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Program

Friday, 17, November

Reception 13:00-13:10

Opening 13:10-13:15 Junichi HIRUKAWA (Niigata University)

Afternoon Session I (in Japanese) 13:15-15:15
Chair Takuma Yoshida (Kagoshima University)
1. 13:15-13:55 RIEE X & (Abe Fumitaka), 14 f# (Shiraishi Hiroshi)
BEIEFR AR P B TP 78R (Keio University Graduate School of Science and Technology)
B HEF BB L B0 FL 78} (Keio University Department of Mathematics)
MREFLIBME 2R > 7@kt AR — b 7 4 U A O HUIR§ 2RO k) (Comparison of con-
vergence rate for estimated variance of high dimensional portfolio with long-memory)
2. 13:55-14:35 Ri# {h (Izumisawa yu), 4 f# (Shiraishi Hiroshi)
B EFRB R FHE T A %F (Keio University Graduate School of Science and Technology)
B MEFBANR B L B0 R 8 (Keio University Department of Mathematics)
[Hawkes BfRIC KD X7 I v 7 U A 73] (Systemic Risk Assessment by Hawkes process)
3. 14:35-15:15 #FHFit (Kou Fujimori), 7115 — (Yoichi Nishiyama)
FRR R PR PR AL B T 50RE (Waseda University, Graduate School of Fundamental Science
and Engineering)
FLRR R EBE AR 755 (School of International Liberal Studies, Waseda University)

The Dantzig selector for diffusion processes with high-dimensional parameter
Coffee Break 15:15-15:30

Afternoon Session II (in Japanese) 15:30-17:30
Chair Yoichi Nishiyama (School of International Liberal Studies, Waseda University)
4. 15:30-16:10 FH#E (Takuma Yoshida),
BEVR R (Kagoshima University)
Nonparametric smoothing for extremal quantile regression
5. 16:10-16:50 Masanari, MOTOYAMA and Yoshihiko MAESONO,
National Federation of Agricultural Cooperative Associations
Faculty of Mathematics, Kyushu University
On direct kernel estimator of density ratio
6. 16:50-17:30 #i:R{EFH (Yoshihide Kakizawa),
Jb¥EiE K% (Hokkaido University)
[RRATN— R -MIG 1 —F/V, KON, EBHAN—R -BS I—3/UZEESL | AT — TR
LEEHEE | (Symmetrical-based g-MIG kernel density estimation, and skew-based q-BS kernel

density estimation for nonnegative data)



Saturday, 18, November

Morning Session (in Japanese or in English) 9:10-11:50
Chair Takeshi Kato (Faculty of Science and Technology, Sophia University)
7. 9:10-9:50 53R7T5R (Chang Yuan-Tsung), &l /Z%4 (Shinozaki Nobuo), William E. Straw-
derman
H E K% (Mejiro University)
BEEFH KT (Keio University)
Rutgers University
IRATTE LW B AR p B OIFARIEHREE O ERHEE ] (Simultaneous estimation of p
positive normal means with common unknown variance)
8. 9:50-10:30 &&{#—EB (Ichiro Ken Shimatani),
HeAH BRI ZERT (The Institute of Statistical Mathematics)
[J7 17 @ piece-wise regression model & = DfFEET — % ~DJ5H ] (Circular piece-wise regression
model and its application to movement patterns for school of fishes)
9. 10:30-11:10 HH & (Ishii Aki) ,
HRERR Y E T A F (Department of Information Sciences, Tokyo University of
Science)
Asymptotic properties of classification procedures based on eigenstructures in high-dimensional
context
10. 11:10-11:50 Junichi Hirukawa and Sangyeol Lee
Niigata University
Seoul National University

Asymptotic Properties of Mildly Explosive Processes with Locally Stationary Disturbance
Lunch 11:50-13:15

Afternoon Session I (in English) 13:15-15:15

Chair Shiraishi Hiroshi (Keio University Department of Mathematics)

11. 13:15-13:55 Daichi Inoue and Takeshi Kato

Graduate School of Science and Technology, Sophia University

Faculty of Science and Technology, Sophia University

Activation Function Selection in Recurrent Neural Network

12. 13:55-14:35 BERE5A (Abe, Toshihiro), Y& #.Z (Takayuki Shiohama), = H J&— (Yoichi
Miyata)

FA LR T 2% (Nanzan university, Faculty of Science and Engineering)

HRHR K Z 12550 (Department of Information and Computer Technology, Tokyo University of
Science)

IR R iR 3 il (Faculty of Economics, Takasaki City University of Economics)

On mode and antimode preserving circular distributions

13. 14:35-15:15 =H E— (Yoichi Miyata), & #.2 (Takayuki Shiohama), Fl 7L (Toshi-
hiro Abe)

RMRFR I K 7 22 (Faculty of Economics, Takasaki City University of Economics)



HURERL K T80 (Department of Information and Computer Technology, Tokyo University of

Science)

A LR T2 (Department of Systems and Mathematical Science, Nanzan University)
BRI E DI A O A BRIRAE T MW HHEEIZ DUV T ) (On estimating finite mixtures

of skew-rotationally-symmetric distributions)
Coffee Break 15:15-15:30

Afternoon Session IT (Guest speakers session) 15:30-17:30

Chair Junichi Hirukawa (Niigata University)

14. 15:30-16:30 Giuseppe Cavaliere and Iliyan Georgiev

University of Bologna

BOOTSTRAP INFERENCE UNDER RANDOM DISTRIBUTIONAL LIMITS
15. 16:30-17:30 Shiqing Ling, Ruey S. Tsay and Yaxing Yang

Hong Kong University of Science and Technology

University of Chicago

Xiamen University

Testing for Series Correlation and ARCH Effect of High-Dimensional Time Series Data
Conference Dinner 18:00-21:00

ATV BRI S

(Zentei Niigata Ekinanten)

5,500 yen

(TEL: 025-244-8807)



Sunday, 19, November

Morning Session (in Japanese) 9:10-11:50
Chair Abe, Toshihiro (Department of Systems and Mathematical Science, Nanzan University)
16. Shuichi Shinmura,
Seikei University, Prof. Emeritus
Cancer Gene Analysis by Singh et al. Microarray Data
17. 9:50-10:30 {£#% B (Shun Sato), &H #F (Shimpei Goda), =% #iffi (Yusuke Saigusa),
A8 HE (Kiyotaka Iki), LA #55] (Kouji Yamamoto)
R KRR AR BT 220 50F) (Graduate School of Science and Technology, Tokyo University
of Science)
HRHIR R R AR BT 220 90F) (Graduate School of Science and Technology, Tokyo University
of Science)
FRIETT N K R (Faculty of Medicine, Yokohama City University)
) HURCEERL K2 BT 5456 (Faculty of Science and Technology, Tokyo University of Science)
KRS RFRFRLE EFMSEERE (Graduate School of Medicine,Osaka City University)
ZItEIRICIB T DN KL OSHFREIC BT 2 E T L & 93fi#) (Models and decompositions of
independence and symmetry for two-way contingency tables)
18. 10:30-11:10 R#>R 7 (Shuji Ando), HAHHE (Kouji Tahata), BEE#EHY (Sadao Tomizawa)
HRERL R T (Faculty of Engineering, Tokyo University of Science)
HR R KR FE T4 (Faculty of Science and Technology, Tokyo University of Science)
HORBERL KB T4 (Faculty of Science and Technology, Tokyo University of Science)
NEF 3 EIR BT 23D REIZ-OVW T (On measures for symmetry in square contingency
tables)
19. 11:10-11:50 BFEA S (Hisashi Noma) ,
WM ZEFT (The Institute of Statistical Mathematics)
[y hU—27 XA 2T F 1) A2 X% Comparative Effectiveness Research & & R T #4612k
S HERIFE] (Comparative effectiveness research using network meta-analysis and effective

inference methods via higher order asymptotics)

Closing 11:50-11:55 Junichi HTIRUKAWA (Niigata University)
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Comparison of convergence rate for estimated variance
of high dimensional portfolio with long-memory

PR AR B TR Pl S
P 3R AR B L He T

1 EC®HIC

A= 74 VAR E IIEEERT ORIV A7 2EEE L, IR E2 ED 2121, &5 bl vwa
RIRET HEERTH Y, E-EEEHE T, 4 OREEEOHIMFNEER p & 2Bt #dT5] OB T, &
AT HENYET 5. HHOETIETE, p & S OfRb DICBEOPRSROBATIINY ML [ & A
HSBATH Syam & FVE D SEEDTISHB DMK IZ X 0 ETEEROBIRML, So0mn BEWEERT
13722 <72 5T W5, £ T Fan et al(2008) 3R ICT 7 7 X — W& 2 ZE 2, R/N_RIEIC LD X OHEERE
Sps DAL OIHL — M AR VHEE R L. LA L, Fan et al(2008) TIFMAIEA 1i.d. LIE L T\,
ZOREIFHEN TRV E B s, KRR T, BEEPEMGEAERIIRED LIKEL, ED FTOR— b
74 ) A DRI O W THHRT 5.

