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Noise covariance estimation in multi-task
high-dimensional linear models

KAITAN!2 GABRIEL ROMONZ¢ and PIERRE C. BELLEC!®

1Department of Statistics, Rutgers University, Piscataway, NJ 08854, USA , ®kai.tan @ rutgers.edu,
bpierre.bellec@rutgers.edu
2CREST, ENSAE, IP Paris, Palaiseau 91120 Cedex, France , € gabriel.romon@ensae.fr

This paper studies the multi-task high-dimensional linear regression models where the noise among different tasks
is correlated, in the moderately high dimensional regime where sample size n and dimension p are of the same
order. Our goal is to estimate the covariance matrix of the noise random vectors, or equivalently the correlation
of the noise variables on any pair of two tasks. Treating the regression coefficients as a nuisance parameter, we
leverage the multi-task elastic-net and multi-task lasso estimators to estimate the nuisance. By precisely under-
standing the bias of the squared residual matrix and by correcting this bias, we develop a novel estimator of the
noise covariance that converges in Frobenius norm at the rate n~1/2 when the covariates are Gaussian distributed
with a known covariance matrix. This novel estimator is efficiently computable. Under suitable conditions, the
proposed estimator of the noise covariance attains the same rate of convergence as the “oracle” estimator that
knows in advance the regression coefficients of the multi-task model. The Frobenius error bounds obtained in this
paper also illustrate the advantage of this new estimator compared to a method-of-moments estimator that does not
attempt to estimate the nuisance. As byproducts of our techniques, we obtain estimates of the generalization error
and out-of-sample error of the multi-task elastic-net and multi-task lasso estimators. Extensive simulation studies
are carried out to illustrate the numerical performance of the proposed method.

Keywords: Elastic-net; high dimensional analysis; lasso; multi-task model; noise covariance
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Asymptotics for isotropic Hilbert-valued
spherical random fields

ALESSIA CAPONERA!2

Unstitut de Mathématiques, Ecole Polytechnique Fédérale de Lausanne, Lausanne, Switzerland
2DEMS, University of Milano-Bicocca, Milan, Italy, alessia.caponera@unimib.it

In this paper, we introduce the concept of isotropic Hilbert-valued spherical random field, thus extending the notion
of isotropic spherical random field to an infinite-dimensional setting. We then establish a spectral representation
theorem and a functional Schoenberg’s theorem. Following some key results established for the real-valued case,
we prove consistency and quantitative central limit theorem for the sample power spectrum operators in the high-
frequency regime.

Keywords: High-frequency asymptotics; Hilbert spaces; isotropy; quantitative central limit theorem; spectral
representation; spherical random fields
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Signal detection in degree corrected ERGMs
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In this paper, we study sparse signal detection problems in “degree corrected” Exponential Random Graph Models
(ERGMs). We study the performance of two tests based on conditionally centered sum of degrees/maximum of
degrees, for a wide class of such ERGMs. The performance of these tests match the performance of corresponding
uncentered tests in the S model (Ann. Statist. 46 (2018) 1288-1317). Focusing on the degree corrected two star
ERGM, we show that improved detection is possible at “criticality” using a test based on (unconditional) sum of
degrees. In this setting we provide matching lower bounds in all parameter regimes, which is based on correlations
estimates between degrees under the alternative, and is of possible independent interest.

Keywords: Asymptotic efficiency; auxiliary variables; ERGM; phase transition; signal detection; two star
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Gaussian noise rough in space
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In this article, we consider the stochastic fractional diffusion equation
(0% + 20" utt. )= 2] [ue0W(@0)]. 1>0, xR
+

where @ > 0, € (0,2], y >0, 1 #0, v >0, and W is a Gaussian noise which is white or fractional in time and
rough in space. We prove the existence and uniqueness of the solution in the Itd-Skorohod sense and obtain the
lower and upper bounds for the p-th moment. The Holder regularity of the solution is also studied.

Keywords: Fractional Brownian field; Holder continuity; Malliavin calculus; Mittag-Leffler function; moment
estimates
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This article considers the functional linear quantile regression which models the conditional quantile of a scalar re-
sponse given a functional predictor over a two-dimensional domain. We propose an estimator for the slope function
by minimizing the penalized empirical check loss function. Under the framework of reproducing kernel Hilbert
space, the minimax rate of convergence for the regularized estimator is established. Using the theory of interpo-
lation spaces on a two- or multi-dimensional domain, we develop a novel result on simultaneous diagonalization
of the reproducing and covariance kernels, revealing the interaction of the two kernels in determining the optimal
convergence rate of the estimator. Sufficient conditions are provided to show that our analysis applies to many
situations, for example, when the covariance kernel is from the Matérn class, and the slope function belongs to
a Sobolev space. We implement the interior point method to compute the regularized estimator and illustrate the
proposed method by applying it to the hippocampus surface data in the ADNI study.

Keywords: Functional linear regression; multi-dimensional domain; quantile regression; rate of convergence;
reproducing kernel Hilbert space; simultaneous diagonalization
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Finitely additive mass transportation
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Some classical mass transportation problems are investigated in a finitely additive setting. Let Q = [—[;‘:1 Q; and
A= ®lfl=1.7[[, where (Q;,A;, 1;) is a (o-additive) probability space for i = 1,...,n. Let ¢ : Q — [0,00] be an A-
measurable cost function. Let M be the collection of finitely additive probabilities on A with marginals uy,. .., (.
If couplings are meant as elements of M, most classical results of mass transportation theory, including duality
and attainability of the Kantorovich inf, are valid without any further assumptions. Special attention is devoted to
martingale transport. Let (Q;, A;) = (R, B(R)) for all i and

My={PeM:P<P"and (ny,...,my,) is a P-martingale}

where P* is a reference probability on A and ny,. .., 1, are the canonical projections on Q = R". If M| # &, the
Kantorovich inf over M| is attained, in the sense that / cdP =infgepy, f cdQ for some P € M. Conditions for
M/ # @ are given as well.

Keywords: Coupling; duality theorem; finitely additive probability; martingale; mass transportation
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Local convergence rates of the nonparametric
least squares estimator with applications to
transfer learning
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Convergence properties of empirical risk minimizers can be conveniently expressed in terms of the associated
population risk. To derive bounds for the performance of the estimator under covariate shift, however, pointwise
convergence rates are required. Under weak assumptions on the design distribution, it is shown that least squares
estimators (LSE) over 1-Lipschitz functions are also minimax rate optimal with respect to a weighted uniform
norm, where the weighting accounts in a natural way for the non-uniformity of the design distribution. This implies
that although least squares is a global criterion, the LSE adapts locally to the size of the design density. We develop
a new indirect proof technique that establishes the local convergence behavior based on a carefully chosen local
perturbation of the LSE. The obtained local rates are then applied to analyze the LSE for transfer learning under
covariate shift.

Keywords: Covariate shift; domain adaptation; local rates; mean squared error; minimax estimation;
nonparametric least squares; nonparametric regression; transfer learning
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Representation of random variables as Lebesgue
integrals
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We study representations of a random variable & as an integral of an adapted process with respect to the Lebesgue
measure. The existence of such representations in two different regularity classes is characterized in terms of the
quadratic variation of (local) martingales closed by &.
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A large-sample theory for infinitesimal gradient
boosting

CLEMENT DOMBRY?® and JEAN-JIL DUCHAMPS"

Université de Franche-Comté, CNRS, LmB, F-25000 Besangon, France, ®clement.dombry @univ-fcomte.fr,
b jean-jil.duchamps @univ-fcomte.fr

Infinitesimal gradient boosting (Dombry and Duchamps (2021)) is defined as the vanishing-learning-rate limit of
the popular tree-based gradient boosting algorithm from machine learning. It is characterized as the solution of a
nonlinear ordinary differential equation in an infinite-dimensional function space where the infinitesimal boosting
operator driving the dynamics depends on the training sample. We consider the asymptotic behavior of the model
in the large sample limit and prove its convergence to a deterministic process. This population limit is again
characterized by a differential equation that depends on the population distribution. We explore some properties
of this population limit: we prove that the dynamics makes the test error decrease and we consider its long time
behavior.
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Kernel-weighted specification testing under
general distributions
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Kernel-weighted test statistics have been widely used in a variety of settings including non-stationary regression,
survival analysis, propensity score and panel data models. We develop the limit theory for a kernel-weighted
specification test of a parametric conditional mean when the law of the regressors may not be absolutely continuous
to the Lebesgue measure and admits non-trivial singular components. In the special case of absolutely continuous
measures, our approach weakens the usual regularity conditions. This result is of independent interest and may be
useful in other applications that utilize kernel smoothed statistics. Simulations illustrate the non-trivial impact of
the distribution of the conditioning variables on the power properties of the test statistic.
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Consider the problem of matching two independent i.i.d. samples of size N from two distributions P and Q in R4,
For an arbitrary continuous cost function, the optimal assignment problem looks for the matching that minimizes
the total cost. We consider instead in this paper the problem where each matching is endowed with a Gibbs prob-
ability weight proportional to the exponential of the negative total cost of that matching. Viewing each matching
as a joint distribution with N atoms, we then take a convex combination with respect to the above Gibbs proba-
bility measure. We show that this resulting random joint distribution converges, as N — oo, to the solution of a
variational problem, introduced by Follmer, called the Schrodinger problem. We also prove a limiting Gaussian
fluctuation for this convergence in the form of central limit theorems for integrated test functions. This establishes
a novel passage for the transition from discrete to continuum in Schrédinger’s lazy gas experiment.

Keywords: Chaos decomposition; contiguity; entropy regularization; Hoeffding decomposition; infinite-order
U-statistics; optimal matching; optimal transport; Schrodinger bridge
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We consider a one-dimensional McKean-Vlasov stochastic differential equation with potential and interaction
terms depending on unknown parameters. The sample path is continuously observed on a time interval [0,27].
We assume that the process is in the stationary regime. As this distribution is not explicit, the exact likelihood
does not lead to computable estimators. To overcome this difficulty, we consider a kernel estimator of the invariant
density based on the sample path on [0,7'] and obtain new properties for this estimator. Then, we derive an explicit
approximate likelihood using the sample path on [T,27T], including the kernel estimator of the invariant density and
study the associated estimators of the unknown parameters. We prove their consistency and asymptotic normality
with rate VT as T grows to infinity. Several classes of models illustrate the theory.

