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In this talk, I introduce a data-driven method for modal decomposition of possibly time-varying dynamical
systems. The formulation of the method is based on the probabilistic version of dynamic mode decomposition
(DMD). While DMD and its many variants extract modes with fixed frequencies and decay rates, the proposed
method aims to extract modes that have time-varying frequencies and decay rates. I show, with the results of
preliminary experiments, that the proposed method works properly on time-varying dynamics.
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X :=
[
x1 · · · xm

]
, Y :=

[
y1 · · · ym

]
.

A := Y X† X† X

DMD λi wi A

: naoya.takeishi@riken.jp
∗1

i

r = d r < d

[Schmid 10, Tu+ 14]

1.2
DMD

DMD [Takeishi+ 17]

{
xj ∼ CN (∑r
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.

0 50 100

−1

0

1

R
e
(d

a
ta

)

0 50 100

−0.1

0

0.1

R
e
(l
o
g
(λ̃

))

0 50 100

0.2

0.4

0.6

0.8

Time index j

Im
(l
o
g
(λ̃

))

truth

TVDMD

PDMD

(a)

0 50 100

−2

0

2

R
e
(d

a
ta

)

0 50 100

−0.1

0

0.1

R
e
(l
o
g
(λ̃

))

0 50 100
0.2

0.4

0.6

0.8

Time index j

Im
(l
o
g
( λ̃

))

(b)

1: (a) λ (b) λ

log(λ) log(λ)

TVDMD PDMD

DMD

E mϕ,λ
1:m V ϕ,λ

1:m

M

Eq(ϕj)q(λj)

[
m∑

j=1

log p(xj ,yj ,ϕj ,λj)

]
,
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ter, P., and Henningson, D. S.: Spectral analysis of nonlin-
ear flows. Journal of Fluid Mechanics, 641:115–127, 2009.

[Schmid 10] Schmid, P. J.: Dynamic mode decomposition of nu-

merical and experimental data. Journal of Fluid Mechanics,
656:5–28, 2010.

[Takeishi+ 17] Takeishi, N., Kawahara, Y., Tabei, T., and
Yairi, T.: Bayesian dynamic mode decomposition. In Pro-
ceedings of the 26th International Joint Conference on Ar-
tificial Intelligence, pp. 2814–2821, 2017.

[Takeishi+ 18] Takeishi, N., Yairi, T., and Kawahara, Y.: Facto-
rially switching dynamic mode decomposition for Koopman

analysis of time-variant systems. In Proceedings of the 57th

IEEE Conference on Decision and Control, pp. 6402–6408,
2018.

[Tu+ 14] Tu, J. H., Rowley, C. W., Luchtenburg, D. M., Brun-

ton, S. L., and Kutz, J. N.: On dynamic mode decompo-

sition: Theory and applications. Journal of Computational
Dynamics, 1(2):391421, 2014.

3

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

4P2-J-3-02


