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Physics of Computation

Emergence of Computation
and Structure Formation

del Papa, VP & Triesch, 2017,2019
Zierenberg, ... & VP, Phys Rev X, 2018
Cramer, ... & VP, Nat. Commun., 2020

Spreading Dynamics and
Subsampling Theory

VP etal., 2009,2014
Levina & VP, Nat. Commun., 2017
Wilting & VP, Nat. Commun., 2018
Dehning et al., ... & VP, Science 2020

Information Theory to Quantify
& to Design Computation

Wibral, Lizier & VP, “Matter to Life”, OUP, 2017
Wollstadtet al., Plos CB, 2017
Wibral et al., Entropy, 2017

Phase Transitions
to Tune Computation
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n vivo " ‘\
dynamics | \

I |

‘\ instability

Information transfer

—

Wilting & VP, Cerebr. Ctx, 2019
Wilting & VP, Curr Op Neurosci, 2019
Zierenberg, etal., PRR 2020 & PRE 2020

Neto, Spitzner & VP, arxiv




Spreading
Dynamics



Neurons form a Densely Connected Network

membrane potential, mV

Images:
[Izhikevich, 2005]

Baudel et al., 2008 . .
Eeerstner etal., 20]14] receiving one extra spike: N N




Collective Dynamics

Light sheet fluorescence imaging in a zebra fish larva

dorsal view
0.000s

[Ahrens, Orger, Robson, Li, Keller; Nat. Meth., 2013]



Branching Processes

stationary activity
i with (4) = —

1-m

Perturbative approach:
Add one single additional spike: &0 O

activity

- One additional spike leads
on average to
m = (Y) additional spikes
in the next step
(¥: random variable with

“critical dynamics”

activity

exponential growth

mean m g
) (A) ~m'
At+1) =329, +h
— Lj=1 I, t

A(t) activity (total number of spikes)

Y number of ‘spikes triggered by one spike’ (random var.)

m = (Y)  averagenumber of spikes triggered by one spike

h; external input (random variable with mean h)
Images modified from:
Beggs, 2008
Munoz, 2018 Wilting & VP, Nature Comm:., 2018

Literature: Galton & \Watson, 1875; Harris 1967 Wilting & VP, Cerebr. Cortex, 2019
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Critical Phenomena

critical

susceptibility

control parameter T

Ising Model Neural Network

Divergence at T= T, Control parameter: Effective coupling strength
» Susceptibility » Sensitivity to input

» Specific heat » Coding space

> Correlation length » Long-range communication (space)

Active memory (time)

—> Criticality can maximize

information processing properties
[Ising, 1924; Onsager, 1944]



Reservoir Networks Show Maximal Performance

at the Critical State

K-bit parity task:

Even or odd number of
Zeros in the past k inputs?

Recurrent Layer

Input units

-----
- §~

-
......

[Boedeckeretal., 2012]

\/7

Output units

Transfer (bits)

Storage (bits)

0
-1 0 0.5
Distance to Criticality (1)



Collective Dynamics and Computation

Pairwise

correlation strength Sedieee

\aciivity

-

Disordered [5-6] Critical [1-4]

(“asynchronous-irregular”) o diverging correlation length
o maximum entropy in space and time
o minimal redundancy o long “memory”
o efficient code o high sensitivity

[1] Book: Plenz, Niebur & Schuster (2014),

[2] Book: Tomen, Herrmann, Ernst (2019)

[3] Beggs & Plenz, J Neurosci, 2003

[4] Munoz, Rev Mod Phys, 2018 Neto, Spitzner & VP, arxiv
[5] Vreeswijk & Sompolinsky, Science, 1996 Wilting et al., Frontiers Syst Neurosci, 2018

: Wilting & VP, Current Opinion Neurobiol., 2019
[6] Brunel, J Comp Neurosci, 2000 Wilting & VP, Nature Communications, 2018



