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Semiparametric Adapative Estimation Under

Informative Sampling

KBRKZ KRB TRl &R B
T AT T WL KEREFE Jae Kwang Kim

1. [FC®IC

BARRATI, BAZMH U ZEMPLT U BEME2EKEZREKRET, MoK (baised
sampling) ULE o N2 WE WS DL B, 20 & 5 IS REINE T — & fihir o R R Heim 2
BWTHEL D, EAREIZBWTIERIZ, T—X MBI N2MRTH 2 EHER (inclusion
probabililty) DIEREMERNCH NS Z N TE 5. ARETIIEEHROERZEICH W,
HEMAMIINT 22 I NI AN Yy ZipEEHEE2RET 5.

2. BREEMERE

TERARE Y, HHARE X = (X1,...,Xp) | &5 5. »HDMRRERD? SO N {H o MIELIE
RIy ={(zi,y) N} 252 5. 22T, BB ONIERITEEME T (i=1,...,n) TH
I N7 n lDOREAR {(@, )} £ 55, 72720, TOUEGHER m (TFPAEBOHRREY, 7
Bl X N WEBUITHKAF L TV TH B (informative sampling) & U, N I&ARE & BRI D D
BaEEZDN, YH N ZRAL TS, £-HHOHE E, HRERW, = (i=1,...,n)
ZEET D, TITHENRLLUTRD3IDEF R 5:

(a) FERZEBOYIFHE: 0 = E(Y);
(b) ERERE: p(x;0) = BE(Y | X = x;0);
(c) SRANTSERE: fly | x:0).

BIZ X, BEARD SEHETRER (o) T 2H#ERE L LT, RO Hortitz-Thompson I D # & &
(Horvitz and Thmopson, 1952) & X 61 5:

N

Z(SiWiSe(Xi,Yi;Q) =0.

i=1
ZZT, 8 IXEBREEM Fy oI TR L, O TRIFNE0 R L DHERERTHY,
So(z,y;0) = Olog f(y | ;0)/00 1 0 DA TEEKTH 5. ZDHeE[FERIIARHtEE HEX L
HoTWb7d, TOMRIFOIZHTE -2 O0, BRHEEETITR.

. EINRSAN)YIETFIERBELEEARER
HEE R (2)-(c) KRLT, FkDH 255 A — ZUMOREEBTEL LAEWKDE I /85 A K
Vw 7T NLVEEZD:
P =1|w,z,y)f(w]|z,y;m)f(y]|x;n2,0)f(x;n3)
5 Ly 6 - 1) 9) 3 s 113) —
flway ) = TG =1 w,,9)f(w] 2 m) £ (5 | 75712, 8) (@ ) dwdndy
_ w il ym)f(y L@, 0)f(zing)
Jw=tf(w | z,y;m)f(y | z;5m2,0) f(z;13)dwdedy
272U, mume,n3 EENEN [w| z,y], [y | x], [v] DHERD A %2 BIE T 5 RKHMDOBIRIT/N T A —
RTHD. I THENRD (c) DGEE f(y | zm2,0) = fly | 2;0) &2 I 2IZHERET 5.




AWFETIE, REETIZBETE22INTA Ny 7 AR FRIZENZET 2L INTANY Y
7 il A W HEE %%&bt.ﬁ\A7XFU/7ﬁﬂTmti YINTAN)YTETIVIZ
B AHERDHNL D FRTHONT A M) Y TETIIZ 7‘5 Cramér-Rao O NRD X 5
BRHDTHD. NDBPEANDOEGE, ROHEF[BEREDWHERIZEL I NT A M) v ZinEf
SfEER L 705

N

Seti = »_ 6;WiD}(X;,Y;) = 0. (%)
i=1

ZIT, Difg BMEEHRIT LI TORTRINS.
(a) Deg(X,Y)=6-Y;

1 0

(b) :ff(Xv Y)= m%ﬁb

(X;0);

() Deg(X,Y) =7(X,Y) [Sg(x’m ~ B{7(X,Y)S(X,Y) yx}}

E{7(X,Y) | X}

72720, e=Y — u(X;0), 7(z,y) = 1/E(W | z,y) THB. ZIT, #HENER (b) IZxT 2H#E
BA%E, Kim and Skinner (2013) CEEINTWEHD L[FH— fa% ZEItHERET 5.
E7-, BEY 1 XN DBEEHITH 256 Otz ftE iR, RogtkIns:

N
Seit = 3 {0WiDi (X3, Yi) + (1= 6iWi)g | = 0. (%)
i=1
Dig & Cg DFFHIZOWTIEYHRE T 5. REFY A AN PR TH 256, TOHREZHW
7z (xx) DffZ NS Z & T, (%) DfETH % Kim and Skinner (2013) OHEE & % BHS 2 H#iE &
DR AREL 72 5.

4. BIGHNHEEE

Bl HEE SRR () IZRRBEEZ EC O, FEEHETVEZET S, HIRIK, HENSED (¢)
DG, 7(x,y) =1/E(W | z,y) WS BBEET) V7 UEET 2068 3H 5. 2T, Ferrari
and Cribari-Neto (2004) OX—XERDT A 7+« T ZFHLUZRWRET ) V7 HEERET 5.

