BERNOULLI

Official Journal of the Bernoulli Society for Mathematical Statistics
and Probability

Volume Twenty Five Number Four Part B November 2019 ISSN: 1350-
7265

CONTENTS

MERLEVEDE, E., PELIGRAD, M. and UTEV, S. 3203
Functional CLT for martingale-like nonstationary dependent structures

VARVENNE, M. 3234
Rate of convergence to equilibrium for discrete-time stochastic dynamics with memory

BALABDAOUIL, F., DUROT, C. and JANKOWSKI, H. 3276
Least squares estimation in the monotone single index model

HONDA, T., ING, C.-K. and WU, W.-Y. 3311
Adaptively weighted group Lasso for semiparametric quantile regression models

ALETTI, G., CRIMALDI, I. and GHIGLIETTI, A. 3339
Networks of reinforced stochastic processes: Asymptotics for the empirical means

BUTLER, R.W. and WOOD, A.T.A. 3379
Limiting saddlepoint relative errors in large deviation regions under purely Tauberian
conditions

JIANG, W. and ZHANG, C.-H. 3400
Rate of divergence of the nonparametric likelihood ratio test for Gaussian mixtures

BLANCHARD, G. and ZADOROZHNYT, O. 3421

Concentration of weakly dependent Banach-valued sums and applications to statistical
learning methods

GREENSHTEIN, E., MANTZURA, A. and RITOV, Y. 3459
Nonparametric empirical Bayes improvement of shrinkage estimators with applications to
time series

MALLEIN, B. and RAMASSAMY, S. 3479
Two-sided infinite-bin models and analyticity for Barak—Erd&s graphs
PILAVAKIS, D., PAPARODITIS, E. and SAPATINAS, T. 3496

Moving block and tapered block bootstrap for functional time series with an application
to the K-sample mean problem

BERTAIL, P. and CLEMENCON, S. 3527
Bernstein-type exponential inequalities in survey sampling: Conditional Poisson sampling
schemes

(continued)

The papers published in Bernoulli are indexed or abstracted in Current Index to Statistics,
Mathematical Reviews, Statistical Theory and Method Abstracts-Zentralblatt (STMA-Z),
and Zentralblatt fiir Mathematik (also avalaible on the MATH via STN database and
Compact MATH CD-ROM). A list of forthcoming papers can be found online at http://www.
bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal-papers


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal-papers
http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal-papers

BERNOULLI

Official Journal of the Bernoulli Society for Mathematical Statistics
and Probability

Volume Twenty Five Number Four Part B November 2019 ISSN: 1350-
7265

CONTENTS

(continued)

BARTHELME, S., AMBLARD, P-O. and TREMBLAY, N. 3555
Asymptotic equivalence of fixed-size and varying-size determinantal point processes

HEINY, J. and MIKOSCH, T. 3590

The eigenstructure of the sample covariance matrices of high-dimensional stochastic
volatility models with heavy tails

PITMAN, J. and YAKUBOVICH, Y. 3623
Gaps and interleaving of point processes in sampling from a residual allocation model

LIN, S. 3652
Harmonic measure for biased random walk in a supercritical Galton—Watson tree

FRANCESCH]I, S. and RASCHEL, K. 3673
Integral expression for the stationary distribution of reflected Brownian motion in a wedge

GOUERE, J.-B. and THERET, M. 3714
Equivalence of some subcritical properties in continuum percolation

RAVNER, L., BOXMA, O. and MANDIJES, M. 3734
Estimating the input of a Lévy-driven queue by Poisson sampling of the workload process

COLLING, B. and VAN KEILEGOM, L. 3762
Estimation of fully nonparametric transformation models

SHIOZAWA, Y. and WANG, J. 3796

Long-time heat kernel estimates and upper rate functions of Brownian motion type for
symmetric jump processes

CHAKRABORTY, S. and KHARE, K. 3832
Consistent estimation of the spectrum of trace class Data Augmentation algorithms

KOKOSZKA, P, STOEYV, S. and XIONG, Q. 3864
Principal components analysis of regularly varying functions

KLOPP, O., LU, Y., TSYBAKOV, A.B. and ZHOU, H.H. 3883
Structured matrix estimation and completion

BERTAIL, P. and PORTIER, F. 3912

Rademacher complexity for Markov chains: Applications to kernel smoothing and
Metropolis—Hastings

BURDZY, K., KOLODZIEJEK, B. and TADIC, T. 3939
Inverse exponential decay: Stochastic fixed point equation and ARMA models
SAUMARD, A. 3978

Weighted Poincaré inequalities, concentration inequalities and tail bounds related to Stein
kernels in dimension one



BERNOUILLI Volume 25 Number 4B November 2019  Pages 3203-4006 ISI/BS



Volume 25 Number 4B  November 2019 ISSN 1350-7265



BERNOULLI

Official Journal of the Bernoulli Society for Mathematical Statistics and Probability

Aims and Scope

BERNOULLI is the journal of the Bernoulli Society for Mathematical Statistics and Probability, issued
four times per year. The journal provides a comprehensive account of important developments in the
fields of statistics and probability, offering an international forum for both theoretical and applied work.

Bernoulli Society for Mathematical Statistics and Probability

The Bernoulli Society was founded in 1973. It is an autonomous Association of the International Sta-
tistical Institute, ISI. According to its statutes, the object of the Bernoulli Society is the advancement,
through international contacts, of the sciences of probability (including the theory of stochastic pro-
cesses) and mathematical statistics and of their applications to all those aspects of human endeavour
which are directed towards the increase of natural knowledge and the welfare of mankind.

