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How the computing paradigms have evolved

Adapted from: Datta, EDTM 2023
https://www.economist.com/briefing/2015/02/26/the-truly-personal-computer
https://www.statista.com/chart/12798/global-smartphone-shipments/



Evolution of AI model parameter count

Source: NVIDIA
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A story of algorithm, software, and hardware

Moore’s Law 
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https://www.pcworld.com/article/397925/cerebras-systems-new-deep-
learning-chip-is-as-big-as-your-keyboard-and-the-largest-ever.html

Hardware that powers the AI 

https://www.youtube.com/watch?v=d3L2uPuxOxU



Source: Applied Materials

How semiconductor industry revenue has evolved

The	semiconductor	industry	is	projected	to	grow	by	~100%	in	the	7	years!



1.3 GWh of energy
552 metric ton of CO2 emission

413 accelerator years
Required for training GPT-3

An American household consumes 
11 MWh per year.

To	train	a	large	AI	model	like	GPT-3	requires	the	same	amount	of	energy	
consumption	as	an	American	household	would	consume	in	120	years.

The energy and sustainability cost of computation 

https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
Patterson, David, et al. "Carbon emissions and large neural network training." arXiv preprint arXiv:2104.10350 (2021).

. . . . . . .

https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure
https://www.bloomberg.com/news/articles/2023-03-09/how-much-energy-do-ai-and-chatgpt-use-no-one-knows-for-sure


Intel performance counter monitors 2 
CPUs, 8-cores/CPU + 128GB DRAM

Natural Language Processing

Source: S. Mitra (Stanford)

The energy and sustainability cost of computation 

Memory
82%

Compute
18%

Compute	energy	rises	exponentially,	while	
global	energy	production	grows	linearly.

Projected energy cost of computation

Source: SRC Decadal plan

The primary bottleneck for 
performance, energy efficiency, and 

sustainability in computing is memory.



Limits to the possibilities

Level 5 autonomous drive 

L2 to L5 autonomy will require 
10x increase in memory and 
100x increase in compute!

Zettascale 
computing 
(1021 FLOP/s)

Simulation of a X-51A recoverable hypersonic 
vehicle over a one-hour flight path is intractable. 

Omics data analytics
Advances in sequencing 
and omics technologies 
have far outpaced data 

infrastructure.

2

3

1

Source: SRC Decadal plan



Memory is an exciting, co-design problem!
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Materials are central to Future Electronics
Elements of Performance 

Gain 
2010-2020

Projected 
Elements of Performance 

Gain 2020-2030

? Missing?

Adapted from Samuel 
Naffziger(AMD), CICC 2021
And 
Lisa Su (AMD), ERI DARPA 
Summit, 2019
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Let’s dive down to devices and materials



P PClassical Ferroelectric 
PbTiO3  , BaTiO3 etc.

Emerging CMOS compatible 
Ferroelectrics: 
Doped HfO2
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A	ferroelectric	is	an	insulator	with	a	spontaneous	polarization,	
which	can	be	switched	by	an	above	coercive	voltage	.	
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Voltage, V
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+Vc-Vc

-P0

Ferroelectricity
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Ferroelectric field-effect transistors (FEFETs)

MW
=∆𝑽𝒕

Memory
States

FEFET	is	a	FET	wherein	the	threshold	voltage	gets	
shifted	by	the	direction	and	magnitude	of	the	“remnant”	polarization.	



Ferroelectrics in microelectronics: Why now?

2. Controlled annealing in fluorite structure oxides 
(such as those based on HfO2 and ZrO2 and their 
alloyed variants) leads to ferroelectricity. 

• Boscke et al. Appl. Phys. Lett. 99, 112904 (2011)
• Boscke et al.  2011 IEEE Int. Electron Devices 

Meeting. p. 24.5.1–24.5.4 (IEEE, 2011).
• Muller et al. Nano Lett. 12, 4318 (2012) 

1. Ramtron (acquired by Cypress Semiconductor), Texas Instruments, and Fujitsu marketed FRAM products 
for niche, low-volume applications such as smart cards, energy meters, airplane black boxes, radio 
frequency tags and wearable  medical devices, as well as for for code storage in microcontrollers.

Fluorite-structure 
ferroelectric oxide 

(BO2)

Perovskite-structure 
ferroelectric oxide 

(ABO3)

A2+

B4+

O2-

B4+

O2- 20



Ferroelectric devices (1 of 2)

Khan, Keshavarzi, Datta. "The future of ferroelectric field-effect transistor technology." Nature Electronics 3.10 (2020): 588-597.