KA AR FEHAET IV EHOCTHE L7726 0% W25l 2 RN (x) BEE (xx) D0
W AL, EEAETADRELWES, EINTAN) v 7inEaESEE L 2D, KIZE-
TWE LT —HMobsHEREL LS. HHIE, 1999 FFI25 M X 7172 Canadian Workplace
and Employee Survey 7 — & (Fuller, 2009) IZ#28EF£%#H U, Horvitz-Thompson D& &
LT 52T, TOHEAMERT.
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We introduce a novel methodology for robust Bayesian estimation with robust diver-
gence (e.g., density power divergence or 7-divergence), indexed by tuning parameters. It
is well known that the posterior density induced by robust divergence gives highly robust
estimators against outliers if the tuning parameter is appropriately and carefully chosen.
In a Bayesian framework, one way to find the optimal tuning parameter would be using
evidence (marginal likelihood). However, we theoretically and numerically illustrate that
evidence induced by the density power divergence does not work to select the optimal tun-
ing parameter since robust divergence is not regarded as a statistical model. To overcome
the problems, we treat the exponential of robust divergence as an unnormalisable statis-
tical model, and we estimate the tuning parameter by minimising the Hyvarinen score.
We also provide adaptive computational methods based on sequential Monte Carlo (SMC)
samplers, enabling us to obtain the optimal tuning parameter and samples from posterior
distributions simultaneously. The empirical performance of the proposed method through

simulations and an application to real data are also provided.

The talk is organised as follows. We first set up the framework and then show theo-
retically and numerically that evidence induced by density power divergence to select the
tuning parameter. Instead, we propose to estimate it based on the H-score (Hyvéirinen,

2005; Dawid et al., 2015) and characterise its asymptotic behaviour. As mentioned earlier,



our method involves functions for which it is difficult to obtain an analytic representa-
tion. Therefore, we develop an adaptive and efficient Markov chain Monte Carlo (MCMC)
algorithm based on SMC samplers (Del Moral et al.; 2006). Numerical applications of
the developed methodology are also provided, then conclusions and directions for future

research are stated.
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Realized Stochastic Volatility Models with Skew-t Distributions
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Abstract

Forecasting volatility and quantiles of financial returns is essential to measure the financial tail risk such
as value-at-risk and expected shortfall. There are two important aspects of volatility and quantile forecasts:
the distribution of financial returns and the estimation of the volatility. Building on the traditional stochastic
volatility model, the realized stochastic volatility model incorporates realized volatility as the precise estimator
of the volatility. Using three types of skew-t distributions, the model is extended to capture the well-known
characteristics of the return distribution, namely skewness and heavy tails. In addition to the normal and
Student’s ¢ distributions, included as the special cases of the skew-t distributions, two of them contain the skew-
normal, and hence allow more flexible modeling of the return distribution. The Bayesian estimation scheme
via a Markov chain Monte Carlo method is developed and applied to major stock indices. The empirical study
using the US and Japanese stock indices data suggests that incorporating both skewness and heavy tail to daily

returns is important for volatility and quantile forecasts.

1 Summary

Financial volatility, defined as a standard deviation or variance of asset returns, changes stochastically over time
and hence it is important to forecast time-varying volatility for financial risk management. Time-varying volatility
used to be estimated and forecasted by two classes of time-series models using financial returns: the generalized
autoregressive conditional heteroskedasticity (GARCH) methodologies of Engle (1982) and Bollerslev (1986), and
the stochastic volatility (SV) model (Taylor, 1994). These models are consistent with volatility clustering (high
volatility persistence), and have been extended to accommodate a phenomenon called volatility asymmetry or
leverage effect, i.e., the negative correlation between today’s return and tomorrow’s volatility that is observed in
stock markets. One such extension is the exponential GARCH (EGARCH) model proposed by Nelson (1991).

In recent years, realized volatility (RV) has replaced these models for volatility estimation. Daily RV is calculated

as the sum of squared intraday returns over a day. Andersen and Benzoni (2009) and McAleer and Medeiros

*Corresponding author. Email: m-takahashi@hosei.ac.jp



(2008) provide RV reviews. To predict volatility using RV, we must model its dynamics. Many studies such
as Andersen et al. (2003) have documented that daily RV may follow a long-memory process; thus, they use
autoregressive fractionally integrated moving average (ARFIMA) models (see Beran (1994) for long-memory and
ARFIMA models). The heterogeneous autoregressive (HAR) model proposed by Corsi (2009) is used more widely
for the dynamics of RV. Although it is not a long-memory model, it is known to approximate a long-memory process
well.

Although ARFIMA and HAR models have been shown to significantly improve volatility forecasts relative to
GARCH and SV models, the RV is subject to the bias caused by market microstructure noise and non-trading
hours. There are some methods for mitigating the bias in RV: the multiscale estimators by Zhang et al. (2005)
and Lan Zhang (2006), the pre-averaging approach by Jacod et al. (2009), and the realized kernel (RK) method by
Barndorfi-Nielsen et al. (2008, 2009). See, for example, Ait-sahalia and Mykland (2009), Ubukata and Watanabe
(2014), and Liu et al. (2015) for details.

