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Abstract

Operator-theoretic analysis of nonlinear dynamical systems has attracted much attention
in a variety of engineering and scientific fields, endowed with practical estimation methods
using data such as dynamic mode decomposition. In this paper, we address a lifted repre-
sentation of nonlinear dynamical systems with random noise based on transfer operators,
and develop a novel Krylov subspace method for estimating the operators using finite data,
with consideration of the unboundedness of operators. For this purpose, we first consider
Perron-Frobenius operators with kernel-mean embeddings for such systems. We then ex-
tend the Arnoldi method, which is the most classical type of Kryov subspace methods, so
that it can be applied to the current case. Meanwhile, the Arnoldi method requires the
assumption that the operator is bounded, which is not necessarily satisfied for transfer
operators on nonlinear systems. We accordingly develop the shift-invert Arnoldi method
for Perron-Frobenius operators to avoid this problem. Also, we describe an approach of
evaluating predictive accuracy by estimated operators on the basis of the maximum mean
discrepancy, which is applicable, for example, to anomaly detection in complex systems.
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The empirical performance of our methods is investigated using synthetic and real-world
healthcare data.

Keywords: Nonlinear dynamical system, Transfer operator, Krylov subspace methods,
Operator theory, Time-series data

1. Introduction

Analyzing nonlinear dynamical systems using data is one of the fundamental but still chal-
lenging problems in various engineering and scientific fields. Recently, operator-theoretic
analysis has attracted much attention for this purpose, with which the behavior of a nonlin-
ear dynamical system is analyzed through representations with transfer operators such as
Koopman operators and their adjoint ones, Perron-Frobenius operators (Budisi¢ et al., 2012;
Kawahara, 2016). Since transfer operators are linear even if the corresponding dynamical
systems are nonlinear, we can apply sophisticated theoretical results and useful tools of the
operator theory, and access the properties of dynamics more easily from both theoretical
and practical viewpoints. This is one of the main advantages of using transfer operators
compared with other methods for learning dynamical systems such as using recurrent neural
networks (RNNs) and hidden Markov models. For example, one could consider modal de-
composition of nonlinear dynamics by using the spectral analysis in operator theory, which
provides the global characteristics of the dynamics and is useful in understanding complex
phenomena (Kutz, 2013). This topic has also been recently discussed in machine learning
(Kawahara, 2016; Lusch et al., 2018; Takeishi et al., 2017b).

However, many of the existing works mentioned above are on deterministic dynamical
systems. Quite recently, the extension of these works to random systems has been addressed
in a few works. The methods for analyzing deterministic systems with transfer operators
are extended to cases in which dynamical systems are random (Crnjarié¢-Zic et al., 2019;
Takeishi et al., 2017a). Also, the transfer operator for a stochastic process in reproducing
kernel Hilbert spaces (RKHSs) is defined (Klus et al., 2020), which provides an approach
of analyzing dynamics of random variables in RKHSs.

In this paper, we address a lifted representation of nonlinear dynamical systems with
random noise based on transfer operators, and develop a novel Krylov subspace method
for estimating the operator using finite data, with consideration of the unboundedness of
operators. To this end, we first consider Perron-Frobenius operators with kernel-mean
embeddings for such systems. We then extend the Arnoldi method, which is the most
classical type of Krylov subspace methods, so that it can be applied to the current case.
However, although transfer operators on nonlinear systems are not necessarily bounded, the
Arnoldi method requires the assumption on the boundedness of an operator. We accordingly
develop the shift-invert Arnoldi method for the Perron-Frobenius operators to avoid this
problem. Moreover, we consider an approach of evaluating the predictive accuracy with
estimated operators on the basis of the maximum mean discrepancy (MMD), which is
applicable, for example, to anomaly detection in complex systems. Finally, we investigate
the empirical performance of our methods using synthetic data and also apply those to
anomaly detection with real-world healthcare data.

The remainder of this paper is organized as follows. First, in Section 2, we review transfer
operators and Krylov subspace methods. In Section 3, we consider Perron-Frobenius oper-
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ators with kernel-mean embeddings for nonlinear dynamical systems with random noises.
In Section 4, we develop Krylov subspace methods for estimating these operators using
data, and in Section 5, we discuss the connection of our methods to existing methods. In
Section 6, we consider an approach of evaluating the prediction accuracy with estimated
operators. Finally, we empirically investigate the performance of our methods in Section 7
and conclude the paper in Section 8. Proofs which are not given after their statements are
given in Appendix A.

Notations Standard capital letters and ornamental capital letters denote the infinite
dimensional linear operators. Bold letters denote the matrices (finite dimensional linear
operators) or finite dimensional vectors. Calligraphic capital letters and italicized Greek
capital letters denote sets. The inner product and norm in Hj, are denoted as (-,-), and
Il - |lg, respectively. The operator norm of a bounded linear operator A in Hjy, which is
defined as supyeyy, |jvf|,=1 [[AV[|x is denoted as [[|A[[[x. While, the Euclid norm in C* for
S € N is denoted as || - ||, and the operator norm of a matrix A is denoted as [||A[||.
The typical notations in this paper are listed in Table 1.

2. Background

2.1. Transfer operators

Consider a deterministic dynamical system

Tir1 = h(xy),

where h: X — X is a map, X is a state space and z;y € X. Then, the corresponding
Koopman operator (Koopman, 1931), which is denoted as £, is a linear operator in some
subspace M C {g: X — X'}, defined by

Hg:=goh

for ¢ € M. From the definition, J# represents the time evolution of the system as
(™) (x0) = g(h(...h(x0))) = g(zy). Since the Koopman operator is linear even when
the dynamical system h is nonlinear, the operator theory is valid for analyzing it. And,
the adjoint of Koopman operator is called Perron-Frobenius operator. The concept of the
RKHS is combined with transfer operators, and Perron-Frobenius operators in an RKHS are
addressed (Kawahara, 2016; Ishikawa et al., 2018). One of the advantages of using transfer
operators in RKHSs is that they can describe dynamical systems defined in non-FEuclidean
spaces. Let H; be the RKHS endowed with a positive definite kernel k, and let ¢ : X — Hy,
be the feature map. Then, the Perron-Frobenius operator in the RKHS for h: X — X,
which is denoted by J#Rrknus, is a linear operator in Hj defined by

Hrkus¢(z) = ¢(h(x))
for ¢(x) € Span{¢(z) | z € X}.

Transfer operator has also been discussed for cases in which a dynamical system is
random. Let (X, B, u) and (§2, F, P) be probability spaces. The following random system
is considered (Crnjarié-Zic et al., 2019; Takeishi et al., 2017a):

Ti41 = W(t7 w, mt)a
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Table 1: Notation table

{Zo, Z1, ..
S
N

Ht, N

3

A measurable space (sample space) with a probability measure P

A Borel measurable and locally compact Hausdorff vector space (state
space)

A random variable from {2 to X represents the observation at ¢

An i.i.d. stochastic process corresponds to the random noise, where & :
N—-Xx

A positive-definite continuous, bounded and cy-universal kernel on X
The feature map endowed with k

The RKHS endowed with k

The set of all finite complex-valued regular Borel measures on X

The kernel mean embedding M(X) — My, defined by u — [ ¢(z) du(x)
A Perron-Frobenius operator

The domain of a linear operator A

The spectrum of an A

The numerical range of an A on H defined by {(Av,v) | v € H, ||v| =1}
The minimal singular value of a matrix A defined by minjy_; [[Awl||

A parameter to transform K to a bounded bijective operator (yI — K)~*
which is not in A(K)

Observed time-series data

A natural number that represents the dimension of the Krylov subspace
A natural number that represents the amount of observed data used for
the estimation
The empirical
{Tt, - T (s+y(v—1)}

The weak limit of p; g in M(X)

The Krylov subspace of a linear operator A and a vector v

The linear operator from C° to H;, composed of the orthonormal basis of
the Krylov subspace

The S times S matrix which transforms the coordinate into the one with
the orthonormal basis

The estimation of K in an S-dimensional Krylov subspace

The estimation of (yI — K)~! in an S-dimensional Krylov subspace

The abnormality at ¢ computed with Kg

measure generated by finite observed data

where 7: Z>o X 2 X X = X is a map and z; € X'. Then, the Koopman operator, which is
denoted as %, is a linear operator in £2(X) and defined as

g = / _ole(t..) dP()

for g € L%(X). Also, Perron-Frobenius operators in RKHSs for a stochastic process {x;}
on (&, B, 1) whose probability density functions are {p:} are considered (Klus et al., 2020).
The Perron-Frobenius operator in an RKHS Hj,, which is denoted as J#jkmns,, is a linear
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operator in Hj, and defined by
HRKHSE Dt = U Py,

where & and % are respectively the embeddings of probability densities to H defined as
0+ [per (@)a(z) du(z) and g = [,y [,cr @(Y)P(y|z)e(x) dp(y)dp(z), and p is a function
satisfying P(zi1 € A | {ze = 2}) = [, 4 p(yl2) dp(y).