2 GMVR—Kh27x)AET77 049 —FFIL

Yy 280 i ORIt 2B 20 RET 2. 22Ty = Y, -, Ypr) | EFEHERZ MV E(y) = p, 2K
KA EATH] Cov(y) = X > 0 DAMHITHES>T VB EMRET 5. X S5ICHINLER £ = (61,...,6,)T LT 5. i
HHRIZZTORRIN L LB L5235, ZO, K— b7+ ) A ONREEOHBIE Var(ETy,) = £T5¢ &7
5. ZORHIEmRENE <D GMV A—h 74 U ADEDHE & L 2OMONH & Der 1k

_ ¥,
1)x-11,

1

&N = — (%)

3 =TTy
1511,

INEHD GMVR—=—b 74V ADNHEHETZ2HIIT ! 2HET LI LICRET 5.
777 R =T INVIERIFELERPEMITZONECIRIES AW NTWAETHS. 777 X—ET VDR

TIEER Y, 1F, MDD LD ITEHEINS. £RDOREEES.
(ﬂii 1) p I n tiﬂi‘&:i%'ﬂl]b p>> K. ('ﬂiﬁ 2) ft = <f1t7 s ;fKt) b € = (611/, v ,Ept)—r li,ﬁﬂﬁf’a@

EE 2.1 (BEESRPRBEMEER OV 7 V9 —ET)

Yie = b fi + e i=1,---,p

ZZT fi,  fxke X777 &%— (ﬁﬁ%‘zgéﬁ), biv, -+ ;biK(i =1,--- ,p) FZo7yo&xk—ua—5F4 v LIE
BNEHBTH L. FRIZEEIE {e; ) T RMIGRBRIZH, E(ey) := 0, Var(ey) := o2, Cov(ei, &it) i=
oy, (t=1,2,..) &BLE Y7 || =00 Ei72T.

So R E D TEL E
yi=Bfi + ¢ (2.1)



ZZTC,B=(by, - ,by) THB. IS y, OHHIEDEATHNIE

¥ = Cov[y:] = Cov[B fi] + Cov|e:]
= BCOV[ft]BT + 20 (22)
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tjr  if otherwise
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=77 baﬁFGLS = (XTﬁfl(li)X)ileQil(ﬂ)Y, iO,FGLS = diag(TL*lE;EGLSEFGLs), EFGLS =Y —
XBrgrs ELTO (k) BEB2DO QIZQERALEZLDTHS. £7= k1% Ing et al(2016) 14> .
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[1] Ledoit, O., and Wolf, M. (2003). Improved estimation of the covariance matrix of stock returns with an
application to portfolio selection. Journal of empirical finance, 10(5), 603-621.

[2] Bai, Z., Liu, H., and Wong, W. K. (2009). Enhancement of the applicability of Markowitz’s portfolio
optimization by utilizing random matrix theory. Mathematical Finance, 19(4), 639-667.

[3] Bodnar, T., Parolya, N., and Schmid, W. (2014). Estimation of the global minimum variance portfolio in
high dimensions. arXiv preprint arXiv:1406.0437.

[4] Goldfarb, D., and Iyengar, G. (2003). Robust portfolio selection problems. Mathematics of operations
research, 28(1), 1-38.

[5] Fan, J., Fan, Y., and Lv, J. (2008). High dimensional covariance matrix estimation using a factor model.
Journal of Econometrics, 147(1), 186-197.

[6] Ing, C. K., Chiou, H. T., and Guo, M. (2016). Estimation of inverse autocovariance matrices for long
memory processes. Bernoulli, 22(3), 1301-1330.

[7] MERKE, KBETE, HEBA, and 1. (2003). RHFRRIIOHEE. T w@l KRG 05 AM, SEEC, 3,
47-67.
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Systemic Risk Assessment by Hawkes process

BEHER AR LI T AR R 1h
B BN AT T HA &

1 Introduction

SEEE, VAT I v o) A7 LIFEND B OEMEEE DY 2 v 7 &Y AT AROfEHKE ] SR T A7 D
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DEE Ay T —2 DEMAL, LAV VA RERIZE S ZICERL, YATFIv o) A7 & T B ME
kb,

VATFIvI VA EERAT B0, SREEOBENE A IE R Y TET T 2R EDHENTONTEZ, [P
TlE, Y a v I/ REROEMEORE % SR OB R TETIMMETEILTYATIVvI YRR ERLT
W, LAULEMRSZDOESRETIVIGEYE L L7256 THEEN, BENRSRY AT LORE - ERETEEZASNT
W3 RS 2\, AREFSETlE Hawkes @2 & WEIEN 2 AUBTRE TV E AT 2 2 & TERFE LB 2 HBARBEDH
EEETNMET S, ZOETIVERANVCTY 3 v 7O AEERE LICENBLEOBE 2 6 B, BHERBEPEEO L
TEEHAD, VAT IV ) A0 EFIT 5,

2 Hawkes BRRICLEZRATIv YY) RV

Hawkes M@F2 i [8] 12 & > TREI N/ AUEBREHERE TV TH S, Hawkes #FEIIRT YV VEIODETIVT, HRENT A —
ZITEEDARY bOHBIZELBHEEZMAZ TERELD DL ITERIND,

E&E 2.1 deNIZHUT N = (Ny,..,Ng)" % d &5 Hawkes #8f2e§%, ZOLEdHob dEENRZ MV ne Ry,
7R d ZREGITINEBIE H = (hij)1<ij<a : Roo — RO IH U T d £ Hawkes RO ZMhAF & 501E 1%

AN@%:hmE[N(mt+ﬂﬂHf]

im ; :n+[mHﬂf@NM$teR. (2.1)

ZZTEie{l,..,d} iU

(/_; H(tfs)N(ds))i - (g/_; hi,j(ts)zvj(ds)) , (2.2)

U, g2 HY =0 ({weQ:N((a,b) =n},neNfa<b<t) 95, ZDL5%neR, 2HERE, H =
(hi,j)lgi,jgd : RZO — R?éd ’Eﬁb@ﬁgﬁ??ﬁu E IR,

Hawkes B2 DO RE IFFEEE L@ ED A XY MREPSORIEOME LTRI NG, H IEFRD BB A - 7217
&"JVC\ W”?\;.‘i Hi2i1 li Zl 'C’ff\‘/ bﬁ’%ibf:%ﬁ@ 12 0)3%&'?@}%@}?%14‘7&%3}

Hawkes @O EZRIIMER DA R M FEEDHENE R L, TR MREZFESRITEVWSEXEZET ML
HEDT, VAT IV IV AVPFACD AN Z AL EFFEIZABLZEDTH S, RBVATLIBIT SV ay 7 DR
Fw N —2% Hawkes BFEICE DV ETNMALT B2 LT, VAT I v VA2 %FHIIT 5, Hawkes @FEOI K % §7li 3
272D TH S Hawkes 77 7, ZULTENETIILZZDDEEEZE AT 5, Hawkes 77 7 &1 [1] THRE
X7z Hawkes W DR EIEE2BAM EHAMZ T 7LD A[EELZHDTEE D DOLSIZEHEIND,

EE 2.2. N 25EK®RE n, FEEARITH H O d Z &R Haowkes #f2E U, K 2RO LD IZEHET 5,

0 1<i,5<d

DL E NIZHT B Hawkes 777 7 G IZIRO X272 TTHSES V. UEES En 2R 2EANEHERIT 772 LT
EH#RIND,

VN = {(]777]) ] € {17277d},771%;>‘ }7
EN = {(’L',j;Ki’]‘) : (27]) S VN X VN,KZ‘J‘ > 0; K@j%& } .

EFPAIZBEWT K 13 Hawkes 77 7 DBHETINCH 725, K, ; >0 TH Y Hawkes 7' 712 i 05 j ~NDUDPTELE



THLE, DED jTOARY MFREMED | OBEOHERIKFT DL E i 05 j OREPFETHILERL, LD
HAFHEOREZIE2RT, HAOEARSLERORKBETHLDTA N MEEDREK L 25K %2£ 9, Hawkes
WD S Z NN T S Hawkes 77 72T 2 Z & T, A Y T — 7 OAHEHRTE 5,

7. Hawkes BFEORHZ R ITIEIE L LT T cascade R, feedback fRElZ EAT 2, TNENEREID LI IZE
Fanz,

E&H 2.3. N % subcritical s d & Hawkes BfEE U, K,Gn ZEFNZ NG U BHETSIE . 2t iD < Hawkes
7778 F B, (eij) =Y 50 K7 RGP L UTey; D, TNEMWTRO LS IEHET 5,

WIS W cn g
= d  —ad j::777]€ 3 Ly aeey o
Z?:l n 27:1 €L Z?:l Ni€i,j
{ci}ti=1,...a % cascade BREL. {f;}j=1,...a & feedback REL & IT-5,
£ i 12 DWT cascade fRED K & X 13 Hawkes BREEAERTOA Ry MHEE L BEOREESEIIRTIIEHLS | DFS
FKT, LT j TD feedback (D j D% T P RDIZ L BHEAD j HHEDZFHFLSE2FK L TW5B, cascade FREK.

feedback fRE(% T NEFNEHBEEE Z L O &R AT LK TDO Y X7 DEEEANDFLEE, &@lxy b7 —2128103%
HEADY 3y 7GRN TA2FEEEERAIETYATIVvI ) AVHMOEBEL $5Z L THTE 3,

C; .