Keywords: Approximate likelihood; asymptotic properties of estimators; continuous observations; invariant
distribution; long time asymptotics; McKean-Vlasov stochastic differential equations; parametric and
nonparametric inference
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Modern neuroimaging research calls for statistical methods that can model dynamic relationships between a func-
tional response and a set of covariates. Current methods, however, remain disparate and limited in their ability
to robustly accommodate real-world data and integrate smoothness penalties. In this work, we propose an M-
estimation framework for the varying-coefficient model with a functional response that encompasses both mean
and quantile regression. To accommodate smoothness regularization and circumvent the stringent conditions on
Fourier coefficients or the covariance operator’s eigenvalues imposed by traditional fixed-basis representations, we
assume that the functional coefficient resides in a reproducing kernel Hilbert space. We show that our proposed es-
timator is minimax rate optimal and establish convergence properties of our modified alternating direction method
of multipliers algorithm. We further propose combining a weighted M-estimator and a copula model to quantify
within-subject spatial dependence to improve estimation accuracy. Simulation studies and a real-world analysis
demonstrate the robustness of our proposed methods to outliers.

Keywords: Alternating direction method of multipliers; copula model; functional response; M-estimator;
minimax; reproducing kernel Hilbert space; varying coefficient model
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Towards standard imsets for maximal ancestral
graphs
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The imsets of Studeny (Probabilistic Conditional Independence Structures (2005) Springer) are an algebraic
method for representing conditional independence models. They have many attractive properties when applied
to such models, and they are particularly nice for working with directed acyclic graph (DAG) models. In particular,
the ‘standard’ imset for a DAG is in one-to-one correspondence with the independences it induces, and hence is
a label for its Markov equivalence class. We first present a proposed extension to standard imsets for maximal
ancestral graph (MAG) models, using the parameterizing set representation of Hu and Evans (In Proc. 36th Conf.
Uncertainty in Artificial Intelligence (2020) PMLR). We show that for many such graphs our proposed imset is
perfectly Markovian with respect to the graph, including a class of graphs we refer to as simple MAGs, which in-
cludes DAGs as a special case. In these cases the imset provides a scoring criteria by measuring the discrepancy for
a list of independences that define the model; this gives an alternative to the usual BIC score that is also consistent,
and much easier to compute. We also show that, of independence models that do represent the MAG, the imset
we give is minimal. Unfortunately, for some graphs the representation does not represent all the independences
in the model, and in certain cases does not represent any at all. For these general MAGs, we refine the reduced
ordered local Markov property (Richardson in (Scand. J. Stat. 30 (2003) 145-157)) by a novel graphical tool called
power DAGs, and this results in an imset that induces the correct model and which, under a mild condition, can be
constructed in polynomial time.

Keywords: Characteristic imset; Graphical models; maximal ancestral graphs; ordered local Markov property;
standard imset
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Large deviations of reflected weakly interacting
particle systems
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In this paper, we prove a large deviation principle for the empirical measures of a system of weakly interacting
diffusions with reflection. We adopt the weak convergence approach. To make this approach work, we show that
the sequence of empirical measures of the controlled reflected system will converge to the weak solution of an
associated reflected McKean—Vlasov equation.

Keywords: Interacting particle systems; large deviation; McKean—Vlasov equation; stochastic differential
equation with reflection; sub-martingale problem; weak convergence
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Stochastic optimal control problems have a long tradition in applied probability, with the questions addressed being
of high relevance in a multitude of fields. Even though theoretical solutions are well understood in many scenarios,
their practicability suffers from the assumption of known dynamics of the underlying stochastic process, raising
the statistical challenge of developing purely data-driven strategies. For the mathematically separated classes of
continuous diffusion processes and Lévy processes, we show that developing efficient strategies for related sin-
gular stochastic control problems can essentially be reduced to finding rate-optimal estimators with respect to the
sup-norm risk of objects associated to the invariant distribution of ergodic processes which determine the theoreti-
cal solution of the control problem. From a statistical perspective, we exploit the exponential S-mixing property as
the common factor of both scenarios to drive the convergence analysis, indicating that relying on general stability
properties of Markov processes is a sufficiently powerful and flexible approach to treat complex applications re-
quiring statistical methods. We show moreover that in the Lévy case—even though per se jump processes are more
difficult to handle both in statistics and control theory—a fully data-driven strategy with regret of significantly
better order than in the diffusion case can be constructed utilizing spatial ergodicity of a path-time transformation
of the Lévy process in form of its overshoots.

Keywords: Data-driven singular control; exploration vs. exploitation; Lévy processes; overshoots; diffusion
processes; reinforcement learning; nonparametric statistics; sup-norm risk

References

[1] Aeckerle-Willems, C. and Strauch, C. (2021). Concentration of scalar ergodic diffusions and some statistical
implications. Ann. Inst. Henri Poincaré Probab. Stat. 57 1857-1887. MR4328556 https://doi.org/10.1214/20-
aihp1144

[2] Alvarez, L.H. (2018). A Class of Solvable Stationary Singular Stochastic Control Problems. Available at
arXiv:1803.03464.

[3] Alvarez, L.H.R. and Shepp, L.A. (1998). Optimal harvesting of stochastically fluctuating populations. J.
Math. Biol. 37 155-177. MR1649508 https://doi.org/10.1007/s002850050124

[4] Alvarez, L.H.R. and Virtanen, J. (2006). A class of solvable stochastic dividend optimization problems: On
the general impact of flexibility on valuation. Econom. Theory 28 373-398. MR2217337 https://doi.org/10.
1007/500199-005-0627-4

[5] Asmussen, S. (2003). Applied Probability and Queues, 2nd ed. Applications of Mathematics (New York) 51.
New York: Springer. Stochastic Modelling and Applied Probability. MR1978607

[6] Asmussen, S. and Taksar, M. (1997). Controlled diffusion models for optimal dividend pay-out. Insurance
Math. Econom. 20 1-15. MR1466852 https://doi.org/10.1016/S0167-6687(96)00017-0

[7] Bertoin, J. (1996). Lévy Processes. Cambridge Tracts in Mathematics 121. Cambridge: Cambridge Univ.
Press. MR1406564

[8] Cadenillas, A., Sarkar, S. and Zapatero, F. (2007). Optimal dividend policy with mean-reverting cash reser-
voir. Math. Finance 17 81-109. MR2281793 https://doi.org/10.1111/j.1467-9965.2007.00295.x

1350-7265 © 2024 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/23-BEJ1665
mailto:christensen@math.uni-kiel.de
mailto:strauch@math.au.dk
mailto:trottner@math.au.dk
https://mathscinet.ams.org/mathscinet-getitem?mr=4328556
https://doi.org/10.1214/20-aihp1144
https://doi.org/10.1214/20-aihp1144
https://arxiv.org/abs/arXiv:1803.03464
https://mathscinet.ams.org/mathscinet-getitem?mr=1649508
https://doi.org/10.1007/s002850050124
https://mathscinet.ams.org/mathscinet-getitem?mr=2217337
https://doi.org/10.1007/s00199-005-0627-4
https://doi.org/10.1007/s00199-005-0627-4
https://mathscinet.ams.org/mathscinet-getitem?mr=1978607
https://mathscinet.ams.org/mathscinet-getitem?mr=1466852
https://doi.org/10.1016/S0167-6687(96)00017-0
https://mathscinet.ams.org/mathscinet-getitem?mr=1406564
https://mathscinet.ams.org/mathscinet-getitem?mr=2281793
https://doi.org/10.1111/j.1467-9965.2007.00295.x

Learning to reflect 2075

(9]

(10]
(11]
[12]
[13]
[14]
[15]

[16]

[17]

(18]

(19]
(20]
(21]
(22]

(23]

[24]
(25]

(26]

[27]
(28]
[29]
(30]

(31]

Chow, Y.S. and Teicher, H. (1997). Probability Theory, 3rd ed. Springer Texts in Statistics. New York:
Springer. Independence, interchangeability, martingales. MR1476912 https://doi.org/10.1007/978-1-4612-
1950-7

Christensen, S. and Sohr, T. (2020). A solution technique for Lévy driven long term average impulse control
problems. Stochastic Process. Appl. 130 7303-7337. MR4167207 https://doi.org/10.1016/j.spa.2020.07.016
Christensen, S. and Strauch, C. (2023). Nonparametric learning for impulse control problems—exploration
vs. exploitation. Ann. Appl. Probab. 33 1369-1387. MR4564434 https://doi.org/10.1214/22-aap 1849
Christensen, S., Strauch, C. and Trottner, L. (2024). Supplement to “Learning to reflect: A unifying approach
for data-driven stochastic control strategies.” https://doi.org/10.3150/23-BEJ1665SUPP

Dalalyan, A. and Reif3, M. (2006). Asymptotic statistical equivalence for scalar ergodic diffusions. Probab.
Theory Related Fields 134 248-282. MR2222384 https://doi.org/10.1007/s00440-004-0416-1

Davydov, J.A. (1973). Mixing conditions for Markov chains. Teor. Veroyatn. Primen. 18 321-338.
MRO0321183

de la Pefia, V.H. and Giné, E. (1999). Decoupling: From Dependence to Independence. Probability and Its
Applications (New York). New York: Springer. MR1666908 https://doi.org/10.1007/978-1-4612-0537-1
Dexheimer, N., Strauch, C. and Trottner, L. (2022). Adaptive invariant density estimation for continuous-
time mixing Markov processes under sup-norm risk. Ann. Inst. Henri Poincaré Probab. Stat. 58 2029-2064.
MR4492970 https://doi.org/10.1214/21-aihp1235

Doring, L. and Trottner, L. (to appear). Stability of overshoots of Markov additive processes. Ann. Appl.
Probab.

