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ABSTRACT

This thesis presents the study, design, and implementation of neural networks using spin-
tronic devices. The first part of this thesis focuses on the spiking neural network, a novel
neural-network architecture which is inspired by brain. Spiking Neural Network (SNN) has
been shown to consume very low power for an inference task, i.e., forward computation on
the test data with a pre-trained model. However, training of such SNN has remained a
challenge. In this thesis, Spike-Time-Dependent-Plasticity-based (STDP) learning has been
used to train the SNN through implementation on an analog hardware using spintronic

devices (on-chip learning).

Here, I design and simulate the synapses and neurons in the analog hardware using a com-
bination of ferromagnetic-metal-heavy-metal-based spintronic devices and transistor-based
electronic circuits. The spintronic devices have been modeled through micromagnetics and
the circuits through SPICE, with the spintronic-device models incorporated inside SPICE
as Verilog A modules. Two different modes have been used for the training/ learning: com-
pletely unsupervised learning and partially supervised learning (both STDP-enabled but
with different level of control over spiking of the output-stage neurons or post-neurons).
High classification accuracy is obtained on the popular Fisher’s Iris data set of flowers, for

both modes of learning.

Next, the SNN is trained on the MNIST data set of handwritten digits. The architecture
used by me has less number of network layers that used previously for MNIST classification.
Finally, the time and total energy consumed in the designed synapse circuits, to enable the

learning, have been reported.

In the later part of the thesis, a ferrimagnetic domain-wall synapse device has been pro-

posed as an alternative to a ferromagnetic domain-wall synapse device for faster and more



energy-efficient on-chip learning on a crossbar-array-based analog-hardware neural network,
which uses such synapse devices.Using micromagnetics, domain-wall motion has been mod-
eled for a Co-Gd-bilayer-based device, in which ferrimagnetic-domain-wall motion has been
reported experimentally earlier. Then, this domain-wall-based spintronic device model has
been incorporated, as a Verilog A module, in the SPICE design of a crossbar-array-based
fully connected neural network (FCNN), for each synapse in the crossbar array. It is shown
that for the same duration of current pulses needed to move the domain wall and update the
synaptic weight for on-chip learning, total energy consumption in the synapses for on-chip
learning is five times (5X) lower in the ferrimagnetic-synapse-based FCNN compared to the
ferromagnetic-synapse-based FCNN. Similarly, for the same amount of energy consumed for
learning, time taken for on-chip learning is five times (5X) lower for the the ferrimagnetic-
synapse-based FCNN compared to the ferromagnetic-synapse-based FCNN. Both these re-
sults are a consequence of faster domain-wall motion in the ferrimagnetic device compared

to the ferromagnetic device.

KEYWORDS: Spiking neural network, on-chip learning, spike time depen-
dent plasticity (STDP), spintronics, spin-orbit torque, ferro-
magnetic domain-wall device, ferrimagnetic domain-wall de-

vice
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omain-wall device (ferromagnetic/ ferrimagnetic) is present along with tw
ransistors which together act as a multiplier (shown as a X here). Th
omain-wall device and the two transistors together form the synapse cell
hich is shown in details in Fig. 6.8 (135). Another circuit is used t
uantize the input and common part of weight update. But this circuit need

o be present only at the input and output nodes and not at every synaps
ell (135)) . . . . .

Schematic of synapse cell which contains the ferrimagnetic or ferromagneti%
omain-wall device and two transistors which apply the necessary “write’

urrent on the domain-wall device for its weight update. This synapse cel
as been designed and simulated here on Cadence Virtuoso SPICE circui
imulator. Such a synapse cell is present at the junction of each horizonta
nd vertical bar in the crossbar arrays shown in Fig. 6.7(b)) . . .. .. ..