BEERETIV

Hawkes 7' 7 7131 XY FOEEEFMTE2ET N TH o7z, VAT IVIVAZIZEI} S5V ayr0EKBICES
BEOEENLFHEZEZ X 5, BEOFKAED Hawkes BRRIZHED & U, FHEUZBRICERNGE2EZ LY —I (&
Hawkes,Poisson @2 FHT 5, ©HELEELEEZ, Y a v ORI E 0 AL BiBLOERNZIMIZHNS,

L(B) := (L1(B), ..., Lg(B))T,d € N, B € B(R) % & 5] B O#XFEIE - HElpaS0ELE2 RTMHREH2 L, L
ERDEDIESHT 5,

= : - : . (2.3)
ZkN:ng) Xak ];EfB) Xak

ZZT N,N* zxznzh d kot Hawkes ##2, d {XJG Poisson MFIZHE S WEREH L 5, 72, X, & N,N* i,k
IZDOWTHN Bk 2 RIMERER L 75, Hawkes BFEIZA RV MFHEDKEIZ X ZHE T A — X DL % Poisson
WMAZETNVTHEZLEERTSE. 20O LIZ2KROBEIP»SEEREIZLS, DEVBEOBEIOYE LRV
WRIZE>THUDEEDAZELTVWS, LIZHUT)VAZREZBEHATAIILICEDSATIVvIIYAZIIBITS
MRz &k BRI DOERN LG & T 5,

( Li(B) ) i X S X,

3 BUEHR

WA U761 % SRR - FRELEH T A28 T, SRl AT LADMHMIZ LDV A2 23T 5, RFHEE, Shl
OB ERORFEZHIZLZEDE2ADY X—v 2T 5, FHliONRLRIZMEICEIT 28D X — v hiEY 22
HEBAMEEZBEREER L. TOFRAED Hawkes BFEIZHEN, KREI WAV — I DMHITKS LT 5, HEELT
Hawkes #fED /3T A — X925 Hawkes 27 7. cascade $R#(. feedback fREZ#ET 5, F/ITHRITLDIHEAL O
Wz L 22 TYRAT IV IV AT OERNRITHZ1T D, EBROBBAL O T — X & i U723 s s Sz onT
3 H#EG U7z,

SE X

[1] Embrechts, Paul, and Matthias Kirchner. “Hawkes graphs.” arXiv preprint arXiv:1601.01879 (2016).
[2] Adrian, Tobias, and Markus K. Brunnermeier. “CoVaR.” The American Economic Review 106.7 (2016): 1705-
[

1741.
3] Hawkes, A. G., & Oakes, D. (1974). A cluster process representation of a self-exciting process. Journal of Applied
Probability, 11(3), 493-503.



The Dantzig selector for diffusion processes with
high-dimensional parameters

Kou Fujimori Yoichi Nishiyama

Waseda University

In this talk, statistical models of diffusion processes with high-dimensional
parameters were discussed. To estimate high-dimensional parameters, the Dantzig
selector which was proposed by Candés and Tao in 2007 is applied. Then, we
proved two types of consistency of the estimator; one is the [, consistency for
every ¢ € [1,00] and the other is the variable selection consistency. Moreover, we
talked about the construction of an asymptotically normal estimator by using
the variable selection consistency of the Dantzig selector.

For example, we considered the following linear model of diffusion process:

t
X, = Xy + / 0T ¢(X.)ds + oW, (1)

0
where {W;}i>0 = {(W},...,W/)}i>0 is a p-dimensional standard Brownian
motion, © is a p x p sparse deterministic matrix, and ¢ = diag(o1,...,0p) is a

p x p diagonal matrix and ¢(z) = (é1(z1), ..., Pp(xp)) for x = (z1,...,2,) € RP
is a smooth RP-valued function. Note that {X]};>¢ for each i = 1,2,...,p
satisfies the following equation.

t
X =X{+ / OF ¢(Xs)ds + o, W,
0

where ©; is an i-th row of matrix ©. In this talk, we considered the estimation
problem of © and o using the observed data of the process {X;};>0 at n + 1
discrete time points 0 =: £ <t} < ... <}, where {} = kt?/n, k=0,1,...,n.
Write T3 for the support index set of the true value ©Y for every i € {1,2,...,p},
ie., Tg = {j : ©Y # 0}. Let S; be the number of elements in the index set
T¢. The estimation problem is considered in the following high-dimensional and
sparse setting for the true value @°.

D =pp > n, sup S; =: S* < n,
1<i<o0

where S* > 0 is a constant which does not depend on n. It is well known that
we can ignore the influence of ® when we estimate the diffusion coefficients o.



Therefore, we define the estimator &; for o) for every i = 1,2,...,p, by the
maximum quasi-likelihood estimator, which satisfies the consistency uniformly
in 4. Then, we define the Dantzig selector type estimator for ©Y by plugging &;
in the log-quasi-likelihood as follows:

O :=©; = arg min[|O4l|1, C, = {0; € R”" : [ (7)l|c < 7},

GZEC;

where 7, is a tuning parameter and ¥,(0;) = ¥,(0;,0;) is the gradient of
normalized log-quasi-likelihood with respect to ©;. We discussed the asymptotic
property of this estimator. The next theorem states the I, consistency of ©;.

Theorem 1. Suppose that p, > n, logp, = o(v/nA,), nA, =t — oo,
A, =0, and nA2 — 0 as n — oo. Put 7, = O(log(1 +p2)/vnA,). For global
positive constants K1, Ko, K3, the following hold true under some appropriate
conditions.

(4)
nli_)n;oP <1§s;1Sppn 16; — 691 > K15*7n> =0.
(i)
lim P ( sup [©; — 0|, > KQS*‘II')/”> =0, ge(1,00).

n—roo 1<i<pn
(i)
lim P( sup ||(:)l -eY% > K3’Yn> =0.

n—roo 1<i<pn

Then, we talked about the next theorem which states the variable selection
consistency of ©;.

Theorem 2. The estimator Tjt for T¢ defined by
iy . 1
T, =17 : 104l > i}
satisfies the following condition under the same assumption as Theorem 1
n—oo

lim P(ij =Ti foralli € {1,2,...,pn}) =1

Finally, we talked about the construction of the asymptotically normal esti-
mator.

Theorem 3. Define the estimator égz) by the solution to the following equation:
wn(GiTg)T; =0, @Tﬁf =0. (2)
Then, under some appropriate assumptions, it holds for every i that
5(2) 0 d i—1
V t:;(@m = O ) gi—ryy = N0, Qi o)

where QTS’-TJ is some S; x S; invertible matriz.
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Circular piece-wise regression model and its application to movement patterns for
school of fishes
Ichiro Ken Shimatani (The Institute of Statistical Mathematics)

When we investigate relationships between two variables, drawing a scattering diagram is a
common first step, followed by an application of a regression model. When variables are both
circular, this first step does not always give us good visualization, which facilitates the
importance of the second step. Currently, couple of regression models are proposed and have
been applied to circular-circular data. Among them, Downs and Mardia (2002) proposed the
following model;

y=a+ f+2tan {wtan((x — )/ 2)}+e, (1)
where x and y are circular variables (-xr <x, y <), w (=1 <w <1) is the regression coefficient,
[ is the intercept (practically, rotation), and a is the “focal direction” (—x < a, § < ) (because
directions do not have a specific origin, o is included for playing a role of an origin). e is a
random variable from a circular probability distribution such as the von Mises and the wrapped
Cauchy distribution

This model is an example of a generalized linear model (GLM), where tan((x — «)/2) is used
as a link function for transforming circular variables to linear variables. In fact, substituting X =
tan((x — «)/2) and Y = tan((y — «)/2) into the linear regression equation Y = wX, we obtained
tan((y — «)/2) = wtan((x — a)/2), which is equivalent to equation (1). A difference from common
GLMs is that the circular—circular regression uses the link function twice because both
independent and dependent variables are circular. Consequently, dependent variables tend to be
attracted to o + £, and the attraction becomes stronger if w is close to 0. If w =1, (1) reduces to

y=x+p+e, (2)
which expresses a rotation of angle .
Occasionally, circular-circular data exhibit more complex, irregular patterns. Here, we focus on
when a basic pattern is just a rotation, but (x, y)s in some parts do not follow it (even including
stochastic uncertainty), and show concentration on each specific angles.

