2.1 Overview of brain-inspired computing 
The elementary basis of intelligence in biological systems 

are the neurons and synapses and their complex interconnections 
forming neural circuits. Figure 1 shows a biological neuron. 
Learning and memory are dynamical in nature and evolve due 
to the interaction of neural circuits with external environment. 
The human brain contains 1011 neurons with 1015 synapses, 
while it consumes 20 W power to perform complex learning, 
adaptation, and inferencing functions in massively parallel 
structures [11]. Even with noisy signals, the brain can operate 
with extreme efficiency unlike our conventional computers 
whose performance degrades significantly when noisy inputs are presented to them. That  is, 
conventional computers rely on high-precision data that incurs huge costs in energy and delay to 
handle real-world uncertainties. Neuromorphic computing that looks to biology to inspire new 
ways to process data. At the heart of neuromorphic systems are materials and devices that 
implement neuronal functions, e.g., memory elements, variable weights in artificial synapses, 
neurons with nonlinear dynamics, and dendrites.  
 

2.2 Overview of magnetic materials and devices for neuromorphic 
computing 

Magnetic materials possess ordered arrangement of spins and can be classified as 
ferromagnetic, ferrimagnetic, or antiferromagnetic. The difference between the three classes is 
illustrated in Figure 2. In the case of ferromagnets, all atomic spins are aligned along the same 
direction, while in antiferromagnets, spins on the neighboring atoms are aligned in an anti-parallel 
manner with respect to each other such that there is no net magnetic moment. In the case of 
ferrimagnets, although the spins on neighboring atoms are arranged in an anti-parallel manner, the 
two spins do not cancel each other out, resulting in a net macroscopic magnetic moment.  
 

 
Figure 2. Examples of magnetic ordering. 

 
Magnetic materials have been used to emulate brain-like functionality since the early 

developments of neural network theory. The seminal works of Karl Steinbuch (1962) on 
Lernmatrix [12] and Hopfield on Ising model [13] with tunable coupling between neighboring 
spins, mimicking synaptic functions, laid the foundation for artificial neural networks (ANNs) and 
spin glass systems. The last several years have witnessed significant progress in the fabrication 
and commercialization of spin-transfer-torque (STT)-driven memory, thereby also opening the 
door to neuromorphic applications that rely heavily on high-density and low-power memory [14]. 

 
Figure 1. A biological neuron. 
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Various spin-dependent phenomena such as STT [15], spin-orbit torque (SOT) [16], and magneto-
electricity [17] have been utilized to realize compact neurons and synapses in hardware. Magnetic 
memristors based on domain wall (DW) movement in two-terminal (2T) and three-terminal (3T) 
magnetic tunnel junctions (MTJs) have also been experimentally reported. Antiferromagnetic 
synapses using SOT as their switching mechanism are also experimentally demonstrated.  

However, one of the biggest challenges, despite these impressive experimental investigations, 
is a lack of a theoretical framework and models that allow us to use these magnetic devices in 
circuits and architectures and enable the full stack assessment of the opportunities and challenges 
of magnetic devices in the context of neuromorphic computing. In addition, many new types of 
spin dynamics that resemble neuro-synaptic dynamics of biological neurons have not been fully 
studies in these materials, which means that the full potential of these materials cannot be 
harnessed at the system-level.  

For system-level simulations, we combine comprehensive physical models of magnetic 
neurons and synapses, as well as interconnects, with a specialized parallel discrete event simulation 
model called Doryta, developed at Rensselaer Polytechnic Institute (RPI). Doryta is a 
deterministic, parallel spiking neural network simulation platform that is able to execute real 
neuromorphic applications in simulation and has been validated against existing spiking neural 
network tools. 

3. Methods, Assumptions and Procedures

a. Antiferromagnetic neurons

Antiferromagnets such as NiO, Cr2O3, and alloys of Mn (e.g., Mn3Sn, Mn3Ir), etc. are a class 
of magnetic materials that are internally magnetic on a microscopic scale but possess negligible 
net magnetization on a macroscopic scale owing to their atomic arrangement [18-20]. In principle, 
they can be used to realize non-linear signal generators and detectors, operating in the gigahertz to 
the terahertz frequency spectrum. Such AFM-based signal generators have been theoretically 
shown to emulate spiking neurons in hardware within a compact form factor.  

Antiferromagnets can be classified as collinear or noncollinear. In the former case, the spins 
are arranged 180-degrees with respect to each other, while in the latter case, the spins form a 
triangular orientation (120-degree orientation). Examples of collinear and non-collinear 
antiferromagnets is shown in Figure 3. 

Figure 3. A unit cell of a collinear antiferromagnet (NiO) and noncollinear antiferromagnet 
(Mn3Sn). 
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Figure 4(a) shows an example of an artificial neuron using NiO as the active element, while 
Figure 4(b) shows an artificial neuron using Cr2O3 as the active element [21]. In both these cases, 
Input electric current JC is converted into a pure spin current JS polarized us along the hard-
anisotropy axis to cause precession of the sublattice moments mA and mB, which pumps spin 
current back to generate an oscillating voltage signal at the output Vout.  

  

 

Figure 4. Hardware implementation of a neuron using antiferromagnetic insulators. (a) In-plane 
spin valve geometry: Lateral spin valve structure made of a perpendicular reference-layer 

magnetization on top of an in-plane anisotropy antiferromagnet, like NiO. (b) Perpendicular 
spin Hall geometry: Spin Hall structure with in-plane electric current transverse to the in-plane 
hard axis on top of a perpendicular anisotropy antiferromagnet, like Cr2O3. FM, ferromagnet; 

NM, normal metal; AFM, antiferromagnet. 

