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!
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©U!Zürich!and!NASA!

SimulaJon!(U!Zürich)! M!74!

Simula'on*is*a*proven*TOOL*to*UNDERSTAND*the*link*
between*microscopic*and*macroscopic*features*!*



SanJago!Ramon!y!Cajal!
(1852)1934)!

!
Individual!cells!in!the!brain!
are!!spaJally!separate!

objects!
!

!“interac'on*
over*a*distance”*

and!

“spa'al*and*temporal*
integra'on”*

!



Biology!vs.!Numerical!SimulaJon!
A!naive!and!not!quite!correct!scaling!exercise!
!

CorJcal!Column!
0.000003!Wag!
100.000!Wag!
!

Mouse!Brain!
0.03!Wag!
1.000.000.000!Wag!
!

Human!Brain!
30!Wag!
1.000.000.000.000!Wag!
!

Installed!in!D!(2010)!:!170.000.000.000!Wag!
!
AND!:!typically!100!Jmes!slower!than!biology!

©!BlueBrain!Project!(EPFL)!



Condensed'Ma*er'Physics'

'

Complex'Mul6par6cle'(1023)'

System'(e.g.'Ferromagnet)'

Physics'approaches'towards'Understanding'of'Mul6par6cle'

Systems':'
!

) ! !SystemaJc!experimental!observaJon!of!collecJve!properJes
!(magneJsaJon,!phase!!transiJons)!

) ! !Probe!preparaJon!to!observe!(some)!microscopic!features!
) ! !Model!building,!theory!and!analyJcal!treatment!
)! !Model!building,!theory!and!numerical!treatment!
)! !Controlled,!reduced!size,!physical!model!system!(synthesis)!?!
) ! !e.g.!real!spins!in!a!syntheJc!lajce!?!
) ! !QUANTUM!EMULATORS!?!



Quantum!Emulators!–!Synthesize!what!you!cannot!compute!
!
Bloch,!Dalibard,!Nascimbène,!Nature!Physics,!Vol.!8,!April!2012!
Feynman,!Int.!J.!Theor.!Phys.,!Vol.!21,!Nos.!6/7,!1982!

„Ultracold*quantum*gases*offer*a*
unique*seHng*for*quantum*

simula'on*of*interac'ng*manyJbody*
systems.*The*high*degree*of*

controllability,*the*novel*detec'on*
possibili'es*and*the*extreme*

physical*parameter*regimes*that*
can*be*reached*in*these*
‘ar'ficial*solids’*

provide*an*exci'ng*complementary*
setJup*compared*with*natural*

condensedJmaQer*systems,*much*in*
the*spirit*of*Feynman’s*vision*of*a*

quantum*simulator“*



THEORY!

SYNTHESIS!
physical!model!

MODEL!

SIMULATION!
mathemaJcal!abstracJon!

REALITY!



More'difficult':'
'

Complex'Mul6par6cle'(1011/1015)'System'(Brain)'

!
Major'differences'!'
!

) !Short,!medium!and!long!range!interacJons!
) !High!dimensional!(>>!3)!network!topology!
)!AcJve,!adapJve!nodes!
)!Time!dependent!!(far!away!from!„thermal“!equilibrium)!
) 'Stores'and'processes'informa6on'!'

Approaches'towards'understanding':'
!

) !ObservaJon!of!collecJve!properJes!(memory,!synchrony,!...)!
) !Probe!preparaJon!to!observe!(some)!microscopic!features!
) !Model!building,!theory!and!analyJcal!treatment!
)!Model!building,!theory!and!numerical!treatment!
)!Controlled,!reduced!size,!physical!model!system!?!
) !NEUROMORPHIC!SYSTEMS!!!



The!Key!Arguments!for!Neuromorphic!CompuJng!
!

! !Low!Power!(energy!per!fundamental!operaJon)!
! !Fault!Tolerance!
! !PlasJcity!/!Learning!/!Development!(„no!algorithm“)!
! !Speed!
! !Scalability!

The!Key!Challenges!for!Neuromorphic!CompuJng!
!

