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This article reviews Ole E. Barndorff-Nielsen’s contributions and perspectives on theoretical aspects of classical
infinite divisibility and its interrelation with free infinite divisibility. Emphasis is placed on his understanding of
such a relation and how this perspective was fertile for finding new concrete examples and families of infinitely
divisible distributions in both senses.
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This article surveys key aspects of ambit stochastics and remembers Ole E. Barndorftf-Nielsen’s important contri-
butions to the foundation and advancement of this new research field over the last two decades. It also highlights
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This paper reviews Ole Eiler Barndorff-Nielsen’s research in the first decades of his career. The focus is on
topics that he kept returning to throughout his scientific life, and on papers that he built on in later important
contributions. First his early contributions to the foundations of statistical inference are reviewed with focus on
conditional inference and exponential families, two topics in which he had a lifelong interest. The second half of
the paper reviews his research on wind blown sand and hyperbolic distributions and processes, including his early
contributions to modelling of turbulent wind fields. This research laid the foundations for his later work on financial
econometrics and ambit processes.
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This note reviews some of the contributions Ole Eiler Barndorff-Nielsen made to financial econometrics. He was
particularly active in that area from the mid-nineties for around a dozen years. His innovations include the NIG
Lévy process, the Barndorff-Nielsen-Shephard model, the supOU process, the formalization of realized volatility
and realised beta, the introduction of bipower variation, realized semivariance, realized kernels and gradual jumps.
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We consider the problem of late change-point detection under the preferential attachment random graph model
with time dependent attachment function. This can be formulated as a hypothesis testing problem where the null
hypothesis corresponds to a preferential attachment model with a constant affine attachment parameter 6 and the
alternative corresponds to a preferential attachment model where the affine attachment parameter changes from 6
to §1 atatime 1, =n — Ay, where 0 < A, < n and n is the size of the graph. It was conjectured in (Bet et al. (2023))
that when observing only the unlabeled graph, detection of the change is not possible for A, = o(nl/ 2y In this
work, we make a step towards proving the conjecture by proving the impossibility of detecting the change when
Ap = o(nl/ 3 ). We also study change-point detection in the case where the labeled graph is observed and show that
change-point detection is possible if and only if A;; — oo, thereby exhibiting a strong difference between the two
settings.

Keywords: Change-point detection; contiguity; preferential attachment; random graphs
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Rates of convergence and normal
approximations for estimators of local
dependence random graph models

JONATHAN R. STEWART!2

1Department of Statistics, Florida State University, Tallahassee, FL, USA, ®jrstewart@fsu.edu

Local dependence random graph models are a class of block models for network data which allow for dependence
among edges under a local dependence assumption defined around the block structure of the network. Since being
introduced by Schweinberger and Handcock (J. R. Stat. Soc. Ser. B. Stat. Methodol. 77 (2015) 647-676), research
in the statistical network analysis and network science literatures have demonstrated the potential and utility of this
class of models. In this work, we provide the first theory for estimation and inference which ensures consistent and
valid inference of parameter vectors of local dependence random graph models. This is accomplished by deriving
convergence rates of estimation and inference procedures for local dependence random graph models based on a
single observation of the graph, allowing both the number of model parameters and the sizes of blocks to tend to
infinity. First, we derive non-asymptotic bounds on the ¢;-error of maximum likelihood estimators with convergence
rates, outlining conditions under which these rates are minimax optimal. Second, and more importantly, we derive
non-asymptotic bounds on the error of the multivariate normal approximation. These theoretical results are the first
to achieve both optimal rates of convergence and non-asymptotic bounds on the error of the multivariate normal
approximation for parameter vectors of local dependence random graph models.

Keywords: Local dependence random graph model; minimax bounds; multivariate normal approximation;
network data; statistical network analysis

References

Agneessens, F., Trincado-Munoz, F.J. and Koskinen, J. (2024). Network formation in organizational settings:
Exploring the importance of local social processes and team-level contextual variables in small groups using
Bayesian hierarchical ERGMs. Soc. Netw. 77 104—117. https://doi.org/10.1016/j.socnet.2022.07.001

Babkin, S., Stewart, J.R., Long, X. and Schweinberger, M. (2020). Large-scale estimation of random graph models
with local dependence. Comput. Statist. Data Anal. 152 107029. MR4130894 https://doi.org/10.1016/j.csda.
2020.107029

Brown, L.D. (1986). Fundamentals of Statistical Exponential Families: With Applications in Statistical Decision
Theory. Institute of Mathematical Statistics. MR0882001 https://doi.org/10.1214/Inms/1215466757

Chatterjee, S. and Diaconis, P. (2013). Estimating and understanding exponential random graph models. Ann.
Statist. 41 2428-2461. MR3127871 https://doi.org/10.1214/13-A0S1155

Chatterjee, S., Diaconis, P. and Sly, A. (2011). Random graphs with a given degree sequence. Ann. Appl. Probab.
21 1400-1435. MR2857452 https://doi.org/10.1214/10-AAP728

Dahbura, J.N.M., Komatsu, S., Nishida, T. and Mele, A. (2021). A structural model of business card exchange
networks. arXiv preprint, arXiv:2105.12704. https://doi.org/10.48550/arXiv.2105.12704

Dahbura, J.N.M., Komatsu, S., Nishida, T. and Mele, A. (2023). Homophily and community structure at scale:
An application to a large professional network. AEA Pap. Proc. 113 156-160. https://doi.org/10.1257/pandp.
20231094

Geyer, C.J. and Thompson, E.A. (1992). Constrained Monte Carlo maximum likelihood for dependent data. J. R.
Stat. Soc. Ser. B. Stat. Methodol. 54 657-683. MR1185217 https://doi.org/10.1111/.2517-6161.1992.tb01443 x

1350-7265 © 2026 ISI/BS


https://www.bernoullisociety.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/25-BEJ1852
mailto:jrstewart@fsu.edu
https://doi.org/10.1016/j.socnet.2022.07.001
https://mathscinet.ams.org/mathscinet-getitem?mr=4130894
https://doi.org/10.1016/j.csda.2020.107029
https://doi.org/10.1016/j.csda.2020.107029
https://mathscinet.ams.org/mathscinet-getitem?mr=0882001
https://doi.org/10.1214/lnms/1215466757
https://mathscinet.ams.org/mathscinet-getitem?mr=3127871
https://doi.org/10.1214/13-AOS1155
https://mathscinet.ams.org/mathscinet-getitem?mr=2857452
https://doi.org/10.1214/10-AAP728
https://arxiv.org/abs/2105.12704
https://doi.org/10.48550/arXiv.2105.12704
https://doi.org/10.1257/pandp.20231094
https://doi.org/10.1257/pandp.20231094
https://mathscinet.ams.org/mathscinet-getitem?mr=1185217
https://doi.org/10.1111/j.2517-6161.1992.tb01443.x

128 J.R. Stewart

Ghosal, S. (2000). Asymptotic normality of posterior distributions for exponential families when the number of
parameters tends to infinity. J. Multivariate Anal. 74 49—68. MR1790613 https://doi.org/10.1006/jmva.1999.
1874