Collective Dynamics and Computation

Pairwise
: Scale-free
correlation strength
r=0

» Non-equilibrium dynamics

» Subsampling problem
only 100-1000 of the millions of £ PEE
neurons can be recorded with A e
sufficient precision Critical [1-4]

activity
»> Common framework. \

Disordered [5-6]
(“asynchronous-irregular”) o diverging correlation length
o maximum entropy in space and time
o minimal redundancy o long “memory”
o efficient code o high sensitivity

[1] Book: Plenz, Niebur & Schuster (2014),

[2] Book: Tomen, Herrmann, Ernst (2019)

[3] Beggs & Plenz, J Neurosci, 2003

[4] Munoz, Rev Mod Phys, 2018

[5] Vreeswijk & Sompolinsky, Science, 1996 Neto, Spitzner & VP, arxiv

- Wilting & VP, Current Opinion Neurobiol., 2019
[6] Brunel, J Comp Neurosci, 2000 Wilting & VP, Nature Communications, 2018
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Propagating Activity as a Branching Process

control parameterm
expected number of “children”

®>0 O

s e subcritical

0>

critical

supercritical

200 -

full sampling

< subsampling

0 100 200

a(t)

sampled activity

[Wilting & VP, Nature Communications, 2018]



Propagating Activity as a Branching Process

control parameter m
expected number of “children”

>0 O

s e subcritical

0>

critical

supercritical

—> Correlationstrength r
is biased under subsampling!

0= r=1m

0 | |
0 100 200

a(t)

sampled activity

Assumption for process and subsampling:

E[A(D)|A(t—1)] =mA(t—1)+ h
Ela(®)|A()] = aA(?)

[Wilting & VP, Nature Communications, 2018]

full sampling

o subsampling
/(#/ n



Subsampling-Invariant Estimator

control parameter m
expected number of “children”

>0 O

s e subcritical

0>

critical

supercritical

Conventional MR estimakir
1.0 ewp sanllun » o6 5 a6 o %

0.5 =

Estimated m

» returns the control parameter m,
instead of a binary test for
or against criticality

Efficient, precise, easily applicable:

» It only requires knowing a(t), i.e.
the sampled activity at each time step

» It does not require knowing the system size
N, the number of sampled units n,
or any of the moments of the process.

» |deal conditions: Estimation of
control parameter from a single unit!

Adopted by: J.Beggs, K.Hengen, C.Butfering;
e.g. Ma et al., Neuron, 2019

Python Toolbox: github.com/Priesemann-Group

For subsampling of graphs: Levina & VP, 2017

[Wilting & VP, Nature Communications, 2018]



Collective Dynamics and Computation

Pairwise
: Scale-free
correlation strength
r=0

» Non-equilibrium dynamics

» Subsampling problem
only 100-1000 of the millions of £ PEE
neurons can be recorded with A e
sufficient precision Critical [1-4]

activity
»> Common framework. \

Disordered [5-6]
(“asynchronous-irregular”) o diverging correlation length
o maximum entropy in space and time
o minimal redundancy o long “memory”
o efficient code o high sensitivity

[1] Book: Plenz, Niebur & Schuster (2014),

[2] Book: Tomen, Herrmann, Ernst (2019)

[3] Beggs & Plenz, J Neurosci, 2003

[4] Munoz, Rev Mod Phys, 2018

[5] Vreeswijk & Sompolinsky, Science, 1996 Neto, Spitzner & VP, arxiv

- Wilting & VP, Current Opinion Neurobiol., 2019
[6] Brunel, J Comp Neurosci, 2000 Wilting & VP, Nature Communications, 2018



maximal entropy strong amplification instability
minimal redundancy long reverberations epilepsy

critical
disordered correlated

. e | Dynamic
L P iatine L Computation:
= i ~ 0.98 | W pLtation.
R e O - Rapid tuning to
RS © I \ computational
regime in rat, cat, £ / \ eeds
monkey & human: 2 / \
k= / \
/ \
/(/ S A
H__ i L W 3 H > N
VP etal., 2014 B i
Wilting & VP, 2018 weak ¢ strong
Wilting et al., 2018 Coup"ng Strength m

