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ABSTRACT

KEYWORDS: Spintronics; neuromorphic computing; non von Neumann com-
puting ; spin-orbit torque; domain-wall device; on-chip learn-
ing; gradient descent algorithm; back-propagation algorithm;

fully connected neural network (FCNN).

The abstract has been revised to address referee 2’s comment 1.

This thesis focuses on the design and implementation of a neuromorphic computing
scheme: using a domain-wall-synapse-based crossbar array, device-circuit-system co-design
and co-simulation of on-chip learning on a fully connected neural network (FCNN) are shown
here. A combination of micromagnetic-physics-based synapse-device modeling, SPICE sim-
ulation of a crossbar-array circuit using such synapse devices, and system-level coding using
a high-level language (Python) is used for the purpose. While training the FCNN, the gra-
dient descent algorithm and back-propagation algorithm (extension of the gradient descent
algorithm for multi-layer FCNNs) are utilized, and analog crossbar array implementation of
the same is shown for data classification applications. Matriz vector multiplication during
forward computation is performed with time and energy efficiency with the help of this ana-
log crossbar array architecture. The architecture requires a non-volatile synaptic device for
storing the weights/conductance of each synapse in the neural network. On-chip learning is
achieved by modulating the conductances of the synapses, corresponding to weights stored in

synapses, with electrical programming pulses, at every iteration.

For this purpose, a ferromagnetic-metal-heavy-metal-based spin-orbit torque-driven do-
main wall-based synaptic device (a spintronic device) is proposed here as a mon-volatile
synaptic device in the crossbar array. This device 1s shown here to exhibit a linear and
symmetric conductance response. On the contrary, conductance response characteristics of

existing synaptic devices, Resistive Random Access Memory (RRAM) or a Phase Change

v



Memory (PCM) device are highly non-linear and asymmetric (between positive and negative
conductance update). This leads to issues with the design of peripheral circuits for on-chip

learning, and network performance also gets affected.

The ferromagnetic-metal-heavy-metal-based spintronic domain-wall device (my proposed
synaptic device here) is simulated here through micromagnetics. Although the conductance
variation range is much smaller for the domain-wall synapse compared to that for RRAM
and PCM synapses, it is shown here through micromagnetic simulation that the conductance
response of the domain-wall synapse to programming current pulses is highly linear and
symmetric, unlike that of RRAM and PCM synapses. This conductance response is then
incorporated in Verilog-A modules. Inserting these Verilog-A modules as synaptic devices at
intersection points of crossbar architecture, SPICE circuit simulations are performed. The
conductance of the domain-wall synapse has been quantized here to take the effect of domain
wall pinning by defects into account. Despite the quantization, high accuracy is obtained in
my circuit simulations on a popular machine learning data set: Fisher’s Iris data set. Also,
the time taken and energy consumed for on-chip learning of the DW synapse-based FCNN
circuit are orders of magnitude lower than that for RRAM and PCM synapse-based FCNN

circuits.

In the later part of the thesis, a modification to the standard gradient descent algorithm,
for training neural networks, is proposed using appropriate thresholding units. This leads to
optimization of the synapse cell at each intersection of the crossbar architectures, making the
system scalable. For the system to approximate a wide range of functions for data classifica-
tion, a hidden layer is added. The back-propagation algorithm (extension of gradient descent
algorithm for multi-layered FCNN) for on-chip learning is implemented next. Through a
combination of micromagnetic and SPICE circuit simulations like before, an improved ac-
curacy 1s shown for the domain wall synapse-based FCNN with a hidden layer compared to
that without a hidden layer, for different machine learning data sets. How the classification
accuracy of the modified design is affected by device-to-device/process variations and noise

(additive and multiplicative noise) is also studied.
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78 i Ue "RMthe HwfeT AT & fEue iR Srf<ed R $isd §: Sie-
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Damping ratio

Exchange correlation constant

Change in weight of the synapse

Change in conductance

Maximum conductance of the MTJ

Minimum conductance of the MTJ

Spin current density

Charge current density

Perpendicular Magnetic Anisotropy (PMA) constant
Saturation magnetization

Spin hall angle

Resistance of the ‘read’ path of the domain wall device
Resistance of the ‘write’ path of the domain wall device
‘Read’ current of the synapse

‘Write” Current of the synapse

average magnetization

non-linear activation function

Spin hall angle

Hyper-parameter used during learning

Learning rate

Summation
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