Gihman, I.I. and Skorohod, A.V. (1972). Stochastic Differential Equations. Ergebnisse der Mathematik und
Ihrer Grenzgebiete [Results in Mathematics and Related Areas], Band 72. New York: Springer. Translated
from the Russian by Kenneth Wickwire. MR0346904

Grimmett, G.R. and Stirzaker, D.R. (2001). Probability and Random Processes, 3rd ed. New York: Oxford
Univ. Press. MR2059709

Hening, A., Nguyen, D.H., Ungureanu, S.C. and Wong, T.K. (2019). Asymptotic harvesting of populations in
random environments. J. Math. Biol. 78 293-329. MR3932647 https://doi.org/10.1007/s00285-018-1275-1
Kutoyants, Y.A. (2004). Statistical Inference for Ergodic Diffusion Processes. Springer Series in Statistics.
London: Springer. MR2144185 https://doi.org/10.1007/978-1-4471-3866-2

Kuznetsov, A., Kyprianou, A.E. and Pardo, J.C. (2012). Meromorphic Lévy processes and their fluctuation
identities. Ann. Appl. Probab. 22 1101-1135. MR2977987 https://doi.org/10.1214/11-AAP787

Kuznetsov, A. and Pardo, J.C. (2013). Fluctuations of stable processes and exponential functionals of hyper-
geometric Lévy processes. Acta Appl. Math. 123 113-139. MR3010227 https://doi.org/10.1007/s10440-012-
9718-y

Kyprianou, A.E. (2014). Fluctuations of Lévy Processes with Applications, 2nd ed. Universitext. Heidelberg:
Springer. Introductory lectures. MR3155252 https://doi.org/10.1007/978-3-642-37632-0

Kyprianou, A.E., Pardo, J.C. and Rivero, V. (2010). Exact and asymptotic n-tuple laws at first and last passage.
Ann. Appl. Probab. 20 522-564. MR2650041 https://doi.org/10.1214/09-AAP626

Kyprianou, A.E. and Surya, B.A. (2007). A note on a change of variable formula with local time-space for
Lévy processes of bounded variation. In Séminaire de Probabilités XL. Lecture Notes in Math. 1899 97-104.
Berlin: Springer. MR2409000 https://doi.org/10.1007/978-3-540-71189-6_3

Lande, R., Engen, S. and Saether, B.-E. (1994). Optimal harvesting, economic discounting and extinction
risk in fluctuating populations. Nature 372 88-90.

Liang, G. and Zervos, M. (2020). Ergodic singular stochastic control motivated by the optimal sustainable
exploitation of an ecosystem. Available at arXiv:2008.05576.

@ksendal, B. and Sulem, A. (2019). Applied Stochastic Control of Jump Diffusions. Universitext. Cham:
Springer. MR3931325 https://doi.org/10.1007/978-3-030-02781-0

Pilipenko, A. (2014). An Introduction to Stochastic Differential Equations with Reflection 1. Universitétsver-
lag Potsdam.

Sato, K. (2013). Lévy Processes and Infinitely Divisible Distributions. Cambridge Studies in Advanced Math-
ematics 68. Cambridge: Cambridge Univ. Press. Translated from the 1990 Japanese original, Revised edition
of the 1999 English translation. MR3185174


https://mathscinet.ams.org/mathscinet-getitem?mr=1476912
https://doi.org/10.1007/978-1-4612-1950-7
https://doi.org/10.1007/978-1-4612-1950-7
https://mathscinet.ams.org/mathscinet-getitem?mr=4167207
https://doi.org/10.1016/j.spa.2020.07.016
https://mathscinet.ams.org/mathscinet-getitem?mr=4564434
https://doi.org/10.1214/22-aap1849
https://doi.org/10.3150/23-BEJ1665SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=2222384
https://doi.org/10.1007/s00440-004-0416-1
https://mathscinet.ams.org/mathscinet-getitem?mr=0321183
https://mathscinet.ams.org/mathscinet-getitem?mr=1666908
https://doi.org/10.1007/978-1-4612-0537-1
https://mathscinet.ams.org/mathscinet-getitem?mr=4492970
https://doi.org/10.1214/21-aihp1235
https://mathscinet.ams.org/mathscinet-getitem?mr=0346904
https://mathscinet.ams.org/mathscinet-getitem?mr=2059709
https://mathscinet.ams.org/mathscinet-getitem?mr=3932647
https://doi.org/10.1007/s00285-018-1275-1
https://mathscinet.ams.org/mathscinet-getitem?mr=2144185
https://doi.org/10.1007/978-1-4471-3866-2
https://mathscinet.ams.org/mathscinet-getitem?mr=2977987
https://doi.org/10.1214/11-AAP787
https://mathscinet.ams.org/mathscinet-getitem?mr=3010227
https://doi.org/10.1007/s10440-012-9718-y
https://doi.org/10.1007/s10440-012-9718-y
https://mathscinet.ams.org/mathscinet-getitem?mr=3155252
https://doi.org/10.1007/978-3-642-37632-0
https://mathscinet.ams.org/mathscinet-getitem?mr=2650041
https://doi.org/10.1214/09-AAP626
https://mathscinet.ams.org/mathscinet-getitem?mr=2409000
https://doi.org/10.1007/978-3-540-71189-6_3
https://arxiv.org/abs/arXiv:2008.05576
https://mathscinet.ams.org/mathscinet-getitem?mr=3931325
https://doi.org/10.1007/978-3-030-02781-0
https://mathscinet.ams.org/mathscinet-getitem?mr=3185174

2076 S. Christensen, C. Strauch and L. Trottner

[32] Shimizu, Y. (2006). Density estimation of Lévy measures for discretely observed diffusion processes with
jumps. J. Japan Statist. Soc. 36 37-62. MR2266416 https://doi.org/10.14490/jjss.36.37

[33] Shimizu, Y. (2009). Functional estimation for Lévy measures of semimartingales with Poissonian jumps. J.
Multivariate Anal. 100 1073-1092. MR2508373 https://doi.org/10.1016/j.jmva.2008.10.006

[34] Sohr, T. (2020). Contributions to Optimal Stopping and Long-Term Average Impulse Control Ph.D. thesis
CAU Kiel.

[35] Vershynin, R. (2018). High-Dimensional Probability. Cambridge Series in Statistical and Probabilistic
Mathematics 47. Cambridge: Cambridge Univ. Press. An introduction with applications in data science.
MR3837109 https://doi.org/10.1017/9781108231596


https://mathscinet.ams.org/mathscinet-getitem?mr=2266416
https://doi.org/10.14490/jjss.36.37
https://mathscinet.ams.org/mathscinet-getitem?mr=2508373
https://doi.org/10.1016/j.jmva.2008.10.006
https://mathscinet.ams.org/mathscinet-getitem?mr=3837109
https://doi.org/10.1017/9781108231596

Bernoulli 30(3), 2024, 2102-2126
https://doi.org/10.3150/23-BEJ 1666

On large deviations and intersection of random
interlacements
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We investigate random interlacements on 74 with d > 3, and derive the large deviation rate for the probability that
the capacity of the interlacement set in a macroscopic box is much smaller than that of the box. As an application,
we obtain the large deviation rate for the probability that two independent interlacements have empty intersections
in a macroscopic box. Additionally, we prove that conditioning on this event, one of the interlacements will be
sparse in terms of capacity within the box. This result is an example of the entropic repulsion phenomenon for
random interlacements.

Keywords: Entropic repulsion; large deviations; random interlacements

References

Asselah, A. and Schapira, B. (2017). Moderate deviations for the range of a transient random walk: Path concen-
tration. Ann. Sci. Ec. Norm. Supér. (4) 50 755-786. MR3665554 https://doi.org/10.24033/asens.2331

Asselah, A. and Schapira, B. (2020). On the nature of the Swiss cheese in dimension 3. Ann. Probab. 48 1002-1013.
MR4089500 https://doi.org/10.1214/19-AOP1380

Bolthausen, E. and Deuschel, J.-D. (1993). Critical large deviations for Gaussian fields in the phase transition
regime. I. Ann. Probab. 21 1876-1920. MR 1245293

Bolthausen, E., Deuschel, J.-D. and Zeitouni, O. (1995). Entropic repulsion of the lattice free field. Comm. Math.
Phys. 170 417-443. MR1334403

Chiarini, A. and Nitzschner, M. (2020a). Entropic repulsion for the occupation-time field of random interlacements
conditioned on disconnection. Ann. Probab. 48 1317-1351. MR4112716 https://doi.org/10.1214/19-A0P1393

Chiarini, A. and Nitzschner, M. (2020b). Entropic repulsion for the Gaussian free field conditioned on disconnec-
tion by level-sets. Probab. Theory Related Fields 177 525-575. MR4095021 https://doi.org/10.1007/s00440-
019-00957-7

Comets, F., Gallesco, C., Popov, S. and Vachkovskaia, M. (2013). On large deviations for the cover time of two-
dimensional torus. Electron. J. Probab. 18 no. 96. MR3126579 https://doi.org/10.1214/EJP.v18-2856

Deuschel, J.-D. and Giacomin, G. (1999). Entropic repulsion for the free field: Pathwise characterization in d > 3.
Comm. Math. Phys. 206 447-462. MR1722113 https://doi.org/10.1007/s002200050713

Drewitz, A., Rath, B. and Sapozhnikov, A. (2014). An Introduction to Random Interlacements. SpringerBriefs in
Mathematics. Cham: Springer. MR3308116 https://doi.org/10.1007/978-3-319-05852-8

Duminil-Copin, H., Goswami, S., Rodriguez, P.-F. and Severo, F. (2023). Equality of critical parameters for per-
colation of Gaussian free field level sets. Duke Math. J. 172 839-913. MR4568695 https://doi.org/10.1215/
00127094-2022-0017

Li, X. (2017). A lower bound for disconnection by simple random walk. Ann. Probab. 45 8§79-931. MR3630289
https://doi.org/10.1214/15-AOP1077

Li, X. and Sznitman, A.-S. (2014). A lower bound for disconnection by random interlacements. Electron. J. Probab.
19 no. 17. MR3164770 https://doi.org/10.1214/EJP.v19-3067

Nitzschner, M. and Sznitman, A.-S. (2020). Solidification of porous interfaces and disconnection. J. Eur. Math.
Soc. (JEMS) 22 2629-2672. MR4118617 https://doi.org/10.4171/JEMS/973

Phetpradap, P. (2011). Intersections of random walks Ph.D. thesis Univ. Bath.