The Koopman and Perron-Frobenius operators are defined in infinite dimensional spaces
and linear, whereas original systems are defined in finite dimensional spaces and nonlinear.
The full nonlinear dynamics can be captured within the linear operator, which allows us
to apply techniques for linear operators such as Krylov subspace methods and modal de-
composition. Meanwhile, since the operators are defined in infinite dimensional space, we
need fine arguments with mathematics for constructing and analyzing algorithms related
to these operators in general.

2.2. Unbounded linear operators

First, we review the definition of a linear operator in a Hilbert space H.

Definition 1 Let S be a dense subset of H. A linear operator A in H is a linear map
A:S — H. The set S, which is denoted as D(A), is called the domain of A. If there exists
C > 0 such that the operator norm of A, which is defined as || Al := sup,eqy jjoj=1 [[Av]] s
bounded by C, then A is called bounded.

For a linear operator A, the spectrum and numerical range are defined as follows:

Definition 2 Let T'(A) be the set of v € C such that (vI — A) : D(A) — H is bijective and
(vI — A)~! is bounded. The spectrum of A is the set C\ T'(A), which is denoted as A(A).
Moreover, the numerical range of A is the set {{Av,v) € C|v € D(A), ||v|| = 1}, which is
denoted as W(A).

If A is bounded, it can be shown that A(A) is nonempty and compact (Kubrusly, 2012,
Theorem 2.1, Theorem 2.2). Also, by Toeplitz-Hausdorff theorem, it can be shown that
W(A) is bounded and convex (Mclntosh, 1978). The relation between A(A) and W(A) is
characterized by the inclusion A(A) C W(A). However, if A is unbounded, neither A(A)
nor W(A) is always bounded.

2.3. Krylov subspace methods

Krylov subspace methods are numerical methods for estimating the behavior of a linear
operator by projecting it onto a finite dimensional subspace, called Krylov subspace. Let
A be a linear operator in Hilbert space H and v € H. Then, the Krylov subspace of A and
v, which is denoted by Vg(A,v), is an S-dimensional subspace

Span{v, Av, ..., A5 ty}.

Krylov subspace methods are often applied to compute the spectrum of A, A~'v, or f(A)v
for a given large and sparse N x N matrix A, vector v € CV and function f (Krylov, 1931;
R Hestenes and Stiefel, 1952; Saad and Schultz, 1986; Gallopoulos and Saad, 1992; Moret
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and Novati, 2004). The theoretical extensions of Krylov subspace methods for linear oper-
ators in infinite dimensional Hilbert spaces are explored in Giittel (2010); Grimm (2012);
Gockler (2014); Hashimoto and Nodera (2019) to deal with matrices that are finite dimen-
sional approximations of infinite dimensional linear operators.

The Arnoldi method is a classical and most commonly-used Kryov subspace method.
With the Arnoldi method, the Krylov subspace Vg(A,v) is first constructed, and A is
projected onto it. For a matrix A and vector v, since the basis of Vg(A, v) can be computed
only by matrix-vector products, the projection of A is also obtained only with matrix-vector
products. Note that the computational cost of the matrix-vector product is less than or
equal to O(N?), which is less computationally expensive than computing the spectrum of
A, A~ or f(A) directly.

On the other hand, A is often the matrix approximation of an unbounded A, that is,
the spatial discretization of A. Theoretically, if A is an unbounded operator, A'v for i =
1,...,5—1 cannot always be defined, and practically, although A is a matrix (bounded), the
performance of the Arnoldi method for A degrades due to the unboundedness of the original
A. To overcome this issue, the shift-invert Arnoldi method, that constructs the Krylov
subspace Vs((7I — A)~!,v), where v is not in the spectrum of A, has been investigated.
Since (yI — A)~! is bounded, (yI — A)~% for i = 1,..., S — 1 is always defined. Thus, the
Krylov subspace Vg((vI — A)~1,v) can be constructed. This improve the performance for
matrix A, which is a matrix approximation of unbounded A.

Moreover, the application of the Arnoldi method to estimating transfer operators has
been discussed for the deterministic case #rkns (Kawahara, 2016) and for the random
case .#; (Crnjarié-Zic et al., 2019). An advantage of the Krylov subspace methods for
estimating transfer operators is that they require one time-series dataset embedded by
one observable function or one feature map, which matches the case of using an RKHS.
Meanwhile, the largest difference between the Krylov subspace methods mentioned in the
preceding paragraphs and those for transfer operators is that the operator to be estimated
is given beforehand or not. That is, calculations appear in Krylov subspace methods for
transfer operators need to be carried out without knowing the operators.

3. Perron-Frobenius Operators with Kernel-Mean Embeddings

Consider the following discrete-time nonlinear dynamical systems with random noise in X’

T = h(zy) + &, (1)

where t € Z>o, ({2, F) is a measurable space (corresponding to a sample space), (X, B) is
a Borel measurable and locally compact Hausdorff vector space (corresponding to a state
space), x; and & are random variables from sample space {2 to state space X', and h: X — X
is a map which can be nonlinear. Let P be a probability measure on (2. Examples of locally
compact Hausdorff space are R? and Riemannian manifolds. Assume that & with ¢ € Z>o
is an i.i.d. stochastic process and is independent of z;. The &(w) corresponds to random
noise in X. We consider an RKHS on X. Let k: X x X — C be a positive-definite kernel
on X, i.e., k satisfies

1. k(z,y) = k(y,x) for z,y € X,
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2. E;l,jzl ciGik(zi,x5) > 0forn €N, ¢; € C, and z; € X.

The corresponding feature map is denoted by ¢, which is defined as ¢(x) = k(x,-). Let
M0 := Span{¢(z) | x € X'} and (-,-), be an inner product on Hy, o defined as

<ZC¢¢($¢)aZCj¢(ij)> ZZ@@M%#&)
i=1 i=1

k=1 =1

The completion of Hj is called a reproducing kernel Hilbert space (RKHS), which is
denoted as Hj. In this paper, we assume that k is continuous, bounded and cp-universal,
ie., ¢(x) € Co(X) for all x € X and Hy, is dense in Co(X'). Here, Co(X) is the space of
all continuous functions vanish at infinity (Sriperumbudur et al., 2011). For example, the
Gaussian kernel e=¢lz=* and the Laplacian kernel e~<l#=¥llt with ¢ > 0 for =,y € X with
X = R? are continuous and bounded cp-universal kernels.

Now, we consider the transformation of the random variables in dynamical system (1)
into probability measures to capture the time evolution of the system starting from several
initial states. That is, random variable x is transformed into probability measure x,P,
where x, P denotes the push forward measure of P with respect to x, defined by z,P(B) =
P(z~Y(B)) for B € B. This transformation replaces the nonlinear relation h between z
and x,1 with a linear one between probability measures. Concretely, let 8;: X x {2 — X be
a map defined by (z,w) — h(z) + &(w). Then, a linear map p +— B, (u ® P) is considered
for a probability measure u, instead of h. Also, we embed the probability measures into
Hilbert space Hj, which defines an inner product between probability measures, to apply
the operator theory. Referring to Klus et al. (2020), this embedding is possible by the
kernel mean embedding (Muandet et al., 2017) as follows. Let M(X') be the set of all
finite complex-valued regular Borel measures on X. Then, the kernel mean embedding
®: M(X) — Hy is defined by p— [y ¢(z) du(z).

