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Outline — Take away messages

We need a novel computing paradigm that is energy efficient to
enable edge Al computing for online learning and inference.

In this talk, | will present an alternative computing paradigm based on
oscillatory neural networks.

How to compute with oscillators? — I'll cover some important aspects
from materials, devices, architecture to applications.



Trends — growing number of edge lot
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The cost of “moving data”
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Beyond von Neumann architecture

Input CPU

data

Output
Arithmetic/L data

ogic Unit

Control Unit

Computation
In-Memory

Result




What are Neurons? TU/e

neuroscience

= Biological neural networks have rhythmic behavior, they spike and fire:
= ubiquitous in neocortex, hippocampus and olfactory bulb

I.;

How brain waves guide memory formation

Neurons hum at different frequencies to tell the brain which memories it should store.

Computing in Phase

— 4 | Synchronization (a)
1 . ’ . ' _ &\é - 2 brain waves Voo o
/f ; > 4 . ,§
a "~ Axons f POST SLLV VYUV VYL Ut IO’t, /\,
7\’&\ Dendrite ime ime
PREs

Opportunity: rather than potential voltage over time, we leverage
neurons biological behavior as the frequency of oscillations



www.neuronn.eu I U/e

Computing with Oscillators

Each pixel is an oscillator Coupling weights between oscillators is the Output encoded on phase difference
memory between oscillators

Associative memory


http://www.neuronn.eu/

Spiking

Oscillatory

Neuromorphic Computing

Computing in Phase — Oscillatory Neural Networks

ONN computation principle in “phase”

rather than current or voltage.
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ONN Implementation for 5 neurons

Neurons (oscillators

Synapse array with 2D MoS, memristors

=\

2D MoS, memristor

(Grant No 871501)

: Z Fraunhofer

CSIC SIVACO A..MERGENCE

www.neuronn.eu

Neurons -> VO, devices

Synapse -> MoS, devices

A ng'Li""’ s
contacts
oo e,

700nm

E. Corti, et al. IEEE EDL,
2019.
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A look into materials & Devices



VO, Insulator-Metal Transition

Planar device

ENi/Au
contacts

Crossbar device

Upper Pt contact

sz

Vo,

Bottom 300 nm
Pt contact ==

E. Corti, et al, IEEE EDL 2020
E. Corti et al, SSE 2020
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Phase-change triggered
by Joule Heating

Insulator to metal transition at
68°C (340K)



Fabrication of VO,-based oscillators TU/e

Two types of device configurations studied:

- Integration on Si to allow for CMOS processes compatibility
- Nanoscale devices for low-power and high frequency operation

2. Crossbar configuration

1. Planar configuration

R AR AR
Y YN Y Y YRGSV,
O R O e g s s e
GO PP PP YNy .y,

Growth on SiO; introduces
granular films

From p-scale to nanoscale

electrodes

. Goal:
. Smooth film

. Thin monolayer of grains £ Cort - Karg, 11

. Grains densely positioned



Annealing results TU/e

VO 50 VOy (50nm)
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QM Simulations on Vo,-Metal Contacts

Au-VO>

=
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il Sy Yl N VO, forms closer contact with Pt

compared with Au

Evidence of chemical reactivity Pt-VO,

Thermal resistance Pt-VO, expected to be

developed in NeurONN.
lower

Experimental cross-bar device ’,-\« \\

DFT-optimised structures of VO, interface models with

*S. Carapezzi, et al., IEEE JETCAS 2021 Au and Pt metal contacts.
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Investigation of MoS, memristive mechanism

Several mechanisms have been proposed in the
literature depending on the device architecture.
Surface vacancies and impurities in MoS, seem to
play the central role in the HRS-LRS switch.

Typical concentrations are high (~1012-1013 cm-2).

S vacancies

ADF-STEM characterisation of defects



Effect of defect concentration TU/e

Defect concentration from low coverage (2%) up to high coverage (10%) and
very high coverage (25%).

At high coverage S vacancies not enough to close the material’s band gap,
whereas with Au substitution the material turns metallic!

