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The Brain vs. Al

Brain of a Human driver Self-driving Car

20 W 2.5 kW power
103 m3 6 GB data every 30 sec
e 2md

Predicted to increase world wide energy consumption by 3-20%
Gawron et al, Environ. Sci. & Techn 52 3249 (2018)



& The Biological Advantage
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Can we realize hardware that computes as efficiently as the brain ???
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E&M Trans
Suckling and J. Lee, Int J Life Cycle Assess, vol. 20, no. 8, pp. 1181-1196, Aug. 2015.

Extraction and manufacture (E & M) is the largest conponent of the life
cycle analysis for smart phones.

Justification for neuro-inspired small devices cannot be energy efficient
operation.

Energy consumption of smart devices

EoL

o




& Why Use SBMOSFETs for neuromorphic circuits?

* Lower Fabrication Energy and Dollar Cost .

S - D

* Small process variations negligble for circuit performance

e Sub-threshold operation dictated by thermionic emission



Outline

* Floating Gate SBMOS for non-spiking architectures
 SBMOS for spiking architectures

* Putting togethe spiking and non-spiking architectures



Biological Neurons
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* Signals travel electro-chemically
* Neurons compute and communicate
» Synapses transfer and store information




d The cross bar array for neuro-inspired circuits

Synapse
¢, G G
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CMOS input
neurons
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£ W

Winner Takes
All

ANSWER=max (), w;x; + b)

CMOS Neurons input data

Synapses store the
weights

Kirchoff’s law provides
summation

CMOS winner takes all
neuron circuit calculates
the output



Learning

e SUPERVISED:
Teacher provides a data set X with known
targets T

=

N

* TRAINING :
Compute (X w;x; + b), for each sample x;
and each category c;

o X X X X
W

DELTARULE :  § = n(w-x - t)

 Compute the gradient descent of the square error to get the delta rule:

e ‘Adaptive linear neuron’ (adaline rule)

SINGLE LAYER NETWORKS KNOWN AS ‘PERCEPTRONS’



No propagation multilayer perceptron

hy h, hyh, he h

Xl
X, B-matrix: min/max values randomly
ij assigned and fixed throughout learning
b
C1
52 e ANSWER=max (3, w;h;)

Use learning rule: 6 = n(w;h - t)

* |Inspired by ‘Extreme Learning Machine’ Algorithm
* Avoids backpropagation circuitry at the expense of
having a larger number of hidden layers

C H Bennett et al IEEE Access, 7, 73938 — 73953 (2019).



Types of synaptic devices

bridge

W};_ TR GRS Ag
ﬁi: % T gn <«— atomic

g faa i
. i\?M / L pi@ag )]
’ | 18 1) IRIL L)
W, \ N J
’_.' AN “—W--‘::*v’ n
10 - STP LTP
Filamentary devices F e
Barbara et al ACS Nano 2015 Atomic Switches

Ferroelectric Synapses
Chanthbouala et al Nat Mat 2012

Ohno et al Nat Mat 2011

Cotitrol gate -

Floating gate
Isolator <‘_ 1T

Source Crain “

Floating Gate transistors
viead et al IEEE Trans

Replace with
SBMOSFET

. | E - (a)

Spin torque Synapses

Vincent et al IEEE Trans Biomed
Cir Sys 2015

Numbe:

Phase Change Synapses
Tuma et al Nat Nano 2016




& SONOS Transistor as a synapse

Floating
G Gate

.

Drain Current

0.0 0.2 04 06 08 10 12 14
Gate Voltage

 SONOS allows superior number of read/write
cycles than conventional floating gate MOSFETs

* Engineer structure to optimize the timing



d Why use SBMOS for Floating gate devices?
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Sze et al Physics of Semiconductor Devices 2007

Sub-threshold : thermionic
emission

SB reduces cross talk
between synapses



Compact Model for Circuit simulations

A*AT? qe — .
c G = exp (— eff) Thermionic emission
Eq kT, (Ng; . : ., .
* Peff = Zg + . In (n—sl‘) Effective barrier’ controlled by carriers
in channel

» Linear regime between V, pulses and AG



Learning with a SONOS transistor

hy h, hyh, he h

Inputs applied to V,

D‘J}X X N>< H><

______ Subthreshold current:
&ift‘#ﬁ; AG = A + bAV,
Cs —
Takew=Db

Learning pulses should be LINEAR compared to
conventional MOSFET where they are exponential

C H Bennett et al IEEE Access, 7, 73938 — 73953 (2019).



& Device Characteristics

[ smatestw * To generate two curves:
jargest it G, 300 pulses +6 V (+ charge)
& 107 300 pulses -3.75 V (- charge)
£
: ll}—g -
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& Simulation Design

Architecture

simulations to
obtain pulse
seguences

Architecture

simulations with
weights from device «
simulations




Biological Neurons
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* Signals travel electro-chemically
* Neurons compute and communicate
» Synapses transfer and store information




@ Biophysical Model for spiking neuron
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Neuron dynamics in the giant axon of a squid

@. Two ion channels: Na*, K™

@. Leak current: Cl7, etc.

Q Cod¥e = (1)

dt

Q. I(t) = lc(t)+Ina(Vim, t)+ Ik (Vim, t)+ 11

9 GNa:RLNa,GK: :

Rk’

variable conductances =

3 Additional (Empirical) Variables
L L5 (x = xo(Vin)),

( S— —
dt = " mx(Vm)
Tx time constant

19



Simpler model for circuit design

e

* Disadvantage of HH Model: Complicated toplogy, 4 DE

* Morris —Lecar Model: simplified version to realize simpler elecronic

circuit (2 DE)

Vona Vex

VDD .

@O |4
1T ! T
- o @(’ 0

l. Sourikopoulos et al Front in Neuroscience vol. 11 123 (2017)

Lowest reported energy consumption of a neuron realized in a circuit!
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Limit cycles resulting from bifurcations in the phase diagrams, controlled by dynamics of
two ‘channels’

L.E. Calvet, O. Renard, C. Hepburn, “Spiking sensory neurons for analyzing electrophysiological data”

ECS Journal of Solid State Science and Technology 9 (11), 115004 (2020)



& Neuron dynamics in CMOS (sub-threshold)
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Spike trains : Spike rate increases with I,
‘class 1 neuron’ spikes from lexc =0

‘class 2 neuron’ finite spiking at lex = 15 pA

22
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0SBMOSFET Spiking Neuron Circuits
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PFET transistors have more limited operational range



& Combining Spiking and non-spiking circuits

Floating
Gate

Rate encoding

Combine Spiking neuron via rate
encoding of sensor data and input it
into a no-propagation circuit with
SONOS SBMOSFET synapses

Rate Encoding
input features
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d Conclusions

* SBMOSFETSs are promising devices for use in neuromorphic circuits
due to their low energy cost during fabrication

* Non-spiking circuits can be made using SB-SONOS synapses

 Spiking circuits can be made with pSBMOSFETs

 Putting the two together can allow for rate encoding and analysis
with a no-prop multilayer network



Thank you for your attention!

Questions?