! !Neuroscience!Knowledge,!Flexibility*
! !Configurability,!Technologies*for*distributed*memory*
! !IntegraJon!Density,!nanoJcomponents,*3D*Integra'on*
! !Circuit!re)Use,!CAE*Tools*
! !User!Access,!Unified*soVware*toolset**



But!there!is!more!to!this!..!
!
A!radical!departure!from!what!is!probably!the!most!successful!
“science)to)technology!roadmap”!of!humankind!:!
!

Boole!(Theory)!–!Shannon!(Circuits)!–!Turing!(Programmability)!
–!von!Neumann!(Architecture)!–!Kilby!(IntegraJon)!!

!

The!brain!does!NOT!:!
!

•  use!Boolean!logic!(Boole)!
•  use!electronic!realisaJons!of!logic!gates!(Shannon)!
•  use!programmed!code!(Turing)!
•  use!separate!memory!and!compute!units!(von!Neumann)!
•  use!quasi!two)dimensional!wiring!(Kilby)!



Where!to!go!from!here!?!
!

Knowledge!about!the!brain!is!INCOMPLETE!
!

! !Cell!complexity!?!
! !Parameter!ranges!?!
! !Network!architectures!?!
! !Missing!Pieces!!!

!

Wait!(forever)*unJl!things!are!solved!.....!
!

Definitely!not,!instead!
!

•  Build!in!KNOWN!features!NOW!
•  Learn!HOW!to!build!neuromorphic!systems!
•  Make!systems!highly!CONFIGURABLE!„Neural!FPGA!Concept“!
•  Make!neuromorphic!systems!available!for!NON)EXPERTS!
!



Experiments Theoretical models 
Mathematical analysis 
Computer simulation 

Hybrid Multiscale 
Facility (HMF) 

The BrainScaleS project aims at understanding function and 
interaction of multiple spatial and temporal scales in brain 

information processing based on in-vivo experimentation and 
computational analysis. Generic theoretical principles will be 

extracted to perform artificial synthesis of cortical-like cognitive 
skills in numerical simulations and on a novel hybrid multiscale 

neuromorphic computer 
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PERSPECTIVES

The potential value of the competition 

is best illustrated for the in vivo data set, 

which allowed a reevaluation of previously 

published data from a neuron in the lateral 

geniculate nucleus of the brain ( 9). The 

winning submission (a threshold model) 

predicted the timing of 90.5% of the spike 

activity of this neuron (knowing its input, 

which was caused by visual stimulation of 

the retina), and thereby surpassed the per-

formance of the previous data analysis by an 

astonishing 11%.

How well did the detailed biophysical 

neuron models perform? We don’t know, 

because no prediction based on a detailed 

model was submitted. The reason may be that 

it is simply too diffi cult to tune the parame-

ters of a detailed neuron model to perfection. 

However, systematic methods for automatic 

parameter tuning are just becoming avail-

able ( 10,  11).

Among the lessons to be learned from 

the INCF competition is that every neu-

ron is different and one should not think of 

“the” model of a pyramidal cell or interneu-

ron. Rather, parameters need to be tuned on 

a neuron-by-neuron basis. Another lesson 

is that the quality of a neuron model has to 

be measured on new data that are not acces-

sible during the phase of parameter tuning. 

These new data (test set) can be statistically 

of the same type, but must be different from 

the data in the training set. In addition, mak-

ing data publicly available is most reward-

ing if the data set is combined with a well-

formulated task. A fi nal lesson is that, for 

tasks consisting of predicting spike activity 

times under single- or double-electrode cur-

rent injection, simple neuron models of the 

threshold type that are augmented by adap-

tation (to describe neuronal fatigue) are suf-

fi cient in that they can predict all the predict-

able spikes. The good performance of thresh-

old models is excellent news for studying 

properties of neural coding or dynamics of 

large neuronal networks using adaptive inte-

grate-and-fi re neurons. Stochastic versions 

of such threshold models, also called gener-

alized linear models, have recently been suc-

cessfully used to decode neural information 

in sensory ( 12) and motor ( 13) areas.

