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Summary

A Information transmission: single neuremetworks
A Dependencies measures

A First models using copulas

A Open problems and future work
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Informationtransmission
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How the information propagates in the network?
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Simultaneous recording of spike trains
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Analysis of the pattern

Different view points:

A Statistical

I Crosscorrelogram
I Spatiectemporal pattern detection method (Abeles)

A Mathematical Models for large networks

I Simulation approach
i aSFcy FASER I LILINRIFOKSXZ al &adSNJ Sl d:
I Complex system approach

Both view points share the necessity to study dependencies between the
point processes describing the spike trains
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Models

A2S KIS a322Ré YIFUKSYFUGAOL
neuron spike activity;
I they repoduce main observed features of the neuron;
i they help our unglerstaqding of these features (role of noise, effect of
LISNA2RAO auAyYdz | X0
A Separately we have network models:

I Large networks: simulation of oversimplified units with adaptive
connections; object oriented networks; multiparticles systems; limit
0KS2NBYa F2NJfFNBS aéeaidsSvyaszx

I Small networks: jumyaliffusion models; HodkHHuxley like model
neuron network

How to insert single neuron models in network models?
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Copulae: mathematical objects catching
dependencies

Consider two random variables &nd % their distribution F(XX,)
completely describes their joint behavior:

F(%, %) = PORX, %<%)
Let C(u,v) be a function such that:

F(x¢ %) = C(FELF(%))
Where

F()=P(%X<x) and F(X=P(%<x)

C(u,v) ighe copulafunction: it catches the dependencies between the
random variables pand X%. Their marginal behavior is considered
by the marginal distributions F{xand F(X.

ExtensionstothedRA YSYy aA 2yl f OF aS X
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Some important properties

SklarTheorem
LetF, ..., F, be marginald. of X, ..., X, with joint d. H. Thenexistsa copulaCsuchthat

HOw - - o ) = POX, - o X)= ClRG), - - - RGO}

If K are continuousthen Cis unique Viceversa,if Cis a copulaand F, are d.f. then the
function His ajoint d.f. with marginalsk, i=1,...n.

Invariance under strictly increasitigasformation

A Scalefreeh 0 Q& LJavaidassurhpBonsiod dimensions of the
marginals

Kinirmu
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max(u+...+y-1, 0) mln(ul,...,qS.
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Information measure and copulae

The copula entropy Is equivalent to the negative of the mutual
Information between the two random variables X and Y, but
with the benefit of being computed directly from dependence
structure:

H:lu1, uo, ..., un | 0]

= —f cluy, u», ..., un | 0llogcluy,up, ... un | @ldu = |(X,Y)
[0,1]N

Jenison Real®&leural Computatiori6, 66%672 (2004)
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Copulae in neurosciences

Statistical approachConstruction of flexible join distributions
(likelihood and mutual information estimates)

Jenison RealBleural Computatiod6, 66%672(2004)
Onken, Grunewaelder, Munk and ObermaygrOS Computational Biolo§y 11,e1000577, DOI 10.1371 (2009)
Berkes, PillowAdvances in Neural Information Processing Syst2ingo appear)

Mathematical models:

1. Toy models illustrate the use of copulas.

Sacerdote and Sirovich J. Physiol. Paris (to appear)

2.  Spike train modeled through coupled Poisson processes

3.  Coupling of neurons described through LIF models
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Why copulas for neuron models?

Sklar theorem
The 3 functions: 1. marginal respectto X

2. marginal respectto X
3. The copula
Uniquely determine the joint distribution

Our knowledge on single neuron ISls distribution
can be used if we determine the correct copula:
we know the marginal distributions.

Problem: spike trains are point processes
and not simple single random variables.

Scarce literature on copulas and stochastic processes
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A toy example

Sacerdote and Sirovich J. Physiol. Paris (to appear)
@ T,: ISI of neuron A
Tg: ISI of neuron B under

/ \ spontaneous activity
@ To 1SI of neuron B under

spontaneous activity

When A is connected with B and C, B spikes
at min(T, Tz) and C spikes at mif(T,) ms) [zandT .are notindependent

When T, Tz and T, are exponentially distributed of parameteis,l,,l; we can
compute the copulaMarshallOlkin 1967)

. . A
C,v)=min(u-av,u\ia) “=n Pt

wchanging,we change the couplingtrengh
wwe could use the same copula with differanarginals
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Marshal Olkin Copulae C<u,v)=ﬂr?in<w-a v,uzl-a)
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From coupled ISIs to time series

T, T,@ 7,071, T, ®
I | | I
I I
T,W Tg@ T, T,60 T,06
| .
wDifferent copulaewith the samemarginals I= I\ e
give different raster displays e
wThe same copula with differemarginals = 1
gives different raster displays i . evisec
Significant patterns: related to the T
12
copula structure 12! I —
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Coupled point processes:
FPT of diffusion processes

w Description of the model:

Process

X(1)

0] time

T=inf{t:X({)>5|X(0)=Xg<5}

Point processes as FPT throuah a boundary:
_ { X, = (—%—l— ;11) dt + o dWq (t); Xy, =10
¢ Equations
dYy, = (—% + qu) dt +odWa (t); Y, =0.
¢ Marginally: return processes (renewal)
¢ Gaussian increments coupled through different copulas
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How to couple the increments?

h=T/k; t =n/h,
Euler schema on (0,T):
X, = X Xn ] ASDY X, =0
no— n—1+ _? + |+ 0L, 4, bg —
Y, = Y Yo ] ZZ . Y, =0
T n—1+ _?‘FFE 14+ 024, q; g — VY

where Z'=W(@i/h) ~NO,N)f T MZHT YT MIXZ{T

We couple the increments through suitable copula
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The model

Sacerdote and Tamborrino (submitted)

Coupling of the increments:

Fz1 72 (21,22) = Cl¢p(z1),¢ (z2)) i=m,m+1,..

+m

m: delay in the dependence of the increments

¢()=Eri()

A If m=0: no delay

A Different criteria to determine the copula:

| Statistical: from intracellular data
I Theoretical: from assumption on causes determining the coupling
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X 0KS O2LJdz I SELJ

Differences between spike trains coupled through different
copulas (througltrosscorrelograms
Comparison criteria:

1. Wiener versus OU underlying diffusion (with the same coupling
copula and coherent diffusiogmaramenters

2. OU diffusions with different coupling copulas (but the two copulas
have the same level of association, measured in termsobf
Kendall)

3. QU diffusions with the same copula but with different levels of
association (measured in terms©0bf Kendall)

4. OU with different coupling delays

T = 4]{;[]11’3(“,0);1‘(3(1:,::)—1 = 4E(C(U,V)) -1
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OU versus Wiener model

Wiener Ornstein_Uhlenbeck

Marseille Januaryl8-22,2010

ABoth Wiener and OU: Bumps
around 0 ZEsimultaneous
inhibition

ABoth Wiener and OU: -
Peaks around OF&
simultaneous excitation

- Bumps around 0 when
increases
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