One method for producing a well-fitting model is to connect several regression models
continuously at the border (piece-wise regression). For circular-circular regression, however,
because of its periodicity, it is not so straightforward.

In this study, | propose the circular-circular regrssion model that is defined as a weighted sum
of model (1). The weights are given by functions on a circle that have high peaks in each



sepcific parts.
The expected direction can be expressed by their weighted average over circular variables
(the argument of a weighted sum over unit vectors)

y=ag(Xg,001,00+er @

where f,(x) =a; + B; + 2atan(w, tan(%)) (G=1, ..., ), gj(x) is a probability density function of
the von Mises or wrapped Cauchy distribution (subtracted by the minimum so that min(g;j(x)) =
0); high around «; and low (almost = 0) when distant from «;. In addition, we prepare a basic
rotation; fo(X) = X — Bo (rotation) and go(X) = Co (constant). Dependent variable y is deformed
toward a; + Bj when x is around «;, and the degree of deformation is strong if w; is close to 0. If
x is distant from any of ¢;, it is closed to the rotation of So.

The unknown parameters are (Cy, Cy, p in Eq. (2), co, {aj, Bi, pi» Wj}).

The model was formulated under a Bayesian model (hon-informative prior distributions were
used), and we estimated the unknown parameters by Markov chain Monte Carlo (MCMC)
method.

The integer J, the number of components, expresses how many abnormal parts there were in a
swarm. Because model (3) is a kind of “mixture model”, and it is well known that for such a
“singular model”, commonly used information criterion such as AIC (Akaike information
criterion) is not applicable. This study used the recently proposed information criterion, widely
applicable Bayesian information criterion (WBIC, Watanabe (2013)), which is for Bayesian
models and applicable to singular models.

What is important is that a model and parameter estimates should have interpretations
associating with given data and the background. The proposed model is for analyzing
spatio-temporal data about a rotating school of fishes in a aquarium, which was produced and
digitalized by Terayama et al. (2015). | have demonstrated how the model and its parameter
estimates are interpreted from zoological viewpoints.

T.D. Downs and K.V. Mardia. (2002). Circular Regression. Biometrika, \Vol. 89, pp. 683-697.

K. Terayama, H. Hioki, and M. Sakagami. (2015). Int. J. Semantic Computing, Vol 9,
pp.143-168.

S. Watanabe. (2013). A Widely Applicable Bayesian Information Criterion. J. Machine Learning
Research, Vol 14, pp. 867-897.



Asymptotic properties of classification procedures based on
eigenstructures in high-dimensional context

Aki Ishii

Department of Information Sciences, Tokyo University of Science, Chiba, Japan

1 Introduction

Suppose we have two classes m;, ¢ = 1,2, and define independent p x n; data matrices, X; =
(@1, ..., Tin, ], © = 1,2, from m;, ¢ = 1,2, where x;;, j = 1, ..., n;, are independent and identically dis-
tributed (i.i.d.) as a p-dimensional distribution with a mean vector p,; and covariance matrix X; (> O).
We assume n; > 3, ¢ = 1, 2. The eigen-decomposition of ¥; is given by

P
¥ = H,AH] = Z )‘s(i)hs(i)hz(i)a
s=1
where A,L = dlag(Al(Z), 7)‘p(7,)> having )\1(1) Z e Z )\p(z)(z 0) and Hz = [hl(z)a 7hp(7,)] s an
orthogonal matrix of the corresponding eigenvectors. Let X; — [, ..., ;] = H ,-A; / °Z; fori = 1,2.
Then, Z; is a p X n; sphered data matrix from a distribution with the zero mean and identity covariance
matrix. Let Z; = [zl(i),...,zp(i)]T and z;;) = (zjl(i),...,zjm(i))T, j=1,..,p, fori = 1,2. Note
that E(zj,()2jk)) = 0 (j # j') and Var(z;(;y) = In,, where I,,, denotes the n;-dimensional identity
matrix. Also, note that if X ; is Gaussian, Zjk(i)S are i.i.d. as the standard normal distribution, N (0, 1).
We assume that the fourth moments of each variable in Z; are uniformly bounded for ¢ = 1,2. Let
Zoj(i) = Zj(i) — (Zj(i)7 ...,Ej(i))T, 7 =1..p; ¢ =1,2, where Ey(z) = ni_l ZZL:l Zjk(i)- We assume
that P(limy, ;o [|261(3)|| # 0) = 1 fori = 1,2, where || - || denotes the Euclidean norm.
Let & be an observation vector of an individual belonging to m; (i = 1,2). We assume x and x;;s
are independent. We estimate p; and X; by @y, = Z;”:l x;;j/n; and S;p, = Z;“:l(mw — Tip, ) (x5 —
Zin;)! /(n; — 1). A typical classification rule is that one classifies an individual into 7 if

det(S 2n2) }
det (S 1n1 )

< (mO _Ean)TSET}Q (330 _EQTLQ)’ (11)

and into 9 otherwise. However, the inverse matrix of S;,,, does not exist in the HDLSS context (p > n;).

Aoshima and Yata (2011, 2015) considered substituting {tr(S;y,)/p}I, for S;y,, by using the dif-

ference of a geometric representation of HDLSS data from each ;. Aoshima and Yata (2015) gave the

misclassification rate adjusted classifier for multiclass, high-dimensional data whose misclassification
rates are no more than specified thresholds under the following condition for eigenvalues:

(To — F1ny)" STy, (@0 — T, ) — log {

M0 0 4y oofori= 1, (1.2)
w(3?) asp - oofori=1,2. .
Recently, Aoshima and Yata (2017) considered the “strongly spiked eigenvalue (SSE) model” as follows:
M)
hminf{ ) } >0 fori=1or2. (1.3)
p—oo Ltr(X7)

On the other hand, Aoshima and Yata (2017) called (1.2) the “non-strongly spiked eigenvalue (NSSE)
model”.



2 A new classification under the SSE model

As for the two-sample test, Ishii (2017a, 2017b) gave new test procedures for high dimensional data
under the SSE model. In this talk, we considered the distance-based classifier under one of the SSE
models. Aoshima and Yata (2014) considered a classification rule given by using the identity matrix I,
instead of S;;,, in (1.1). They showed the asymptotic normality of the classifier and provide a sample
size determination so as to control misclassification rates being no more than a prespecified value. They
further developed the classifier to multiclass classification. In order to remove the bias, we considered a
data transformation and gave the following new classification rule. One classifies an individual into 7y if

2

Tin, + Ton, \T _ ;tr S”MA
(20— %) A(@zn, — Tiny) + > (1) (271) <0 @.1)
i=1 t

and into mo otherwise. Here, the second term of (2.1) is a bias-correction term. If hyq) = hl(g)(:
hi, say), we gave A = I, — hy hT. We used the noise-reduction (NR) methodology given by Yata and
Aoshima (2012) to estimate the first eigenvalues and eigenvectors. By using the asymptotic properties
of the NR estimator given by Ishii, Yata and Aoshima (2016), we gave the asymptotic properties of our
new classification rule. We also compared classification procedures by using computer simulations.
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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).



Activation function selection in Recurrent Neural Network

Daichi Inoue* Takeshi Katof

1 Introduction

The problem of solving the inverse of a time-varying matrix arises in many fields, science, engineering and
business, for instance. Even when the matrix is time-invariant, however, it is well known that the actual
computation is not easy if the matrix size is large or sparse. To say nothing of time-varying matrices.

A new approach by applying recurrent neural network was proposed by Zhang et al [1] to compute
the inverse of a time-varying matrix, and a series of research works has been made in several papers such
as [3], [4], and [5]. Recurrent neural network (RNN) is one type of neural networks. The advantage of
RNN is that it can handle continuous information such as a sentence, so that it has originally applied to
natural language processing and shown high performance. The research works by Zhang and others, [1],
[2], [3], [4], and [5], make use of what it calls ”super-sigmoid function” as a good activation function in
RNN, but the mathematically rigorous argument has been skipped in those papers. Then the aim of our
research work is to clarify how to select good activation functions of RNN in theory and propose a new
activation function with higher performance than the super-sigmoid function. The argument is made in
view of the convergence of error terms to zero and robustness caused by the differentiation error and the

model-implementation. Numerical examples are also given in addition to theories.

2 The summary of previous studies
2.1 Problem formulation

We consider computing the inverse of a smooth time-varying matrix A(t) € R™*™. In other words, we
will find X (t) € R"*™ satisfying the equation

ADX(t) —T=0, tel0,00) (1)

where I € R™*" is the identity matrix.