BEOL FEFET Vertical FEFET for NAND Storage 

Khan, Keshavarzi, Datta. "The future of ferroelectric field-effect transistor technology." Nature Electronics 3.10 (2020): 588-597.

Ferroelectric devices (2 of 2)



FEFET as an embedded memory

Khan, Keshavarzi, Datta. "The future of ferroelectric field-effect transistor technology." Nature Electronics 3.10 (2020): 588-597.



Ferroelectric Oxide Non-volatility and 
hysteresis

Negative dielectric 
permittivity/negative 
capacitance

Stochasticity

Properties of 
Ferroelectric oxides

Plasticity,
Meta-plasticity and
Anti-plasticity

Khan, Keshavarzi, Datta. "The future of ferroelectric field-effect transistor technology." Nature Electronics 3.10 (2020): 588-597.

Ferroelectric field-effect transistors (FEFETs)



Transistor
physics

Transconductance
gain

Circuit-level design

Properties enabled by
a transistor structure

Ferroelectric field-effect transistorFerroelectric Oxide Non-volatility and 
hysteresis

Negative dielectric 
permittivity/negative 
capacitance

Stochasticity

Properties of 
Ferroelectric oxides

Plasticity,
Meta-plasticity and
Anti-plasticity

Ferroelectric	FET	is	one	of	most	versatile	transistor	technologies	–	ever	conceived.

Khan, Keshavarzi, Datta. "The future of ferroelectric field-effect transistor technology." Nature Electronics 3.10 (2020): 588-597.

Ferroelectric field-effect transistors (FEFETs)



Ferroelectric FET Applications
Ferroelectric neurons for spiking neural networks

Ferroelectric oscillators for time dynamical systems

Wang et al. Int. Electron Dev. Meeting (IEDM) 2018.

Z. Wang et al. EDL 2017

FE synapses for deep neural network accelerators

Aabrar et al. VLSI Symp. 2022.

Ferroelectric content addressable memory (CAM)

Khan, Keshavarzi, Datta. "The future of ferroelectric field-effect transistor technology." Nature Electronics 3.10 (2020): 588-597.



Progress in FEFET technology

<1.5 V write voltage 
>0.5 V memory window

∆𝑉!,#$ =	20-50 mV 
(7 nm node)

Specs

>1012 cycles

1
Write voltage 

and Memory Window

4

Reliability and endurance

3
Device-to-device 

variation

2
Read/Write 

Speed

<10 ns write speed 
<10 ns read-after-write delay

27



1
Write voltage 

and Memory Window

4

Reliability and endurance

3
Device-to-device 

variation

2
Read/Write 

Speed

Tan et al. IEEE EDL 42, 994 (2021).

Dutta et al. IEEE EDL 43, 383 (2022).

<1.5 V write voltage 
>0.5 V memory window

∆𝑉!,#$ =	20-50 mV 
(7 nm node)

Specs

>1012 cycles<10 ns write speed 
<10 ns read-after-write delay

Progress in FEFET technology
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1
Write voltage 

and Memory Window

4

Reliability and endurance

3
Device-to-device 

variation

2
Read/Write 

Speed

Wang, Z., Tasneem, N., Hur, J., Chen, H., Yu, S., Chern, W., & Khan, A. (2021, December). Standby bias improvement of read after 
write delay in ferroelectric field effect transistors. In 2021 IEEE International Electron Devices Meeting (IEDM) (pp. 19-3). IEEE.

<1.5 V write voltage 
>0.5 V memory window

∆𝑉!,#$ =	20-50 mV 
(7 nm node)

Specs

>1012 cycles<10 ns write speed 
<10 ns read-after-write delay

Progress in FEFET technology

29
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Ref. 1: Si (IL-SiNx),
(1.0 V@DC, FEOL)

Ref. 2: Si (IL-SiO2)
(0.5 V@1μs, 100K, FEOL)

Ref. 5: Si (IL-SiO2),
(0.8 V@100 ns, FEOL))

Ref. 3: IWO (IL-free), 
(1.6 V@DC, BEOL)

Ref. 4: Si (IL-SiO2),
(1.5 V@10 μs, FEOL)

Ref. 7: Ge (IL-free)
(0.5 V@100 μs, 
FEOL)