Hiaggstrom, O. and Jonasson, J. (1999). Phase transition in the random triangle model. J. Appl. Probab. 36
1101-1115. MR1742153 https://doi.org/10.1239/jap/1032374758

Holland, P.W., Laskey, K.B. and Leinhardt, S. (1983). Stochastic blockmodels: First steps. Soc. Netw. 5 109-137.
MRO0718088 https://doi.org/10.1016/0378-8733(83)90021-7

Holland, P.W. and Leinhardt, S. (1981). An exponential family of probability distributions for directed graphs. J.
Amer. Statist. Assoc. 76 33-50. MR0608176 https://doi.org/10.1080/01621459.1981.10477598

Hunter, D.R. and Handcock, M.S. (2006). Inference in curved exponential family models for networks. J. Comput.
Graph. Statist. 15 565-583. MR2291264 https://doi.org/10.1198/106186006X133069

Jankova, J. and van de Geer, S. (2018). Inference in high-dimensional graphical models. In Handbook of Graphical
Models (M. Maathuis, M. Drton, S. Lauritzen and M. Wainwright, eds.) 325-350. CRC Press. MR3888003
https://doi.org/10.1080/01621459.2020.1801279

Jonasson, J. (1999). The random triangle model. J. Appl. Probab. 36 852-867. MR1737058 https://doi.org/10.
1239/jap/1032374639

Krivitsky, P.N., Hunter, D.R., Morris, M. and Klumb, C. (2023). ergm 4: New features for analyzing exponential-
family random graph models. J. Stat. Softw. 105 1-44. https://doi.org/10.18637/jss.v105.106

Lusher, D., Koskinen, J. and Robins, G. (2012). Exponential Random Graph Models for Social Networks. Cambridge
University Press. https://doi.org/10.1017/CB0O9780511894701

Mele, A. (2022). A structural model of homophily and clustering in social networks. J. Bus. Econom. Statist. 40
1377-1389. MR4439296 https://doi.org/10.1080/07350015.2021.1930013

Newman, M.E. and Girvan, M. (2004). Finding and evaluating community structure in networks. Phys. Rev. E 69
026113. MR1975193 https://doi.org/10.1103/PhysRevE.69.026113

Portnoy, S. (1988). Asymptotic behavior of likelihood methods for exponential families when the number of
parameters tends to infinity. Ann. Statist. 16 356-366. MR0924876 https://doi.org/10.1214/a0s/1176350710

Rai¢, M. (2019). A multivariate Berry-Esseen theorem with explicit constants. Bernoulli 25 2824-2853.
MR4003566 https://doi.org/10.3150/18-BEJ1072

Ravikumar, P., Wainwright, M.J. and Lafferty, J.D. (2010). High-dimensional Ising model selection using ¢;-
regularized logistic regression. Ann. Statist. 38 1287-1319. MR2662343 https://doi.org/10.1214/09-A0S691

Schubert, D. and Brand, A. (2022). “Whom should I talk to?”’: Role prescription and hierarchy building in supervised
living groups. Soc. Incl. 10 295-306. https://doi.org/10.17645/si.v10i3.5406

Schweinberger, M. (2011). Instability, sensitivity, and degeneracy of discrete exponential families. J. Amer. Statist.
Assoc. 106 1361-1370. MR2896841 https://doi.org/10.1198/jasa.2011.tm10747

Schweinberger, M. (2020). Consistent structure estimation of exponential-family random graph models with block
structure. Bernoulli 26 1205-1233. MR4058365 https://doi.org/10.3150/19-BEJ1153

Schweinberger, M. and Handcock, M.S. (2015). Local dependence in random graph models: Characterization,
properties and statistical inference. J. R. Stat. Soc. Ser. B. Stat. Methodol. 77 647-676. MR3351449 https://doi.
org/10.1111/rssb.12081

Schweinberger, M. and Stewart, J. (2020). Concentration and consistency results for canonical and curved
exponential-family models of random graphs. Ann. Statist. 48 374-396. MR4065166 https://doi.org/10.1214/
19-A0S1810

Schweinberger, M., Krivitsky, P.N., Butts, C.T. and Stewart, J.R. (2020). Exponential-family models of random
graphs: Inference in finite, super and infinite population scenarios. Statist. Sci. 35 627-662. MR4175389 https://
doi.org/10.1214/19-STS743

Shao, M., Zhang, Y., Wang, Q., Zhang, Y., Luo, J. and Yan, T. (2021). L-2 Regularized maximum likelihood for
B-model in large and sparse networks. arXiv preprint, arXiv:2110.11856. https://doi.org/10.48550/arXiv.2110.
11856

Snijders, T.A. (2002). Markov chain Monte Carlo estimation of exponential random graph models. J. Soc. Struct.
3 1-40.

Stewart, J.R. (2026). Supplement to “Rates of convergence and normal approximations for estimators of local
dependence random graph models.” https://doi.org/10.3150/25-BEJ1852SUPP


https://mathscinet.ams.org/mathscinet-getitem?mr=1790613
https://doi.org/10.1006/jmva.1999.1874
https://doi.org/10.1006/jmva.1999.1874
https://mathscinet.ams.org/mathscinet-getitem?mr=1742153
https://doi.org/10.1239/jap/1032374758
https://mathscinet.ams.org/mathscinet-getitem?mr=0718088
https://doi.org/10.1016/0378-8733(83)90021-7
https://mathscinet.ams.org/mathscinet-getitem?mr=0608176
https://doi.org/10.1080/01621459.1981.10477598
https://mathscinet.ams.org/mathscinet-getitem?mr=2291264
https://doi.org/10.1198/106186006X133069
https://mathscinet.ams.org/mathscinet-getitem?mr=3888003
https://doi.org/10.1080/01621459.2020.1801279
https://mathscinet.ams.org/mathscinet-getitem?mr=1737058
https://doi.org/10.1239/jap/1032374639
https://doi.org/10.1239/jap/1032374639
https://doi.org/10.18637/jss.v105.i06
https://doi.org/10.1017/CBO9780511894701
https://mathscinet.ams.org/mathscinet-getitem?mr=4439296
https://doi.org/10.1080/07350015.2021.1930013
https://mathscinet.ams.org/mathscinet-getitem?mr=1975193
https://doi.org/10.1103/PhysRevE.69.026113
https://mathscinet.ams.org/mathscinet-getitem?mr=0924876
https://doi.org/10.1214/aos/1176350710
https://mathscinet.ams.org/mathscinet-getitem?mr=4003566
https://doi.org/10.3150/18-BEJ1072
https://mathscinet.ams.org/mathscinet-getitem?mr=2662343
https://doi.org/10.1214/09-AOS691
https://doi.org/10.17645/si.v10i3.5406
https://mathscinet.ams.org/mathscinet-getitem?mr=2896841
https://doi.org/10.1198/jasa.2011.tm10747
https://mathscinet.ams.org/mathscinet-getitem?mr=4058365
https://doi.org/10.3150/19-BEJ1153
https://mathscinet.ams.org/mathscinet-getitem?mr=3351449
https://doi.org/10.1111/rssb.12081
https://doi.org/10.1111/rssb.12081
https://mathscinet.ams.org/mathscinet-getitem?mr=4065166
https://doi.org/10.1214/19-AOS1810
https://doi.org/10.1214/19-AOS1810
https://mathscinet.ams.org/mathscinet-getitem?mr=4175389
https://doi.org/10.1214/19-STS743
https://doi.org/10.1214/19-STS743
https://arxiv.org/abs/2110.11856
https://doi.org/10.48550/arXiv.2110.11856
https://doi.org/10.48550/arXiv.2110.11856
https://doi.org/10.3150/25-BEJ1852SUPP

Rates of convergence for local dependence random graph models 129

Stewart, J.R. and Schweinberger, M. (2019). R package mlergm. Multilevel Exponential-Family Random Graph
Models. The Comprehensive R Archive Network.