An antiferromagnetic spiking neuron based on Mn3Sn is shown in Figure 5(a) and Figure 5(b). 
The devices differ in terms of their read mechanism. In the first case, the read is based on the 
anomalous Hall effect (AHE), while in the second mechanism, tunneling magnetoresistance 
(TMR) of an antiferromagnetic junction is used. The time domain output of the neuron is shown 
in Figure 5(c). Both AHE and TMR have been experimentally measured in antiferromagnetic 
structures. Other detection methods like anisotropic magnetoresistance and tunneling anisotropic 
magnetoresistance could also be used, although their signal is weaker compared to TMR and AHE 
at 300 K.   
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Figure 5. AFM neuron based on (a) anomalous Hall effect readout and (b) tunneling 
magnetoresistance readout. (c) A qualitative sketch of the time-domain output signal, Vout of the 
neuron, versus the input signal, Iin. In (a) and (b), m1, m2, and m3 represent the magnetization 
vectors of the AFM. In (c), the neuron latency is the timing difference between the input signal 
arrival and the time the neuron’s angular velocity reaches a threshold, which is chosen as 1010 

rad/s for Mn3Sn and 2x1012 rad/s for NiO. 

i. Neuron Modeling with DC Currents 

Insulating antiferromagnetic neurons (NiO and Cr2O3): To excite and control Néel-order 
precession, the spin current must exert adequate anti-damping-like torque. The threshold spin-
current density that initiates precession is given as 𝐽௦,௧௛ ൌ 𝐾௘ 𝑑௔ 2⁄ , where 𝐾௘ is the easy-axis 
anisotropy, and da is the thickness of the AFM.  

The corresponding electric-current density depends on the specific geometry. For the in-plane spin 
valve geometry, assuming low spin-memory loss in the normal metal, the conversion from electric 
current to spin is determined by the conductance of majority- and minority-spin electrons gM and 
gm, respectively, and the spin-mixing conductance at the interface of normal metal and 
antiferromagnet gr. The threshold electric-current density is [21] 

𝐽௖,௧௛ሺ𝑁𝑖𝑂ሻ ൌ
2𝑒
ℏ

ሺ𝑔௥ ൅ 𝑔ெ ൅ 𝑔௠ሻሺ𝑔ெ ൅ 𝑔௠ሻ
𝑔௥ሺ𝑔ெ െ 𝑔௠ሻ

𝐽௦,௧௛. 

Here, e is the elementary charge, and ℏ is the reduced Planck’s constant.  

For the perpendicular spin Hall geometry, the conversion from electric current to spin is 
determined by the spin Hall angle, θSH, the layer thickness, dn, the spin diffusion length, 𝜆, the 
conductivity, 𝜎 of the heavy metal, and the spin-mixing conductance at the interface of the heavy 
metal and the antiferromagnet gr. The threshold electric-current density is given as [21] 

𝐽௖,௧௛ሺ𝑀𝑛ଷ𝑆𝑛ሻ ൌ
𝑒
ℏ
𝜎
𝜆𝑔௥

𝑐𝑜𝑡ℎ
ቀ
𝑑௡
2𝜆ቁ

𝜃ௌு
𝐽௦,௧௛ 

The precessing Néel order can reciprocally pump time-varying spin current into the adjacent metal 
layer and experience a damping-like backaction, which virtually enhances Gilbert damping 
according to 𝛼 ൌ 𝛼଴ ൅ 𝛼௦, where  
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𝛼௦ ൌ
ℏଶ𝛾𝑔௥
2𝑒ଶ𝑀௦𝑑௔

. 

The pumped spin current is converted into voltage under open-circuit conditions via spin filtering 
for the in-plane spin valve geometry and via the inverse spin Hall effect for perpendicular spin 
Hall geometry. The voltage signal generated at the output of each geometry is 

𝑉௢௨௧
௜௣ି௩௔௟௩ሺ𝑡ሻ ൌ

ℏ𝛾ඥ𝐽𝐾௘
2𝑒𝑀௦

ሺ𝑔ெ െ 𝑔௠ሻ𝑔௥𝜔ሺ𝑡ሻ
ሺ𝑔௥ ൅ 𝑔ெ ൅ 𝑔௠ሻሺ𝑔ெ ൅ 𝑔௠ሻ

,𝑉௢௨௧
௣௘ିு௔௟௟ሺ𝑡ሻ

ൌ
ℏ𝛾ඥ𝐽𝐾௘
2𝑒𝑀௦

𝜆𝑔௥
𝜎

𝜃ௌு𝑡𝑎𝑛ℎ
𝑑௡
2𝜆

𝜔ሺ𝑡ሻ, 

where 𝜔ሺ𝑡ሻ ൌ 𝜑′ is the dimensionless angular frequency. This frequency is obtained by solving 
the second order equation of motion for NiO and Cr2O3 antiferromagnets, given as  

𝜑ᇱᇱ ൅ 𝛽𝜑ᇱ ൅ 𝑠𝑖𝑛𝜑 ൌ 𝛤, 

where 𝛽 ൌ 𝛼ඥ𝐽 𝐾௘⁄  is the viscous damping, and 𝛤 ൌ 2 𝐽௦ 𝐾௘⁄ 𝑑௔ represents the constant tangential 
force acting on the Néel vector.  

Metallic antiferromagnetic neuron (Mn3Sn): Mn3Sn is a hexagonal antiferromagnet with ABAB 
stacking sequence of the (0001) plane consisting of a Kagome lattice of Mn atoms with a small 
magnetic anisotropy in the Kagome plane. Mn3Sn can only be stabilized in excess of Mn atoms 
(which replaces some of the Sn atoms), whereas with lower Mn concentration, the system gets 
contaminated with Mn2Sn. The combination of exchange coupling and DM interaction between 
the Mn moment stabilizes an anti-chiral 120 degrees spin structure, as shown in Figure 6, below 
the Neel temperature of 410-420K. At lower temperatures we get other phases including the spin 
glass like texture below 50K. In the presence of Mn deficiency, a helix phase is also possible where 
Mn moments form a spiral structure propagating along the c-axis. The combination of three 
sublattices having two-fold single-ion anisotropy yields six-fold magnetic anisotropy. Mn3Sn is a 
Weyl semi-metal which leads to large magneto-transport responses even though it has a 
vanishingly small magnetization about 0.002µB per Mn atom.  
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Figure 6. Six equivalent stable states in equilibrium for antiferromagnetic Mn3Sn. 