1350-7265 © 2024 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/23-BEJ1666
mailto:xinyili@bicmr.pku.edu.cn
mailto:zijie123@wharton.upenn.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=3665554
https://doi.org/10.24033/asens.2331
https://mathscinet.ams.org/mathscinet-getitem?mr=4089500
https://doi.org/10.1214/19-AOP1380
https://mathscinet.ams.org/mathscinet-getitem?mr=1245293
https://mathscinet.ams.org/mathscinet-getitem?mr=1334403
https://mathscinet.ams.org/mathscinet-getitem?mr=4112716
https://doi.org/10.1214/19-AOP1393
https://mathscinet.ams.org/mathscinet-getitem?mr=4095021
https://doi.org/10.1007/s00440-019-00957-7
https://doi.org/10.1007/s00440-019-00957-7
https://mathscinet.ams.org/mathscinet-getitem?mr=3126579
https://doi.org/10.1214/EJP.v18-2856
https://mathscinet.ams.org/mathscinet-getitem?mr=1722113
https://doi.org/10.1007/s002200050713
https://mathscinet.ams.org/mathscinet-getitem?mr=3308116
https://doi.org/10.1007/978-3-319-05852-8
https://mathscinet.ams.org/mathscinet-getitem?mr=4568695
https://doi.org/10.1215/00127094-2022-0017
https://doi.org/10.1215/00127094-2022-0017
https://mathscinet.ams.org/mathscinet-getitem?mr=3630289
https://doi.org/10.1214/15-AOP1077
https://mathscinet.ams.org/mathscinet-getitem?mr=3164770
https://doi.org/10.1214/EJP.v19-3067
https://mathscinet.ams.org/mathscinet-getitem?mr=4118617
https://doi.org/10.4171/JEMS/973

On large deviations and intersection of random interlacements 2103

Popov, S. and Teixeira, A. (2015). Soft local times and decoupling of random interlacements. J. Eur. Math. Soc.
(JEMS) 17 2545-2593. MR3420516 https://doi.org/10.4171/JEMS/565

Port, S.C. and Stone, C.J. (1978). Brownian Motion and Classical Potential Theory. Probability and Mathematical
Statistics. New York-London: Academic Press [Harcourt Brace Jovanovich, Publishers]. MR0492329

Sidoravicius, V. and Sznitman, A.-S. (2009). Percolation for the vacant set of random interlacements. Comm. Pure
Appl. Math. 62 831-858. MR2512613 https://doi.org/10.1002/cpa.20267

Sznitman, A.-S. (2010). Vacant set of random interlacements and percolation. Ann. of Math. (2) 171 2039-2087.
MR2680403 https://doi.org/10.4007/annals.2010.171.2039

Sznitman, A.-S. (2015). Disconnection and level-set percolation for the Gaussian free field. J. Math. Soc. Japan
67 1801-1843. MR3417515 https://doi.org/10.2969/jmsj/06741801

Sznitman, A.-S. (2017). Disconnection, random walks, and random interlacements. Probab. Theory Related Fields
167 1-44. MR3602841 https://doi.org/10.1007/s00440-015-0676-y

Sznitman, A.-S. (2019a). On macroscopic holes in some supercritical strongly dependent percolation models. Ann.
Probab. 47 2459-2493. MR3980925 https://doi.org/10.1214/18-AOP1312

Sznitman, A.-S. (2019b). On bulk deviations for the local behavior of random interlacements. Ann. Sci. Ec. Norm.
Supér. To appear. Available at arXiv:1906.05809.

Sznitman, A.-S. (2021a). Excess deviations for points disconnected by random interlacements. Probab. Math.
Phys. 2 563-611. MR4408020 https://doi.org/10.2140/pmp.2021.2.563

Sznitman, A.-S. (2021b). On the C!-property of the percolation function of random interlacements and a related
variational problem. In In and Out of Equilibrium 3. Celebrating Vladas Sidoravicius. Progress in Probability
77 775-796. Cham: Birkhduser/Springer. MR4237292 https://doi.org/10.1007/978-3-030-60754-8_32

Sznitman, A.-S. (2023). On the cost of the bubble set for random interlacements. Invent. Math. 233 903-950.
MR4607724 https://doi.org/10.1007/s00222-023-01190-9

van den Berg, M., Bolthausen, E. and den Hollander, F. (2001). Moderate deviations for the volume of the Wiener
sausage. Ann. of Math. (2) 153 355-406. MR 1829754 https://doi.org/10.2307/2661345

Zhuang, Z. (2021). On the percolative properties of the intersection of two independent interlacements. ALEA Lat.
Am. J. Probab. Math. Stat. 18 1061-1084. MR4282182 https://doi.org/10.30757/alea.v18-40


https://mathscinet.ams.org/mathscinet-getitem?mr=3420516
https://doi.org/10.4171/JEMS/565
https://mathscinet.ams.org/mathscinet-getitem?mr=0492329
https://mathscinet.ams.org/mathscinet-getitem?mr=2512613
https://doi.org/10.1002/cpa.20267
https://mathscinet.ams.org/mathscinet-getitem?mr=2680403
https://doi.org/10.4007/annals.2010.171.2039
https://mathscinet.ams.org/mathscinet-getitem?mr=3417515
https://doi.org/10.2969/jmsj/06741801
https://mathscinet.ams.org/mathscinet-getitem?mr=3602841
https://doi.org/10.1007/s00440-015-0676-y
https://mathscinet.ams.org/mathscinet-getitem?mr=3980925
https://doi.org/10.1214/18-AOP1312
https://arxiv.org/abs/arXiv:1906.05809
https://mathscinet.ams.org/mathscinet-getitem?mr=4408020
https://doi.org/10.2140/pmp.2021.2.563
https://mathscinet.ams.org/mathscinet-getitem?mr=4237292
https://doi.org/10.1007/978-3-030-60754-8_32
https://mathscinet.ams.org/mathscinet-getitem?mr=4607724
https://doi.org/10.1007/s00222-023-01190-9
https://mathscinet.ams.org/mathscinet-getitem?mr=1829754
https://doi.org/10.2307/2661345
https://mathscinet.ams.org/mathscinet-getitem?mr=4282182
https://doi.org/10.30757/alea.v18-40

Bernoulli 30(3), 2024, 2127-2153
https://doi.org/10.3150/23-BEJ 1667

Sparse signal detection in heteroscedastic
Gaussian sequence models: Sharp minimax
rates

JULIEN CHHOR'!?2 RAJARSHI MUKHERJEE!" and SUBHABRATA SEN'<

VHarvard University, Boston, MA, USA, ®jchhor@ hsph.harvard.edu, bram521 @mail.harvard.edu,
Csubhabratasen@fas.harvard.edu
2 Toulouse School of Economics, University of Toulouse Capitole, Toulouse, France

Given a heterogeneous Gaussian sequence model with unknown mean 6 € R4 and known covariance matrix =
diag(o-12,. . .,o-ﬁ), we study the signal detection problem against sparse alternatives, for known sparsity s. Namely,
we characterize how large €* > 0 should be, in order to distinguish with high probability the null hypothesis § = 0
from the alternative composed of s-sparse vectors in R4, separated from 0 in L’ norm (¢ € [1,00]) by at least €*.
We find non-asymptotic minimax upper and lower bounds over the minimax separation radius €* and prove that
they are always matching. We also derive the corresponding minimax tests achieving these bounds. Our results
reveal new phase transitions regarding the behavior of €* with respect to the level of sparsity, to the L metric, and
to the heteroscedasticity profile of Z. In the case of the Euclidean (i.e. L%) separation, we bridge the remaining
gaps in the literature.

Keywords: Heteroscedasticity; non-Euclidean norms; signal detection; sparsity
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The block maxima method is one of the most popular approaches for extreme value analysis with independent
and identically distributed observations in the domain of attraction of an extreme value distribution. The lack of
a rigorous study on the Bayesian inference in this context has limited its use for statistical analysis of extremes.
In this paper we propose an empirical Bayes procedure for inference on the block maxima law and its related
quantities. We show that the posterior distributions of the tail index of the data distribution and of the return
levels (representative of future extreme episodes) are consistent and asymptotically normal. These properties guar-
antee the reliability of posterior-based inference. We also establish contraction rates of the posterior predictive
distribution, the key tool in Bayesian probabilistic forecasting. Posterior computations are readily obtained via an
efficient adaptive Metropolis-Hasting type of algorithm. Simulations show its excellent inferential performances
already with modest sample sizes. The utility of our proposal is showcased analysing extreme winds generated by
hurricanes in Southeastern US.

Keywords: Contraction rate; extreme quantiles; posterior consistency; return levels; tail index; wind speed
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Limit theorems for random Motzkin paths near
boundary
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We consider Motzkin paths of length L, not fixed at zero at both end points, with constant weights on the edges
and general weights on the end points. We investigate, as the length L tends to infinity, the limit behaviors of (a)
boundary measures induced by the weights on both end points and (b) the segments of the sampled Motzkin path
viewed as a process starting from each of the two end points, referred to as boundary processes. Our first result
concerns the case when the induced boundary measures have finite first moments. Our second result concerns
when the boundary measure on the right end point is a generalized geometric measure with parameter p| > 1,
so that this is an infinite measure and yet it induces a probability measure for random Motzkin path when p; is
not too large. The two cases under investigation reveal a phase transition. In particular, we show that the limit left
boundary processes in the two cases have the same transition probabilities as random walks conditioned to stay
non-negative.

Keywords: Discrete Bessel process; matrix ansatz; Motzkin paths; random walk conditioned to stay positive;
Viennot’s formula
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curvature-dimension criterion for generalised
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We obtain new sharp weighted Poincaré inequalities on Riemannian manifolds for a general class of measures.
When specialised to generalised Cauchy measures, this gives a unified and simple proof of the weighted Poincaré
inequality for the whole range of parameters, with the optimal spectral gap, the error term and the extremal func-
tions.

