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Background: Neuromorphic Circuits

oCircuits to emulate human or animal brains:

oNeurons with threshold or other nonlinear behavior, connected to
multiple other neurons

o Pure analog or mixed analog/digital

oFactors of 10-1000 reduction in power consumption vs.
conventional digital circuitry

oBUT: Limited commercial impact to date
oMuir & Sheik 2025:
o Need market with specific advantage — interest

o Improve ease of use and interfaces
T{9%~,. o Standardization and benchmarks
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Neural Network
oMultiple inputs are processed by  input layer

multiple neurons . weights
. |nput hidden la
o Neurons whose output simply goes 1 i "
to another neuron are “hidden layers” > WEIGN'S  output layer
oOutput layer produces result of input output 1
computation 2 ))
5 output 2
input
3 output 3
2
input
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Neural Network Architectures

oVarious arrangements are used for neurons
o Some examples shown below

hidden layer hidden layer

r—J —
hidden layer hidden layer

vy vy oy

| Multi-layer Residual layer Hopfield
b e perceptron network network
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Neural Network Fundamentals

oNeural network use has two parts:

o Training
o Training set: inputs with known expected outputs
o Vary weights between neurons until outputs converge to expected results

o Many approaches to optimization, all are complicated, convergence can be
challenging

o Can use a LOT of time and computations!

o Inference

o Once network is trained, a new input should produce the desired output (at least
most of the time...)

o Uses much less energy and power than training, even using digital computation
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Spiking Neural Networks

o Often useful to encode output as
brief potential spikes rather than
continuous voltage value

o ... as used in actual neurons
o Improved energy efficiency but harder

to train

o Various coding methods can be

used
o Rate encoding

o Time-to-first-spike (TTFS)
o Inter-spike interval (ISI)

o Phase encoding

b “wo Multiplexed encoding

Rate of Firing
( : )
‘D I Sampling Window L
(a) Presentation of Rate Encoding
Start
'
| D
|
-D_I Sampling Window l_

(b) Preseatation of TTFS Encoding

| D1 |D;| D3 |

L4
D l Sampling Window

(c) Presentation of ISI Encoding

L

Latency encoding I

AW W%
amma alignment — \W:\/\/\
Compression ﬂ l l

(d) Presentation of TTFS-phase Encoding

IS encoding l L |

GammasbgmentsMO 1\ N\ N\ /\ /N /]

() Presentation of ISI-phase Encoding

Spiking Neural Encoding and Hardware Implementations for
Neuromorphic Computing, H. Zheng and Y. Yi, Intech Open 2023
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Don’t Forget to Remember!

oNeed simple ways to store analog weights from training

oMemristors are common but many other approaches:
o Phase-change memory S
B

o Resistive random access memory ‘ f

o Ferroelectric memory o Referenon Leyes

Motal Oxide [ Conducting MgO
Fllamen

o Magnetoresistive memory | ' i

l

A
Bottom Elecirode (b)

ReRAM MRAM

Ahmed and Shereif in Neuromorphic Computing, ed. Y.
Yiand H. An, Intech Open, 2023
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Neural Networks for RF

oCan be used for RF with help from KV OB 1 onuctor nd networ
some specialized circuitry > | {
o May enable removal of clocks while still >/
capturing e.g. FMO - s/ R
time
p AfterlJouniet. al,,
. —— kernel size — IEEE Trans Ckts
s Perform analog convolution to search R > N
for signal patterns, e.g. packet Venioular
Technology
p re a m b le inner product gﬁgggwﬁall)'
with filter IEEE, 2020.
weights
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Neural Network vs. Conventional Compute

oNeural networks (even digital networks) perform a fundamentally
analog process: nonlinear sum of large numbers of inputs to
converge to a small number of outputs

oNeural networks are TRAINED: there is NO PREDICTIVE FORMULA
for implementation and NO logical sequence implemented
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Neuromorphic vs. Digital Al |

oNeural networks perform nonlinear operations to arrive at a result

o Digital Al represents uses conventional digital additions and
multiplications, logical operations
o HUGE POWER REQUIREMENTS! GLOBAL ISSUE!

o Neuromorphic circuitry uses analog multiplication and addition with
nonlinear circuit elements

o Neuromorphic circuitry is 10-1000 times more energy-efficient than digital
computation
o BUT training is UNIQUE to a specific circuit AND
o Eachinstance of an IC may need its own training sequence!
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Neuromorphic Performance Advantages

oNeuromorphic solutions use much less 100 3 ——
energy than conventional GPU’s and £ j e
o T 10 |- SSSSSeessS
are faster in some cases 5 : -
. ’ . g " @ Loihi 2
o Vogginger notes that GPU's do relatively “ [ VS S N— ———
better on repetitive computations < | "
- N R o s ici
g | Loihi 1 l |
0.01 — ‘
1 10 100

GPU energy / neuromorphic energy

Vogginger et. al., arXiv preprint arXiv:2402.02521, 2024
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Neuromorphic RFID Integrated Circuits

oCurrent RFID chips require 3-10 yW RF power

o Range about 25 meters if unobstructed, much
shorter in many practical cases (obstruction,
antenna match, etc.)

o Beyond = 90 nm, digital power no longer scales

oNeuromorphic approach offers path to
<< TyW total power
o Expanded range / % acquisition
o Power from ambient radio signals

o Possible benefits from chips that learn about
their environment

= o IF we can implement on-chip low-power training!
- Orfind a way to avoidit...

- Daniel Dobkin for Jennifer Hasler and Gregory Durgin
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Based on “An Overview on Position
Location: Past, Present, Future”, S.
Zekavat et. al., Intl J Wireless Inf
Networks 28 (2021)
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Unique Commercial Advantages

oEstablished large-volume market

oSingle dominant protocol — customized, optimized neural
circuits can still achieve high volume sales

oPower consumption and read range unachievable by digital
approaches
oReverse-link may be an issue
oLimitations can be addressed by cooperative backscatter

oBUT neural circuits are typically SLOW! kHz to tens of kHz
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Solution Approach

olnterested parties connect at
reception

oBiological neural network
behavior:
o Perceived probability of correct
future path to spectacular

success = proportional to
(milliliters of wine consumed)?3

0 Ppe{X™, n=2.3+0.2) < (ml wine )*5
o Correction factor for beer = 0.bx

The Wine MET DP883822.jpg
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Supplementary Material

o Neuromorphic IC companies:
o Gemesys (Bochum, Germany): custom Al chip
o Neuronova (Milan, Italy): beamforming, acoustics
o Tetramem (Fremont); in-memory compute
o Innatera (Rijswijk, Netherlands): always-on sensor chip
o Intrinsic Semiconductors (University College, London): silicon-oxide RRAM, edge apps
o TECHiFAB (Dresden, Germany): TiF memristor, in-memory compute
o Synsense/Inivation(Zurich, Switzerland): sensor data processing, image/camera processing
o Brainchip (California, USA): image processing

o Neuromorphic Commons Hub (THOR), UT San Antonio

o Software/simulation tools
o NEST, Caspian; Professor Hasler’s group uses FPAA’s (field-programmable analog arrays)
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