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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
ρ-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: ρ-mixing arrays; dependent structures; functional central limit theorem; non-stationary
triangular arrays; projective criteria
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discrete-time stochastic dynamics
with memory
MAYLIS VARVENNE
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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] = �0(αT

0 X), almost surely. Both the ridge function, �0, and
the index parameter, α0, are unknown and the ridge function is assumed to be monotone. Under some
appropriate conditions, we show that the rate of convergence in the L2-norm for the least squares estimator
of the bundled function �0(αT

0 ·) is n1/3. A similar result is established for the isolated ridge function, and

the index is shown to converge at least at the rate n1/3. Since the least squares estimator of the index is
computationally intensive, we also consider alternative estimators of the index α0 from earlier literature.
Moreover, we show that if the rate of convergence of such an alternative estimator is at least n1/3, 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 n1/3.

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 Xj =
(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” Zn,j and on the
inclinations Zn,h, with h �= j , of the other agents according to the elements of W .

Asymptotic results for the stochastic processes of the personal inclinations Zj = (Zn,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 Xj

of the actions has never been studied yet. In this paper, we fill this gap by characterizing the asymptotic
behavior of the empirical means Nn,j = ∑n

k=1 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 9)1/2. We
prove that the rate of

√
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;
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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 τ -mixing process.
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We consider the problem of estimating a vector μ = (μ1, . . . ,μn) under a squared loss, based on inde-
pendent observations Yi ∼ N(μi,1), i = 1, . . . , n, and possibly extra structural assumptions. We argue that
many estimators are asymptotically equal to μ̂i = αμ̃i + (1 − α)Yi + ξi = μ̃i + (1 − α)(Yi − μ̃i ) + ξi ,
where α ∈ [0,1] and μ̃i may depend on the data, but is not a function of Yi , and

∑
ξ2
i

= op(n).
We consider the optimal estimator of the form μ̃i + g(Yi − μ̃i ) 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 μ̂i are Kalman filter estimators. Simulations and a real data analysis are also provided.

Keywords: empirical Bayes; exchangeable; Kalman filter; shrinkage estimators

References

[1] Banarejee, T., Mukherjee, G. and Sun, W. (2018). Adaptive sparse estimation with side information.
[2] Brockwell, P.J. and Davis, R.A. (1991). Time Series: Theory and Methods, 2nd ed. Springer Series in

Statistics. New York: Springer. MR1093459
[3] Brown, L., Cai, T., Zhang, R., Zhao, L. and Zhou, H. (2010). The root-unroot algorithm for density

estimation as implemented via wavelet block thresholding. Probab. Theory Related Fields 146 401–
433. MR2574733

[4] Brown, L.D. (1971). Admissible estimators, recurrent diffusions, and insoluble boundary value prob-
lems. Ann. Math. Stat. 42 855–903. MR0286209

[5] Brown, L.D. and Greenshtein, E. (2009). Nonparametric empirical Bayes and compound decision
approaches to estimation of a high-dimensional vector of normal means. Ann. Statist. 37 1685–1704.
MR2533468

[6] Brown, L.D., Greenshtein, E. and Ritov, Y. (2013). The Poisson compound decision problem revisited.
J. Amer. Statist. Assoc. 108 741–749. MR3174656

[7] Brown, L.D., Mukherjee, G. and Weinstein, A. (2018). Empirical Bayes estimates for a two-way
cross-classified model. Ann. Statist. 46 1693–1720. MR3819114

[8] Cohen, N., Greenshtein, E. and Ritov, Y. (2013). Empirical Bayes in the presence of explanatory
variables. Statist. Sinica 23 333–357. MR3076170

1350-7265 © 2019 ISI/BS

http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/18-BEJ1096
mailto:eitan.greenshtein@gmail.com
mailto:ariel.mansura@boi.org.il
mailto:yritov@umich.edu
http://www.ams.org/mathscinet-getitem?mr=1093459
http://www.ams.org/mathscinet-getitem?mr=2574733
http://www.ams.org/mathscinet-getitem?mr=0286209
http://www.ams.org/mathscinet-getitem?mr=2533468
http://www.ams.org/mathscinet-getitem?mr=3174656
http://www.ams.org/mathscinet-getitem?mr=3819114
http://www.ams.org/mathscinet-getitem?mr=3076170