Keywords: Curvature-dimension criterion; generalised Cauchy measures; heavy tails; Poincaré inequality
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The problem of sequential change diagnosis is considered, where observations are obtained on-line, an abrupt
change occurs in their distribution, and the goal is to quickly detect the change and accurately identify the post-
change distribution, while controlling the false alarm rate. A finite set of alternatives is postulated for the post-
change regime, but no prior information is assumed for the unknown change point. A drawback of many algorithms
that have been proposed for this problem is the implicit use of pre-change data for determining the post-change
distribution. This can lead to very large conditional probabilities of misidentification, given that there was no false
alarm, unless the change occurs soon after monitoring begins. A novel, recursive algorithm is proposed and shown
to resolve this issue without the use of additional tuning parameters and without sacrificing control of the worst-
case delay in Lorden’s sense. A theoretical analysis is conducted for a general family of sequential change diagnosis
procedures, which supports the proposed algorithm and revises certain state-of-the-art results. Additionally, a
novel, comprehensive method is proposed for the design and evaluation of sequential change diagnosis algorithms.
This method is illustrated with simulation studies, where existing procedures are compared to the proposed.

Keywords: CuSum; Lorden’s criterion; sequential change detection; sequential change diagnosis
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We consider degenerate diffusion equations of the form d;p; = A f(p;) on a bounded domain and subject to no-flux
boundary conditions, for a class of nonlinearities f that includes the porous medium equation. We derive for them
a trajectorial analogue of the entropy dissipation identity, which describes the rate of entropy dissipation along
every path of the diffusion. In line with the recent work (Theory Probab. Appl. 66 (2022) 668-707), our approach
is based on applying stochastic analysis to the underlying probabilistic representations, which in our context are
stochastic differential equations with normal reflection on the boundary. This trajectorial approach also leads to a
new derivation of the Wasserstein gradient flow property for nonlinear diffusions, as well as to a simple proof of
the HWI inequality in the present context.

Keywords: Degenerate diffusion; entropy dissipation; gradient flow; HWI inequality; porous medium equation
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In many scientific applications the aim is to infer a function which is smooth in some areas, but rough or even dis-
continuous in other areas of its domain. Such spatially inhomogeneous functions can be modelled in Besov spaces
with suitable integrability parameters. In this work we study adaptive Bayesian inference over Besov spaces, in the
white noise model from the point of view of rates of contraction, using p-exponential priors, which range between
Laplace and Gaussian and possess regularity and scaling hyper-parameters. To achieve adaptation, we employ
empirical and hierarchical Bayes approaches for tuning these hyper-parameters. Our results show that, while it
is known that Gaussian priors can attain the minimax rate only in Besov spaces of spatially homogeneous func-
tions, Laplace priors lead to adaptive or nearly adaptive procedures in both Besov spaces of spatially homogeneous
functions and Besov spaces permitting spatial inhomogeneities.

Keywords: Adaptation; Besov spaces; empirical Bayes; Gaussian prior; hierarchical Bayes; Laplace prior;
posterior contraction rates; spatially inhomogeneous functions; white noise model

References

[1] Abramovich, F., Sapatinas, T. and Silverman, B.W. (1998). Wavelet thresholding via a Bayesian approach. J.
R. Stat. Soc. Ser. B. Stat. Methodol. 60 725-749. MR1649547 https://doi.org/10.1111/1467-9868.00151

[2] Agapiou, S., Bardsley, J.M., Papaspiliopoulos, O. and Stuart, A.M. (2014). Analysis of the Gibbs sampler for
hierarchical inverse problems. SIAM/ASA J. Uncertain. Quantificat. 2 511-544. MR3283919 https://doi.org/
10.1137/130944229

[3] Agapiou, S., Burger, M., Dashti, M. and Helin, T. (2018). Sparsity-promoting and edge-preserving maximum
a posteriori estimators in non-parametric Bayesian inverse problems. Inverse Probl. 34 045002. MR3774703
https://doi.org/10.1088/1361-6420/aaacac

[4] Agapiou, S., Dashti, M. and Helin, T. (2021). Rates of contraction of posterior distributions based on p-
exponential priors. Bernoulli 27 1616—-1642. MR4278794 https://doi.org/10.3150/20-bej1285

[5] Agapiou, S. and Savva, A. (2024). Supplement to “Adaptive inference over Besov spaces in the white noise
model using p-exponential priors.” https://doi.org/10.3150/23-BEJ1673SUPP

[6] Agapiou, S. and Wang, S. (2021). Laplace priors and spatial inhomogeneity in Bayesian inverse problems.
Bernoulli, To appear. Available at arXiv:2112.05679 (preprint).

[7] Andrieu, C. and Roberts, G.O. (2009). The pseudo-marginal approach for efficient Monte Carlo computa-
tions. Ann. Statist. 37 697-725. MR2502648 https://doi.org/10.1214/07-A0S574

[8] Aurzada, F. (2007). On the lower tail probabilities of some random sequences in I,. J. Theoret. Probab. 20
843-858. MR2359058 https://doi.org/10.1007/s10959-007-0095-9

[9] Belitser, E. and Enikeeva, F. (2008). Empirical Bayesian test of the smoothness. Math. Methods Statist. 17
1-18. MR2400361 https://doi.org/10.3103/S1066530708010018

[10] Beskos, A., Girolami, M., Lan, S., Farrell, PE. and Stuart, A.M. (2017). Geometric MCMC for infinite-
dimensional inverse problems. J. Comput. Phys. 335 327-351. MR3612501 https://doi.org/10.1016/j.jcp.2016.
12.041
[11] Brown, L.D. and Low, M.G. (1996). Asymptotic equivalence of nonparametric regression and white noise.

Ann. Statist. 24 2384-2398. MR 1425958 https://doi.org/10.1214/a0s/1032181159

1350-7265 © 2024 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/23-BEJ1673
mailto:agapiou.sergios@ucy.ac.cy
mailto:savva.emilia@ucy.ac.cy
https://mathscinet.ams.org/mathscinet-getitem?mr=1649547
https://doi.org/10.1111/1467-9868.00151
https://mathscinet.ams.org/mathscinet-getitem?mr=3283919
https://doi.org/10.1137/130944229
https://doi.org/10.1137/130944229
https://mathscinet.ams.org/mathscinet-getitem?mr=3774703
https://doi.org/10.1088/1361-6420/aaacac
https://mathscinet.ams.org/mathscinet-getitem?mr=4278794
https://doi.org/10.3150/20-bej1285
https://doi.org/10.3150/23-BEJ1673SUPP
https://arxiv.org/abs/arXiv:2112.05679
https://mathscinet.ams.org/mathscinet-getitem?mr=2502648
https://doi.org/10.1214/07-AOS574
https://mathscinet.ams.org/mathscinet-getitem?mr=2359058
https://doi.org/10.1007/s10959-007-0095-9
https://mathscinet.ams.org/mathscinet-getitem?mr=2400361
https://doi.org/10.3103/S1066530708010018
https://mathscinet.ams.org/mathscinet-getitem?mr=3612501
https://doi.org/10.1016/j.jcp.2016.12.041
https://doi.org/10.1016/j.jcp.2016.12.041
https://mathscinet.ams.org/mathscinet-getitem?mr=1425958
https://doi.org/10.1214/aos/1032181159

2276 S. Agapiou and A. Savva

[12] Chen, V., Dunlop, M.M., Papaspiliopoulos, O. and Stuart, A.M. (2018). Robust MCMC sampling with non-
Gaussian and hierarchical priors in high dimensions. Available at arXiv:1803.03344 (preprint).

[13] Cotter, S.L., Roberts, G.O., Stuart, A.M. and White, D. (2013). MCMC methods for functions: Modifying
old algorithms to make them faster. Statist. Sci. 28 424-446. MR3135540 https://doi.org/10.1214/13-STS421

[14] Cui, T., Law, K.J.H. and Marzouk, Y.M. (2016). Dimension-independent likelihood-informed MCMC. J.
Comput. Phys. 304 109-137. MR3422405 https://doi.org/10.1016/j.jcp.2015.10.008

[15] Dashti, M., Harris, S. and Stuart, A. (2012). Besov priors for Bayesian inverse problems. Inverse Probl.
Imaging 6 183-200. MR2942737 https://doi.org/10.3934/ipi.2012.6.183

[16] Dashti, M. and Stuart, A.M. (2017). The Bayesian approach to inverse problems. In Handbook of Uncertainty
Quantification. Vol. 1, 2, 3 311-428. Cham: Springer. MR3839555

[17] Donnet, S., Rivoirard, V., Rousseau, J. and Scricciolo, C. (2018). Posterior concentration rates for empirical
Bayes procedures with applications to Dirichlet process mixtures. Bernoulli 24 231-256. MR3706755 https://
doi.org/10.3150/16-BEJ872

[18] Donoho, D.L. and Johnstone, .M. (1994). Ideal spatial adaptation by wavelet shrinkage. Biometrika 81
425-455. MR 1311089 https://doi.org/10.1093/biomet/81.3.425

[19] Donoho, D.L. and Johnstone, .M. (1995). Adapting to unknown smoothness via wavelet shrinkage. J. Amer.
Statist. Assoc. 90 1200-1224. MR 1379464

[20] Donoho, D.L. and Johnstone, I.M. (1998). Minimax estimation via wavelet shrinkage. Ann. Statist. 26
879-921. MR1635414 https://doi.org/10.1214/a0s/1024691081

[21] Ghosal, S., Ghosh, J.K. and van der Vaart, A.W. (2000). Convergence rates of posterior distributions. Ann.
Statist. 28 500-531. MR1790007 https://doi.org/10.1214/a0s/1016218228

[22] Ghosal, S. and van der Vaart, A. (2007). Convergence rates of posterior distributions for non-i.i.d. observa-
tions. Ann. Statist. 35 192-223. MR2332274 https://doi.org/10.1214/009053606000001172

[23] Ghosal, S. and van der Vaart, A. (2017). Fundamentals of Nonparametric Bayesian Inference. Cambridge
Series in Statistical and Probabilistic Mathematics 44. Cambridge: Cambridge Univ. Press. MR3587782
https://doi.org/10.1017/9781139029834

[24] Giné, E. and Nickl, R. (2016). Mathematical Foundations of Infinite-Dimensional Statistical Models. Cam-
bridge Series in Statistical and Probabilistic Mathematics. New York: Cambridge Univ. Press. MR3588285
https://doi.org/10.1017/CBO9781107337862

[25] Giordano, M. Besov priors in density estimation: Optimal posterior contraction rates and adaptation. Avail-
able at arXiv:2208.14350 (preprint).