Threshold models give a phenomeno-

logical description of neural behavior, but 

provide only a weak link to the underlying 

biophysical causes of electrical activity. By 

construction, threshold models are rather 

limited in predicting the precise time course 

of the voltage during and after a spike, and 

cannot predict the infl uence of temperature 

dependence, changes in the chemical envi-

ronment, or pharmacological manipula-

tions of ion channels, whereas biophysical 

models of the Hodgkin-Huxley type can do 

all this. It may soon be possible to measure 

most parameters of biophysical models in a 

systematic fashion with a suitable combina-

tion of immunostaining methods to deter-

mine ion-channel distribution, calibrated 

measurements of ion-channel kinetics, 

and expression studies to identify tens of 

ion channels in individual cells. Automatic 

model construction along these lines is on 

its way ( 14). Moreover, intricate 

nonlinear spatiotemporal effects on 

the dendritic tree such as the inter-

play of back-propagating action 

potentials (those that travel into a 

dendrite) with shunting inhibition, 

or local spikes in the concentration 

of intracellular calcium that are trig-

gered by multiple, spatially distrib-

uted, synaptic inputs, are beyond the 

scope of threshold models. Although 

these nonlinear spatiotemporal 

aspects were difficult to quantify 

with traditional experimental meth-

ods, new imaging techniques that 

measure the instantaneous voltage 

time course across the dendritic tree 

at high spatial resolution in combi-

nation with a controlled multisite 

stimulation ( 15)—either by gluta-

mate uncaging ( 16) or optogenetic 

methods ( 17)—will open the door 

to an era of quantitatively predictive 

biophysical models.

Competitions and model com-

parisons are widespread in the community 

of machine learning, where new computer 

algorithms are tested on benchmark data 

under well-defi ned procedures. With a few 

exceptions, the idea of benchmarking neu-

ron models on a publicly available set of data 

in a prediction task has not yet found its way 

into the standard repertoire of neuroscience, 

but the increased numbers of participants in 

the INCF competition compared to earlier 

years (up from 9 to 33 submissions) indicate 

a paradigm shift in that respect. 
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Neuron

Mathematical

neuron model

Input current

Measured output  Model spikes  

Dynamic threshold  Simulated voltage

Electrode

Model optimization

? 

Prediction

Predictions. The same fl uctuating input current is injected into a live neuron and a model neuron. The fi rst few seconds 
of voltage time course (dark blue) are used to optimize the parameters of the model. Performance of the model is mea-
sured as the percentage of correctly predicted spikes in the fi nal part of the stimulation. A threshold model generates 
spikes (brown) whenever the simulated voltage (light green) hits a dynamic threshold (dashed line).

10.1126/science.1181936
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Gerstner,!Naud,!Science!326!(2009)!379!+!references!therein!

Developing!and!Tuning!Neuron!Models!–!From!Biology!to!MathemaJcs!to!VLSI!



AdapJve)ExponenJal!Integrate)and)Fire!Neuron!Model!(I)!

w
w
w
.fa

ce
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)p
ro
je
ct
.o
rg
!

R.!Naud!et!al.!
Biol!Cybern!(2008)!99:335–347!



Brege,!Gerstner,!AdapJve!ExponenJal!Integrate)and)Fire!Model!as!an!EffecJve!DescripJon!of!Neuronal!AcJvity,!
J*Neurophysiol*94:*3637J3642,*2005!

The!!AdapJve)ExponenJal!IF!Neuron!Model!(II)!



From!MathemaJcs!to!Electronics!

layout!drawing!of!two!neurons:!150x20!µm2!

S.!Millner!et!al.,!A!VLSI!ImplementaJon!of!the!AdapJve!ExponenJal!Integrate)and)Fire!Neuron!Model,!NIPS!2011!
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synapse array  
224x256 

synapse drivers 

n e
 u r

 o n
   b

 u i
 l d

 e r
 

synapse array  
224x256 

56x64 pre-synaptic 
inputs 

56x64 pre-synaptic 
inputs 

56x64 pre-synaptic 
inputs 

56x64 pre-synaptic 
inputs 

Analog Network Core 

combining!mulJple!membrane!circuits!with!256!synapses!each!
allows!neurons!with!up!to!16k!pre)synapJc!inputs!

