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[ Physics vs. neuroscience

. huge particle numbers (>> N, ) — thermodynamics !

. largely identical particles

. relatively simple interaction, often short-range

. amenable to mean-field approaches



[ Physics vs. neuroscience ]

huge particle numbers (>> N, ) — thermodynamics !

largely identical particles

relatively simple interaction, often short-range

amenable to mean-field approaches

not necessarily many ,particles* (neurons), but
highly diverse, with
long-range, time-dependent, complex interaction

mean-field methods hide most of the interesting stuff



Simulating the brain ]

“The rule of simulation that | would like
to have is that the number of
computer elements required to
simulate a large physical system is only
to be proportional to the space-time
volume of the physical system.”




Simulating the brain
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Biological neurons

D

° Microtubule

Neurofibrils
Neurotransmitter

Dendrites

Synaptic vesicles
Synapse (Axcaxoni
Synaptic cleft

Rough ER Axonal terminal

(Nissl body)

Polyribosomes Node of Ranvier

Ribosomes

Golgi apparatus

Myelin Sheath
(Schwann cell)

Nucleus
Nucleolus . Nucleus
Membrane - ) (Schwann cell)
Microtubule .

ondrion

S th ER 5
moo X Microfilament

Microtubule

Axon
I Synapse - ‘ X0
(Axodendritic

Wikipedia



From (too?) complex to (too?) simple
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[ From (too?) complex to (too?) simple
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From (too?) complex to (too?) simple

Biology

Korogod et al. (2015)

/ Theoretical neuroscience \
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[ From neurons to VLSI
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[ From neurons to VLSI
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[ Wafer-scale integration

l I synapses

- neurons

- synapses

= incoming
connection

Schemmel et al. (2010)



[ Wafer-scale integration ]

- synapses
> neurons
- synapses
""""" _incoming
connection

Schemmel et al. (2010)




[ Wafer-scale integration ]




A back-end-independent high-level API ]

Simulator-specific
PyNN module

Python interpreter

Native interpreter

Simulator kernel

PyNN
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>>> pl = Population (100, IF curr alpha, structure=space.Grid2D())

>>>

>>>

>>>

>>>

>>>

>>>

p2 = Population (20, IF curr alpha, cellparams={'tau m': 15.0, 'cm': 0.9})
pulse = DCSource (amplitude=0.5, start=20.0, stop=80.0)

pulse.inject into(pl[3:7])

prj2 1 = Projection(p2, pl, method=AllToAllConnector(), target='excitatory')
run (1000.0)

pl.printSpikes ("spikefile.dat")

Dawison et al. (2009)



[ Some examples ]

L2/3 cortical attractor memory
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Noise as a resource for computation
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[ Sampling in spiking networks: single neuron dynamics ]
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[ Sampling in spiking networks: single neuron dynamics ]
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Generative & discriminative models of visual data

Tec=10ms, U=1

Image 0:

1/980 samples

Tree =50 ms, U = 0.22
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97% correct classification

with < 2000 neurons
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Leng & Petrovici et al. (2016, 2018), Zenk (2018), Kungl et al. (in prep.)



[ Biological mechanisms for superior mixing ]
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Physical stochastic computation without noise
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Stochasticity from function: Bayesian inference
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[ Ensemble dynamics & statistics ]
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Which way is down?




Lagrangian mechanics ]

principle of (least) stationary action

o fdtL(q,q) =0

q.
U
. r,-'
oL d oL B
dq; dtdg;
fundamental principle in Euler-Lagrange equations of motion

mechanics
geometrical optics
electrodynamics

quantum mechanics

R R R

neurobiology?



Lagrangian mechanics for neuronal networks
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[ Biophysical implementation ]
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Outlook

Experiments

Theory
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