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A Baby:
T filled a medium-sized room

I used 3.5 kW of electrical power
I executed 700 instructions per second

A ARM968:

i fills 0.4mm? of silicon (130nm)
I uses 20 mW of electrical power

T executes 200,000,000 instructions
per second
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A Baby:
I 5 Joules per instruction

A ARM968:

I 0.000 000 000 1 Joules pe
Instruction

50,000,000,00Qime5 (James Prescott Joule born

Salford, 1818)
better than Baby!
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A SanDisk 12GRicroSD

I 50 billion transistors

Afor £20! San)isk @
1268 nicro
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Aatomic scales
Aless predictable
Aless reliable
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Costofdesign
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Multii-core GRS

A Highenduniprocessors

I diminishing returns from complexityr Tmmmmg

i wire vstransistor delays e (T
A Multi-core processors

I cut-and-paste

I simpleway to deliver more MIPS
Aa22NbQa [ | ©

I more transistors

I more cores
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Multii-eore RIS
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A Generalpurpose parallelization
I an unsolved problem L
T 0KS Wl 2fé DNIXAfQ 2F O2 YLz
I but imperative in the mamnygore world

A Once solved
I few complex cores, or many simple cores?
I simple cores win hanedown on powerefficiency!
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Baok tto ttheffutuee

ALYl 3AYSX
I a limitless supply of (free) processors
I load-balancing is irrelevant

I all that matters is:
Athe energy used to perform a computation
Aformulating the problem to avoid synchronisation
Aabandoning determinism

A How might such systems work?
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Bio-inspiration

A How can massively parallel computing
resources accelerate our understanding
of brain function?

A How can our growing understanding of
brain function point the way to more
efficient parallel, faultolerant
computation?
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A Brains demonstrate
I massive parallelisnil Q' neurons)
I massive connectivity (1Bsynapses)
I excellent powetefficiency
AYdzOK 0SOGSNI GKFY G2RIF&Qa YAON
I low-performance components (~ 100 Hz)
I low-speed communication (metregsec)
I adaptivity¢ tolerant of component failure
I autonomous learning
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A Neurons

A multiple inputs, single output
(c.f. logic gate)

A useful across multiple scales
(10°to 104

A Brain structure
Aregularity

Ae.g. 6layer cortical
\Hhicroarchitecture
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Neural Conpptidaion

A To compute we need:

I Processing
I Communication 1
| Storage Xl ﬁz
A Processing: 2 &
abstract model "3 2
i linear sum of S

weighted inputs

A ignores nodlinear
processes in dendrites

I non-linear output function
I learn by adjusting synaptic weights
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\Swila

A Leaky integrate

-and -fire

model
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Inputs are a series of spikes

total input is a weighted
sum of the spikes

neuron activation is the

Il nput wi th
when activation exceeds
threshold, output fires

habituation, refractory
period, é&?
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A 1zhikevichmodel

I two variables, one fast, one slow: | -

Proaessing

W= 0.04v* +5v+140- u+]|
#=abv- u)

I neuron fires when
V> 30:; then:

a, b, c & dselect behaviour
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http://www.izhikevich.com/

A Spikes

I biological neurons communicate principally
GAl WaLA1SQ SOSyla

I asynchronous

I Information is only:
Awhich neuron fires, and

Awhen itfires j:j J J J
iYW RRNXaa 99S| - @

Representation (AER) e e e
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A Synaptic weights
| stable over long periods of time
Awith diverse decay properties?

| adaptive, with diverse rules
AHebbian anttHebbian LTP, LTD, ...

Al E2y WRSfl& fAYySaQ
A Neuron dynamics

I multiple time constants
A Dynamic network states
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Outline
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A Multi-core CPU node
I 18 ARM968 processors

I to model largescale
systems of spiking
neurons

A Scalable up to systems
with 10,000s of nodes
T over a million
pProcessors
I >1C MIPS total

A Power ~ 2Bw/neuron
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Designmiingiples

A Virtualised topology

I physical and logical connectivity are
decoupled

A Bounded asynchrony
I time models itself

A Energy frugality
| processors are free
I the real cost of computation Is energy
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SpiNMNaker
Chip
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