To account for the bias in RV, two classes of hybrid models have been proposed. One is the realized SV
(RSV) model proposed by Takahashi et al. (2009), Dobrev and Szerszen (2010), and Koopman and Scharth (2013),
while the other is the realized GARCH (RGARCH) model and realized EGARCH (REGARCH) models proposed by
Hansen et al. (2012) and (Hansen and Huang, 2016), respectively. In the existing literature, the volatility forecasting
abilities of these volatility models have been compared within each class, while a comprehensive comparison across
different classes of volatility models has not been conducted extensively. An exception is Takahashi et al. (2021)
which compare volatility forecasting abilities across different classes of volatility models including the SV, EGARCH,
HAR, RSV, and REGARCH models.

To measure the financial tail risk such as value-at-risk (VaR) and expected shortfall (ES), it is important to
forecast not only volatility but also quantiles of financial returns. The empirical return distribution is more peaked
and has heavier tails than the normal distribution. Such a heavy tail or leptokurtosis can be partly explained by the
time-varying volatility, but the return distribution conditional on the volatility may still be leptokurtic. Moreover,
the return distribution may also be skewed. Therefore, several types of skew Student’s ¢ distributions have been
used in the volatility models. For example, the generalized hyperbolic (GH) skew Student’s ¢ distribution (Aas and
Haff, 2006) has been used for the SV model (Nakajima and Omori, 2012; Ledo et al., 2017) and the RSV model
(Takahashi et al., 2016).

Along these lines, the RSV model is extended with three types of skew- ¢ distributions and Bayesian estimation
scheme via a Markov chain Monte Carlo method is developed. The skew-t distributions include the ones proposed
by Azzalini (1985) and Ferndndez and Steel (1998) as well as the GH skew-t distribution. In the empirical analysis
using the Dow Jones Industrial Average (DJIA) and the Nikkei 225 (N225) data, the volatility, VaR, and ES
forecasts of the RSV models as well as the SV, EGARCH, and REGARCH models are estimated. The volatility
forecasts are evaluated by mean squared error and quasi likelihood loss functions, while the VaR and ES forecasts
are jointly evaluated by the loss function proposed by Fissler and Ziegel (2016) with the specification suggested
by Patton et al. (2019). The predictive ability test (Giacomini and White, 2006) for these loss functions and the
model confidence set (Hansen et al., 2011) are implemented to compare the forecasting performance. The results
show that the RV improves the forecasting performance significantly, the RSV models are better than the other
models, and the skew-t distributions improve the forecasting performance. These results confirm and complement

the previous studies mentioned above.
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BYaryVYa—xE, e RN OFIcWT, HHEK ARG E B U, $hRK G & T
BEIZT A LHIFINT WS, BIfE, BFT7 VT XLV EROBEFI VY2 — R TERIFTTE 25E
NENDOH L), BEOEEFIVEa—RiTWb b Noisy Intermidiate-Scale Quantum
(NISQ) T/NA ATH Y, 75— MEHAEHCHHELRE LY O Y, EH EW L D00l
NhHd. TIZT, NSO ZERBUIZAAZRLY T —F VRN DN REINTWS,

AFEH T, AL, @l WP E R Y, R RICASE TR TR O R EHE S & T RIEHEE
TITY ZALIZHERZY TS, FiZ, 8 PIREHECICE2EY TV 7)) v 7 O5RI,
INSOHOHEZLTEDTH Y, ZTOERIEVEITEA, BHR D HFMEIZHR > T, NISQ 734
A CELTABEAE L Wi FHRIEHEE 7L TV XA DBFREMEEEAIZTbNT WA,

BrIRWEHEIE, TOXLDOBO AKAERIZASA—XHEEMETH Y, & FIRE
|Y) = sinf|good) + cosf|bad) IZEEND, RHMNTA—X 0 2HET HHETH 5.
Z 2T |good) & [bad) I, T2 ETIRIENRZ ML TH Y, [good) IRIEMBIH X n 5 ek
2 1(8) 1%, |good) IRIEDRELIRIED —F, ML sin’ 0 THX S5, FEKO B FIRIBHEIE, &
FHxiE TR (amplitude amplification) &, fZAHHERE (phase estimation) Z A G HOEHEE TN DL
[1]. BFHRIgHEIE T, BMiEHE 1 G 2%, B8 FIRE [¢) = sinf |good) + cos b |bad) 12 my, [ENZAE
AU ZZB, G™* |¢) = sin((2my + 1)0) |good) + cos((2my + 1)0) [bad) DL 52, X—7 v b &
7 B 4RAE [good) & BHIT B ek pt) | (0) = sin®((2my + 1)0) D& S ITHIET 5 2 £ A TE S,
ZIZTC,mp &, k=0,1,2,--- M IZE T 5HEEEOETEEKTHS. —H, 2 TRIEHEDD
5 1 DOMBERTH HMMHMEE L, KEORE T — Mz nEL §57280, NISQ 7 /81 AT
DEATFHENTIZRN. £ I THR4 I, B HRIEHEE S, SRR (RUHE) 2la60
t, BETIRIEHEE 2175 HHEEIRE LR 2] B 1 ICRETFHEO A S — A% RT. BRI, R
SEE (K 1T, mo, my, -+, my ) O&EFREEEZ 172> TREN R EZHAGDE K
THEEZITW, NTA—RWEZITD. ZOFEEZHVWCEYTHVAES 2T/ 25, Hill
EVTANAMES LKL, @EICFITHRETH D I L (ZRMENRH S Z L) 2HERL, KiFIZE
T — MEEZHIETE 2 Z L 2R LT