Wilting & VP, 2019
Neto, Spitzner & VP, arxiv
Hagemann et al., in prep

(control parameter)



in vitro critical
deep sleep
wakefulness

REM sleep————
anesthesia

in vivo

dynamics \
m ~ 0.98 I \\
Reverberating IA \
regime in rat, cat, / \
monkey & human: ,/ \\
/ \
/ \
> N
VP etal., 2014 e, e e
Wilting & VP, 2018 weak ¢ strong
Wilting et al., 2018 coupling strengthm

Wilting & VP, 2019
Neto, Spitzner & VP, arxiv
Hagemann et al., in prep

(control parameter)

hallucination (psylocybin)
epilepsy

Carhart-Harris, et al., 2012
Dehning, ... VP, in prep
Hagemann, ... VP, in prep
Linkenkaer-Hansen, 2001
Montez et al., 2009
Tagliaczucchi et al., 2014ff
Tetzlaff et al, 2010
Tomen et al, 2017

Levina & VP, 2017

VP etal, 2013, 2014
Wilting & VP, 2018, 2019
Zierenberg, ... VP, 2018



Collective Dynamics and Computation

Pairwise

correlation strength Sedieee

\aciivity

-

IR S m ~ 0.98 |

Disordered [5-6] » —> Critical [1-4]
(“asynchronous-irregular”) o diverging correlation length
o maximum entropy in space and time
o minimal redundancy o long "memory”
o efficient code o high sensitivity

Tuning mechanism?

[1] Book: Plenz, Niebur & Schuster (2014),

[2] Book: Tomen, Herrmann, Ernst (2019)

[3] Beggs & Plenz, J Neurosci, 2003

[4] Munoz, Rev Mod Phys, 2018

[5] Vreeswijk & Sompolinsky, Science, 1996 Neto, Spitzner & VP, arxiv

- Wilting & VP, Current Opinion Neurobiol., 2019
[6] Brunel, J Comp Neurosci, 2000 Wilting & VP, Nature Communications, 2018
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and Structure Formation

del Papa, VP & Triesch, 2017,2019
Zierenberg, ... & VP, Phys Rev X, 2018
Cramer, ... & VP, Nat. Commun., 2020

Spreading Dynamics and
Subsampling Theory

VP etal., 2009,2014
Levina & VP, Nat. Commun., 2017
Wilting & VP, Nat. Commun., 2018
Dehning et al., ... & VP, Science 2020

Information Theory to Quantify
& to Design Computation

Wibral, Lizier & VP, “Matter to Life”, OUP, 2017
Wollstadtet al., Plos CB, 2017
Wibral et al., Entropy, 2017

Phase Transitions
to Tune Computation
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Wilting & VP, Cerebr. Ctx, 2019
Wilting & VP, Curr Op Neurosci, 2019
Zierenberg, etal., PRR 2020 & PRE 2020

Neto, Spitzner & VP, arxiv




Homeostasis



Collective dynamics in vitro and in vivo clearly differ

in vivo: in vitro:
awake animal neural networks in a dish
z  at (Hz)
E at (Hz)
(&)
_g 100 100 -
@)
E INM mlﬂuﬂm IMIWI
c 0 - 0 - L.
5s 5s
Similar single neuron, synaptic and Key difference: Input strength h
plasticity principles... In vitro: fully isolated, h>0
... but clearly different dynamics. Input acts as control parameter

under homeostatic plasticity.

[Zierenberg, Wilting, Priesemann, Phys Rev X, 2018]



Homeostatic Plasticity

Homeostatic plasticity maintains a target activity rate r*.
by regulating the synaptic strength (i.e. coupling).

