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Asymptotic Properties of Mildly Explosive Processes with
Locally Stationary Disturbance

Junichi Hirukawa and Sangyeol Lee

Niigata University and Seoul National University

1. Introduction Autoregressive processes of the form y, = py,_; + &, with an explosive root |p| > 1, where g, are iid
standard normal random variables, were first studied in White (1958) and Anderson (1959). By assuming a zero initial

value for y,, a Cauchy limit theory is derived for the least squares estimate p, = (3, yi—1y) (X, y,z_l)‘l:

pn
1 <
() o

(on—p) = C,

where C denotes a Cauchy random variable and = denotes convergence in distribution when » tends to infinity. The
Gaussian assumption imposed on the innovation sequence {g,} plays an important role and cannot be relaxed to obtain
the same asymptotic distribution as in (1): see Anderson (1959) who demonstrate that the limit distribution of the least
squares estimate depends upon the distributional assumptions imposed on the error sequence.

However, this difficulty can be avoided when the explosive root approaches unity as the sample size tends to
infinity. Phillips and Magdalinos (2007a) consider autoregressive processes with root p, = 1 + ¢/k,, where k, is a
positive real sequence with k, = o(n). When ¢ > 0, such roots are explosive in finite samples and approach unity at the
rate slower than O(n!). Tt is well known that the asymptotic behavior of such mildly explosive autoregressions is more
uniform than their purely explosive counterparts. Under the second moment condition on the iid innovations, Phillips
and Magdalinos (2007a) establish limit theorems for sample moments generated by mildly explosive processes and

obtain the following Cauchy limit result:

1
©) ekt ®n = pn) = C.
c

This limit result is unaffected by both the distribution of the initial condition yg as far as yp = o(k,). The result was
extended by Phillips and Magdalinos (2007b) to a class of weakly dependent innovations. Aue and Horvath (2007)
relax the moment conditions on the innovations by considering an iid innovation sequence that belongs to the domain
of attraction of a stable law. Magdalinos and Phillips (2008) give multivariate extensions and Magdalinos (2012)
considers mildly explosive autoregressions generated by a linear process that may exhibit long-range dependence. Oh
et al. (2017) recently study mildly explosive autoregressions with strong mixing innovation sequence, showing that
the least squares estimate has the same limit distribution as the iid innovation case.

However, the time homogenous assumption on the residuals seems to be restrictive. The analysis of relatively long
stretches of time series data that may contain either slow or rapid changes in the spectrum is of interest in a number of
areas. Although the idea of having locally approximately a stationary process was also the starting point of Priestley ’
s theory of processes with evolutionary spectra (Priestley (1965)), recently one of the most important classes of non-
stationary processes has been formulated in a rigorous asymptotic framework by Dahlhaus (1996a, 1996b, 1996c¢,
1997), called locally stationary processes. Locally stationary processes have time varying spectral densities whose
spectral structures smoothly change in time. Dahlhaus (2012) also gave the extensive review about locally stationary
processes. In this study, we investigate the asymptotic distribution of the L.SE for the autoregression with locally
stationary error process. The limit behavior of the LSE from the unit root and near stationary autoregressions with
locally stationary disturbance was considered by Hirukawa and Skdakata (2012). For the iid unit root process case,
see Chan and Wei (1980) and Lee and Wei (1999).



Although we mainly focus on the limit behavior of the LSE, we develop a method for identifying the onset and
the end of a bubble period of an econometric time series as an application, originally considered in Phillips and Yu
(2009) and Phillips et al. (2011). For this task, we investigate the limiting distribution of the Dickey-Fuller tests when
the underlying process is either a unit-root process or explosively mild process and finally demonstrate that they are
consistent.

2. Limit distribution of LSE In this section, we consider the following mildly explosive process with locally station-
ary disturbance:

Vin = Pradi-tn F U, t=1,...,1,
[l—[pk n]yOn + Z [ 1—[ pk,n] Ujn,
Jj=1 \k=j+1

where {u j,n} is generated from the time varying MA (c0) model:

(o] 00 t
uln—za’l( )8, 1—2&'1(”)L18, = a'(n L)s,,
=0

=0

where &, ~ i.i.d. (O, 0'2), Pin =1+ kiﬂ(ﬁ) with 8 € C[0, 1], the class of continuous real-valued functions on [0,1],
satisfying 0 < 8 (u) < oo, the MA coefficients a( ) Yo a,( )L’ with lag operator L, satisfying

ial ()| < o0,

Zl sup |ay ()] < oo and Zl sup £

=0 0<u<l =0 0<u<l

and yp,, = op ( \/E) with k, = o (n) being a sequence of positive real numbers.