Millner,!S.,!Grübl,!A.,!Meier,!K.,!Schemmel,!
J.!and!Schwartz,!M.)O.!
A!VLSI!ImplementaJon!of!the!AdapJve!
ExponenJal!Integrate)and)Fire!Neuron!
Model!
Advances!in!Neural!InformaJon!Processing!
Systems!(NIPS)!(2010)!



Neural Processing Unit, 
200.000 Neurons, 50.000.000 plastic Synapses, 16.000 syn. I/P per neuron 

Separation of Neural Circuits and Monitoring/Readout/Control 

Neural!Network!
Wafer!(8!inch)!

Control!and!
CommunicaJon!
FPGAs!

Control!and!
CommunicaJon!
Board!with!
digital!
communicaJon!
ASICs!

WaferJscale*integra'on*of*analog*neural*networks!
J.!Schemmel,!J,!Fieres!and!K.!Meier!
In!:!Proceedings!of!IJCNN!(2008),!IEEE!Press,!!431!!



BrainScaleS!HMF!in!Heidelberg!Lab!
2!Wafer!System!in!Commissioning!State!
6!Wafer!System!to!be!delived!in!2014!



AdEx!Neurons,!200.000!Instances!on!Wafer,!Length!Scale!300!µm,!
Analog!FloaJng!Gate!Parameter!Storage!

Poisson!Noise!Generators!

PlasJc!Synapses,!
50.000.000!Million!
Instances!on!Wafer,!
Length!Scale!10!µm!
4)bit!SRAM!Weights,!

STP,!STD,!STDP!

High!Input!Count!
Network!Chips,!400!
Instances!on!Wafer,!
Length!Scale!1!cm!
network!rouJng!

MulJ)Scale!Circuit!
Structure!on!8!inch!

CMOS!Wafer!(180nm)!



Communication Architecture Overview 
Hierarchical*2*Layer*Communica'on*Setup*

•  Layer!1!:!OnOWafer!conJnuous,!asynchronous,!fixed!delay!spike!transmission!

•  Layer!2!:!OffOWafer'Packet!based!digital!communicaJon!for!medium!and!long)
range!spike!transmission,!network!set)up,!read)out!and!control.!



€ 

cm
dV
dt

= −gleak V − E l( )

Δt = tpost – tpre 

Hybrid!
(Neuromorphic)HPC)!
MulJscale!Modelling!
BrainScales'HMF'

Microscopic!–!macroscopic!
!

Milliseconds!–!years!
!

Rapid!cycling!of!experiments!

Output!of!
biologically!
equivalent!

data!

Input!of!
microscopic!

and!
macroscopic!

theory!

Virtual!environment!



Printed!Circuit!Board! Wafer)to)Wafer!
RouJng!Circuits!

Aggregate!Bandwidth!from!off)Wafer!ConnecJons!exceeds!1!Terabit/s!
On)wafer!InformaJon!Flow!>>!1!Terabit/s!

10.000!VerJcal!Links!
!

Deliver!approx.!500!A!
to!320!cm2!of!acJve!silicon!

Send!and!Receive!2!Gbit/s/Link!



F!Pollack!
“New!microarchitecture!challenges!in!the!coming!generaJons!of!CMOS!process!technologies“!
MICRO)32,!Haifa,!Israel,!1999.!

Accelerated!BrainScaleS!ANN!
wafer!at!conservaJve!
(maximum)!rate!:!3!Wags/cm2!
!

Approximately!10)10!J!per!
synapJc!transmission!
!

Biology!:!10)14!j!per!synapJc!
transmission!
!

X!10.000!gap!downwards!to!
biology!but!another!large!
upwards!gap!to!HPC!simulaJons!

Energy!efficiency!?!
!

Current!Status!–!
Not!opJmized!for!

low!power!



FIGURE 5

100 J
1 Joule

10-4 J
0.1 milliJoule

10-8 J
10 nanoJoule

10-10 J
0.1 nanoJoule

10-14 J
10 femtoJoule

Energy Scales

E
F

F
I

C
I

E
N

C
Y

EnergyScales*
!
Energy!used!for!a!synapJc!
transmission!
!
14!orders!of!magnitude!difference!for!
„the*same*thing“!
!
Physical!models!(Neuromorphic)!
!
)  Typically!10.000.000!Jmes!more!

energy!efficient!than!state)of)the!art!
HPC!(comparable!model)!