When Mn3Sn is perturbed using spin orbit torque from an adjacent heavy metal, then the Néel 
vector undergoes oscillations. The equation of motion of  the azimuthal angle of Néel vector, 
measured from x-axis, is expressed as [22] 

𝜑ᇱᇱ ൅ 𝛼𝜔ா𝜑ᇱ ൅ 𝑦𝜔௄𝜔ா𝑠𝑖𝑛ሺ6𝜑ሻ ൅ 𝜔ா𝜔௦ ൌ 0, 

where 𝛼 is the Gilbert damping, 𝜔ா ൌ 3𝛾 𝐽 𝑀௦⁄ , 𝜔௄ ൌ 2𝛾 𝐾௘ 𝑀௦⁄ , 𝜔௦ ൌ
ℏ

ଶ௘

ఊ௃ೞ
ெೞௗೌ

. Here, 𝑀௦ is the 

saturation magnetization and 𝛾 is the gyromagnetic ratio. The factor  𝑦 in the equation of motion 

is of the order of ቀఠ಼

ఠಶ
ቁ
ଶ
≪ 1, which means that the frequency of oscillations of the Néel vector

can be tuned readily over a very broad range, from the gigahertz to the terahertz.  

As shown in Figure 7, the frequency of oscillations for currents that are close to the threshold 
value is 191 MHz. However, as the input excitation magnitude increases by 4x, the frequency of 
oscillations increases to 1.14 GHz.  



Approved for public release: distribution unlimited.  
10 

 
Figure 7. Oscillation of the z-component of the average magnetization of Mn3Sn. The critical 

spin current is 1.7 ൈ 10ହ ஺

௖௠మ. As shown in the left graph, the output resembles the spikes of a 

neuron because the input excitation is close to the threshold. As the input excitation increases, 
the response of the average magnetization begins to oscillate coherently and at a much higher 

frequency. 
 
From the equation of motion, we derived the scaling of frequency of oscillations with input 
excitation [22, 23]: 

𝑓 ൌ
1
2𝜋

𝜔௦
𝛼
ൌ

1
2𝜋

ℏ
2𝑒

𝛾
𝑀௦

𝐽௦
𝑑௔

1
𝛼
. 

 
The validation of the model of frequency against numerical simulations is shown in Figure 8.  
 

 
Figure 8. Scaling of frequency with input spin current in Mn3Sn. Symbols are numerical 

solutions of the equation of motion, while dashed line represents the analytic model. 
 
 

ii. Neuron Modeling with Pulsed Currents 

For a practical AI hardware, it is preferred to study the dynamics of the neurons when they are 
perturbed by a pulsed input, rather than a DC input as we have discussed previously. In this case, 
the equation of motion is the same as described previously, but the solutions of the average 
magnetization and the angular velocity are obtained for a Gaussian input signal as shown in Figure 
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5(c). The latency of the neuron is defined as the time it takes from when the input pulse arrives to 
the time the output of the neuron reaches a critical value. Table 1 shows the latency of Mn3Sn 
neuron for different pulse widths and peak values of the input Gaussian excitation.   

Table 1. Mn3Sn neuron latency for various Gaussian input excitations. For the calculation of the 
energy dissipation, we use 2 MA/cm2 as the input current and its pulse width is set as 5 ps. Thus, 

the latency of the neuron is 12 ps. 
𝛥𝑡 (ps)  1 MA/cm2  2 MA/cm2  3 MA/cm2  4 MA/cm2  5 MA/cm2 

5  N/A  12 ps  9 ps  8 ps  7 ps 

10  32 ps  21 ps  18 ps  15 ps   14 ps 

20  55 ps  40 ps  34 ps  30 ps  28 ps 

To calculate the energy consumption of the neuron, we consider that the spin current is generated 
via the spin Hall effect in an adjacent heavy metal layer in a structure, similar to the one depicted 
in Figure 5(a) and (b). Assuming that the antiferromagnetic layer has a cross-section of 40 nm ൈ 
120 nm ൈ 4 nm and for the spin current density of 2 MA/cm2, the required spin current becomes 
𝐼௦ ൌ 2 ൈ 10଺ ൈ ሺ40 ൈ 120 ൈ 10ିଵସሻ ൌ 96µ𝐴. The required charge current is 𝐼௖ ൌ 𝐼௦ 𝜃ௌு⁄ . 
Assuming 𝜃ௌு ൌ 0.056, we get 𝐼௖ ൌ 1.7𝑚𝐴.The energy consumption occurs due to Joule heating 
associated with passing the charge current via the spin Hall layer. Thus for a Gaussian signal,  

𝐸௡௘௨௥௢௡ ൌ 𝐼௖ଶ𝑅𝛥𝑡√𝜋, 

where 𝑅 ൌ 𝜌𝐿 𝐴⁄  is the resistance of the heavy metal layer. Assuming 𝜌 ൌ 10𝜇𝛺.cm, 𝐿 ൌ 120 

nm, and 𝐴 ൌ ሺ40 ൈ 4ሻ𝑛𝑚ଶ, we get 𝑅 ൌ 10 ൈ 10ି଼ሺ𝛺.𝑚ሻ ൈ 120 ൈ ଵ଴వ

ସ଴ൈସ
ൌ 75𝛺. Substituting

the values in the equation for energy dissipation we get, 𝐸௡௘௨௥௢௡ ൌ ሺ1.7 ൈ 10ିଷሻଶ ൈ 75 ൈ 5 ൈ
10ିଵଶ ൈ √𝜋 ൌ 2 ൈ 10ିଵହ𝐽𝑜𝑢𝑙𝑒𝑠. The latency of the neuron is 12 ps.  