[9] Copas, J.B. (1969). Compound decisions and empirical Bayes. (With discussion.). J. Roy. Statist. Soc.
Ser. B 31 397–425. MR0269013

[10] Efron, B. (2010). Large-Scale Inference. Institute of Mathematical Statistics (IMS) Monographs 1.
Cambridge: Cambridge Univ. Press. MR2724758

[11] Efron, B. and Morris, C. (1973). Stein’s estimation rule and its competitors – an empirical Bayes
approach. J. Amer. Statist. Assoc. 68 117–130. MR0388597

[12] Fay, R.E. III and Herriot, R.A. (1979). Estimates of income for small places: An application of James–
Stein procedures to census data. J. Amer. Statist. Assoc. 74 269–277. MR0548019

[13] Jiang, W. and Zhang, C.-H. (2009). General maximum likelihood empirical Bayes estimation of nor-
mal means. Ann. Statist. 37 1647–1684. MR2533467

[14] Koenker, R. and Mizera, I. (2014). Convex optimization, shape constraints, compound decisions, and
empirical Bayes rules. J. Amer. Statist. Assoc. 109 674–685. MR3223742

[15] Lehmann, E.L. and Casella, G. (2003). Theory of Point Estimation, Springer Texts in Statistics. New
York: Springer.

[16] Rao, J.N.K. (2003). Small Area Estimation. Wiley Series in Survey Methodology. Hoboken, NJ: Wiley
Interscience. MR1953089

[17] Robbins, H. (1951). Asymptotically subminimax solutions of compound statistical decision problems.
In Proceedings of the Second Berkeley Symposium on Mathematical Statistics and Probability, 1950
131–148. Berkeley and Los Angeles: Univ. California Press. MR0044803

[18] Robbins, H. (1956). An empirical Bayes approach to statistics. In Proceedings of the Third Berkeley
Symposium on Mathematical Statistics and Probability, 1954–1955, Vol. I 157–163. Berkeley and Los
Angeles: Univ. California Press. MR0084919

[19] Robbins, H. (1964). The empirical Bayes approach to statistical decision problems. Ann. Math. Stat.
35 1–20. MR0163407

[20] Samuel, E. (1965). Sequential compound estimators. Ann. Math. Stat. 36 879–889. MR0183055
[21] Weinstein, A., Ma, Z., Brown, L.D. and Zhang, C.-H. (2018). Group-linear empirical Bayes estimates

for a heteroscedastic normal mean. J. Amer. Statist. Assoc. 113 698–710. MR3832220
[22] Xie, X., Kou, S.C. and Brown, L.D. (2012). SURE estimates for a heteroscedastic hierarchical model.

J. Amer. Statist. Assoc. 107 1465–1479. MR3036408
[23] Zhang, C.-H. (2003). Compound decision theory and empirical Bayes methods. Ann. Statist. 31 379–

390. MR1983534

http://www.ams.org/mathscinet-getitem?mr=0269013
http://www.ams.org/mathscinet-getitem?mr=2724758
http://www.ams.org/mathscinet-getitem?mr=0388597
http://www.ams.org/mathscinet-getitem?mr=0548019
http://www.ams.org/mathscinet-getitem?mr=2533467
http://www.ams.org/mathscinet-getitem?mr=3223742
http://www.ams.org/mathscinet-getitem?mr=1953089
http://www.ams.org/mathscinet-getitem?mr=0044803
http://www.ams.org/mathscinet-getitem?mr=0084919
http://www.ams.org/mathscinet-getitem?mr=0163407
http://www.ams.org/mathscinet-getitem?mr=0183055
http://www.ams.org/mathscinet-getitem?mr=3832220
http://www.ams.org/mathscinet-getitem?mr=3036408
http://www.ams.org/mathscinet-getitem?mr=1983534


Bernoulli 25(4B), 2019, 3479–3495
https://doi.org/10.3150/18-BEJ1097

Two-sided infinite-bin models and analyticity
for Barak–Erdős graphs
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In this article, we prove that for any probability distribution μ 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 μ. 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–Erdős graph of parameter p is analytic on (0,1].
Keywords: Barak–Erdős 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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This article presents a limit theorem for the gaps Ĝi:n := Xn−i+1:n − Xn−i:n between order statistics
X1:n ≤ · · · ≤ Xn:n of a sample of size n from a random discrete distribution on the positive integers