)  10.000!less!efficient!than!biology!

From!:!HBP!project!report!



28!

ConJnuous!Time!IntegraJng!Neural!Cell!
Membrane!Model!)!Neuromorphic*

( )VEg
dt
dVC −= leakleakm Cm 

R = 1/gleak 

Eleak 

V(t) 

ΔV [V] gleak [S] Cm [F] (gΔV)/C [V/s]"

��
�

����� 10-2 10-8 10-10 100  
	���� 10-1 10-6 10-13 106 

(*) Brette/Gerstner, J. Neurophysiology, 2005 

Inherent speed 
gap: 

106 Volt/second 
→  accelerated 

neuron model 



TimeScales* Nature! SimulaJon! Accelerated!
physical!model!

DetecJon!of!causality! 10)4!s! 0.1!s! 10)8!s!

PlasJcity! 1!s! 100!s! 10)4!s!

Learning! day! 100!days! 10!s!

Development! year! 100!years! 3000!s!

12*Orders*of*magnitude*

EvoluJon! >!millenia! >!100!
millenia! >!month!

>*15*Orders*of*magnitude*

Temporal!dynamics!is!key!to!understanding!(and!using)!the!
computaJonal!paradigms!of!the!brain!



Implement!Custom!Digital!Circuits!:!
A!Success!Story!for!Configurable!Hardware!

Specify!

Verify!

Map!and!Route!

Verify!

Load!

Synthesize!

Verify!
Use!



Hardware!Pla~orm!Constraints!

!31!

Neuromorphic!
Substrate!

SimulaJon!and!
VerfificaJon!

Model!Building!
Cells,!Network,!PlasJcity!

Theory!

Technology!Mapping!

Technology!RouJng!

Formal!Network!DescripJon!

Biological!
Databases!

The!Ne
ural*FP

GA*Con
cept*

for!rap
id!Prot

otypin
g!

CONFI
GURAB

ILITY!!!



PyNN!:!A!Pla~orm!independent!DescripJon!Language!
for!Neural!Circuits!

IntegraJng!and!widely!accepted!toolset!for!a!generic!(i.e.!simulator!
independent)!access!to!neural!simulaJon!and!hardware!
!

Bringing!new!computer!architecturs!(i.e.!neuromorphic!systems)!to!
the!non)expert!neuroscience!user!



Typical!ConfiguraJon!Space!for!a!Neuromorphic!System!
approx.!40!MB!for!a!full!Wafer!



Typical!ConfiguraJon!Space!for!a!Neuromorphic!System!
approx.!40!MB!for!a!full!Wafer!



HBP'Neuromorphic'

Computa6on'PlaSorm'
!

resoluJon!scales!:!!Δx,Δt!
output!:! ! !O(Δx,Δt,t)!
config.!space!:! !Pi!
runJme!:! ! !ΔT!

!
Data!/!

Environment!

ComputaJonal!
performance!

Phenomenological!
Model!(Pi)!

Theory!

Experimental!
Biology!

inJvitro,*inJvivo*

Generic!
Loop!

Biological!
Loop!

modify!

measure!

configure!

compare!

m
od

ify
!

build!

verify!/!
falsify!

SystemaJc!Workflow!for!
Model!and!Theory!
Development!/!

VerificaJon!/!FalsificaJon!



