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[ Probabilistic (Bayesian) computing: motivation ]

get an estimate of the distribution of the sought function (expected value and uncertainty)

Bishop (2006)



[ Probabilistic (Bayesian) computing: experimental evidence ]
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Probabilistic (Bayesian) computing: experimental evidence

/ Starkweather et al. (2017)
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[ Probabilistic (Bayesian) computing in machine learning ]

Deep generative models / Neuromorphic hardware \

Salakhutdinov & Hinton (2009) Schemmel et al. (2010)




[ Requirements for probabilistic inference

A system that performs probabilistic inference has to
— represent probability distributions p(z;,z,, ...)
— calculate posterior (conditional) distributions p(zy, z,, ... | Zk, Zk 41, ---)

— evaluate marginal distributions p(zy,2;) = X, 7, .. P(Z1,22,23, ...)

p(x|y)

F»
‘s

X




Representation of probability distributions ]

full state space

analytic / parametric

1 1
p(z) = ~ €Xp [EZTWZ +2z'h ]

sampling

P(x)




[ Sampling vs. parametric representation }

computational complexity aspects:

e computation of contitionals is simple

temporal aspects:
e increasingly correct representation e marginalization is free

e anytime computing

p(x,y)dy

p(x)

x
o x p(|x)

Y




Spike-based encoding of an ensemble state ]

— o
Z = =
Zr =1 < neuron has spiked in [t — 7, 1) us "\__/l_ N\~
~
—> spike pattern encodes states z(® u: W‘\/
w1~ A

Busing et al. (2011), Petrovici & Bill et al. (2016)



[ Emulation of Boltzmann machines ]
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/ Neural computability condition \
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u, =lo <
k gp(Zk =0 |z\k)
o . - - . _ _ 1
(which is equivalent to a logistic activation function p(z, = 1|z\,) = PETS—— )./
4 )
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Busing et al. (2011), Petrovici & Bill et al. (2016)



Neuron

Emulation of Boltzmann machines ]
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Neural computability condition

=1l p(zi = 1|z\x)
o gP(Zk = 0|z\)

(which is equivalent to a logistic activation function p(z, = 1 [z,;) =
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Idea: Stochasticity by Poisson background

distributions

(integrated) density (normalized)

" W

Uthresh

logistic function
logistic fit for

parameter transformation

(predicted)

free membrane potential distribution -

=75 =70 -65 —-60 =55 =50 -45
Vmem [mV]

= Pspike = erf[a ) (ueff - (u0>)]

Q

ola - (uesr — (uo))]

unfortunately, neurons are a bit more complicated...



The diffusion approximation ]

noise source: Poisson spike trains
high background firing rates

relatively low synaptic weights

for COBA LIF:
1
0=
Tsyn

B 1Y + g1 Ey + X2, viwi EF®Y Topm

= membrane as Ornstein-Uhlenbeck process

du(t) = 0-[u—u(t)]dt +adW(t)

Ricciardi & Sacerdote (1979)

1.2
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First-passage-time calculations

FPT(a,0) := (inf{t > 0:V, = a|V, = 0})

-
time

Brunel & Sergi (1998)

assumption: Tgy, K T

. . . T
this allows expansion in  |[—2=:

Tm
Deff —U/0

(T) =17 [1 + erfx] exp(x?) dx
p—u/o

1
Yk Tret + FPT(Vn, Vo)

p px*
1+erf| |—5x)|exp|—7 |dx Thomas (1975)

however, remember that 7,..¢ ~ 7!