(P1,P2, . . .) governed by a residual allocation model (also called a Bernoulli sieve) Pj := Hj

∏j−1
i=1 (1 −

Hi) for a sequence of independent random hazard variables Hi which are identically distributed according
to some distribution of H ∈ (0,1) such that − log(1 − H) has a non-lattice distribution with finite mean
μlog. As n → ∞ the finite dimensional distributions of the gaps Ĝi:n converge to those of limiting gaps Gi

which are the numbers of points in a stationary renewal process with i.i.d. spacings − log(1 − Hj ) between
times Ti−1 and Ti of births in a Yule process, that is Ti := ∑i

k=1 εk/k for a sequence of i.i.d. exponential

variables εk with mean 1. A consequence is that the mean of Ĝi:n converges to the mean of Gi , which
is 1/(iμlog). 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 λ-biased towards the root on a Galton–Watson tree, whose offspring distribution
(pk)k≥1 is non-degenerate and has finite mean m > 1. In the transient regime 0 < λ < m, the loop-erased
trajectory of the biased random walk defines the λ-harmonic ray, whose law is the λ-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 λ-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 λ-harmonic ray is a.s. bounded below by m and bounded above
by m−1 ∑

k2pk . Moreover, at least for 0 < λ ≤ 1, the average number of children of the vertices along the
λ-harmonic ray is a.s. strictly larger than that of the λ-biased random walk trajectory. We observe that the
latter is not monotone in the bias parameter λ.

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

References

[1] Aïdékon, 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). Cutoff 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] Virág, 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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We consider the Boolean model on R
d . 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−Bn for all n ≥ 1.

Keywords: Boolean model; continuum percolation; critical point
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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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Consider the following nonparametric transformation model 
(Y) = m(X)+ε, where X is a d-dimensional
covariate, Y is a continuous univariate dependent variable and ε is an error term with zero mean and which
is independent of X. We assume that the unknown transformation 
 is strictly increasing and that m is an
unknown regression function. Our goal is to develop two new nonparametric estimators of the transforma-
tion 
, 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
d such that the corresponding jumping kernel J (x, y) satisfies

J (x, y) ≤ c

|x − y|d+2 log1+ε(e + |x − y|)
for all x, y ∈ R

d with |x − y| ≥ 1 and some constants c, ε > 0. Under additional mild assumptions on
J (x, y) for |x − y| < 1, we show that C

√
r log log r 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

|x − y|d+2+ε

for all x, y ∈R
d with |x − y| ≥ 1 and some constant ε > 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
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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.

Keywords: functional data; principal components; regular variation

References

[1] Anderson, P.L. and Meerschaert, M.M. (1997). Periodic moving averages of random variables with
regularly varying tails. Ann. Statist. 25 771–785. MR1439323

[2] Bosq, D. (2000). Linear Processes in Function Spaces: Theory and Applications. Lecture Notes in
Statistics 149. New York: Springer. MR1783138

[3] Dauxois, J., Pousse, A. and Romain, Y. (1982). Asymptotic theory for the principal component anal-
ysis of a vector random function: Some applications to statistical inference. J. Multivariate Anal. 12
136–154. MR0650934

[4] Davis, R. and Resnick, S. (1985). Limit theory for moving averages of random variables with regularly
varying tail probabilities. Ann. Probab. 13 179–195. MR0770636

[5] Davis, R. and Resnick, S. (1986). Limit theory for the sample covariance and correlation functions of
moving averages. Ann. Statist. 14 533–558. MR0840513

[6] de Acosta, A. (1981). Inequalities for B-valued random vectors with applications to the strong law of
large numbers. Ann. Probab. 9 157–161. MR0606806

[7] de Acosta, A. and Giné, E. (1979). Convergence of moments and related functionals in the general
central limit theorem in Banach spaces. Z. Wahrsch. Verw. Gebiete 48 213–231. MR0534846

