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Neuromorphic Chips

Neuromorphic Chips
Microprocessors configured more
like brains than traditional chips
could soon make computers far
more astute about what’s going on
around them.

Breakthrough Why It Matters Key Players

An alternative design for Traditional chips are + Qualcomm
computer chips that will reaching fundamental + |1BM

enhance artificial performance limits. + HRL Laboratories
intelligence. + Human Brain Project

10
Breakthrough
Technologies
2014

Introduction

Agricultural Drones
Ultraprivate Smartphones
Brain Mapping
Neuromorphic Chips
Genome Editing
Microscale 3-D Printing
Mobile Collaboration
Oculus Rift

Agile Robots

Smart Wind and Solar Power
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Replicating the brain architecture

Qualcomm Zeroth Chip HP SyNAPSE Memristors
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Linear Solutions of Higher Umversity()’

. . Western Syd
Dimensional Interlayers el

nonlinear
hidden
layer
random neurons
fixed linearly
input layer weights solved
variables weights linear
output
layer
neuron(s)

C. Eliasmith and C.
Anderson, Neural
Engineering, 2003.

G.-B. Huang, Q.-Y. Zhu, and
Y Y C.-K. Siew Neurocomputing,

nonlinear projection linear regression 2006.

to higher dimension

J. Tapson and A. van Schaik,
Neural Networks, 2013.
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J. Tapson et al., Frontiers in Neuroscience, 2013.
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 We copy the way mammalian neurons work:
— We convert the spike event into a continuous-time function, at the

synapses
— We weight the inputs from different synapses and sum them at the
soma
— We learn the correct weights with which to combine the synaptic
signals
synaptic kernel
linear part of system
Al
input 4 R e A
layer
neurons -~ N~ L—
events
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conventional ELM _l' _:L
hidden layer neuron ..-—-—""
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Neuron block Top Level Tab

SISO TAB IC fabricated in TSMC65nm technology (1 mm?)
Total 456 neurons.
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Trainable Analog Block

Trained function (dashed curve) predicts
the correct output value (red curve)

Error converges to minimum
over the learning process
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Photograph of SPAD Array/Image Sensor
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Basic Setup: Photon Timing. Source: Dr. Dennis Delic, DSTO

Using Ranging Mode (TOF) as opposed to Time-Correlated Single Photon Counting (TCSPC).

sync. output

CMOS SPAD é

array standard

R S
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camera o
objective
STOP .
— time interval histogram processing
measurement " and 3D image generation
START

/

Pixels are color-coded with range

Example target:
truck nextto a
tree.
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Traditional Approach

spatio-temporal pattern

generated by SPAD array off-chip processing
is encoded into pixel values

>~

— 16 bit pixels

16 bit bus
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* There are ongoing debates about the
information content (coding) in spikes
— Rate codes
— Time or interval codes
— Place codes
— Population codes

« Spatio-temporal pattern recognition offers a
method for processing all of these types of
codes
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Our Approach

3D image captured neuromorphic
by SF?AD afray hardware ELM
(unsupervised) (supervised)
& M
Jﬁ))) \
time
SPAD array output ; i
is in the form of spike based output
spatio-temporal feature extraction ayer

spike patterns

all systems on chip
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resultant shift
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after multiple
inter-spike interval
presentations

missed input
spikes cause
the threshold
to fall thus
expanding the
receptive field

...eventually an
input spike falls
on the receptive
field and the
neuron spikes,
the kernels adapt
thus shifting the
receptive field
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multiple overlapping
spatial receptive fields

s
5

1W‘ digit

time

O
. S recognized
sensory input
MNIST image . Zrt‘i‘(;ofeerg 3 SKAN layer SKIM layer
pEHo-emp (unsupervised) (supervised)

spike patterns

SKAN — see Afshar et al., Frontiers in
Neuroscience, 2014
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Reassuring
LOOKS UKE COMPUTERS | | WELL, AT LEAST HUMANS T MADE A PYTHON SCRIPT
WILL BEAT HOMANS AT | | ARE. STILL BETTER AT, UH, THAT GENERATES THOUSANDS
GO PRETTY SOON. COMING UP WITH REASSURNG %gmseum PARABLES
WOU. PARABLES ABOUT THINGS SELOND. DI
THATS THE LAsT | | HUMANS ARE BETTER AT? PR
OF THE BIG ONES. \ DR N (
YEAH. HAamM, RO
Cay ;
(

Title text: 'At least humans are better at quietly amusing ourselves, oblivious to our pending obsolescence’ thought the human, as a nearby Dell Inspiron contentedly displayed the same touncing geometric shape screensaver it had been
running for years.
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