Meetings: http://www.bernoulli-society.org/index.php/meetings

The Society holds a World Congress every four years; more frequent meetings, coordinated by the So-
ciety’s standing committees and often organised in collaboration with other organisations, are the Eu-
ropean Meeting of Statisticians, the Conference on Stochastic Processes and their Applications, the
CLAPEM meeting (Latin-American Congress on Probability and Mathematical Statistics), the Euro-
pean Young Statisticians Meeting, and various meetings on special topics — in the physical sciences in
particular. The Society, as an association of the ISI, also collaborates with other ISI associations in the
organization of the biennial IST World Statistics Congresses (formerly ISI Sessions).

Executive Committee

The Society is headed by an Executive Committee. As of December 2018 the Executive Committee con-
sists of: President: Susan Murphy (USA); President Elect: Claudia Kliippelberg (Germany); Past Presi-
dent: Sara van de Geer (Switzerland); Treasurer: Lynne Billard (USA); Scientific Secretary: Byeong U.
Park (South Korea); Membership Secretary: Leonardo Rolla (Argentina); Past Membership Secretary:
Mark Podolskij (Denmark); Publication Secretary: Herold Dehling (Germany); ISI Director: Ada van
Krimpen (Netherlands). Further, the Society has a twelve member Council and a number of standing
committees to carry out the tasks outlined above. Final authority is the general assembly of members of
the Society, meeting at least biennially at the ISI World Statistics Congresses.

The papers published in Bernoulli are indexed or abstracted in Current Index to Statistics, Math-
ematical Reviews, Statistical Theory and Method Abstracts-Zentralblatt (STMA-Z), Thomson Sci-
entific and Zentralblatt fiir Mathematik (also available on the MATH via STN database and Com-
pact MATH CD-ROM). A list of forthcoming papers can be found online at http://www.bernoulli-
society.org/index.php/publications/bernoulli-journal/bernoulli-journal-papers

©2019 International Statistical Institute/Bernoulli Society

All rights reserved. No part of this publication may be reproduced, stored in a retrieval system, or
transmitted in any form or by any means, electronic, mechanical, photocopying, recording or otherwise
without the prior written permission of the Publisher.

In 2019 Bernoulli consists of 4 issues published in February, May, August and November.

Bernoulli Society

5 for Mathematical Statistics
and Probability



http://www.bernoulli-society.org/index.php/meetings
http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal-papers
http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal-papers

Bernoulli 25(4B), 2019, 3203-3233
https://doi.org/10.3150/18-BEJ1088

Functional CLT for martingale-like
nonstationary dependent structures
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In this paper, we develop non-stationary martingale techniques for dependent data. We shall stress the
non-stationary version of the projective Maxwell-Woodroofe condition, which will be essential for obtain-
ing maximal inequalities and functional central limit theorem for the following examples: nonstationary
p-mixing sequences, functions of linear processes with non-stationary innovations, locally stationary pro-
cesses, quenched version of the functional central limit theorem for a stationary sequence, evolutions in
random media such as a process sampled by a shifted Markov chain.

Keywords: p-mixing arrays; dependent structures; functional central limit theorem; non-stationary
triangular arrays; projective criteria
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Rate of convergence to equilibrium for
discrete-time stochastic dynamics
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The main objective of the paper is to study the long-time behavior of general discrete dynamics driven
by an ergodic stationary Gaussian noise. In our main result, we prove existence and uniqueness of the
invariant distribution and exhibit some upper-bounds on the rate of convergence to equilibrium in terms
of the asymptotic behavior of the covariance function of the Gaussian noise (or equivalently to its moving
average representation). Then, we apply our general results to fractional dynamics (including the Euler
Scheme associated to fractional driven Stochastic Differential Equations). When the Hurst parameter H
belongs to (0, 1/2) we retrieve, with a slightly more explicit approach due to the discrete-time setting, the
rate exhibited by Hairer in a continuous time setting (Ann. Probab. 33 (2005) 703-758). In this fractional
setting, we also emphasize the significant dependence of the rate of convergence to equilibrium on the local
behaviour of the covariance function of the Gaussian noise.

Keywords: discrete stochastic dynamics; Lyapunov function; rate of convergence to equilibrium; stationary
Gaussian noise; Toeplitz operator; total variation distance
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We study the monotone single index model where a real response variable Y is linked to a d-dimensional
covariate X through the relationship E[Y|X] = ¥ (ozg X), almost surely. Both the ridge function, ¥, and
the index parameter, o, are unknown and the ridge function is assumed to be monotone. Under some
appropriate conditions, we show that the rate of convergence in the Ly-norm for the least squares estimator
of the bundled function W (ag -yis nl/3. A similar result is established for the isolated ridge function, and

the index is shown to converge at least at the rate n!/3. Since the least squares estimator of the index is
computationally intensive, we also consider alternative estimators of the index o from earlier literature.
Moreover, we show that if the rate of convergence of such an alternative estimator is at least n l/ 3, then the
corresponding least-squares type estimators (obtained via a “plug-in” approach) of both the bundled and
isolated ridge functions still converge at the rate n!/ 3,

Keywords: least squares; maximum likelihood; monotone; semi-parametric; shape-constraints;
single-index model
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We propose an adaptively weighted group Lasso procedure for simultaneous variable selection and struc-
ture identification for varying coefficient quantile regression models and additive quantile regression models
with ultra-high dimensional covariates. Under a strong sparsity condition, we establish selection consistency
of the proposed Lasso procedure when the weights therein satisfy a set of general conditions. This consis-
tency result, however, is reliant on a suitable choice of the tuning parameter for the Lasso penalty, which
can be hard to make in practice. To alleviate this difficulty, we suggest a BIC-type criterion, which we
call high-dimensional information criterion (HDIC), and show that the proposed Lasso procedure with the
tuning parameter determined by HDIC still achieves selection consistency. Our simulation studies support
strongly our theoretical findings.