To read out the value encoded in the magnetization of the neuron, we can exploit either the AHE 
or the TMR read-out process. Theoretically, it is predicted that the minimum and maximum 
resistance-area product of an antiferromagnetic tunnel junction is 𝑅𝐴௠௜௡ ൌ 0.04𝜇𝛺. 𝜇𝑚ଶ and 
𝑅𝐴௠௔௫ ൌ 0.2𝜇𝛺. 𝜇𝑚ଶ, which gives 𝛥𝑅𝐴 ൌ 0.16𝜇𝛺. 𝜇𝑚ଶ. For a cross-sectional area of 
ሺ40 ൈ 120ሻ𝑛𝑚ଶ ⇒ 𝛥𝑅 ൌ 33𝛺. To get a detectable read voltage, a read current on the order of a 
milli-Amp is required. Hence, we can conclude that for 𝐼௥௘௔ௗ ൌ 1𝑚𝐴, 𝑉௢௨௧ ൌ 33𝑚𝑉,which can be 
detected via microelectronics compatible circuitry (for example, by amplifying the signal via sense 
amplifier). Note that 𝐼௥௘௔ௗ ൌ 1𝑚𝐴 translates to a read current density of 𝐽௥௘௔ௗ ൌ 𝐼௥௘௔ௗ 𝐴௥௘௔ௗ⁄ , 

where 𝐴௥௘௔ௗ ൌ ሺ40 ൈ 120ሻ𝑛𝑚ଶ. This gives us 𝐽௥௘௔ௗ ൌ
ଵ଴షయ

ସ଴ൈଵଶ଴
ൈ 10ଵ଼ ஺

௠మ ൌ 2.1 ൈ 10ଵଵ ஺

௠మ ൌ

2.1 ൈ 10଻ ஺

௖௠మ.  Although the required current is large, we only need to turn it on during the read 

process, which can be quite fast, in the range of picoseconds.  

For readout, we could use the anomalous hall effect in Mn3Sn. Here, the polarization of the 
magnetic octupole determines the polarity of the anomalous Hall signal. When a heavy metal layer 
contacts the Mn3Sn, the AHE potential from Mn3Sn drives a transverse current in the HM (as 
shown in ). Thus, for the transverse direction, the bilayer can be considered as a closed circuit of 
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two resistors connected in series with this potential Vy(Mn3Sn). The total Hall voltage in the bilayer 
is then given as 

𝑉௬ ൌ 𝐼௥௘௔ௗ ቈ1൅
𝜌ெ௡యௌ௡

𝜌ுெ
𝑡ெ௡యௌ௡

𝑡ுெ
቉
ିଶ

𝑅௫௬
ெ௡యௌ௡ 

 
 Here, 𝜌 represents the resistivity of various layers, while 𝑡 represents the thickness. The resistance 
𝑅௫௬
ெ௡యௌ௡ is the Hall resistance of the layer, which is typically measured to be in the range of (10  – 

350 mΩ). Using 𝐼௥௘௔ௗ ൌ 4𝑚𝐴, ఘ
ಾ೙యೄ೙

ఘಹಾ
ൌ 1 and 

௧ಾ೙యೄ೙

௧ಹಾ
ൌ 1, we get 𝑉௬ in the range of (0.04 mV to 

1.6 mV). In this case, the sense amplifier design to amplify the signal would be rather complex. 
To improve the detected signal, either 𝐼௥௘௔ௗ or the Hall resistance must be increased.  

 
Figure 9. A Hall cross structure fabricated on Mn3Sn to measure the anomalous Hall voltage. 

Figure from [24]. 
 
The summary of the results of NiO and Mn3Sn neurons’ performance is given below. Results are 
reported for a pulsed input with a duration of 5 ps. It can be seen that Mn3Sn is more energy 
efficient compared to NiO. This is because the critical spin current needed to excite oscillations in 
Mn3Sn is an order of magnitude lower than that in the case of NiO.  
 
Table 2. For both antiferromagnets, the cross-sectional area is (120ൈ40) nm2. The thickness of 

both antiferromagnets is 4 nm. The read mechanism in NiO is spin pumping in a lateral spin 
valve structure, while in the case of Mn3Sn, the read mechanism could be TMR or AHE, although 
TMR is expected to result in higher output voltage. The resistance of the spin-Hall layer for the 

write process in both cases is 75 Ω. 
 
Neuron type  Write current (A/cm2)  Write energy 

(Joules) 
Write 
latency  
(ps) 

Read voltage 
(Volts) 
 

NiO  3.57ൈ 10଼ (spin current = 
2ൈ 10଻ A/cm2 and 𝜃ௌு ൌ
0.056) 

2 ൈ 10ିଵଷ  15  400 µV.  

Mn3Sn  3.57ൈ 10଻ (spin current = 
2ൈ 10଺ A/cm2 and 𝜃ௌு ൌ
0.056 

2 ൈ 10ିଵହ  12   33 mV (TMR, 
assuming 𝐼௥௘௔ௗ ൌ
1𝑚𝐴,𝛥𝑅𝐴 ൌ
0.16𝜇𝛺. 𝑐𝑚ଶ) 
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b. Ferromagnetic synapses

Memristive dynamics based on domain wall (DW) movement [24] can be easily produced in a 
stripe-shaped ferromagnetic structure as shown in Figure 10(a). The device response is shown in 
Figure 10(b), which highlights the ability of the device to store real-valued weights with plasticity. 
Thus, ferromagnetic materials can act as compact and non-volatile hardware emulators of 
synapses. During the training phase, current flows between terminals T2 and T3. The synapse’s 
conductance is set by the magnitude and duration of the input current, 𝐼 . Figure 10(c) shows the 
movement of the domain-wall motion with increasing input pulse durations. During inferencing, 
the output current between terminals T1 and T3 is measured. The output current is given as the 
product of the voltage across T1 and T3 and the memristor’s conductance. The memristors can be 
electrically connected in an analog crossbar fashion such that the net current flowing through the 
bit line is the weighted sum of the memristors’ conductance multiplied by the input voltage.  