Bz, B2 IXZDHEERIRL, BIERNLR ) 4 AR E2FEICAN, @28 IBM & 77 N
A AW EBROMN 24T 572, M, FEMIZ OV TILEH TER S, EERER DM IZH
D, RABUDESBEFLEHALE. |good) RIEE BT 2Rk, pll) (0, ) BT,
o8 (0, 8) THB 2 EORFBEEHETS. HL, i 13/ 1 2OHRERTAFTA—XTH
0, 0l (0, Br) = 1/2 — 1/28), cos(2(2my +1)0), qoer (0, B) = 1/2 — 1/2;, cos(2(2my, — 3)0)
U7 B, 0 < B<1DOEBTHY, b =10 /A4 X0RVEEIIHET S, KL
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k=012 MRBHANTA=R)DBEEND D, BERNNT A —RDOHEEPEK TR
WeE WS RENREEND D, TOMBEIZH LU THEALIE, T XA —XERE (parameter
orthogonalization method)([3, 4] Z#H L, D/ 1 ANFTA =X B, k =0,1,2,---, M, IR
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The Lasso-based principal component analysis for
high-dimensional stationary time series

SR
BINKRE REEFAR

1 F&R

ERTCDREIZ BT, ERDERD AITNIBENIENZ SN TED, FHZ, 8=
AW FEWITRZ FLOHEEIZE, &b RWEEZF - HEERED, FICHVEARDREICE
WTHRRINTE . RK#EETIE Gaussian X D b EOEWT — 2 2 G0 ERICE FRRY
12X LT Lasso BD 28— X FWM ot FiEEEA L, 1850 2#E &0 zEHc o
WS 5. X 51T, TERDET T FIESLHIAEARIIN T 5 Lasso BUER 7T AT L D
24T o Tl

2 ERER

{ X ey ZHERZEE (Q, F, P) LORPH, 0 DEHEREE 55, BIRY X,,...,X,, n €
NIZH LT, RDpx p EAREDEATIINRG, £OHATHZEZ 5.

. 1 &
= > XX/, To=E[X:X/].
t=1

LT, S0 ORARBANE 62, \CHIES 5, BULE B~ TR A2 P g OHEERIE
BEZD. WEDONRELRZ TR, B = dnaxq” E LTRBOT 2N TES
A, TAUE, ROBELHEORY LTER 5N |
1
B’ = argmin 120 — BB |7 — T8’ = [8°I158",

72720, || lp 3T 7= R )V ATHE. T, B OHEERL LT, RD Lasso
BIHEEEZ EFRT S (van de Geer (2016)) -

8 = anggip { 15— BT I + MBI . 6= (8118 - 871 < )
BeB | 4
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72720, A REAUL SRS X—&ZTH D, n WY RERTH 2. AFHTIE, BYREK
¢>0IHLT, p=gdILd2 I 2REL, HEER 3 OOV THRT 2.

RERINC BT 2R E DB, BRAEFRBEHVWTIHET 2 Z ek 3. flziX, &
¥ ZEGEFR { X ez 1T L TERD p-IRAFRECE -V 3Hl 217 5

p(l) = supf{| Cov(f(Xy), g( X)) :
Elf] = Elg) =0, B[f’| = El¢°] =1}, l€Z

p-RERBEAWS Z 2T, v ATUEREIE ORI EATHI OHEE R AT R L T,
Hanson-Wright O RER L FIN 2 EHFARELXEFHT 22 e TES. WE, BY DIESE
R D Z so £ 35, Zorx, HOBITHIDOEEMEIIN S 5 284 7 I $ 5504
PRARBICHET 2ZMH2EITDE T2 EYLBEMO TT, HEEDOIHL — MIXD XS
WWEHXNS.

Theorem 2.1. MERIBE (X} BAVABTHL L L, 20 p-REREE p() £55.,
Sitopl) < 00, ¢, = O0(1), n —» o0 ZREL, EANL T X =% A\ EXE-F L
NI

1
)\1 = S0 ng.
n

CorE, HYLIERISMFDO T T, RPILT 5.

. lo
185 = Blls = O, (sﬁ”\/ 51,) Lo

: log p
18— 8°1% = 0, (sg . ) n s oo,

FROFEFICBNT, p-REHRBOBANCET 2502 IELTWEA, ZHUIHER
DA I 21T o 72 BRIC, RERIIDIEEMEDZENBNS Z L ICTHRLTWS. §
bbb, HAEARD Yy — AL I3RS EHEBRT LI TES.

REFHTIE A 7 AR BRI TR, IDBEOEVWT —R2EZL 77X THS
sub-Weibull BUFERIERE 2 & D BWEESREITHT 2 &0 T Ty, Lasso BUHEE & Dl
I EN 2 RS 5. ek, FEENALE, Fujimori et al. (2016) 1230 <.
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A Randomization Test for the Specification of Interference Structure

Tadao Hoshino* and Takahide Yanagif

Recent studies in the causal inference literature have highlighted the importance of accounting
for treatment spillovers from other units via empirical applications in many fields, including political
science, epidemiology, education, economics, etc. In a most general case, the treatment of all units
in the population may affect one’s outcome. The principle of causal inference is to compare similar
individuals with different treatment status. However, when treatment spillovers are present, since each
individual has his/her unique social network with others, no such similar counterparts might exist.
Thus, it is generally not possible to identify meaningful causal parameters without some simplifying
assumptions on the interference structure. Indeed, Imbens and Rubin (2015) states "causal inference
is generally impossible without such assumptions, and thus it is critical about their content and their
justifications.”

