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Functional estimation in high-dimensional and
infinite-dimensional models

VLADIMIR KOLTCHINSKII? and MINGHAO LIP

School of Mathematics, Georgia Institute of Technology, Atlanta, GA 30332-0160, USA, viad@math.gatech.edu,
bminghaoli @gatech.edu

Let P be a family of probability measures on a measurable space (S, A). Given a Banach space E, a functional
f+E— R and a mapping 6 : P — E, our goal is to estimate f(6(P)) based on i.i.d. observations X, ..., X, ~
P, P e P. Given a smooth functional f and estimators én(Xl, ..., Xp),n>1 of 6(P), we use these estimators,
the sample split and the Taylor expansion of f(6(P)) of a proper order to construct estimators 7 (X1, ..., Xn) of
f(6(P)). For these estimators and for a functional f of smoothness s > 1, we derive upper bounds on the L ,-errors
of T¢ (X1, ..., Xn) with optimal dependence on sample size n, on the dimension or other complexity characteristics
of parameter and on degree s of smoothness of the functional, and also study asymptotic normality and asymptotic
efficiency of these estimators. The examples include functional estimation in high-dimensional models with many
low dimensional components, functional estimation in high-dimensional exponential families and estimation of
functionals of covariance operators in infinite-dimensional subgaussian models.

Keywords: Asymptotic efficiency; covariance operator; effective rank; exponential family; minimax optimality;
smooth functionals
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Bernstein duality revisited:
Frequency-dependent selection, coordinated
mutation and opposing environments

FERNANDO CORDERO!22b@® SEBASTIAN HUMMEL?3<® and
GREGOIRE VECHAMBRE*

Unstitute of Mathematics, Department of Natural Sciences and Sustainable Ressources, BOKU University,
Austria, *fernando.cordero@boku.ac.at

2Faculty of Technology, Bielefeld University, Germany, b fecordero@techfak.uni-bielefeld.de

3 Department of Health Science and Technology, ETH Ziirich, Ziirich, Switzerland, ©shummel@hest.ethz.ch
4State Key Laboratory of Mathematical Sciences, Academy of Mathematics and Systems Science, Chinese
Academy of Sciences, Beijing, China, dvechambre@amss.ac.cn

This paper investigates the long-term behavior of a class of A-Wright—Fisher processes incorporating frequency-
dependent selection, coordinated (bidirectional) selection, as well as individual and coordinated mutation. Our
primary analytical tool is Bernstein duality, a generalization of moment duality. We introduce the corresponding
dual process and establish the relevant duality relation. Without mutation, this work complements earlier studies
that employed moment duality, Siegmund duality or other methods to classify the long-term behavior of similar
processes. Notably, the current analysis encompasses parameter regimes that model bidirectional selection, a
scenario that has proven challenging to analyze using moment duality. In the presence of mutation, we establish
the ergodic properties of the process.

Keywords: Branching-coalescing particle system; coordination; duality; frequency-dependent selection;
A-Wright-Fisher processes; random environment
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Theory and inference for multivariate
autoregressive binary models and dynamical
modeling of absence-presence data in ecology
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We introduce a general class of autoregressive models for studying the dynamic of multivariate binary time series
with stationary exogenous covariates. We first show that existence of a stationary path for such models is almost
automatic and does not require parameter restrictions when the noise term is not compactly supported. We then
study in details statistical inference in a dynamic version of a multivariate probit type model, as a particular case of
our general construction. To avoid a complex likelihood optimization, we combine pseudo-likelihood and pairwise
likelihood methods for which asymptotic results are obtained for a single path analysis and also for panel data,
using ergodic theorems for multi-indexed partial sums. The latter scenario is particularly important for analyzing
absence-presence of species in ecology, a field where data are often collected from surveys at various locations.
Our results also give a theoretical background for such models which are often used by the practitioners but without
a probabilistic framework.

Keywords: Binary time series; ergodic properties of multiple parameters processes; iterated random maps
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Volatility and jump activity estimation in a
stable Cox-Ingersoll-Ross model
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We consider the parametric estimation of the volatility and jump activity in a stable Cox-Ingersoll-Ross (a-stable
CIR) model driven by a standard Brownian Motion and a non-symmetric stable Lévy process with jump activity
a € (1,2). The main difficulties to obtain rate efficiency in estimating these quantities arise from the superposition
of the diffusion component with jumps of infinite variation. Extending the approach proposed in Mies (Electron. J.
Stat. 14 (2020) 4165-4206), we address the joint estimation of the volatility, scaling and jump activity parameters
from high-frequency observations of the process and prove that the proposed estimators are rate optimal up to a
logarithmic factor.

