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Sparsity-promoting dynamic mode decomposition (SP-DMD) is a data-driven method for estimating a modal
representation of a nonlinear dynamical system, where the modes are selected via l1-regularization depending on the
tradeoff between the quality of the representation and the number of the modes. However, the way to statistically
evaluate modes selected by SP-DMD is not established. If statistical evaluation is not performed, we may not
specify issues caused by different reasons such as noise and overfitting. In this paper, we propose a method to
statistically evaluate modes selected by SP-DMD. We develop the method based on the combination of bootstrap
and SP-DMD.
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1: SP-DMD

Y1, · · · , Yn F

θ = θ(F )

θ F

1 θ = θ(F )

F

F F ′ = (1 − ε)F + εG

θ(F ′) θ(F ) θ(F ′) = θ(F ) + o(ε)

o(ε) ε 0

0

θ = θ(F ) θ̂ = θ̂(Y1, · · · , Yn)

Fn

Fn =
1

n

n∑
j=1

δ(Yj ≤ y) (19)

θ̂ θ̂ = θ(Fn)

θ̂ θ

θ̂ θ

T (θ̂, F ) = t(θ̂, θ(F ))

H(F ) = EF [T (θ̂(Y1, · · · , Yn), F )] (20)

EF F

T (·, ·)

(20)

H(F )

Fn F

3.2
3.1

SP-DMD

α

α

2: s = 100

α (20)

{ψ0 ψ1 · · · ψN}

3.3

Ψ = {ψ0, ψ1, , ψN} (21)

SP-DMD x

t′ 0 ≤ t′ ≤ N − x

x, t′

Ψx = {ψt′ ψt′+1 · · · ψt′+x} (22)

SP-DMD

α

min
α

‖Ψx − ΦDαV
′
and‖2F + γ

r∑
i=1

|αi| (23)

V ′
and Vand

x (23)

‖Ψx − ΦDαV
′
and‖2F (24)

U∗ DMD

J ′(α) := ‖U∗Ψx − Y DαV
′
and‖2F (25)

3

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

1Z1-02



J ′(α)

J ′(α) = α∗P ′α− q′∗α− α∗q′ + s′ (26)

P := (Y ∗Y ) ◦ (VandV ∗
and),

q := diag (Vand (U∗Ψx)
∗ Y ),

s := trace(U∗Ψx(U∗Ψx)∗)

α′ (25)

α

α′ = P ′−1q′ (27)

(22) (26) B (t′

) α′
i

0

α′
i 0

B

α′
1 = 0

φ1

4.

[4] [(−5) ×
10−5, 5 × 10−5]

.

α′
i 0

B α′
i 0 B[α′

i=0]

P[α′
i=0] = B[α′

i=0]/B P[α′
i=0]

P[α′
i=0] i

1 SP-DMD

DMD r

P[α′
i=0]

L1

P[α′
i=0] = 0

P[α′
i=0] = 1 L1

(P[α′
i=0] = 0

)

2 x = 100

1 2 L1

SP-DMD

5.

SP-DMD

SP-DMD

[1] T. Takeishi, Y. Kawahara, Y. Tabei, T. Yairi.

Bayesian dynamic mode decomposition. Proc. of the

26th Int’l Joint Conf. on Artificial Intelligence (IJ-

CAI’17), pp.2814-2821, 2017.
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