To address this problem, a common approach in the literature is to assume the existence of
an exposure mapping that summarizes the impacts from others’ treatments into lower dimensional
sufficient statistics. For example, Hong and Raudenbush (2006) study the impact of school retention on
later academic performance, assuming that other students’ retention may affect one’s own performance
only through whether their school has a higher or lower retention rate. As another example, Leung
(2020) considers a treatment spillover model in which one’s potential outcome is a function not only
of one’s treatment but also of the number of treated neighbors and that of all neighbors.

Clearly, if the chosen exposure mapping is not appropriate, the resulting causal inference may

! As stated in the quote from Imbens

be misleading (e.g., failure of detecting treatment spillovers).
and Rubin (2015), in order for the obtained spillover effects to be valid, it is required to justify the
specification of the exposure mapping. A direct approach to accomplish this is to statistically test the
specification, which is exactly the aim of this study. That is, we propose a randomization specification
test for the form of general exposure mappings.

We are not the first to develop this type of randomization test; see, e.g., Athey et al. (2018),
Basse et al. (2019), and Puelz et al. (2022). The major difference between our approach and theirs
lies in the construction of the test statistic. The aforementioned studies are almost agnostic about

the construction of test statistics with sufficient power, or they only provide examples that work well

*School of Political Science and Economics, Waseda University, 1-6-1 Nishi-waseda, Shinjuku-ku, Tokyo 169-8050,
Japan. Email: thoshino@waseda.jp.

fGraduate School of Economics, Kyoto University, Yoshida Honmachi, Sakyo, Kyoto, 606-8501, Japan. Email:
yanagi@econ.kyoto-u.ac.jp.

!Some recent studies uncover under what conditions one can estimate meaningful causal parameters even when the
exposure mapping is misspecified or is not explicitly specified (Hoshino and Yanagi, 2021; Savje et al., 2021; Leung,
2022). A common finding in these studies is that, only if the network dependence is sufficiently weak, we can identify
some composite causal parameters.
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for certain situations. In contrast, by introducing the notion of coarseness of exposure mappings, we
propose a method that automatically derives test statistics equipped with reasonable power in most
situations.

The basic idea is as follows. Suppose that we have two exposure mappings E° and E'. We say

that E° is coarser than E! if there exists a surjective mapping ¢ such that ¢(E') = E°. For example,
E® = 1{# treated neighbors > 0}, E' = # treated neighbors
Now, suppose that we would like to test the following null hypothesis:
Hy: E° is a correct exposure mapping.

Then, if Hy is true, E! is also a correct exposure mapping. This enables us to perform a randomization
test by shuffling the treatment assignment while keeping the value of E° fixed but allowing the value
of E' to alternate. Under Hp, the distributions of potential outcomes for different E'-values should
be identical; otherwise, Hy should be rejected. The result of numerical simulations shows that our

approach works satisfactorily compared to the existing method.
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LIKELIHOOD INFERENCE UNDER ALTERNATIVE
ASYMPTOTICS

TAISUKE OTSU

In this talk, I discuss a unified inference framework for various alternative or
non-standard asymptotic inference problems, including sparse network, degeneracy
under multiway data, small bandwidth for semiparametric inference, many weak

instruments, and many covariates asymptotics. The talk is based on three papers

(1) Empirical likelihood for network data (with Yukitoshi Matsushita)
(2) Multiway empirical likelihood (with Harold Chiang and Yukitoshi Matsushita)
(3) Jackknife empirical likelihood: small bandwidths, sparse network and high-

dimensional asymptotics (with Yukitoshi Matsushita)

The first paper is summarized as follows. Analysis on network data is becoming
increasingly important in various fields of data science, and the literature on statis-
tical modelling and estimation algorithms for networks is rapidly growing. However,
general statistical inference methods for networks are still less developed. This ar-
ticle develops concept of nonparametric likelihood for network data based on the
network moments, and proposes general inference methods by adapting the theory
of jackknife empirical likelihood. Our methodology can be used not only to conduct
inference on population network moments and parameters in network formation
models, but also to implement goodness-of-fit testing, such as testing block size for
stochastic block models. Theoretically we show that the jackknife empirical likeli-
hood statistic loses its asymptotic pivotalness under the sparse network asymptotics
and develop a modified statistic which converges to a chi-squared distribution under
both the sparse and dense network asymptotics.

The second paper is summarized as follows. This paper develops a general method-
ology to conduct statistical inference for observations indexed by multiple sets of en-
tities. We propose a novel multiway empirical likelihood statistic that converges to a
chi-square distribution under the non-degenerate case, where corresponding Hoeffd-
ing type decomposition is dominated by linear terms. Our methodology is related
to the notion of jackknife empirical likelihood but the leave-out pseudo values are

constructed by leaving out columns or rows. We further develop a modified version
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of our multiway empirical likelihood statistic, which converges to a chi-square distri-
bution regardless of the degeneracy, and discover its desirable higher-order property
compared to the t-ratio by the conventional Eicker-White type variance estimator.
The proposed methodology is illustrated by several important statistical problems,
such as bipartite network, two-stage sampling, generalized estimating equations, and
three-way observations.