[26] Giordano, M. and Nickl, R. (2020). Consistency of Bayesian inference with Gaussian process priors in an
elliptic inverse problem. Inverse Probl. 36 085001. MR4151406 https://doi.org/10.1088/1361-6420/ab7d2a

[27] Giordano, M. and Ray, K. (2022). Nonparametric Bayesian inference for reversible multidimensional diffu-
sions. Ann. Statist. 50 2872-2898. MR4500628 https://doi.org/10.1214/22-a0s2213

[28] Johnstone, .M. (2019). Gaussian Estimation: Sequence and Wavelet Models. Book draft.

[29] Knapik, B.T., Szabo, B.T., van der Vaart, A.W. and van Zanten, J.H. (2016). Bayes procedures for adap-
tive inference in inverse problems for the white noise model. Probab. Theory Related Fields 164 771-813.
MR3477780 https://doi.org/10.1007/s00440-015-0619-7

[30] Kolehmainen, V., Lassas, M., Niinimaiki, K. and Siltanen, S. (2012). Sparsity-promoting Bayesian inversion.
Inverse Probl. 28 025005. MR2876856 https://doi.org/10.1088/0266-5611/28/2/025005

[31] Lassas, M., Saksman, E. and Siltanen, S. (2009). Discretization-invariant Bayesian inversion and Besov space
priors. Inverse Probl. Imaging 3 87-122. MR2558305 https://doi.org/10.3934/ipi.2009.3.87

[32] Lassas, M. and Siltanen, S. (2004). Can one use total variation prior for edge-preserving Bayesian inversion?
Inverse Probl. 20 1537-1563. MR2109134 https://doi.org/10.1088/0266-5611/20/5/013

[33] Lepski, O.V., Mammen, E. and Spokoiny, V.G. (1997). Optimal spatial adaptation to inhomogeneous smooth-
ness: An approach based on kernel estimates with variable bandwidth selectors. Ann. Statist. 25 929-947.
MR 1447734 https://doi.org/10.1214/a0s/1069362731

[34] Papaspiliopoulos, O., Roberts, G.O. and Skold, M. (2007). A general framework for the parametrization of
hierarchical models. Statist. Sci. 22 59-73. MR2408661 https://doi.org/10.1214/088342307000000014

[35] Rockova, V. and Rousseau, J. (2021). Ideal Bayesian spatial adaptation. Available at arXiv:2105.12793
(preprint).


https://arxiv.org/abs/arXiv:1803.03344
https://mathscinet.ams.org/mathscinet-getitem?mr=3135540
https://doi.org/10.1214/13-STS421
https://mathscinet.ams.org/mathscinet-getitem?mr=3422405
https://doi.org/10.1016/j.jcp.2015.10.008
https://mathscinet.ams.org/mathscinet-getitem?mr=2942737
https://doi.org/10.3934/ipi.2012.6.183
https://mathscinet.ams.org/mathscinet-getitem?mr=3839555
https://mathscinet.ams.org/mathscinet-getitem?mr=3706755
https://doi.org/10.3150/16-BEJ872
https://doi.org/10.3150/16-BEJ872
https://mathscinet.ams.org/mathscinet-getitem?mr=1311089
https://doi.org/10.1093/biomet/81.3.425
https://mathscinet.ams.org/mathscinet-getitem?mr=1379464
https://mathscinet.ams.org/mathscinet-getitem?mr=1635414
https://doi.org/10.1214/aos/1024691081
https://mathscinet.ams.org/mathscinet-getitem?mr=1790007
https://doi.org/10.1214/aos/1016218228
https://mathscinet.ams.org/mathscinet-getitem?mr=2332274
https://doi.org/10.1214/009053606000001172
https://mathscinet.ams.org/mathscinet-getitem?mr=3587782
https://doi.org/10.1017/9781139029834
https://mathscinet.ams.org/mathscinet-getitem?mr=3588285
https://doi.org/10.1017/CBO9781107337862
https://arxiv.org/abs/arXiv:2208.14350
https://mathscinet.ams.org/mathscinet-getitem?mr=4151406
https://doi.org/10.1088/1361-6420/ab7d2a
https://mathscinet.ams.org/mathscinet-getitem?mr=4500628
https://doi.org/10.1214/22-aos2213
https://mathscinet.ams.org/mathscinet-getitem?mr=3477780
https://doi.org/10.1007/s00440-015-0619-7
https://mathscinet.ams.org/mathscinet-getitem?mr=2876856
https://doi.org/10.1088/0266-5611/28/2/025005
https://mathscinet.ams.org/mathscinet-getitem?mr=2558305
https://doi.org/10.3934/ipi.2009.3.87
https://mathscinet.ams.org/mathscinet-getitem?mr=2109134
https://doi.org/10.1088/0266-5611/20/5/013
https://mathscinet.ams.org/mathscinet-getitem?mr=1447734
https://doi.org/10.1214/aos/1069362731
https://mathscinet.ams.org/mathscinet-getitem?mr=2408661
https://doi.org/10.1214/088342307000000014
https://arxiv.org/abs/arXiv:2105.12793

Adaptive inference with p-exponential priors 2277

[36]

[37]
(38]
(39]

[40]

Rousseau, J. and Szabo, B. (2017). Asymptotic behaviour of the empirical Bayes posteriors associated to
maximum marginal likelihood estimator. Ann. Statist. 45 833-865. MR3650402 https://doi.org/10.1214/16-
AOS1469

Szabé, B., van der Vaart, A.W. and van Zanten, J.H. (2015). Frequentist coverage of adaptive nonparametric
Bayesian credible sets. Ann. Statist. 43 1391-1428. MR3357861 https://doi.org/10.1214/14-A0S1270

Szabé, B.T., van der Vaart, A.W. and van Zanten, J.H. (2013). Empirical Bayes scaling of Gaussian priors in
the white noise model. Electron. J. Stat. 7 991-1018. MR3044507 https://doi.org/10.1214/13-EJS798
Talagrand, M. (1994). The supremum of some canonical processes. Amer. J. Math. 116 283-325. MR1269606
https://doi.org/10.2307/2374931

van der Vaart, A.W. and van Zanten, J.H. (2008). Reproducing kernel Hilbert spaces of Gaussian priors. In
Pushing the Limits of Contemporary Statistics: Contributions in Honor of Jayanta K. Ghosh. Inst. Math. Stat.
(IMS) Collect. 3 200-222. Beachwood, OH: IMS. MR2459226 https://doi.org/10.1214/074921708000000156


https://mathscinet.ams.org/mathscinet-getitem?mr=3650402
https://doi.org/10.1214/16-AOS1469
https://doi.org/10.1214/16-AOS1469
https://mathscinet.ams.org/mathscinet-getitem?mr=3357861
https://doi.org/10.1214/14-AOS1270
https://mathscinet.ams.org/mathscinet-getitem?mr=3044507
https://doi.org/10.1214/13-EJS798
https://mathscinet.ams.org/mathscinet-getitem?mr=1269606
https://doi.org/10.2307/2374931
https://mathscinet.ams.org/mathscinet-getitem?mr=2459226
https://doi.org/10.1214/074921708000000156

Bernoulli 30(3), 2024, 2301-2325
https://doi.org/10.3150/23-BEJ 1674

An asymptotic Peskun ordering and its
application to lifted samplers

PHILIPPE GAGNON®and FLORIAN MAIRE®

Department of Mathematics and Statistics, Université de Montréal, Montréal, Canada,
4philippe.gagnon.3 @umontreal.ca, b florian.maire @umontreal.ca

A Peskun ordering between two samplers, implying a dominance of one over the other, is known among the Markov
chain Monte Carlo community for being a remarkably strong result. It is however also known for being a result that
is notably difficult to establish. Indeed, one has to prove that the probability to reach a state y from a state x, using a
sampler, is greater than or equal to the probability using the other sampler, and this must hold for all pairs (x,y) such
that x #y. We provide in this paper a weaker version that does not require an inequality between the probabilities
for all these states: essentially, the dominance holds asymptotically, as a varying parameter grows without bound,
as long as the states for which the probabilities are greater than or equal to belong to a mass-concentrating set.
The weak ordering turns out to be useful to compare lifted samplers for partially-ordered discrete state-spaces
with their Metropolis—Hastings counterparts. An analysis in great generality yields a qualitative conclusion: they
asymptotically perform better in certain situations (and we are able to identify them), but not necessarily in others
(and the reasons why are made clear). A quantitative study in a specific context of graphical-model simulation is
also conducted.

Keywords: Bayesian statistics; binary random variables; Ising model; Markov chain Monte Carlo methods;
variable selection
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This paper proposes convex relaxation based robust methods to recover approximately low-rank matrices in the
presence of heavy-tailed and asymmetric errors, allowing for heteroscedasticity. We focus on three archetypal
applications in matrix recovery: matrix compressed sensing, matrix completion and multitask regression. Statis-
tically, we provide sub-Gaussian-type deviation bounds when the noise variables only have bounded variances in
each aforementioned setting. Improving upon the earlier results in Fan, Wang and Zhu (Ann. Statist. 49 (2021)
1239-1266), the convergence rates of our estimators are proportional to the noise scale under matrix sensing and
multitask regression settings, and thus diminish to O in the noiseless case. Computationally, we propose a matrix
version of the local adaptive majorize-minimization algorithm, which is much faster than the alternating direction
method of multiplier used in previous work and is scalable to large datasets. Numerical experiments demonstrate
the advantage of our methods over their non-robust counterparts and corroborate the theoretical findings that the
convergence rates are proportional to the noise scale.

