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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?
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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

defiibe w owm 0w A 3
. €
e Model binary neurons
‘;5 OF = = s = s uCf a |5 s s—u ua = s s &=
2
<]
Q
5
B S = 55
~-70
« Stimulus Reliabioal
- 0 1 2 3 4 5
: T f Time (ms)
B9 : ’ N Spike trains
tissue on array local field potentials thresholded signals

Trial

000 02 04 06 08 1.0
Time (s)



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

« Model detailed biochemistry and biophysics

« Model individual spikes
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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

pre
pre t |
]
- post
W’J Iti
i
post o
L &
Wi 1 o |
L ol
0 OO - Q Oiﬁo - mOO -
oo’
0.5 v
—0 9 4 -
Pre
before post )
Bi & Poo (1998)

The Spike-Timing Dependence of Plasticity

Daniel E. Feldman1-*
1Department 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



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
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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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Nonlinear dynamical systems

e Broad goal:
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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

dx
— =0ly—=x
dy
E — CE(IO _ Z) — Y,
Ellen Fetter
dz 3
— =2y — Pz
a7
8
0=10,p=28,and f =73
Margaret

Hamilton




\l\)/\ﬁa\/{’ 'S A (Dx\ﬂCZMcaA é:}g"evv\()
Mntono moug DrS, %= Ax

= E (% KZ
B j | / =
= (\’:\ <7<1 PN 7<\/\> D(TW\’\K QWW\’C”\@
for e ) D) Migher ocdar Tor v
Z> \v\a ik Pun
7( = \:m (7(\ - - ><\/\B P - \j =

- = @ NﬁMFM t/lf)—lgpg
N Aur DS ?;V@St) E j

h @ 5= (%) f %>\¢ (9]




% = F00 & szx)@j

(\‘: | S C—+§

| lnplicif

DF &« T s ok FOR®E) =0
x = A (o~ nprvuel Ajmmizg(——» V-V f’]*f@ﬁﬁg)

xH = e | CL@?’Z‘%%&MM

/19 Flows K) = QST

>(<c PC}C} -~ — X CX"{)CX’\KL’)
- dF _de s b e s ED gl 6e)

STl e,







Y =% 00
X)) = Yo (o 0¢ ulhigl
l,t)\/w,\/ \(\@‘)@Wj ﬁ@g % — GO “ N ANQN\CMV\ -
) g .
) — X (ops b5 ot P
N x® > oo s K) = —9
7 4&1@}
oot e +T) = *(\@—X &\/\/
N
)




~+40]

Membrane Voltage (mV)

Threshold

Initiations
Resting Potential

[ Stimulus

0 1 2 3 4 o)
Time (ms)




Quodratec Wteamte end Fire Neweon
V= FOV)= \JZ+,T\_J—>>\“N5

v
2\

ce Thedra\d
@W’%'G}\ T<£O =0
\EQ Q\@&:i\[;? b\\cg@%\}@lg




/

@{%\m&m Die 970

N o
~ +T<—J
SN - vosfbie Tﬁ? & m

— cx o\)\(

L e Wire Neuren CETF)

E rgonetlia

e ~u-v) & & exp(320) 4D T
N}i < N j




P

5 =F(0)
(ﬂne‘%a Q\\chsﬂ MDJQ\
@i |- 20 ~ I+ Cos o) L
9 2 Y
e £ Sadd le
&530\5 %}&
lmwimsr
Cuele






Expoential Integrate and Fire neuron
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Avalanche Dynamics
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Ocular dominance columns
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Ocular dominance columns
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A model of ocular dominance column development by competition
for trophic factor
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