The third paper is summarized as follows. This paper sheds light on inference
problems for statistical models under alternative or nonstandard asymptotic frame-
works from the perspective of jackknife empirical likelihood (JEL). Examples include
small bandwidth asymptotics for semiparametric inference, many covariates asymp-
totics for regression models, many-weak instruments asymptotics for instrumental
variable regression, and sparse network asymptotics. We first establish Wilks’ theo-
rem for the JEL statistic on a general semiparametric inference problem under the
conventional asymptotics. We then show that the JEL statistics lose asymptotic
pivotalness under the above nonstandard asymptotic frameworks, and argue that
these phenomena are understood as emergence of Efron and Stein’s (1981) bias of
the jackknife variance estimator in the first order. Finally we propose a modification
of JEL to recover asymptotic pivotalness under both the conventional and nonstan-
dard asymptotics. Our modification works for all above examples and provides a

unified framework to investigate nonstandard asymptotic problems.
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ADAPTIVE DEEP LEARNING FOR NONPARAMETRIC TIME SERIES
REGRESSION

DAISUKE KURISU, RIKU FUKAMI, AND YUTA KOIKE

ABSTRACT. In this paper, we develop a general theory for adaptive nonparametric estimation of
mean functions of nonstationary and nonlinear time series using deep neural networks (DNNs). We
first consider two types of DNN estimators, non-penalized and sparse-penalized DNN estimators,
and establish their generalization error bounds for general nonstationary time series. We then derive
minimax lower bounds for estimating mean functions belonging to a wide class of nonlinear autore-
gressive (AR) models that include nonlinear generalized additive AR, single index, and threshold
AR models. Building upon the results, we show that the sparse-penalized DNN estimator is adap-
tive and attains the minimax optimal rates up to a poly-logarithmic factor for many nonlinear
AR models. Through numerical simulations, we demonstrate the usefulness of the DNN methods
for estimating nonlinear AR models with intrinsic low-dimensional structures and discontinuous or
rough mean functions, which is consistent with our theory.

1. INTRODUCTION

Let (©,G,{Gt}+>0, P) be a filtered probability space. Consider the following nonparametric time
series regression model:

Y;ﬁ :m(Xt)+77(Xt)Ut, 1= 17"'7T7 (11)

where T > 3, (Y3, Xy) € R x RY, and {X;, v}/, is a sequence of random vectors adapted to
the filtration {G;}7 ;. We assume C, := SUPgepo,)¢ [1(z)| < oo. In this paper we investigate
nonparametric estimation of the mean function m on the compact set [0, 1]¢, that is, fy := mlg qja.

2. DEEP NEURAL NETWORKS

To estimate the mean function m of the model (1.1), we fit a deep neural network (DNN) with
a nonlinear activation function ¢ : R — R. The network architecture (L, p) consists of a positive
integer L called the number of hidden layers or depth and a width vector p = (po, . ..,pr41) € NET2,
A DNN with network architecture (L, p) is then any function of the form

f:RPO - RPLA1 g f(x) = Apyp1o00p0Apoop_10---0010 Aj(x), (2.1)

where Ay : RP¢-1 — RP¢ is an affine linear map defined by Ay(x) := Wyx + by for given py—1 X py
weight matrix W, and a shift vector by, € RP¢, and o, : RP¢ — RP¢ is an element-wise nonlinear
activation map defined as o4(z) := (0(21),...,0(2p,))’. We assume that the activation function o
is C-Lipschitz for some C' > 0, that is, there exists C' > 0 such that |o(z1) — o(z2)| < Clz1 — 22|
for any z1,z2 € R. Examples of C-Lipschitz activation functions include the rectified linear unit

D. Kurisu is partially supported by JSPS KAKENHI Grant Number 20K13468. Y. Koike is partially supported
by JST CREST Grant Number JPMJCR2115 and JSPS KAKENHI Grant Number 19K13668.
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(ReLU) activation function = — max{z,0} and the sigmoid activation function = — 1/(1 + e~ %).
For a neural network of the form (2.1), we define

e(f) = (VeC(Wl),7 ,17 s ,VQC(WL+1)/, blL—s—l),

where vec(W) transforms the matrix W into the corresponding vector by concatenating the column
vectors.

3. MAIN RESULTS

We establish

e generalization error bounds for non-penalized DNN and sparse-penalized DNN estimator,

e minimax lower bounds for estimating mean functions fy of a nonlinear AR model that
belong to (i) composition structured functions and (ii) /°-bounded affine class,

e minimax optimality of sparse-penalized DNN estimator over those two classes of mean
functions.