6.9

Results from SPICE simulation of the synapse cell in Fig. 6.8. carried out
on_Cadence Virtuoso circuit_simulator, are shown here. (a) Thresholded
input. applied on the synapse cell, as a function of time. (b) Thresholded

ommon part of weight update. applied on the synapse cell. as a function of
ime. (c) ‘ erte” current Qulse applied on the synapse device if 1t is based

synapse device if it is based on the ferro%etlc domain wall (e) Chan ge in
onductance of the synapse device as a result of the “write” current (“write’
urrent is applied such that the conductance change is same both for the
ferrimagnetic and the ferromagnetic device). Conductance change hap
one clock cycle after the application of the “write” current pulse. Case 1, 2
and 3 have been described in the text! . . . .. .. ... ... ... ....

.10

Comparison of energy consumed (in the svnapse) per synaptic-weight-updat
ulse vs time duration of such a pulse for the following two cases: ferrima
etic synapses (at the angular-momentum-compensation temperature, whe

its domain-wall velocity is the highest) and ferromagnetic synapses (at roo

temperature)| . . . . . .. L L Lo e e e e e e
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.11 Total energy consumed in all the synapses per epoch of the training process a
function of the number of epochs, both in a crossbar array of ferrimagneti
napses (blue plots) and in a crossbar array of ferromagnetic synapses (re
lots). for the following cases (a) Fisher’s Iris data set used for trainin
ach weight-update pulse is 100 ps long (b) Fisher’s Iris data set used. eac

eight-update pulse is 300 ps long (c¢) MNIST data set used. each weight-
date pulse is 100 ps long (d) MNIST data set used, each weight-updatd
84
88
b.13 Conductance vs current characteristics for the ferromagnet device (red plot))
and the ferrimagnet synapse device (blue plot) are different when the duration
of the current pulse is the same for both (1 ns here) . . . . . . . ... ... 88
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ABBREVIATIONS

AMR Anisotropic Magneto-Resistance

ALU Arithmetic and Logic Unit

Al Artificial Intelligence

CoFe Cobalt Iron

CMOS Complement Metal Oxide Semiconductor
DW Domain Wall

DRAM Dynamic Random Access Memory

DMI Dzyaloshinskii Moriya Interaction
FM Ferromagnet

FCNN Fully Connected Neural Network
GMR Giant Magneto-resistance

HDD Hard Disk Drive

HM Heavy Metal

HH Hodgkin-Huxley

IF Integrate-and-F'ire

LLG Landau-Lifshitz-Gilbert

LIF Leaky Integrate Fire

ML Machine Learning

MgO Magnesium Oxide

MRAM Magnetic Random Access Memory
MTJ Magnetic Tunnel Junction

MOS Metal Oxide Semiconductor

MNIST Modified National Institute of Standards and Technology
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NN
PMA
PCM
Pt
PDK
RBF
RAM
RRAM
SNN
STDP
SOT
STT
SSD
SRAM
TMR
WTA

Neural Network

Perpendicular Magnetic Anisotropy
Phase Change Memory

Platinum

Process Design Kit

Radial Basis Functions

Random Access Memory

Resistive Memory

Spiking Neural Network

Spike Time Dependent Plasticity
Spin Orbit Torque

Spin Transfer Torque

Solid State Drive

Static Random Access Memory
Tunneling Magneto-Resistance Ratio

Winner Takes All
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NOTATION

Damping ratio

Exchange correlation constant

Change in weight of the synapse

Change in conductance

Difference between t,,s and t,,e
Electronic charge

Resting potential of neuron

Membrane conductance

Maximum conductance of the MTJ
Minimum conductance of the MTJ
Planck’s constant

Spin current density

Charge current density

Perpendicular Magnetic Anisotropy (PMA) constant
Saturation magnetization

Magnetic moment of Co

Magnetic moment of Gd

Magnetic moment of the Co layer at 0 K
Magnetic moment of the Gd layer at 0 K.
Spin hall angle

Time when the pre-neuron spikes

Curie temperature of Co

Curie temperature of Gd

Time when the post-neuron spikes

Time constant for the synapse
Permeability of vacuum

Gyro-magnetic ratio

Proportionality constant of synapse
Threshold potential of neuron
Source-gate voltage of Transistor.
Exponential parameter describing the temperature dependence for the Co layer
Exponential parameter describing the temperature dependence for the Gd layer
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