[8] Embrechts, P., Klüppelberg, C. and Mikosch, T. (1997). Modelling Extremal Events. For Insurance
and Finance. Applications of Mathematics (New York) 33. Berlin: Springer. MR1458613

[9] Hall, P. and Hosseini-Nasab, M. (2006). On properties of functional principal components analysis.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 68 109–126. MR2212577

[10] Hörmann, S. and Kokoszka, P. (2010). Weakly dependent functional data. Ann. Statist. 38 1845–1884.
MR2662361

[11] Horváth, L. and Kokoszka, P. (2012). Inference for Functional Data with Applications. Springer Series
in Statistics. New York: Springer. MR2920735

1350-7265 © 2019 ISI/BS

http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/19-BEJ1113
mailto:Piotr.Kokoszka@colostate.edu
http://www.ams.org/mathscinet-getitem?mr=1439323
http://www.ams.org/mathscinet-getitem?mr=1783138
http://www.ams.org/mathscinet-getitem?mr=0650934
http://www.ams.org/mathscinet-getitem?mr=0770636
http://www.ams.org/mathscinet-getitem?mr=0840513
http://www.ams.org/mathscinet-getitem?mr=0606806
http://www.ams.org/mathscinet-getitem?mr=0534846
http://www.ams.org/mathscinet-getitem?mr=1458613
http://www.ams.org/mathscinet-getitem?mr=2212577
http://www.ams.org/mathscinet-getitem?mr=2662361
http://www.ams.org/mathscinet-getitem?mr=2920735


[12] Horváth, L., Kokoszka, P. and Rice, G. (2014). Testing stationarity of functional time series. J. Econo-
metrics 179 66–82. MR3153649

[13] Hsing, T. and Eubank, R. (2015). Theoretical Foundations of Functional Data Analysis, with an
Introduction to Linear Operators. Wiley Series in Probability and Statistics. Chichester: Wiley.
MR3379106

[14] Hult, H. and Lindskog, F. (2006). Regular variation for measures on metric spaces. Publ. Inst. Math.
(Beograd) (N.S.) 80(94) 121–140. MR2281910

[15] Klüppelberg, C. and Mikosch, T. (1994). Some limit theory for the self-normalised periodogram of
stable processes. Scand. J. Stat. 21 485–491. MR1310091

[16] Kokoszka, P. and Reimherr, M. (2013). Asymptotic normality of the principal components of func-
tional time series. Stochastic Process. Appl. 123 1546–1562. MR3027890

[17] Kokoszka, P. and Reimherr, M. (2017). Introduction to Functional Data Analysis. Texts in Statistical
Science Series. Boca Raton, FL: CRC Press. MR3793167

[18] Kokoszka, P.S. and Taqqu, M.S. (1996). Parameter estimation for infinite variance fractional ARIMA.
Ann. Statist. 24 1880–1913. MR1421153

[19] Kokoszka, P., Stoev, S. and Xiong, Q. (2019). Supplement to “Principal components analysis of regu-
larly varying functions.” DOI:10.3150/19-BEJ1113SUPP.

[20] Kuelbs, J. and Mandrekar, V. (1974). Domains of attraction of stable measures on a Hilbert space.
Studia Math. 50 149–162. MR0345155

[21] Linde, W. (1986). Probability in Banach Spaces – Stable and Infinitely Divisible Distributions, 2nd
ed. A Wiley-Interscience Publication. Chichester: Wiley. MR0874529

[22] Lucca, D.O. and Moench, E. (2015). The pre-FOMC announcement drift. J. Finance 70 329–371.
[23] Meerschaert, M.M. (1984). Multivariable Domains of Attraction and Regular Variation. Ann Arbor,

MI: ProQuest LLC. Thesis (Ph.D.) – University of Michigan. MR2633908
[24] Meerschaert, M.M. and Scheffler, H.-P. (2001). Limit Distributions for Sums of Independent Random

Vectors: Heavy Tails in Theory and Practice. Wiley Series in Probability and Statistics: Probability
and Statistics. New York: Wiley. MR1840531

[25] Meiguet, T. (2010). Heavy Tailed Functional Time series. Ph.D. Thesis, Universite catholigue de
Louvain.

