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Abstract

Spatial-temporal Gaussian process regression is a popular method for spatial-temporal data modeling. Its state-of-art im-
plementation is based on the state-space model realization of the spatial-temporal Gaussian process and its corresponding
Kalman filter and smoother, and has computational complexity O(NM 3), where N and M are the number of time instants
and spatial input locations, respectively, and thus can only be applied to data with large N but relatively small M. In this
paper, our primary goal is to show that by exploring the Kronecker structure of the state-space model realization of the
spatial-temporal Gaussian process, it is possible to further reduce the computational complexity to O(M?® + NM?) and thus
the proposed implementation can be applied to data with large N and moderately large M. The proposed implementation is
illustrated over applications in weather data prediction and spatially-distributed system identification. Our secondary goal is
to design a kernel for both the Colorado precipitation data and the GHCN temperature data, such that while having more

efficient implementation, better prediction performance can also be achieved than the state-of-art result.
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1 Introduction

Gaussian process regression is a popular method in sta-
tistical data modeling and analysis, closely related with
the kernel method, e.g., [16], and the kernel-based reg-
ularization method in system identification, e.g., [24],
and has wide applications in many fields such as ma-
chine learning, signal processing, and automatic control,
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e.g., [23, 24, 29]. In contrast with the common para-
metric modeling methods in system identification, e.g.,
the prediction error/maximum likelihood method [19],
its advantage lies in that, first, its model structure is
determined by its covariance function (also called the
kernel function), which incorporates the prior knowl-
edge of the underlying function/system to be identified
into the estimation procedure; second, its model com-
plexity is governed by the parameter (called the hyper-
parameter) used to parameterize the covariance func-
tion, and can be tuned in a continuous way. To apply
Gaussian process regression methods, there are several
issues that should be addressed, including the kernel
design, e.g., [9 10, 14} B0], the hyper-parameter esti-
mation, e.g., [24, 29], and the efficient implementation,
e.g., [, M0, 25]. Gaussian process regression has been
used widely in dealing with the spatial-temporal data in
many areas, such as climate science, social science, krig-
ing, signal processing and physical inverse problems, e.g.,
[3, 13, 22, [26]. When dealing with the spatial-temporal
data, the Gaussian process has two inputs: the locations
and the time instants, and thus is often referred to as
the spatial-temporal Gaussian process, e.g., [7, 20 27].
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For large scale spatial-temporal data, the aforemen-
tioned issues often become more involved. The current
practice is to design a separable spatial-temporal kernel,
which is a product of a spatial kernel and a temporal ker-
nel, e.g., [1, 26, 27], whose design should be based on the
prior knowledge on the underlying function to be iden-
tified. For a designed separable spatial-temporal kernel,
many methods can be used for the hyper-parameter esti-
mation, such as the empirical Bayes (EB) method (also
called the marginal likelihood maximization (MLM)
method), the Stein’s unbiased risk estimate (SURE)
minimization method, the generalized cross validation
(GCV) method, e.g., [24) 29]. The straightforward im-
plementation of the hyper-parameter estimation and
the following estimation and prediction step has com-
putational complexity O(N3M?3), where N and M are
the numbers of temporal and spatial data, respectively,
and thus is too expensive to be applied to large scale
data. To reduce the computational complexity, it has
been tried to first explore the structure of the temporal
kernel, then derive a state-space model realization of the
temporal Gaussian process in different ways, and finally
convert the hyper-parameter estimation, function esti-
mation and prediction to Kalman filtering, smoothing
and prediction problems, e.g., [7, 17, 26] 27]. Such im-
plementation has computational complexity O(NM?3)
and thus is inefficient to be applied to spatial-temporal
data with moderately large or large M.

In this paper, we focus on the following two issues. Our
primary focus is on the issue of how to further reduce the
computational complexity such that the Gaussian pro-
cess regression can be applied to spatial-temporal data
with large N and moderately large M. To tackle this
problem, we first find that the state-space model real-
ization of the spatial-temporal Gaussian process has a
Kronecker structure and then by exploring this struc-
ture, we propose transformations for the original state-
space model and then derive a new state-space model
realization of the spatial-temporal Gaussian process. Fi-
nally, the Kalman filter, smoother and predictor are ap-
plied to handle the hyper-parameter estimation, func-
tion estimation and prediction, respectively. The pro-
posed implementation is illustrated over applications in
weather data prediction including the Colorado precip-
itation data considered in [27] and the Global Histori-
cal Climatology Network (GHCN) temperature data in
[21], [31], and spatially-distributed system identification,
e.g., [18]. Our secondary focus is to design a kernel for
the two weather data sets, such that while having more
efficient implementation, better prediction performance
can also be achieved than the kernel proposed in [27].
To this purpose, the designed kernel should have state-
space model realizations and also incorporate the prior
knowledge that both data sets are not strictly periodic
but with slight temporal variation.

In contrast with the state-of-art result [27], this paper
has the following contributions:

1) a more efficient implementation algorithm with com-
putational complexity O(M?3 + N M?) is proposed for
the hyper-parameter estimation, the spatial-temporal
Gaussian process regression and prediction, while the
one in [27] has a computational complexity O(NM?3)
and did not consider the efficient implementation of
hyper-parameter estimation;

2) akernel is designed for the Colorado precipitation data
and the GHCN temperature data and shown to give
better prediction performance than the one in [27].

Finally, in contrast with the preliminary version [31] of
this paper, we have included new theoretical results in-
cluding Propositions 1 to 3, and Theorem 1, designed
a new kernel that gives better prediction performance
for both the Colorado precipitation data and the GHCN
temperature data, illustrated the implementation over a
new application in spatially-distributed system identifi-
cation, and included more implementation details, e.g.,
the derivation of the discrete-time state-space model re-
alization of the temporal kernel, the treatment of the
missing data and the selection of the starting points.

The remaining parts of this paper are organized as fol-
lows. In Section 2, we first introduce some preliminary
materials and then the problem statement. In Section
3, we propose an implementation with computational
complexity O(M?3 + NM?). In Section 4, we test the
proposed implementation over applications in weather
data prediction and spatially-distributed system iden-
tification, where in Section 4.2, we design a kernel and
show its better prediction capability over the one in [27]
for both the Colorado precipitation data and the GHCN
temperature data. In Section 5, we give the conclusion
of this paper. All proofs of theorems and propositions
are included in Appendix A.

2 Preliminary and Problem Statement

In this section, we first introduce some preliminary ma-
terials and then the problem statement of this paper.

2.1 Spatial-temporal Function Estimation

In this paper, we consider the spatial-temporal function
estimation problem described by

Yij = f(Pirt;) + vi, (1)
Zzla aMa t] :st7j:17 aN+NT7

where p; € R” with v € N is the ith location, t; €
Ry = {z|x > 0,z € R} is the jth time instant, f(p;,t;),
v;; € R and y; ; € R are the unknown spatial-temporal
function value, the measurement noise and the measure-
ment output at the ith location and the jth time in-
stant, respectively, Ty > 0 the sampling interval, M is



the number of locations, and N and Nr are the num-
bers of time instants for the function estimation and val-
idation, respectively. The measurement noises v; ; with
i=1,---,M,j=1,---,N + Np are assumed to be
independently Gaussian distributed as follows

Vi,j NN(O,GQ). (2)

We aim to estimate the function f : R™ x Ry — R
based on the training data {p;, t;, yi,j}iﬂi’szl such that

it has as good prediction performance over the test data
M,N+Ngp .
{pirtj. vij iz jony1 as possible.