Migration of Au atoms to fill
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Effect of MoS, layer thickness
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Strong vs. limited metallization of MoS,.
Effect of metal electrode limited to the topmost MoS, layer.
Monolayer MoS, not sufficient to achieve memristive behavior!

G. Boschetto, S. Carapezzi, A. Todri-Sanial, International Conference on Materials Chemistry, July 2021
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A look into Oscillator devices
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Simulation models & tools

Atomistic, TCAD to compact modeling and simulation
Develop predictive models to explore manufacturing and design space.

Quantum mechanics Continuous models Circuits
*DFT: Investigate *TCAD: Device eCompact models:
contacting MoS2 geometry impacts Implement salient
and VO2 materials carrier/temp device physics for
transport & circuit and system

resistivity design




Technology Computer-Aided Design (TCAD) TU/e

Simulate electronic transport in
XD semiconductor devices

ZS
N |
,w..- System Slze - Self-Consistent Solution of Equations:
N 3 —

Q Poisson’s Equation:=-¢,Vy=(p—n+N;, -N;) \
O Continuity Equation:

n_lg J,+R,
ot gq
Non Conditional Drift ¥__ls5
Equilibrium Wave i g et R
. Diffusion
Green Function (DD) R,,,RP : the net generation - recombination rate of e, h

Function Approach

U Current Equation:

TCA D j'n = qn,u,,E + qD,ﬁn

Calculation time \g\ 3, = apitE-aD,Tp
ACC ura Cy | \ n, p :electron, hole density; 4 :low - field mobility; D : diffusion coeﬁicienj

Higher

* After E. G. Marinn et al., IEEE Transaction on Electron Devices, Vol. 65, No. 10, 2018



VO, as a resistor network TU/e
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CALIBRATION AND VALIDATION OF TCAD MODEL TU/e
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S. Carapezzi et al. 2021 19th IEEE International New Circuits and Systems Conference (NEWCAS)




TCAD SIMULATION OF VO, OSCILLATOR TU/e

I metal contact <
V02

Upper Pt contact

Linking material properties, device geometry

0.0015  0.0020
to oscillator’s figures of merit

transient time (s)

BBBBBB
ttttt

E. Corti et al., Frontiers in Neuroscience, vol. 15, p. 19, 2021;
Carapezzi et al., IEEE Journal on Emerging and Selected Topics in Circuits and Systems, 2021; Carapezzi et al. 2021 19th IEEE International New Circuits and Systems Conference (NEWCAS)
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From Device to Circuit-level Simulation



Oscillatory Circuit for ONN Implementation

Vop
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o
V02 5
O

Single Oscillator Case
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Oscillator output voltage with
distinctive:

Period, T,

Signal amplitude (V, Vy)

VO, oscillates in its NDR region
VO, oscillator dynamics:

dVout

Cp

dGVO (t)
dt

= (Vpp () = Vour)GV%(t) — lipaa

= f(G"%(t), Vour)

A. Todri-Sanial et al., TNNLS 2021
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¢ Vpp1 Vbp2 *

How to set Synaptic resistors ?
Vout1 Vout2

X S )

Rs I Cp CP:[ Rg

Coupling resistor R can implement synaptic weight

Output

Oscl Osc2

T T TTTT

180

A(I)Out Vout
In-phase

R¢ = 10 kQ
180 Logic’'0’ —
white

o 128

v

60
Oscl Osc2

Vout 180°

| Y ‘
RE & R%_>RE R; = 100 kQ
o _ ) _ Out-of-phase
Positive weights Negative weights Logic’1’
— black

v

Mapping Hebbian Learning Rules to Coupling Resistances for Oscillatory Neural
Networks, C. Delacour and A. Todri-Sanial, Frontiers of Neuroscience, 2021



Role of synaptic capacitors

Adding coupling capacitors o
enhances ONN VO,
performances —

Robust phase locking
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Oscillatory Neural Network

Input image Output image

VDD1

VDD2

0]

Apj, =
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ONN phase dynamics

Nfuzzy=20

—0sc1
1.8 —o0sc4

16+ input image : output image

Voltage (V)

Time (s) x10™?
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Edge image detection with analog ONN