Ref. 6: Ge (IL-free),
(0.4 V@5μs, FEOL)

This Work

Benchmarking Memory Window v. Write Voltage Tradeoff 

[1] Tan et al., IEEE EDL, 42, 994, (2021). 
[2] Tan et al., 2020 IEEE Symposium on VLSI 
Technology (2020). 
[3] Dutta et al., IEEE EDL, 43, 382 (2022). 
[4] Dünkel et al., IEDM (2017).
[5] Nguyen et al., IEEE EDL, 42, 1295, (2021). 
[6] Liu et al., IEEE EDL, 40, 1419, (2019). 
[7] Zacharaki et al., ACS Appl. Electron. Mater. , 
4, (2022). 
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(0.5 V@100 μs, 
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This Work

[1] Tan et al., IEEE EDL, 42, 994, (2021). 
[2] Tan et al., 2020 IEEE Symposium on VLSI 
Technology (2020). 
[3] Dutta et al., IEEE EDL, 43, 382 (2022). 
[4] Dünkel et al., IEDM (2017).
[5] Nguyen et al., IEEE EDL, 42, 1295, (2021). 
[6] Liu et al., IEEE EDL, 40, 1419, (2019). 
[7] Zacharaki et al., ACS Appl. Electron. Mater. , 
4, (2022). 

We want 
to be here

Benchmarking Memory Window v. Write Voltage Tradeoff 
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Write voltage vs. memory window trade-off

Ferroelectric (5-10 nm)

Gate metal stack

IL (~1 nm)

Gate

Ferroelectric

Interfacial Ox.

Semiconductor DS Semiconductor

Write=4V

2 V

1.3 V

0.7 VSi

FE

IL
FE (1.3 V)

IL (2 V)
FE (1.3 V)

Si (0.7 V)
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Ferroelectric (5-10 nm)

Gate metal stack

IL (~1 nm)

Gate

Ferroelectric

Interfacial Ox.

Semiconductor DS Semiconductor

Write=4V

2 V

1.3 V

0.7 VSi

FE

IL Vc=~70% of VFE
MWmax=2VC

IL (2 V)
FE (1.3 V)

Si (0.7 V)

Write voltage vs. memory window trade-off
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Ferroelectric (5-10 nm)

Gate metal stack

IL (~1 nm)

Gate

Ferroelectric

Interfacial Ox.

Semiconductor DS Semiconductor

Write=4V

2 V

1.3 V

0.7 VSi

FE

IL

Changing the band-gap of the 
semiconductor By changing the 
channel material from Si to SiGe or 
Ge. 

IL (2 V)
FE (1.3 V)

Si (0.7 V)

Write voltage vs. memory window trade-off

34



Ferroelectric (5-10 nm)

Gate metal stack

IL (~1 nm)

Gate

Ferroelectric

Interfacial Ox.

Semiconductor DS Semiconductor

Write=4V

2 V

1.3 V

0.7 VSi

FE

IL

Reducing the thickness of the IL 
or increasing the K of the IL.

Reliability degradation is a 
concern.

IL (2 V)
FE (1.3 V)

Si (0.7 V)

Write voltage vs. memory window trade-off
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Remote oxygen scavenging to reduce IL thickness

Tasneem et al. “Remote Oxygen Scavenging of the Interfacial Oxide Layer in Ferroelectric 
Hafnium−Zirconium Oxide-Based Metal−Oxide−Semiconductor Structures”, ACS Appl. 
Mater. Interfaces 2022, 14, 43897−43906
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Remote oxygen scavenging to reduce IL thickness

Tasneem et al. “Remote Oxygen Scavenging of the Interfacial Oxide Layer in 
Ferroelectric Hafnium−Zirconium Oxide-Based Metal−Oxide−Semiconductor 
Structures”, ACS Appl. Mater. Interfaces 2022, 14, 43897−43906
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Remote oxygen scavenging to reduce IL thickness

Tasneem et al. “Remote Oxygen Scavenging of the Interfacial Oxide Layer in Ferroelectric Hafnium−Zirconium Oxide-Based 
Metal−Oxide−Semiconductor Structures”, ACS Appl. Mater. Interfaces 2022, 14, 43897−43906
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TiN 2 nm

Pt 30 nm
Ti 30 nm

HZO
IL

Si or Ge

TiN 12 nm

Pt 30 nm
Ti 30 nm

HZO
IL

Si or Ge

Pt 30 nm
Ti 30 nm

HZO
Si or Ge

HZO
IL

Si or Ge

W 100 nm

Ge
IL (GeOx)

HZO

Ge

HZO
IL is non-visible

Position (nm)

Decrease in IL thickness

Remote	oxygen	scavenging	can	result	in	controllable	IL	thickness.