We then consider the normalized serial correlation coefficient:

1 n
(3) Sn = 1 p 5 = V .
m =1V 1 n

Note that if p,, = n—1+ﬁ t=1,...,n, we have

(4) Sn = kn [I_[ pk,n] (ﬁn - pn) s
k=1

where p,, := Z",‘,}’i)""}’” is the least squares estimator (LLSE) of the AR(1) process with constant coefficient:
t=11-1n
= =1 =1 B
Vin = PnYi-1pn T Up, t=1,....,0, pp=1+ k_
n

Therefore, the p, has bias for the estimation of p,,. We then obtain the following theorem.

Theorem 1. Let k = 2 /B(0)B(1)

a(L,1)
20D | Then,

Sn = «kC.

Therefore, if o1 =pn =1+ kﬁ, t=1,...,n

(l—lpk n] pn) = kC

from (4).
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The de-biased group Lasso estimation for varying
coefficient models
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High-dimensional covariance matrix estimation
under the strongly spiked eigenvalue model
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1 Introduction

One of the features of high-dimensional data is that the data dimension d is high, however, the
sample size n is low. This is the so-called “HDLSS” or “large d, small n” data. For HDLSS
data, the sample covariance matrix does not have its inverse matrix. The estimation for the
inverse matrix of a covariance matrix is a crucial issue for high-dimensional data analyses,
especially for pathway analysis and graphical modeling.

Bickel and Levina (2008, AS) gave a thresholding estimator for the inverse matrix of a
covariance matrix when the covariance matrix is sparse and its eigenvalues are bounded. How-
ever, such sparsity conditions are severe for actual data and often out of touch with reality.
In fact, Aoshima and Yata (2018, Sinica; 2019, MCAP) showed that the first several eigen-
values diverge as d grows and the bounded-eigenvalues condition is quite strict for microarray
data sets. Fan et al. (2013, JRSS-B) proposed a different thresholding estimator called the
principal orthogonal complement thresholding (POET) under the assumption that the first
several eigenvalues diverge rapidly at the rate of d. Unfortunately, the assumption required
in the POET cannot express the structure of actual data.

Suppose we have a d x n data matrix X = [x1,...,x,], where x;, i = 1,...,n (< d),
are independent and identically distributed (i.i.d.) as a d-dimensional distribution with mean
zero and covariance matrix . We denote the eigen-decomposition of 3 by ¥ = HAHT,
where A = diag(A1,..., ) with eigenvalues \y > -+ > Ay > 0 and H = [hy,...,hy
is an orthogonal matrix with eigenvectors hi,...,hg corresponding to the Aq,..., ;. Let
T = HAI/sz, where z; = (z15,. .., zdj)T is considered as a sphered data vector having the
zero mean vector and identity covariance matrix. We assume that

(C-i) limsupy_,o, E(z%) < oo for all r, and
E(2222) = E(22)E(2%) = 1 and E(zrizsiztizui) = 0 for all v # s, t,u.

T8 7 S

When x;s are Gaussian, (C-i) naturally holds.

The sample covariance matrix is given by § = n~ !X X7, Let A > 5\ > 0 be the
elgenvalues of S. Then, we denote the eigen- decomp081t10n of Sby S = Z 1 ik hT where
h; is a unit eigenvector corresponding to the \i. The dual sample covariance matrix is given
by Sp=n “1XTX. We have the eigen-decomposition of Sp by Sp = Zi:l )\,uzuz , where
u; is a unit eigenvector corresponding to the Ai. We assume the following spiked model for
the eigenvalues of 3i:



(C-ii) d1/2—>ooasd—>ooforz—1 .,m, and \; € (0,00) as d — oo for all i > m + 1.

Here, m is a positive and fixed integer.

Note that (C-ii) is one of the strongly spiked eigenvalue models given by Aoshima and Yata
(2018, Sinica). We devide X into 3y = 377", )\jhjh]T and 3o = z;’i:erl Ajh; h , so that
¥ =3+ 3%,

2 NR-POET and its asymptotic properties

In this section, we propose a new estimation of ¥~'. Yata and Aoshima (2012, JMVA)
proposed an eigenvalue estimation called the noise-reduction (NR) method as followings.