(a) Input image (b) Sobel

i r’a\

Training images: edge detection

==z

N m

7

EDGE=1
(b)  _ gx10 (c)

g°® Canny (d)
@ o Additional
o
s state: L#
(2]
245 o Backgr.ound
= detection
2 o
=y
g o o
O 4

03 -01 0 0.1 0.3 EDGE=0

Hebbian weight ||
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ONN benchmarking

C. Delacour, A. Todri-Sanial, TNNLS 2022

-6 a
° ° E rorrTrTr rororrrT rorTTTTTT rTorTTTTh T T TTTTT TorTTTTh LIRS SR S R RENEA 1T T I
Benchmarking ONN with 10 ; ol ONeurogrid
. i O . SpiNNaker2
state of the art chips* HIGARN
VO, size: from 2 umto 5 um 2 : :
: > -8 L TrueNorth B
Vdd: frgm 0.5t0 0.9V > 10°; GtREE (Nl - R tlonth ;
Parasitics: from 1.5 pF to 1.5 nF o . 5 Loihi
: Eyeriss o) Current
Oscillator delay= N¢ycjes=4 = SBNN
o Y O Origami - TPV (gg)
Optimistic: c i O o o
ircui i O i .= _Myriad2 Kuang
No external circuitry taken into account bt 10| Q4MaqbilEye y S—
. S 10 E H’ O Neuromorphic chips
Observation: ONN could serve as an ) Dadi O 5L =g [0 Digital neural accelerators
accelerator or a general purpose z g Bl i ONN with G=1.5nF
: O oD Device size x10 ONN with C=150pF
neuromorphic hardware L P anndo ONN with C=15pF
: X2.5 T ONN with C=1.5pF
10'12 L Lol e Ll L cnd L L
10710 10°® 107® 107 1072

Neuron Delay (s)

*D. E. Nikonov and I. A. Young, "Benchmarking Delay and Energy of
Neural Inference Circuits," in IEEE Journal on Exploratory Solid-State
Computational Devices and Circuits, vol. 5, no. 2, pp. 75-84, Dec. 2019
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Benchmarking and Applications
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Digital Onn on FPGA

=Digital ONN:

= Phase-controlled digital oscillators

= 5-bits registers for synapses

I I I —
] ) ) [

I I | —
W | AW ] W | AW |

I I I —
W | H Wy | HWa | HWe |

n
>

| | | |
Wi | F W | FWe | LW |

Zybo Z7 development board

M. Abernot et al., “Digital Implementation of Oscillatory Neural Network for Image Recognition
Applications,” Front. In Neuroscience, 2021.



T
Digital ONN on FPGA U/e

L ONN size 5x3 10x6
.Dlgltal ONN: Synapses 225 3600
= Phase-controlled digital oscillators FPGA resources (LUTS) 1.8% 12%
= 5-bits registers for synapses FPGA resources (Flip-flops) 0,68%  2,6%
Init. Time (us) 2 7,8
Comp. Time (us) 5,2 5,4
FPS 141000 75000

I I I —
AWy |HWy | HWy | H Wy |

.

| | 1 "
W | AW ] W | AW |

g

| | | | 3 :
AWy | HWy | H Wi | W | p S AR EE 28 e 0

1 1 1 1 o
AWy | HWe | HWe | HW |

Zybo Z7 development board

M. Abernot et al., “Digital Implementation of Oscillatory Neural Network for Image Recognition
Applications,” Front. In Neuroscience, 2021.
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Onn applications

Implemented on the digital ONN Simulated with the digital ONN target
Digits recognition with 60- Obstacle avoidance 4 Edge detection )

neuron ONN

\_ ONN-HAM Y,

2 cascaded ONNs:

= ¢ 40-neuron
ONN

¢ 8-neuron ONN



TU/e

ONN for image recognition

10x6 ONN:

5 training patterns: digits from 0 to 4

Training: Unsupervized learning rule (ex:

Diederich Opper I)

Input image from a camera stream
Output Noisy images with flipped pixels (10, 20, 30)
Output image printed on a screen

Input

Table: Accuracy for different input noise level

Input Image noise 10 Flips 20 Flips 30 Flips
Hebbian 86 % 59% 21%

Diederich Opper | 100 % 93,6% 41,8%

M. Abernot et al., “Digital Implementation of Oscillatory Neural Network for Image Recognition
Applications,” Front. In Neuroscience, 2021.