Keywords: Cox-Ingersoll-Ross model; Lévy process; parametric inference; stable process; stochastic differential
equation
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Consider the nonparametric logistic regression problem. In the logistic regression, we usually consider the maximum
likelihood estimator, and the excess risk is the expectation of the Kullback-Leibler (KL) divergence between the true
and estimated conditional class probabilities. However, in the nonparametric logistic regression, the KL divergence
could diverge easily, and thus, the convergence of the excess risk is difficult to prove or does not hold. Several
existing studies show the convergence of the KL divergence under strong assumptions. In most cases, our goal
is to estimate the true conditional class probabilities. Thus, instead of analyzing the excess risk itself, it suffices
to show the consistency of the maximum likelihood estimator in some suitable metric. In this paper, using a
simple unified approach for analyzing the nonparametric maximum likelihood estimator (NPMLE), we directly
derive convergence rates of the NPMLE in the Hellinger distance under mild assumptions. Although our results
are similar to the results in some existing studies, we provide simple and more direct proofs for these results. As an
important application, we derive convergence rates of the NPMLE with fully connected deep neural networks and
show that the derived rate nearly achieves the minimax optimal rate.

Keywords: Classification; conditional probability estimation; deep neural networks; nonparametric estimation
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The aim of this paper is to show the existence and uniqueness for the solution to a stochastic differential equation
driven by fractional Brownian motion with Hurst parameter H < 1/2, with a discontinuous diffusion coefficient.
The stochastic integral used in this paper is an extension of the Stratonovich integral introduced by Ledn (Bernoulli
26 (2020) 2436-2462). In this way, we are able to complement previous results for SDEs driven by fBms with
H>1/2.

Keywords: Derivative operator in the Malliavin calculus sense; discontinuous diffusion; extensions of the
divergence operator and the Stratonovich integral; fractional Brownian motion; fractional stochastic differential
equation
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We propose a novel approach to uniformity testing on the d-dimensional unit hypersphere S d-1 pased on maximal
projections. This approach gives a unifying view on the classical uniformity tests of Rayleigh and Bingham, and it
links to measures of multivariate skewness and kurtosis. We derive the limit distribution under the null hypothesis
of the newly proposed test statistics using limit theorems for Banach-space-valued stochastic processes and we
present strategies to simulate the limit processes by applying results on the theory of spherical harmonics. We
examine the behaviour of the test statistics under contiguous and fixed alternatives and show the consistency of the
testing procedure for some classes of alternatives. For the first time in uniformity testing on the hypersphere, we
derive local Bahadur efficiency statements. Finally, we evaluate the theoretical findings and empirical power of the
procedures in a broad competitive Monte Carlo simulation study.

Keywords: Bahadur efficiency; contiguous alternatives; directional data; maximal projections; uniformity tests
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This work studies nonparametric Bayesian estimation of the intensity function of an inhomogeneous Poisson
point process in the important case where the intensity depends on covariates, based on the observation of a
single realisation of the point pattern over a large area. It is shown how the presence of covariates allows to borrow
information from far away locations in the observation window, enabling consistent inference in the growing domain
asymptotics. In particular, optimal posterior contraction rates under both global and point-wise loss functions are
derived. The rates in global loss are obtained under conditions on the prior distribution resembling those in the
well established theory of Bayesian nonparametrics, combined with concentration inequalities for functionals of
stationary processes to control certain random covariate-dependent loss functions appearing in the analysis. The
local rates are derived with an ad-hoc study that builds on recent advances in the theory of Pdlya tree priors,
extended to the present multivariate setting with a novel construction that makes use of the random geometry
induced by the covariates.

Keywords: Cox process; Gaussian priors; frequentist analysis of Bayesian procedures; mixture priors; Poisson
process; Pdlya tree priors
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To date, most methods for simulating conditioned diffusions are limited to the Euclidean setting. The conditioned
process can be constructed using a change of measure known as Doob’s A-transform. The specific type of condi-
tioning depends on a function ~ which is typically unknown in closed form. To resolve this, we extend the notion of
guided processes to a manifold M, where one replaces 4 by a function based on the heat kernel on M. We consider
the case of a Brownian motion with drift, constructed using the frame bundle of M, conditioned to hit a point x7
at time 7. We prove equivalence of the laws of the conditioned process and the guided process with a tractable
Radon-Nikodym derivative. Subsequently, we show how one can obtain guided processes on any manifold N that is
diffeomorphic to M without assuming knowledge of the heat kernel on N. We illustrate our results with numerical
simulations of guided processes and Bayesian parameter estimation based on discrete-time observations. For this,
we consider both the torus and the Poincaré disk.

