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Textbooks

e Nonlinear Dynamics and Chaos - Steven Strogatz
e Chaos in Dynamical Systems - Edward Ott
e Dynamical Systems in Neuroscience - Eugene M. Izhikevich

« Mathematical Foundations of Neuroscience - Bard Ermentrout and
David Terman

e Neuronal Dynamics - Gerstner, Kistler, Naud and Paninski



What is neuroscience?

Study of the nervous system
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What is a neuron?
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What is a neuron?

dendrites

synapse

axon hillock

A~ \‘

initial Ranvier
segment schwann
cells

soma
nucleus

dendrites

Neurotransmitter

i

vesicle

Voltage-

channel

gated Ca%* 7 \_ :
0

Postsynaptic ‘I. roy
density

, (X
Synaptic \ \

Neurotransmitter
transporter

Y.
'1»" ¥ Receptor

/

Axon
terminal

Synaptic
cleft

Dendrite



is

I'CUlI

Neurons to neural ¢

10! neurons

10'* synapses



Relevant lengthscales
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Relevant timescales
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Different levels of abstraction

« Model detailed biochemistry and biophysics
« Model individual spikes
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Different levels of abstraction

« Model detailed biochemistry and biophysics

« Model individual spikes
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Different levels of abstraction

e Neuron spiking can seem stochastic
« Poisson spiking model: neuron action potential spike distribution
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Different levels of abstraction

e Neuron spiking can seem stochastic
« Poisson spiking model: neuron action potential spike distribution
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Different levels of abstraction

e Neuron spiking can seem stochastic

« Poisson spiking model: neuron action potential spike distribution
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Different levels of abstraction
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Dynamics of the circuits themselves

Neural plasticity modeled at various levels of abstraction
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Dynamics of the circuits themselves

Neural plasticity modeled at various levels of abstraction
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The Spike-Timing Dependence of Plasticity

Daniel E. Feldman'-*

Department of Molecular and Cell Biology, and Helen Wills Neuroscience Institute, University of California, Berkeley, Berkeley,
CA 94720-3200, USA

*Correspondence: dfeldman@berkeley.edu

http://dx.doi.org/10.1016/j.neuron.2012.08.001

Bi & Poo (1998)



Timescales of plasticity

e STDP ~10 milliseconds

e BTSP ~1-10 seconds
e LTP, LTD ~ 1-1000 minutes

* Neurodevelopment ~ hours to months

e Evolutionary?






Nonlinear dynamical systems



Nonlinear dynamical systems

e Broad goal:
Understand and analyze nonlinear dynamics without solving the entire system
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Nonlinear dynamical systems

e Broad goal:
Understand and analyze nonlinear dynamics without solving the entire system

Lorenz Attractor: x(t) for two slightly different initial conditions
20 |

dz | |

10 - ;I fi ;1 1 ll I
dy I Il LT

— — — %) — | I L
:E(p z) y, 5 - '1 ;l: I‘t ;‘"’U‘yjt‘yl'\l
t (| ;\;1 ( ‘/\J\
& ;' an l ' ‘u
g | & V| : .
x 0 ! . B
dz | . |
— - | AL | " u\. [
o wy Bz. l . N ,"'.[\‘ “\51\4’\1\
‘ AT
d¢ =51 \ otV LA
‘ o AR UL
anAAAMA VLAY YL
VANV AT I
—-10 1 vVVVvyy ” V \\,‘ “r[ .v»‘ \u‘ \:‘[ l'.,; “' I\! l,,’ H :l! H “ i‘ [ ” | :.! "
8 A.y.’;‘"._;“'.j:,’;ili ‘vl,” '(
—15 4 i
f
0 5 10 15 20 2'5 30 35 40



Nonlinear dynamical systems

e Broad goal:
Understand and analyze nonlinear dynamics without solving the entire system

Lorenz Attractor (3D)
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Nonlinear dynamical systems

e Broad goal:
Understand and analyze nonlinear dynamics without solving the entire system

Lorenz Attractor (3D)

Edward Lorenz
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Nonlinear dynamical systems

e Broad goal:
Understand and analyze nonlinear dynamics without solving the entire system

Lorenz Attractor (3D)
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Expoential Integrate and Fire neuron

Badel et al. Biol Cybern (2008)
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Avalanche Dynamics
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Ocular dominance columns
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Ocular dominance columns
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Ocular dominance columns
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Hubel & Wiesel 1977
(1984)
Proc. Natl. Acad. Sci. USA ')
Vol. 94, pp. 9944-9949, September 1997 Check for
Neurobiology

A model of ocular dominance column development by competition
for trophic factor

ANTHONY E. HARRIS*T#8, G. BARD ERMENTROUTTY, AND STEVEN L. SMALL*T#

*Intelligent Systems Program, TCenter for the Neural Basis of Cognition, and Departments of ¥Neurology and YMathematics and Statistics, University of
Pittsburgh, Pittsburgh, PA 15261
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Lorenz Model