2.2  Gaussian Process Regression

Gaussian process regression models the spatial-temporal
function f(p;,t;) as a spatial-temporal Gaussian process

f(pz,tj) NgP(Oak(pl7t]7p1'7t_j'7a))a (3)
k(pists, pirstjrs o) = ks(pi, pirs o)k (tg, 15 00),  (4)

where ivi, =1, M, jaj/ = 1,---,N + Nr, GP
represents a Gaussian process, k(pi7tj7pi/,tj/;a) the
covariance function (also called the kernel) with a sep-
arable structure in space and time, e.g. [7, 26] 27],
ks(pi, pir; ats) R” x R” — R the spatial kernel,
k(tj,ty;ar) @« Ry x Ry — R the temporal kernel,
a=lal,allT € @ ¢ R? with d € N, a, € R% with
ds € N and oy € R% with d; € N the hyper-parameters
of k, ks and ky, respectively, and d = d;+d,. It is assumed
that for any ¢,/ = 1,---,M, 5,57/ = 1,--- ,N + Nrp,
f(pir,t;) is independent of v; ;.

The kernel k(p;,t;,pir,t;/; ) determines the underly-
ing model structure and its design for the two test data
sets will be studied in Section 4.2. The hyper-parameter
« determines the model complexity and its estimation
can be handled by many methods. Here, we consider
the marginal likelihood maximization (MLM) method,
the generalized cross validation (GCV) method, and the
Stein’s unbiased risk estimation (SURE) method, e.g.,
e.g., [24], which are listed below, respectively,

GMLM _ are min { NM log(27) + 1 log |3(a)|
ae 2 2
+;YT21(04)Y} ; (5)
S
~GCV __ i
Q argergln{NM(l_(s/NMy}’ (6)
&SURE — arg min{S + 2025}, (7)

[67<19)

where OAéMLJVI’ ces

and &°YEE denote the correspond-

ing hyper-parameter estimate,

Y(a) = Ki(ar) ® K(as) + 0 Inp € RVMANM 5 (8a)
[Kt(at)]jj’ = kt(tj,tj/;at), Jj' =1, ,N, (8b)
[Ks(as)liir = ks(pispirs as), 4, =1,--- M,  (8c)
i =gyt €RY, (8d)
Y=y, 4% eRVM, (8¢)
§ = trace {[K(ay) ® Ky(a)] Z(a) 7'}, (8f)
S=1V - Y|} (sg)
Y = [Ki(ar) ® Ky(a,)] £() 1Y, (8h)

® denotes the Kronecker product between two matrices,
Iny € RNMXNM o1 N M -dimensional identity matrix,
[- 1,57 the (4, j")th entry of a matrix, | -| and trace(-) the
determinant and trace of a square matrix, respectively.

2.3 Problem Statement

To state the problem, it is worth to note the following two
observations. Firstly, the state-of-art implementation in
[27] designed a kernel such that the spatial-temporal
Gaussian process has a state-space model realization
and then convert the function estimation problem to a
Kalman filtering and smoothing problem, and the im-
plementation has computational complexity O(NM?3),
e.g., [7,126,27] and thus can be applied to data with large
N but relatively small M, e.g., the Colorado precipita-
tion data with N = 1212 and M = 367 was studied
in [27]. However, the implementation in [27] is still very
expensive to apply for data with moderately large M,
e.g., the GHCN temperature data with N = 6575 and
M = 3955. Secondly, the kernel designed in [27] does
not give very good prediction performance for the Col-
orado precipitation data [I7], indicating there is a room
to design better kernels.

The above observations motivate us to tackle the follow-
ing two problems in this paper:

1) to develop implementation with lower computational
complexity in terms of M than the one in [27], which
can be applied to data with large N and moderately
large M, e.g., the GHCN temperature data;

2) to design a kernel for both the Colorado precipitation
data and the GHCN temperature data that gives bet-
ter prediction performance than the one in [27].

3 An Efficient Implementation

In this section, we propose a new implementation algo-
rithm with computational complexity O(M?3 + NM?),
which can thus be applied to data with large N and
moderately large M.



3.1 State-space Model Realization of Spatial-Temporal
Gaussian Process

For convenience, we assume in this section that the tem-
poral kernel k;(¢;,¢;/; o) is a stationary kernel and then
with a slight abuse of the notation, we can denote it by
7= — )T,

kt(’T;Oét), jvj/:]-v"‘ 7N+NT'

(9)

Recall that the power spectral density (PSD) of a
discrete-time kernel k;(7; ), denoted as ®(w), can be
obtained by its discrete Fourier transform

+oo
Dw)= Y k(rioq)e ™ Ry i=v=1 (10)

T=—00

Assumption 1 ®(w) is a rational power spectral density
with the order of 2r with r € N.

Under Assumption 1, the spectral factorization tech-
nique, e.g., [2L[I5], can be applied to (10) and there exists
a rational transfer function W such that

D(w) = W ()W (e ). (11)

From the realization theory of linear systems e.g., [§]
and the transfer function W (el*), for each location p;,
the corresponding discrete-time state-space model real-
ization of a zero mean Gaussian process with the covari-
ance function (9) can be derived by

sij = Fpsij—1+ Gpwij_1,5,0~N(0,%0), (12)
Zi,j = HDSZ,]?J = 17' Ty

Wlthl?l/: 11 7M7jajI: ]-7 7N+NT3
E[zi,j/ziyj] = kt(T;O[t),E[Ziiji/ﬁj] = 0, (13)

where Fp € R™",Gp € R" and Hp € R " are the
system matrix, the input matrix and the output matrix,
respectively, s; ; € R" is the state vector of the ¢th lo-
cation at the jth time instant with s; o and sy o(¢ # ')
being independent from each other, w; ; € R is white
Gaussian noise with zero mean and unit variance, ¥
is the solution of the discrete-time Lyapunov equation
Yo = FpXoFh + GpGE € R™" and E(+) is the mathe-
matical expectation.

Then we define that

Xi = [f(platj)7"' af(vatj)]T € RM? (14)

and according to Assumption 1 and (4), its covariance
matrix is

E [Xj’XJT] = K, (ag)k(T; ) € RMXM, (15)

where K (a;) is defined in (8c¢). We let

Zj = [217]‘, o ,ZMJ']T S RM, (16)

and then with (13) and (15), we obtain
X; = Kq(a)'?z, (17)

where K,(a)'/? is the “square root” of K (ay) defined
n (20). With (15)-(17), we rewrite (12) as follows

S = Fijl + ijfl, So ~ N(O, IM ® 20), (183)
Xj:Hsj7j:]-72u"'7 (].8b)

where s; = [s];,---,s3,;]7 € R, F = Iy ®
Fp € RM’I‘XM’I’, G = IM ®GD c RMT‘XM, H =
Ky(as)Y?(Iy @ Hp) € RMXM™ and w; = [wy j, -+,
’LUM’J‘]TERM.

According to (17) and (15), the state-space model (18)
is a realization of the Gaussian process (3). Then the
model (1) can be accordingly rewritten as follows

S = Fijl + G’LUjfl, Sp ~ N(O,IM ® E(]), (193)
yj:HSj'F’Uj,j:].,Z'-', (].gb)

where v; = [vij,--,onm;]T € RM, with v; ~
N(0,0%Iy), y; is defined in (8d), and w; and v; are
independent for any j =1,--- , N + Np.

Then the spatial-temporal function estimation and pre-
diction problem can be converted to a Kalman filter-
ing, smoothing and prediction problem for (19) and the
corresponding implementations has computational com-
plexity O(NM?), same as the ones in e.g., [7, 26} 27].

Remark 1 Note that Section 3.1 and [27, Proposition
2] use two different routes to derive the discrete-time
state-space model realization (19) of the spatial-temporal
Gaussian process. It is not hard to show that they are
equivalent in theory, but they are different in implemen-
tation. In particular, the discretization technique used
in [27] includes solving an integral involving the matrix
exponential, which needs to be handled carefully and if
otherwise, numerical problem may occur, see e.g., [28]
and the references therein. Therefore, the route in Sec-
tion 3.1 is preferable in practice, because no discretiza-
tion of continuous-time state-space model is involved
and thus possible numerical problems are avoided. More-
over, in practice one can design directly the discrete-time
stmulation-induced kernel [9] based on the prior knowl-
edge, which is represented in a state-space model form.

3.2 A Transformed State-space Model Realization

In order to further reduce the computational complex-
ity in terms of M, it is useful to explore the Kronecker



structure of the system, input and output matrices of the
state-space model (19) and perform a coordinate and an
output transformation to (19).