<« tr(Sp) -0 AN -
A=A — HSp) = 2ia A hj=(n),)"2Xa; (j=1,...n—1). (1)
n—j
For estimating ! h;, Aoshima and Yata (2018, Sinica) showed that h and even x] h;
involve a huge bias. In order to overcome the inconvenience, they gave the modofied NR
method. We modify x; h as x; h]l by

~ ~ ~ N ~ T
hjl = = 1/2 = <1/2° where U = (Ujl, ...,uﬂ,l,O,uﬂH, ...,ujn) .
nA;) (n—1)A;

n—1

~ ( n ) X'ajl nl/QXﬁjl
(

We propose a new estimation of £~! by applying the noise-reduction (NR) method to the
POET. By using the modified NR method, we estimate w; by w; = (I; — ZTzl hjhﬁ):cl
We consider estimating 39 by T(flg), where 3 = Yol fvlfulT/n and T'(+) is sparse operator
proposed by Bickel and Levina (2008, AS). We denote the eigen-decomposition of T (22) by

(22) = Z )\ h h , where /\ ;s are eigenvalues of T(ig) having 5\1 > > /id > 0 and

h is a unit elgenvector corresponding to the )\ Note that

Z)\ 'h;n! + Z Ahjh]

j=m+1

Finally, by applying the NR method to the intrinsic part and the noise part, we propose to
estimate 37! by

m m d—m m
SE o ST <1d S il ) (Z xj—lf,,jﬁf) (Id By )
j=1 j=1 j=1 j=1

Note that the intrinsic and noise parts are orthogonal. We call this new estimation method
the "NR-POET”. We have the following result.

Theorem 2.1. Assume (C-i) and (C-ii). Then, under some regularity conditions, it holds
that as d — oo and n — oo

~—1
=128 SY2 — 14l|p/Vd = op(1).



Asymptotic Properties of Distance Weighted

Discrimination and Its Bias Correction
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1 Introduction

Suppose we have two independent and d-variate populations, II;, ¢ = 1,2, having an
unknown mean vector p,; and unknown covariance matrix 3;(> O) for each i = 1,2. Let
us have a trainning data set, &;1, ..., Ty, from II; for ¢ = 1,2. Let N = n; +ny. We denote
the class labels of y; by —1 for ¢ = 1,...,nq, and by +1 fori =n; +1,..., N. We simply
write that (1,...,2Zy) = (11, .., 10y, Ta1, ..., Tap,). Let @y be an observation vector
of an individual belonging to one of the II;s. We assume that xy and «;;s are independent.

The support vector machine (SVM) developed by Vapnick (2000) is well known as a
representative tool of binary linear discriminant analysis. However, Marron et al. (2007)
pointed out that the SVM causes data piling in the HDLSS context. Data piling is a
phenomenon that the projection of a trainning data to the normal direction vector of a
separating hyperplane is same for each class. In order to avoid the data piling problem
of the SVM, Marron et al. (2007) proposed distance weighted discrimination (DWD).
Whereas the SVM finds the optimal hyperplane by maximizing the minimum distances
from each class to the hyperplane, the DWD finds a proper hyperplane by minimizing the
sum of reciprocals of the distance from each data point to the hyperplane. The DWD
cares all the data vectors that are not always used in the SVM. Unfortunately, the DWD
is designed for balanced trainning data sets. For imbalanced trainning data sets, Qiao
et al. (2010) developed weighted DWD (WDWD) that imposes different weights on two
classes. However, the WDWD is sensitive for a choice of weight for each class and it is
quite difficult to select a proper weight in actual data analyses.

In this talk, we investigated DWD theoretically in the HDLSS context where d — oo
while n is fixed. We showed that the DWD includes a huge bias caused by heterogeneity
of covariance matrices as well as sample imbalance. We proposed a bias corrected-DWD
(BC-DWD) and showed that the BC-DWD can enjoy consistency properties about mis-
classification rates.



2 DWD and its asymptotic properties

We define the classifier for the DWD as g(x) = wlzy, + b. One classifies xo into II;
if §(xo) < 0 and into Iy otherwise. Let A = ||p; — pol|>. We assume the following
assumptions:

Var(||ai; — p,]|?)

(A-i) iy

—0asd—oofori=1,2;

tr(X?)

]

(A-i) =

Let A, = A+ tr(X;)/ny + tr(Xs)/ne and

P = nPAL (B) — ()
N/ T ) NA

We consider the following assumption:

—0asd—oofori=1,2.