Keywords: additive models; B-spline; high-dimensional information criteria; Lasso; structure
identification; varying coefficient models
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This work deals with systems of interacting reinforced stochastic processes, where each process X/ =
(Xn, j)n is located at a vertex j of a finite weighted direct graph, and it can be interpreted as the sequence
of “actions” adopted by an agent j of the network. The interaction among the evolving dynamics of these
processes depends on the weighted adjacency matrix W associated to the underlying graph: indeed, the
probability that an agent j chooses a certain action depends on its personal “inclination” Z, ; and on the
inclinations Z,, 5, with i # j, of the other agents according to the elements of W.

Asymptotic results for the stochastic processes of the personal inclinations zZi = (Zy,j)n have been
subject of studies in recent papers (e.g., Aletti, Crimaldi and Ghiglietti [Ann. Appl. Probab. 27 (2017) 3787
3844], Crimaldi et al. [Synchronization and functional central limit theorems for interacting reinforced
random walks (2019)]); while the asymptotic behavior of quantities based on the stochastic processes X J
of the actions has never been studied yet. In this paper, we fill this gap by characterizing the asymptotic
behavior of the empirical means Ny ; = Zzzl Xk, j/n, proving their almost sure synchronization and some
central limit theorems in the sense of stable convergence. Moreover, we discuss some statistical applications
of these convergence results concerning confidence intervals for the random limit toward which all the
processes of the system almost surely converge and tools to make inference on the matrix W.

Keywords: asymptotic normality; complex networks; interacting systems; reinforced stochastic processes;
synchronization; urn models
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Most theoretical results on the relative errors of saddlepoint approximations in the extreme tails have in-
volved placing conditions on the density/mass function. Checking the validity of such conditions is prob-
lematic when density/mass functions are intractable, as is typically the case in important practical appli-
cations involving convolved, compound, and first-passage distributions as well as for moment generating
functions MGFs that are regularly varying. In this paper, we present novel conditions which ensure the
existence of positive finite limiting relative errors for saddlepoint density/mass function and survival func-
tion approximations. These conditions, which are rather weak, are expressed entirely in terms of the MGF,
hence the description purely Tauberian. We focus mainly on the cases in which there are positive and neg-
ative gamma distributional limits (the only other non-degenerate possibility being a Gaussian limit) and we
show how to check the new conditions in important classes of models in these two settings.

Keywords: compound distribution; first-passage distribution; regular variation; saddlepoint approximation;
Tauberian arguments
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We study a nonparametric likelihood ratio test (NPLRT) for Gaussian mixtures. It is based on the nonpara-
metric maximum likelihood estimator in the context of demixing. The test concerns if a random sample
is from the standard normal distribution. We consider mixing distributions of unbounded support for al-
ternative hypothesis. We prove that the divergence rate of the NPLRT under the null is bounded by logn,
provided that the support range of the mixing distribution increases no faster than (logn/log 912 we
prove that the rate of 4/logn is a lower bound for the divergence rate if the support range increases no
slower than the order of /logn. Implications of the upper bound for the rate of divergence are discussed.

Keywords: Gaussian mixtures; Hermite polynomials; likelihood ratio test; rate of divergence;
two-component mixtures
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We obtain a Bernstein-type inequality for sums of Banach-valued random variables satisfying a weak de-
pendence assumption of general type and under certain smoothness assumptions of the underlying Banach
norm. We use this inequality in order to investigate in the asymptotical regime the error upper bounds for
the broad family of spectral regularization methods for reproducing kernel decision rules, when trained on
a sample coming from a tT-mixing process.
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We consider the problem of estimating a vector 4 = (i1, ..., 4y) under a squared loss, based on inde-
pendent observations ¥; ~ N(u;, 1),i =1, ..., n, and possibly extra structural assumptions. We argue that
many estimators are asymptotically equal to i; = aji; + (1 —@)Y; + & = f; + (1 — o) (Y; — ;) + &,
where « € [0, 1] and ji; may depend on the data, but is not a function of ¥;, and ) 51.2 =op(n).

We consider the optimal estimator of the form f; + g(Y; — f1;) for a general, possibly random, function
g, and approximate it using nonparametric empirical Bayes ideas and techniques. We consider both the
retrospective and the sequential estimation problems. We elaborate and demonstrate our results on the case
where [i; are Kalman filter estimators. Simulations and a real data analysis are also provided.
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In this article, we prove that for any probability distribution 1 on N one can construct a two-sided stationary
version of the infinite-bin model — an interacting particle system introduced by Foss and Konstantopoulos
— with move distribution w. Using this result, we obtain a new formula for the speed of the front of infinite-
bin models, as a series of positive terms. This implies that the growth rate C(p) of the longest path in a
Barak-Erd6s graph of parameter p is analytic on (0, 1].

Keywords: Barak—-Erd@s graphs; infinite-bin model; interacting particle systems; longest path; random
graphs; two-sided Markov chains
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Moving block and tapered block bootstrap
for functional time series with an application
to the K-sample mean problem
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We consider infinite-dimensional Hilbert space-valued random variables that are assumed to be temporal
dependent in a broad sense. We prove a central limit theorem for the moving block bootstrap and for the
tapered block bootstrap, and show that these block bootstrap procedures also provide consistent estimators
of the long run covariance operator. Furthermore, we consider block bootstrap-based procedures for fully
functional testing of the equality of mean functions between several independent functional time series. We
establish validity of the block bootstrap methods in approximating the distribution of the statistic of interest
under the null and show consistency of the block bootstrap-based tests under the alternative. The finite
sample behaviour of the procedures is investigated by means of simulations. An application to a real-life
dataset is also discussed.