Firstly, we denote the singular value decomposition
(SVD) of the spatial kernel matrix K;(as) and its
“square root” K,(a,)? as follows

Ky(as) = ADAT K (a)? = ADZAT,  (20)
where D € RM*M is a diagonal matrix and its main
diagonals are singular values of K, (), D2 is a diagonal

matrix with the square root of diagonals of D and A is
an orthogonal matrix, i.e. AAT = ATA = I),.
Then for j =0,1,---, we introduce a state transform

I)s; <= s; = (A® I,)x;,
I,

=AT®
Tjp1 = (A ® L) (Fsj + Gu;)
— (AT ® 1) F(A® L)z, + GATw,
=Iu® FD)x] + GAT wj, (21)
where (AT®L~)G = (AT®GD) = (IM®GD)(AT®1) =

GAT, and an output transform for j = 1,2,---,

lj = A"y, (22)
= A" (Hs; +v))
=A"HA® L)z + ATv;
= ATK()? (In @ Hp)(A @ I)a; + AT,
= D3AT(Iyy @ Hp)(A® I,)z; + ATv;
= D3(Iyy ® Hp)xj + ATv;,
where the last equation is true because AT (I, @ Hp ) (A®

I,) = (AT ®1)(A® Hp) = Iy ® Hp. Then the state-
space model (19) is transformed to

T; = F.”L‘j,1 + G@j,1,$0 ~ N(O,IM X 20), (233)
lj:H(Ej-F'l_)j,j:l,Q,"', (23b)

where FF € RM™>Mr [T ¢ RMXMr and the covariance
of xy are computed as

FZIM®FD,FI=D%(IM®HD), (24a)
Iy @Y= (A® L) Iy @ )(AT @ I,.), (24b)

w; = ATw; ~ N(0,1p) and v; = ATv; ~ N(0,021).
We denote the transformed output vector and its co-
variance matrix by L and Y(«), respectively, which are
described by

L:[ZTW" aljl\}] =
Y(a) =COVI[L, L] =

(In @ AT)Y, (25a)
(In @ ATYS(a)(In ® A). (25b)

3.3 Kalman Filter Based Estimation and Prediction

Firstly, we define the estimate 1 |,,, and its covariance

matrix ¥, for j =1,2,--- ,m=0,1,--- , N as
Ljjm = Elz;|lo:m], (26a)
Siim = El(xj — jjm) (@5 — &51m) " |lo:m), (26b)
where [y is a null vector and
loom = {lo,-++ ,lm}. (27)

Then the Kalman filter for (23) can be expressed as

& =l — Hijj—1, (282)

E; = COV[e,, ;] (28b)
=HY;;,_1H" + 0*1, (28c)

i) = 2551 + 5 HTEf e, (28d)
Sj; =S5 — Sy HTET HS 50, (28e)
Ty = Fiy, (28f)
iy = FS P+ Q, (28g)

where €; is known as the innovation,

Q = In ® (GpGp) (29)
and the iterative algorithm starts from j = 1.

For the purpose of function estimation, we apply Kalman
smoother as follows

il = Xyl —iﬂj_lHTE;lﬁiﬂj_l, (
JJ‘ZE|F 2j+1‘j, ) (SOb
T = 255 + Ji(&j5a i — Figjy), (
EJ'IN_ J|J+J( J+1IN — E]+1|])JT7 (30d

where fj|N = E [x;|lo.n] with x; defined in (14).

For the purpose of function prediction, we apply the
Kalman predictor as follows

i‘j\N = Fﬁjfl\Na (313)
Siiv=FS;_vFT+Q, (31Db)
fiin=AHzn, j=N+1,--- ,N+Nr, (3lc)

where fj|N = E [x;|lo:n] is the prediction of x; at jth
time instant.



3.4 Hyper-parameter Estimation

Based on the Kalman filter (28), it is possible to propose
efficient implementation algorithms for the MLM, GCV
and SURE methods.

Lemma 1 [6, p. 302, Properties of the Innovation Se-
quence/ Forj =1,--- | N, the innovation &; in (28a) can
be represented as a linear function of lo.; in (27), i.e.

él _ ll) (323.)
j—1

ej =1l — ) bjili, forj=2,--- N, (32b)
=1

COVlej,ej] =0, forj'=1,--- N andj # j', (32¢c)

where bj; € R is the corresponding coefficient for i =
1,---,j—1.

Proposition 1 Let

S} :[é,{a"' 767];7]T7 (333')
¥ =COV[e, 6], (33b)

where €;, j = 1,--- | N, are defined in (28a). Then fol-
lowing Lemma 1, © and ¥ can be rewritten as

0=TrL, (34a)
U =T%(a)l7, (34b)
= blkdiag(Ey, - - -, En), (34c¢)

where L is defined in (25a), T € RVM*XNM js g lower uni-
triangular matriz with |T'| = 1 and forj,i=1,--- ,NM,
the (j,7)th element of T is

0, j<rt,
Mii=q L Ji=14 (35)
bj,i7 ] > i)

and blkdiag(E1, - -+ , En) is a block diagonal matriz with
Ey, -+, En, defined in (28b), on the main diagonals.

By Proposition 1, the cost function of the MLM method
(5) can be calculated as shown in the proposition below.

Proposition 2 The cost function of the MLM method
(5) can be computed by using

N
log [(a)| = ) log | B, (36a)
j=1

N
YIS N a)Y =) €] E;'e;. (36b)
j=1

Then by Propositions 1 and 2, the cost functions of the
GCV and SURE methods can be calculated as shown in
the following proposition.

Proposition 3 The cost functions of the GCV method
(6) and the SURE method (7) can be computed by using

N
S 20'42 [éfE;l(HPj‘j,IHT +IM)EJ»_1€]‘

+2),  HE; ‘e, (37)

N
§=MN —o? Ztrace [Ej_l(HPjU,l}_IT + IM)] ,

j=1
where (51 and Pjj_1 can be computed recursively:

o forj=1, 61‘0 =0¢eRM" and ]51|0 =0 e RMrxMr.
L4 fOT’jZQ,"' 7N;
Gl = FGayjo + FPy 1 oH Ej e
— FEj_lu_gHTEj_l(f{PjU_lHT +1y)E; e,
— FSj ;o H E; HGG )2, (38)

. s T 0D AT o1 75 T
Pjlj—1 = FPj_1j2F" = FPj_joH E; " HYij_y);oF

— Fij_1|j_2HTEj_1ﬁpj_1|j_2FT

- Fij_llj_QﬁTE;1(ﬁpj_llj_QﬁT + IM)
E;VHS; y); o FT. (39)

3.5  Summary of the Implementation Algorithm and Its
Computational Complexity Analysis

The proposed implementation, as shown in Sections 3.2-
3.4, can be summarized in Algorithm 1 below. To analyze
the computational complexity of Algorithm 1, it should
be noted that the dimension r of the state-space model
(12) is determined by the temporal kernel (9) and is
irrespective of, and often much smaller than, M and N,
and thus in what follows, we ignore r and moreover, let
Np = N in the analysis for brevity.

Theorem 1 The proposed implementation, as shown
in Algorithm 1, has computational complexity O(M3 +
NM?). In particular,

o the state-space model transformation (20), (24a) and
(25a) has computational complezity O(M3 + NM?);

o the Kalman filter (28) has computational complezity
O(NM);

e the evaluation of the cost functions of the MLM method
(5), the GC'V method (6) and the SURE method (7)
has computational complexity O(NM);

e the Kalman smoother (30) and Kalman predictor (31)
have computational complexity O(NM?).