Keywords: Heavy-tailed data; Huber loss; low-rank matrix recovery; nuclear norm; trace regression
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Let T be a function of Hermite rank one and let {G(f)};cr be a mean-square continuous stationary Gaussian pro-
cess with long-range dependence. We explore the finite-dimensional distributions of the second-order scattering
transform of the process X = {T(G(7))};cr when all the scale parameters go to infinity simultaneously. For fre-
quently used wavelets, we find a constraint on the ratio of the scale parameters of the wavelet transform within the
first and second layers such that the limit exists. The constraint is explicitly expressed in terms of the Hurst index
of the long-range dependent inputs and the gap between the indices of the first and second non-zero coefficients
in the Hermite expansion of the function 7. Under the constraint on the ratio of the scale parameters, we prove
that the rescaled second-order scattering transform converges in the finite-dimensional distribution sense to a chi
process of degree one. The limiting process is expressed in terms of the Fourier transform of mother wavelet and
the Hurst index of long-range dependence.

Keywords: Double scaling limits; Feynman diagram; long-range dependent processes; non-Gaussian processes;
scattering transform; wavelet transform; Wiener-It6 decomposition
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Multiscale jump testing and estimation under
complex temporal dynamics
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We consider the problem of detecting jumps in an otherwise smoothly evolving trend whilst the covariance and
higher-order structures of the system can experience both smooth and abrupt changes over time. The number of
jump points is allowed to diverge to infinity with the jump sizes possibly shrinking to zero. The method is based
on a multiscale application of an optimal jump-pass filter to the time series, where the scales are dense between
admissible lower and upper bounds. For a wide class of non-stationary time series models and trend functions,
the proposed method is shown to be able to detect all jump points within a nearly optimal range with a prescribed
probability asymptotically under mild conditions. For a time series of length 7, the computational complexity of
the proposed method is O(n) for each scale and O(n log”s n) overall, where € is an arbitrarily small positive
constant. Numerical studies show that the proposed jump testing and estimation method performs robustly and
accurately under complex temporal dynamics.

Keywords: Diverging number of jumps; local CUSUM procedure; nonstationary time series; optimal estimation
accuracy
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The motion of the tagged particle in the
asymmetric exclusion process with long jumps
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We prove a law of large numbers and invariance principles for the tagged particle in the asymmetric exclusion
process with long jumps when the process starts from its equilibrium measure.
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Conditional hazard rate estimation for right
censored data

SAM EFROMOVICH?
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Theory and methodology of nonparametric sharp minimax estimation of the conditional hazard rate function of a
right censored lifetime given a continuous covariate are developed. The theory, using an oracle’s approach, shows
how the conditional hazard and nuisance functions affect rate and constant of the mean integrated squared error
(MISE) convergence. The methodology suggests a data-driven estimator matching performance of the oracle.
Further, if the lifetime is independent of the covariate, the estimator recognizes that and the MISE converges
with the univariate rate. Then the setting is extended to a vector of continuous and ordinal/nominal categorical
predictors, and an estimator performing adaptation to smoothness and dimensionality of conditional hazard is
suggested. Practical examples devoted to reducing potent greenhouse gas emissions are presented.

Keywords: Adaptation; dimension reduction; nonparametric; nuisance function; sharp minimax

References

Albu, N., Barani, N. and Constantin, M. (2021). Choosing an conomical solution for water aeration. Hydraulica
145 32-37.

Balan, T.A. and Putter, H. (2020). A tutorial on frailty models. Stat. Methods Med. Res. 29 3424-3454. MR4156864
https://doi.org/10.1177/0962280220921889

Cai, J., Fan, J., Jiang, J. and Zhou, H. (2008). Partially linear hazard regression with varying coefficients for
multivariate survival data. J. R. Stat. Soc. Ser. B. Stat. Methodol. 70 141-158. MR2412635 https://doi.org/10.
1111/.1467-9868.2007.00630.x

Comte, F., Gaiffas, S. and Guilloux, A. (2011). Adaptive estimation of the conditional intensity of marker-
dependent counting processes. Ann. Inst. Henri Poincaré Probab. Stat. 47 1171-1196. MR2884230 https://doi.
org/10.1214/10-AIHP386

Cox, D.R. and Oakes, D. (1984). Analysis of Survival Data. Monographs on Statistics and Applied Probability.
London: CRC Press. MR0751780

Cui, Y. and Hannig, J. (2019). Nonparametric generalized fiducial inference for survival functions under censoring.
Biometrika 106 501-518. MR3992384 https://doi.org/10.1093/biomet/asz016

Drewnowski, J., Remiszewska-Skwarek, A., Duda, S. and Lagod, G. (2019). Aeration process in bioreactors as the
main energy consumer in a wastewater treatment plant. Review of solutions and methods of process optimiza-
tion. Processes 7 1-21.

Efromovich, S.Y. (1985). Nonparametric estimation of the density with unknown smoothness. Theory Probab.
Appl. 30 524-534. MR 1005732 https://doi.org/10.1137/1130067

Efromovich, S.Y. (1989). On sequential nonparametric estimation of density. Theory Probab. Appl. 34 228-239.
MR1005732 https://doi.org/10.1137/1134019

Efromovich, S. (1999). Nonparametric Curve Estimation: Methods, Theory, and Applications. Springer Series in
Statistics. New York: Springer. MR1705298

Efromovich, S. (2001). Density estimation under random censorship and order restrictions: From asymptotic to
small samples. J. Amer. Statist. Assoc. 96 667-684. MR 1946433 https://doi.org/10.1198/016214501753168334

Efromovich, S. (2013). Nonparametric regression with the scale depending on auxiliary variable. Ann. Statist. 41
1542-1568. MR3113821 https://doi.org/10.1214/13-A0S1126

1350-7265 © 2024 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/23-BEJ1679
mailto:efrom@utdallas.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=4156864
https://doi.org/10.1177/0962280220921889
https://mathscinet.ams.org/mathscinet-getitem?mr=2412635
https://doi.org/10.1111/j.1467-9868.2007.00630.x
https://doi.org/10.1111/j.1467-9868.2007.00630.x
https://mathscinet.ams.org/mathscinet-getitem?mr=2884230
https://doi.org/10.1214/10-AIHP386
https://doi.org/10.1214/10-AIHP386
https://mathscinet.ams.org/mathscinet-getitem?mr=0751780
https://mathscinet.ams.org/mathscinet-getitem?mr=3992384
https://doi.org/10.1093/biomet/asz016
https://mathscinet.ams.org/mathscinet-getitem?mr=1005732
https://doi.org/10.1137/1130067
https://mathscinet.ams.org/mathscinet-getitem?mr=1005732
https://doi.org/10.1137/1134019
https://mathscinet.ams.org/mathscinet-getitem?mr=1705298
https://mathscinet.ams.org/mathscinet-getitem?mr=1946433
https://doi.org/10.1198/016214501753168334
https://mathscinet.ams.org/mathscinet-getitem?mr=3113821
https://doi.org/10.1214/13-AOS1126

2424 S. Efromovich

Efromovich, S. (2016). Minimax theory of nonparametric hazard rate estimation: Efficiency and adaptation. Ann.
Inst. Statist. Math. 68 25-75. MR3440214 https://doi.org/10.1007/s10463-014-0487-4

Efromovich, S. (2018). Missing and Modified Data in Nonparametric Estimation: With R Examples. Monographs
on Statistics and Applied Probability 156. Boca Raton, FL: CRC Press. MR3752670

Efromovich, S. (2021). Sharp minimax distribution estimation for current status censoring with or without missing.
Ann. Statist. 49 568-589. MR4206691 https://doi.org/10.1214/20-A0S1970

Efromovich, S. (2024). Supplement to “Conditional hazard rate estimation for right censored data.” https://doi.org/
10.3150/23-BEJ1679SUPP

Fleming, T.R. and Harrington, D.P. (2011). Counting Processes and Survival Analysis. New York: Wiley.
MR1100924

Gill, R. (2006). Lectures on Survival Analysis. New York: Springer.

Gneyou, K.E. (2014). A strong linear representation for the maximum conditional hazard rate estimator in survival
analysis. J. Multivariate Anal. 128 10-18. MR3199824 https://doi.org/10.1016/j.jmva.2014.02.013

Golubev, G.K. (1991). LAN in problems of non-parametric estimation of functions and lower bounds for quadratic
risks. Probl. Inf. Transm. 36 152-157. MR1109023 https://doi.org/10.1137/1136014

Hoffmann, M. and Lepski, O. (2002). Random rates in anisotropic regression. Ann. Statist. 30 325-396. With
discussions and a rejoinder by the authors. MR1902892 https://doi.org/10.1214/a0s/1021379858

Huang, J.Z. and Su, Y. (2021). Asymptotic properties of penalized spline estimators in concave extended linear
models: Rates of convergence. Ann. Statist. 49 3383-3407. MR4352534 https://doi.org/10.1214/21-20s2088

Ibragimov, [.A. and Khasminskii, R.Z. (1981). Statistical Estimation: Asymptotic Theory. Applications of Mathe-
matics 16. New York—Berlin: Springer. Translated from the Russian by Samuel Kotz. MR0620321

Kahane, J.-P. (1985). Some Random Series of Functions, 2nd ed. Cambridge Studies in Advanced Mathematics S.
Cambridge: Cambridge Univ. Press. MR0833073

Kalbfleisch, J.D. and Prentice, R.L. (2011). The Statistical Analysis of Failure Time Data. New York: Wiley.
MRO0570114

Kang, S., Lu, W. and Zhang, J. (2018). On estimation of the optimal treatment regime with the additive hazards
model. Statist. Sinica 28 1539-1560. MR3821017

Klein, J. and Moeschberger, M. (2003). Survival Analysis: Techniques for Censored and Truncated Data. New
York: Springer.