[26] Mikosch, T., Gadrich, T., Klüppelberg, C. and Adler, R.J. (1995). Parameter estimation for ARMA
models with infinite variance innovations. Ann. Statist. 23 305–326. MR1331670

[27] Ramsay, J.O. and Silverman, B.W. (2005). Functional Data Analysis, 2nd ed. Springer Series in Statis-
tics. New York: Springer. MR2168993

[28] Resnick, S.I. (1987). Extreme Values, Regular Variation, and Point Processes. Applied Probability.
A Series of the Applied Probability Trust 4. New York: Springer. MR0900810

[29] Resnick, S.I. (2007). Heavy-Tail Phenomena: Probabilistic and Statistical Modeling. Springer Series
in Operations Research and Financial Engineering. New York: Springer. MR2271424
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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.
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Rademacher complexity
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We study solutions to the stochastic fixed point equation X
d= 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.

Keywords: ARMA models; inverse-gamma distribution; iterated random sequences; stochastic fixed point
equation; tail estimates; time series
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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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[35] Goldstein, L. and Işlak, Ü. (2014). Concentration inequalities via zero bias couplings. Statist. Probab.
Lett. 86 17–23. MR3162712

[36] Gozlan, N. (2010). Poincaré inequalities and dimension free concentration of measure. Ann. Inst.
Henri Poincaré Probab. Stat. 46 708–739. MR2682264

[37] Latała, R. and Oleszkiewicz, K. (2000). Between Sobolev and Poincaré. In Geometric Aspects of
Functional Analysis. Lecture Notes in Math. 1745 147–168. Berlin: Springer. MR1796718

[38] Ledoux, M., Nourdin, I. and Peccati, G. (2015). Stein’s method, logarithmic Sobolev and transport
inequalities. Geom. Funct. Anal. 25 256–306. MR3320893

[39] Ledoux, M., Nourdin, I. and Peccati, G. (2017). A Stein deficit for the logarithmic Sobolev inequality.
Sci. China Math. 60 1163–1180. MR3665794

[40] Ley, C., Reinert, G. and Swan, Y. (2017). Stein’s method for comparison of univariate distributions.
Probab. Surv. 14 1–52. MR3595350

[41] Liu, Q., Lee, J. and Jordan, M. (2016). A kernelized Stein discrepancy for goodness-of-fit tests. In
International Conference on Machine Learning 276–284.

[42] Mackey, L. and Gorham, J. (2016). Multivariate Stein factors for a class of strongly log-concave
distributions. Electron. Commun. Probab. 21 56. MR3548768

[43] Mackey, L., Jordan, M.I., Chen, R.Y., Farrell, B. and Tropp, J.A. (2014). Matrix concentration in-
equalities via the method of exchangeable pairs. Ann. Probab. 42 906–945. MR3189061

[44] Menz, G. and Otto, F. (2013). Uniform logarithmic Sobolev inequalities for conservative spin systems
with super-quadratic single-site potential. Ann. Probab. 41 2182–2224. MR3098070

[45] Miclo, L. (2008). Quand est-ce que des bornes de Hardy permettent de calculer une constante de
Poincaré exacte sur la droite? Ann. Fac. Sci. Toulouse Math. (6) 17 121–192. MR2464097

[46] Muckenhoupt, B. (1972). Hardy’s inequality with weights. Studia Math. 44 31–38. Collection of arti-
cles honoring the completion by Antoni Zygmund of 50 years of scientific activity, I. MR0311856

[47] Nourdin, I. and Viens, F.G. (2009). Density formula and concentration inequalities with Malliavin
calculus. Electron. J. Probab. 14 2287–2309. MR2556018

[48] Paulin, D., Mackey, L. and Tropp, J.A. (2016). Efron–Stein inequalities for random matrices. Ann.
Probab. 44 3431–3473. MR3551202

[49] Saumard, A. Supplement to “Weighted Poincaré inequalities, concentration inequalities and tail
bounds related to Stein kernels in dimension one.” DOI:10.3150/19-BEJ1117SUPP.