Stewart, J.R. and Schweinberger, M. (2020). Pseudo-likelihood-based M -estimation of random graphs with depen-
dent edges and parameter vectors of increasing dimension. arXiv preprint, arXiv:2012.07167. https://doi.org/
10.48550/arXiv.2012.07167

Stewart, J., Schweinberger, M., Bojanowski, M. and Morris, M. (2019). Multilevel network data facilitate statistical
inference for curved ERGMs with geometrically weighted terms. Soc. Netw. 59 98—119. https://doi.org/10.1016/
j-socnet.2018.11.003

Sundberg, R. (2019). Statistical Modelling by Exponential Families. Cambridge University Press. MR3969949
https://doi.org/10.1017/9781108604574

Tolochko, P. and Boomgaarden, H.G. (2024). Same but different: A comparison of estimation approaches for
exponential random graph models for multiple networks. Soc. Netw. 76 1-11. https://doi.org/10.1016/j.socnet.
2023.05.003

Whetsell, T.A., Kroll, A. and Dehart-Davis, L. (2021). Formal hierarchies and informal networks: How organiza-
tional structure shapes information search in local government. J. Public Adm. Res. Theory 31 653—-669. https://
doi.org/10.1093/jopart/muab003


https://arxiv.org/abs/2012.07167
https://doi.org/10.48550/arXiv.2012.07167
https://doi.org/10.48550/arXiv.2012.07167
https://doi.org/10.1016/j.socnet.2018.11.003
https://doi.org/10.1016/j.socnet.2018.11.003
https://mathscinet.ams.org/mathscinet-getitem?mr=3969949
https://doi.org/10.1017/9781108604574
https://doi.org/10.1016/j.socnet.2023.05.003
https://doi.org/10.1016/j.socnet.2023.05.003
https://doi.org/10.1093/jopart/muab003
https://doi.org/10.1093/jopart/muab003

Bernoulli 32(1), 2026, 153-178
https://doi.org/10.3150/25-BEJ1853

Markov properties of Gaussian random fields on
compact metric graphs

DAVID BOLIN'® ALEXANDRE B. SIMAS!'"® and JONAS WALLINZ¢

LSratistics Program, Computer, Electrical and Mathematical Sciences and Engineering Division, King Abdullah
University of Science and Technology (KAUST), Thuwal, Saudi Arabia, ®david.bolin@kaust.edu.sa,
balexandre.simas@kaust. edu.sa

2Department of Statistics, Lund University, Lund, Sweden, jonas.wallin@stat.lu.se

There has recently been much interest in Gaussian fields on linear networks and, more generally, on compact metric
graphs. One proposed strategy for defining such fields on a metric graph I' is through a covariance function that
is isotropic in a metric on the graph. Another is through a fractional-order differential equation L 2(7u) =W on
I, where L = k2 — V(aV) for (sufficiently nice) functions «, a, and ‘W is Gaussian white noise. We study Markov
properties of these two types of fields. First, we show that no Gaussian random fields exist on general metric graphs
that are both isotropic and Markov. Then, we show that the second type of fields, the generalized Whittle-Matérn
fields, are Markov if @ € N, and conversely, if a and « are constant and u is Markov, then o € N. Further, if @ € N,
a generalized Whittle-Matérn field u is Markov of order @, which means that the field « in one region S c I is
conditionally independent of u in I \ S given the values of u and its @ — 1 derivatives on dS. Finally, we provide
two results as consequences of the theory developed: first we prove that the Markov property implies an explicit
characterization of u# on a fixed edge e, revealing that the conditional distribution of u# on e given the values at the
two vertices connected to e is independent of the geometry of I'; second, we show that the solution to L'? (tu) =W
on I can obtained by conditioning independent generalized Whittle—Matérn processes on the edges, with & =1
and Neumann boundary conditions, on being continuous at the vertices.

Keywords: Gaussian processes; networks; quantum graphs; stochastic partial differential equations
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Recently established, directed dependence measures for pairs (X,Y) of random variables build upon the natural
idea of comparing the conditional distributions of Y given X = x with the unconditional distribution of Y. They
assign pairs (X,Y) values in [0, 1], where the value is O if and only if X,Y are independent, and it is 1 exclusively
for Y being a measurable function of X. Here we show that comparing randomly drawn conditional distributions
with each other instead or, equivalently, analyzing how sensitive the conditional distribution of ¥ given X = x is on
x, opens the door to constructing novel families of dependence measures A, induced by general convex functions
¢ : R — R, containing, e.g., Chatterjee’s coefficient of correlation as special case. After establishing additional
useful properties of A, we focus on continuous (X, Y), translate A, to the copula setting, consider the L -version
and establish an estimator which is strongly consistent in full generality. A real data example and a simulation study
illustrate the chosen approach and the performance of the estimator. Complementing the afore-mentioned results,
we show how a slight modification of the sensitivity idea underlying A, can be used to define new measures of
explainability generalizing the fraction of explained variance.

Keywords: Chatterjee’s correlation coefficient; conditional distributions; copula; dependence measure;
explainability; Schur order; sensitivity
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branching processes in an 11d random
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Branching processes in a random environment are natural generalisations of Galton-Watson processes. In this
paper we analyse the asymptotic decay of the survival probability for a sequence of slightly supercritical branching
processes in an iid random environment, where the offspring expectation converges from above to 1. We prove that
Haldane’s asymptotics, known from classical Galton-Watson processes, turns up again in the random environment
case, provided that one stays away from the critical/subcritical regime. A central building block is a connection to
and a limit theorem for perpetuities with asymptotically vanishing interest rates.
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Bayesian model selection consistency for
high-dimensional discrete graphical models
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The Bayes factor is a popular method of model selection that compares the posterior probabilities of two competing
models. Consider data given in the form of a contingency table where N objects are classified according to g
random variables and the conditional independence structure of these random variables are represented by a
discrete graphical model. We assume the cell counts follow a multinomial distribution with a hyper Dirichlet prior
distribution imposed on the cell probability parameters. We examine the behaviour of the Bayes factor when the
dimension increases to infinity with the sample size. Our main result is proving strong model selection consistency
for increasing dimension both when the true graph is decomposable and when the true graph is non-decomposable.
When the true graph is non-decomposable, we prove that the Bayes factor selects a minimal triangulation of the
true graph with the least fill-in edges.