As a result, the Perron-Frobenius operator for dynamical system (1) is defined with g,
and the kernel mean embedding ® as follows:

Definition 3 The Perron-Frobenius operator for the system (1), K : ®(M(X)) — Hg, is
defined as

K®(p) := ©(Br.(n @ P)). (2)

That is, K transfers the measure generated by x; to that by x;y1. In fact, the following
lemma holds.

Lemma 4 The relation K®(z, P) = ®(x441,P) holds.

Before discussing the estimation of K, we here describe some basic properties of the
kernel mean embedding ® and K, which are summarized as follows:

Lemma 5 The kernel mean embedding ®: M(X) — Hy, is a linear and continuous map.

Lemma 6 The Perron-Frobenius operator K : ®(M(X)) — Hy does not depend on t, is
well-defined and is a linear operator.
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Also, the following two propositions show the connections of K to the existing operators
(stated in Section 2.1). We have the following relations of K with #rkns,; and with J7;:

Proposition 7 If the stochastic process {xi} considered in Klus et al. (2020) satisfies
iy = h(xy) + &, then JHrkus: does not depend on t and the identity Frxusépr =
K®(x4, P) holds.

Proposition 8 If the random dynamical system 7 satisfies (t,w,z) = Br(w,x) = h(z) +
& (w), then the Koopman operator J; in Hy, does not depend on t and is the adjoint operator
of K.

4. Krylov Subspace Methods for Perron-Frobenius Operators in RKHSs

In this section, we describe the estimation problem of the Perron-Frobenius operator K
defined as Eq. (2). For this purpose, we extend Krylov subspace methods to our case.
We first extend the classical Arnoldi method to our case in Subsection 4.1. Although this
method requires K to be bounded for its convergence, K is not necessarily bounded even
for standard situations. For example, if k is the Gaussian kernel, A is nonlinear and & = 0,
then K is unbounded (Ikeda et al., 2019). Therefore, we develop a novel shift-invert Arnoldi
method to avoid this issue in Subsection 4.2. Although these two subsections discuss the
ideal situations with infinite length of time-series data, we consider practical situations with
finite ones in Subsection 4.3.

With both methods, we construct the basis of the Krylov subspace as follows. Let
S € N be the dimension of the Krylov subspace constructed using observed time-series data
{Zo, Z1, ...}, which is assumed to be generated by dynamical system (1) with sample wy € (2.
To generate elements of a basis of the Krylov subspace in terms of kernel mean embedding
of probability measures, we split the observed data into S + 1 datasets as {Zo, Zg,...},
{Z1,%1490,-- -}, -y {T5,T5157,--.}, where S = S+ 1. Then we define each element of the
basis as the time average of each subset above in the RKHS.

4.1. Arnoldi method for bounded operators

Fort =0,...,95, let yuyn = % Zf\i 61 0z, igt be the empirical measure constructed from
observed data, where 0, denotes the Dirc measure centered at € X, and Vo py :=
[®(po,N),---, P(us—1,n)] with N € N. By the definition of K, the following relation holds:

KVon = [® (Bos (hon @ P)) 5o, @ (Bs-1, (ps—1.8 @ P))]. 3)

The calculation on the right-hand side of the Eq. (3) is possible only if £, is available.
However, in practical situations, 3; is not available. Therefore, ® (S, (ut,n ® P)) is not
available either. To avoid this problem, we assume the following condition, which is similar
to ergodicity, i.e., for any measurable and integrable function f, the following identity holds:

ngnm% Z: S (i) + () dPw)

f(h(Zeqisr) + &eqisr(n) as.n € 2 (t=0,...,9).
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Here, while the left-hand side of assumption (4) represents the space average of &, the right-
hand side gives its time average. As a result, limy_,oo @ (B, (e, v ® P)) can be calculated
without B¢, which is stated as follows:

Proposition 9 Under assumption (4), the following identity holds for t =0...,5 — 1:
im @ (B, (v ® P)) = lim @(pp41,n)-
N—oo N—oo

Proof By the definition of K, the identity imy_soc K P (e, n) = Imn 00 @ (B, (e, 8y @ P))
holds. Moreover, under assumption (4), the following equalities hold:

Jim ® (B, (uy @ P)) = lim fz / S(h(Frsisr) + &(w)) dP(w)

N— N—
. 1 . 1
= ]\}g%o N §_ h(Ziyist) + evis' (wo)) = ]\}g{l)oq) (N ;_0: 553t+1+i5”)
= lim ®
Nun (pt+1,8)
which completes the proof of the proposition. [ |

Assume p; v converges weakly to a finite complex-valued regular measure p;. Then,
since ® is continuous, limy_,oc ®(1e,n) = ®(p¢) holds. Moreover, if K is bounded, then
K®(pt) = imy_yoo KP(pe,n) holds. By Lemma 9, the limit of the right-hand side of
Eq. (3) is represented without g; as [®(u1),...,®(us)]. In addition, that of the left-hand
side becomes K [®(up), ..., P(us—1)]. As a result, we have:

K [®(p0), - -, ®(pus—1)] = [@(k1), - - ., P(us)] - (5)

Note that the range of the operator [®(ug),. .., P(us—1)] in Eq. (5) is the Krylov subspace
Vs(K,®(uo)) (cf. Section 2.3) since

Spaﬂ{q’(MO)a s 7(1)(/15'*1)} = Span{q’(HO)a K(I)(/Lo), SRR KS?I(I)(HO)}'

Now, the estimation of K is carried out as follows: First, define Wy and ¥, as

Vo := [®(uo) - -, P(ps—1)], U1 := [®(p) ..., P(us)]-

Then, we orthogonally project K to the Krylov subspace Vg(K, ®(ug)) by QR decomposi-
tion. That is, let

\IIO = QSRS7

be the QR decomposition of ¥y, where Qs = [qo,---,q5-1], o, - - -,¢s—1 is an orthonormal
basis of Vs(K, ®(u0)), and Rg is an S x S matrix. Note that since (QsQ%)* = QsQ% and
(RQsQs)" = QsQ%, QsQF is an orthogonal projection, where Q% is the adjoint operator of
Qs. Operator Qg transforms a vector in C¥ into the corresponding vector in Hj, which is
the linear combination of the orthonormal basis of Vs(K, ®(10)). On the other hand, Q¥,
the adjoint operator of Qg, projects a vector in Hj, onto C¥. Moreover, Rg transforms the
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coordinate with basis {®(u), ..., P(us—1)} into that with {qo,...,qs—1}. By identifying
the S-dimensional subspace Vs(K, ®(u0)) with C¥, a projection of K onto Vs (K, ® (o)) is
represented as an S x S matrix QK @Qg. This matrix gives a numerical approximation of
K. Let Kg := Q¢KQs. As aresult, since Qg = \IJORgl, the following equality is derived
using Eq. (5):

Ks = Q¥ R,

which shows that Kg can be calculated with only observed time series data {Zg,Z1,...}.
We give a more detailed explanation of the QR decomposition for the current case and the
pseudo-code of the above in Appendices B and C, respectively.

Regarding the convergence of K, we have the following proposition:

Proposition 10 Assume K is bounded. If the Krylov subspace Vs(K, ®(ug)) converges to
My, that is, if the projection QsQyg converges strongly to the identity map in Hy as S — oo,
then for v e ®(M(X)), QsKsQv converges to Kv as S — oo.

Proof Since Kg = QsKQs and Kv € Hy, the following inequality holds:

1QsKsQsv — Kvlly, < [|QsQ5KQsQ5v — QsQsKv|i + |QsQsKv — K|y
< QsQsK|[xlQsQsv — vk + |QRsQsKv — Kvllg
<Kk QsQ5v — vk + [[QsQsKv — Kv|g
— 0, (6)

as S — 0o, which completes the proof of the proposition. |

Note that || K||x in Eq. (6) is not always finite if K is unbounded. Thus, Proposition 10 is
not always true if K is unbounded.

In practice, we can iteratively compute the Arnoldi or shift-invert Arnoldi (which will
be proposed in the next subsection) approximations for S = 1,2, ... and stop the iteration
after the discrepancy between the approximation at .S and S — 1 becomes sufficiently small.