INTERNATIONAL!TECHNOLOGY!ROADMAP!FOR!SEMICONDUCTORS!
2011!EDITION!:!EMERGING!RESEARCH!DEVICES,!Chapter!5.3!
!
The!appeal!of!neuromorphic!architectures!lies!in!
!
i)  their!potenJal!to!achieve!(human)like)!intelligence!based!on!unreliable!devices!

typically!found!in!neuronal!Jssue!
ii)  their!strategies!to!deal!with!anomalies,!emphasizing!not!only!tolerance!to!noise!and!

faults,!but!also!the!acJve!exploitaJon!of!noise!to!increase!the!effecJveness!of!
operaJons!

iii)  their!potenJal!for!low)power!operaJon.!!
!
TradiJonal!von!Neumann!machines!are!less!suitable!with!regard!to!item!i),!since!for!this!
type!of!tasks!they!require!a!machine!complexity!(the!number!of!gates!and!computaJonal!
power),!that!tends!to!increase!exponenJally!with!the!complexity!of!the!environment!(the!
size!of!the!input).!Neuromorphic!systems,!on!the!other!hand,!exhibit!a!more!gradual!
increase!of!their!machine!complexity!with!respect!to!the!environmental!complexity.!
!
Therefore,!at!the!level!of!human)like!compuJng!tasks,!neuromorphic!machines!have!the!
potenJal!to!be!superior!to!von!Neumann!machines.!



Experiments!and!ApplicaJons!under!Study!
In!BrainScaleS!and!HBP!)!4!Categories!
!
I.  Fundamental!dynamical!properJes!of!isolated!circuits!
!!!!!!!Synchronisa'on,*coincidence*detec'on,*stability,*orderJchaos*
*

II. *Implement!and!test!fundamental,!generic!concepts!and!theories!!
!Liquid*compu'ng,*probabilis'c*inference,*neural*sampling*

III.  Biologically!realisJc,!reverse!engineered!circuits!in!closed!loops!
Cor'cal*structures,*cor'cal*columns,*func'onal*units*

*

IV.  Generic!neuromorphic!compuJng!outside!neuroscience!
*Neuromorphic*controllers,*spa'oJtemporal*paQern*detec'on*in*
*data*streams,*causal*rela'ons*in*big*data,*approximate*compu'ng*

All!6!experiments!on!the!following!slides!run!on!the!SAME!
re)configurable!physical!substrate!(chip!based!system)!



Synfire!Chain!with!Feed)Forward!InhibiJon,!Kremkov!et!al.!2010!!

Pfeil!T,!Grübl!A,!Jeltsch!S,!Müller!E,!Müller!P,!Petrovici!MA,!Schmuker!M,!Brüderle!
D,!Schemmel!J,!Meier!K!(2013).!Six!networks!on!a!universal!neuromorphic!compuJng!
substrate.!Fron'ers*in*Neuromorphic*Engineering!7:11!



Hardware!
10!µs!

SoÄware!
1s!

Balanced!random!network!(Brunel!2000)!
asynchronous,!irregular!firing!

Prerequisite!for!informaJon!processing!using!stochasJc!inference!
!

Pfeil!T,!Grübl!A,!Jeltsch!S,!Müller!E,!Müller!P,!Petrovici!MA,!Schmuker!M,!Brüderle!
D,!Schemmel!J,!Meier!K!(2013).!Six!networks!on!a!universal!neuromorphic!compuJng!
substrate.!Fron'ers*in*Neuromorphic*Engineering!7:11!



Liquid!State!Machine!(Maass!et!al.,!2002!)!
with!binary!tempotron!classifier!readout!
(GüJg&Sompolinsky,!2006)!
!

DisJnguish!spike!train!segments!in!a!conJnuous!data!stream!
composed!of!two!templates!(X,!Y)!with!idenJcal!rates!

HW!
SW!

HW!
SW!

Pfeil!T,!Grübl!A,!Jeltsch!S,!Müller!E,!Müller!P,!Petrovici!MA,!Schmuker!M,!Brüderle!
D,!Schemmel!J,!Meier!K!(2013).!Six!networks!on!a!universal!neuromorphic!compuJng!
substrate.!Fron'ers*in*Neuromorphic*Engineering!7:11!



Pfeil,!Thomas,!Andreas!Grübl,!SebasJan!Jeltsch,!Eric!Müller,!Paul!Müller,!Mihai!Petrovici,!Michael!Schmuker,!Daniel!Brüderle,!
Johannes!Schemmel,!and!Karlheinz!Meier.!"Six!networks!on!a!universal!neuromorphic!compuJng!substrate.“!
arXiv*preprint*arXiv:1210.7083!(2012),!accepted!by!FronJers!in!Neuroscience!