Park et al. (under review)
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Dramatic	reduction	in	coercive	voltage	is	observed	in	Ge	platform	
with	the	change	of	the	gate	metal	stack.
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HZO 6 nm

Ge-channel FEFETs with record-low write voltages

Si	and	Ge-channel	FEFETs	fabricated	with	the	same	6	nm	HZO	layers,	
under	similar	process	and	fabrication	conditions.		

Das, Dipjyoti, et al. "A Ge-Channel Ferroelectric Field Effect Transistor with Logic-Compatible Write 
Voltage." IEEE Electron Device Letters (2022).
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Significant	increase	on	the	on-capacitance	and	reduction	in	coercive	
voltage	in	Ge-channel	FEFET.

Ge-channel FEFETs with record-low write voltages

Das, Dipjyoti, et al. "A Ge-Channel Ferroelectric Field Effect Transistor with Logic-Compatible Write 
Voltage." IEEE Electron Device Letters (2022).
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DC ID-VG characteristics

Significant	reduction	in	the	write	voltage	for	iso-memory	MW	
condition	in	Ge-FEFET.

Das, Dipjyoti, et al. "A Ge-Channel Ferroelectric Field Effect Transistor with Logic-Compatible Write 
Voltage." IEEE Electron Device Letters (2022).
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Pulsed ID-VG characteristics

Das, Dipjyoti, et al. "A Ge-Channel Ferroelectric Field Effect Transistor with Logic-Compatible Write 
Voltage." IEEE Electron Device Letters (2022).

Significant	reduction	in	the	write	voltage	for	iso-memory	MW	
condition	in	Ge-FEFET. 45



Pulsed ID-VG characteristics

Das, Dipjyoti, et al. "A Ge-Channel Ferroelectric Field Effect Transistor with Logic-Compatible Write 
Voltage." IEEE Electron Device Letters (2022).

Significant	reduction	in	the	write	voltage	for	iso-memory	MW	
condition	in	Ge-FEFET. 46



Retention, endurance and read-after-write delay

Retention Read-after-write delay Endurance

The	Ge-FEFET	show	write	endurance	of	107	cycles,	excellent	data	retention	
and	immediate	read-after-write	capability.

Das, Dipjyoti, et al. "A Ge-Channel Ferroelectric Field Effect Transistor with Logic-Compatible Write 
Voltage." IEEE Electron Device Letters (2022).
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This Work

[1] Tan et al., IEEE EDL, 42, 994, (2021). 
[2] Tan et al., 2020 IEEE Symposium on VLSI 
Technology (2020). 
[3] Dutta et al., IEEE EDL, 43, 382 (2022). 
[4] Dünkel et al., IEDM (2017).
[5] Nguyen et al., IEEE EDL, 42, 1295, (2021). 
[6] Liu et al., IEEE EDL, 40, 1419, (2019). 
[7] Zacharaki et al., ACS Appl. Electron. Mater. , 
4, (2022). 

Benchmarking Memory Window v. Write Voltage Tradeoff 
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Ref. 4: Si (IL-SiO2),
(1.5 V@10 μs, FEOL)

Ref. 7: Ge (IL-free)
(0.5 V@100 μs, 
FEOL)

Ref. 6: Ge (IL-free),
(0.4 V@5μs, FEOL)
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Das, Dipjyoti, et al. "A Ge-Channel 
Ferroelectric Field Effect Transistor 
with Logic-Compatible Write 
Voltage." IEEE Electron Device 
Letters (2022).

Benchmarking Memory Window v. Write Voltage Tradeoff 
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Towards 0.5 V Ferroelectric Memories
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Is	there	a	case	for	classical	ferroelectric	oxides	such	as	BaTiO3	for	emerging	
memory	applications?

Classical Ferroelectrics:
BaTiO3 etc.