4.2. Shift-invert Arnoldi method for unbounded operators

The estimation of K with the Arnoldi method does not always converge to K if K is
unbounded. Therefore, in this section, we develop the shift-invert Arnoldi method for
estimating K to avoid this issue. With this method, we fix v ¢ A(K) and consider a
bounded bijective operator (yI — K)™1 : Hy — ®(M(X)), where A(K) is the spectrum of
K under the assumption A(K) # C. And, bounded operator (yI — K)~! instead of K is
projected onto a Krylov subspace.

For the projection of (yI—K) ™!, we need to calculate the Krylov subspace of (yI—K) 1.
However, since K is unknown in the current case, directly calculating (v — K)~* thus, the
Krylov subspace is intractable. Therefore, we construct the Krylov subspace using only
data by setting a vector wg € Hj, which depends on the dimension of the Krylov subspace
S, and computing (yI — K) 'wg. The following proposition guarantees a similar identity
to Eq. (5):

10
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Proposition 11 Define w; := g:o ({)(—l)tvj*té(ut). Then, we have
(vI — K) ' wy, ..., ws] = [wy, ..., ws_1].
Moreover, space Span{ws, ..., ws} is the Krylov subspace Vs ((7[ - K)™ 4 wg).

Proof Based on Proposition 9, we have:

tim (v®(pe,v) = Blu1,)) = i (19 () = @ (Br. (y © P))))

N—oo
= Jim (y®(pe,v) = KO (en)) (71 = K)®(pe,n)- (7)

= lim
N—o0
Since (yI — K)~! is bounded, applying (yI — K)~! to both sides of Eq. (7) derives the

identity (vI — K)“1(y® (i) — ®(pev1)) = ®(p¢). Thus, for j = 0,...,8 — 1, the following
identity holds:

J j ' J ] .
(01 = 1) 3 (1) 0 ) = B =3 (1) (-0 R (6)

t=0

Since w; = {:0 (g)(—l)t'yj_tq)(ut), by Egs. (8) and (9), the identity (yI — K) lw;11 = w;
holds. Thus the following identity holds:

(vI — K) ' [wy, ..., ws] = [wo, ..., ws_1],
and space Span{wy, ..., ws} is the Krylov subspace Vs((vI — K)™1, wg). [ ]

Note that w; can be calculated using only data.
We now describe the estimation procedure. First, define ¥y and ¥, as

\I/Q = [wl,... ,’ws], \Ifl = [’w(),.. . ,’LUS_l],

respectively. And, let ¥ = QsRg be the QR decomposition of Wy. Similar to the Arnoldi
method, the projection of (yI — K)~! to Vs((vI — K)~!,wg) is formulated as

Ls :== Q5¥ R,

11
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by using Proposition 11. As a result, K is estimated by transforming the projected (yI —
K)~! back into K as 3 .
Kg:=11-Lg"

A more detailed explanation of the QR decomposition for the current case and the pseudo-
code are found in Appendices B and C, respectively.
Regarding the convergence of Kg, we have the following proposition:

Proposition 12 If the Krylov subspace Vs((vI — K)~', wg) converges to Hy, that is, if
the projection QsQ% converges strongly to the identity map in Hy as S — oo, and if the
convergence of QsQ§ to the identity map is faster than the increase in ]|\QSI~(SQ§(71 -
K)~Y|x along S, i.e., ||QsKsQ5(vI — K)~'|1|QsQbu —ullr, — 0 as S — oo for arbitrary
u € Hy, then for v e ®(M(X)), QSKSQEU converges to Kv as S — oo.

Proof Since Kg =4I — INJEI and Lg = Q5(vI — K)~'Qs, and since v € ®(M(X)) can be
represented as v = (y] — K)~'u with some u € Hy, by the bijectivity of (yI — K)~ !, the
following inequality holds:

IQsKsQ%v — Kol
< 1QsKsQs(vI — K) 'u— QsKsQs(vI — K) ' QsQ%ull
+ 1Qsg(Lis)Qsu — g(v — K) ™ Hullx
< IQsKsQs(vI — K) Ikl QsQbu — ullx
+ Yl1QsLsQsu — (vI — K) ™ ully + |QsQ%u — ullk, (10)

where g(2) := vz — 1. Since u € Hy, = D((yI — K)™1), QsLsQgsu converges to (:yI—K)_lu
in the same manner as Proposition 10. Also, under the assumption of [|QsKsQg(vI —
K)_1|HkHQSQ§u —ullp = 0as S = o0, |QsKsQtv — Kv||p = 0 as S — oo. [ |

Note that since QsKgQ% and (yI — K)~! are bounded, [|QsKsQ% (v —K)~!|| in the first
term of the last inequality of Eq. (10) is finite for a fixed S. This situation is completely
different from that of the Arnoldi method, in which case [|QsQ6K|||x in Eq. (6) cannot
always be defined when K is unbounded even if S is fixed. Concerning the second term of
the last inequality of Eq. (10), it represents the approximation error of bounded operator
(vI — K)~! by Lg, which corresponds to the approximation error of K by Kg with the
Arnoldi method.

According to Proposition 12, for the convergence of the shift-invert Arnoldi method,
we need the technical assumption concerning the convergence of the Krylov subspace. For
applications, v is set as v = ¢(&;) for time ¢, where t is greater than any ¢’ such that Zy is
used for constructing the Krylov subspace. If the orbit of the dynamical system is periodic or
approaching a fixed point, the distance between the Krylov subspace and v quickly becomes
small for sufficiently large S, since Iy, observed data composing the Krylov subspace,
approach x;. Thus, the distance between the Krylov subspace and u = yv — Kv in the
proof also becomes small for sufficiently large S. Therefore, the assumption is expected to
be satisfied. Unfortunately, showing the sufficient condition of the assumption theoretically
is a challenging task. We will empirically confirm the convergence of the shift-invert Arnoldi
method in Subsection 7.1.

12



KRryLOV SUBSPACE METHOD FOR NDS wiTH RANDOM NOISE

4.3. Computation with finite data

In practice, u; are not available due to the finiteness of data {Zo,Z1,...}. Therefore, we
need p; n instead of ;. We define Wy y and ¥y y as the quantities that are obtained by
replacing g with g n in the definitions of ¥ and ¥;. For example, we define Wq x for the
Arnoldi method (described in Subsection 4.1) by ¥g n := [®(po,n), - - -, P(ps—1,n5)]. Also,
we let Wy = Qs nyRsn be the QR decomposition of ¥y, and Kg y be the estimator
with Wy ny and ¥y y that corresponds to KS.

Then, we can show that the above matrices from finite data converge to the original
approximators.

Proposition 13 As N — oo, the matriz I~(57N converges to matrix Kg, and operator
QsN : C% — Hy, converges to Qg strongly in Hi,.

Proof The elements of Rg n € C5*5 and Qi nYiN € C5*5 are composed of the finite lin-
ear combinations of the inner products between O (e, v) in the RKHS. Since impy 00 p1t, 8 =
pt for each t € {0,...,S}, and since ® is continuous, the identity impy_,o0 ®(1e,n) = P(1t)
holds. Therefore, by the continuity of the inner product (-,-),, (®(u,n), ®(1s,n)), con-
verges to (®(ut), ®(us)),, for each "t,s € {0,...,S} as N — oo. Thus, matrices Rgn and
QE’ Ny ¥1,n converge to Rg and QW1 as N — oo, respectively. This implies matrix K& N
converges to Kg as N — 0.