Winner)Take)All!Circuit!(NeÄci!et!al.,!2011)!!

SoÄware!
Hardware!



SoÄware!

Hardware!

CorJcal!Layer!2/3!
agractor!memory!network!
Lundqvist!et!al.!2006,!2010!

Pfeil!T,!Grübl!A,!Jeltsch!S,!Müller!E,!Müller!P,!Petrovici!MA,!Schmuker!M,!Brüderle!
D,!Schemmel!J,!Meier!K!(2013).!Six!networks!on!a!universal!neuromorphic!compuJng!
substrate.!Fron'ers*in*Neuromorphic*Engineering!7:11!



Insect!antennal!lobe!inspired!classificaJon!of!mulJdimensional!(odor)!data!
(Schmuker&Schneider!2007)!

DecorrelaJng!inputs!from!sensory!neurons!)!!asscociaJon!to!choices!

DecorrelaJon!vs!
inhibiJon!

Pfeil!T,!Grübl!A,!Jeltsch!S,!Müller!E,!Müller!P,!Petrovici!MA,!Schmuker!M,!Brüderle!
D,!Schemmel!J,!Meier!K!(2013).!Six!networks!on!a!universal!neuromorphic!compuJng!
substrate.!Fron'ers*in*Neuromorphic*Engineering!7:11!



BRAIN-DERIVED COMPUTING 
 
!  Consistent concept for a novel, brain derived, non-von 
Neumann, non-Turing computer architecture 

!  Accessible to available technologies (CMOS) and 
attractive application for future component technologies 
(nanoelectronics) 

!  Key features : Universality, scalability, fault tolerance, 
power efficiency, speed, learning 

!   Accelerated operation : Only known approach to bridge all 
timescales relevant for circuit dynamics 

! Important next step : Give up simulation as a reference, 
exploit device mismatch and noise  



THANKS!!!

brainscales.eu!
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Figure 34: Organisation of work in the HBP. The nine divisions contribute to data generation, platform building and platform use. Dark shaded 
areas represent responsibilities for work packages; light shaded areas show contributions to the work programme.

S
ub

-p
ro

je
ct

s
Organisation of HBP Scienti!c  

& Technological work

Divisions

N
eu

ro
ro

bo
tic

s

N
eu

ro
m

or
ph

ic
 C

om
pu

tin
g

M
ed

ic
al

 In
fo

rm
at

ic
s

H
ig

h 
P

er
fo

rm
an

ce
 

C
om

pu
tin

g

B
ra

in
 S

im
ul

at
io

n

N
eu

ro
in

fo
rm

at
ic

s

Th
eo

re
tic

al
 N

eu
ro

sc
ie

nc
e

C
og

ni
tiv

e 
N

eu
ro

sc
ie

nc
e

M
ol

ec
ul

ar
 a

nd
 

C
el

lu
la

r N
eu

ro
sc

ie
nc

e

Multilevel structure of the mouse brain

Multilevel organization of the human brain

Brain function and cognitive architectures

Mathematical and theoretical foundations of brain research

Neuroinformatics Platform

Brain Simulation Platform

High Performance Computing Platform

Medical Informatics Platform

Neuromorphic computing platform

Neurorobotics Platform

Future neuroscience

Future medicine

Future computing 

  Data     Theory     Platforms     Applications   



Future!CompuJng!Pla~orms!
what*will*they*provide*?*–*a*few*selected*items*
!

High!Performance!CompuJng!
! !InteracJve,!visual.!Exascale!supercompuJng!
! !Massive!distributed!volumes!of!heterogeneous!data!
! !Convergence!with!neuromorphic!technology!

Neuromorphic!CompuJng!
! !First!large)scale!neuromorphic!systems!superior!to!HPC!
! !Non)von!Neumann!(MulJcore)!+!non)Turing!(Neuromorph)!
! !Technology!integraJon!(3D,!non)CMOS!backends)!

NeuroroboJcs!
! !Virtual!robots!with!two)way,!closed!loop!interfaces!
! !Link!to!brain!models!and!neuromorphic!systems!
! !Physical!prototypes!!and!applicaJons!