Keywords: Bayesian; consistency; decomposable; graph selection; hyper Dirichlet; marginal likelihood
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Consider stochastic partial differential equations (SPDEs) with fully local monotone coefficients in a Gelfand triple
VCHCVY,

duf = A(t,uf)dt + eB(t,uf )dWy, t € (0,T],
u(‘)9 =x€H,

where
A:[0,T]xV—=V* B:[0,T]xV— Ly(U,H)

are measurable maps, Ly (U, H) is the space of Hilbert-Schmidt operators from U to H and W is a U-cylindrical
Wiener process. In this paper, we establish a small noise large deviation principle (LDP) for the solutions {u#®} o~
of the above SPDEs. The main contribution of this paper is the much broader generality of our framework than that
of the existing results. In particular, the diffusion coefficient B(t,-) may depend on the gradient of the solutions,
which is of great interest in the field of SPDEs, but there are few existing results on the topic of LDP. The broader
scope of the fully local monotone setting leads us to use different strategies and techniques. A combination of
pseudomonotone technique and compactness arguments plays a crucial role in the whole paper. Our framework is
very general to include many interesting models that could not be covered by existing work, including stochastic
quasilinear SPDEs, stochastic convection diffusion equation, stochastic 2D liquid crystal equation, stochastic p-
Laplace equation with gradient-dependent noise, stochastic 2D Navier-Stokes equation with gradient-dependent
noise, etc.

Keywords: Fully local monotone coefficient; gradient-dependent noise; large deviation principle; stochastic
partial differential equations; transport noise; variational approach; weak convergence method
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The partial conjunction null hypothesis is tested in order to discover a signal that is present in multiple studies.
The standard approach of carrying out a multiple test procedure on the partial conjunction (PC) p-values can be
extremely conservative. We suggest alleviating this conservativeness by eliminating many of the large PC p-values
prior to the application of a multiple test procedure. This leads to the following two step procedure: first, select the
set with PC p-values below a selection threshold; second, within the selected set only, apply a family-wise error
rate or false discovery rate controlling procedure on the conditional PC p-values. The conditional PC p-values are
valid if the null p-values are uniform and the combining method is Fisher. The proof of their validity is based on
a novel inequality in hazard rate order of partial sums of order statistics which may be of independent interest. We
also provide the conditions for which the false discovery rate controlling procedures considered will be below the
nominal level. We demonstrate the potential usefulness of our new method, CoFilter (conditional testing after
filtering), for analyzing multiple genome-wide association studies of Crohn’s disease.
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We explore the minimax optimality of goodness-of-fit tests on general domains using the kernelized Stein dis-
crepancy (KSD). The KSD framework offers a flexible approach for goodness-of-fit testing, avoiding strong
distributional assumptions, accommodating diverse data structures beyond Euclidean spaces, and relying only on
partial knowledge of the reference distribution, while maintaining computational efficiency. Although KSD is a
powerful framework for goodness-of-fit testing, only the consistency of the corresponding tests has been established
so far, and their statistical optimality remains largely unexplored. In this paper, we develop a general framework and
an operator-theoretic representation of the KSD, encompassing many existing KSD tests in the literature, which
vary depending on the domain. Building on this representation, we propose a modified discrepancy by applying
the concept of spectral regularization to the KSD framework. We establish the minimax optimality of the proposed
regularized test for a wide range of the smoothness parameter 6 under a specific alternative space, defined over
general domains, using the Xz—divergence as the separation metric. In contrast, we demonstrate that the unregu-
larized KSD test fails to achieve the minimax separation rate for the considered alternative space. Additionally,
we introduce an adaptive test capable of achieving minimax optimality up to a logarithmic factor by adapting to
unknown parameters. Through numerical experiments, we illustrate the superior performance of our proposed tests
across various domains compared to their unregularized counterparts.

Keywords: Adaptivity; Bernstein’s inequality; covariance operator; goodness-of-fit test; kernel Stein discrepancy;
maximum mean discrepancy; minimax separation; reproducing kernel Hilbert space; spectral regularization;
U-statistics
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Non-linear wavelet density estimation on the
real line
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Université Jean Monnet, CNRS, Ecole Centrale de Lyon, INSA Lyon, Universite Claude Bernard Lyon 1,
ICJ UMR5208, 42023 Saint-Etienne, France, *mathieu.sart@univ-st-etienne.fr

We investigate the problem of optimal density estimation on the real line R under L! loss. We carry out a new way
to select the important coefficients in some wavelet expansions. We study the resulting estimator when the density
is smooth with dominated tails. This assumption is very mild and allows in particular to deal with singularities,
spatially inhomogeneous smoothness, and fat-tailed distributions.

Keywords: Besov classes; minimax rates; non-parametric estimation; wavelet methods
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Fourier analysis of spatial point processes
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In this article, we develop comprehensive frequency domain methods for estimating and inferring the second-order
structure of spatial point processes. The main element here is on utilizing the discrete Fourier transform (DFT)
of the point pattern and its tapered counterpart. Under second-order stationarity, we show that both the DFTs and
the tapered DFTs are asymptotically jointly independent Gaussian even when the DFTs share the same limiting
frequencies. Based on these results, we establish an @-mixing central limit theorem for a statistic formulated as a
quadratic form of the tapered DFT. As applications, we derive the asymptotic distribution of the kernel spectral
density estimator and establish a frequency domain inferential method for parametric stationary point processes. For
the latter, the resulting model parameter estimator is computationally tractable and yields meaningful interpretations
even in the case of model misspecification. We investigate the finite sample performance of our estimator through
simulations, considering scenarios of both correctly specified and misspecified models.

Keywords: Bartlett’s spectrum; clustering and repulsive point processes; data tapering; discrete Fourier transform;
stationary point processes; Whittle likelihood
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On adaptive confidence ellipsoids for sparse
high-dimensional linear models

XIAOYANG XIE?

Department of Pure Mathematics and Mathematical Statistics, University of Cambridge, Cambridge, UK,
Axx765@cam.ac.uk

In high-dimensional Gaussian linear models, the problem of constructing adaptive confidence sets for the full
parameter is known to be generally impossible. We propose re-weighted ‘ellipsoidal’ loss functions parameterized
by the power @ > 0 of the weights. For 0 < @ < 1/2, the minimax convergence rates in these loss functions are
slower than 1/+/n and depend on the unknown sparsity level k. We show that confidence sets that are honest and
adapt to k can be constructed if and only if & > 1/4. To achieve this, we derive lower and upper bounds for certain
composite minimax testing problems arising with sparse vectors.
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Consistency of the oblique decision tree and its
boosting and random forest
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Classification and Regression Tree (CART), Random Forest (RF) and Gradient Boosting Tree (GBT) are probably
the most popular set of statistical learning methods. However, their statistical consistency can only be proved under
very restrictive assumptions on the underlying regression function. As an extension to standard CART, the oblique
decision tree (ODT), which uses linear combinations of predictors as partitioning variables, has received much
attention. ODT tends to perform numerically better than CART and requires fewer partitions. In this paper, we
show that ODT is consistent for very general regression functions as long as they are L2 integrable. Then, we
prove the consistency of the ODT-based random forest (ODRF), whether fully grown or not. Finally, we propose
an ensemble of GBT for regression by borrowing the technique of orthogonal matching pursuit and study its
consistency under very mild conditions on the tree structure. After refining existing computer packages according
to the established theory, extensive experiments on real data sets show that both our ensemble boosting trees and
ODREF have noticeable overall improvements over RF and other forests.