Figure 10. Schematic of a spintronic synapse where the free layer and the fixed layer are made 
of ferromagnetic materials. Input current is applied across the terminals, T2 and T3, while the 

output is measured across T1 and T3. (b) A representative response of the ferromagnetic synapse 
over time due to applied input current. (c) A representative result showing the movement of 

domain wall under applied training current using MuMax3c. 

i. Synapse Modeling 

To model the memristive domain wall-based ferromagnetic synapses considered here, a 30 nm x 
300 nm x 2 nm device that can host up to 64 distinct resistance levels is considered. Ignoring any 
effects of device-level non-ideality, the synapse’s resistance-area (RA) product ranges from 
𝑅𝐴௠௜௡ ൌ 8 ൈ 10ିଵଶ𝛺 ⋅ 𝑚ିଶto 𝑅𝐴௠௔௫ ൌ 27 ൈ 10ିଵଶ𝛺 ⋅ 𝑚ିଶ, which gives an average value of 

resistance as 𝑅௔௩௚ ൌ
ோ஺೘೔೙ାோ஺೘ೌೣ

ଶ஺
ൌ ଼ൈଵ଴షభమାଶ଻ൈଵ଴షభమ

ଶሺଷ଴ൈଷ଴଴ሻ
ൈ 10ଵ଼ ൌ 1.944kΩ. Assuming that the 

current of the synapse is the same as that required for neuron to fire, the energy dissipation of the 
synapse is given as  

𝐸௦௬௡ ൌ 𝐼௡௘௨ଶ 𝑅௔௩௚𝛥𝑡√𝜋, 
where 𝛥𝑡 = 5ps and 𝐼௡௘௨ ൌ 1.7 mA (Mn3Sn) or 17 mA (NiO). Using appropriate material values, 
the energy of the synapse is 5 ൈ 10ିଵସ Joules for feeding into Mn3Sn neuron, while it is 5 ൈ 10ିଵଶ 
Joules for feeding into NiO neuron. 
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c. Interconnects  

In addition to the neurons and synapses, we consider the interconnects in the performance 
evaluation. The interconnects are assumed to be implemented using Copper/low-k technology. The 
resistivity of copper is assumed to be affected by both sidewall scatterings and grain boundary 
scatterings [26, 27].  

𝜌 ൌ 𝜌଴ ൅ 𝜌଴𝜆
3
4𝑊

ሺ1െ 𝑝ሻ ൅ 𝜌଴𝜆
3𝑅

2𝐷ሺ1െ 𝑅ሻ
, 

 
where 𝜌଴ ൌ 1.67 ൈ 10ି଼ Ω.m (bulk resistivity), 𝜆 ൌ 40nm, 𝑝 ൌ 0.5, 𝑅 ൌ 0.3, D is the grain size 
and assumed to be the same as the height of the interconnect (D=h); for an aspect ratio of 2, 𝐷 ൌ
2𝑊 (W is the interconnect width). With a liner thickness of 𝐿௕ = 3 nm, the effective width reduces 
to ሺ𝑊 െ 2𝐿௕ሻ while the effective height reduces to ሺ𝐷 െ 𝐿௕ሻ.  
 
The capacitance per unit length of the interconnect is given as [28] 

𝐶௟ ൌ 𝜖௢௫ ቈ1.15 ൬
𝑊
𝐻ௗ௜

൰ ൅ 2.8 ൬
ℎ
𝐻ௗ௜

൰
଴.ଶଶଶ

቉

൅ 2𝜖௢௫ ቈ0.03 ൬
𝑊
𝐻ௗ௜

൰ ൅ 0.83 ൬
ℎ
𝐻ௗ௜

൰ െ 0.07 ൬
ℎ
𝐻ௗ௜

൰
଴.ଶଶଶ

቉ ൬
𝑆
𝐻ௗ௜

൰
ିଵ.ଷସ

 

 
Here, 𝜖௢௫ is the oxide permittivity, 𝐻ௗ௜ is the dielectric  thickness, and 𝑆 ൌ 𝑊 is the spacing 
between the interconnects. 
 
Figure 11 show the impact of dimensional scaling on the interconnect resistivity and capacitance 
per length. It can be seen that scaling the width of the interconnect adversely impacts the 
interconnect resistance, which is associated with the delay of the interconnect. In the evaluation of 
neuromorphic architectures, we consider interconnect widths of 10 nm, 15 nm, 20 nm, 25 nm, and 
30 nm.  

   
Figure 11. Impact of dimensional scaling of interconnect on its resistivity and per-unit-length 

capacitance. 
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d. Evaluation of neuromorphic architectures

In the evaluation of neuromorphic architectures, we consider that the network is composed of 
multiple layers, each layer includes several identical cores, and each core is made up of a crossbar 
array of neurons and synapses as shown below. 

Figure 12. Setup for the evaluation of neuromorphic architectures using magnetic neurons and 
synapses. 

Instead of thoroughly designing each part of the chip, we introduce empirical factors to 
approximate the area associated with peripherals and to accommodate the design rules for 
component spacing. All cores in our work are connected using a crossbar architecture. The core 
area is given as  

𝑎௖௢௥௘ ൌ ൫𝑎௡௘௨𝑛௖௢௥௘𝐹௡௘௨ ൅ 𝑎௦௬௡𝑛 𝑛௢௨௧𝐹௦௬௡൯𝐹௖௢௥௘ , 

where 𝐹௦௬௡ ൌ 𝐹௡௘௨ ൌ 𝐹௖௢௥௘ = 2 represent the empirical area factor for synapses, neurons and 
cores, respectively, while 𝑛  and 𝑛௢௨௧ are the number of input and output neurons for the core. 
The area of the neuron is represented as 𝑎௡௘௨ and the area of the synapse is represented as 𝑎௦௬௡. 