[50] Saumard, A. and Wellner, J.A. (2018). Efron’s monotonicity property for measures on R
2. J. Multi-

variate Anal. 166 212–224. MR3799644
[51] Saumard, A. and Wellner, J.A. (2018). On the isoperimetric constant, covariance inequalities and Lp-

Poincaré inequalities in dimension one. Bernoulli, To appear. Available at arXiv:1711.00668.
[52] Stein, C. (1972). A bound for the error in the normal approximation to the distribution of a sum

of dependent random variables. In Proceedings of the Sixth Berkeley Symposium on Mathematical
Statistics and Probability (Univ. California, Berkeley, Calif., 1970/1971), Vol. II: Probability theory
583–602. Berkeley, CA: Univ. California Press. MR0402873

http://arxiv.org/abs/arXiv:1804.04699
http://www.ams.org/mathscinet-getitem?mr=3682667
http://www.ams.org/mathscinet-getitem?mr=2763529
http://www.ams.org/mathscinet-getitem?mr=2773032
http://www.ams.org/mathscinet-getitem?mr=2832913
http://www.ams.org/mathscinet-getitem?mr=3162712
http://www.ams.org/mathscinet-getitem?mr=2682264
http://www.ams.org/mathscinet-getitem?mr=1796718
http://www.ams.org/mathscinet-getitem?mr=3320893
http://www.ams.org/mathscinet-getitem?mr=3665794
http://www.ams.org/mathscinet-getitem?mr=3595350
http://www.ams.org/mathscinet-getitem?mr=3548768
http://www.ams.org/mathscinet-getitem?mr=3189061
http://www.ams.org/mathscinet-getitem?mr=3098070
http://www.ams.org/mathscinet-getitem?mr=2464097
http://www.ams.org/mathscinet-getitem?mr=0311856
http://www.ams.org/mathscinet-getitem?mr=2556018
http://www.ams.org/mathscinet-getitem?mr=3551202
https://doi.org/10.3150/19-BEJ1117SUPP
http://www.ams.org/mathscinet-getitem?mr=3799644
http://arxiv.org/abs/arXiv:1711.00668
http://www.ams.org/mathscinet-getitem?mr=0402873


[53] Stein, C. (1986). Approximate Computation of Expectations. Institute of Mathematical Statistics Lec-
ture Notes – Monograph Series 7. Hayward, CA: IMS. MR0882007

[54] Treilhard, J. and Mansouri, A.-R. (2015). Concentration inequalities via Malliavin calculus with ap-
plications. Electron. Commun. Probab. 20 36. MR3352331

[55] Viens, F.G. (2009). Stein’s lemma, Malliavin calculus, and tail bounds, with application to polymer
fluctuation exponent. Stochastic Process. Appl. 119 3671–3698. MR2568291

http://www.ams.org/mathscinet-getitem?mr=0882007
http://www.ams.org/mathscinet-getitem?mr=3352331
http://www.ams.org/mathscinet-getitem?mr=2568291


Bernoulli Forthcoming Papers

THAI, M.-N.
Birth and death process in mean field type interaction

HAUSER, R.A. and MATZINGER, H.
Microscopic path structure of optimally aligned random sequences

CHENG, D., CAMMAROTA, V., FANTAYE, Y., MARINUCCI, D. and SCHWARTZ-
MAN, A.
Multiple testing of local maxima for detection of peaks on the (celestial) sphere

BERNHARD, H. and DAS, B.
Heavy-tailed random walks, buffered queues and hidden large deviations

HO, N., NGUYEN, X. and RITOV, Y.
Robust estimation of mixing measures in finite mixture models

CÉNAC, P., DE LOYNES, B., OFFRET, Y. and ROUSSELLE, A.
Recurrence of multidimensional persistent random walks. Fourier and series criteria

FAN, J.Y., HAMZA, K., JAGERS, P. and KLEBANER, F.
Convergence of the age structure of general schemes of population processes

GÖTZE, F. and SAMBALE, H.
Second order concentration via logarithmic Sobolev inequalities

CASTILLO, I. and SZABÓ, B.
Spike and slab empirical Bayes sparse credible sets

GEISS, C., LABART, C. and LUOTO, A.
Random walk approximation of BSDEs with Hölder continuous terminal condition

HIRSCH, C. and MÖNCH, C.
Distances and large deviations in the spatial preferential attachment model

BELITSER, E. and NURUSHEV, N.
Needles and straw in a haystack: Robust confidence for possibly sparse sequences

