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MOVIE

Electrophysiological image of activity propagation along
axon: we are probably not undersampling
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How well does i, predict i, ?
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How well do i, and j predicti_,, ?
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If including j, improves the prediction, then
there is effective connectivity
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“"TRANSFER ENTROPY”

VOLUME 85, NUMBER 2 PHYSICAL REVIEW LETTERS 10 Jury 2000

Measuring Information Transfer

Thomas Schreiber

Max Planck Institute for the Physics of Complex Systems, Ndthnitzer Strasse 38, 01187 Dresden, Germany
(Received 19 January 2000)

An information theoretic measure is derived that quantifies the statistical coherence between systems
evolving in time. The standard time delayed mutual information fails to distinguish information that
15 actually exchanged from shared information due to common history and input signals. In our new
approach, these influences are excluded by appropriate conditioning of transition probabilities. The
resulting frangfer eniropy 1s able to distinguish effectively driving and responding elements and to detect
asvmmetry in the interaction of subsystems.
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How WELL CAN WE DO?

Table 1: Fraction of synapitic weights and TPR at FPR = 0.01

Ieasure Erau:tmn synaptic weights TPR
HOTEPk

HOTECI

TEPk

TECI DE*I :I:t]t]“'l*'n t].ﬁEf]:I:D.D.E
NCCPk 0.763 = 0.049 0.606 + 0.062
NCCCI 0.791 = 0.050 0.649 + 0.064
DITE 0457 £0.133 0.355+£0.103
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SEQUENCE SIZE DISTRIBUTION
10° “Neuronal avalanches”
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OPTIMALITY AT CRITICALITY

Dante Chialvo, Nature Physics, 2006
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NEAR THE CRITICAL POINT, ONLY ONE VARIABLE
CONTROLS THE SYSTEM.

When ¢is small, all other terms drop out, leaving a scaling relationship

[Stanley 1971; Goldenfeld 2008].



NEAR THE CRITICAL POINT, ONLY ONE VARIABLE
CONTROLS THE SYSTEM.
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When ¢is small, all other terms drop out, leaving a scaling relationship
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MULTIPLE POWER LAWS

Average Size vs Duration
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SCALING FUNCTION
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SCALING FUNCTION

(SIT) = [ s(z, T)dt
(SIT) ~ TV oz
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Scale-free bursting in human
cortex following hypoxia at birth
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EXPONENT RELATIONSHIP

Average Size vs Duration
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EXPONENT RELATIONSHIP

Avalanche lifetime distribution
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...AFFECT DATA COLLAPSE

Raw Shapes, Sample &

Raw Shapes, Sample 8

Avarage Mumber of Fidngs s(t,T)
Avaraga Number of Fiings s(t,T)

1 1 2 N 1 L 1 1 1
40 B0 100 120 ] 20 40 60 80 100 120
Time in Avalanche t (ms) Time in Avalancha t (ms)

Collapsed Shapes, Sample & Collapsed Shapes, Sample B

Avaraga Mumbar of Fiings / 771
Average Numbaraf Fings / 71 Ve

0 0.2 04 0.6 08 1 055 0.2

0.4 0.6 0.8 1
Fraction of Avalanche Duration (¥T)

Fraction of Avalanche Duration (¥'T)



PUTTING CONNECTIONS INTO
MODEL

Synchrony and asynchrony in a fully stochastic neural network®

R. E. Lee DeVille! Charles S. Peskin?

February 14. 2008
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MODEL, WITH CONNECTIONS FROM DATA,
GIVES CORRECT EXPONENTS
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But all-fo-all connectivity does not give the
correct exponents in the spiking model.

Are there any data that suggest all-to-all
connectivity?
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POWER LAW DISTRIBUTION FOR LOCAL
FIELD POTENTIALS
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EXPONENT RELATIONSHIP

Avalanche lifetime distribution
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