Sumajlati,c howmeostasis

<N excitatory synapse - — .
9

25 .
( )

— time
’j membrane

target

potential e
Lol |l

— time

Turrigiano & Nelson, 2004
Williams, O’Leary, Marder, 2013



Collective dynamics in vivo and in vitro clearly differ

in Vivo:
awake animal
at (HZ)

100 =

experiment

O..

theory
network activity network activity

in vitro:
neural networks in a dish

at (HZ)

100 -+

0 -

5s

h/r* =102 h/r* =104

1. Rescue in vitro systems from isolation
—> in vivo-like activity for pharmacol. assays
2. Tune computation in neuromorphic networks

[Cramer... & VP, Nature Commun. 2020]
[Zierenberg, Wilting & VP, Phys Rev X, 2018]
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Information
Theory



Developing Neural Network in vitro

seee.g. [Levina & VP, Nature Communications, 2017]



Basics of Information Theory

Mutual information I(X,Y): statistical dependence between two observables X,Y.

Independence: p(x,y) =p)p(ly) Vx,y -IX,Y)=0
. p(x.y) > < p(xly)>
Mutual Information: HX,Y) = <log @] log b [y
: . - p(xl O\ _ g
Shannon Entropy: HX) = I(X,X) = {log = logp(x)
X

(x)
Conditional Mutual Information: HX Y |2 )= <10gp(’;|(;);’)|é)lz)>

X
Correlation(X,Y) > 0 Correlation(X,Y) = 0 Correlation(X,Y) = 0
I(X,Y) >0 I(X,Y) =0 I(X,Y) >0



With Development, Computational Capacity Increase

Alain Turing / Chris Langton
Components of computation
» Transfer '
» Storage 0.01]
» Modification

Transfer (bits)

information transfer: 0 e

TE(X- — Yt = I(Y5X-|Y")

Storage S (bits)
Yt—l &l 01—
0.05 | 'y
X ==
= O -— / 2
Xf—‘ll 1 3 5
active information storage: age (week)
AIS(X~ = Xt) = I(X%X")
[Langton, 1990; Lindneret al., 2011; Lizier et al., 2014 [VP etal., in prep]

[Wibral, Lizier & VP, 2015] [Wibral, ... & VP, Entropy, 2017]



Processing Capacity Increases at Criticality

Experiment

002} dayinvitro O
(DIV)7

— 14
— 21

0.01} .

8
8
0 LR @ o oo & %&

Transfer TE

Transfer (bits)

ot
N

Storage A (bits)
o
Storage (bits)

-1 0 0.5
Distance to Criticality (A)

distance to criticality ()

[Priesemann etal., in prep.] [Boedeckeretal., 2012]



Processing Capacity Increases at Criticality

Experiment
002} dayinvitro O
= o)
o) — 14
‘@ e 21 3
& 001} =
= — 8
ol & %4
:‘E 02t
o O
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& 01
1= Q
o -
ol oy o oo @ G
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distance to criticality (¢)

subcritical supercritical
>

8 v’:'//" \*;.f\’?\ -

‘//; 7 ' Sy '\v
":‘o /// N\'\V
e 0.65 gov

Somn // "y
0 2 -4 -2 0
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distance to criticality (¢)

[Priesemannetal., in prep.]



i i, ooy s -4

A YA - ORI AT AN DA
Neuromorphic Chip

3 & Do

1.0

ADC [

it

Synapses |

0.6

v WNAN

Performance

Neurons T8

:
: .
3
LN
K ®
’
ot y
_
| a
J .
b
.
’ 7
~
- -
-
i\
b ]
1
-
: ]
."
{ 5 - .

Analog memory ; . - 7
3 ‘ | input Kexi /N

e s L@
Emulating
Living Computation

y Collaboration with EINC, Heidelberg

critical

3
J |

[Cramer et al., & VP, Nature Communications, 2020]




COVID



Physics of Computation

Emergence of Computation
and Structure Formation

del Papa, VP & Triesch, 2017,2019
Zierenberg, ... & VP, Phys Rev X, 2018
Cramer, ... & VP, Nat. Commun., 2020

Spreading Dynamics and
Subsampling Theory

VP etal., 2009,2014
Levina & VP, Nat. Commun., 2017
Wilting & VP, Nat. Commun., 2018
Dehning et al., ... & VP, Science 2020

