The role of higher-order
connectivity statistics in shaping
neuronal network dynamics.

Alex Roxin, Centre de Recerca Matematica
(wth Duane Nykamp, U. Minnesota)

DDays, Benicassim, October 2012.



Outline

1. What is a neuronal network?

2. How do | capture the statistics of

connectivity in a meanfield model?
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Not all possible node dynamics, nor all
possible network structures may be
relevant for understanding neuronal

network dynamics.



So what do neuronal dynamics and
network structure look like In the

cerebral cortex?



Spiking dynamics of a single cell intracellular
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Summary of single-neuron dynamics

e Cortical spiking acivity Is highly

irregular (like Poisson process)

e [rreqgular firing Is due to sub-threshold

fluctuations (not oscillators)



Cortical network structure
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Cortical network structure
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Cortical network structure
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Summary of cortical network

structure

e highly specific layered structure

e |ocally sparse (unspecific?)

connectivity



Cortical network models

® irregular spiking activity

e sparse (random?) connectivity

Amit and Brunel, Cereb. Cortex 1997
Amit and Brunel, Network 1997

Brunel and Hakim, Neural Comp. 1999
Brunel, J. Comp. Neurosci., 2000




Input to a neuron |

[z(t) = J Z W@j Z (t — tk) + ]ea:ta

1=1
= [+A[Z-+5IZ-()

W,; = connection from neuron j to ¢

s(t) = post-synaptic current

I = population meaninput=JJ - p- N - 7(t) + Lo
AI; = quenched variability in inputs

01;(t) = temporal variability in inputs




typical W for Erdos-Renyi network
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Input to a neuron |
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s(t) = post-synaptic current
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Self-consistent condition for mean

rate
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OI;(t) = o&(t), (E()Et — 1)) = d(t — 1)
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Heuristic dynamics for mean rate

™ = —1r+ ¢(JpNr + L)



Linear stability of mean rate

71 = —1r + ¢(JpN7T + Io0)

r(t) = R+ ore

TA=—1+JpN¢

stability depends on the gain of the transfer function (b/









standard meanfield equations

1. fast oscillations in inhibitory network

i =—r+¢(—Jr(t—D)+1)

2. E-I network (Wilson and Cowan, Biophys. J. 1972)

—Te + Qe (JeeTe — Jeii + ]e)
T = —Ti+€bi(<]ie7“e—<]ii7“i+]i)

TeTe



Heuristic meanfield models describe the qualitative dynamics in
random network models, but there is growing evidence that cortical

microcircuits are not standard random networks...
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Higher-order statistics in random networks



Network connectivity. How to parameterize it?
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Consider degree distributions.




sparseness
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_T(x) + gb(]x/ de’/ILL(CL’/),O(ZC/)T(fC/) + ]ext)a
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r(x) = —r(x) +¢(J:C/d:clﬂ(:v/)p(x/)r(x/) +[ewt),
S = —S+/d:cu(x)p(:v)qﬁ(]xSJr[ewt).

linear stability: S(t) = Sy + 6.Se
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Linear stability in naive meanfield model:

A=—1+4JpNo.

Linear stability taking degree into account:

A= —14 JpN(1+COV(X,Y))<¢/>w




Uncorrelated degrees
A= —1+JpN{($),
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Uncorrelated degrees
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Correlated degrees

A= —1+ JpN(l+cov(X,Y))<¢/>w
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Erdos-Renyi Network

W it e e e e ) £

?ﬁﬁrd:ﬁ, F#:-.'. ¥ "“";-;l.-*'-:-'-.ﬁ 1?3-1.-
- II.I.' [ -_-,_-:

‘*E::f,. o ..r--f-ﬂ_,ﬁs?ﬁ!;.zﬁ.-ﬂr?ﬁf

il'“ "'I-.i' #-_‘. o=
“ ) L- -ihr 1' =X P N Lne
.{i:lﬂ".- _=- 1 'l'ﬁﬁ:'i’ . 1"""._:"-‘_"'1:!:": ’;.ﬁ'.‘t‘}

i __"- gt}

At A ;n:
_{- o Rl T =™y -
%“- s -.--_-'5:,,.1 A
{



Broad In-degree




Broad Out-degree




Broad, Pos. Correlated In and Out-degree
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Fine, but how can | relate all this to

network motifs?
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Network simulations:

The degrees for a neuron ¢ are chosen according to

B P
ri = (1 —qwx. + ¢z, ,
B P
v = (1 — qowt)Y; + QoutV;
where 22 and z¥" are drawn from Binomial and Powerlaw dists with
same mean.
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El network. (srunel 2000).

e 10,000 excitatory and 2,500 inhibitory neurons.
e PSCs are delta functions with delay.
e E-to-E coupling is hybrid degree-distribution ( 5% sparseness).

e All other coupling is standard random with p=0.1.



El network.
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El network.
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Rate model

Network

comparing rate model and network (EI network)
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For El network have: prpg, pEr, PIE, PIT

This leads to four coupled equations for synaptic ouputs:

SEE7 SEI? SIE7 SI[



Conclusions

1. Second-order statistics of connectivity in meanfield

model
2. Convergent motif (variance of in-degree) changes gain

3. Chain motif (covariance of degrees) changes effective

coupling
4. Meanfield dynamics of 2 populations (EI) really 4D.

5. Divergent motif? (correlations)
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Network of 2000 cells and p = (.2 sparseness.
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Network of 2000 cells and p = (.2 sparseness.
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What | will show:

1. If iIn-degree and out-degree are uncorrelated, only

In-degree affects firing rates.
2. If they are correlated, both affect rates.
3. These rate effects can be captured in a rate model.

4. Out-degree determines current cross-correlations.