In case the number of input neurons is smaller than the synapses per neuron, the core area is 
estimated using the convolution core architecture. Replacing the input neuron numbers by the 
synapse numbers per neuron (𝑠௡௘௨), we obtain  

𝑎௖௢௥௘ ൌ ൫𝑎௡௘௨𝑛௖௢௥௘𝐹௡௘௨ ൅ 𝑎௦௬௡𝑠௡௘௨𝑛௢௨௧𝐹௦௬௡൯𝐹௖௢௥௘ , 

The fan-in of AFM neurons is considered to be infinite because the input current sums up in the 
interconnects naturally. All the cores in the same layer operate simultaneously and each core 
operation delay is determined by one synaptic operation and one neuron operation. The delay per 
core is given as  

𝜏௖௢௥௘ ൌ 𝜏௡௘௨ ൅ 𝜏௦௬௡ ൅ 𝜏௡௘௨,௜௖ ൅ 𝜏௦௬௡,௜௖ . 

Here, 𝜏௡௘௨,௜௖ refers to the delay of global interconnects that connect neurons across the layers, 
while 𝜏௦௬௡,௜௖ refers to the delay of local interconnects that connect synapses to  neurons within a 
single layer.  



Approved for public release: distribution unlimited.  
16 

The energy consumption per core is the summation of energy dissipated in all the synapses and 
neurons. The energy consumption of a core is workload-dependent because both the active synapse 
rate and the neuron fire rate depend on the workload-related parameters presented to the neurons 
and synapses. The active synapses per neuron and the active neurons per inference (per core) are 

𝑠௔௖௧,௡௘௨ ൌ 𝑠௡௘௨𝑠௔௖௧ ,𝑛௔௖௧,௖௢௥௘ ൌ 𝑛௖௢௥௘𝑛௔௖௧ . 

Here, 𝑠௔௖௧ and 𝑛௔௖௧ are the fraction of active synapses and neurons per layer, respectively. Adding 
all up, the energy consumption per core is  

𝐸௖௢௥௘ ൌ 𝐸௦௬௡𝑠௔௖௧,௡௘௨𝑛௖௢௥௘ ൅ 𝐸௡௘௨𝑛௔௖௧,௖௢௥௘. 

At the chip level, the area and energy consumption are the summation of all cores:  

𝑎௖௛௜௣ ൌ 𝛴௜𝛴௝𝑎௖௢௥௘,௜௝ , 

𝐸௖௛௜௣ ൌ 𝛴௜𝛴௝𝐸௖௢௥௘,௜௝ , 

where the index i is the layer index, while j is the core index in a specific layer. It is worth 
mentioning that all cores of the same layer operate in parallel and thus the chip latency is given as  

𝜏௖௛௜௣ ൌ 𝛴௜ 𝑚𝑎𝑥௟௔௬௘௥,௜
𝜏௖௢௥௘,௝ . 

 
4. Results and Discussion 

Following Nikonov and Young’s energy estimation strategy [29], we defined a crossbar 
architecture for the task of image recognition on MNIST. Then, given a spike workload, we 
calculated the area, latency and energy of the crossbar architecture for the classification of a single 
image. In their framework, Nikonov and Young assume an approximate layout for each component 
of the architecture in the chip, an approximate placement for each neuron, synapse and interconnect 
in each crossbar. Our crossbar architectures, like theirs, follow the LeNet architecture, as presented 
in (ours only differing on the size of the last layer). For a more accurate performance estimation, 
we simulate the network in Doryta and gather the usage of each component (leak, fire and 
integrate) to create a specific workload for LeNet using MNIST and Fashion-MNIST. The 
performance estimation process takes all equations from as described previously, and computes 
them given the workloads produced by Doryta.  

All workloads were obtained from Doryta’s output. First the trained LeNet model on MNIST (or 
Fashion-MNIST) was loaded into Doryta, and then a total of 10,000 test 28 × 28 black and white 
images as spikes were injected into the simulation. From processing these images, Doryta 
calculated the usage of key operations (fire, integrate and leak) for each layer of the network. The 
first workload was based on the LeNet model with the MNIST dataset, we nicknamed it the Small 
LeNet or “SL” workload. The second workload was constructed by training LeNet on the Fashion-
MNIST dataset, which is a dataset made to be a “hot swapping” replacement of MNIST where 
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each image belongs to one of ten categories of clothing (the Small LeNet Fashion or “SLF” 
workload). To improve accuracy, we increased the number of filters for the four intermediate 
layers of LeNet from 6 and 16, to 32 and 48, respectively. We found a 2% improvement in accuracy 
with this larger network on MNIST (Large LeNet “LL”), and a 3% improvement on Fashion-
MNIST (Large LeNet Fashion or “LLF”).  

Table 3. Cross-bar configurations for LeNet 

It is worth mentioning that, according to the output voltage of AFM neurons we adopted, sense 
amplifiers are required as part of the neuron to generate an appropriate signal. The absence of 
sense amplifier in this benchmark overestimates the performance of spintronics based networks. 
Figure 13 shows the dependence of the latency and energy consumption on the interconnect width. 
The network latency increases as the wire width shrinks because of higher surface and grain 
boundary scatterings of the interconnect, which increases the interconnects’ RC delay. The 
capacitance per unit length has a weak dependence on the wire width and it contributes to the 
energy consumption drop for smaller interconnect dimensions. 