Information Theory to Quantify
& to Design Computation

Wibral, Lizier & VP, “Matter to Life”, OUP, 2017
Wollstadtet al., Plos CB, 2017
Wibral et al., Entropy, 2017

Phase Transitions
to Tune Computation

i B
] B
n vivo " ‘\
dynamics | \

I |

‘\ instability

Information transfer

—

Wilting & VP, Cerebr. Ctx, 2019
Wilting & VP, Curr Op Neurosci, 2019
Zierenberg, etal., PRR 2020 & PRE 2020

Neto, Spitzner & VP, arxiv




Spreading of SARS-CoV-2
in Germany
and the impact of
governmental interventions

Dehning, et al., Priesemann, Science 2020. available: arxiv:2004:01105



Reported Infections with SARS-CoV-2 in Germany

New reported cases
per day

10k A

0
~
]

~15. March -

~ 8. March
ban of large events

Y ¢ TN

OK 460000000 —
Mar 8 Mar 15 Mar 22 Mar 29 Apr 5 Apr 12 Apr 19

~22. March contact ban ’
In parallel: voluntary

hygiene measures,
contract reduction and
reduction in mobility

vvvvvv ) (LA SN S S S Saa S SN B S S S Suny BEN SN S Sum S SE Sy SEE SN SN S S S

Date

How does one project the complex system of
disease dynamics to a model?

» Epidemiological “SIR™ model to estimate R

» Time points of governmental interventions as priors for
change points

» Bayes MCMC Sampling

Dehnind%?et al. & Priesemann, Science 2020. available: arxiv:2004:01105



SIR to Infer the Reproductive Number R

Reproduction number R:
One person infects on average R
persons in the subsequent generation.

Epidemiologic States

l Rec.
[Susceptlble] T[ Infected - Recovered

Reproduction Rate R

Time Course

Infected l Infectious l Symptomatic Reported
| — >

Reporting Delay

Wilting & Priesemann, Nature Communications, 2018
128 Figure adapted from John Beggs
Dehning et al_, in prep



Reported Infections with SARS-CoV-2 in Germany

~22. March contact ban ’
: In parallel: voluntary

~15. March hygiene measures,
o] ] ‘ > )SE contract reduction and
~ 8. March .

reduction in mobili
ban of large events b

10k A

New reported cases

per day
w0
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1

<

<>

<

<

<

0.,0

Ok ¢0000 00000 i iy it ity T
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How does one project the complex system of
disease dynamics to a model?

Dehning3,9et al. & Priesemann, Science 2020. available: arxiv:2004:01105



Reported Infections with SARS-CoV-2 in Germany

~22. March contact ban :
: In parallel: voluntary

~15. March | | hygiene measures,
Schools. and most stores close contract reduction and
~ 8. March . :

- reduction in mobili
ban of large events ty
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Delay
o - »
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Dehning4,0et al. & Priesemann, Science 2020. available: arxiv:2004:01105



A Transient Reduction in Case Numbers does Not Necessarily
Mean that R was below 1.

Input:
R=A/u

) Infection

R
(Generator)
- N W
1 1

- )|
- /7
],

B :
° .
s < T ™ o SRR
%,E IOK‘J Infected
c
= &

‘!E ~ 5 days

Incubation Period
LM Symptomatic
0

New
Symptomatic
—

o
x

O

‘ />~ 10 days

©
z g 10k /“":-"'/—- Reporting Delay
- g -

£ 9 o l Reported

Time (days)
Dehning et al.., Science, 2020
Dehnﬂg et al., in prep: https://github.com/Priesemann-Group/covid19_inference_forecast



Reported Infections with SARS-CoV-2 in Germany

~22. March contact ban :
: In parallel: voluntary

~15. March hygiene measures,
~ 8. March . :

. reduction in mobili
ban of large events ty
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» Only after March 22, the reproductive number decreased
clearly below 1

» A transient decline in case numbers does not imply that
R is smaller than 1.