Algorithm 1 The Proposed Implementation

M,N+Nr
i=1,j=1 >

Input: data {p;,t;,v:;}
ks(pispisas)
Output: fjn and ¥ for j =1,--- , N + Nr.
Step 1: State-space model derivation
Derive (19);
Step 2: State-space model transformation
Calculate (20), (24a) and (25a);
Step 3: Hyper-parameter Estimation
e Kalman filter
Calculate (28);
if use the MLM method (5) then
Calculate (36);
end
if use the GCV method (6) then
Calculate (38), (39), (A.8a), (A.8b) and (A.6);
end
if use the SURE method (7) then
Calculate (38), (39), (A.8a), (A.8b) and (A.6);
end
Step 4: Function estimation and prediction
e Kalman smoother for estimation
Calculate (30);
e Kalman predictor for prediction
Calculate (31);

kernels k; (t;,t5:; o),

Remark 2 For spatial-temporal data with large N and
moderately large M, to reduce the computational com-
plezity of the MLM method (5), the GCV method (6) and
the SURE method (7), it is suggested to use derivative-
free optimization algorithms or algorithms that only re-
quire numerical gradient, approximated by finite differ-
ence of the cost function of the optimization problems
involved. With such optimization algorithms, solving the
MLM method (5), the GCV method (6) and the SURE
method (7) only involves the state-space model transfor-
mation, the Kalman filter and the evaluation of the cost
function of the optimization problems and thus has com-
putational complezity O(M3 + NM?).

4 Applications

In this section, we illustrate the proposed implementa-
tion over applications in weather data prediction and
spatially-distributed system identification.

4.1 Computing Platform

Firstly, we introduce our computing platform in Fig. 1,
which consists of 1 server and 2 GPUs:

e Server 1: Intel(R) Xeon(R) Platinum 8168 2.7GHz
CPUX2 (48 cores), 64GBx24=1.48TB RAM,
e GPU: NVIDIA V100 x2, 16GB RAM.

It is worth to note that many computations in the pro-
posed implementation can be parallelized. For example,

Fig. 1. Computing platform

the creation of the spatial kernel matrix K (), the SVD
of Ks(as), the output transformation in (22), the com-
putation of (30e) and (31c). Then by using the parallel
computing structure of the computing platform and the
parallel computing toolbox in MATLAB, the proposed
implementation can be made more efficient.

4.2  Weather Data Prediction

4.2.1 Weather Data Sets
We consider the following two weather data sets.

1) Colorado Precipitation Data: This data set has
been tested in e.g., [17,27], contains monthly precipi-
tation data between 1895 and 1997 from 367 weather
stations in Colorado, US The data set contains
in total 1236 time instants and 367 locations (sta-
tions) located in a rectangular longitude/latitude re-
gion [109.5°W, 101°W]x[36.5°N, 41.5°N]. We treat
the data in 1895 — 1995 as the training data, and the
data in 1996 — 1997 as the test data, that is, we have
t; = jTs, 5 = 1,--- ,N + Np with Ty = 1 month,
N = 1212, Ny = 24 and M = 367. This data set
contains in total 453,612 data points.

2) GHCN Temperature Data: This data set is ob-
tained from the Global Historical Climatology Net-
work (GHCN), and contains daily average tempera-
tures collected from over ten thousands weather sta-
tions over the world [21]. We first choose 4000 stations
with most complete data records from the 301th day
of 1999 to the 300th day of 2018. Then we take out
those stations with daily average temperature over
80°C or under —80°C and there are 3955 locations
left. The data set contains in total 6940 times in-
stants and 3955 locations (stations) and we treat the
data in the former 18 years as the training data, and
the data in the last year as the test data, that is, we
have t; = jTs, 7 = 1,--- , N + N with Ty = 1 day,
N = 6575, Ny = 365 and M = 3955. This data con-
sist of more than 27 million data points and is much
larger than the Colorado precipitation data.

4.2.2  Kernel Design

In this section, we design a kernel for both the Col-
orado precipitation data and GHCN temperature data.

1 https://www.image.ucar.edu/Data/US.monthly.met/CO.shtml.



The kernel design problem here is tricky, because the
designed kernel should on the one hand incorporate
the prior knowledge on the underlying spatial-temporal
function to be estimated and on the other hand has
state-space model realizations.

We first consider the spatial kernel design. Since the pre-
cipitation and the temperature are diffusion processes,
the spatial prior knowledge is that for two locations, the
closer the two locations, the larger the correlation be-
tween their weather data, and thus the squared expo-
nential (SE) kernel is often adopted, e.g., [27) 29],

ksk(pis pirs ase) = exp (—||p; — pir||3/cse) . (40)

where a5, > 0, and for the Colorado precipitation data,
p; € R? and its components are the longitude and lat-
itude of the location, respectively, and for the GHCN
temperature data, p; € R? and its components are the
earth-centered earth-fixed (ECEF) coordinates of the lo-
cations considered and the units are in 10 kilometers.

Then we consider the temporal kernel design. To capture
the periodicity of the weather data, an intuitive way is
to use the periodic kernel, e.g., [29]

Fper (73 61, ¢0) = 0y exp {—zct [sin(wa)]z} o (41)

where ¢; > 0, §; > 0 are the hyper-parameters, and
f € R is the period of the weather data. However, the
periodic kernel (41) does not have a proper PSD and
thus has no state-space model realization. To overcome
this difficulty, we first consider the Taylor expansion of
exp(z) at x = 0 to the second-order, then replace x by
—2¢¢[sin(7£7)]? in the expansion, and finally, multiply it
by an exponential kernel kgxp(7) = e~ I71/9¢ and obtain
the following positive definite kernel

krra(T;0t, ¢ )kexp (T)

= 0, {(1 — ¢+ %cf) + (e — cf) cos(2mf|T]|) (42)
c 7|

+— cos(47rf|7-|)] exp <—> ,
4 Ot

where §; > 0 and ¢; € (0,1) are the hyper-parameters,
¢t € (0,1) is imposed to guarantee that (42) is positive
semidefinite. The derivation of the state-space model of
(42) is included in Appendix A.5. Here, it should be
noted that both £ and o; are not hyper-parameters: f
is chosen to be £ = 1/12 for the Colorado precipitation
data and £ = 1/365.3 for the GHCN temperature data
due to the periodicity of the data, and o; is chosen to be
o = 5x 10? such that the exponential kernel kgxp(7) =
e~ 17179+ has a negligible effect. Moreover, to describe the
slight temporal variation of the data, we further include

a Matérn kernel, e.g., [29], i.e.,

3 3
kMatern (T§ ht7 915) = ht 1+ @ €xXp _@ P
0: 0:
(43)
where hy, 0; > 0 are the hyper-parameters of (43). Then
we can obtain the following temporal kernel

k(75 0um) = krE2(T; 0, ) kEXP (T) + KMatern (75 htv(gt),)
44

where At = [5t; Ct, ht, Ht]T with
0.016; < hy < 0.15;, (45)

which is enforced to guarantee that the Matérn kernel
(43) describes the slight temporal variation of the data.

Remark 3 Beside the spatial prior knowledge consid-
ered above, it is interesting to note that the spatial prior
knowledge considered in [32) is that the edges in the graph-
ical model are sparse, where the graphical model is due
to the existence of a number of modules with a graphical
structure, and that each module has a number of nodes
sharing the same graphical structure, and thus, a sparsity
inducing kernel/reqularization was designed accordingly.
It is also interesting to mention that the following kernel

kpp(7; 80, 00) = 6, cos(2nf|r))e” 5, (46)

where 8¢, 01 > 0 are hyper-parameters and £ = 1/12, is
chosen in [17, [Z7] as the temporal kernel.

4.2.8 Hyper-parameter Estimation and Function Pre-
diction

For the two data sets and designed kernels, we use the
MLM, GCV and SURE methods, as shown in Section
3.4, to estimate the hyper-parameter a = [af,aT]T.
Moreover, for the MLM method, the noise variance

0? is treated as an additional hyper-parameter, i.e.,

a = [af,al 0?7, and its estimate is then used for
the SURE and GCV methods. With the estimated
hyper-parameter, we can further run the Kalman filter,

smoother and predictor in Section 3.3 to compute the
function prediction fr = [fyi1n, - NNz |N]-

The function fmincon in Matlab, using the interior-point
algorithm with numerical gradient approximated by fi-
nite difference of the cost function, is applied to solve
(5), (6) or (7). Since the selection of initial points is sig-
nificant for the search of “good” local minima, the fol-
lowing way is used to find a “good” local minimum:

1) for each component of the hyper-parameter, we se-
lect a set of initial points and thus obtain a grid of
initial points of the hyper-parameter;



2) calculate the cost functions over the grid of initial
points;

3) select 5 initial points corresponding to the smallest
5 values of the cost function;

4) use the function fmincon with selected 5 initial
points to solve the optimization problem involved
in the hyper-parameter estimation, respectively;

5) choose the optimal solution with the smallest value
of the cost function as the optimal hyper-parameter
estimate.

