Ferroelectrics for Brain-
Inspired Computing

Zheng Wang, Asif Khan

School of Electrical and Computer Engineering

Georgia Institute of Technology

asif.khan@ece.gatech.edu Georgia &
Tech

01/23/2020 EMA 2020, Orlando, FL 22K



Emerging paradigms in computing and electronics
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With the rise of data-intensive

computing applications, we need non-

von Neumann and brain

inspired/neuromorphic computing
models and architectures.
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Ferroelectric Oxides

Classical Ferroelectric

PbTiO5 , BaTiOs etc. Np P
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Ferroelectric Field-Effect Transistors

Ferrroelectric Transistors (FEFET): Gate oxide stack includes a FE oxide
High V, state

Low Vth state
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A ferroelectric transistor is a hysteretic device where the data
is encoded in ferroelectric polarization. Tech &




What is so great about Ferroelectric Transistors?

Ferroelectric Oxides

— Hysteresis

— Non-volatile

— Plasticity

— Stochasticity




What is so great about Ferroelectric Transistors?
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Switching dynamics in ferroelectric: Abrupt vs. diffuse

Ferroelectric-1 Ferroelectric-2
- Switching Transition 60 " ———
40}
Abrupt zg—zo
LR
Diffuse = 20l
40 . I 0 1
02101 25 . . s 2 o0 2 a
V_ (V) Functionality V_ (V)
Abrupt: Neuron
Diffuse: Synapse Georgia




Switching dynamics in ferroelectric transistor: Abrupt vs.

diffuse
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A Biological Neuron
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Biology: Inhibition required for regulation in activation of excitatory neurons; homeostSi20orgia &
Bio-inspired computing: High accuracy in unsupervised learning. Tech
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Spiking Neural Network: The Role of Inhibition

Lateral Inhjbition
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Ferroelectric Neuron with excitatory and inhibitory connection

Inhibitory Ferroelectric
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What Ferroelectric Features enables
the Neuron Inhibition Functionality?

Ferroelectric Transistor
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Abrupt transitions in FEFET are the key!
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What Ferroelectric Features enables
the Neuron Inhibition Functionality?

Ferroelectric Transistor
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DYNAMICS OF FERROELECTRIC OSCILLATOR
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DYNAMICS OF FERROELECTRIC OSCILLATOR
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DYNAMICS OF FERROELECTRIC OSCILLATOR
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DYNAMICS OF FERROELECTRIC OSCILLATOR
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DYNAMICS OF FERROELECTRIC OSCILLATOR
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DYNAMICS OF FERROELECTRIC OSCILLATOR
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DYNAMICS OF FERROELECTRIC OSCILLATOR
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DYNAMICS OF FERROELECTRIC OSCILLATOR
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FROM OSCILLATOR TO SPIKING NEURON

Ferroelectric Oscillator Ferroelectric Spiking Neuron
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FERROELECTRIC SPIKING NEURON SETUP
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A Biological Neuron
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A Ferroelectric Neuron
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Ferroe

ectic Spiking Neural Network

Unsupervised clustering
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Excitatory & Inhibitory Inputs
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Outputs of Excitatory Neurons

Indiveri Amravati Jerry et al.
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Landscape of Neuron Models
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Biomimetic Spiking Patterns in Ferroelectric Neurons

Apply excitatory and inhibitory inputs to mimic
different spiking patterns of cortical neurons
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Collective Behavior and Swarm Intelligence

Neuro-biology and natural swarm
behaviors

Large number of simple agents
giving rise to intelligent behavior
Computationally hard problems
(graph coloring, traveling salesman
problem etc.)

A school of fish and a shark
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Coupled Ferroelectric Neurons (Experiments)
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Synchronization Dynamics of Coupled FE Neurons
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Synchronization Dynamics of Coupled FE Neurons
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Synchronization Dynamics of Coupled FE Neurons
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Synchronization Dynamics of Coupled FE Neurons
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Ant Colony Algorithm for Optimization of
Traveling Salesman Problem |Continuous Objective Function
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Semiconductor Industry and Ferroelectrics

hardware New

opportunities for
semiconductor companies

By Gaurav Batra, Zach Jacobson, Siddarth Madhav, Andrea Queirolo, and Nick Santhanam

“Al could allow semiconductor companies to capture 40 to 50 percent
of total value from the technology stack, representing the best
opportunity they’ve had in decades.”

ind , Georgia
https://www.mckinsey.com/industries/semiconductors/our- inau St ry . T h
insights/artificial-intelligence-hardware-new-opportunities-for- ec
semiconductor-companies.

Historically the fraction has been 10-20% for the semiconductor A
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