ONN for image recognition *

Input \

OUTPUT: HDMI screen

Output

ONN-on-FPGA trained with
Diederich Opper

Camera to the FPGA

/ INPUT: Pictures on a phone with 20
flipped pixels noise

*M. Abernot et al., “Digital Implementation of Oscillatory Neural Network for Image Recognition Applications,” Front. In Neuroscience, 2021. 36
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ONN for obstacle avoidance

Arduino mobile robot
8 proximity sensors

2 cascaded ONNs o o detec ONN to
1 to detect obstacles: 5x8 trained st Vv;~~-;_-f;<]\ -

: : ; L ;
with 256 patterns using Hebbian - 1 L}‘jm“é; T gy

1 to define direction: 1x8 trained with
16 patterns using Hebbian

Output of the 2" ONN
associated to robot direction

3 possible directions: left, front,
right

M. Abernot et al., “Mobile Robot Obstacle Avoidance with Oscillatory Neural Networks on FPGA,”
IBM/IEEE Al Compute Symposium, 2021.

IIIIIIII

Convert with

ARDUINO
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ONN for obstacle avoidance

Arduino mobile robot

ONNs Results and Performances

ONN 5x8 ONN 1x8

Number of Training Patterns
LUTs (Artix 7: xc7a35)
Flip-Flops (Artix 7: xc7a35)
Frequency

ONN Computation time

Accuracy

256 16
11,5%

5,4% ONN to detect
obstacles (5x8)

12 MHz 12 MHz
24 us 17 us
100 % 74 %

Turn left

Full system results and performances

8-sensor measurement time
FPS

Battery
Current consumption
Robot life time

o IIIIIIII
40

Convert with
6V/2850mAh
700 mA
4h

M. Abernot et al., “Mobile Robot Obstacle Avoidance with Oscillatory
Neural Networks on FPGA,” IBM/IEEE Al Compute Symposium, 2021.
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ONN for obstacle avoidance

Arduino mobile robot

ONN to
define

ONN to detect
obstacles (5x8)

Turn left

IIIIIIII

Convert with

M. Abernot et al., “Mobile Robot Obstacle Avoidance with Oscillatory
Neural Networks on FPGA,” IBM/IEEE Al Compute Symposium, 2021.



Ongoing and future work:

ONNs are dynamic systems
- How to harness ONN transient dynamics?

- Learning trajectories
- Classification of analog signals (sound, temperature, pressure...)

- Energy efficient and applicable for edge Al computing

«a»

«we»

«i»

«Oo»

«u»

«y»

TU/e



Analog ONN for Al Accelerator

Analog Inputs from Neuron Synapses
Sensors Oscillators
(image, audio, temp,

presygw/K£+Q \./\-
>

EID O \/
Om \ D»Q \/’\/ /

VO, oscillators

S0 2 F F F X f F A
S [ Dynamic Tuning for learning ]
* and inference operations

320 330 340 350 360
Temperature (K)

o.‘

.- .- PHASTRAC TU/e

= Hardware for Al =———

4 5 6 7 8 9

v

MO /HfO,
RRAM array

IBM Research

TU/e

BMW
GROUP
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https://www.lirmm.fr/aida-todri-sanial/ TU/e

PHYDENANO

PHYSICAL DESIGN FOR NANOTECHNOLOGY

= Principal Investigator and Project Coordinator: Dr. Aida Todri-Sanial

= Current Research Topics:

= Beyond CMOS Devices
® Interconnects

= Design Methods 3D and Monolithic 3D Integrati ﬁ
esign lvietnods an onolitnic ntegration Q/LIRMM

= Neuromorphic Computing — Al at the Edge
= Quantum Computing

# UNIVERSITE
%/ DE MONTPELLIER

Montpellier, France



https://www.lirmm.fr/aida-todri-sanial/
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Nanocomputing Research Lab at TU/e

Students:

= Thomas Booij

=  Edgar Luhulima
= Paul van Geest

= Vincent Cootjans
= Corniels Dekker
= Hamdi Ahmed



Thank you ! T