Dehning",zet al. & Priesemann, Science 2020. available: arxiv:2004:01105



3. Break the Chainl

Neue Falle in
den letzten 7

Tagen

765 Schleswig-
200 Holstein
40

N Mecklenburg-

Hamburg Vorpommern
Bremen
Berlin

Niedersachsen

’;:E Sachsen-
i Anhalt Brandenburg

Nordrhein-
Westfalen
Sachsen
Tharingen
Hessen
Rheinland-
Pfalz
Saarland
Bayern
Baden-
Warttemberg

Falle in letzten 7
Tagen je 100.000
Einwohner

< Grenzwert
© > Grenzwert

Graphik: https://www_zeit.de/wissen/gesundheit/coronavirus-echtzeit-
karte-deutschland-landkreise-infektionen-ausbreitung#karte, 17.6.2020

Joint statement of the four large research
organizations in Germany [1].

Two Pillars for Disease Containment

» 1. “Break the chain” via
test - trace - isolate:

» 2. Detecting new outbreaks as early
as possible

Low case numbers have a clear
advantage for health — and for the
economy.

[1] Meyer-Hermann, Pigeot, Priesemann & Schobel, 2020
https://www.mpg.de/14759871/corona-stellungnahme



4. The coming months

Neue Falle in

den letzten 7
Tagen
765 Schleswig-
300 Holstein
40
Mecklenburg-
Kambyfy Vorpommern
Bremen
Niedersachsen Berlin
& \ Sachsen- 20 Lo
K Anhalt andenburg
Nt d
Nordrhein-
Westfalen
Sachsen
Thiringen
Hessen
Rheinland-
Pfalz
Saarland
Bayern
Baden-
Warttemberg

Falle in letzten 7
Tagen je 100.000
Einwohner

< Grenzwert
O > Grenzwert

Graphik: https://www_zeit.de/wissen/gesundheit/coronavirus-echtzeit-
karte-deutschland-landkreise-infektionen-ausbreitung#karte, 17.6.2020

» 1. Local eradication
European Coordination necessary

» 2. “Chronic” local outbreaks

» 3. “Second wave’, i.e. some large-
scale, uncontrolled outbreak

» “Herd immunity” difficult to establish, if
Immunity lasts only for a few months or
years

» Hopes for improved treatment and
development of vaccinations

Meyer-Hermann, Pigeot, Priesemann & Schobel, 2020
https://www.mpg.de/14759871/corona-stellungnahme



Summary

» Criticality maximizes collective
computational properties (information

transfer, sensitivity, correlation length)

>

Harness the vicinity of a critical point for
flexible tuning of computational
properties

[Wilting et al., 2018; Cramer et al., 2020]

Transfer (bits)

Cortical networks show diverse working
points

[Wilting et al., 2018/2019]

External input strength can account for
differences between in vivo and in vitro
dynamics. [Zierenberg, Wilting, VP, 2018]

Bayesian inference of the spreading
dynamics of SARS-CoV-2 in Germany
enabled us to quantify the reduction in

spreading around the change points.
[Dehning et al., 2020]
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Thank you!

Priesemann Group
Sebastian Contreras
Jonas Dehning

David Ehrlich

Daniel Gonzalez Marx
Kira Herff

Matthias Linden (guest)
Matthias Loidolt
Fabian Mikulasch
Sebastian Mohr

Joao Neto

Valentin Neuhaus
Lucas Rudelt

Andreas Schneider
Julian Schulz

Paul Spitzner

Patrick Vogt

Johannes Zierenberg
+ you?

External PhD students (co-supervised)
Benjamin Cramer (U Heidelberg)
Madhura Ketkar (ENI Gottingen)

Corentin Nelias (MPI-DS)

Alumni
Bruno del Papa (MERK)

Jan Geisler (Max Planck School)
Bettina Royen (Max Planck School)
Jorge de Heuvel (U Mainz)

Annika Hagemann (Bosch)

Helge Heuer (U Gottingen)
Leonhard Leppin (MPI Garching)

Discussions on COVID within
the Gottingen Campus and beyond:
Philip Bittihn, Tim Friede, Theo Geisel, Moritz
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