Using complex networks to predict abrupt
changes in the dynamics of coupled oscillators
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Background: the climate network idea

* Cnu Ci2 ... Cin
w Similarity 021 022 . 92N

measure
C = . . :
: : Ci, :
SIF. .% £ ij
g L ‘ g. Pearson
R?‘L”\MM\%J 'W" correlation Cni Cn2 ... Cnw
t
Thresholding
X is a spatio-temporal field, corresponding to 1 1 0
observations of a geophysical variable (eg SST). 11 1
Network nodes « spatial locations ] -
Nodes are linked based on the degree of 0O 1 ... 1

statistical interdependence between the time
series of X at the corresponding sites.
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Background: the climate network idea

Changes in the network’s topology
e
changes in the system’s dynamics.

Figure parts from [1]
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Motivations
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Figure from Rodriguez-Méndez et al2
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This result is not only interesting from a forecasting perspective but also from methodological perspective. So far, the
study of percolation in correlation networks has mainly focused on the case of critical transitions!. (And it has been
found that the percolations metrics provide - sometimes very - early warning signals of upcoming transitions.)
The success of the applications of the percolation measures to the prediction of ENSO, motivates us to “go beyond”
the case of critical transitions.

Objective

Better understand the behavior of the percolation metrics of correlation networks in systems presenting
irregular oscillatory behaviors.
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This result is not only interesting from a forecasting perspective but also from methodological perspective. So far, the
study of percolation in correlation networks has mainly focused on the case of critical transitions!. (And it has been
found that the percolations metrics provide - sometimes very - early warning signals of upcoming transitions.)
The success of the applications of the percolation measures to the prediction of ENSO, motivates us to “go beyond”
the case of critical transitions.

Objective

Better understand the behavior of the percolation metrics of correlation networks in systems presenting
irregular oscillatory behaviors.

We study the percolation properties of correlation networks in two systems presenting oscillations

e System 1: N coupled Fitzhugh-Nagumo oscillators

e System 2: N coupled recharge-oscillator models for ENSO (Jin 1997)
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System 1: coupled Fitzhugh-Nagumo oscillators

N=500 coupled oscillators,

the state (u, v) at node i evolves according to:

€EU; = U; — u? — U + (Au)z = ’S@'(U)a
’U.z' = U; — XUy + (A’U)@ n f,i(v),

(Av);=(vi41+v; 1 —2v;)

a =-0.83, e randomly selected in (0,0.035) every 100 time units
gluv) gaussian white noise

1D lattice, with periodic BC
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System'’s solution
The oscillations are close to homogeneous in space and irregular in time (non periodic).
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Left, spatio-temporal evolution of the state variables u (top) and v (bottom)
Right, temporal evolution of u and v at node =50
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System'’s solution
The oscillations are close to homogeneous in space and irregular in time (non periodic).

The correlation network is computed using the methodology described on slide 2, with the
(detrended) time series from the u variable only.
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S, (red), the relative size of the largest connected component in the network.

c, (blue), the probability that a randomly chosen node belongs to a component of size 2
The grey lines show the spatial average of the solution u.

S, ¢, anticipate abrupt changes in u.
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S, (red), the relative size of the largest connected component in the network.

var (blue), the temporal variance of each subseries used for the network computation, spatially averaged.
The grey lines show the spatial average of the solution u.

S, is able to anticipate the abrupt changes in u whereas the variance is not able to.
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System 2: coupled recharge-oscillator models for ENSO

N=20x60 coupled oscillators,

the state (uu, VU) at node (i,j) evolves according to:

ui,j — vbui,j — C’LLi’j — /Y'Uz',j + (’U -+ bui,j)?’ -+ (AU)i,j ~+ f(u)

2V

v =—(rv + abu),

(Au)j j = wipr,jtui—1, v j41tu; 51 —4u,

With u oT_ (temperature anomaly, eastern equatorial Pacific) and v e h  (thermocline depth, western Pacific) in Jin 1997.

We allow some stochasticity in the parameters values, selecting them randomly every 50 time units from a chosen
range whose bounds are within reasonable distance from the parameters chosen in Jin 1997.

bin (2.25,2.75), ¢ =1,y =0.75, r in (0.056, 0.074), a in ( 0.0625, 0.125)
£W) gaussian white noise

2D lattice with homogeneous Dirichlet BC
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System’s solution

t=20

0.25
0.2
0.1
-0.25 5 009
~0.14
t=275 =
0.25 ] ; : ! ! , ; !
81 10 20 30 40 50 60 70 80 90 100
6 t [months]
>4
2
0 . : . . -0.25
0 10 20 30 40
0.31
X
0.2 1
t=35 0.1
0.25
87 2 00
6
—0.14
>4
24 -0.24
0 . : . , -0.25
0 10 20 30 40 —0.31 . . . . . . .
X 10 20 30 40 50 0 80 920 100

60 A
t [months]

Left, the spatial field for the state variables u at the time of the 3 red dots on the right
Right, temporal evolution of u and v at node (10,10)
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S, (red), the relative size of the largest connected component in the network.
c, (blue), the probability that a randomly chosen node belongs to a component of size 2.
The grey lines show the spatial average of the solution u.

S, ¢, anticipate abrupt changes in u.
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Conclusions

The time-dependent functional network encodes the evolution of the system'’s spatial correlations, allowing to gain insights
into dynamical processes that might not be detectable by other analysis techniques.

Percolation measures act as precursors of abrupt changes in extended systems, anticipating the global rises and falls of
the state variable in
o  the coupled (irregular) Fitzhugh-Nagumo systems

©  the coupled recharge oscillator ENSO models Part of the Outstanding Student & PhD candidate

presentation contest.
Abstract and judging option

Significance

o astep towards a better characterization of the E

conditions under which percolation measures of
correlation networks are informative of the

proximity to abrupt changes. y

o  could eventually lead to a better understanding of -
the dynamical changes in the Nifio 3.4 SST field E ! e
which trigger the increase in correlations and
hence a better understanding of ENSO n.ehstand@ifisc.uib-csic.es [%
mechanismes. @NoemieEhstand Y7
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