Keywords: functional time series; K -sample mean problem; mean function; moving block bootstrap;
spectral density operator; tapered block bootstrap
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This paper is devoted to establishing exponential bounds for the probabilities of deviation of a sample sum
from its expectation, when the variables involved in the summation are obtained by sampling in a finite
population according to a rejective scheme, generalizing simple random sampling without replacement,
and by using an appropriate normalization. In contrast to Poisson sampling, classical deviation inequalities
in the i.i.d. setting do not straightforwardly apply to sample sums related to rejective schemes, due to the
inherent dependence structure of the sampled points. We show here how to overcome this difficulty, by
combining the formulation of rejective sampling as Poisson sampling conditioned upon the sample size
with the Esscher transformation. In particular, the Bennett/Bernstein type bounds thus established highlight
the effect of the asymptotic variance of the (properly standardized) sample weighted sum and are shown to
be much more accurate than those based on the negative association property shared by the terms involved in
the summation. Beyond its interest in itself, such a result for rejective sampling is crucial, insofar as it permit
to obtain tail bounds for many other sampling schemes, namely those that can be accurately approximated
by rejective plans in the sense of the total variation distance.

Keywords: coupling; Esscher transformation; exponential inequality; Poisson survey scheme; rejective
sampling; survey sampling
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Determinantal Point Processes (DPPs) are popular models for point processes with repulsion. They appear
in numerous contexts, from physics to graph theory, and display appealing theoretical properties. On the
more practical side of things, since DPPs tend to select sets of points that are some distance apart (repulsion),
they have been advocated as a way of producing random subsets with high diversity. DPPs come in two
variants: fixed-size and varying-size. A sample from a varying-size DPP is a subset of random cardinality,
while in fixed-size “k-DPPs” the cardinality is fixed. The latter makes more sense in many applications,
but unfortunately their computational properties are less attractive, since, among other things, inclusion
probabilities are harder to compute. In this work, we show that as the size of the ground set grows, k-
DPPs and DPPs become equivalent, in the sense that fixed-order inclusion probabilities converge. As a
by-product, we obtain saddlepoint formulas for inclusion probabilities in k-DPPs. These turn out to be
extremely accurate, and suffer less from numerical difficulties than exact methods do. Our results also
suggest that k-DPPs and DPPs also have equivalent maximum likelihood estimators. Finally, we obtain
results on asymptotic approximations of elementary symmetric polynomials which may be of independent
interest.

Keywords: determinantal point processes; point processes; saddlepoint approximation
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We consider a p-dimensional time series where the dimension p increases with the sample size n. The re-
sulting data matrix X follows a stochastic volatility model: each entry consists of a positive random volatility
term multiplied by an independent noise term. The volatility multipliers introduce dependence in each row
and across the rows. We study the asymptotic behavior of the eigenvalues and eigenvectors of the sample
covariance matrix XX’ under a regular variation assumption on the noise. In particular, we prove Poisson
convergence for the point process of the centered and normalized eigenvalues and derive limit theory for
functionals acting on them, such as the trace. We prove related results for stochastic volatility models with
additional linear dependence structure and for stochastic volatility models where the time-varying volatil-
ity terms are extinguished with high probability when n increases. We provide explicit approximations of
the eigenvectors which are of a strikingly simple structure. The main tools for proving these results are
large deviation theorems for heavy-tailed time series, advocating a unified approach to the study of the
eigenstructure of heavy-tailed random matrices.

Keywords: cluster Poisson limit; convergence; dependent entries; Fréchet distribution; infinite variance
stable limit; large deviations; largest eigenvalues; point process; regular variation; sample autocovariance
matrix; trace
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Gaps and interleaving of point processes in
sampling from a residual allocation model
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This article presents a limit theorem for the gaps 6 in = Xn—i+1:n — Xp—i:n between order statistics
X1 <+ < Xy of a sample of size n from a random discrete distribution on the positive 1ntegers

(Py, Py, ...) governed by a residual allocation model (also called a Bernoulli sieve) P; := H; ]_[ i1 (1
H;) for a sequence of independent random hazard variables H; which are identically dlstrlbuted accordlng
to some distribution of H € (0, 1) such that —log(1 — H) has a non-lattice distribution with finite mean
Mlog- As n — oo the finite dimensional distributions of the gaps 6, ., converge to those of limiting gaps G;
which are the numbers of points in a stationary renewal process with i.i.d. spacings —log(1 — H;) between
times 7;_; and T; of births in a Yule process, thatis T; := ) k=1 £k / k for a sequence of i.i.d. exponentlal

variables & with mean 1. A consequence is that the mean of Gl;n converges to the mean of G;, which
is 1/(i10g)- This limit theorem simplifies and extends a result of Gnedin, Iksanov and Roesler for the
Bernoulli sieve.

Keywords: GEM distribution; interleaving of simple point processes; residual allocation model; stars and
bars duality; stationary renewal process; Yule process
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Harmonic measure for biased random walk in
a supercritical Galton—Watson tree
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We consider random walks A-biased towards the root on a Galton—Watson tree, whose offspring distribution
(Pk)k>1 1s non-degenerate and has finite mean m > 1. In the transient regime 0 < A < m, the loop-erased
trajectory of the biased random walk defines the A-harmonic ray, whose law is the A-harmonic measure on
the boundary of the Galton—Watson tree. We answer a question of Lyons, Pemantle and Peres (In Classical
and Modern Branching Processes (Minneapolis, MN, 1994) (1997) 223-237 Springer) by showing that
the A-harmonic measure has a.s. strictly larger Hausdorff dimension than the visibility measure, which is
the harmonic measure corresponding to the simple forward random walk. We also prove that the average
number of children of the vertices along the A-harmonic ray is a.s. bounded below by m and bounded above
by m~! 3 k2 Dk- Moreover, at least for 0 < A < 1, the average number of children of the vertices along the
A-harmonic ray is a.s. strictly larger than that of the A-biased random walk trajectory. We observe that the
latter is not monotone in the bias parameter A.