2.2 General RNN Model
We define a matrix-valued error function by
E(X(t),t) = (e;5(t)) := A()X(t) — I

to monitor the matrix-inversion process. The error function derivative E(X(t),t) with respect to t
should be made such that every entry e;;(t) of E(X(t),t) converges to zero. Specifically, E(X (¢),t) can

be described in the general form

dE(X(t),t)
dt
where F(-) : R"*™ — R™ ™ denotes a matrix mapping of neural networks, and the matrix I" consisting

= —TF(EX(1),1)) (2)

of positive elements scales the convergence rate of the solution. Each element of F = (f;;) is called an
activation function. The RNN design formula (2) leads to the following implicit dynamic equation of the
generalized neural model

AB)X(8) = —A{D)X () - TFA@DX(1) ~ ) (3)
where X (t), starting from an initial condition X (0) = X, € R™*", is the activation state matrix corre-

sponding to the theoretical solution X*(t) of (1).

*Graduate School of Science and Technology, Sophia University (Master’s Program)
TFaculty of Science and Technology, Sophia University



3 Comparison of activation functions

We assume below that I' = I for some v > 0 and f;; = f in F = (f;;) for simplicity. Zhang et al. [2]
discusses the performance of several activation functions in RNN, and shows that the following power-
sigmoid activation function f; is the best among them in the sense of convergence of errors to zero and

the robustness:

u? Dojul >1
fl(u) = 65 + 675

where £ > 1/2 is a real number and p > 3 is an odd integer.

We propose a new activation function

plul _ .
o1 sgn(u)(e 1) : |u/>1
Falw) = et +e ¢

with £ > 1 and an odd integer p > 3.

Solving the differential equation (2) for f = f1, f2 and noting the difference between the power function
and the exponential function in |u| > 1, we can show that that fo is slightly better than f5 in the sense
of the decay of u = e;;(t) for large t. For the perturbed version of (3) by the model-implementation and

differentiation errors, it is also shown that f5 is more robust against those errors than f;.

4 Conclusion

In this presentation, we formulated rigorously the structure of activation functions in RNN which have
exponential decay of errors and robustness. Moreover, we propose a slightly better activation function
than the super-sigmoid function, which is the best among several candidates discussed in Zhang et al. [2].
Recently, however, Zhang et al. [6] proposed a new approach to find good activation function in RNN.

The argument by taking the new idea into account has not been made, and it is left for further research.
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Azzalini & Capitanio (2003) constructed an extension of the skew-normal distribution given
by Azzalini (1985) as follows: Let fo(z) (z € R) be a symmetric pdf about z = 0. Let G be the
distribution function such that G(—z) = 1 — G(x). Then their perturbation of the symmetric
pdf is given by

2fo(x)G{w(z)}, (1)

where the weighting function w : R — R is taken to be an odd function, i.e., w(—z) = —w(x)
for x € R. It is noted that there exists an odd function h(z) (—1 < h(z) < 1) such that
2G(w(x)) = 1+ h(z). Then, it is easily shown that

/(1 (@) fo(x)dz = 1.
R

This point of view is seen in some literature (cf. Huang & Chen, 2007).

Their skew family of the symmetric distributions is not always unimodal even if the base
symmetric distribution fo(z) is unimodal. On the other hand, Jones (2014) proposed another
member of skew distributions with pdf

f@) = fo(s™H(x)), we Sy, (2)

where §'(x) + s'(—z) = 2, the function s : D — Sy (D 2 Sy, 3 0) is a monotone and bijection
function and Sy is a support of the function s. A noteworthy point is that the resulting density
f(z) is always unimodal regardless of the parameter values of the base symmetric unimodal
density.

For a construction of the circular version of the skew distributions by Azzalini & Capitanio
(2003), Umbach & Jammalamadaka (2009) adapted the pdf (1) in order to obtain a general
means of skewing symmetric circular models. Let fo(6) and ¢g(0) (6 € [—7, 7)) be circular pdf’s
symmetric about # = 0 and G(0) = f_aw g(¢)d¢ is the distribution function of the latter. The
weighting function w is an odd periodic function with |w(#)| < w. Then

f(0) =2/o(0)G{w(0)}, —m<O<m (3)

is a circular pdf. As a tractable and simple case of the circular pdf (3), Abe & Pewsey (2011)
also introduced the k-sine-skewed circular distributions (SSCDy) with the density

F(0) = (1+ Asinkf) fo() —7<0<m,



where A (—1 < A < 1) is the skewing parameter. For a related topic for SSCDy, with k = 1, Abe
& Pewsey (2011) investigated its properties and proposed the sine-skewed Jones-Pewsey family
as well as its three special cases. As they showed, if fy(0) is the wrapped Cauchy density, the
resulting density is always unimodal. Otherwise, the resulting density is not always unimodal.

Combining with (2) and (3), we obtain another family of unimodal skew distributions on the
circle given by

£0) = fo(s7(B;w)), 0 € [-m,m), (4)

which is an extension of the model in Jones & Pewsey (2012), where fj is a symmetric unimodal
density about 6 = 0 and the function s is given by

0
s(0;w) =2 G(w(t))dt — . (5)

—T

It is not easy to get the explicit expressions for the moments of the family (4) in general,
except for the Jones & Pewsey (2012)’s inverse Batschelet distributions (see Abe, 2015). The
advantage of the family of the distributions is always unimodal. Note that this function is a
bijection function from [—m, ) to [—7, ), and can be rewritten as s(f) = 6 + H(6), where H(0)
is an even function with |H’(0)] < 1. Further, let us confine our attention to the function s
which maps zero to zero. Then the distribution with pdf (4) has the mode-preserving property
(cf. Fujisawa & Abe, 2015).
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BOOTSTRAP INFERENCE UNDER RANDOM
DISTRIBUTIONAL LIMITS

Speaker: Giuseppe Cavaliere, University of Bologna
(this is a joint work with Iliyan Georgiev, University of Bologna )

Asymptotic bootstrap validity is usually understood and established as con-
sistency of the distribution of a bootstrap statistic, conditional on the data,
for the unconditional limit distribution of a statistic of interest. In many ap-
plications, however, the bootstrap statistic may possess, conditionally on the
data, a random limit distribution. Among others, cases of random bootstrap
limit distributions are documented for infinite variance processes (Athreya, 1987;
Knight, 1989; Aue et al., 2008; Cavaliere et al., 2016), time series with unit roots
(Basawa et al., 1991; Cavaliere et al., 2015), and parameters on the boundary
of the parameter space (Andrews, 2000). In most cases, the occurrence of a
random limit distribution for a bootstrap statistic given the data — in contrast
to a necessarily non-random limit of the unconditional distribution of the cor-
responding statistic, computed on the original sample — is taken as evidence of
failure of the bootstrap.

In this paper we show that randomness in the limiting distribution of a
bootstrap statistic need not invalidate bootstrap inference, as the bootstrap
may still deliver confidence intervals (or hypothesis tests) with the desired cov-
erage probability (or size) when the sample size diverges. Moreover, in such
cases the bootstrap may also have the appealing asymptotic interpretation of
a conditional inferential procedure, and may deliver efficiency (or power) gains
over unconditional inference.

To see why, it is useful to recall that, apart from an unconditional limit dis-
tribution, a statistic in general possesses a family of (random) conditional limit
distributions, depending on the choice of the conditioning o-algebra. If one
of these conditional (random) limit distributions matches the (random) limit
distributions of a chosen bootstrap statistic, then — under regularity conditions
that will be discussed in the paper — inference based on the bootstrap is asymp-
totically valid and, importantly, conditional in nature. This observation was
initially made by Lepage and Podgorski (1996) but has not been pursued fur-
ther in the bootstrap literature, in particular because its development requires
probabilistic tools that are not widely popular in this field.

Conditional inference can be justified by the ‘conditionality principle’, ac-
cording to which “the evidential meaning of any outcome of any mixture exper-
iment is the same as that of the corresponding outcome of the corresponding
component experiment, ignoring the overall structure of the mixture experi-
ment” (Birnbaum, 1962, p.271). Whenever for a statistic of interest the boot-
strap estimates consistently a component of the limit unconditional distribution



viewed as a mixture of conditional distributions, the bootstrap can be regarded
as a large-sample implementation of the conditionality principle.

In such cases the bootstrap replicates asymptotically the property of con-
ditional tests and confidence intervals to have conditionally constant size and
coverage probability, respectively. Regarding tests, this property has been ar-
gued to be necessary for test optimality in the special case of conditioning on
a complete sufficient statistic; see Lockhart (2012). More generally, gains in
power and precision can be expected to occur when the reference population is
effectively restricted to outcomes that share statistically relevant features with
the actual sample. For instance, in the case of confidence intervals, Lepage and
Podgorski (1996, Figure 2) provide numerical evidence of substantial precision
gains in a particular implementation of a permutation bootstrap with a random
limit of the bootstrap statistic, where conditioning is on the order statistics of
regression residuals (ancillary in that context).