Moreover, by the identity imy_,o0 @ (e, n) = ®(11¢), imy 00 ||[¥o,vv — ¥ov ||z = 0 holds
for all v € C5*5. Since k is bounded, for all t € {0,..., S}, there exist C(t) > 0 such that
|®(pue.5)||x < C(t) for all N € N. Thus, there exists C' > 0 such that || |z < C for all
N € N. Therefore, for all v € C%, it is deduced that

|Qs,nv — Qsvl|k = H\IIO,NREEVU — ToRg 0|k
< || WonRg v — Yo nRg v[lk + | ¥onRG v — YRG0
< Po,n Ikl Rg v — R ollr + [[WonRg v — WoRg o]l
< C|Rg v — Rg'ollk + [ ¥o xR v — ToRG |k

— 0,

as N — oo. This implies that ()5 n converges to Qg strongly in Hj, which completes the
proof of the proposition. |

The convergence speeds of Qg v — Qs and Ks,N — Kg depend on that of D (pen) — P(pee)
as described in the proof of this proposition. And, the following proposition gives the
connection of the convergence of ® (s ) — () with the property of noise &:

Proposition 14 For all ¢ > 0 and fort = 1,...,5, if N is sufficiently large, the proba-
bility of ||®(pe) — P(pe,n) || > € is bounded by 421»]\;61 o7 1/ (N?€®) under the condition

of Ty-11isr = Fp-14isr. Here, 02y = [ o || ¢(A(Fpsisr) + &pis (w)) — muill; dP(w) and
mii = [co @M Zryis) + Episr (W) dP(w).

13
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Proof Let myy :=1/N Y1 " my;and 62y = [ IL/N S50 ¢(h(Eeris ) +Eirist (w)) —
my, N”k dP(w). The following identities about & n hold:

N-1

2
Gin = /werz ]1, ;@(h(itﬂ's') + i (W) — M) k dP(w)
| /Nl

- /UJEQ ]VQ< ; Hgb(h‘(i‘t+lsl) + £t+iSl ((/J)) _

N—1

i Z (B(h(Tryis) + Erris (W) = Mt S(W(Tryjsr) + Erpgsr (W) — mt,j>k> dP(w)

z%]#:jo

| N1
- N2 Z 0-15271" -

=0

The last equality holds because & ;s and &5 are independent if ¢ # j and the following
equality holds for i,j € {0,..., N — 1}, ¢ # j by definition of my ;:

/en (DM Frpisr) + Eopis (W) = mai, d(M(Tryjsr) + Errjsr (W) — meg), dP(w)

= / . Q<¢(h(5ft+i5’) + &pis (W) = muis S(W(Frrjsr) + o st (1) — 1), AP(w)dP (1)
we ne
=0.

Let € > 0. By the Chebyshev’s inequality and Eq. (11), it is derived that:

TN 1 =
> € < 27 = 2 9 E :0-152 1,2
- - € N-Ze -
k i=0

By assumption (4), for sufficiently large N, P(||m;—1 y—limy_00 1/N Zf;ﬁl
&—1+is(w))||k < €/2) =1 holds. Thus, we have:

(”N Z ¢ xt 1+ZS’) + ft 1—HS’( )) - mtfl,N

(M Zp—14i57)+

P(|@(pue,n) = @(pe)lle > €| @e14is = Tp—14457, 1 =0,1,...)

— N—1
=P (H‘i] Z A(P(Tt—14is) + &E—14i57 (W) _]\}Enoo% ; A(M(Zi—14457) + E—14i57 (W) kz e)
| N1
=r (HN Z P(M(Zi-1+is) + &-1+i57 (W) = My-1,N
=0 k

+ Hmt 1I,N — hm *ZQS (Tp—14is7) + &—14is5' (W)

> €
k

¢ N—
+5>¢€ t1z7
k 2 )

=0

N—-1
<P (H;f z; A(h(Tp—14457) + &—14i5' (W) — My—1.N

which completes the proof of the proposition.

14
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The condition x; 1,5 = T4+ 1145 means that for each ¢ = 1,...,m, we just focus on the
noise related to the observables that construct ®(y ). Therefore, the proposition describes
the probability of the deviation of ®(x ) from the mean value caused by one time-step
noise becoming larger than e.

Remark 15 The value o,; represents the variance of h(Ziyisr) + &vis (w) in RKHS and
&t(w) is the only term that depends on w in h(Zyyis0) + &evis (w). Therefore, oy, is small if
the variance of & is small. Thus, Proposition 14 shows theoretically, if the variance of & is
small, the convergence is fast. Also, the proposition implies that if o1 ; ~ o for some o >0
foralli=1,...,N —1 and if we set N as N > 402/(6¢%) for ¢ > 0 and § > 0, then the
probability of || ®(ut) — (e, N )|k > € is bounded by 6. On the other hand, setting N large
may lead numerical instabilities as S grows up, especially for the Arnoldi method. This is
because some pairs of ®(pe,n), defined as averages of subsequences of observed data, may
become approximately linearly dependent. This phenomenon will be empirically confirmed
in Subsection 7.1.

5. Connection to Existing Methods

In the previous two sections, we defined a Perron-Frobenius operator for dynamical systems
with random noise based on kernel mean embeddings and developed the Krylov subspace
methods for estimating it. We now summarize the connection of the methods with the
existing Krylov subspace methods for transfer operators on dynamical systems.

For L£?(X) space and deterministic dynamical systems, the Arnoldi method for the
Krylov subspace with Koopman operator ¢,

VS(%79) = Span{gajga . '7%5719}7

is considered in Kutz (2013), where g : X — C is an observable function. Let {Zo,...,2Z5_1}
be the sequence generated from deterministic system z;+1 = h(xy). Then, this Krylov
subspace captures the time evolution starting from many initial values Zy,...,Zg_1 by ap-
proximating g with [g(Zo),...,9(Zs—1)]. This idea is extended to the Krylov subspace with
Koopman operator % Vg(f ,g), for the case in which the system is random, by assuming
the following ergodicity (Crnjarié¢-Zic et al., 2019; Takeishi et al., 2017a): for any measurable
and integrable function f with respect to a measure u,

1 N—-1
/w IRCLEENE WO (12)

The following proposition states the connection with our assumption (4) in Subsection 4.1
and the assumption (12).

Proposition 16 For eacht = 0,...,5 — 1, if there exists a random variable y; such that
e = Y P, and y; is independent of &, then assumption (4) is equivalent to assumption (12)
for p=(h(yt) + &), P and Z; = Tyy144s0-

Meanwhile, Kawahara considers a Perron-Frobenius operator for deterministic systems
in an RKHS Hj, and projects it to the following Krylov subspace (Kawahara, 2016):

Vs(Hrxns, ¢(20)) = Span{d(Z), Frkusd(Z0) - - -, Feus®(Z0)}- (13)

15
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Subspace (13) captures the time evolution starting from a single initial value Zy. This
prevents the straightforward extension of Krylov subspace (13) to the subspace that is
applicable to the case in which the dynamics is random. It can be shown that the Krylov
subspace with Perron-Frobenius operator K, Vs(K, ® (1)), which is addressed in this paper
for random systems, is a generalization of the Krylov subspace for the deterministic systems
considered in Kawahara (2016):

Proposition 17 The Krylov subspace Vs(K, ®(up)) generalizes the Krylov subspace intro-
duced by Kawahara (13) to that for dynamical systems with random noise.

Note that the framework of the Krylov subspace methods for Perron-Frobenius operators
for random systems has not been addressed in prior works. Also note that the theoretical
analysis for these methods requires the assumption that the operator is bounded, which
is not necessarily satisfied for transfer operators on discrete-time nonlinear systems (Ikeda
et al., 2019).

The shift-invert Arnoldi method is a popular Krylov subspace method discussed in
numerical linear algebra, which is applied to extract some information, for example, eigen-
values and a matrix function acting on a vector, from given matrices, and some theoretical
analyses have been extended to given unbounded operators (Giittel, 2010; Grimm, 2012;
Gockler, 2014; Hashimoto and Nodera, 2019). However, as far as we know, our paper is
the first paper to address the unboundedness of Perron-Frobenius operators for the esti-
mation problem and apply the shift-invert Arnorldi method to estimate Perron-Frobenius
operators, which are not known beforehand. Since the shift-invert Arnoldi method was orig-
inally investigated for given matrices or operators, applying it to unknown operators is not
straightforward, as described in Subsection 4.2.

6. Evaluation of Prediction Errors with Estimated Operators

In this section, we discuss an approach of evaluating the prediction accuracy with esti-
mated Perron-Frobenius operators, which is applicable, for example, to anomaly detection
in complex systems.

Consider the prediction of ¢(7;) (€ Hy,) using estimated operator Kg y and observation
(embedded in RKHS Hj) ¢(#;—1). This prediction is calculated as QS7NI~{SVNQ§’N¢(@_1).
Thus, the prediction error can be evaluated as

l9(F:) — Qs nKs N Q5 nG(Ee—1) |1 (14)

Note that this is the maximum mean discrepancy (MMD) between Qg NK& NQ% NO(Zi-1)
and ¢(Z¢) in the unit disk in Hy (Gretton et al., 2012).