Keywords: CART; consistency; feature bagging; gradient boosting tree; nonparametric regression; oblique
decision tree; random forest
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We investigate distributional properties of a class of spectral spatial statistics under irregular sampling of a random
field that is defined on R, and use this to obtain a novel test for isotropy via a minimum distance approach.
More precisely, we derive an explicit expression for the minimum L2-distance between the spectral density of the
random field and its best approximation by a spectral density of an isotropic process in terms of certain integrals
of the spectral density, which are then estimated from the data. Within this context, edge effects are well-known to
create a bias in classical estimators commonly encountered in the analysis of spatial data. This bias increases with
dimension d and, for d > 1, can become non-negligible in the limiting distribution of such statistics to the extent
that a nondegenerate distribution does not exist. We provide a general theory for a class of (integrated) spectral
statistics that are used to estimate the minimal L2-distance, which enables to 1) significantly reduce this bias and 2)
that ensures that asymptotically Gaussian limits can be derived for d < 3 for appropriately tapered versions of such
statistics. We use this to address some crucial gaps in the literature, and demonstrate that tapering with a sufficiently
smooth function is necessary to achieve such results. Our findings specifically shed a new light on a recent result in
(Ann. Statist. 46 (2018) 469-499). In contrast to most of the literature, which validates this assumption on a finite
number of spatial locations (or a finite number of Fourier frequencies), we develop a test for isotropy on the full
spatial domain by means of its characterization in the frequency domain. We prove asymptotic normality of the
corresponding in the mixed increasing domain framework and use this result to derive an asymptotic level a-test.

Keywords: Isotropy; mixed increasing domain asymptotics; spatial processes; tapering
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We extend the scope of Azadkia—Chatterjee’s dependence coefficient between a scalar response Y and a multivariate
covariate X to the case where X takes values in a general metric space. Particular attention is paid to the case where
X is a curve. Although extending this framework at the population level is relatively straightforward, analyzing
the asymptotic behavior of the estimator proves to be complex. This complexity is largely related to the nearest
neighbor structure of the infinite-dimensional covariate sample, leading us to explore a topic that has not been
previously addressed in the literature. The primary contribution of this paper is to provide insights into this issue
and propose strategies to address it. Our findings also have significant implications for other graph-based methods
facing similar challenges.
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Many methods for estimating integrated volatility and related functionals of semimartingales in the presence of
jumps require specification of tuning parameters for their use in practice. In much of the available theory, tuning
parameters are assumed to be deterministic and their values are specified only up to asymptotic constraints. However,
in empirical work and in simulation studies, they are typically chosen to be random and data-dependent, with explicit
choices often relying entirely on heuristics. In this paper, we consider novel data-driven tuning procedures for the
truncated realized variations of a semimartingale with jumps based on a type of random fixed-point iteration. Being
effectively automated, our approach alleviates the need for delicate decision-making regarding tuning parameters
in practice and can be implemented using information regarding sampling frequency alone. We demonstrate our
methods can lead to asymptotically efficient estimation of integrated volatility and exhibit superior finite-sample
performance compared to popular alternatives in the literature.

Keywords: High-frequency data; integrated volatility estimation; semimartingales
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We present new concentration inequalities for classical and smoothed empirical processes of independent and
dependent real-valued random variables. In the case of i.i.d. random variables, we show that Massart’s celebrated
refinement of the Dvoretzky—Kiefer—Wolfowitz inequality for the canonical empirical process extends to the
empirical process indexed by classes of functions of uniformly bounded variation. The famous Talagrand inequality
for empirical processes does not seem to give a similar result. Furthermore, we show that versions of both Massart’s
exponential bound and the generalisation we prove can also be obtained for the smoothed empirical process. In
the case where the underlying random variables follow a linear process, we use a recently shown concentration
inequality for the canonical empirical process to obtain, to the best of our knowledge, the first concentration
inequalities for the smoothed empirical process of dependent random variables.

Keywords: Concentration inequalities; empirical process; function of bounded variation; linear time series; kernel
smoothing; smoothed empirical process
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Privacy-protecting data analysis is a rising challenge in modern statistics, as the achievement of data confidentiality
guarantees, which typically occur through a perturbation of the data, may determine a loss in the “statistical” utility
of the data. In this paper, we consider the likelihood-ratio (LR) test for private goodness-of-fit in frequency tables,
and study its large sample properties. Under the global (g, d)-differential privacy (DP) for frequency tables, with
&,0 > 0 being parameters controlling the level of privacy against intruders, our main result is sharp large deviation
principle (LDP) for the power of the LR test, providing a private version of the classical Bahadur—Rao LDP for the
Multinomial LR test in the absence of perturbation. This is achieved through a novel sharp LDP for the sum of i.i.d.
random vectors, which is of independent interest. The private Bahadur—Rao LDP brings out a critical quantity as
a function of the sample size n, the dimension k of the table, and the DP parameters (&, §), which determines the
loss of power in LR test due to the perturbation of the data, showing how n and k interact with the level of privacy,
through & and §. This allows to control the (sample) cost of global (&, §)-DP, namely the additional sample size to
recover the power of the Multinomial LR test. We validate empirically our results on both synthetic data and real
data.

Keywords: Differential privacy; Edgeworth-type expansion; exponential mechanism; goodness-of-fit;
likelihood-ratio test; power analysis; Bahadur—Rao large deviation principle; truncated Laplace distribution
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In this paper, a class of statistics based on high frequency observations of oscillating and skew Brownian motion
is considered. Their convergence rate towards the local time of the underlying process is obtained in form of a
functional limit theorem. Oscillating and skew Brownian motions are solutions to stochastic differential equations
with singular coefficients: piecewise constant diffusion coefficient or additive local time finite variation term. The
result is applied to provide estimators of the skewness parameter and study their asymptotic behavior, and diffusion
coefficient estimation is discussed as well. Moreover, in the case of the classical statistics given by the normalized
number of crossings, the result is proved to hold for a larger class of Itd processes with singular coefficients. Up
to our knowledge, this is the first result proving the convergence rates for estimators of the skewness parameter of
skew Brownian motion.

Keywords: Central limit theorem; functional limit theorems; local time; oscillating Brownian motion; parameter
estimation; skew Brownian motion; threshold diffusions
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This paper develops a general asymptotic theory of series estimators for spatial data collected at irregularly spaced
locations within a sampling region R,, C R9. We employ a stochastic sampling design that can flexibly generate
irregularly spaced sampling sites, encompassing both pure increasing and mixed increasing domain frameworks.
Specifically, we focus on a spatial trend regression model and a nonparametric regression model with spatially
dependent covariates. For these models, we investigate L2—penalized series estimation of the trend and regression
functions. We establish uniform and L2 convergence rates and multivariate central limit theorems for general series
estimators as main results. Additionally, we show that spline and wavelet series estimators achieve optimal uniform
and L? convergence rates and propose methods for constructing confidence intervals for these estimators. Finally,
we demonstrate that our dependence structure conditions on the underlying spatial processes cover a broad class of
random fields, including Lévy-driven continuous autoregressive and moving average random fields.