Following a practice in the literature (see, e.g., Lockhart, 2012), we recast the
constant conditional size and coverage probability property into the requirement
that bootstrap p-values should be uniformly distributed conditionally, at least
asymptotically. One of our main results is a general sufficient condition for
this to be the case. We also provide conditions for the more basic property
of unconditional asymptotic distributional uniformity of p-values; this property
implies asymptotic control of the frequency of wrong inferences on average over
the conditioning variables but no longer warrants a conditional interpretation
of the bootstrap inferential procedure.

When dealing with random limiting distributions, the usual convergence con-
cept employed to establish bootstrap validity, i.e. weak convergence in prob-
ability, can only be employed in some special cases. Therefore, in this paper
we discuss asymptotic bootstrap validity also in cases where consistency of the
bootstrap distribution for a conditional (null) limit distribution of an original
statistic holds in a sense weaker than the usual weak convergence in probability.

To show the practical relevance of our results, we include an analysis of the
well-known and much applied (but also misunderstood) bootstrap tests of para-
meter constancy in regression models where the design matrix could be random
but be conditioned upon; see Hall (1991,p.170). In the resampling process form-
ing the bootstrap sample, it appears natural to take the design matrix as fixed,
i.e. it does not vary across the bootstrap repetitions. Accordingly, bootstrap
algorithms with this feature are sometimes labelled as ‘fixed design’, ‘fixed re-
gressor’ or ‘conditional’ bootstrap. Under a set of assumptions proposed by
Hansen (2000), we argue that the fixed-regressor bootstrap test statistics have
random limit distributions, thus invalidating previous claims that the bootstrap
is consistent for the unconditional limit distribution of the original parameter
constancy test statistics. Then we provide conditions under which the fixed-
regressor bootstrap entails conditional asymptotic inference.
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The small n/large p problem has been extensively studied in the last decade
for independent and identically distributed (iid) data. Various methods have been
developed for variable selection in a large data set with a sparse covariance matrix,
suchas the lasso-type estimation procedure in Cai et al. (2011) and random ma-
trix theory in Bai et al. (2015); see also Paul and Aue (2014), and the principal
component procedure in Shen and Huang (2007). There have been several papers
that tried to explore the small n/large p problem in the time series setting. From
example, Song and Bickle (2011) and Han and Liu (2016) proposed two different
approaches to estimate the parameters of a large vector autoregressive model.

To make our discussion clear, we first define the high-dimensional time series
(HDTS) as follows.

Definition 1.1. A stochastic process X; = (2, -+ ,2,) is called a high di-
mensional (HD) time series if X; — (214, -+ , @y, -+ ) as p — oo, where t = 0, +1,
+2,---. We say that a HDTS {X,} is weakly stationary if, for any given p,

(a). EX, = u®,
(b).  E(X; — pP)( Xy — p®Y =TV 1 =0,41,42, -,

where 1) is a p-dimensional constant vector and Fl(p ) is a p X p constant matrix
independent of ¢. Similarly, we say that a HDTS {X,} is strictly stationary if it is
strictly stationary any given p. As a special case, if X; is serially independent of
a given p, then X; is a HD white noise. When Fl(p) = 0 for all {(# 0) and p, we
say that the HD time series {X,} is serially uncorrelated. Let F; be the o—field
generated by {X; : s <t} and denote

E[(X; — pP)(X; — pPY|F 1] = QP

*E-mail address: maling@ust.hk



The HDTS {X;} is said to have no ARCH effect if, for any given p, Qﬁp) = F((]p), a
constant matrix; otherwise, it has ARCH effect.

For ease in notation, we drop the superscript of ;» and Fl(p ) in the sequal. Keep
in mind, however, that the dimensions of  and I'; are increasing with p.

Using the random matrix theory, Li, Yao, Lam and Yao (2016) proposed a test for
serial correlation of a HD time series. Change, Yao and Zhou (2016) used the max-
imum absolute auto- and cross-correlation to construct a test for the same purpose,
but critical values of the test statistic need to be obtained via a bootstrap procedure.
Recently, Tsay (2017) proposed a rank-based test using Spearman’s rank correlation
and the extreme value theory. The asymptotic distribution is derived under the null
hypothesis and contemporaneous independence. The moment condition of the data
is not needed and the asymptotic critical values of test statistics have a close-form
solution. This is a nonparametric approach, see more review on this in Section 3.

Testing for the ARCH effect in a time sereis has become an important issue in
analysis of univariate and multivariate time series since Engle (1982) proposed the
ARCH model. The classical methods for detecting ARCH effect are the Lagrange
multiplier test of Engle (1982) and the Portmanteau test of Li and Mak (1986),
which are based on the squares of random variables. Li and Li (2008) considered
two Portmanteau tests by using the absolute random variables. Zhu and Ling (2011)
proposed a sign based test statistic. Ling and Li (1997) extended Li-Mak test for
multivariate ARCH models by using a quadratic form of random vectors. We refer
to Tsay (2014) for more discussions on the subject. To the best of our knowledge,
there is no test statistic available for detecting the ARCH effect in a HD time series.

This paper proposes two Portmanteau tests for detecting serial correlation and
ARCH effect of a HD time series { X;} allowing the dimension of data p = p(n) — oo
when the sample size n — co. We first show that the sample autocorrelation function
of the L;—norm of data is asymptotically normal and a norm-based Portmanteau
test statistic can be constructed. When the cross-sectional variables are s-dependent
(i.e., at most s elements are dependent), the test statistic still works well in the case
with p > n. Using a suitable function of data, the norm-based test can be applied
for the heavy-tailed time series. We next show that the sample rank autocorrelation
function, i.e. Spearman’s rank correlation, of the L;—norm of data is asymptotically
normal and the norm-based rank Portmanteau test statistic can also be constructed.
Surprisingly, the norm-based rank test is dimension-free, i.e. independent of p,
and without requiring any moment condition of data or the covariance structure
condition required in the literature. Two standardized norm-based tests are further
discussed. Simulation results show that both test statistics have satisfactory size
and are very powerful even for small n and large p.
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Fisher 23FHAEMED 72K, Fisher OFLE & 2 % Z & T Fisher O HIBIBI%L (F-LDF) ZEXfb L. A%
M OEREZRFRE L OB TRES EiFf7z, X Iris T— X THIEL., S HIC [HREODT—Z P GRER - S
WA HERISERRERIIE R CEX VW R H D) EHRICIE R TS, EHIFEZL ODESET — X O E
WL THOOMEE RO, & L CE/PiIRSTEE Minimum Number of Misclassification, MNM) AE¥EIZ 1 A fxid
HAIEHIBIBE %L (Revised TP-OLDF, RIP)[2]& [/IMEARD 7= ® 100 HAAZERGEE FRELD | & OB T —
A D Matryoshka Fishhis: GFrFE2) | ZHEB L C6EDOFET —X L 6 fidD Microarray 5 — % THEIFHIZE L
2017 4 3 A OFHTEFLR T2 RN & TORBEZfREPR L, FEFFERIZ Springer 2 DfiFaiE A2 AR L7231, K%K T
WX, AR L LT T o 722K E D 6 BFFE S V—THAB LT 5 Microarray 5 —# (Dataset) Z AWV TiTo72 [
DB RN BB T 2Wr ] OFEE N % Singh &[5 OfERTHRET 5,

2. Microarray & —#

20154 10 A 26 HIZ, [ZFEROBFICB T 2HABRZOFRER] TAaHL[1IORERT, KED 6 LT L—T
2 Microarray 7 —HZ ZHE O XL EZENTWT, FOTFT —HZ B HP(http://www. bioinf. ucd. ie/people/ian/) [8]7>5
AFTELZLEH-T, 2015410 A 28 HicENE X v a— KL 8o LDF THBI L7z, 3D OLDF i MNM=0
T, KU T OBETOHBUREDS 0 TRV RT0IZR -7, BIH BIRIZ k LT OBIE T CEBE TR ET
&%, T % Small Matryoshka (SM1) EFES, 2 SMI Z @522 HE W THEHBT 2 LBl SM2 23R E 5,

% L C Dataset [Z#EHE D SM OPEMPIFILE S DIE L. EIRITO M= 1 OHEF T DEN o T2, 30 4F
LR O RN M T O, AR RENELNR o= (BES) . Zhid. Mt RE TS 2EAT
Dataset DHNR WA TERNEL | SMOFEMAIFIES & W D R RIEE N a0 bR o Telob LB bilbd,
ZLTC, 12420 HETIZ 6 OT—ZE2TH, BDO LI HIZMOPHBFESTHD ] ZENDhoT,