For practical situations such as anomaly detection, we define the degree of abnormality
for prediction at ¢t based on the MMD (14) as follows:

ay.g = [¢(Z¢) _QSKSQ*SGZ)(jtfl)Hk.
’ |QsKsQ5o(Tr—1) |k

16
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The a; g is bounded as follows:

_ 16(%:) — QsKsQid(Fe—1) |k

1QsKsQid(F1-1) Ik
< H¢(9~Ct~> — Ko(Z-1) |k n ||K¢(53t—1)~— QSKSQZ*Qb(i‘t—l)Hk'
T |QsKsQEd(Ti-1) Ik 1QsKsQsA(Tt-1)llx

at,s

(15)

Concerning the second term of the right-hand side in Eq. (15), the following proposition is
derived directly by Propositions 10 and 12:

Proposition 18 Let Kg be the estimation using the shift-invert Arnoldi method. Under
the assumption of Proposition 12, |K¢(Zi—1) — QsKsQd(Zi—1)||x/[|QsKsQsd(Te—1)llk,
the second term of the right-hand side in Fq. (15), converges to 0 as S — oo. For the
Arnoldi method, the convergence is attained for the case in which K is bounded and the
Krylov subspace Vs(K, ®(1p)) converges to Hy.

On the other hand, the numerator of the first term of the right-hand side in Eq. (15)
represents the deviation of the observation Z; from the prediction at ¢ under the assump-
tion that Z; is generated by the dynamical system (1) in the RKHS, because the identity
Kp(Z1-1) = [ e @(M(Zi-1) + &(w)) dP(w) holds by the definition of K. And, the follow-
ing proposition shows that the denominator indicates how vector ¢(Z;_1) deviates from the
Krylov subspace:

Proposition 19 Let Kg be the estimation with the shift-invert Arnoldi method and let
g(z) = z/(yz — 1) for = € C. If g is holomorphic in the interior of W((vI — K)™1) and
continuous in W((vI — K)~1), then the following inequality holds:

1 c

~ < , 16
10sKsQso@ )l — 1050 (16)

where C' = (1 + /2) SUPew((vI—K)-1y 19(2)| > 0 is a constant. For the Arnoldi method,
inequality (16) is satisfied with g(z) = 1/z for the case in which K is bounded and g is
holomorphic in the interior of W(K) and continuous in W(K).

To show Proposition 19, the following lemma by Crouzeix and Palencia (2017) is used.

Lemma 20 Let A be a matrixz. If f is holomorphic in the interior of W(A) and continuous
in W(A), then there exists 0 < C < 1+ /2 such that

If (A <C sup [f(z)]. (17)
zeEW(A)

Proof (Proof of Proposition 19) Let syin(A) := min|y_; [Aw|| be the minimal singular
value of a matrix A. Since the relation 1/spin(Lg) = H\IZ?H\ and inclusion W(Lg) C

17
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W((vI — K)~1) hold, the following inequalities hold:

1 B 1 1

= = < =~
1QsKsQgo(@-)lle  [KsQs0(E-) ~ sumin(Ks)[Q56(Ee1)]
IR _ (L V) subagyyiiy) l9(2)

<

T Qs (@)l T Q5 (Te-1)]l
< (1+ \@) SUPzeW((vI-K)-1) 9(2)]

- Q¢ (Ze—1)]|

For the Arnoldi method, if K is bounded, the identity QK Qs = Kg holds. Thus, the
inequality [|[Kg'|| < (1+v2) Sup,ew (k) [9(2)| with g(z) = 1/2 holds in this case, which
deduces the same result as inequality (16). |

If ¢(Z4—1) deviates from the Krylov subspace, the norm of the projected vector QsQ%¢(Z¢—1),
which is equal to ||Q§®(Z¢—1)||, becomes small. Proposition 19 implies a; g becomes large
in this case. On the other hand, if ¢(Z;) is sufficiently close to the Krylov subspace, that
is, minyeyg ||[¢(ZTt—1) — ul|x = 0, then we have

1= [[¢(F-1)lIF = [6(F1-1) — QsQsd(Ee—1)[I}; + |Qs Q5D (T1-1) 17
= min [|¢(Z¢-1) — uflk + 1QsQ5(Te-1) i = QsQsd(@-1)IF = |Q5¢(Te—1) |,

if k satisfies k(x,z) = 1 for any x € X, for example, the Gaussian and Laplacian kernels.
As a result, if Z; is generated by dynamical system (1), and if ¢(#;—1) is sufficiently close to
Vs, then a; s is bounded by a reasonable value. Conversely, if Z; is unlikely to be generated
by dynamical system (1), or ¢(#;—1) is not close to the subspace Vg, then a; s becomes
large. In the context of anomaly detection, since both the above cases mean Z; 1 or I
deviates from the regular pattern of times-series {Zg,...,Z7r_1}, they should be regarded
as abnormal.

In practice, Qg, Rg, and Kg are approximated by Qs n, Rsn and KS, N, respectively.
Thus, the following empirical value can be used:

_ lle(@e) — Qs nKsnQ% yd(Ee-1) Ik

at,S,N : = .
Qs NKs NQS NO(Zt-1)][k
By Proposition 13, the following proposition about the convergence of a; s n holds:

Proposition 21 The a;s,n converges to a;s as N — oo.

7. Numerical Results

We empirically evaluate the behavior of the proposed Krylov subspace methods in Subsec-
tion 7.1 then describe their application to anomaly detection using real-world time-series
data in Subsection 7.2.
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7.1. Comparative Experiment

The behavior of the Arnoldi and shift-invert Arnoldi methods (SIA in the figures) were
evaluated numerically based on the empirical abnormality. We used 100 synthetic time-

series datasets {Zo, ..., Z7} randomly generated by the following three dynamical systems:
Trog = 2, T4l = 0.99951} + 0.1&, (18)
xo = 0.5, x411 = 0.99z; cos(0.1zy) + &, (19)
o =01, z1 =20+ 0.51:8 + &, my1=x+0.5(x — xt,1)3 + &, (20)

where {&} is i.i.d with & ~ N(0,0.01). For Eq. (20), to extract the relationship between
Zy and T¢—pi1,...,%4—1, we set x; in dynamical system (1) as z; = [yt,...,Yt—p+1) for
random variable y; at ¢t. Using the synthetic data, K was first estimated, then the empirical
abnormalities a; 5 y were computed using all time-series data with ¢ = 1601, N = 50, 75, 100

and § = 1,...,12. We chose time points t = 1601 for evaluation because the estimation
of K requires {Zo,...,Znx(s41)} and 1601 > N x (§ + 1) for all N = 50,75,100 and
S =1,...,12. The Gaussian kernel was used, and v = 1+ 1i, where i denotes the imaginary

unit, was set for the shift-invert Arnoldi method. Theoretically, Perron-Frobenius operators
are well-defined for any cp-universal kernel. Thus, any cp-universal kernel is available for
our methods. Therefore, we chose the Gaussian kernel since it is a typical example of
co-universal kernels.

For evaluating the behavior of each method along with S, the values

|at,S,N - at,Sfl,N’a

for S = 2,...,12 were computed with all time-series data, then the averages of all the
time-series data were computed.