= membrane does not forget !
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The adiabatic approximation

Moreno-Bote & Parga (2004)

assumption: Tgy, >> Ty

then, the synaptic input appears quasistatic to the membrane
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[ The membrane autocorrelation propagation J
p(z — 1) _ tk, refractory _ Zn P N Tref N .
k teotal Zn (n Trer + Y21 1.b b Tn) Petrovici & Bill et al. (2016)
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(Fully visible) LIF-based Boltzmann machines

100 ms
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[ Beyond Boltzmann: Spiking Bayesian networks ]
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Probst & Petrovici et al. (2015)



[ Deep spiking discriminative architectures ]

Training of RBMs/DBMs on MNIST:

h? h3 h3 h3
- maximum likelihood learning
Whlfﬂ
AWij x <Zizj)data B <Zizj)model
hi h3 hy hi hs

Ab; « (Zi)data - (Zi)model
- coupled adaptive tempering Wk

P N N ZEaN
v U2 U3 L Iy

96.9 % correct classification

with less than 2000 neurons

Leng & Petrovici et al. (2016)



Deep pong
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[ Deep spiking generative architectures ]

Training of RBMs/DBMs on MNIST:

h? h3 h3 h3
- maximum likelihood learning
Whlfﬂ
AWij x <Zizj)data B <Zizj)model
hi h3 hy hi hs

Ab; « (Zi)data - (Zi)model
- coupled adaptive tempering Wk

P N N ZEaN
v U2 U3 L Iy

96.9 % correct classification

with less than 2000 neurons

Leng & Petrovici et al. (2016)



[ Short-term plasticity enables superior mixing ]

-

STP model: Tsodyks & Markram (1997)
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regular
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_ — renewing synapse depression
0 20 40 60 80 100 \/\./
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Leng & Petrovici et al. (2016)




[ ... S0 Where does the noise come from? ]

1*t approximation: independent Poisson sources

unrealistic in both biological & artificial systems
better: common pool of presynaptic partners
= correlated inputs

— deviation from target distribution



Embedded stochastic inference machines

more realistic: sea of noise
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Noiseless stochastic computation
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ongoing work with Dominik Dold and llja Bytschok
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Transistor count

Simulation: size & time

Microprocessor Transistor Counts 1971-2011 & Moore's Law
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Simulation & emulation: energy scaling

Energy Scales

10°J
1 Joule

1044 neSt:: h

0.1 milliJoule e initiative

108J
10 nanoJoule

BrainScaleS

10°J
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-

pa

10" J
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1.000.000 times more energy-efficient

10.000 times less energy-efficient



Analog neuromorphic hardware ]

Electrophysiology \

L

Schemmel et al. (2010)

/ Hodgkin-Huxley-Model \
Vi ? inside
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/7-)77 outside
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/ Adaptive Exponential I&F Model \

Cpt = gL(u - EL) + gsyn(u - Esyn) +
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[ Analog neuromorphic hardware ]

56x64 pre-synaptic inputs 56x64 pre-synaptic inputs

- -

synapse drivers synapse drivers

synapse array
224x256
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neuron builder
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i) 4]
= s
= |8
= B
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digital event generation
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Schemmel et al. (2010)

digital STDP update control

e mixed-signal VLSI:
membrane — analog

spikes — digital

¢ inherent speedup:

10% - 10°

/ Adaptive Exponential I&F Model

g, A7 exp (V;ZT) —w

\TWW =alV—-E)—w

~

Cpt = gL(u - EL) + gsyn(u - Esyn) +

)




[ Waferscale integration — BrainScaleS system ]

Schemmel et al. (2010)



The Hybrid Modeling Facility in Heidelberg

4 million AdEx neurons, 1 billion conductance-based synapses, under construction
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[ Hardware is not software... J
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LIF sampling on accelerated hardware J
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[ Robustness from structure ]
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Ensemble dynamics

(0) = 7 exp| 50" 0 + 0T
pa—Zexp 20]0 o

spiking networks
modeling

magnetic systems
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ongoing work with Andreas Baumbach



Quantum many-body problems ]
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[ Learning rules ]

moaximum likelihood learning
AWU x (Zizj>data B <Zizj)model ’? { tirg_Gt/.
Ab; (Zi)data — (Zi)model

vs.
backprop

0E 0do; Onet;
an anetj aW,_]

AWij (0.8

ongoing work with Joao Sacramento and Walter Senn
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