# 6 fE®D Dataset DFFIE 2 DFER (MPFIET) LEETZH (SMFILLRE)

Dataset 2BEL BER Jup SM | Max Ratio Min Ratio | >=5% PCA

i

Normal (22) vs. t
2 | Alon et al. ormal (22) vs. tumour BGS130 0. 90% 0. 00% 0| 4.50%
cancer (40)

3 | Alon et al. Normal (22) vs. tumour | oo o 64 26. 76% 2.35% | 63| 30.40%
cancer (40)

Normal (50) vs. tumour

4 |Singh et al. srostate (50) 2(1. 6) 179 11.67% 0.28% | 38| 14.35%

5 | Golub et al. All (47) vs. AML (25) | 8(11.6) 69 15. 69% 0. 00% 13 | 34. 88%

6 | Tien et al. False (36) vs. True (137) |3 (3.9) 159 19. 13% 0.63% | 27 24%
B-cell (95) vs. T-cell

7 | Chiaretti et al. cell (95) vs igs) 10(9. 8) 95 38. 98% 10.73% | 95 | 51. 46%
Follicular lymph 19

8 | Shipp et al. ollicular lymphoma (19) | )5\ o o) 130 30. 67% 4.99% | 129 | 31.70%

vs. DLBCL (58)

3. BOBMETRT» LEOEET2H~
LSEIZAS TS, BIETED 2000 il & A 720y Alon HOFT — & NEH D BGS (Basic Gene Set) & WS IE



-+ 130 FLOPHEIFIES TH D Z LN hho 72, BGS 1L, 1 HOBEEFE2E < & MM 1 BL RIS B/ SM T
» 5, Datasets 1T FIET LW RN H 2o 72703,

3.3648]

| - & M/ IMERD T OFEFINCT 7o —F TE 5D T, F-

o LDF, 2 YCHIBIBE%, m o AT« v 7[R, —IchlE D5y
BT, 77 A2 —=05Hr. BT ot a1t -72, L
ML, BYRAT 4y ZEYRIZT A BCS & SMOF~TH

NM=0 Td 573, D FIEIT 2 BEDSHIE /Bt rT R 22 Ik &
el | RS Tz, LAL. BGS & SM % RIP THIFI L 7B
e e AaATHEHLUWVERE LicT — 2 2{ER LTz, 2 BEDFY)

v

X PCA Dt & Dt BT, tEBPENS, 1FF0, FLTAEDLONE

SN, 7T AZ =50 PCAIL 2 BEDN ST WSS
2o DD %, PCADF 1 EHAMIZ, HEODIPCAIZX
L1 EAEN AN ZIRICRDHELRCTH D, £/2, ROAaT77ay hO X HICTEFEFILE 1 a5
oIz, BAEFINEIZENWS T, £, BB BERTRE 72 BB T ORI SV MO FREE 2 245 A =
T OB T DA RatioSV E W) FHBETIHMET 2 Z &1 Lz, #OESNL, 4] 0OFEFK 27T, 6 O
FHEIEIC L D LDF 1, SV C-1 LA FICIER B, 1 L RiomBE N RIS D, L LHBEE R OFHMEAEN 72>
72o SV OEREED 2 HBIA 27 OFFHOE S OM%TH 5 AT RatioSV (=2/HIB] A 27 O#iFH*100) %5 x
7o ZALFRD Max Ratio & Min Ratio ZTd 2, Alon flid 130 &> RIP O H The K i 0. 90% TesIMiZ 0. 00%

(0. 005 Kiii) THDH, TN THHROBEORIFFEARA TR W RENHS LIZEZ 5N, UL SHTIERER AN
26.76%C, /NN 2.35% T D, ZOMEMN WA EDL DN 63 BV . 1IHZTN2.35%THh D, ZDORIEITS %D
M TH D, I 5%LLE E T HUE, 63 B D RIP NEZWHIFIH TX 5, Chiaretti DG, # 40%D K X 728N
BHEFRE D D 60%Ef & BE NS IE>TW5D, F£7- Ward 1L PCA OfEBITHEEIZ 2 BEICH L5, XIE Alon fill
D 64 HOH|BIA 2T F— 2 D PCA DFERTH 5, EOEAMEEZ LD &8 1 ks (Prinl) OEAEN 39.4 &
Spike JRICZKEZ VY, ZAUT 2 BED K E B, 2 BEORENSED/ NI WD EE 25, AORTFAREIL, 4 B[R
5 1IEBICHABEL WD, BEATOZR a7 7oy M, IEFEED Prinl OBIIFIEERSR B2, BIIREANGIEDS
MUZER O X O IAAE LT\ D, A O EE TN CRUGE < ORI IR E OB Th 0 | IEHF OJFAIZST
BB 0O0T WV ENT, REFEVRRE DN T BRI DD EBE LA TS, B1D, Prinl @ Eksydhix
63 fE D RIP OHFIAR T LA U FEOBEMEEORIEICE L 5 Z M EIND, bH—oDIcH E LTIE, maE
DIVAPE CIE R ARSI B S AUE 5 O REBIE R B L EMETE 5 L RAMICE 25, FERksrdh Lo
RatioSV (% 30.4% T 26.76% & W H#I 4%H KZ W DIE, 64 HDOERDT=DTH 5,

4. L

PR Z LT, o ROTIEOBMEELRIEN . B ST — % OEBPEOBIR T4 % O 2SI E X #2
ATV D IZOITERI & DREEDT 72\, BEOBIBF A MBI L THEMOTGIE, BATWIIZE T,
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TINS5 1 x e EIRIZBWT, T2 E X, I Z X, L U, P(X, =

W Xo=7)=p; €35 (i=1,...,r;7=1,...,c). TR FNZEDOMIMED LD 172
RWGEITIE, NS DT LB OEBIRGEIZBL IS 5. [TE L MEBITERDO AT
{u}, {v;} ZZNENEIVIRD Z LN TED L E (2720, u < -+ <y, 01 < -+ < V),
Tomizawa (1992) (Z## 7 Linear-by-Linear #B] (PLL) ET WV ZIXD X S ITHRE L 7=

Py = pa" O (i=1,..rj=1,..c).

Bz, {w; = i}, {v; = j} D& &, PLLE TV —FERY (PU)ET LV TH 5.

ZIZTC, (i) =w (i=1,...,1), 2(j) =v; j =1,...,0) £BL. V1, Y, 2Y; =
g1(X1), Yo = g2(Xo) &> TEFEL, Y1 & Y, D Pearson MR % p(Y1,Ys) £ T 5.
2, GP(M)ZET VM OBEEEEZMET 2 REA 1 ZFhiGtEL T5. AWET
I, T EINZERHIDO AT 2E DD Z DB TEDIGAEIL, RN ET LV E2EHL
7. 61T, PLLETIVE XU, p(Y1,Ys), Kendall D 7, (Kendall, 1945), Spearman O
ps (Stuart, 1963; Kendall and Gibbons, 1990, p. 8) % F\\ T, M7 AL E 7L D 43R
IZDOWTHEZRT-.

EE1. PIETIVPED LD DRBENI5MIL, PLLETIVE p(Y1,Ys) = 0D
FMREONDZ e THS.

EHE2. PIETNDBHKO DD DMBELDEME, PLLETIVE 7 = 0 DT /DK
DNDZ L ThH5H.

EE3. PIETIVDBHEONLDTZODMBEFZFEMIE, PLLETIVE p, = 0 D] 55K
DNLDZ L ThD.

EH4. G2(PI)IE, GX(PLL) ¥ G*(p(Yy,Ys) = 0) DHUHHEMIZ A% TH 5.

BoH NEFAEEADERICE T ZEHRERIGRIAHET IV

FFEHNEF DD BE CHENI S5 r x r IENDEIREH 2 5. 1E )50 EI R IZ
BWTIE, SHE O FREDIRITIZ LA D DX RETIUVHPREINT WS, (i,))
WiERZ p, &35 (i=1,...,r;5=1,...,7).

Yamamoto, Nakane and Tomizawa (2016) (ZIRD & 5 72 IR E#L 3 A BSFR (RNDS)



ETINVEREL 2
Py = Mai2+j2ﬁi+j,yij (i=1,....m;5=1,...,7).

SIFRE D E TIVAER D 3L 727000 & ATIX IR FRE D FEIE 2B H b, Tomizawa
(1991) 1ZIR D & 5 7R HEARARIE XS 135 A — X5 FK (ELDPS) € TV &2 2% U 7=

5j—i7(j—i)(j+i)/2¢ij (i < j),
bi; = . .
! (2 (i >7),

7L: 7LZ. L/ 1/)2']‘ = lpﬂ

AHETIE, RNDSETNVOHIRZIDRWZETIVEREL, ZOET IV EH W
RNDS € 7V D3RI DN TR R 7z,

FEHI PR IER DA BGFR (UNDS) ET VA IRD & D IZHREL 72

i2 3% pipiaii (s .
pij = poy o BipyY (i=1,...,mi=1,...,r).

