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Auto-correlation function C(x) and its envelope Ce(x)
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Reservoir computation
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u(t) » »S(t-’—At)
input \r( t)1 output M, M « N
data reservoir da';\?, 100 ~10%  10% ~10°
RM RN R (M = M for full-inference)

r(t + At) = (1 — a)r(t) + atanh(Ar(t) + Wiau(t))
A, W;,: sparse random matrix, whose maximal eigenvalue is controlled
a: nonlinearity parameter (o = 0.3).

We determine Wou and ¢ s.t.

V< T Wour(t+At) +ems(t+At).

A single reservoir model can infer time-series from
various initial conditions for some time
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Summary

« We infer time-series of both microscopic and macroscopic variables
of fluid flow by machine-learning technique using reservoir
computation without a prior knowledge of a physical process.

« In order to generate a time-series data of a macroscopic variable of a
fluid flow, we do not need to go back to the microscopic dynamics.

We have especially succeeded in constructing a closed form equation of a
fluid flow describing macroscopic behavior only from data.
Time-delay coordinate of an input vector should be chosen as follows:
- Delay-time A 1 is so that the auto-correlation function Cis
0.45<C(A 1)<0.55 for the first time.
- Dimension M is chosen so that the envelope Ce of Cis
0.35<Ce(M A 7)<0.40.
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Modelling of the Reynolds number dynamics using the
delay-coordinate (Takens 1981, Sauer, Yorke and Catagli 1991)

u(t) = (Ba(t), Ba(t — A7), -, By(t — (M — 1)AT))T Ralt):= M=

s(t) = (Ra(t), Ra(t — A7), -+ ,Ra(t — (M — 1)A7))T
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The number of successful cases for each set of the time-delay
A 7 and the dimension M of the coordinate under two criteria
(i) the time average along & (t')] < 3 for £ < 3000,
(ii) the errar ez(t') = |sy{t') = &1 ()] = |Ralt') ~ fm."): < egp for all 1 < 60,
{iii) the error £2(t") < egg for all t* < 90,
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