Keywords: Galton—Watson tree; harmonic measure; random walk; stationary measure

References

[1] Aidékon, E. (2014). Speed of the biased random walk on a Galton—Watson tree. Probab. Theory
Related Fields 159 597-617. MR3230003

[2] Ben Arous, G., Hu, Y., Olla, S. and Zeitouni, O. (2013). Einstein relation for biased random walk on
Galton—Watson trees. Ann. Inst. Henri Poincaré Probab. Stat. 49 698-721. MR3112431

[3] Ben-Hamou, A. and Salez, J. (2017). Cutoft for nonbacktracking random walks on sparse random
graphs. Ann. Probab. 45 1752-1770. MR3650414

[4] Berestycki, N., Lubetzky, E., Peres, Y. and Sly, A. (2018). Random walks on the random graph. Ann.
Probab. 46 456-490. MR3758735

[5] Lyons, R. (1990). Random walks and percolation on trees. Ann. Probab. 18 931-958. MR1062053

[6] Lyons, R., Pemantle, R. and Peres, Y. (1995). Ergodic theory on Galton—Watson trees: Speed of
random walk and dimension of harmonic measure. Ergodic Theory Dynam. Systems 15 593-619.
MR1336708

[7] Lyons, R., Pemantle, R. and Peres, Y. (1996). Biased random walks on Galton—Watson trees. Probab.
Theory Related Fields 106 249-264. MR1410689

[8] Lyons, R., Pemantle, R. and Peres, Y. (1997). Unsolved problems concerning random walks on trees.
In Classical and Modern Branching Processes (Minneapolis, MN, 1994). IMA Vol. Math. Appl. 84
223-237. New York: Springer. MR1601753

[9] Lyons, R. and Peres, Y. (2016). Probability on Trees and Networks. Cambridge Series in Statistical
and Probabilistic Mathematics 42. New York: Cambridge Univ. Press. MR3616205

1350-7265 © 2019 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/19-BEJ1106
mailto:shen.lin@sorbonne-universite.fr
http://www.ams.org/mathscinet-getitem?mr=3230003
http://www.ams.org/mathscinet-getitem?mr=3112431
http://www.ams.org/mathscinet-getitem?mr=3650414
http://www.ams.org/mathscinet-getitem?mr=3758735
http://www.ams.org/mathscinet-getitem?mr=1062053
http://www.ams.org/mathscinet-getitem?mr=1336708
http://www.ams.org/mathscinet-getitem?mr=1410689
http://www.ams.org/mathscinet-getitem?mr=1601753
http://www.ams.org/mathscinet-getitem?mr=3616205

[10] Rousselin, P. (2018). Invariant measures, Hausdorff dimension and dimension drop of some harmonic
measures on Galton—Watson trees. Electron. J. Probab. 23 Paper No. 46, 31. MR3814240
[11] Virdg, B. (2000). On the speed of random walks on graphs. Ann. Probab. 28 379-394. MR1756009


http://www.ams.org/mathscinet-getitem?mr=3814240
http://www.ams.org/mathscinet-getitem?mr=1756009

Bernoulli 25(4B), 2019, 3673-3713
https://doi.org/10.3150/19-BEJ1107

Integral expression for the stationary
distribution of reflected Brownian
motion in a wedge
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For Brownian motion in a (two-dimensional) wedge with negative drift and oblique reflection on the axes,
we derive an explicit formula for the Laplace transform of its stationary distribution (when it exists), in
terms of Cauchy integrals and generalized Chebyshev polynomials. To that purpose, we solve a Carleman-
type boundary value problem on a hyperbola, satisfied by the Laplace transforms of the boundary stationary
distribution.

Keywords: boundary value problem with shift; Carleman-type boundary value problem; conformal
mapping; Laplace transform; reflected Brownian motion in a wedge; stationary distribution
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Equivalence of some subcritical properties in
continuum percolation
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We consider the Boolean model on RY. We prove some equivalences between subcritical percolation prop-
erties. Let us introduce some notations to state one of these equivalences. Let C denote the connected
component of the origin in the Boolean model. Let |C| denotes its volume. Let £ denote the maximal length
of a chain of random balls from the origin. Under optimal integrability conditions on the radii, we prove
that E(|C|) is finite if and only if there exists A, B > 0 such that P(¢ > n) < Ae B" foralln > 1.

Keywords: Boolean model; continuum percolation; critical point
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Estimating the input of a Lévy-driven queue
by Poisson sampling of the workload process
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This paper aims at semi-parametrically estimating the input process to a Lévy-driven queue by sampling
the workload process at Poisson times. We construct a method-of-moments based estimator for the Lévy
process’ characteristic exponent. This method exploits the known distribution of the workload sampled
at an exponential time, thus taking into account the dependence between subsequent samples. Verifiable
conditions for consistency and asymptotic normality are provided, along with explicit expressions for the
asymptotic variance. The method requires an intermediate estimation step of estimating a constant (related
to both the input distribution and the sampling rate); this constant also features in the asymptotic analysis.
For subordinator Lévy input, a partial MLE is constructed for the intermediate step and we show that it
satisfies the consistency and asymptotic normality conditions. For general spectrally-positive Lévy input a
biased estimator is proposed that only uses workload observations above some threshold; the bias can be
made arbitrarily small by appropriately choosing the threshold.

Keywords: Lévy-driven queue; nonparametric estimation; Poisson probing; transient queueing; queue
input estimation
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Estimation of fully nonparametric
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Consider the following nonparametric transformation model A (Y) = m(X)+¢, where X is a d-dimensional
covariate, Y is a continuous univariate dependent variable and ¢ is an error term with zero mean and which
is independent of X. We assume that the unknown transformation A is strictly increasing and that m is an
unknown regression function. Our goal is to develop two new nonparametric estimators of the transforma-
tion A, the first one based on the least squares loss and the second one based on the least absolute deviation
loss, and to compare their performance with that of the estimators developed by Chiappori, Komunjer and
Kristensen (J. Econometrics 188 (2015) 22-39). Our proposed estimators are based on an estimator of the
conditional distribution of U given X, where U is an appropriate transformation of Y that is uniformly
distributed. The main motivation for working with U instead of Y is that, in transformation models, the
response Y is often skewed with very long tails, and so kernel smoothing based on Y does not work well.
Hence, we expect to obtain better estimators if we pre-transform Y before applying kernel smoothing. We
establish the asymptotic normality of the two proposed estimators. We also carry out a simulation study to
illustrate the performance of our estimators, to compare these new estimators with the ones of Chiappori,
Komunjer and Kristensen (J. Econometrics 188 (2015) 22-39) and to see under which model conditions
which estimators behave the best.