Figure 13. (a) Latency of Small LeNet workload versus interconnect width. (b) Energy 
consumption of Small LeNet workload versus interconnect width for one inference. 
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The energy consumption is composed of four different parts, as illustrated in Figure 14: neurons, 
synapses, interconnects connected to the synapses, and interconnects connected to the neurons. 
The energy of the neuron firing is negligible, while the energy consumed in interconnects, 
especially the short interconnects with synapses, is dominant. In addition, we find that synapses 
themselves are comparable in energy dissipation with short local interconnects that connect 
synapses to wires. On the latency side, the longer interconnects dominate the chip performance. 
Table 4 shows a comparison of energy, delay, and energy-delay product of various neuromorphic 
device options. Benchmarks corresponding to analog and digital CMOS neural networks are also 
included as a comparison. We can see that magnetic devices occupy significantly smaller footprint 
compared to their silicon counterparts. Moreover, magnetic devices also operate at a much higher 
speed, 3-100ൈ, compared to analog and digital CMOS implementations. Between Mn3Sn and 
NiO, the performance of all networks is much superior if the network is implemented using 
Mn3Sn. This is because Mn3Sn being a Weyl semi-metal with a weak in-plane anisotropy can be 
excited at much lower currents, compared to NiO.  

Comparing our results to real world data is fundamental to check their validity. For this, we look 
at the energy performance of a neuromorphic chip implementation, IBM’s TrueNorth chip. 
According to Cheng et al. [30], TrueNorth could inference images from the MNIST dataset at a 
rate of 1249 frames per second with an energy performance of 6122.44 frames per second per 
Watt. Given that 1 Watt equals 1 J/s, 6122.44 frames/s/W is the same as 6122.44 frames/J or 
163.334 𝜇J/frame (163, 334 nJ/frame). One might be tempted to compare this energy estimate, 
163, 334 nJ/frame, with the estimates of Table 4, but one must be careful because the size and 
shape of the architectures studied on both works are different. Cheng et al. based their work on the 
CIFAR network architectures, while ours is based on LeNet. Additionally, TrueNorth was 
conceptualized as a collection of 256 ൈ 256  crossbars (called cores), while we assume variable 
size crossbars up to a size of 784x784. We approximate that the number of TrueNorth cores 
necessary to implement our largest network (LLF) is at least 1400. Given that Cheng et al. used 
4064 cores for their network, an appropriate factor to compare their estimation to ours is 3 (divide 
4064 by 1400). This means that inferencing an imagine using TrueNorth chip with an architecture 
based on LeNet would take around 54.4 µJ, while our estimation is 4.65 µJ for digital CMOS. This 
one order of magnitude discrepancy can be explained by the cost associated with peripheral 
circuitry and transducers or amplifiers that will be needed, which we do not account for in our 
calculations.  
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Figure 14. (a)Energy consumed by different components:‘neu-ic’(‘syn-ic’)ischip-level(core-
level)interconnect.(b)Energyconsumption reported layer by layer. (c) Latency of devices and 

interconnects. (d) Latency of each layer. 

Figure 14(b) shows the energy dissipated in each layer, which is dependent on workload 
allocation. The SLF workload has approximately 40% more integration and firing operations but 
the energy consumption is similar to the SL workload. Also, the LLF’s integration and firing are 
2.5 times that of LL’s but less than twice that of energy consumption. The fourth and sixth layer 
are dominant in energy consumption and the ‘Fashion’ workload does not consume much more in 
these two layers so they are more energy efficient.  

The latency of each layer is the collaborative contribution of one synaptic operation and one neuron 
operation, and it is dominated by the number of layers and the interconnect delay per core. The 
area of each layer, dominated at the chip level by the interconnect, is the largest contribution to 
the delay difference between different workloads implemented using the same neuron device. 
Figure 14(d) shows the latency of processing single layers. Note that only the network size, the 
number of cores and their size, influence the latency of each layer. There is no difference latency-
wise between workloads running on the same network architecture (e.g., no difference in latency 
between SL and SLF). 
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Table 4. Performance of various technologies on different workloads. Note that the iso-latency 
power dissipation of various networks will be directly proportional to their energy consumption 

and is therefore not reported specifically in the table. 

Even though the performance results for magnetic neural networks are exciting, the spintronic 
devices have some limitations compared to ideal LIF neurons. First, the weights that synapses 
store can only be non-negative. We found that enforcing non-negative constraints on the synapses 
weights resulted in trickier to train SNN models, yet, once trained, the workloads were not 
substantially different from those that we used. Secondly, neuron leak and threshold cannot be 
tweaked as they are values intrinsic to the materials. Fortunately, when only considering positive 
weights for synapses, the neuron threshold can be fixed, so that the synapses weights need only to 
be scaled accordingly to fit the fixed threshold. Lastly, the spintronic synapses have about 64 
different levels (6 bits), which—compared to the SNNs trained for this work—is a fraction of what 
single floating-point numbers can store. We found that restricting the network to unsigned 8-bit 
numbers did not affect accuracy by more than half a percent, but when restricting the network to 
6 bits there was significant reductions in accuracy. However, 4 bits have been shown to be enough 
for NNs to learn. Thus, with the right technique to discretize the network, 6 bits could behave as 8 
bits, i.e., our workloads are a good enough approximation of what the architecture would encounter 
when constrained to 6 bits. This is without considering different input image encoding. We found 
positive improvements on accuracy (up to 10%) when spikes are temporally encoded.  
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 Development of analytical models to describe the spiking dynamics in antiferromagnetic
neurons

 Device proposals for the electrical detection of spiking dynamics in both insulating and
metallic antiferromagnets

 Development of analytical models for ferromagnetic synapses
 Benchmarking interconnect latency as a function of scaling and its impact on neuromorphic

cores and chips
 End to end modeling and simulation of neuromorphic cores using various technologies and

understanding the impact of workload on hardware costs
 Quantitative estimates of energy, delay, energy-delay product, and area of magnetic

neuromorphic chips, analog CMOS chips, and digital CMOS chips

The results of this work will be used to inform ongoing research efforts at UIUC that are focused 
on the development of magnetics-based neuromorphic hardware for AFRL applications. More 
broadly, our end-to-end evaluation of a new type of AFM neuron and thermodynamics limits of 
computing have applications for a variety of machine learning, neuromorphic computing, and AI 
efforts.  