Keywords: Irregularly spaced spatial data; Lévy-driven moving average random field; series ridge regression;
spatial regression model
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In the case where the dimension of the data grows at the same rate as the sample size, we prove a central limit
theorem for the difference of a linear spectral statistic of the sample covariance and a linear spectral statistic of
the matrix that is obtained from the sample covariance matrix by deleting a column and the corresponding row.
Unlike previous works, we do neither require that the population covariance matrix is diagonal nor that moments
of all order exist. Our proof methodology incorporates subtle enhancements to existing strategies, which meet the
challenges introduced by determining the mean and covariance structure for the difference of two such eigenvalue
statistics. Moreover, we also establish the asymptotic independence of the difference-type spectral statistic and the
usual linear spectral statistic of sample covariance matrices.

Keywords: Central limit theorem; linear spectral statistic; sample covariance matrix

References

Ahlfors, L.V. (1953). Complex Analysis: An Introduction to the Theory of Analytic Functions of One Complex
Variable 177. New York, London: McGraw-Hill. MR0054016

Bai, Z. and Silverstein, J.W. (1998). No eigenvalues outside the support of the limiting spectral distribution of
large-dimensional sample covariance matrices. Ann. Probab. 26 316-345. MR1617051 https://doi.org/10.1214/
aop/1022855421

Bai, Z.D. and Silverstein, J.W. (2004). CLT for linear spectral statistics of large-dimensional sample covariance
matrices. Ann. Probab. 32 553-605. MR2040792 https://doi.org/10.1214/a0p/1078415845

Bai, Z. and Silverstein, J.W. (2010). Spectral Analysis of Large Dimensional Random Matrices 20. Springer.
MR2567175 https://doi.org/10.1007/978-1-4419-0661-8

Bai, Z.D. and Yin, Y.Q. (1988). Convergence to the semicircle law. Ann. Probab. 16 863-875. MR0929083 https://
doi.org/10.1214/a0p/1176991792

Bai, Z. and Zhou, W. (2008). Large sample covariance matrices without independence structures in columns.
Statist. Sinica 18 425-442. MR2411613

Baik, J., Ben Arous, G. and Péche, S. (2005). Phase transition of the largest eigenvalue for nonnull complex sample
covariance matrices. Ann. Probab. 33 1643—-1697. MR2165575 https://doi.org/10.1214/009117905000000233

Baik, J. and Silverstein, J.W. (2006). Eigenvalues of large sample covariance matrices of spiked population models.
J. Multivariate Anal. 97 1382-1408. MR2279680 https://doi.org/10.1016/j.jmva.2005.08.003

Bao, Z. (2012). Strong convergence of ESD for the generalized sample covariance matrices when p/n — 0. Statist.
Probab. Lett. 82 894-901. MR2910035 https://doi.org/10.1016/j.spl.2012.01.012

Bao, Z., Pan, G. and Zhou, W. (2015). Universality for the largest eigenvalue of sample covariance matrices with
general population. Ann. Statist. 43 382—421. MR3311864 https://doi.org/10.1214/14-A0S1281

Chen, B. and Pan, G. (2015). CLT for linear spectral statistics of normalized sample covariance matrices with the
dimension much larger than the sample size. Bernoulli 21 1089-1133. MR3338658 https://doi.org/10.3150/14-
BEJ599

Cipolloni, G. and Erdés, L. (2020). Fluctuations for differences of linear eigenvalue statistics for sample covariance
matrices. Random Matrices Theory Appl. 9 2050006. MR4 119592 https://doi.org/10.1142/S2010326320500069

1350-7265 © 2026 ISI/BS


https://www.bernoullisociety.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/25-BEJ1872
mailto:ndoernemann@math.au.dk
mailto:holger.dette@ruhr-uni-bochum.de
https://mathscinet.ams.org/mathscinet-getitem?mr=0054016
https://mathscinet.ams.org/mathscinet-getitem?mr=1617051
https://doi.org/10.1214/aop/1022855421
https://doi.org/10.1214/aop/1022855421
https://mathscinet.ams.org/mathscinet-getitem?mr=2040792
https://doi.org/10.1214/aop/1078415845
https://mathscinet.ams.org/mathscinet-getitem?mr=2567175
https://doi.org/10.1007/978-1-4419-0661-8
https://mathscinet.ams.org/mathscinet-getitem?mr=0929083
https://doi.org/10.1214/aop/1176991792
https://doi.org/10.1214/aop/1176991792
https://mathscinet.ams.org/mathscinet-getitem?mr=2411613
https://mathscinet.ams.org/mathscinet-getitem?mr=2165575
https://doi.org/10.1214/009117905000000233
https://mathscinet.ams.org/mathscinet-getitem?mr=2279680
https://doi.org/10.1016/j.jmva.2005.08.003
https://mathscinet.ams.org/mathscinet-getitem?mr=2910035
https://doi.org/10.1016/j.spl.2012.01.012
https://mathscinet.ams.org/mathscinet-getitem?mr=3311864
https://doi.org/10.1214/14-AOS1281
https://mathscinet.ams.org/mathscinet-getitem?mr=3338658
https://doi.org/10.3150/14-BEJ599
https://doi.org/10.3150/14-BEJ599
https://mathscinet.ams.org/mathscinet-getitem?mr=4119592
https://doi.org/10.1142/S2010326320500069

616 N. Dornemann and H. Dette

Dérnemann, N. (2022). Asymptotics for linear spectral statistics of sample covariance matrices. Dissertation,
Ruhr-Universitdt Bochum. https://doi.org/10.13154/294-8999

Dornemann, N. and Dette, H. (2023). Fluctuations of the diagonal entries of a large sample precision matrix. Statist.
Probab. Lett. 198 109838. MR4568824 https://doi.org/10.1016/j.sp1.2023.109838

Doérnemann, N. and Dette, H. (2024). Linear spectral statistics of sequential sample covariance matrices. Ann. Inst.
Henri Poincaré Probab. Stat. 60 946-970. MR4757513 https://doi.org/10.1214/22-aihp1339

Dérnemann, N. and Dette, H. (2026). Supplement to “A CLT for the difference of eigenvalue statistics of sample
covariance matrices.” https://doi.org/10.3150/25-BEJ1872SUPP

Erdés, L. and Schroder, D. (2018). Fluctuations of rectangular Young diagrams of interlacing Wigner eigenvalues.
Int. Math. Res. Not. 2018 3255-3298. MR3805203 https://doi.org/10.1093/imrn/rnw330

Johnstone, .M. (2001). On the distribution of the largest eigenvalue in principal components analysis. Ann. Statist.
29 295-327. MR1863961 https://doi.org/10.1214/a0s/1009210544

Li, Z., Han, F. and Yao, J. (2020). Asymptotic joint distribution of extreme eigenvalues and trace of large sample
covariance matrix in a generalized spiked population model. Ann. Statist. 48 3138-3160. MR4185803 https://
doi.org/10.1214/a0s/1009210544