Keywords: asymptotic properties; identification; kernel smoothing; nonparametric regression;
nonparametric transformation
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Let X be a symmetric jump process on R such that the corresponding jumping kernel J (x, y) satisfies
¢

J(x,y) <
Y Sy 2 l0g e (e + [x — y))

for all x,y € R with |[x — y] > 1 and some constants ¢, & > 0. Under additional mild assumptions on
J(x,y) for |x — y| < 1, we show that C/rloglogr with some constant C > 0 is an upper rate function of
the process X, which enjoys the same form as that for Brownian motions. The approach is based on heat
kernel estimates of large time for the process X. As a by-product, we also obtain two-sided heat kernel
estimates of large time for symmetric jump processes whose jumping kernels are comparable to

1
lx — y|d+2+s

forallx,y e R4 with |x — y| > 1 and some constant € > 0.
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Markov chain Monte Carlo is widely used in a variety of scientific applications to generate approximate
samples from intractable distributions. A thorough understanding of the convergence and mixing properties
of these Markov chains can be obtained by studying the spectrum of the associated Markov operator. While
several methods to bound/estimate the second largest eigenvalue are available in the literature, very few
general techniques for consistent estimation of the entire spectrum have been proposed. Existing methods
for this purpose require the Markov transition density to be available in closed form, which is often not
true in practice, especially in modern statistical applications. In this paper, we propose a novel method to
consistently estimate the entire spectrum of a general class of Markov chains arising from a popular and
widely used statistical approach known as Data Augmentation. The transition densities of these Markov
chains can often only be expressed as intractable integrals. We illustrate the applicability of our method
using real and simulated data.

Keywords: Data Augmentation algorithms; eigenvalues of Markov operators; MCMC convergence; trace
class Markov operators

References

[1

—

Adamczak, R. and Bednorz, W. (2015). Some remarks on MCMC estimation of spectra of integral
operators. Bernoulli 21 2073-2092. MR3378459
[2] Albert, J.H. and Chib, S. (1993). Bayesian analysis of binary and polychotomous response data.
J. Amer. Statist. Assoc. 88 669-679. MR1224394
[3] Asmussen, S. and Glynn, PW. (2011). A new proof of convergence of MCMC via the ergodic theorem.
Statist. Probab. Lett. 81 1482—1485. MR2818658
Athreya, K.B. and Atuncar, G.S. (1998). Kernel estimation for real-valued Markov chains. Sankhya,
Ser. A 60 1-17. MR1714774
[5] Bennett, C.H. (1976). Efficient estimation of free energy differences from Monte Carlo data. J. Com-
put. Phys. 22 245-268. MR0471852
[6] Canty, A. and Ripley, B.D. (2017). boot: Bootstrap R (S-Plus) Functions. R package version 1.3-19.
[7] Chakraborty, S. and Khare, K. (2017). Convergence properties of Gibbs samplers for Bayesian probit
regression with proper priors. Electron. J. Stat. 11 177-210. MR3604022
[8] Chakraborty, S. and Khare, K. (2019). Supplement to “Consistent estimation of the spectrum of trace
class data augmentation algorithms.” DOI:10.3150/19-BEJ1112SUPP.
[9] Choi, H.M. and Hobert, J.P. (2013). The Polya-gamma Gibbs sampler for Bayesian logistic regression
is uniformly ergodic. Electron. J. Stat. 7 2054-2064. MR3091616
[10] Choi, H.M. and Romén, J.C. (2017). Analysis of Polya-Gamma Gibbs sampler for Bayesian logistic
analysis of variance. Electron. J. Stat. 11 326-337. MR3606773

[4

—

1350-7265 © 2019 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/19-BEJ1112
mailto:c7rishi@ufl.edu
mailto:kdkhare@stat.ufl.edu
http://www.ams.org/mathscinet-getitem?mr=3378459
http://www.ams.org/mathscinet-getitem?mr=1224394
http://www.ams.org/mathscinet-getitem?mr=2818658
http://www.ams.org/mathscinet-getitem?mr=1714774
http://www.ams.org/mathscinet-getitem?mr=0471852
http://www.ams.org/mathscinet-getitem?mr=3604022
https://doi.org/10.3150/19-BEJ1112SUPP
http://www.ams.org/mathscinet-getitem?mr=3091616
http://www.ams.org/mathscinet-getitem?mr=3606773

[11]
[12]
[13]
[14]
[15]
[16]

[17]
(18]

(19]
(20]
[21]

[22]

(23]
(24]
[25]
[26]
(27]
(28]
[29]
(30]
(31]
(32]
(33]

(34]

Conway, J.B. (1990). A Course in Functional Analysis, 2nd ed. Graduate Texts in Mathematics 96.
New York: Springer. MR1070713

Davison, A.C. and Hinkley, D.V. (1997). Bootstrap Methods and Their Application. Cambridge Series
in Statistical and Probabilistic Mathematics 1. Cambridge: Cambridge Univ. Press. MR1478673
Diaconis, P., Khare, K. and Saloff-Coste, L. (2008). Gibbs sampling, exponential families and orthog-
onal polynomials. Statist. Sci. 23 151-178. MR2446500

Diaconis, P. and Saloft-Coste, L. (1993). Comparison techniques for random walk on finite groups.
Ann. Probab. 21 2131-2156. MR1245303

Diaconis, P. and Saloff-Coste, L. (1996). Nash inequalities for finite Markov chains. J. Theoret.
Probab. 9 459-510. MR1385408

Diaconis, P. and Stroock, D. (1991). Geometric bounds for eigenvalues of Markov chains. Ann. Appl.
Probab. 1 36-61. MR1097463

Eddelbuettel, D. (2013). Seamless R and C++ Integration with Rcpp. New York: Springer.