Emerging CMOS compatible 
Ferroelectrics: 
Doped HfO2
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1. 
Phase 

(o-, m-, t-)

2. 
Grain size & 
orientation

3. 
Sub-grain features (domain 

walls, interphase boundaries) 

4.
Irreversible change of grain 

structure electric field cycling

Cycle-to-cycle variability

• Applied field causes changes in microstructure
• Enables multi-level NVM
• Poses challenges for (VLSI)

Microstructure in FEFETs

Device-to-device variability

Asif Khan@Georgia Tech
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Quantification of microstructure

Dark field TEM
Nano-Beam Electron 

Diffraction
(NBED)

Transmission Kikuchi 
Diffraction (TKD)

Lombardo, S. F., et al. "Local epitaxial-like templating effects and grain size distribution in 
atomic layer deposited Hf0.5Zr0.5O2 thin film ferroelectric capacitors." Applied Physics 
Letters 119.9 (2021): 092901.
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Quantification of microstructure

Chae, K., Lombardo, S. F., Tasneem, N., Tian, M., Kumarasubramanian, H., Hur, J., ... & Khan, A. I. (2022). Local Epitaxial Templating 
Effects in Ferroelectric and Antiferroelectric ZrO2. ACS Applied Materials & Interfaces, 14(32), 36771-36780.
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Microstructural origin of  AFE and FE in ZrO2
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Smaller	grain	size	favored	by	Tetragonal	
phase	over	FE	Orthorhombic	phase
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Chae, K., Lombardo, S. F., Tasneem, N., Tian, M., Kumarasubramanian, H., Hur, J., ... & Khan, A. I. (2022). Local Epitaxial Templating 
Effects in Ferroelectric and Antiferroelectric ZrO2. ACS Applied Materials & Interfaces, 14(32), 36771-36780.
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Epitaxial-like templating: Near coincidence site epitaxy

Orientations	in	TiN	and	ZrO2	are	often	correlated.
Chae, K., Lombardo, S. F., Tasneem, N., Tian, M., Kumarasubramanian, H., Hur, J., ... & Khan, A. I. (2022). Local Epitaxial Templating 
Effects in Ferroelectric and Antiferroelectric ZrO2. ACS Applied Materials & Interfaces, 14(32), 36771-36780.
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Epitaxial-like templating: Near coincidence site epitaxy

Chae, K., Lombardo, S. F., Tasneem, N., Tian, M., Kumarasubramanian, H., Hur, J., ... & Khan, A. I. (2022). Local Epitaxial Templating 
Effects in Ferroelectric and Antiferroelectric ZrO2. ACS Applied Materials & Interfaces, 14(32), 36771-36780.
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Statistical Epitaxy Analysis via Automated NBED
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Chae, K., Lombardo, S. F., Tasneem, N., Tian, M., Kumarasubramanian, H., Hur, J., ... & Khan, A. I. (2022). Local Epitaxial Templating 
Effects in Ferroelectric and Antiferroelectric ZrO2. ACS Applied Materials & Interfaces, 14(32), 36771-36780.
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Machine Learning Assisted Predictive TCAD 
Modeling (from Metrology to Device Metrics)

Ferro polarization map (from TKD data 
from SEM/TEM)

7×7 image

Total 14700 samples
Used 4000 samples 
(not randomly)

1 2 3

494847

TABLE II. Average, 3-sigma and percentage of prediction error

TCAD ML-based prediction

μ μ 3σ Error

HVT [V] 1.05 1.05 0.08 1.2%

LVT [V] −0.53 −0.53 0.07 2.0%

Ion [μA] 6.68 6.68 1.01 2.1%

SS [mV/dec] 94.52 94.48 9.0 1.6%

G. Choe, P. V. Ravindran, A. Lu, J. Hur, M. Lederer, A. 
Reck, S. Lombardo, N. Afroze, J. Kacher, A. I. Khan, S. Yu, 
“Machine learning assisted statistical variation analysis 
of ferroelectric transistors: from experimental 
metrology to predictive modeling,” IEEE Symposium on 
VLSI Technology and Circuits (VLSI) 2022.



The era of ferroelectronics
The	next	wave	 of	 exponential	 growth	 of	 the	 semiconductor	 industry	 depends	 on	 how	
well	the	electronic	hardware	can	support	the	explosion	of	data-centric	computing.	

Khan, Keshavarzi, Datta. "The future of ferroelectric field-effect transistor technology." Nature Electronics 3.10 (2020): 588-597.

Ferroelectric	technology	will	
be	a	key	component	because	of

Performance

Energy	and	area	efficiency

Logic	and	memory	
functionalities

1

2

3
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Thank you
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