Liu, H., Aue, A. and Paul, D. (2015). On the Maréenko—Pastur law for linear time series. Ann. Statist. 43 675-712.
MR3319140 https://doi.org/10.1214/14-A0S 1294

Marcenko, V.A. and Pastur, L.A. (1967). Distribution of eigenvalues for some sets of random matrices. Math.
USSR, Sb. 1 457. https://doi.org/10.1070/SM1967v001n04ABEH001994

Mei, T., Wang, C. and Yao, J. (2023). On singular values of data matrices with general independent columns. Ann.
Statist. 51 624-645. MR4600995 https://doi.org/10.1214/23-20s2263

Najim, J. and Yao, J. (2016). Gaussian fluctuations for linear spectral statistics of large random covariance matrices.
Ann. Appl. Probab. 26 1837-1887. MR3513608 https://doi.org/10.1214/15-AAP1135

Pan, G. and Zhou, W. (2008). Central limit theorem for signal-to-interference ratio of reduced rank linear receiver.
Ann. Appl. Probab. 18 1232-1270. MR2418244 https://doi.org/10.1214/07-AAP477

Paul, D. (2007). Asymptotics of sample eigenstructure for a large dimensional spiked covariance model. Statist.
Sinica 17 1617-1642. MR2399865 https://doi.org/10.5705/ss.2006.161

Qiu, J., Li, Z. and Yao, J. (2023). Asymptotic normality for eigenvalue statistics of a general sample covariance
matrix when p/n — oo and applications. Ann. Statist. 51 1427-1451. MR4630955 https://doi.org/10.1214/23-
a0s2300

Silverstein, J.W. (1995). Strong convergence of the empirical distribution of eigenvalues of large dimensional
random matrices. J. Multivariate Anal. 55 331-339. MR1370408 https://doi.org/10.1006/jmva.1995.1083

Silverstein, J.W. and Bai, Z. (1995). On the empirical distribution of eigenvalues of a class of large dimensional
random matrices. J. Multivariate Anal. 54 175-192. MR 1345534 https://doi.org/10.1006/jmva.1995.1051

Soshnikov, A. (2002). A note on universality of the distribution of the largest eigenvalues in certain sample
covariance matrices. J. Stat. Phys. 108 1033—-1056. MR1933444 https://doi.org/10.1023/A:1019739414239

Van Der Vaart, A.W. and Wellner, J.A. (1996). Weak Convergence and Empirical Processes. Springer. MR1385671
https://doi.org/10.1007/978-1-4757-2545-2

Wang, L., Aue, A. and Paul, D. (2017). Spectral analysis of sample autocovariance matrices of a class of linear
time series in moderately high dimensions. Bernoulli 23 2181-2209. MR3648029 https://doi.org/10.3150/16-
BEJ818

Wang, L. and Paul, D. (2014). Limiting spectral distribution of renormalized separable sample covariance matrices
when p/n— 0. J. Multivariate Anal. 126 25-52. MR3173080 https://doi.org/10.1016/j.jmva.2013.12.015

Zhang, Z., Zheng, S., Pan, G. and Zhong, P.-S. (2022). Asymptotic independence of spiked eigenvalues and linear
spectral statistics for large sample covariance matrices. Ann. Statist. 50 2205-2230. MR4474488 https://doi.org/
10.1214/22-a20s2183

Zheng, S., Bai, Z. and Yao, J. (2015). Substitution principle for CLT of linear spectral statistics of high-dimensional
sample covariance matrices with applications to hypothesis testing. Ann. Statist. 43 546-591. MR3316190
https://doi.org/10.1214/14-A0S1292


https://doi.org/10.13154/294-8999
https://mathscinet.ams.org/mathscinet-getitem?mr=4568824
https://doi.org/10.1016/j.spl.2023.109838
https://mathscinet.ams.org/mathscinet-getitem?mr=4757513
https://doi.org/10.1214/22-aihp1339
https://doi.org/10.3150/25-BEJ1872SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=3805203
https://doi.org/10.1093/imrn/rnw330
https://mathscinet.ams.org/mathscinet-getitem?mr=1863961
https://doi.org/10.1214/aos/1009210544
https://mathscinet.ams.org/mathscinet-getitem?mr=4185803
https://doi.org/10.1214/aos/1009210544
https://doi.org/10.1214/aos/1009210544
https://mathscinet.ams.org/mathscinet-getitem?mr=3319140
https://doi.org/10.1214/14-AOS1294
https://doi.org/10.1070/SM1967v001n04ABEH001994
https://mathscinet.ams.org/mathscinet-getitem?mr=4600995
https://doi.org/10.1214/23-aos2263
https://mathscinet.ams.org/mathscinet-getitem?mr=3513608
https://doi.org/10.1214/15-AAP1135
https://mathscinet.ams.org/mathscinet-getitem?mr=2418244
https://doi.org/10.1214/07-AAP477
https://mathscinet.ams.org/mathscinet-getitem?mr=2399865
https://doi.org/10.5705/ss.2006.161
https://mathscinet.ams.org/mathscinet-getitem?mr=4630955
https://doi.org/10.1214/23-aos2300
https://doi.org/10.1214/23-aos2300
https://mathscinet.ams.org/mathscinet-getitem?mr=1370408
https://doi.org/10.1006/jmva.1995.1083
https://mathscinet.ams.org/mathscinet-getitem?mr=1345534
https://doi.org/10.1006/jmva.1995.1051
https://mathscinet.ams.org/mathscinet-getitem?mr=1933444
https://doi.org/10.1023/A:1019739414239
https://mathscinet.ams.org/mathscinet-getitem?mr=1385671
https://doi.org/10.1007/978-1-4757-2545-2
https://mathscinet.ams.org/mathscinet-getitem?mr=3648029
https://doi.org/10.3150/16-BEJ818
https://doi.org/10.3150/16-BEJ818
https://mathscinet.ams.org/mathscinet-getitem?mr=3173080
https://doi.org/10.1016/j.jmva.2013.12.015
https://mathscinet.ams.org/mathscinet-getitem?mr=4474488
https://doi.org/10.1214/22-aos2183
https://doi.org/10.1214/22-aos2183
https://mathscinet.ams.org/mathscinet-getitem?mr=3316190
https://doi.org/10.1214/14-AOS1292

Bernoulli 32(1), 2026, 638-663
https://doi.org/10.3150/25-BEJ1873

Faithlessness in Gaussian graphical models

MATHIAS DRTON!2@®, LEONARD HENCKEL24®, BENJAMIN HOLLERING!P
and PRATIK MISRA!®

1Department of Mathematics, Technical University of Munich, Garching b. Miinchen, Germany,
Amathias.drton@tum.de, bbenjamin.hollering@tum.de, Cpratik.misra@tum.de
2School of Mathematics and Statistics, University College Dublin, Dublin, Ireland, dleonard.henckel@ucd. ie

The implication problem for conditional independence (CI) asks whether the fact that a probability distribution
obeys a given finite set of CI relations implies that a further CI statement also holds in this distribution. This
problem has a long and fascinating history, cumulating in positive results about implications now known as the
semigraphoid axioms as well as impossibility results about a general finite characterization of CI implications.
Motivated by violation of faithfulness assumptions in causal discovery, we study the implication problem in the
special setting where the CI relations are obtained from a directed acyclic graphical (DAG) model along with
one additional CI statement. Focusing on the Gaussian case, we show that this implication problem reduces to a
principal ideal membership problem. Using this we derive necessary and sufficient combinatorial criteria for when
the set of faithless distributions decomposes into graphical components. Moreover, prompted by the relevance of
strong faithfulness in statistical guarantees for causal discovery algorithms, we give a graphical solution for an
approximate CI implication problem, in which we ask whether small values of one additional partial correlation
entail small values for yet a further partial correlation.

