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Abstract

Spintronic-oscillator-based computing has emerged as a promising technology for advancing neu-
romorphic and Ising computing due to its unique advantages, such as low power consumption, high
scalability, and intrinsic nonlinearity. In neuromorphic computing, spintronic oscillators mimic
the dynamics of biological neurons by using their tunable frequency, phase, and synchronization
properties to perform various data classifications. Their high-speed operation offers significant
potential for energy-efficient pattern recognition and machine learning tasks. For Ising computing,
networks of coupled spintronic oscillators efficiently solve complex combinatorial optimization
problems by emulating the energy minimization dynamics of spin systems. The inherent stochas-
ticity and mutual coupling of these oscillators enable robust exploration of solution landscapes,
making them well-suited for applications such as graph optimization, scheduling, and machine

learning.

In the first part of the thesis, we explore the neuromorphic applications of spintronic oscillators.
Firstly, we study the synchronization of a single oscillator with an external RF field and carry out the
data classification. Next, we propose the hardware implementation of a Kuramoto-model-based
data classification scheme through an array of dipole-coupled uniform-mode spin Hall nano-
oscillators (SHNOs). Using micromagnetic simulations, which capture the underlying physics of
the operation of the SHNOs, we first study the variation of synchronization range between two
uniform-mode SHNOs as a function of the physical distance between them. Thus we correlate the
coupling constant in the Kuramoto model with the dipole-coupling strength between two SHNOs,
which our micromagnetic simulation takes into account. Next, we generate the synchronization map
for the two-input-two-output dipole-coupled uniform-mode SHNO system through micromagnetics
and show that it matches the one predicted by the Kuramoto model. Thus, we demonstrate here
that the synchronization behavior of SHNOs obtained from micromagnetics-based modeling is
consistent with that obtained from the Kuramoto model, which ignores the underlying physics
of the SHNOs. This suggests that the Kuramoto-model-based data classification scheme can
indeed be implemented physically on an array of SHNOs. To verify our claim, we show, through
micromagnetic simulation, binary classification of data from a popular machine-learning data set

(Fisher’s Iris data set) using an array of uniform-mode SHNOs.

We then model the four-SHNO system (simulated through micromagnetics) using the single-domain
magnetic model, or the macrospin model. For this purpose, we write down the Landau Lifschitz
Gilbert Slonczweski (LLGS) equations for the precessing macrospin vectors representing the

SHNOs, with the RF dipole field generated by macrospins introduced as an effective magnetic field



in the LLGS equation for the other macrospin, to take care of the coupling. We numerically solve
these equations and present our results to show that they are consistent with the micromagnetic-
simulation-based results and the Kuramoto-model-based results presented in the thesis. Solving the
LLGS-equation-based single-domain model numerically is computationally much less resource-
intensive compared to micromagnetic simulation because the dynamics of only one magnetization
vector (the macrospin vector) is solved for here per SHNO, as opposed to that of numerous
magnetic-moment vectors solved for in the micromagnetic method. Thus we establish that using
a numerical method that is computationally very simple, we can also demonstrate that the dipole-
coupled SHNOs follow the Kuramoto model, which is the main objective of the first part of the

thesis.

In the second part of the thesis, we solve certain combinatorial optimization problems (COP),
like Max-Cut. Solving COPs becomes challenging once the graph size and edge connectivity
increase beyond a threshold, with brute-force algorithms that solve such problems exactly on
conventional digital computers having the bottleneck of exponential time complexity. Hence,
currently, such problems are instead solved approximately using algorithms like the Goemans-
Williamson (GW) algorithm, run on conventional computers with polynomial time complexity.
Phase binarized oscillators (PBOs), also often known as oscillator Ising machines (OIM), have
been proposed as an alternative to solve such problems. In this thesis, restricting ourselves to the
combinatorial optimization problem Max-Cut solved on three kinds of graphs (Mobius Ladder,
random cubic, Erdos Rényi) up to 100 nodes, we empirically show that computation time/time to
solution (TTS) for spintronic oscillators (captured through Slavin’s model) grows at a much lower
rate (logarithmically: O(log(N)), with respect to graph size N) compared to the GW algorithm,
for which TTS increases as the square of graph size (O(N 2)). While their accuracy is comparable
to that of GW, spintronic oscillators have improved time complexity over the GW algorithm. Large
graphs are expected to compute Max-Cut values much faster than the GW algorithm, as well as
other oscillators operating at lower frequencies while maintaining the same level of accuracy. We
have further incorporated noise to verify the robustness of our model. The addition of noise does
not affect the accuracy of our solutions, justifying the applicability of our model to larger graphs

in practical applications.

Overall, this dissertation demonstrates the potential of spintronic oscillators for neuromorphic
and Ising computing by leveraging their synchronization dynamics and energy-efficient proper-
ties. Our findings highlight their capability for real-world applications in data classification and

combinatorial optimization.
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