To assess how good the prediction fr is at jT for j =
N+1,--- N+ N, we use the measure of fit, e.g., [20],

fit. = 100 1_M j:iiy . (47)
I lys —wlls )%~ M 2=

The maximum of fit; is 100, meaning a perfect match

between fj‘ ~ and y;. The average prediction fit over the
test data set is defined as

N+Nr

— 1
fit=— Y fit;. (48)
Nr 5

4.2.4  Filling the Missing Data

The Colorado precipitation and GHCN temperature
data contain 58.39% and 3.3% missing data, respec-
tively, and we need to fill the missing data before
running simulations. To this goal, we first split the

spatial-temporal data into M temporal data sets

(Pt N Apar g, yar YT according

to the M locations. For each temporal data set, the
temporal kernel (46) or (44) is applied, respectively.
Then for each 7 = 1,--- , M, we use the MLM method
to estimate the corresponding hyper-parameter and in
particular, if y; ; is missing for some j = 1,--- , N+ N,
then no measurement update is needed, i.e., (28d) and
(28e) should be replaced by

i =Ej-1, (49)

Tjlj = Tjlj-1,
respectively, e.g., [I]. Finally, with the obtained hyper-
parameter estimate, the Kalman smoother (30) is used
to fill the missing data.

Remark 4 The above treatment of the missing data im-
plicitly assumes that for i,7' = 1,--- , M and j,j =
1,--- N+ Np, ifi # 1, y;; and yy ;o are independent.
The treatment in [27] does not rely on this assumption
and thus is more general but with the price of higher com-
putational complexity.

4.2.5  Illustration of Computational Efficiency

Firstly, we consider the Colorado precipitation data and
choose (40) as the spatial kernel and (46) as the temporal

kernel, and then we evaluate the cost functions of the
MLM method (5), GCV method (6), and SURE method
(7) for 10 times. The average computing time of the cost
functions for the proposed implementation and the one
in [I7, 27] are shown in the Table 1, which shows that,
our proposed implementation is over 300 and 200 times
faster than the one in [I7), 27] for the MLM method, and
GCV and SURE methods, respectively.

Table 1

The average computing time (in second) of the cost functions
of the MLM method (5), GCV method (6) and SURE method
(7) for the Colorado precipitation data.

Implementation Proposed in [I7], 27]
MLM method 0.6485 197.3668
GCV method 1.5983 332.9270
SURE method 1.5904 331.9392
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Fig. 2. The average computation time (in second) of the cost
functions of the MLM method (5), GCV method (6) and
SURE method (7) for the GHCN temperature data with
N = 800 and M = 100,200, ---,1000, respectively, where
our proposed implementation and the one in [I7, 27] are
shown on the right and left panels, respectively.

Secondly, we consider the GHCN temperature data but
only use part of it, because the implementation in [17,[27]
is too expensive to be applied to the full data. In par-
ticular, we only use the first 800 time instants and 1000
locations, i.e., {p,-,tj,yi,j}g(i?f:of. Then we choose (40)
and (44) as the spatial kernel and temporal kernel, re-
spectively, and evaluate the cost functions of the MLM
method (5), GCV method (6), and SURE method (7) for
10 times with N = 800 and M = 100, - - - , 1000, respec-
tively. The average computing time of the cost functions
for the proposed implementation and the one in [17, 27]
are shown Fig. 2, which shows that, our proposed imple-
mentations is more efficient than the one in [I7, 27], as
the number of the locations increases. It is worth to men-
tion that for the full GHCN temperature data, our pro-
posed implementation has the average computing time
30.2, 68.2 and 67.8 seconds, for the cost functions of the
MLM, GCV, and SURE methods, respectively.

4.2.6  Illustration of Prediction Performance

For the Colorado precipitation data, the prediction
fits (47), the average prediction fits (48), and the opti-
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Fig. 3. Profile: Monthly prediction fits (47) for the Colorado precipitation data using two kernel combinations: (40)4(44) and
(40)+(46), and three hyper-parameter estimation methods, respectively. Panel (a): Monthly prediction fits using the MLM
method. Panel (b): Monthly prediction fits using the GCV method. Panel (c¢): Monthly prediction fits using the SURE method.
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Fig. 4. Profile: Daily prediction fits (47) for the GHCN temperature data using two kernel combinations: (40)+(44) and
(40)+(46), and three hyper-parameter estimation methods, respectively. Panels (a): Daily prediction fits using the MLM
method. Panel (b): Daily prediction fits using the GCV method. Panel (c): Daily prediction fits using the SURE method.

mal hyper-parameters using two kernel combinations:
(40)+(44) and (40)+(46), and three hyper-parameter
estimation methods: MLM, GCV and SURE, are shown
in Fig. 3, Tables 2 and 3, respectively. It is worth to
stress that (40)+(46) was used in [I7} 27].

Fig. 3 and Table 2 show that for the same hyper-
parameter estimation method, the prediction fits (47)
and the average prediction fits (48) obtained by the
kernel combination (40)+(44) are all larger than those
by (40)+(46), indicating that the temporal kernel (44)
can better describe the Colorado precipitation data
than (46) used in [I7), 27]. Table 2 also shows that the
kernel combination (40)+(44) with hyper-parameters
estimated by the MLM method gives the best average
prediction fit 28.25. One may wonder why this fit is not
so good and the reason is perhaps due to that 58.39%
of the Colorado precipitation data are missing.

Table 2

The average prediction fits (48) for the Colorado precipita-
tion data using two kernel combinations, where the hyper-
parameters are estimated by MLM, GCV and SURE meth-
ods, respectively. The values in parentheses are the corre-
sponding smallest prediction fits.

Kernel  (40)+(44) (40)+(46)
MLM 2825 (-8.31)  -27.54 (-47.39)
GCV  25.66 (-11.24) -47.56 (-166.35)
SURE  25.66 (-11.24) -47.38 (-165.38)

10

For the GHCN temperature data, the prediction fits
(47), the average prediction fits (48), and the opti-
mal hyper-parameters using two kernel combinations:
(40)+(44) and (40)+(46), and three hyper-parameter
estimation methods: MLM, GCV and SURE, are shown
in Fig. 4, Tables 4 and 5, respectively. It is worth to
stress that (40)+(46) was used in [17} [27].

Fig. 4 and Table 4 show that for the same hyper-
parameter estimation method, the prediction fits (47)
and the average prediction fits (48) obtained by the ker-
nel combination (40)+(44) are most of time larger than
those by (40)+(46), indicating that the temporal kernel
(44) can better describe the GHCN temperature data
than (46) used in [I7, [27]. Table 4 also shows, among
three hyper-parameter estimation methods, the MLM
method gives the best average prediction fit 60.34 and
the corresponding smallest prediction fit 44.12. More-
over, Fig. 4 also shows that the prediction fit of the
GCV and SURE methods drop down quickly in the be-
ginning and then go up again, while the MLM method
can avoid such drop.

4.8 Spatially-distributed System Identification

In this section, we consider the identification of spatially-
distributed system, e.g. [I8], which is a class of dis-
tributed parameter systems.



Table 3

The hyper-parameter and the corresponding optimal values of the cost functions for the Colorado precipitation data using

two kernel combinations: (40)+(44

) and (40)+(46), and three hyper-parameter estimation methods, respectively.