Keywords: Conditional independence; faithfulness; Graphical models
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We consider the problem of estimating the density fx of a latent variable X using replicated observations con-
taminated by additive errors. Unlike the classical setting, these errors depend on X, which makes standard Fourier
deconvolution techniques inappropriate, and we suggest instead a basis expansion approach. Using a basis of
Legendre polynomials, we show that it is possible to express the unknown coefficients of the expansion in terms of
invertible equations of moments of the observed data. We deduce a nonparametric estimator of fx which attains
optimal minimax convergence rates in the case where the errors are conditionally Gaussian. To implement our
density estimator in practice, we introduce data-driven approaches for choosing a truncating parameter and com-
puting an upper bound to the support of fx. We illustrate the numerical performance of our estimator on simulated
examples and on replicated data from the National Health and Nutrition Examination Survey. We show how to use
the same ideas in related errors-in-variables regression problems and to estimate the variance function.

Keywords: Contaminated data; deconvolution; inverse problems; minimax convergence rates; non-standard
errors-in-variables
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Erratum: Multivariate CARMA processes,
continuous-time state space models and
complete regularity of the innovations of the
sampled processes
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A serious flaw in the proof of the equivalence of continuous time state space models and MCARMA processes
spotted in Fasen-Hartmann and Schenk (J. Time Series Anal. 46 (2025) 692-726) is corrected. We point out
that likewise an issue in the proof of Theorem 3.2 in Brockwell and Schlemm (J. Multivariate Anal. 115 (2013)
217-251) can be resolved and, hence, any MCARMA process and linear state space model has both a controller and
an observer canonical representation. Equivalently, the transfer function has both a left and right matrix fraction
representation.

Keywords: Multivariate CARMA process; state space representation
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Robust inference based on the minimization of statistical divergences has proved to be a useful alternative to
classical techniques based on maximum likelihood and related methods. Basu et al. (Biometrika 85 (1998) 549-559)
introduced the density power divergence (DPD) family as a measure of discrepancy between two probability density
functions and used this family for robust estimation of the parameter for independent and identically distributed
data. Subsequently, Ghosh et al. (Bernoulli 23 (2017) 2746-2783) proposed a more general class of divergence
measures, namely the S-divergence family, and discussed its usefulness in robust parametric estimation through
several asymptotic properties and some numerical illustrations. In this paper, we develop the results concerning the
asymptotic breakdown point for the minimum S-divergence estimators (in particular the minimum DPD estimator)
under general model setups. The primary results of this paper provide lower bounds to the asymptotic breakdown
point of these estimators which are free of the dimension of the data, in turn corroborating their usefulness in robust
inference for high dimensional problems.

Keywords: Breakdown point; density power divergence; minimum S-divergence estimator; power divergence
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Benign overfitting in time-series linear models
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The success of large-scale models in recent years has increased the importance of statistical models with numerous
parameters. Several studies have analyzed over-parameterized linear models with high-dimensional data, which may
not be sparse; however, existing results rely on the assumption of sample independence. In this study, we analyze a
linear regression model with dependent time-series data in an over-parameterized setting. We consider an estimator
using interpolation and develop a theory for the excess risk of the estimator. Then, we derive non-asymptotic risk
bounds for the estimator for cases with dependent data. This analysis reveals that the coherence of the temporal
covariance plays a key role; the risk bound is influenced by the product of temporal covariance matrices at different
time steps. Moreover, we show the convergence rate of the risk bound and demonstrate that it is also influenced
by the coherence of the temporal covariance. Finally, we provide several examples of specific dependent processes
applicable to our setting.

Keywords: Benign overfitting; dependent data; linear model; over-parameterization; time series
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Let K be a convex body in R4, and let X k be a d-dimensional random vector distributed according to the Hadwiger-

Wills density ug, defined by ug (x) =ce™™ dist® (x,K ), x € RY. Finally, we define the information content Hg
as Hg = dist?(Xg, K). The goal of this paper is to study the fluctuations of Hg around its expectation as the
dimension d tends to infinity. Relying on Stein’s method and the Brascamp-Lieb inequality, we compute an explicit
bound for the total variation distance between Hg and its Gaussian counterpart.

Keywords: Central limit theorem; convex body; intrinsic volumes; Stein’s method; Steiner formula; Wills
functional
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Sharp phase transitions in high-dimensional
changepoint detection
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We study a hypothesis testing problem in the context of high-dimensional changepoint detection. Given a matrix
X € RPX™ with independent Gaussian entries, the goal is to determine whether or not a sparse, non-null fraction of
rows in X exhibits a shift in mean at a common index between 1 and n. We focus on three aspects of this problem:
the sparsity of non-null rows, the presence of a single, common changepoint in the non-null rows, and the signal
strength associated with the changepoint. Within an asymptotic regime relating the data dimensions n and p to the
signal sparsity and strength, the information-theoretic limits of this testing problem are characterized by a formula
that determines whether or not there exists a testing procedure whose sum of Type I and II errors tends to zero
as n, p — oo. The formula, called the detection boundary, partitions the parameter space into a two regions: one
where it is possible to detect the presence of a single aligned changepoint (detectable region), and another where
no test is able to consistently distinguish the mean matrix from one with constant rows (undetectable region).

Keywords: High-dimensional changepoint detection; minimax testing; phase transition; sparse mixture
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We investigate the quasi-limiting behavior of bisexual subcritical Galton-Watson processes. While classical sub-
critical Galton-Watson processes have been extensively analyzed, bisexual Galton-Watson processes present unique
difficulties because of the lack of the branching property. To prove the existence of and convergence to one or sev-
eral quasi-stationary distributions, we leverage on recent developments linking bisexual Galton-Watson processes
extinction to the eigenvalue of a concave operator.

Keywords: Branching processes with interactions; exponential convergence; Lyapunov function; multisexual
processes; quasi-stationary distributions; two-sex processes
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Equilibrium moderate deviations for occupation
times of SSEP on regular trees

XIAOFENG XUE?
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In this paper, we are concerned with the symmetric simple exclusion process on the regular tree 7; for d > 2.
Our main result gives moderate deviation principles (MDP) of occupation times of the process starting from an
invariant product measure. Two replacement lemmas play key roles in the proof of our main result. To obtain these
replacement lemmas, we utilize duality relationships between the symmetric exclusion process and two types of
random walks on 75 and 75 X 74 respectively.

Keywords: Dirichlet form; exclusion process; moderate deviation; occupation time; regular tree
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