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[ Bio-inspired artificial intelligence ]
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Why spikes?




[ Sampling-based Bayesian computation ]

(

Petrovici & Bill et al. (2013, 2016), Leng & Petrovici et al. (2016, 20 1), Kungl et al. (in prep.)




Whence stochasticity?

]

Injection of stochasticity

Embedded stochasticity

Maode condrol

Stochasticity in continuous systems
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Stochasticity in (dedicated) discrete systems

QUTPUT indicators

Parpllel load  S,=1%, 5,=1 Parallol
Shift right S,=1, 5,40 load inputs
Shilt left S, =0.5=1 o A
lrhibit S,=0,5=0 “= {5 a,
R I a,
. ]
(] o o,
1o o ~— __, Shiftight a
sorial input
Universal
o o o o 0~ Shitlelt 1 gpig
saerinl fnput regisiar
AEpEREnER Bl Glogk {4190
Cloar .
0 1 1 1 1 1
s
0 1 1 1 0 —
Moda contrals
1 1 0 0 1 g — -




(Pseudo)randomnessin deterministic spiking networks
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hidden neurons

visible neurons
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Dold & Bytschok & Petrovici et al. (2018)



Physical stochastic computation without noise

(top) real time [ms] / (bottom) biol. time [ms]
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Dold & Bytschok & Petrovici et al. (2018), Kungl et al. (in prep.)



Superior mixing in spiking networks ]
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Leng & Petrovici et al. (2016, 201), Zenk (2018), Kungl et al. (in prep.)



[ Biological mechanisms for superior mixing ]

cortical oscillations
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short-term synaptic plasticity
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Leng & Petrovici et al. (2016, 2018), Korcsak-Gorzo & Baumbach & Petrovici et al., in prep.



Which way isdown?




[ What’swrong with Euclidean gradient descent? ]
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Kreutzer et al., in prep.



Synaptic plasticity asnatural gradient descent
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[ Hierarchical networksand the credit-assignment problem ]

- (gradient descent)
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Lagrangian mechanics ]

principle of (least) stationary action
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fundamental principle in

mechanics
geometrical optics
electrodynamics
quantum mechanics

Euler-Lagrange equations of motion
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[ Lagrangian mechanics for neuronal networks ]
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Dold et al. (Cosyne abstracts2019, paper in prep.)

W; =n(u; —W;F;_,)¥_;, — Urbanczik-Senn learning rule!
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Biophysical implementation ]
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local representation of errors for plausible synaptic plasticity
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Sacramento et al. (2017), Dold et al. (Cosyne abstracts2019, paper in prep.)



[ Bio-inspired artificial intelligence ]
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Some of the neural networks behind our neural networks
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