Method, Kernels  Optimal cost function value Ot ot o2 Qse ct ht 0+
MLM, (40)+(44) 1.8876e+06 4.6377e+03 5000 173.0302 0.1303 0.3834 109.4592  0.0663
MLM, (40)+(46) 2.0311e4-06 361.7502 2.2946 501.5663  8.0899 — - -
GCV, (40)+(44) 242.3078 9.3410e+-03 5000 173.0302 0.1373  0.5345 93.4106 0.1136
GCV, (40)+(46) 508.7996 9.0237e+08  1.1407e+07  501.5655  2.5726 — - —
SURE, (40)+(44) 9.8970e+-07 9.2773e+03 5000 173.0302  0.1376  0.5346  92.7727  0.0562
SURE, (40)+4(46) 2.2675e+08 5.0370e4-08  6.8254e4+06  501.5655  2.8876 - - —

Table 4

The average prediction fits (48) for the GHCN tempera-
ture date using two kernel combinations, where the hyper-
parameters are estimated by MLM, GCV and SURE meth-
ods, respectively. The values in parentheses are the corre-
sponding smallest prediction fits.

Kernel  (40)+(44) (40)+-(46)

MLM  60.34 (44.12) -62.85(-146.20)
GOV 60.30 (35.97) -57.48(-232.58)
SURE  52.40 (22.20) -53.57(-226.53)

First, we recall from e.g., [I8], that the subsystem at
the ith location p; with ¢ = 1,---, M of a spatially-
distributed system can be described by the following
ARX model

Ai(ap, @) f(is t5) =Bi(ap, @ )ulpi, t),

tj:stvjzlvza"'v (50)

N,
where g, and q; are the forward spatial and tempo-
ral shift operators, respectively, i.e., ¢pq; " f(pi,t;) =
fpit1,tj=1), f(pi, t;) € Rand u(p;,t ) € R are the out-
put and input at the ith location p; and jth time instant
t;, respectively, and

A (Qpﬂlt _1 + Z Z a; pkjutk qt 7 (51)
ki=1k;=0
i(4p, at) Zzb (py-t)g, gy (52)
1;=11;=0

with a;(p;, tr,;), bi(p1;, 1) € R, ng,np € Nand po a null
position. Then, we consider a special case of (50) with

Ai(qp7Qt) = 1)

ny

Zb pzatk

(53)

Qp»(It u(pht]) :u(tj)v

which is equivalent to assume that the subsystem at the
ith location p; with ¢ = 1,--- , M, has a finite impulse
response (FIR) model. The FIR parameters b;(p;, tr),
k=1,---,np only depend on p; and moreover, assumed

11

to be smooth functions of p;. In this case, the output
f(pi,t;) takes the form of

Zb pmtk )

fpist; (54)

which plays the role as the spatial-temporal function

f(pis 1) in (1)

In what follows, we study the identification of spatially-
distributed system (50) with (53), i.e., the estimation
of the FIRs {b(p;, tj)}ij\if;’-:l of M spatially-distributed
subsystems as well as possible based on the training
data {y; ;, u(t; )}iVIle ; by using the Gaussian process
regression approach in this paper. For comparison we
also consider the estimation of the FIR {b(p;,t;)};2; of

the ith subsystem based on {y; ;, u(t )}J:1 separately by
neglecting the spatial interconnections between M sub-
systems and by using the approach in [I2]. These two
approaches are denoted by the “spatial-temporal” and
“temporal” approaches in the following, respectively.

4.8.1 Test Spatially-distributed Systems

We first generate a 30th order discrete time system us-
ing the procedure in [12] with 5 poles with the largest
modulus lying in [0.8,0.9] and one pole with the 6th
largest modulus smaller than 0.75. For convenience, we
let p;,, whose real part is a; and the imaginary part by,
denote the pole of this system with the kth largest mod-
ulus. Then we generate M = 500 new test systems by
keeping zeros and poles of this system unchanged except
the 5 poles with the largest modulus, i.e., {px}3_, and
then. Note that if there exists an unpaired non-real pole
in {px}?_,, e.g., ax + byl with b # 0 is included but
ap — bl is not, we will regenerate the original system
until {px}7_; 1nc1ude either real poles or complex con-
jugate pairs of poles. For the ith new test system with
i=1,---,500, {px}3_, are modified as {px;}3_, with
the real part a; ; and the imaginary part by, ; as follows,

- for real pole pi, the modified ps ; = a,; is uniformly
distributed in [ay — 0.05, a + 0.05] and by, ;=0;



Table 5

The hyper-parameter and the corresponding optimal values of the cost functions for the GHCN temperature data using two
kernel combinations: (40)+(44) and (40)+(46), and three hyper-parameter estimation methods, respectively.

Method, Kernels Optimal cost function value 5t ot o2 Qse ct h¢ N
MLM, (40)+(44) 5.4912e4-07 585.9242 5000 2.6159 984.0928 0.2867 5.8592 1.9000
MLM, (40)+(46) 5.7639e4-07 626.4846 235.5695 1.1125 91.8811 - - -
GCV, (40)+(44) 2.1015 1.8304e+04 5000 2.6159 19.6885 0.6481 1.7664e+03 8.3648
GCV, (40)+(46) 2.4189 2.4023e4-04 6.1204e4-03 1.1125 47.8679 - - -
SURE, (40)+(44) 7.6828e+07 5.7973e+03 5000 2.6159 345.0477 0.4735 579.7336 50.3385
SURE, (40)+(46) 4.4955e+07 1.1622e+04 4.8269e+03 1.1125 64.0244 - - -

- for complex conjugate pair of poles pr = ay + byi, the
modified complex conjugate pair of poles are a;; =
by ;1, where (ay ;, bg,;) is uniformly distributed in the
circle with the center (ax, by) and radius 0.05.

Now we obtain 500 spatially-distributed test subsystems
and for the ¢th subsystem, the corresponding location is
pi = [aii, b1, ;285,054 € R,

4.8.2  Test Data Sets

We choose the test input signal u(t;) = e~ *% sin(wot;)
with o = 1072 and wy = 7/8, whose state-space model
is in the form of

Zijr1 = EZj+ Foj, Zig=0€R?,

_ (55)
u(t_]) :H2i7j7 ]:Oala aNa

where Z; ; € R? §; denotes the impulsive input, i.e.,
dj=1forj=0andd; =0for j=1,---, and

- | 2e7*cos(wo) —e** .
B = l X . 1 : (56a)
—a T
P [1] - [e sm(wo)] (56D)
0 0

Then for i = 1,--- , M, we simulate the ith test subsys-
tem with the test input signal to get the noise-free output
f(pi,t;) and then corrupt it with an additive measure-
ment noise v; ;, which follows a Gaussian distribution
with zero mean and variance o2, leading to a data record
with 400 pairs of input and measurement output data
{yi.j, u(t;)};2 . The average signal-to-noise ratio (SNR)
of 500 test subsystems is 1, where the SNR of each test
subsystem is defined as the ratio between the variance
of the noise-free output f(p;,t;) and that of the mea-
surement noise v; ;. In this way, the generated data sets
contain 500 data records, each with 400 pairs of input
and measurement output data, i.e., {y; ;, u(tj)}?gq’é(fl.

4.8.8  Choice of Kernels

For the “spatial-temporal” approach, the spatial kernel
ks(pi, pir; as) and the temporal kernel k. (¢;,t;7; cu) in (4)
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are chosen to be the SE kernel (40), and the following
one, respectively,

ny ny
Re(ty i an) = Rty tys o) DY ultyo)ulty ),
k=1k'=1
(57)

where s(t;,t;;04) : Ry x Ry — R is the diagonal cor-
related (DC) kernel in [12], i.e.,
tit+t.r)/2 |ti—t.,
K(tj, tj o) = 51‘)\,5 at+t)/ plt’ I I, (58)
ap = [6ta)‘t7pt] €= {6t > 07)\15 € [Oa 1)) |Pt| < 1}

Noting the state-space model realization of the DC ker-
nel (58) in [9] and (55), it can be shown that the state-
space model realization of the spatial-temporal kernel
(4) with (40) as the spatial kernel and (57) as the tempo-
ral kernel takes the form of (19) by replacing (19a) with

Sj+1 = FSj + ijj, S1 NN(O,IM & 21),

and using
h_3 P Iy @ (\2p) 0 RMx2M
’ Iy ® (1= p)?F) Iu®E
o _[tue A6 /2N o [N
! 0 € R2MxM ’ (Iny ® H)
. Iy @ (6:/(1 — p?)) 0 € RMx2M
1= 0e RZMXM () c R2Mx2M |’

where E, F and H are given in (56). Note that for the
“temporal” approach, we only apply the DC kernel (58).

