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Phase osclllator network

(after averaging)
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91 — — —|—€ZWU’1 L(Gi—ej)

Bifurcations from maximally
symmetric solutions
to ones with smaller isotropy groups.

eg. cluster states.

Dim(Fix(I')) =1 Dim(Fix(I')) =3

Stability of synchronous solution determined by eigenvalues of

Hij = H'(0) [wij — 83; > wik
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Applications of weakly coupled oscillator theory to CPGs, robot control, ...
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Oscillator networks

Applications of weakly coupled oscillator theory to CPGs, robot control, ...
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Rabinovich et al. Dynamical principles in neuroscience,
Rev. Mod. Phys., 78, 2006.

Ashwin et al. SIADS, Dynamics on networks of cluster
states for globally coupled phase oscillators, 6, 2007.
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Chaotic response of ML to
periodic kicking [not a toy model! ]
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Phase-amplitude

Single cell - phase and amplitude (Hale 1969)

on cycle

\ orthogonal to cycle

z=u(0)+ Z(0)p

- dZ(8) OF(u(6))
do 0z

2(0)
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é = | f1 (e> p)
p=A(0)p+12(6,p)
T1(0,p) = Oflpl) [p] —0

0f,(0,0)
0p

=0

H:Z(e> O)| =0
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The perturbed system

z =F(z) + eg(x,t)

0 =1+f1(0,p) +eh'(0,p)g(u(0) + Z(0)p, 1),
0=A(0)p+12(0,p) +¢eB(0,p)g(u(0) + Z(0)p)

hide the detalls for h and B [phase-amplitude responses]

.
g(u(0) + Z(0),t) = (Z 6(tnT),O) ML (2D):
B(

e) p) — ZT(eIIZ

underlies shear
iInduced chaos
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Strongly coupled networks?

0: = f(61,p1) + ¢ Y wijH1(65, 65, p1, p5)
)

| Pi ZA(ei)PiJr€ZWinz(ei>9j>Pi>Pj)
Gt

global linear coupling of ML - mean field signal as
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Strongly coupled networks?

0; c S

A éi = (04, p1) + EZWi)']_h (ei>ej>pi>pj)
____________________________ ;

i = A(01)pi + € ) wijH2 (64,65, pi, p5)
j 0.6
| ] |
global linear coupling of ML - mean field signal as
average membrane potential o2t [ T
E 0:4 Oi6 A%
|
01 M 080.5
: o 0.

0.6

S Coombes 2008 Neuronal networks with gap junctions:
A study of piece-wise linear planar neuron models,
SIAM Journal on Applied Dynamical Systems, Vol 7, 1101-112 02
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Amari bumps with Mexican-hat

’ a

q(x) = O dyw(x —y)

h

~J U7
q(0) =h =q(A)

working memory

S = NN W R,

0 0.1 0.2 03 h 04
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