5:

(A-iii)  limsup |d] < —— 2

d—o00 N
Let e(i) denote the error rate of misclassifying an individual from II; into the other class
for i = 1,2.
Theorem 1. Under (A-i) to (A-iii), the DWD holds:
e(l) =0 and e(2) =0 asd— oc.

Corollary 1. Under (A-i) and (A-ii), the DWD holds:

e(l) =1 and e(2) -0 asd— oo if ligglf5>%; and

ny

e(l) =0 and e(2) -1 asd— oo if liznsup5<—ﬁ.

From Corollary 1, the DWD brings the strong inconsistency because of a huge bias
caused by heterogeneity of covariance matrices as well as sample imbalance. In order to
overcome such difficulties, we proposed a bias-corrected DWD.
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KNS (Stuart, 1955):

T =7y (1=1,...,71),

272U, miy =3 Ty T = o Tsi TS, MHETIVIIRREMERZHWTIRD &L S
WZRITZLHTES:
FiX:EY (izl,...,T—l),

EU, X =3 me, B =3 m THB. MHEFART = RITETIEES BN
EE MHETIVOIIRETIVE Y TIEDHS Z LIZELDS. (TEDE (k=1,...,r—1)
2t U,k IR—RAL A IERSE (GMy) ET IV EIRD & S ITHREL /-

k-1
GHNEX) =D iN+GH(F) (i=1,...r=1)

=0
ZIZTGIEG(—0) =0, Goo) = 1 &7z 9@ R HFE AR TH 5. KT A
A= =N =0DLEFXMHETANTHS. £/, k=1, G '(z) =logz/(1 —
De EFFURAEO Yy b ET NV THS (McCullagh, 1977). 512, k=1, Gz )
log(—log(1 — z)) @ & E AL RABHINEIHET VL TH 5 (Saigusa et al., 2018). £ D
izt k=1,G(z) =0 (2) 2EBEAB I TCRURE IOy hETNVEREKT 5
ZEWHRETH B, 7272 L O(z) AR IEMND A DO DK TH 5.

ROk (k=1,...,r — D) ITRLUT, AL EIRFEE—H (ME,) ETIVEIRD X 5125

A5
D ilmiy =) ilmy (I=1,....k).
=1 =1

I\_/II

ZDEERDEH G

EE1 G260k (k=1,...,r—1) 2 LT, MHE T VWKLY 5 72D D MHEA-43
ZME1E GM, EFVE ME, EFIVOM BRI THI L TH 5.

Z OEMIL Saigusa et al. (2018) FDFERE EF .



2. SREAHRFICH I B—RILEIHRAZEF

X, (t=1,....T) PEFDOH B [E UHEP S35 rT HERIZBENT, (iy,...,ir) BV
Eﬁ;ﬁé% P(X1 = ’il,...,XT == ZT) = Tiy-ip (’Lt == 1,...,7’) tj—é ZDk % TT 63\%1”43—%0:}5
\F 5 T ooJEA%E (MH[T]) €T IVIRRD & 512K T2 (Bhapkar and Darroch, 1990):

LY = P(X, = i) THb. $-BRHEREZHVTROESITRTILHTE .

FXIZ...:F;.XT (Z:1777ﬂ_]‘)7

7

EEUFY =Y 20 chHz. MHT] EFAOYTIEE D HAENEE, MA[T] €50
EOFFIDIFTNETIVIZELD DS, (TEDOE (k=1,...,r — 1)/ LT, T it kIX—f
LFAFERSE (GM[T)) ETNVEIRD & D ITH#REL 72

k—1
GUFX) = dAP + G FES) (=1, =Lt =2,...,T).

=0

ZDET VI Agresti (2002) FDET N EED.
k(k=1,...,r = 1)ITNUT, T oMk IRBEE—H (ME,[T)) ETNVERDLSIZH

A5
Zilﬂi(l) == Zilﬁgﬂ (l=1,...,k)
i=1 i=1

ZDE ERDEMMNIALT 5

EH 2 MH[T] € TIVARALYT % 72 DBEA 73 51E GM[T] €TV & MEL[T] €T
VDT HMENLT 258 Th5.

SE 3

[1] Agresti, A. (2002). Categorical Data Analysis, 2nd edition. Wiley, New York.

[2] Bhapkar, V. P. and Darroch, J. N. (1990). Marginal symmetry and quasi symmetry of
general order. Journal of Multivariate Analysis, 34, 173-184.