In addition to the theoretical results, we also conduct simulation studies to investigate the finite
sample performance of the DNN estimators and compare their performance with other estimators
(kernel ridge regression, k-nearest neighbors, and random forest). We find that the DNN methods
work well for the models with (i) intrinsic low-dimensional structures and (ii) discontinuous or
rough mean functions. These results are consistent with our main results.
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Statistical Inference for Local Granger Causality
Yan Liu, Masanobu Taniguchi, Hernando Ombao *

Abstract

Granger causality has been employed to investigate causality relations between components of
stationary multiple time series. We generalize this concept by developing statistical inference
for local Granger causality for multivariate locally stationary processes. Our proposed local
Granger causality approach captures time-evolving causality relationships in nonstationary pro-
cesses. The proposed local Granger causality is well represented in the frequency domain and
estimated based on the parametric time-varying spectral density matrix using the local Whittle
likelihood. Under regularity conditions, we demonstrate that the estimators converge to multi-
variate normal in distribution. Additionally, the test statistic for the local Granger causality is
shown to be asymptotically distributed as a quadratic form of a multivariate normal distribu-
tion. For practical demonstration, the proposed local Granger causality method uncovered new
functional connectivity relationships between channels in brain signals. Moreover, the method
was able to identify structural changes in financial data.

keywords: Brain signals, Local Granger causality, Local Whittle likelihood, Multivariate locally
stationary processes, Time-varying spectral density matrix, Topological data analysis

1. Local Granger Causality

Let X; 7 = (Xt[l%, . ,Xt[f)]T)T be a sequence of p-dimensional multivariate stochastic processes
o0
Xir= Y Aur(j)e, (L.1)
j=—o00

where the sequences {A; 7(j)} ez satisfy the regularity conditions. The process (1.1) is usually
referred to as the multivariate locally stationary process.
T T
Let m and M be two positive integers such that p = m+M. Suppose X; r = (Xt(lT) , Xt(? )T,
Xt(ljz e R™, Xt(QTZ € RM  has the time-varying spectral density matrix f(u, \) with the partition

Fu,Nar F(u,Na2) ~ 21

where A(u,\) = Z;’;_OO A(u,j)exp(ijN). Let X(u) be the one-step-ahead prediction error
covariance matrix based on the time-varying spectral density matrix f(u,A) with the same

partition.

Tthis work was supported by JSPS Grant-in-Aid for Scientific Research (C) 20K11719 (Liu, Y.) and JSPS
Grant-in-Aid for Scientific Research (S) 18H05290 (Taniguchi, M.)

flu, ) = (f(u,A)u f(u,)\)12> : iA(u,A)KA(u,—/\)T, u e [0,1],
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Let H(m,72) = @(Xt(lT), 1<t < Xt(zT), 1 <t < 7) be the closed linear subspace generated
by {Xt(lT), 1<t < Xt(2T), 1 <t < 7}, Especially, we use H(7y,0) and H(0,72) to express the
closed linear subspace generated by {Xt(’lT),t <mn}, {Xt(%)«7 t < 7o}, respectively. Introducing the

companion process

Y3 = X7 - BE(X7 | H(t.t - 1)),
we propose the local Granger causality measure from {Xt(%z} to {Xt(lq)w} as

GO (y) = Qi / FGC(u, \)d,
¥[8

—T

where

0 | f (u, M1 .
‘f(u, N1 — 2mg(u, N)122(u)35 g(u, )\)21‘

FGC(u, \) =1

T T
Here, g(u, ) is the time-varying spectral density matrix of the process {(Xt(lT) , Y;(? )T}, and

S (u) is an (M x M)-matrix
S(u)2z = B(u)az — B(w)o15(u) ;' S(u)r.
Regarding the local hypothesis H(g2_)1) : GOV () = 0, we use the following test statistic:
St(w) == 2T by GCE=Y (u; 67),
where @7 is the Whittle estimate. Then we have the following result.

Theorem 1.1. Under the null hypothesis Hé2_>1) : GC(QQI)(U) = 0, if assumptions in Liu
et. al. (2021) hold with b7." = o(T(InT)~°) and by = o(T /%), we have

Stu) £ N(0,V(u)) " H(uN (0, V(u)),
where N'(0,V(u)) and H(u) are defined in Liu et. al. (2021).
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FUOHBYR— MRAET TORENNAICED CERMROHEE

A fgAs 12
VRBR R B AHREEERE, 2 BALZEW e S ARE R S i et > & —

1. ZUBIC HA2BERPMIEADITENCE S 5 AR Y, TR E O B 3B TR
BRI T 572D ke UTHERKT A (stochastic interventions) 73 b, 4% < DFZEH
TN TWad. RN AT, RENLUEDEIMIZILZE IR L THERIIZREI NS &
KET 5. HlZIE, Diaz and van der Laan (2012) Tl, MEDEI A =KX L& UTH ARG
2REL, WEDKEE YT b S ETHERNIZLEEZEID (1) 5 E2RELTED, INETIC
WL OPDILRD R I NT NS, — i 70 KR HE G T-7% & [FARIZ, Diaz and van der Laan (2012)
DHETHMROBANCHEED7-2DIZIFEEEDRENEE L 5. LrL, HWRKNHATHED
ZAEXC A K E 2 R DB TIEZ DKL 2 RES B DIFFEBFENTH 5. £ I TAIMATIE
Sufficient Dimension Reduction (SDR) (23D \WCIEMEMEIZ KT 2 5:/F 2B U 72 € & 2 IR X
5.