5. Conclusions

We estimated the hardware costs associated with neuromorphic tasks. To do this, we used Dortya, 
a parallel discrete-event-based, chip-agnostic simulator for neuromorphic applications. Our 
framework allowed us to estimate the energy costs associated with magnetic and CMOS 
neuromorphic building blocks. For magnetic devices, we considered antiferromagnets to 
implement spiking neurons, while ferromagnets to implement non-volatile analog memristors that 
act as synapses. Both metallic and insulating antiferromagnets were considered. We showed that 
Mn3Sn (metallic antiferromagnet) outperforms NiO (insulating antiferromagnet) in terms of 
neuromorphic performance. We also showed that when the neurons are optimized, then the bulk 
of the energy consumption of the chips is attributed to the connections or interconnects between 
neurons. Compared to CMOS architectures, our analysis indicates that Mn3Sn-based chips have 
an energy delay product that is four orders of magnitude smaller at inferencing a single image 
using the LeNet architecture.  

For future work, we intend to implement further non-ML applications using SNNs, such as digital 
circuits, RAM, and a fully-fledged digital computer. On the hardware performance estimation, we 
plan to incorporate the cost associated with peripheral circuitry and transducers or amplifiers 
that are needed in a working chip. We also plan to look into ferromagnetic based spiking 
neurons due to their ease of fabrication and characterization in the GHz regime.  Finally, since 
we found that interconnects are the bottlenecks, we see an interesting avenue for research in the 
improvement of interconnects. We believe that building on Doryta and the techniques in this work 
will be beneficial to deepening our understanding of the neuromorphic computing devices of the 
future.  

a. Key Accomplishments

The following major accomplishments were achieved during this effort: 
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6.  Recommendations 

 
In the future, our goal is to enable hardware for brain-inspired computing, rather than just 
neuromorphic computing, which only mimics the brain but does not capture the true learning and 
cognitive abilities of the brain.  
 
The human brain is widely regarded as the ultimate computing engine with extremely high energy 
efficiency, reliability, and learning and cognitive capabilities. Although the field of neuromorphic 
computing has made tremendous strides in the last decade, current neuromorphic systems have yet 
to demonstrate the cognitive functionality of mainstream artificial intelligence (AI) methods (e.g., 
deep nets) or the energy efficiency approaching that of the brain. The key reasons for this are (1) 
mismatch between the properties of the mainstream devices and architectures and those of the 
brain and (2) lack of heterogeneous integration strategies to deliver neuromorphic systems at scale. 
In the future, we will develop a unified “materials-to-systems” methodology with a strong 
emphasis on hardware-software co-design to realize brain-inspired computing systems with 1000x 
improvements in speed, energy, and cognitive abilities compared to state-of-the-art approaches. 
Such hardware is expected to support advanced data analytics capabilities with higher processing 
performance and better system scalability for many advanced AI applications of the future, which 
are expected to profoundly impact human lives in areas such as energy, advanced manufacturing, 
public health, security, and business.  
 
We plan to develop a diverse library of spatially compact functional units, referred to as 
neuroprimitives, that display neuro-inspired functionality and generate simple yet complete 
functional behaviors, e.g., finite state machine. Toward this, physical phenomena of 
ferreoelectricity, spin dynamics in magnetically ordered materials, and topological states in matter, 
will be investigated and modeled. These material platforms and devices will be designed to display 
intelligent neuro-mimetic dynamics including stochastic oscillations, memristive switching, high-
frequency signal modulation, and diffusion-dominated transport of information to approach the 
thermodynamic limits on energy efficiency. These neuromprimitives can be employed by to 
construct circuit macros, also known as neuromacros. As examples of the neuromacros we will 
implement 
 

• Self-organizing logic gates using dipolarly coupled magnets  time nonlocality to 
simultaneously process and store data for hard combinatorial optimization problems 

• Neuronal networks for population coding using stochastic magnetic oscillators and 
spike generators  higher reliability at ultra-low energy cost.  

 
On the architecture side, our goal is to exploit the properties of intelligent materials and devices to 
minimize communication energy and latency. We plan to explore several architectural 
configurations, such as dataflow-based architectures with minimal processing elements, data-
parallel architectures that capture parallel neurons in our brain, and analog communication that 
can more efficiently encode synapse firings (closer to the brain’s analog firings). We aim to 
identify the correct architectural design that can best propel the development of hardware at scale, 
and that can be used as an underpinning for a wide range of neuromorphic applications (e.g., real-
time visual identification, image reconstruction, decision making, replication/replacement of 
human senses).  
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9. List of Acronyms

AFM:  Antiferromagnet 

AFRL: Air Force Research Laboratory 

AHE:  Anomalous Hall effect 

ANN:  Artificial neural network 

CIFAR: Canadian Institute for Advanced Research 

CMOS: Complementary Metal Oxide Semiconductor 

FM:  Ferromagnet 

HRS:  High resistance state 

I&F:   Integrate and fire 

LRS:  Low resistance state 

ML:  Machine Learning 

MNIST: Modified National Institute of Standards and Technology 

MTJ:  Magnetic tunnel junction 

NN:  Neural Network 

R&D:  Research & Development 

RAM:  Random Access Memory 

SNN:  Spiking Neural Network 

SOT:  Spin-orbit torque 

SPICE: Simulation Program with Integrated Circuit Emphasis 

STT:  Spin-transfer torque 

TAMR:  Tunneling anisotropic magnetoresistance 

TMR:  Tunneling magnetoresistance 

UIUC:  University of Illinois at Urbana-Champaign 