KRZ a1 = o DD By = B, D& EF UNDSETIVIERNDS €57V TH 5. 72, ELDPS
ETFIVORBIGETH DI LIZEET 5.

TERWIER DD LE CHEP S5 r x r IEADERIZBEWT, 1788 % X, JIZE
BEXo b U, PN (MV) ETIVEIRDE S ICEHEL -

E(Xl) = E(XQ), 733‘0 V(M”(Xl) = V(M”(XQ),

772U,
E(X1) =) kpe, B(Xa) =) kpx,
k=1 k=1
Var(X1) =Y (k= BE(X1)’pe.,  Var(Xy) =) (k- E(X2))*pa,
k=1 k=1

IRDEFIZDONWTIHRAR T
EIE5. RNDSET DD LD/ DMBE+535M4:1%, UNDSET IV E MV ET LD
SRR DZETHD.
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fFEHDFE U DN SR BIEHDERT —RIZODWTEZD., £1DOT—XIL, WK

AERIZBIT B 2 D0DWRFEHE (ZY AT IV IEEE TT v REE) OR—=ZT A VI &
BRI D AT TV ANT 7 s (BIELANZA 227) 2B 522K LT
By, EHDEIXRT—Z2TH5D. BIELANZA A3 71, “07 HEdRWVIHE, «+4
T PR BOVFHIiE o TS, R1DT—XIZBWT, 77 RBELDETVYATS
V= VD F DRI R PMEN T WA 08 5 BN D 5.

F1l TIVATIV=LEEE TR REIIBITER— AT 1 VN & BT T D
f&1E LANZA 2 37 ® %4t ; Sugano, Kinoshita, Miwa and Takeuchi (2012).

(a) TY AT ZYV =B (b) 77 & R

S L] N—=AF 1 VR A& AT R—2F 4 Vi

IRE A 0 +1 +2 +3 +4 &t IRE A 0 +1 +2 +3 +4 @&t
0 78 9 26 3 1 117 0 41 2 19 0 0 62
+1 1 5 6 4 0 16 +1 g8 0 4 0 0 12
+2 9 1 10 3 1 24 +2 12 4 14 3 0 33
+3 1 0 1 0 0 2 +3 o 1 1 3 0 5
+4 3 0 1 1 2 7 +4 29 7 11 6 0 53
at 92 15 44 11 4 166 &t 90 14 49 12 0 165

E/FEIRT — ZOEHIZE T, SHEEOMSTMEITRD O R FREE 2 IR T 1 B
THRETUNHVSONS, JAHMEICETA2ET L E LT, J#ET IV (Bowker, 1948) H°
REINTVS. K1DOT—XIZHUTHIETADRERD DL E, X=X T 1 VKK
& BRI AL DB IE LANZA 227 IZAETHEZ L 2HLTWD. £/, R1DT—
RPFENFROME 2RO L &, NR—2 51 VI RIZH U TR S OB IE LANZA
27 IFIREFZZIFELLTVWEZ2ELTWS.

DERT—XIZBEWT, ETNVOMEE 2T 28, #HEEMREREE (FAIE,
R A R HiGHE) PHVWoNDE. HEORERT — XU THIRET VDY T
TE DB E, IENFREDOREZIERT 5 Z L ICBLMDH L. EEERERGEL
HAWT, EEDOHERT — 2128 U CIEATMEDRRE % s 5 BRI 2 D ORER A%
Fonsg.
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% H B BRI IR FME DRl &2 K3 2 D D 5720, HEEEMUERGHE%Z AW T
IR OIRH I R & i § 6 Z L IETERL.

gy 727 3V IE AR EIRIZENT, Tomizawa, Miyamoto and Hatanaka (2001) (&x¢
PR S DFE7Z 0 2 ERE v 2 8RE LUz, ZORE v IZHEROY 1 ARTY > T
YA ZITHRAZE L 720D, FERFRO At (5 £ 72138 k) 2Kl TE W LITHER
§°%. Tahata, Miyazawa and Tomizawa (2010) (%, 2 FEEHDIEIFRMED F A% X503
L5ZEMTEOIREZREL. ZORE ¢ 132 HEOIENFMED S5 1aME % X5 T &
73, WHRET VNSO D 2> TWRWI LIZHERT 5.

AFH T, DEROY A ARV > T Y 1 ZFZE7, ERFEORE L 2/
FHOIENFRED H M2 FFFHIZ AT Z &R TELERNT MVRE @ 2K L 7.
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5, ERFEORELAZHE Z N TEEZ 2R 07 7, IBELEZRZ MUVRER
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Ry NU—F A ZTF Y T RIT X5 Comparative Effectiveness Research &
BRI BRI S < #ERIFE
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M7 IR R O 21T 5 72O O HiE# TH YV, Evidence-Based Medicine (231) 5 &
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X, JFRIE LT, ®RLRDmBEORIER (141 OER) ORRZHRET DLV D
HHLEN7=bDTHY, TAIECONWTOZ BT v A0S SN2 BEOIRIED
BB DTG, EOWEREEAT O ONEERDON? (FOME, et 2 & xR
£?2) ] REDRNITHLT L AREMNREZ 252 T NDbOTIERWY. #rLl b,
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A X T F U A (network meta-analysis) 1%, ZDO LI REROL &, SuEIZER L
DD, WRKOAZT TV AOFEE L L, EEOIBEOENE - HRHMEZ L
BT A2 LA EHME L HERTHD. Xy NIT—T AZTF U AT, #
BOXtG & 72 D1EK % 5 T EARRBR O B2 RANCE DR A L, TR HE O R
DFER L= T ZADOBEMTOILS. ZHUCL Y, BERELEOITOI TV
VBRI OHIE S 20T, MR E RS TIRIKIET X TORINE - AHMEZ T 5 2
EMATRELE T2 D

LU E, 2y NT—=T7 X271 R L, ZORFETRHITE & L-HHi 7
FiERTHLHY, BE, EERTER L TWDEIRZ U F— R FIETH, SEIERHE
FHFRREZ I TW D ARERS 5, ZOMEDOE DL LT, Brockwell and
Gordon (2001), Noma (2011) 7 & Cigim SV TV O HEHI O S EDORIER H 5, A F
TV AT, BRLERFEPOHEONLIZET  AORENZZE LT ETE#R
DEEEITO 201, BEZFEET /L (random effects model) % W= fi#iT 234700
LOMN—RINTH D, X hT—7 AXTF U ATIL & FIZEE-S< (contrast-based)
HEE LT, UTOZEBERNRET VHIK HNHE TN 5,
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. G . G 2 2
Pi1pSi1Sip  PizpSi2Sip Sip KipTiTp KopTaTy Tp

YiiX, | ZHORBRICBIT S, HEOSRLUL (FT7HRRLE) I L TORRE

IR HBROIRIE R OIEE (NP — R, 4y X YY) OHEEEN LR DR
MLTHY 0T DEEEZRT 2 b SOTRBRN IS EATH (Y, 0 L5 8ATH) |

ITRBR M I BITH 2 KT, RXT A =X OHEEIL, IR & & L% (restricted
maximum likelihood; REML) (2 & > TIThON b ONR— ki Th 5, @H . #Bro %
B ERT L ICBETAERIT. Y, OF—F BT Ly RBEN 1+
IZREND kf KIEARBGHIC KD IEY LN FREL 72D, LIDLARRE, £ DA X
TV AT, EDXRE f;énit%ﬁﬁ@%“ ICRE T <, TR 2 2Din
PAEDOX R D A X T F U v AT %%tﬁmﬁ%f®ﬁ DT D DI~
X TH D, ZDHHE. jtt%ZliLUO)ﬁﬁﬂi))E\ FHEX R O ERE N B AKHEZ KX
K TEIZREDORMENS D Z LML TS (Noma, 2011), Ry NI —27 AXT
TV VAT, BEOBFEIEORKZMGE LTS 2 ELH D IS L7
LI RE L RDN, BT T N—TfFHr 72 & ORREEfRNT 72 E b B i, Bk
R DS T CHRAERNT 21T 2 IRIIEZ < FET 5.

ABHETIE, VI2lb—va VEREZEBELT, £7, BUROR X ¥ — RaH#EHF
IETdH D REMLIEIL, ERED K 5 225 T C HER D2 Y PED B D ST7 70 RIS
SHFHETDHZEHRT, TLTC, HEONEFHELZ, Xy NI XX TF U v
A DR T VAN H WD Z &N TE 5 @RI ERICE S < Hoh el T
% (Nomaetal., 2017) DN %E1TH, £z, ¥ 2 L— 3 VEBRB X OWAKHIE
REDKXy NU—=T AZTF U ZAOHEHIfFENT 28 LT, £ DOEERGHMEIZONT
NI
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