2. 12 A% X c X CREMEBERIN, TeT 2UBLEE, YERETINALLL,
(X,T,Y) 35346 Py IZHt5 &35, &7z, MEZADGERBIHT—X (X, T,,Y) ~ Py (i=1,...,n)
PEONTWE LTS, /YN FTA M)y IEIRRET VX = fx(Ex), T = fr(X,Er), Y =
fy(T,X,Ey) IZBWT, WEZEBT E/ A6 Ps(g0)(T =t X) = go(t — 6(X)|X) 12> THA
MRESIND EIRETSH. TIT, §(X)IFNEDKEZL 7 FIEIEEZRL, g FED (WUE
AND) BFEANT=ZXL go(t| X) = P(T =t|X) KT, TADMGEZEALZELETOEET Y b
H LY (Py) DIIFHER]Y (Py)] KD H 235 A —XThHB. 08, NAICLOHELRLITT =1
IZEE S NG EDIBIET 7 M A LD, —MIRIBET Y ML Y (1) ITHIELTWS. 4 E
KA Y ()T | X, Vt € T BEO—BUEDRET =t =Y =Y () DL LT, XX D
HEER DG, BIRDH 587 A — RIIHERSAMG P OB U (P) 12 &Y

E[Y(P;)] =W¥(P) =Y > E(Y|T,X)Ps(g)(T|X)P(X) (1)
TeT XeX
DEIITRIND. BB, NTA—XOEEITEDDH Py 2T g = V(Ry) LRI N 5.
NI A—=Z (1) DHFEIZHEWT, Diaz and van der Laan (2012) TlX#fEREAL T (IPTW)
g, fLIRIPTW (AIPTW) #E&, B &0 targeted maximum likelihood estimator (TMLE)
PREINTWVDS. TNoDHEERDZ YV ZRIET 5 72D IFEEESREPBETH D, 2D
7= DITIFER WA@Y R — P& (Luo et al., 2017)

UX)=QX |T=t), teT

DBELRD, 12770, UAX)BEOQUX |T =t) ZZhZThRENEATD X OHD > 514,
T=tDEMTD X DY 5 2HE2RT. ZOFRMEIENEFHTOIER X ONMMNTERICE
RoTWBILZERLTWVWED, X WERILOLEXPRIHIE T — 2 TRAZ &IZZO5M4D
MEL INDGERY, TOWRNERET 200 HLVBENL . £IZT, REFETIEZSDR
EFHOWTEOFHOEAEDL LTI A=K (1) OHfEEETTS.

REFETIE, £TE&Le T TOBEBMEMBELEBUINT % Central Mean Subspace (CMS; Cook
and Li, 2002) Sgey ) x) 28T — X0 o€ T 2 BENDH S, — BTl BT — X0 o HEE
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ARERBET DA LY 1B 2 MEDFAKE L DENEFTD CMS Sfiy x gy & LD CMS
SIE(Y(t)|X) PFE U ThH BHIEER V. ZORBEIZH LT, BEFEDOKRE TIE, Luo et al. (2017)
@ Theorem 1 & [[AFRIZ, Zefbfh & ZHATEENE & —fRD T 12T 2 g9\ il o — b Sef:

OB/ X)=QB/X |T=t), teT

DHET, ZODCMSH—HT 2 LAWRIND. &oT, BT — X9 SHEERHEEZ CMS %,
BEAE RN T2 CMS ERA—FLUTHHT LI LN TE 5.

REFETIE, £T% e TITHT S CMS Spy()x) % minimum average variance estimator
(Xia et al., 2002) % FHWTHERE L, TOHERT ML S 2568475 B, 2H#E9 5. BARHIZ
1%, Luo et al. (2017) &FEERIZ, Hte TITHLT,

DY T = t){Y; — al(X;,By) — (X — X)) ' Biby(X ) Ky o) {BtT(Xi - Xj)} (2)

i=1 j=1
RRNZT S B, e RO 2skb b, 22T, Kp,() =hK(/h) BNV RIELZFDOR LD
7‘7_2\‘)1/55@(3?)5 (2) %%/J\L:TZD at(a:,Bt), bt(ac), Bt Ci&_\.f‘l‘%d\ 2%{%6:4: ’)"Cjk&bé Z
LOTED. HEEI N E B, L35,

Wz, #teTIZHLT, 77 b7 ADLMEN EHAHEERY|T, BLX) %

Wa(B) Y- 1(T: = 1) {¥i — aifw. B)) — (X —2) Bbi(w) } Ko {B] (X - 1)} (3)
=1

ERNIT B a)(x,B) 12 &> THERET . 7272 L, CMS DTS B, 123 LT Wy (By) =
[0 Knro{Bl (Xi— @)} L THB. &8, (3) 2WMNT 3 dj(z,B) BEUb(z) € RO 1,
B DRI A & R BEAN RN 2 BIEER L LTROBZENTES. d(x,B,) DO
ERE A (x,By) LT 5.

BRIz, BIkOHBNITA-X (1) %

1 & X -
- Z I(T; + 6(X3) € T)arysx,)(Xi, Bris(x,)) (4)
=1

IZX->THEET 5.

CMS DHEES LT 7 b 71 L DSERAA SHFRHEDHE IZB T 2 WL O DRED S & THEE R
(4) 1 F BB LW ERMEZREDO Z LAVREIND. Y Iab—Yavit kb, RioRvitEy
R— bRUEDVESIET, 7Y ML HER, BX0, LWELEEROBBRIFEGELTHLIHE
2, BBMFEOFEL D BRETFEVRWEE 2RO Z L PRI N .
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