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NATURE

Emergence of
structure from
fundamental
constituents and
their interactions

100.000.000.000.000 Synapses

Many : Structure / Variation
Microscopic simplification required

0.000000000000000001 Meters 100.000.000.000.000.000.000.000 Stars

Few :Precision / Uniqueness
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WMAP,

PLANCK
about 400 million yrs.
L Big Bang Expansion N
13.77 billion years '
Modern Astrophysics

Access to multiple-scales
N
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The Brain oo

external I/O for
101> connections

(synapses)

10! nodes Major non-
(neurons) understood
contributions
to the
Many billion dynamics
copies
worldwide

long-range and
Timescales from short-range
milliseconds to years on the interactions

microscopic level
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THE BRAIN IS AN ACTIVE
INFORMATION PROCESSING SYSTEM |

What can we hope tor ? -
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c¢m (102m)

Macroscopic

Brain areas
7 orders of
Mesoscopic magnitude
Networks = . .
- in spatial scale
A
,Atoms” of _ % From constituent
the brain jNetrons and glial cells & structure to
and their : : ,uniformity”
. _ Microscopic
interactions
Synapses
? !
Molecules
nm (10°m)

Flavio Fréhlich, Dialogues Clin Neurosci. 2014;16(1):93-102.



Herrmann v. Helmholtz (1821-1894)
Julius Bernstein (1839-1917)
Santiago Ramén y Cajal (1852-1934)

Individual cells in the brain
are spatially separated
constituents




K. Amunts et al., Science (2013), FZ Jilich



Modern Neuroscience : Access to multiple Scales in Space and Time
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Sejnowski et al, Nature Neuroscience, 2014



Some Electrical Quantities of a real Neuron Membrane

]dr#t —0-E=-0" grad(®P)

Jaigrusion = D grad(n) S lons C}I:/zla(:\g”ensg(l
o y
Lipid molecules o J Outside
in membrane Qo J J neuron

Membrane lon Ch | Membrane
Capacitance C on Lhanne | u Voltage U
T e 8 Conductance = | :
| g=1/R; & 4 | I 4 1
. A W | |
lon channel lon channel Inside
closed open neuron

U, I and g are functions of time in an operating network !
Current theories and modelling are treating these quantities only (few exceptions)



Outside Hodgkin-Huxley 1952

T' ---------------- f Describing the non-linearity
Ina
Ca
——— b
+ [Ew
dv,, _ B _
I _— Cm—dt + gKn4(Vm - VK) +gNam3h‘(Vm - 1/Na) + gl(Vm - v;)a
dn Llli.odgkm Huxley axon aclion polential
ar = an(Vi)(1 = n) — Bu(Vi)n
P U (Vin) (1 = m) — Bn(Vin)m é
dh

E = CYh(Vm)(l — h) — ﬂh(Vm)h
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Leaky-integrate-and-fire (LIF)

d
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PhD, Mihai Petrovici, 2015
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Time and temporal integration

Postsynaptic Neuron

Presynaptic Neuron

Postsynaptic
Recording

TheshOld = = = = o= = = = = = = -

Presynaptic

Recording }
|

vV U

https://upload.wikimedia.org/wikipedia/commons/0/0a/Temporal_summation.JPG



Ahrens et al, Nature Methods 10, 413—-420 (2013)



What is time (spiking ...) good for ?

» Sparse information coding by time correlations
» Short term spike based synaptic plasticity (STP)
» Spike-timing-dependent plasticity (STDP)

» Temporal noise (stochasticity) based computing

» Energy efficiency
» Computational-advantages

Brain-inspired or brain-derived or
neuromorphic computing

https://upload.wikimedia.org/wikipedia/commons/0/0a/Temporal_summation.JPG



FAST dynamics : ,Spike-Time-Dependent-Plasticity (STDP)"

In vivo intracellular recording (Adult Visual Cortex)

STDP as a
(Bi and Poo, Ann. ie;v;’\(’;’“r osat, 2007) At>0 Ca usd I |ty
| | Detector
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Extremly strong time dependence of
facilitation or depression of synaptic
strength

60

-
o
A L

Neural circuits require asynchronous
MILLISECOND timing for long term

Change in EPSC amplitude (%)
2.3

] learning !
-20 1
-40
60 : T AFTER - BEFORE

-80 -40 0 40 4—89—F§7

Spike timing (ms) ,synaptic spike”



15 YEAQAr'S of wiring up the adolescent brain during development
N. Gogtay et al., PNAS 101(21):8174-8179, 2004

Gray
Matter
Volume

Slow dynamics



Artificial Neuronal Networks
ignore time evolution ....