4.8.4  Hyper-parameter estimation and Impulse Re-
sponse Estimation

For the “spatial-temporal” approach, we use the MLM
method (5) to estimate « [@T ol 02T and ap-
ply the same strategy as stated in Section 4.2.3 for
finding a “good” local minimum. With the estimated

hyper-parameter, we further run the Kalman filter and



smoother to obtain the estimates of {b;(p;, fj)}?if;:p

M,ny

denoted as {Ei7j‘N}l 1—1, where for j =1, ny,
. T
bjin = | byjiv - EM,le} eRY, (59)
can be obtained by
bjin = ADY?(Iny @ (1= p})"/?) (&N ]1nr. (60)

Here A and D are defined in (20), and [Zx]1.as denotes
a vector containing the first M elements of Z 5 in (30c).

For the “temporal” approach, we use the MLM
method (5) to estimate a = [af,0%]7 and then
with the estimated hyper-parameter, we calculate
,bimHN}T € R™ for the ith system with
, M, where the implementation [I1] is used.

Ei = [Ei,l\Na"'
i=1,---
M’I’Lb

To evaluate the estimation performance of {b;, GIN i1 f=1s
for the ith system with i =1,--- , M, we let

b? = [b?,1 ) b?nb}Tv

denote the true value of [b;(pi, 1), , bi(pi, tn, )]t and
then define the measure of fit, e.g., [20],

bi =82\ 1
fit? =100 x 1—”’71 b0 =
( 169 — b2l

ny
2t
b

The average estimation fit of {b;}, is defined as

(61)

o 1 M .
= 6t
w

4.8.5  Simulation Results and Findings

In the simulation, we choose the FIR order n, = 125.
The average estimation fits of {b;}}, of the “spatial-
temporal” and “temporal” approaches in Table 6 show
that the “spatial-temporal” approach gives much better
estimation performance than the “temporal” approach.
This observation indicates that exploring the spatial in-
terconnections among subsystems is beneficial for the
identification of spatially-distributed system.

Table 6
Average estimation fits of M spatially-distributed systems

Approach
fit” (61) 77.27

“spatial-temporal”  “temporal”

8.78
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5 Conclusion

In this paper, we proposed an efficient implementation
with computational complexity O(M?3 + NM?), for
spatial-temporal Gaussian process regression by explor-
ing the Kronecker structure of its state-space model
realization, where N and M are the numbers of time
instants and locations, respectively. The proposed im-
plementation has been illustrated over applications in
weather data prediction and spatially-distributed sys-
tem identification. For the weather prediction, the design
kernel is shown to give better prediction performance
than the one in [27] and for the spatially-distributed
system identification, the benefit of exploring the spatial
interconnections among subsystems is confirmed.

Appendix A

This appendix contains the proofs of all theoretical re-
sults and the derivations of state-space model of (42).

A.1  Proof of Proposition 1

According to (32a)-(32b) in Lemma 1 and (33a), we have

L

lo —bo1ly
@ = . == FL,

lN Z,lelz

where T' is defined in (35). Then, inserting (34a)
into (33b), it follows that ¥ = COV[TL,TL] =
TCOVI[L, L)T'T, which leads to (34b) using (25b). Com-
bining (28b), (33b) and (32c), we can obtain (34c).

A.2  Proof of Proposition 2

First, note that the computation of the cost function of
(5) depends on that of log |¥(a)] and YTX = (a)Y. Then
following the idea of [5], where the computation of the
generalized cross validation filter is discussed, and using
(25) and Proposition 1, log |X(a)| and YTX71(a)Y can
be computed as follows

log [X(a)]
=log|(In ® A)Z(a)(Iy @ AT)| (A.2a)
=log |(Ix ® A)(Iny ® AT)| + log [S(a)| = log | ¥|
YIy=a)Y
=LT(Iy @ AT)(Ixn @ M)Z(a) Iy @ AT)(Ixy @ A)L
=rte)frtvr)~(r-'e)=e’vle, (A.2b)

where the first steps of both (A.2a) and (A.2b) are de-
rived from (25), and the second step of (A.2b) is derived



from (34a) and (34b). Then using (33a) and (34c), we
can obtain (36).

A.3  Proof of Proposition 3

As shown in (6) and (7), the computation of the cost
functions of the GCV and SURE methods depends on
that of § and S defined in (8f) and (8g), respectively. For
convenience, we let v = o2. We first rewrite (8a) as

72 ()

Following the discussions in [5], we can represent ¢ and S
as functions of log |~ (a)| and Y721 (a)Y, respectively,

= Inn — [Ki(on) © Ko(o)] 2(a) ™! (AL3)

dlog |X()|
T
Y

= ytrace(X(a)™? 9%(a)

) = ytrace(X(a)™t)

Ky(as)] S(e) "}
Ky(as)] 3(a) 7"}

= trace {INM - K
= NM — trace { [K,
=NM —§,
L, Y TS (a)"lY
Oy
_ ,72yTZ—182(a)
vy
=YY" {Inm — [Ki(e
{INM - [Kt(at)
— IV -YI3=$

oy
t(a )
il
(A.4)
D i S 4

)®K
KS(QS)]

o)}
1} Y
(A.5)

Then by using (36), S and ¢ can be computed as follows

LY TS (a)
S = —_— =
vy Z
0log |X(a)| dlog |E; |
0=MN—-—~y————>==MN — —_—
oy ; 0y
(A.6)
Now we define
- 051 4 9%
I P = AT
CJU 1 oy Jli—1 oy ( )

and then 8éfE;1éj/87 and dlog|E;|/0y in (A.6) can
be further expressed as

oe'E ey - A1
=& B (HPy H + LB e,
+2C],_ HE; e, (A.8a)
dlog B, I
Q8 IB] _ trace (B (HPj— H" + In)] . (A.8D)

Oy
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Combining (A.6) with (A.8), we can obtain (37). More-
over, inserting (28d) and (28f) into (A.7), and (28e¢) and
(28g) into (A.7), we can compute (j;—; and Pj;_; re-
cursively as shown in Proposition 3.

A.4  Proof of Theorem 1

As shown in Algorithm 1, the proposed implementation
consists of three steps, and in what follows, we will study
their computational complexities, respectively:

1) Computational complexity of Step 1: We first calcu-
late the SVD of K, € RM>*M in (20) and its com-
putational complexity is O(M3). Then the compu-
tational complexities of (24a) and (25a) are O(Mr)
and O(N M?), respectively. Hence, this step has the
computational complexity O(M?3 + NM?).

2) Computational complexity of Step 2: Since the evalu-
ation of the cost functions of three hyper-parameter
estimation methods all rely on Kalman filter, we
first consider the computational complexity of the
Kalman filter (28) and then that of three hyper-
parameter estimation methods, respectively.

(a) Computational complezity of Kalman filter (28):
To show the computational complexity of the
Kalman filter, we first use induction to show that,
forj =1,---,N, E; € RMXM and Yii-1 €
RMrxMr are diagonal and block diagonal matri-

ces, respectively. It consists of two steps.
Our first step is to prove that E; and Xjjg

are diagonal and block diagonal matrices, re-
spectively. For ¥, inserting (24a), (29) and

Sojo = El(wo —E(x0))(zo — E(20)) "] = Ins © S0,

where we apply (23a) and (26), into (28g), we

have

Sijo = In ® (FpSoF) + GpGh)

= blkdiag(i]l,l, e ,2171\/[), (Ag)
where 21,1- = FDZOFE + GDG% for i =

, M. For Ey, we insert (24a) and (A.9) into
(28b) to obtain

Ey = HpS11HLD + 0%y

= diag(E171,~o 7E1,M)7 (AIO)
where El,i = [D]iiHDiLng + O'2 for i =
1,---, M.