The results are shown in Figure 1. If K is bounded, and if the Krylov subspace
V(K,®(up)) converges to Hy, that is, QsQ% converges strongly to the identity map in
Hj, as S — oo, then by Proposition 18, a; s computed with the Arnoldi method converges
to ||¢(ze) — Kp(zi—1)||k/|| K d(xi—1)||k. Therefore, in this case, |at g N —ar,s—1,n/|, the differ-
ence between the empirical abnormality with S and that with S — 1, becomes smaller as S
grows. Perron-Frobenius operators of systems without noise associated with the Gaussian
kernel are shown to be bounded if and only if the system is linear (Ikeda et al., 2019). Thus,
for linear dynamical system (18) with small noise, the value |a; s Ny — a;,5—1,5| computed
with the Arnoldi method becomes smaller as S grows in the case of N = 50, 75. However,
those for nonlinear dynamical systems (19) and (20) do not seem to decrease even if S
grows. This is due to the unboundedness of K. In addition, for dynamical system (18)
and N = 100, the value |a; s N — at,5—1,5| computed with the Arnoldi method also does
not seem to decrease even if S grows. This would be because larger N causes numerical
instabilities as we mentioned in Remark 15. Meanwhile, we can see |a; g v — a¢,5—1,§| com-
puted with the shift-invert Arnoldi method decreases as S grows for all three dynamical
systems. This is because a; g computed with the shift-invert Arnoldi method converges to
lo(xe) — Kp(xi—1)||k/|| K P(xi—1)||x even if K is unbounded. The result indicates that the
shift-invert Arnoldi method counteracts the unboundedness of Perron-Frobenius operators.
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Figure 1: Convergence of the empirical abnormality along S with the synthetic data gener-
ated by Eq. (18) (top left), Eq. (19) (top right), and Eq. (20) (bottom center).

7.2. Anomaly detection with real-world data

We show the empirical results for our shift-invert Arnoldi method in anomaly detection with
real-world healthcare data. We used electrocardiogram (ECG) data (Keogh et al., 2005).!
ECGs are time-series of the electrical potential between two points on the surface of the
body caused by a beating heart.

The graphs in Figure 2 show the accuracy versus the false positive rate for these datasets.
We first computed I~(57 ~ with S = 10, N = 40 then computed the empirical abnormality
atsn for each t with the shift-invert Arnoldi method. The Laplacian kernel and v =
1.25 were used. To extract the relationship between z; and Tt_p41,...,%Z+—1, We set x;
in dynamical system (1) as z; = [y,...,Y—p+1] for random variable y; at ¢. In this
example, p was set as p = 15, 30, KS,N was computed using the data {Zo,..., %399}, and
the empirical abnormalities a; g n at t = 430,431,... were computed. Also, the results
obtained using long short-term memory (LSTM) (Malhotra et al., 2015) and autoregressive
(AR) model (Takeuchi and Yamanishi, 2006) were evaluated for comparison. LSTM with
15,30 time-series and 10 neurons, with the tanh activation function and the AR model
Ty = Zf:—& c;Ti—i + & with p = 15,30 were used. The datasets included 12 abnormal

1. Available at ‘ http://www.cs.ucr.edu/~eamonn/discords/ ’.
We used ‘chfdb_chf01_275.txt’, ‘chfdb_chf13_45590.txt’ and ‘mitdbx_mitdbx_108.txt’ in the experiment.
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Figure 2: Accuracy versus false positive rate in anomaly-detection experiments using our
shift-invert Arnoldi method and the existing methods: LSTM and AR model

parts. As can be seen, our shift-invert Arnoldi method achieved higher accuracy than
LSTM and the AR model while maintaining a low false positive rate for these datasets from
complex systems.

8. Conclusion and Future Work

In this paper, we addressed a transfer operator to deal with nonlinear dynamical systems
with random noise, and developed novel Krylov subspace methods for estimating the trans-
fer operators from finite data. For this purpose, we first considered the Perron-Frobenius
operators with kernel-mean embeddings for such systems. As for the estimation, we ex-
tended the Arnoldi method so that it can be applied to the current case. Then, we developed
the shift-invert Arnoldi method to avoid the problem of the unboundedness of estimated
operators because transfer operators on nonlinear systems are not necessarily bounded. We
also considered an approach of evaluating the prediction accuracy by estimated operators
on the basis of the maximum mean discrepancy. Finally, we empirically investigated the
performance of our methods using synthetic and real-world healthcare data.

In Subsection 7.1, we considered the empirical abnormality which is defined by the
prediction error in an RKHS, and showed the convergence of the proposed method as a
Krylov subspace method empirically. As one of our future works, we will address the
application of the proposed method to forecasting problems. If a Perron-Frobenius operator
has an eigenvalue whose absolute value is 1, the corresponding eigenvector describes the
time-invariant component of the dynamics. This fact may be useful for forecasting long-
term behaviors of dynamical systems. Thus, it is expected to be meaningful to consider the

eigenvectors of the proposed estimated operator corresponding to eigenvalue A satisfying
Al = 1.
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Appendix A. Proofs
Proof of Lemma 4

Since & with t € Z>( are i.i.d. and independent of z;, the following identities are derived:

Ko(@.P) = 2(f@nPe P) = [ [ o) d.P@) ap()

:/weg | O ) +6(0) dP) dP() = | 6(h(w() +6(w)) dP()

wesn

- /a:eX ¢(x) d(h(xe) + &)« P(x) = ®((h(4) + &) P) = P(441,.P),

which completes the proof of the lemma.

Proof of Lemma 5

The linearity of ® is verified by the definition of ®. Next let {un}3_; be a sequence in
M(X) such that p = limy_,oo uny weakly. Then since k is bounded and continuous, the
following relations hold:

1@ (i) = R()IE = (P (un) , @ (1un))ie = 2RAP (i) , @ (1) + (@ (1), @ (1))

- /y cx / or k(z,y) dun(z) dun(y) — 2R /y . / i k(z,y) du(z) dpn(y)
! /yex /xex K(z,y) dp() dp(y)

— 0,

as N — oo, where Rz for z € C is the real part of z. This implies limy 0o P(un) = (1)
in Hg. This completes the proof of the lemma.

Proof of Lemma 6

Since each & for t € Z>¢ is i.i.d. and K®(u) is represented as K ®(u) = fyeX Jocr o(h(z) +
y) dp(x) d&,(y), K does not depend on t.

In addition, the identity ®(d,) = ¢(z) holds for any =z € X, where d, is the Dirac
measure centered at © € X. Thus, the inclusion Span{¢(z) | z € X} C &(M(X)) holds,
which implies ®(M (X)) is dense in Hy. Moreover, according to Sriperumbudur et al. (2011),
® is injective for cp-universal kernel k. Therefore, the well-definedness of Perron-Frobenius
operator K, defined as Eq. (2) is verified.
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Concerning the linearity of K, let ¢1,co € C and p,v € M(X). By the linearity of ®
and the definition of K, the following identities hold:

K (c1®(p) + c2®(v)) = K®(ci1pn + cov) = @(Br, ((c1pp + cov) @ P))
= ®(c18t, (1 ® P) + 2B, (v @ P)) = c1®(Br,(1p @ P)) + c2®(Br (v @ P))
= Ko(p) + caK®(v),

which completes the proof of the lemma.

Proof of Proposition 7

Let P,,—, be a probability measure on ({2, F) satisfying P,,_,(B) = P(B | {z; = «}) for
B € F. Since p; is the probability density function of x;, the identity fxe g dre, P(r) =
Jyep Pe(z) du(z) holds for any B € B. Moreover, by the definitions of p and Pj;,—,, the
equality [ p d(i41,Pla=2)(y) = [,cpP(y | ©) dp(y) holds for any B € B. Thus, the
following identities are derived:

ArKusEpr = /
TeX

/ _ PWpl [ 2)pe(@) duly) dp(z)
- / 6(y) d (2141, Pr=s) () dvy. P(2).
X JyeX

Since zy4+1 = h(zy) + &, and z; and & are independent, the following identities hold for
BeB:

/ ., d (2111, Pay=s) () = P ({zer1 € B} [ {2 = a}) = P ({h(z:) + & € B} | {w = 2})
ye

_ P({hla) + & € By =2}) _ P({& € B~ h(w)} N{ar = o))
P({a; = a}) P({z; = a})
_PU&EB @) P(re=2)) 5o g

P({z: = x})
= / d((h(z)+ &), P) (y),
yeEB

where B — h(z) denotes the set {y = z — h(z) | z € B}. Therefore, by the definition of 5,
the following identities are derived:

/ / 6(y) d (w111, Pay—s) (y) doy. P()
rzeX JyeX
_ / o) d ((h(x) + &), P) (y) dev.P(x)
zeX JyekX
- /ex ¢(x) dBt, (2. P @ P)(x) = @ (Bt (2. P @ P)).