BONNET, G. and CHENAVIER, N.
The maximal degree in a Poisson–Delaunay graph

MAZUR, S., OTRYAKHIN, D. and PODOLSKIJ, M.
Estimation of the linear fractional stable motion

BOGERD, K., CASTRO, R.M. and VAN DER HOFSTAD, R.
Cliques in rank-1 random graphs: The role of inhomogeneity

GAYNANOVA, I.
Prediction and estimation consistency of sparse multi-class penalized optimal scor-
ing

ZWINGMANN, T. and HOLZMANN, H.
Weak convergence of quantile and expectile processes under general assumptions

Continues



Bernoulli Forthcoming Papers—Continued

GIORDANO, L.M., JOLIS, M. and QUER-SARDANYONS, L.
SPDEs with fractional noise in space: Continuity in law with respect to the Hurst
index

DING, X.
High dimensional deformed rectangular matrices with applications in matrix de-
noising

SHI, C. and TANG, B.
Construction results for strong orthogonal arrays of strength three

MA, Z. and LI, X.
Subspace perspective on canonical correlation analysis: Dimension reduction and
minimax rates

FOKIANOS, K., STØVE, B., TJØSTHEIM, D. and DOUKHAN, P.
Multivariate count autoregression

SHEN, Y. and WANG, Y.
Operator-scaling Gaussian random fields via aggregation

DÖRING, L. and WEISSMANN, P.
Stable processes conditioned to hit an interval continuously from the outside

MUKHERJEE, S.
Degeneracy in sparse ERGMs with functions of degrees as sufficient statistics

DAOUIA, A., GIRARD, S. and STUPFLER, G.
Tail expectile process and risk assessment

CONTI, P.L., MARELLA, D., MECATTI, F. and ANDREIS, F.
A unified principled framework for resampling based on pseudo-populations:
Asymptotic theory

MARIUCCI, E., RAY, K. and SZABÓ, B.
A Bayesian nonparametric approach to log-concave density estimation

BEUTNER, E., BORDES, L. and DOYEN, L.
Consistent semiparametric estimators for recurrent event times models with appli-
cation to virtual age models

PRIVAULT, N. and SERAFIN, G.
Normal approximation for sums of weighted U -statistics – application to Kol-
mogorov bounds in random subgraph counting

YANO, K. and KATO, K.
On frequentist coverage errors of Bayesian credible sets in moderately high dimen-
sions

ALETTI, G., CRIMALDI, I. and GHIGLIETTI, A.
Interacting reinforced stochastic processes: Statistical inference based on the
weighted empirical means

Continues



Bernoulli Forthcoming Papers—Continued

SCHNURR, A.
The fourth characteristic of a semimartingale

LIU, Y. and PAGÈS, G.
Characterization of probability distribution convergence in Wasserstein distance by
Lp- quantization error function

LIANG, M. SCHILLING, R.L. and WANG, J.
A unified approach to coupling SDEs driven by Levy noise and some applications

MINSKER, S. and WEI, X.
Robust Modifications of U-statistics and applications to covariance estimation prob-
lems

ISSOGLIO, E. and RUSSO, F.
A Feynman-Kac result via Markov BSDEs with generalised drivers

LEI, J.
Convergence and concentration of empirical measures under Wasserstein distance
in unbounded functional spaces

MARCHAND, D.C. and MANOLESCU, I.
Influence of the seed in affine preferential attachment trees

DAVIS, R.A., NIELSEN, M.S. and ROHDE, V.
Stochastic differential equations with a fractionally filtered delay: A semimartingale
model for long-range dependent processes

NOURDIN, I., PECCATI, G. and SEURET, S.
Sojourn time dimensions of fractional Brownian motion

GAO, C.
Robust regression via mutivariate regression depth

KLUSOWSKI, J. M. and WU, Y.
Estimating the number of connected components in a graph via subgraph sampling

SCHWEINBERGER, M.
Consistent structure estimation of exponential-family random graph models with
block structure

JIANG, B., LENG, C. and CHEN, Z.
Dynamic linear discriminant analysis in high dimensional space

GANTERT, N., HEYDENREICH, M. and HIRSCHER, T.
Strictly weak consensus in the uniform compass model on Z