Our second step is to show that for j =
1,---,N — 1, if we assume Ej; and X;;_; are
diagonal and block diagonal matrlces respec-
tively, then we can show that EJH and ity
are diagonal and block diagonal matrices, re-

spectively. For convenience, we define that
Ej =diag(E G,1s° Ej7M)7 (A.11a)
3jj—1 =blkdiag(Z;1,- -+ ,5;m),  (A.1lb)



where E;; € R and ¥;;, € R™" for i
1,---, M. Combining (28¢g) and (28e¢), we have

i =FY 0 FT +Q

- F j\jflgTEj_lg j\jflpT
=blkdiag(X, 41,1, » Dj+1,0m), (A12)
ij-&-l,i :FDi]j,iFg + GDGg (Als)

+([D)ii/E; ) FpX; :HhHpY; i,

where ¢ = 1,---,M, and we apply (24a),
(29), (A.11) and the fact that I_{TEJ-_IF_I
(In ® H)[(D'?E;'D'Y?) @ 1)(In © Hp)
(Dl/zE’;lDl/z) ® (H5Hp) is a block diagonal
matrix with ith block being ([D);;/E; ) H5Hp €
R7™*". Then for E;i1, we use (24a) and (A.12)
to obtain

Ej+1 :H§j+1‘jHT + 0'2IM

=diag(Ej411, -, Ejrim),  (A14)

where Ej—i—l,i = [D]iiHDEj—i-l,ng + 0'2 for i =

1,---, M. )
Hence for j = 1,--- , NV, it is clear that E; €

RM*M and ;-1 € RM™M" are diagonal and

block diagonal matrices, respectively. It follows
that 3;; € RM™Mr in (28e) is also a block di-
agonal matrix due to that HTEJ71H is a block
diagonal matrix.

Then, according to the properties of the Kro-
necker product and the matrix multiplication,
for each 57 = 1,--- , N, the computational com-
plexities of (28b), (28c) and (28d), and (28e)
and (28g) are O(Mr?) and O(Mr?), respectively.
Thus the computational complexity of (28) is
O(NM).

Computational complexity of the computation of
the cost function of the MLM method: As shown
in Proposition 2, to calculate the cost function of
the MLM method (5), we first calculate e; and
E; as shown in (28) for j = 1,---, N and the
computational complexity is O(NMr?). Then
we calculate (36) and (5), whose computational
complexity is O(NM). Therefore, the compu-
tational complexity of the cost function of the
MLM method is O(NM).

Computational complexities of the computation
of the cost functions of the GC'V and SURE meth-
ods: For the GCV method (6) and the SURE
method (7), as shown in Proposition 3, since E;
is a diagonal matrix, and 7j‘j,1, F and H are
block diagonal matrices, the computational com-
plexlty of Cj\j—l € RMT and PJ‘]_l € RMTXMT
with j = 1,--- , N in (38) and (39) are O(Mr?).
Therefore, the computational complexities of the
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cost functions of the GCV and the SURE meth-
ods are both O(NM).

3) Computational complexity of Step 3: We discuss the
computational complexities of the Kalman smoother
(30) and predictor (31), respectively.

(a) Computational complezity of Kalman smoother:
Since ijlj € RMrxMr 5 — N —1,.--,1 are
block diagonal matrices, jj, j=N-1,..-,1
are also block diagonal matrices. Hence, for
each j, the computational complexities of (30a),
and (30b), (30c) and (30d) are O(Mr?) and
O(Mr?), respectively. Finally, since the output
transform in (30e) has computational complex-
ity O(M?r), the computational complexity of
(30) is O(N M?).

Computational complezity of Kalman predictor:

For each j, the computational complexities of

(31b) and (31c) are O(Mr3) and O(M?r), re-

spectively. Thus the computational complexity

of (31) is O(NM?).

Hence, the proof of Theorem 1 is complete.

A.5  State-space Model Realization of (42)

The kernel (42) can be divided into three parts:

ko2 (73 6¢, ct)kpxp (T) (A.15)

_ 3 2 I7|
=6¢[(1 —ct + —cy)exp [ ——
4 ot

(A.15a)

2 7|
+ (ct — c;) cos(2mf|T|) exp | ——
ot

(A.15b)

ot Il

+ — cos(4nf|T|)exp ( —— )],
4 ot

(A.15¢)

where (A.15a) is an exponential kernel, and (A.15b) and
(A.15¢) are periodic kernels with different periods. To
obtain the state-space model of (42), we derive below
the state-space models of these kernels, respectively.

Firstly, we denote the PSD of (A.15a) as ®gxp (w), which
can be obtained using (10) as follows

0u(1— ¢+ fef)(1 — e )
Ppxp(w) = (e7iw —e=Br) (elw — e )’

(A.16)

where 8; = L. According to Assumption 1 and (11), we

oy’

can obtain the transfer function of (A.16) in the form

\/&(1 —et E)(1—e2)

Wexp () e ——n (A.17)



Then we can derive the corresponding state-space model
using the realization theory in [8] as follows

(A.18a)
(A.18b)

81,541 = Flslyj + lel,jvj =1,---
Y15 = Hijsij,

where S1,5 € R, F, = Giﬂt, Gy = 1 and Hl,j =
\/5t(1—ct+%cf)(1—e—25t) and wy,; € R is white

Gaussian noise with zero mean and unit variance.

Secondly, we denote the PSD of (A.15b) as ®pp; (w) and
it can be derived using (10) as follows

@le(w) = 515(675 — C?)

% (6356 _ 6’8'5) (6—191 + 6191) (e—iw + eiw) 41— 645t:|
/ [(66" _ efinfiw) (eﬁt

(eﬁt _ 6iw491) (eﬂt - eig1+iw)]

(A.19)

o eiglfiw)
)

where 91 = 27f. According to Assumption 1 and (11),
we consider the transfer function of (A.19) in the form

nie + no

W () = 1/6:(cs — c%)emw R (A.20)
with dy = —e™2A dy = e Pe(elor 4 e7lo1),
A=n?+4ni=1-¢, (A.21a)
B=mning = % (ew* - eﬁf) (e7'er +€l9) . (A.21b)
Therefore, we can derive n; and ny by solving
ni — An? + B* = 0. (A.22)

With (A.20), ny and ny, we can derive the state-space
model in controllable canonical form of (A.15b) using
the realization theory in [] as follows

(A.23a)
(A.23b)

8241 = Fosaj + Gowy 5,5 =1,
Yo,; = Ha js2 5,

where s5 ; € R?, wy ; € R? is white Gaussian noise with
zero mean and covariance matrix I, and

01
di do

= ,Go =

Moreover, it is necessary to check if the n; and no guar-
antees that the zeros of (A.20) are inside the unit circle
and the largest eigenvalue of the corresponding system
matrices Fy should be less than 1.

0
1] JHy j = 1/0i(ci — cF) [nz n1] :
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The PSD of (A.15¢) can be obtained by in a similar way

as (A.15b) by replacing the amplitude with §;% and
letting o1 = 4nf in (A.19), respectively. Let the state-
space model of (A.15¢) in controllable canonical form be
represented as

(A.24a)
(A.24b)

S83,j+1 = FgSg’j + G3U)37j7j — ]_7 e
Ys.j = Hs jss.,

where s3 ; € R?, F3 € R?*2 G5 € R?, H3 ; € R'*2, and
w3 ; € R? is white Gaussian noise with zero mean and
covariance matrix I.

Therefore, the state-space model of (42) can be obtained
by combining the state-space models (A.18), (A.23) and
(A.24) as follows

S1,5+1 Fir 0 0 81,5 Gy 0 0 w1,
52, 5+1 0 F2 0 82,5 + 0 G2 0 w2,
53,5+1 0 0 Fj 83,5 0 0 Gs w3, j

T
- ) ) Al T T
Yj = {Hlu Hy H3»]:| {514 52,5 53,3} :
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