By the definition of K, the above identities imply SpxusEpr = K®((x;).P), which com-
pletes the proof of the proposition.
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Proof of Proposition 8

By the definition of K, the following identities are derived for p € M(X):

K& () = ®(B. (1 P)) = / L ot(te.) du(ydpo)

Let g € ®(M(X)). Then g is represented as g = ®(u) with some p € M(X). Moreover,
since ¢ : X' — Hy, is the feature map, the reproducing property (f, ¢(x)), = f(x) holds for
any f € D(#) C H. Therefore, the following identities hold:

Fan= 10 = [ ([ fnlt) aP),00) duta)
TEX wef? k
-/ F(m(t,,2)) dP(w)du(z)
zeX Jwe
(5. [ st duwar)) (1.Ka),
weN Jrex k

which implies that X is the adjoint operator of K. This completes the proof of the propo-
sition.

Proof of Proposition 16

The left-hand side of assumption (4) is transformed into

lim / h(Fssisr) + E(w)) dP(w)
:/ F(h(@) + &(w)) dye, P dP(w)
weN Jrxex
_ / _ @ dlhly) + &), P).

Regarding the right-hand side of assumption (4), since h(Z;1;5) +&rris/ (wo) = Tyr14457, the
assumption (4) is equivalent to assumption (12) for u = (h(y:) + &), P and Z; = Z4414457-

Proof of Proposition 17

If N =1, then p; y is represented as py ny = 0z,. Thus, identity ®(ue n) = ¢(Z+) holds.
This implies that in this case, Krylov subspace Vg (K, ®(uo)) = Span{®(uo), ..., P(us—1)}
is equivalent to Krylov subspace (13).
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Proof of Proposition 21
Since [|Qs]|| = ||Qs,n ]| = 1, the following inequalities hold:

1Qs NKsNQ5 nd(Ei-1) — QsKsQb(F1-1) ||k
< |Qs NKsn Q5 nd(E-1) — Qs NKs NQEA(F1—1)||
+ |Qs NKsnQEd(F1-1) — Qs,NKsQEB(Z—1) |k
+1Qs,NKsQ50(3i-1) — QsKsQ5d(Z1-1) Ik
< IKs N INQ% NO(Ee1) — Q5d(Fr—1)lIk
+ [[Ksn Qe (d1-1) — KsQ5b(F—1)||x
+ Qs NKsQ56(Ei-1) — QsKsQd(F1-1) |k (21)

Since the elements of Qg yé(T1—1) € C® are composed of the finite linear combinations of
inner products between ®(usn) and ¢(Z¢—1) in the RKHS, the same discussion as Rg y
and QE,N\PLN in Proposition 13 derives Q*s,N¢(57t—1) — Q4p(24—1) as N — oo. Thus, the
first term of Eq. 21 converges to 0 as N — oo. In addition, by Proposition 13, Ks,N - Kg
and Qg N — Qg strongly in Hi as N — oo, which implies the second and third terms
of Eq. 21 also converge to 0 as N — oo. Therefore, QS,NI~{57NQ§7N¢(@_1) converges to

QSKSQ§¢(57t—1) as N — oo. Since the norm ||- || is continuous, HQS,NKS,NQE,NQﬁ(f?t—l)Hk
and [|¢(Zi-1) — Qs,nKs NQ5 yO(Z1—1) ||k converge to [|QsKsQgd(Ze—1)|k and [|¢(Z¢-1) —
QsKsQsp(Zi—1)||r as N — oo, respectively. This implies a¢ 5 n — a¢,5 as N — oo.

Appendix B. Computation of QR decomposition of ¥, 5 and K&N

For implementing the Arnoldi method and shift-invert Arnoldi method described in Sec-
tion 4, QR decomposition must be computed. In this section, we explain the method to
compute the QR decomposition. The orthonormal basis of Span{®(uo n), ..., P(us—1,5)}
for the Arnoldi method or Span{ZézO (;)(—1)jfyi_jtl>(uj) | 1 <i < S} for the shift-invert
Arnoldi method, which is denoted as qo n,...,¢s—1,n, is obtained through QR decompo-
sition. Then, Qg n is defined as the operator that maps [yo,...,ys—1] € C* to Yoqo,N +

.+»Ys—19s-1,N- The adjoint operator Q% y maps v € Hy, to [(v,qo,n),,- - -+ (V,ds-1,8);] €
CS.
First, the QR decomposition for the Arnoldi method is shown. For ¢t = 0, g v is set as
qo.N = P(po.n)/||®(ro.n)|| k- For t >0, ¢ n is computed using go v, . .., ¢—1,n as follows:
t—1
G,N = P n) — > (P(pe,N), 4.N) g, G, N
= (22)

at,N = Ge.N /|G, | k-

Let the (i,t)-element of R n be r;¢, where ;4 is set as 734 1= (®(pe,n), qin),, for i < t,
it = ||Ge,N|k for i = ¢, rjy = 0 for i > t. Then, by Eq. (22) and the definition of R v,
¢iN is represented as ¢; v = (P(uinN) — Z};%) r5.iq;)/Tii, and o n = Qs nRg n holds.
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Therefore, by definition of r;; (j =0,...,i — 1), r;; is computed as follows for ¢ < t:

i—1
D(pi,N) — 225075l >
Tig k

Fot = (@) Gin), = <<I><ut,N>,

(D (), @(pti )y — im0 T (R(pen)s @)y (@(pen)s i)y — Yoot Tt

Tii Tii

Since py y = 1/N ZN 1(551; (@(pe,n), ®(pi,N)), is computed as follows:

(P 331+]S >
k
1 -1

N-1
1 N -
= m Z <q)(5it+js)a q)(dii+ls)>k ATO <¢(xt+j5)7¢($i+l5)>k
J,l=0 j,1=0
;] Nl
= N2 > k(Fgs, Eivis)-
4,1=0

t44S

N—

,_.

1
(®(u3), (i ) < Z@ s 7 2

[\
2&)

.

Similarly, by the definition of r;; (j = 0,...,t—1), 74+ is computed, since (¢; v, ¢;,n), = 1
for i = j and (g N, qjn), = 0 for i # j as follows:

(
t—1 t—1
= <(I)(Mt,N) =) AP(pen), G .N)p G P(e ) — ) (P(pe,N), G N)y, Qj,N>k

i=0 =0
t—1
= ®(u,N) — D 1itdNs P(pe,n) ZTJ t45,N >
=0
-1
= (@(pt,n), P(pe,N )k — 2§R< > riedin, @ (N > <Z7’g £4;, N,ZT] t4j, N>
7=0
N2 Z k(Zi455, Te4is) —QZT]tTgt+ZTJ,t7’]t
J,;1=0
1= =
=32 > k(Eeyjss Eriis) — Z |7,
5l=0 J=0

where $z for z € C is the real part of z. The above computations construct Rg x. Then,
since the (i, t) element of Q%5 V1 is represented as (P(t+1,N)s QN ) s Q% xV1,n is computed
in the same manner as Rg . The KS,N is obtained by Q*S,N‘IleEV'

For the shift-invert Arnoldi method, by Eq. (8), the projectié)n space is represented
as Span{wy n,...,wsn}. Thus, (®(un), ®(pin)), is replaced with (wii1 N, wiy1,N), =
ko X5t (P (I (EDAMTT I (B (), @ ()
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Algorithm 1 Arnoldi method for Perron-Frobenius operator K in an RKHS
Require: S,N €N, {Zo,...,Zns-1}
Ensure: I~(57N

1: fort=0,...,5do

2: fori=0,...,5—1do

3: if i <t then ‘

4: rig = (/N2 YN0 k(Frs, Biyjs) — D50 T5aria) /T
5: else if i =t then

6: Tey = \/1/N2 Z;V,l;%) k(Ze19, Frais) — 2o—g Iyl

7: else

8: Tit = 0

9: end if

10: end for

11: end for

% -1
12: KS,N = R]‘:SRO:S*1

Appendix C. Pseudo-codes of Arnoldi and shift-invert Arnoldi methods

Let Rg.7 be thg matrix composed of ;3 (S <t <T, 0 <i <S8 —1). The pseudo-codes
for computing Kg with the Arnoldi method and shift-invert Arnoldi method are shown in
Algorithms 1 and 2, respectively.
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