[3] McCullagh, P. (1977). A logistic model for paired comparisons with ordered categorical
data. Biometrika, 64, 449-453.

[4] Saigusa, Y., Maruyama, T., Tahata, K., and Tomizawa, S. (2018). Extended marginal
homogeneity model based on complementary log-log transform for square tables. International
Journal of Statistics and Probability, 7, 27-31.

[5] Stuart, A. (1955). A test for homogeneity of the marginal distributions in a two-way
classification. Biometrika, 42, 412-416.



High-dimensional classification by data transformation
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Suppose we have two classes i = 1,2, and define independeptx n; data matricesX; =
[@i1, ..oy Tin,), @ = 1,2, fromm;, i = 1,2, wherex;;, j = 1,...,n;, are independent and identically
distributed (i.i.d.) as a-dimensional distribution with a mean vectaf and covariance matrix; (>
O). We assume thatmsup, .., ||p;|[>/p < oo for i = 1,2, where|| - || denotes the Euclidean
norm. Also, we assume that¥;)/p € (0,00) asp — oo for i = 1,2. Here, for a functionf(-),
“f(p) € (0,00) asp — oo” implies liminf, . f(p) > 0 andlimsup,_,, f(p) < oo. We assume
n; > 3, i = 1,2. The eigen-decomposition &; is given by

p
%= HAH] =) A\hyph

whereA; = diag(\i(;), -, Apiy) having Ay > -+ > Ay (= 0) and H; = [hyy, ..., ) is an
orthogonal matrix of the corresponding eigenvectors. Xet— [u;, ..., ;] = HiAszi fori =1,2.
Then,Z; is ap x n; sphered data matrix from a distribution with the zero mean and identity covariance
matrix. LetZ,; = [zl(i),...,zp(i)]T andzj(i) = (zjl(i)v"vzjni(i))T? j=1..p, fori = 1,2. Note
that B2k 2j:6:)) = 0 (j # j') and Valz;;)) = I, wherel,,, denotes they;-dimensional identity
matrix. Also, note that ifX; is Gaussianz;;;)'s are i.i.d. as the standard normal distributiof0, 1).
We assume that the fourth moments of each variablg irare uniformly bounded fof = 1,2. Let
Zoj(i) = Zj(i) — (Zj(i),...,éj(i))T, 7 =1,....p; 1 = 1,2, Wherez = n_l Ek 1 Zjk(i)- We also
assume that

P(hpnlgfnzol(i)u £ 0) —1fori=1,2.

Also, we consider the following assumption as necessary:

(A) EGznzim) = b E(zqraZskZen) = 0 and E (2 Zsk() ey 2ur()) = 0 for all ¢ #
s, t,u.

We note that (A-i) naturally holds wheK ; is Gaussian.

Letx( be an observation vector of an individual belongingridi = 1, 2). We assume, andx;;s
are independent. We estimgigandX; by &;,, = Z?;l x;j/n; andS;,, = Z?;l(a:ij — Zin, ) (Tij —
Zin,)T /(n; — 1). Atypical classification rule is that one classifies an individual intaf

det(52n2 )

det(51 ) } < (2130 o i2n2)T52_7112 (CC() - j2n2)7 (11)
ni

(xo — 3_31n1)T‘91_nll (o — Z1py ) — log{

1



and intorrz otherwise. However, the inverse matrix®j,, does not exist in the HDLSS context ¢ n;).
WhenX; = 3, Bickel and Levina (2004) considered the inverse matrix defined by only diagonal ele-
ments of the pooled sample covariance matrix. Yata and Aoshima (2012) considered using a ridge-type
inverse covariance matrix derived by theise reduction (NR) methodolagywhenX; # X5, Dudoit et

al. (2002) considered using the inverse matrix defined by only diagonal eleme#its oAoshima and

Yata (2011,2014) considered substitutift(.S,,) /p}1, for Sy, in (1.1) by using the difference of a
geometric representation of HDLSS data from eachAoshima and Yata (2019) considered quadratic
classifiers in general and discussed asymptotic properties and optimality of the classifies under high-
dimensional settings. They showed that misclassification rates tend to zero as the dimension goes to
infinity. On the other hand, Chan and Hall (2009) and Aoshima and Yata (2014) considered distance-
based classifiers and Aoshima and Yata (2014) gave the misclassification rate adjusted classifier for
multiclass, high-dimensional data whose misclassification rates are ho more than specified thresholds
under the following condition for eigenvalues:

2
M)
tr(3?)

— 0 asp —oofori=1,2. (1.2)

Recently, Aoshima and Yata (2018) considered the “strongly spiked eigenvalue (SSE) model” as follows:

A2
.. 1(4) -
liminf {tr(zf)} >0 fori=1or2. (2.3)
On the other hand, Aoshima and Yata (2018) called (1.2) the “non-strongly spiked eigenvalue (NSSE)
model”. For example, we consider a spiked model such as

/\s(z) = as(i)pa“‘(i) (s=1,...,t;) and )‘s(z) = Cs(y) (s=ti+1,..,p) (1.4)

with positive and fixed constants,;)'s, cs;)'s anda;)’'s, and a positive and fixed integgr Note that
(1.2) holds when; ;) < 1/2fori = 1,2. On the other hand, (1.3) holds for the spiked model in (1.4)
with 510 > 1/2.

As for the SSE model, Aoshima and Yata (2018) considered a classifier by using a data transforma-
tion from the SSE model to the NSSE model. They gave a consistency property of the classifier and
discussed the asymptotic normality wher- oo andn; — oo (i = 1, 2).

In this talk, we created a new quadratic classifier under one of the SSE models. We emphasize that
one should construct a classification procedure by considering the eigenstructure of high-dimensional
data. We handled the divergence condition faandn;’'s such agp — oo while n;’s are fixed. We
introduced a quadratic classification procedure for high-dimensional data. We proposed a new quadratic
classifier under the SSE model. We showed that our classification procedure has a consistency property
for misclassification rates.



Robust Bayesian Modeling with
Synthetic Posterior*

Shonosuke Sugasawa
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1 Introduction

The standard Bayesian method in which the posterior distribution is obtained as
the product of likelihood and prior would be able to work reasonably well when the
assumed model is approximately correct. However, it is often the case that real data
contains outliers that the assumed model cannot explain. In this case, the standard
Bayesian method would break down in the sense that the posterior distribution does
not give reasonable Bayesian inference. In this project, we solve the difficulty of
the standard Bayesian approaches by adopting synthetic posterior based on robust
divergence. In particular, we focus on Bayesian linear regression and dynamic linear

models and propose their robust alternatives.

2 Robust Bayesian Regression

Suppose we have independent observation (y;,x;) for i = 1,...,n, where y; is a
continuous response and z; = (z;1,.. ., xip)t is a p-dimensional vector of covariates.
We consider fitting a regression model y; = z!B+¢; with e ~ N(0,0?). Let 7(8,0?) be
prior distribution for the model parameters  and ¢2. Then the standard posterior
distribution of the model parameters is given by the product of the prior and the
likelihood function, which is known to be sensitive to outliers, and it could produce

biased or inefficient posterior inference.

*Joint work with Shintaro Hashimoto (Hiroshima University)



To overcome the problem, we propose replacing the log-likelihood function with
robust alternatives. Specifically, we employ y-divergence to define synthetic posterior
for (B,02). We develop an efficient sampling strategy for the posterior distribution
via Bayesian bootstrap or nonparametric Bayesian updating, which generate posterior
samples by minimizing randomized loss function defined by the synthetic posterior.
The minimization problem can be efficiently carried out via MM-algorithm. In order
to address the case where the number of covariates is relatively large, we extended

the propose method to incorporated shrinkage priors on regression coefficients.

3 Robust Dynamic Linear Modeling

Let (y1,...,y:) be a time series and we consider a simple dynamic linear model,
yr = 0; +¢erand 0 = 0;_1 +ug for t = 1,...,T, where ¢; ~ N(0,02%), us ~ N(0,72),
and 6, is a latent true signal. This model is useful for smoothing the observed time
series y; to obtain latent trend (signal) 6;. It is noted that 6; is assumed to follow
random-walk process, in which the variance parameter 72 determines the smoothness
of §;. The unknown static parameters are ¢ and 72, which will be estimated by
assigning prior distributions.

When ¢; contains outliers, the resulting signal estimator via the standard Bayesian
approach would be biased or inefficient. To overcome the difficulty, we restrict the
information from observation y; by replacing the likelihood function ¢(y;; 6y, 0?) with
robust alternatives. Specifically, we here employ density power divergence to define
synthetic posterior distribution of latent signals. We developed a Gibbs sampling

algorithm for posterior computation.
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