® CAT

- 900 O
O

0 0
® yi-v©
Input layer Output layer

Inner layers

Here : local, no recurrency feed-forward



Pairs of neurons connected by weights
Neuron performs integration (summing)

I=1 1=2 I=3 X/=N
o——0—3p o 30
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Input layer Output layer
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Learning Example : Supervised

Labelled input data Actual output

Input Learning Actual
>
ot g system
trainingdata output
T + Output
Error signal X )" desired

Deviation Desired output



Jumpstart

Strategic Network

Supervised Learning

Predict human moves

database of existing matches

160.000 matches, 30 Million positions

Policy Network
Reinforcement Learning
Network self-matches
128.000.000 matches

Value Network

Combination of first 2 steps
30 Million self-matches

One year learning time, 0.5 MW
Energy : 183 MWh
Excessive training samples

Learning is slow and expensive
Application is fast




Markram, 2015



K-Computer, RIKEN Lab, 12.6 MW
Processor-to-Neural Cell Ratio 1 : 20.000
Simulation speed 1.520 : 1 compared to biological real-time
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Diesmann, Proceedings of the 4th Biosupercomputing Symposium, Tokyo, 2012



Energy Scales

wBue EnergyScales
. Brain
i Project _ o
| Computational Primitive :
o ne tsi;tﬁ;; Energy used for a synaptic
011 milloule transmission
? 10 - 14 orders of magnitude

difference for ,the same thing“

104 J
10 femtoJoule

From : HBP project report



TimeScales

10%s 0.1s

1s 1000 s
Day 1000 Days

Year 1000 Years

12 Orders of Magnitude

> 1000
Millenia

> 15 Orders of Magnitude

> Millenia




von Neumann Architecture

— Data and instructions stored in memory

— Content of memory addressable by location

— Instructions executed sequentially unless order is explicitly modified
— Memory and Computation physically separated

Data

Computation Instructions e

A 4

Control

_______________________________________________________________________________




Physical Model System Brainscacs

Continuous Time Integrating Neural Cell Membrane -
(+ non-linearity) Scales

dV
C L _gleak (V_Eleak) ‘

! e
e [S] | Co [F] 1 T M8l
Biology(*) | 108 10-10 T Eleax c=T
VLSI 10-6 10-13 1 1

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

dV

Cm I gleak(V E "'E pkng E "'E plng E)

Pri(t)  exponential onset and decay (post-synaptic potential shape)
g 0 to g,,... ("weights”)

effective membrane time-constant ¢, /g, is time-dependent

,1ime“ is imposed by internal physics, not by external control 30
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Neuron "W Vi pg
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5mm x5 mm =0.25 cm? adv

100.000 dynamic synapses Cm 5. = ~8leak (V - E1) + Ekpkgk(v - EX) + Elplgl(V - Ei)

106 s/cm? on synaptic field
4x10° s/cm?on chip

Mixed-signal : local analog
Neuron density is irrelevant . . . .
when discussing VLSI computation, blnary, continuous time
neural systems . . . . "
communication — ,, brain-like

Thomas Pfeil, Andreas Gribl, Sebastian Jeltsch, Eric Miller, Paul Miller, Mihai Petrovici, Michael Schmuker, Daniel Briiderle, Johannes
Schemmel, and Karlheinz Meier. "Six networks on a universal neuromorphic computing substrate”, Front Neurosci. 2013; 7: 11.












Brainscalsg
ScaleS

Physical Model, local
analogue computing,
binary continuous time
communication

Wafer-Scale Integration

of 200.000 neurons and

50.000.000 synapses on
a single 20 cm wafer

Short term and long term
plasticity, 10.000 faster
than real-time
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Conventional Computer
Data or simulated environment
Learning mechanisms

’ RV 1.