Wikipedia

See also: https://itp.uni-frankfurt.de/~gros/Vorlesungen/SO/simulation example/



https://brain.cc.kogakuin.ac.jp/~kanamaru/Chaos/e/Animation/lorenz.html
https://itp.uni-frankfurt.de/~gros/Vorlesungen/SO/simulation_example/
https://itp.uni-frankfurt.de/~gros/Vorlesungen/SO/simulation_example/
https://itp.uni-frankfurt.de/~gros/Vorlesungen/SO/simulation_example/
https://itp.uni-frankfurt.de/~gros/Vorlesungen/SO/simulation_example/
https://itp.uni-frankfurt.de/~gros/Vorlesungen/SO/simulation_example/
https://itp.uni-frankfurt.de/~gros/Vorlesungen/SO/simulation_example/
https://itp.uni-frankfurt.de/~gros/Vorlesungen/SO/simulation_example/

Lorenz Model z return map

\
T g ) o @
N ¢ N




Zn+1

Lorenz Model z return map

50

45 |

_— 35'/...

D DV‘OV\M COJ gjghw\

4

OK(“S C FC{’Q

50



Lorenz Model

Lorenz system: nearby initial conditions
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Zoo of bursting neurons
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Canonical Fold-homoclinic bursting neuron

Membrane potential, mu=0.037333, d=0.212000




Canonical Fold-homoclinic bursting neuron
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Hindmarsh Rose neuron

Nullcline shift (z = 3.24)

Irregular bursting in the Hindmarsh-Rose model
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Hindmarsh Rose neuron

x (membrane potential)

Irregular bursting in the Hindmarsh-Rose model
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Hindmarsh Rose neuron
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Hindmarsh Rose neuron

Nearby initial conditions diverge
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Logistic map (Figs. From Ott Ch 2 + Strogatz Ch.
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Canonical Fold-homoclinic bursting neuron

Membrane potential, mu=0.037333, d=0.212000 ISI return map, mu=0.037333, d=0.212000
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Canonical Fold-homoclinic bursting neuron

Bifurcation diagram at d=0.212000
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Hindmarsh Rose neuron

Irregular bursting in the Hindmarsh-Rose model
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Hyperpolarization-Activated Current
Induces Period-Doubling Cascades
and Chaos in a Cold Thermoreceptor

Model

Kesheng Xu', Jean P. Maidana', Mauricio Caviedes’, Daniel Quero?, Pablo Aguirre? and

Patricio Orio "%*

2.1. Mathematical Model

The basis of our model is the Orio et al. (2012) model that
reproduces the static firing patterns of cold thermoreceptors. The
equation for the membrane voltage V is:

Cmd_v=_Isd_Isr_Ih_Id_Ir_Il, (])
dt
where C,, is the membrane capacitance; Iy, I,, Iy, I, are
depolarizing (Nay), repolarizing (Kg,), slow depolarizing (Nap /
Car) and slow repolarizing (Kc,) currents, respectively. I}, stands
for hyperpolarization-activated current, and lastly I; represents
the leak current. Currents are defined as:

I;

p(T)giai(V — E;) i=d,rsdh,l, )
2

_ Asr
Iy = p(T)gsrm (V—Eg), (3)

where g; is an activation term that represents the open probability
of the channels (a; = 1), with the exception of a,, that represents
intracellular Calcium concentration. Parameter g; is the maximal
conductance density, E; is the reversal potential and the function
p(T) is a temperature-dependent scale factor for the current. The
activation terms a,, a4, and aj, follow the differential equations:

dai = ¢(T)m i=rsdh, (4)
dt Ti
where
1
a®(V) = (5)

On the other hand, a, follows

dasr _nISd — KQgr

S ) (6)

sr
Finally,
1
00 _
%a = 1+ exp (—sqa (V- Vg))

The function ¢(T) in Equations (4) and (6) is a temperature
factor for channel kinetics. The temperature-dependent
functions for conductance p(T) in Equations (2-3), and for
kinetics ¢(T) in Equations (4) and (6) are given, respectively, by:

@)

a; =

T-25

pT) =131  $T)=3 1. ®)

TABLE 1 | Parameters of the HB+lh model.

Parameter Value Units
Cm 1.0 uF Jcm?
9d 2.5 mS/cm?
ar 2.8

Gsd 0.21

gsr 0.28

g 0.06

9h 0.4

V9 -25 mvV
VP -25

Ve —40

Vo -85

K 0.18 -

n 0.014 cm? JuA
T 2 ms
Tsq 10

Tsr 35

T 125

Sq 0.25 my~1
Sr 0.25

Ssd 0.11

Sh -0.14

Eq.Esq 50 mv
Er Esr =90

E -80
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RESEARCH ARTICLE

Dynamics of period-doubling bifurcation to chaos
in the spontaneous neural firing patterns

Bing Jia - Huaguang Gu - Li Li - Xiaoyan Zhao
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Ocular motor integrator
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Anatomy and Discharge Properties of Pre-Motor Neurons in the
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