Kooperberg, C., Stone, C.J. and Truong, Y.K. (1995). Hazard regression. J. Amer. Statist. Assoc. 90 78-94.
MR1325116

Lee, E.T. and Wang, J.W. (2003). Statistical Methods for Survival Data Analysis, 3rd ed. Wiley Series in Probability
and Statistics. Hoboken, NJ: Wiley Interscience. MR1968483 https://doi.org/10.1002/0471458546

Lee, E.T. and Wang, J.W. (2013). Statistical Methods for Survival Data Analysis, 4th ed. Wiley Series in Probability
and Statistics. Hoboken, NJ: Wiley. MR3235949

Legrand, C. (2021). Advanced Survival Models. Chapman & Hall/CRC Biostatistics Series. Boca Raton, FL: CRC
Press. MR4596197

Li, G. and Doss, H. (1995). An approach to nonparametric regression for life history data using local linear fitting.
Ann. Statist. 23 787-823. MR1345201 https://doi.org/10.1214/a0s/1176324623

Li, D., Lu, W., Shu, D., Toh, S. and Wang, W. (2023). Distributed Cox proportional hazards regression using
summary-level information. Biostatistics 24 776—794. https://doi.org/10.1093/biostatistics/kxac006

Lu, M., Lu, T. and Li, C.-S. (2018). Efficient estimation of partially linear additive Cox model under monotonicity
constraint. J. Statist. Plann. Inference 192 18-34. MR3697122 https://doi.org/10.1016/j.jspi.2017.07.003

McKeague, I.W. and Utikal, K.J. (1990). Inference for a nonlinear counting process regression model. Ann. Statist.
18 1172-1187. MR1062704 https://doi.org/10.1214/a0s/1176347745

Miller, R.G. Jr. (2011). Survival Analysis. New York: Wiley. MR0634228

Moore, D. (2016). Applied Survival Analysis Using R. New York: Springer.

Pinsker, M.S. (1980). Optimal filtration of square-integrable signals in Gaussian noise. Problemy Peredachi Infor-
matsii 16 52-68. MR0624591

Prentice, R.L. and Zhao, S. (2019). The Statistical Analysis of Multivariate Failure Time Data: A Marginal Model-
ing Approach. Monographs on Statistics and Applied Probability 163. Boca Raton, FL: CRC Press. MR3966434
https://doi.org/10.1201/9780429162367


https://mathscinet.ams.org/mathscinet-getitem?mr=3440214
https://doi.org/10.1007/s10463-014-0487-4
https://mathscinet.ams.org/mathscinet-getitem?mr=3752670
https://mathscinet.ams.org/mathscinet-getitem?mr=4206691
https://doi.org/10.1214/20-AOS1970
https://doi.org/10.3150/23-BEJ1679SUPP
https://doi.org/10.3150/23-BEJ1679SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=1100924
https://mathscinet.ams.org/mathscinet-getitem?mr=3199824
https://doi.org/10.1016/j.jmva.2014.02.013
https://mathscinet.ams.org/mathscinet-getitem?mr=1109023
https://doi.org/10.1137/1136014
https://mathscinet.ams.org/mathscinet-getitem?mr=1902892
https://doi.org/10.1214/aos/1021379858
https://mathscinet.ams.org/mathscinet-getitem?mr=4352534
https://doi.org/10.1214/21-aos2088
https://mathscinet.ams.org/mathscinet-getitem?mr=0620321
https://mathscinet.ams.org/mathscinet-getitem?mr=0833073
https://mathscinet.ams.org/mathscinet-getitem?mr=0570114
https://mathscinet.ams.org/mathscinet-getitem?mr=3821017
https://mathscinet.ams.org/mathscinet-getitem?mr=1325116
https://mathscinet.ams.org/mathscinet-getitem?mr=1968483
https://doi.org/10.1002/0471458546
https://mathscinet.ams.org/mathscinet-getitem?mr=3235949
https://mathscinet.ams.org/mathscinet-getitem?mr=4596197
https://mathscinet.ams.org/mathscinet-getitem?mr=1345201
https://doi.org/10.1214/aos/1176324623
https://doi.org/10.1093/biostatistics/kxac006
https://mathscinet.ams.org/mathscinet-getitem?mr=3697122
https://doi.org/10.1016/j.jspi.2017.07.003
https://mathscinet.ams.org/mathscinet-getitem?mr=1062704
https://doi.org/10.1214/aos/1176347745
https://mathscinet.ams.org/mathscinet-getitem?mr=0634228
https://mathscinet.ams.org/mathscinet-getitem?mr=0624591
https://mathscinet.ams.org/mathscinet-getitem?mr=3966434
https://doi.org/10.1201/9780429162367

Conditional hazard 2425

Samuelson, O., Bjokra, A. and Carlsson, B. (2021). Model-based monitoring of diffuser fouling using standard
sensors. Water Res. 13 100-118.

Slavov, A.K. (2017). General characteristics and treatment possibilities of dairy wastewater - a review. Food Tech-
nol. Biotechnol. 55 14-28. https://doi.org/10.17113/ftb.55.01.17.4520

Spierdijk, L. (2008). Nonparametric conditional hazard rate estimation: A local linear approach. Comput. Statist.
Data Anal. 52 2419-2434. MR2411948 https://doi.org/10.1016/j.csda.2007.08.007

Tsiatis, A. (1975). A nonidentifiability aspect of the problem of competing risks. Proc. Natl. Acad. Sci. USA T2
20-22. MR0356425 https://doi.org/10.1073/pnas.72.1.20

Van Keilegom, I. and Veraverbeke, N. (2001). Hazard rate estimation in nonparametric regression with censored
data. Ann. Inst. Statist. Math. 53 730-745. MR 1880808 https://doi.org/10.1023/A:1014696717644

Vinardella, S., Astalsa, S., Pecesb, M., Cardetea, M., Fernandez, 1., Mata-Alvareza, J. and Dosta, J. (2020). Ad-
vances in anaerobic membrane bioreactor technology for municipal wastewater treatment. Renew. Sustain. En-
ergy Rev. 130 109-136.

Wasserman, L. (2006). All of Nonparametric Statistics. Springer Texts in Statistics. New York: Springer.
MR2172729

Zhao, L. and Feng, D. (2020). Deep neural networks for survival analysis using pseudo values. IEEE J. Biomed.
Health Inform. 24 3308-3314.

Zhong, Q., Mueller, J. and Wang, J.-L. (2022). Deep learning for the partially linear Cox model. Ann. Statist. 50
1348-1375. MR4441123 https://doi.org/10.1214/21-a0s2153

Zhou, M. (2016). Empirical Likelihood Method in Survival Analysis. Chapman & Hall/CRC Biostatistics Series.
Boca Raton, FL: CRC Press. MR3616660


https://doi.org/10.17113/ftb.55.01.17.4520
https://mathscinet.ams.org/mathscinet-getitem?mr=2411948
https://doi.org/10.1016/j.csda.2007.08.007
https://mathscinet.ams.org/mathscinet-getitem?mr=0356425
https://doi.org/10.1073/pnas.72.1.20
https://mathscinet.ams.org/mathscinet-getitem?mr=1880808
https://doi.org/10.1023/A:1014696717644
https://mathscinet.ams.org/mathscinet-getitem?mr=2172729
https://mathscinet.ams.org/mathscinet-getitem?mr=4441123
https://doi.org/10.1214/21-aos2153
https://mathscinet.ams.org/mathscinet-getitem?mr=3616660

Bernoulli 30(3), 2024, 2450-2474
https://doi.org/10.3150/23-BEJ 1680

Detecting long-range dependence for
time-varying linear models

LUJIA BAI? and WEICHI WUP

Center for Statistical Science, Department of Industrial Engineering, Tsinghua University, Beijing, China,
3plj20@mails.tsinghua.edu.cn, ywuweichi@mail. tsinghua.edu.cn

We consider the problem of testing for long-range dependence in time-varying coefficient regression models,
where the covariates and errors are locally stationary, allowing complex temporal dynamics and heteroscedastic-
ity. We develop KPSS, R/S, V/S, and K/S-type statistics based on the nonparametric residuals. Under the null
hypothesis, the local alternatives as well as the fixed alternatives, we derive the limiting distributions of the test
statistics. As the four types of test statistics could degenerate when the time-varying mean, variance, long-run
variance of errors, covariates, and the intercept lie in certain hyperplanes, we show the bootstrap-assisted tests
are consistent under both degenerate and non-degenerate scenarios. In particular, in the presence of covariates the
exact local asymptotic power of the bootstrap-assisted tests can enjoy the same order as that of the classical KPSS
test of long memory for strictly stationary series. The asymptotic theory is built on a new Gaussian approximation
technique for locally stationary long-memory processes with short-memory covariates, which is of independent
interest. The effectiveness of our tests is demonstrated by extensive simulation studies and real data analysis.

Keywords: Long-range dependence; locally stationary process; spurious long memory; time-varying models
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We study the large-sample properties of sparse M-estimators in the presence of pseudo-observations. Our frame-
work covers a broad class of semi-parametric copula models, for which the marginal distributions are unknown and
replaced by their empirical counterparts. It is well known that the latter modification significantly alters the limit-
ing laws compared to usual M-estimation. We establish the consistency and the asymptotic normality of our sparse
penalized M-estimator and we prove the asymptotic oracle property with pseudo-observations, possibly in the case
when the number of parameters is diverging. Our framework allows to manage copula-based loss functions that are
potentially unbounded. Additionally, we state the weak limit of multivariate rank statistics for an arbitrary dimen-
sion and the weak convergence of empirical copula processes indexed by maps. We apply our inference method to
Canonical Maximum Likelihood losses with Gaussian copulas, mixtures of copulas or conditional copulas. The
theoretical results are illustrated by two numerical experiments.
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We derive both Azuma-Hoeffding and Burkholder-type inequalities for partial sums over a rectangular grid of
dimension d of a random field satisfying a weak dependency assumption of projective type: the difference between
the expectation of an element of the random field and its conditional expectation given the rest of the field at a
distance more than ¢ is bounded, in L), distance, by a known decreasing function of ¢. The analysis is based on
the combination of a multi-scale approximation of random sums by martingale difference sequences, and of a
careful decomposition of the domain. The obtained results extend previously known bounds under comparable
hypotheses, and do not use the assumption of commuting filtrations.
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This paper discusses the problem of choosing the optimal block length for two block bootstrap methods designed
for periodically correlated processes. These are the Generalized Seasonal Block Bootstrap and the Extension of
Moving Block Bootstrap. Two estimation problems are considered: the overall mean and the seasonal means.
In both cases, the optimal block length is obtained by minimizing the mean squared error of the corresponding
bootstrap variance estimator and in all cases it is proportional to the cube root of the sample size and should
be a multiple of the period length plus one observation to avoid some bias. Finally, the results of the performed
simulation are presented, in which optimal blocks lengths are estimated for several periodically correlated time
series.

Keywords: Asymptotic expansion; bifrequency square; periodic time series; spectral estimation
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