= an = ] JUU'JUCUOUU‘UUWW

N s
A ; \?AL\;

State of data or
environment

Action of machine on
data or environment




Physical model emulation

il r“‘ |

membrane potential [mV)
2

T

—a0k : 1
0 - BrainScaleS
Simulation
_‘f‘) ' .L 1' : -A '
500 1000 1500 200 2500
time [ms)

Sebastian Schmitt et al., accepted IJCNN 2017



Feed-forward, rate-based. 4-layer spiking network
MNIST classification on a physical model machine
performance before and after hardware in-the-loop learning

A ‘ . label B backward pass
(9) ——
/ XK\ /;"Pfopagah:n\\

/‘7"' Py ")-) 44-".\
'\ )

i e |l \

e E = g N weight updates ANN activity
A g = ( ‘ , ’
9.9 .U

4 bit weight discretization spikes

“\\ L
VDI MNIST —- BrainScales —b- Pedicicn

{100)

forward pass

g 1.00
o O.ZS
= 0.50
s 0.25
= o.oo
v

10 15 20 25 30 35
soflwarc model trammg stcp m-thc-loop training step

https://arxiv.org/abs/1703.01909



MNIST classification on a physical model machine
Neuronal firing activity after hardware in-the-loop learning

label

] 10 » » 40 % L j0 = " 100 e 10 118 ¥ 1B 1D

input 2 x hidden

https://arxiv.org/abs/1703.01909



On-chip :
Spike-
Timing-
Dependent
-Plasticity
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RELAY
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T. Pfeil, A.-C. Scherzer, J. Schemmel and K. Meier,
Neuromorphic Learning towards Nano Second Precision,

Proceedings of the 2013 International Joint Conference on o T/ 2 T 0 T/2 30

Neural Networks (IJCNN). A A
Dallas, TX, USA: IEEE Press, 2013, pp. 869-873.




Boltzmann
Machine

Hidden

Restricted
Boltzmann
Machine

Boltzmann Machines

Networks of symmetrically
connected stochastic nodes k

State of nodes described by
vector of binary random
variables z, (0,1)

Probability for state-vector
converges to a target

Boltzmann-distribution

1

p(Z) =  exp[~E (7))

Energy function

E(Z) = —% Z W;j2iZj — Z b; z;
vy i

WHAT FOR ? Learn internal stochastic model of input space — Generate or discriminate



Learning specific input distributions by adjusting LOCAL interactions

- Clamp visible units to value of particular pattern — reach thermal equilibrium
- Incremement interaction between any 2 nodes that are both on

- Run network freely and sample from stored probability distribution

- Infer from clamped input

| Free running Inferring
r : »,Dreaming” Input incompatible with 0
- Generative Discriminative

PhD, Mihai Petrovici, BA Luziwei Leng 2015



Energy Scales

1004
1 Joule

10“J
0.1 milliJoule

10 J
10 nanoJoule

10°J
0.1 nanoJoule

104 J
10 femtoJoule

EnergyScales

Energy used for a synaptic
transmission

Filling the Gap

- Typically 10.000.000 times more
energy efficient than state-of-the art
HPC (comparable model)

- 10.000 less efficient than biology

From : HBP project report



Accelerated
Model

Nature +

TimeScales Py

Simulation

Causality Detection 0.1s 108 s

Synaptic Plasticity 1000 s 104 s

Learning 1000 Days 10 s

Development 1000 Years 3000 s

12 Orders of Magnitude

>
Evolution > Millenia .100(.) > Months
Millenia

> 15 Orders of Magnitude




Wide range of applications in particle physics

Offline data analysis
Spatial pattern detection and classification
- flavour-tagging
- quark/gluon jet separation
- particle ID
- track / cluster finding
Probability density calculation
- Lifetimes
- Masses
Online neural network trigger hardware systems
- tracking
- background suppression
- topologies

Good success, many real data publications
Substantial effort in training



How far have we come ?
.‘a' o

- Excellent knowledge of struct re

- Little knowledge of dynamics (pre| eg,umlte for a SM)
- Accelerated emu‘ |o s metho fﬁw omising -
- Very sngnlflcan» zatior : pefc é’ Mﬁ a ;)tf“wf naG mg
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An excitin%;e e :eqmr.lng strong exper menta | and

theoretical skills — Physncs may well p ay'the ¢ ucnal role
towards a , standard model” of the brain