Frangois, O. (2000). Geometric inequalities for the eigenvalues of concentrated Markov chains.
J. Appl. Probab. 37 15-28. MR1761658

Frithwirth-Schnatter, S. (2001). Markov chain Monte Carlo estimation of classical and dynamic
switching and mixture models. J. Amer. Statist. Assoc. 96 194-209. MR1952732

Garren, S.T. and Smith, R.L. (2000). Estimating the second largest eigenvalue of a Markov transition
matrix. Bernoulli 6 215-242. MR1748720

Hobert, J. P, Jung, Y. J., Khare, K. and Qin, Q. (2015). Convergence analysis of the Data Augmenta-
tion algorithm for Bayesian linear regression with non-Gaussian errors. ArXiv e-prints.

Hobert, J.P.,, Roy, V. and Robert, C.P. (2011). Improving the convergence properties of the data aug-
mentation algorithm with an application to Bayesian mixture modeling. Statist. Sci. 26 332-351.
MR2918006

Hoffman, A.J. and Wielandt, H.W. (1953). The variation of the spectrum of a normal matrix. Duke
Math. J. 20 37-39. MR0052379

Jones, G.L. and Hobert, J.P. (2001). Honest exploration of intractable probability distributions via
Markov chain Monte Carlo. Statist. Sci. 16 312-334. MR1888447

Jorgens, K. (1982). Linear Integral Operators. Surveys and Reference Works in Mathematics 7.
Boston, MA-London: Pitman. MR0647629

Khare, K. and Hobert, J.P. (2011). A spectral analytic comparison of trace-class data augmentation
algorithms and their sandwich variants. Ann. Statist. 39 2585-2606. MR2906879

Khare, K. and Zhou, H. (2009). Rates of convergence of some multivariate Markov chains with poly-
nomial eigenfunctions. Ann. Appl. Probab. 19 737-777. MR2521887

Koltchinskii, V. and Giné, E. (2000). Random matrix approximation of spectra of integral operators.
Bernoulli 6 113-167. MR1781185

Lawler, G.F. and Sokal, A.D. (1988). Bounds on the L? spectrum for Markov chains and Markov pro-
cesses: A generalization of Cheeger’s inequality. Trans. Amer. Math. Soc. 309 557-580. MR0930082
Liu, J.S., Wong, W.H. and Kong, A. (1994). Covariance structure of the Gibbs sampler with applica-
tions to the comparisons of estimators and augmentation schemes. Biometrika 81 27-40. MR1279653
Meng, X.-L. and Wong, W.H. (1996). Simulating ratios of normalizing constants via a simple identity:
A theoretical exploration. Statist. Sinica 6 831-860. MR 1422406

Pal, S., Khare, K. and Hobert, J.P. (2017). Trace class Markov chains for Bayesian inference with
generalized double Pareto shrinkage priors. Scand. J. Stat. 44 307-323. MR3658516

Polson, N.G., Scott, J.G. and Windle, J. (2013). Bayesian inference for logistic models using Pé6lya-
Gamma latent variables. J. Amer. Statist. Assoc. 108 1339-1349. MR3174712

Qin, Q. and Hobert, J.P. (2018). Trace-class Monte Carlo Markov chains for Bayesian multivariate
linear regression with non-Gaussian errors. J. Multivariate Anal. 166 335-345. MR3799651


http://www.ams.org/mathscinet-getitem?mr=1070713
http://www.ams.org/mathscinet-getitem?mr=1478673
http://www.ams.org/mathscinet-getitem?mr=2446500
http://www.ams.org/mathscinet-getitem?mr=1245303
http://www.ams.org/mathscinet-getitem?mr=1385408
http://www.ams.org/mathscinet-getitem?mr=1097463
http://www.ams.org/mathscinet-getitem?mr=1761658
http://www.ams.org/mathscinet-getitem?mr=1952732
http://www.ams.org/mathscinet-getitem?mr=1748720
http://www.ams.org/mathscinet-getitem?mr=2918006
http://www.ams.org/mathscinet-getitem?mr=0052379
http://www.ams.org/mathscinet-getitem?mr=1888447
http://www.ams.org/mathscinet-getitem?mr=0647629
http://www.ams.org/mathscinet-getitem?mr=2906879
http://www.ams.org/mathscinet-getitem?mr=2521887
http://www.ams.org/mathscinet-getitem?mr=1781185
http://www.ams.org/mathscinet-getitem?mr=0930082
http://www.ams.org/mathscinet-getitem?mr=1279653
http://www.ams.org/mathscinet-getitem?mr=1422406
http://www.ams.org/mathscinet-getitem?mr=3658516
http://www.ams.org/mathscinet-getitem?mr=3174712
http://www.ams.org/mathscinet-getitem?mr=3799651

[35]
[36]
(37]
(38]
[39]
[40]
[41]
[42]
[43]
(44]

[45]
[46]

Qin, Q., Hobert, J.P. and Khare, K. (2017). Estimating the spectral gap of a trace-class Markov oper-
ator. Preprint. Available at arXiv:1704.00850.

R Core Team (2015). R: A Language and Environment for Statistical Computing. Vienna, Austria: R
Foundation for Statistical Computing.

Raftery, A.E. and Lewis, S. (1992). How many iterations in the Gibbs sampler. Bayesian Stat. 4 763—
773.

