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Research scope
Time series analysis
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Power

Chaos and noise are often difficult to distinguish due to their similar behavior.
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Some stochastic processes can mimic chaotic processes
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e sSpurious positive Lyapunov exponent

[A. R. Osborne and A. Provenzale, Physica D 35, 357 (1989)]
[. Theiler, Physics letters A 155, 480 (1991)]



Some stochastic processes can mimic chaotic processes

e sSpurious positive Lyapunov exponent

[A. R. Osborne and A. Provenzale, Physica D 35, 357 (1989)]
[. Theiler, Physics letters A 155, 480 (1991)]

e finite correlation dimension

[T. Tanaka, K. Aihara, and M. Taki, Physical Review E 54, 2122 (1996)]
[T. Ikeguchi and K. Aihara, International Journal of Bifurcation and Chaos 7, 1267 (1997)]
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Detecting chaos from empirical time series is difficult due to
measurement noise, finite resolution and limited data length.
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Detecting chaos from empirical time series is difficult due to
measurement noise, finite resolution and limited data length.
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Ordinal pattern analysis
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Entropy-complexity plain
[PRL 99, 154102 (2007)]
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Entropy-complexity plain Forbidden pattern Permutation spectru
[PRL 99, 154102 (2007)] [Physica A 391, 42 (2012)] [Chaos 24, 033116 (2014)]
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Short-term Deterministic

predictability dynamical flo

Nonlinear forecasting Text for determinism
[Suglihara and May, Nature (1990)] [Kaplan and Glass, Phys. Rev. Lett. (1992)]
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Short-term Deterministic
predictability dynamical flow.

Nonlinear forecasting Text for determinism
[Suglihara and May, Nature (1990)] [Kaplan and Glass, Phys. Rev. Lett. (1992)]
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Voice of twins

It is challenging to distinguish chaos and noise.
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Voice of twins

It is challenging to distinguish chaos and noise.
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Reservoir computing
[Pathak et al., PRL 120, 024102 (2018)]
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Method

Update rule 7444 = (1 _ aleak)rt + Qjeak tanh(wresrt + Winut)

L-1

Loss function L= ) (upsq — Uryq)?, U1 = WoueT a1
t=0

Preprocessing Xx; — X; — (xt) Xp V> X¢/ mflxﬂxt”



Method
Short-term prediction with reservoir computing

x(t)~N

S(f)~1/f
x(t) € (—1,1)



Method
Testing on synthetic dynamics

Scheme 2
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Method
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cross-prediction scheme
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Results
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Results for simulated synthetic dynamics

coefficient of determination R?

0.8_ ChaOS i ek :\‘_:\;‘: —o o —
C.Bt \\.‘*\
~ 0.6 [ .
‘g . =% y - iad
5 0,2 : :_.:r ;
0.2- : :
z i E 10 L2 4
= S N b QO T
5 2 5 S|
o -~ D) 75 | ©
> L 2l |
&N =4 O S oIl .
SR 2 |
~ -

Prediction time { //p)

. LogMap - logistic map

1t - skew tent map

- Chua'’s circuit

1Z - Lorenz system

er - Rossler system

\ge - two-age-class model
' - NF-kB model (d = 6)

s - white Gaussian noise

rm - white uniform noise
or - flicker noise

hy - Cauchy noise

- fractional Brownian motion
fractional Gaussan noise



Results for simulated synthetic dynamics
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Intuition for the mechanism

Short-term predictability Determinism test

Xt = Xt+1 v(x:) = Ax;

Predict next value Infer deterministic flow

Cross-prediction

X = Axpq = v(xpyq)



Results for empirical data
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Results for empirical data
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Results for empirical data
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summary

Pure data-driven method to distinguish chaos and noise
using cross-prediction with reservoir computing
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Appendix 1 - Results for empirical data
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Appendix 2 - Noise mixing
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Appendix 3 - Data length



RQ

(a) Synthetic ghaos

1 4
0.8 1 i
0.6 I
—o— LogMap
0.4 4 —a— SkTent [
—4— TwoAge
—a&— Chua
0.2 —wy— Lorenz |
—k— Rossler
—#— NFKB
O T T X )
102 103 10“1
Time series length Lyivey
- (c) Empj‘rical ghaos

—eo— VOICE
—a— LaserP
—4— SGAMP

A SGAMPI10
—w— ChuaExp
—sfe— ParkTr

10°

108 10*

Time series length Lgiven

R2

R2

(b) Synthetic noise

1 1 1
—o— Gauss
—@— Uniform
0.8 4 —4— Flicker
—a— Cauchy
w— {Bm
0.6 4 —fe— fGn
0.4 -
0.2 -
ol ——¢——¢—¢
10° 10% 10*
Time series length Lgiven
L (d) Empirical noise .
—0— NAQidx
—a— Sunspot
0.8 - —4— RRnorm
—a&— RRchf
77— RRaf
0.6 -
0.4 -
0.2 -
(I e A— e S
107 10% 10*

Time series length Lyiven

warm-up

Fold 5

——SGAMP |

100 200

300 400 500 600 700 800 900 1000
Sample index



Appendix 4 - Prediction horizon
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