Rajaratnam, B., Sparks, D., Khare, K. and Zhang, L. (2017). Scalable Bayesian shrinkage and uncer-
tainty quantification in high-dimensional regression. ArXiv e-prints.

Retherford, J.R. (1993). Hilbert Space: Compact Operators and the Trace Theorem. London Mathe-
matical Society Student Texts 27. Cambridge: Cambridge Univ. Press. MR1237405

Rosenthal, J.S. (1995). Minorization conditions and convergence rates for Markov chain Monte Carlo.
J. Amer. Statist. Assoc. 90 558-566. MR1340509

Roy, V. (2012). Convergence rates for MCMC algorithms for a robust Bayesian binary regression
model. Electron. J. Stat. 6 2463-2485. MR3020272

Saloff-Coste, L. (2004). Total variation lower bounds for finite Markov chains: Wilson’s lemma. In
Random Walks and Geometry 515-532. Berlin: de Gruyter. MR2087800

Sinclair, A. and Jerrum, M. (1989). Approximate counting, uniform generation and rapidly mixing
Markov chains. Inform. and Comput. 82 93—133. MR1003059

Wickham, H. (2007). Reshaping data with the reshape package. J. Stat. Softw. 21 1-20.

Wickham, H. (2016). ggplor2: Elegant Graphics for Data Analysis. New York: Springer.

Yuen, W.K. (2000). Applications of geometric bounds to the convergence rate of Markov chains on
R”. Stochastic Process. Appl. 87 1-23. MR1751162


http://arxiv.org/abs/arXiv:1704.00850
http://www.ams.org/mathscinet-getitem?mr=1237405
http://www.ams.org/mathscinet-getitem?mr=1340509
http://www.ams.org/mathscinet-getitem?mr=3020272
http://www.ams.org/mathscinet-getitem?mr=2087800
http://www.ams.org/mathscinet-getitem?mr=1003059
http://www.ams.org/mathscinet-getitem?mr=1751162

Bernoulli 25(4B), 2019, 3864-3882
https://doi.org/10.3150/19-BEJ1113

Principal components analysis of regularly
varying functions

PIOTR KOKOSZKA!, STILIAN STOEV? and QIAN XIONG!

LColorado State University. E-mail: Piotr. Kokoszka @ colostate.edu
2 University of Michigan.

The paper is concerned with asymptotic properties of the principal components analysis of functional data.
The currently available results assume the existence of the fourth moment. We develop analogous results
in a setting which does not require this assumption. Instead, we assume that the observed functions are
regularly varying. We derive the asymptotic distribution of the sample covariance operator and of the sample
functional principal components. We obtain a number of results on the convergence of moments and almost
sure convergence. We apply the new theory to establish the consistency of the regression operator in a
functional linear model.
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We study the problem of matrix estimation and matrix completion under a general framework. This frame-
work includes several important models as special cases such as the Gaussian mixture model, mixed mem-
bership model, bi-clustering model and dictionary learning. We establish the optimal convergence rates in
a minimax sense for estimation of the signal matrix under the Frobenius norm and under the spectral norm.
As a consequence of our general result we obtain minimax optimal rates of convergence for various special
models.

Keywords: matrix completion; matrix estimation; minimax optimality; mixture model; stochastic block
model
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The concept of Rademacher complexity for independent sequences of random variables is extended to
Markov chains. The proposed notion of “regenerative block Rademacher complexity” (of a class of func-
tions) follows from renewal theory and allows to control the expected values of suprema (over the class
of functions) of empirical processes based on Harris Markov chains as well as the excess probability. For
classes of Vapnik—Chervonenkis type, bounds on the “regenerative block Rademacher complexity” are es-
tablished. These bounds depend essentially on the sample size and the probability tails of the regeneration
times. The proposed approach is employed to obtain convergence rates for the kernel density estimator of
the stationary measure and to derive concentration inequalities for the Metropolis—Hastings algorithm.

Keywords: concentration inequalities; Kernel smoothing; Markov chains; Metropolis Hastings;
Rademacher complexity
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Inverse exponential decay: Stochastic fixed
point equation and ARMA models
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We study solutions to the stochastic fixed point equation X 4 AX + B when the coefficients are nonnegative
and B is an “inverse exponential decay” (IED) random variable. We provide theorems on the left tail of X
which complement well-known tail results of Kesten and Goldie. We generalize our results to ARMA
processes with nonnegative coefficients whose noise terms are from the IED class. We describe the lower
envelope for these ARMA processes.
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Weighted Poincaré inequalities,
concentration inequalities and tail bounds
related to Stein kernels in dimension one
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We investigate links between the so-called Stein’s density approach in dimension one and some functional
and concentration inequalities. We show that measures having a finite first moment and a density with
connected support satisfy a weighted Poincaré inequality with the weight being the Stein kernel, that indeed
exists and is unique in this case. Furthermore, we prove weighted log-Sobolev and asymmetric Brascamp—
Lieb type inequalities related to Stein kernels. We also show that existence of a uniformly bounded Stein
kernel is sufficient to ensure a positive Cheeger isoperimetric constant. Then we derive new concentration
inequalities. In particular, we prove generalized Mills’ type inequalities when a Stein kernel is uniformly
bounded and sub-gamma concentration for Lipschitz functions of a variable with a sub-linear Stein kernel.
More generally, when some exponential moments are finite, the Laplace transform of the random variable
of interest is shown to bounded from above by the Laplace transform of the Stein kernel. Along the way, we
prove a general lemma for bounding the Laplace transform of a random variable, that may be of independent
interest. We also provide density and tail formulas as well as tail bounds, generalizing previous results that
where obtained in the context of Malliavin calculus.

Keywords: concentration inequality; covariance identity; isoperimetric constant; Stein kernel; tail bound;
weighted log-Sobolev inequality; weighted Poincaré inequality
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