Keywords: Bridge simulation; Doob’s A-transform; geometric statistics; guided processes; Poincaré disk;
Riemannian manifolds
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We introduce a class of probabilistic cellular automata that are capable of exhibiting rich dynamics such as
synchronization and ergodicity, and can be easily inferred from data. The system is a finite-state locally interacting
Markov chain on a circular graph. Each site’s subsequent state is random, with a distribution determined by its
neighborhood’s empirical distribution multiplied by a local transition matrix. We establish sufficient and necessary
conditions on the local transition matrix for synchronization and ergodicity. Also, we introduce novel least squares
estimators for inferring the local transition matrix from various types of data, which may consist of either multiple
trajectories, a long trajectory, or ensemble sequences without trajectory information. Under suitable identifiability
conditions, we show the asymptotic normality of these estimators and provide non-asymptotic bounds for their
accuracy.
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We study moderate deviations from hydrodynamic limits of a reaction diffusion model. The process is defined as
the superposition of the symmetric exclusion process with a Glauber dynamics. When the process starts from a
product measure with a constant density, which is a non-equilibrium measure for the process, we prove that the
re-scaled density fluctuation field satisfies the moderate deviation principle. Our proof relies on the so-called main
lemma developed in (Jara and Menezes (2018); Markov Process. Related Fields 26 (2020) 95-124).
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Principles of statistical inference in online
problems
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To investigate a dilemma of statistical and computational efficiency faced by long-run variance estimators, we
propose a decomposition of kernel weights in a quadratic form and some online inference principles. These proposals
allow us to characterize efficient online long-run variance estimators. Our asymptotic theory and simulations show
that this principle-driven approach leads to online estimators with a uniformly lower mean squared error than all
existing works. We also discuss practical enhancements such as mini-batch and automatic updates to handle fast
streaming data and optimal parameters tuning. Beyond variance estimation, we consider the proposals in the context
of online quantile regression, online change point detection, Markov chain Monte Carlo convergence diagnosis, and
stochastic approximation. Substantial improvements in computational cost and finite-sample statistical properties
are observed when we apply our principle-driven variance estimator to original and modified inference procedures.

Keywords: Long-run variance; nonparametric estimation; online learning; recursive estimation; streaming data
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flows via stochastic control of the volatility
martrix
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We study a class of time-homogeneous diffusion processes on R that share a common invariant measure but
differ in their volatility matrices. In the Euclidean setting, we show that when the volatility matrix is the identity,
the time-marginal distributions evolve as an entropic gradient flow in the quadratic Wasserstein space. This result
recovers the gradient flow formulation of the Fokker—Planck equation, as established by Jordan, Kinderlehrer, and
Otto. When R is equipped with a Riemannian metric, we prove that the diffusion process becomes a gradient
flow in the Wasserstein space induced by the metric. This characterization holds when the volatility matrix is the
inverse of the metric tensor. Our approach combines stochastic control of the diffusion coefficient and time-reversal
techniques. These findings align with results by Lisini, which build on the metric theory of Ambrosio, Gigli, and
Savaré, and connect to Fathi’s work on large deviations for diffusion processes via gradient flows.

Keywords: Diffusion process; gradient flow; relative entropy dissipation; Riemannian metric; stochastic control;
volatility matrix; Wasserstein distance
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Scaling limit for the cover time of the A-biased
random walk on a binary tree with 4 < 1

DAVID A. CROYDON?

Research Institute for Mathematical Sciences, Kyoto University, Kyoto, Japan, ®croydon@kurims.kyoto-u.ac.jp

The A-biased random walk on a binary tree of depth n is the continuous-time Markov chain that has unit mean
holding times and, when at a vertex other than the root or a leaf of the tree in question, has a probability of jumping
to the parent vertex that is A times the probability of jumping to a particular child. (From the root, it chooses one
of the two children with equal probability.) For this process, when 4 < 1, we derive an n — co scaling limit for
the cover time, that is, the time taken to visit every vertex. The distributional limit is described in terms of a jump
process on a Cantor set that can be seen as the asymptotic boundary of the tree. This conclusion complements

previous results obtained when 4 > 1.

Keywords: Binary tree; Cantor set; cover time; jump process; random walk
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Stein’s method of moments on the sphere
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We use Stein characterizations to obtain new moment-type estimators for the parameters of three classical spherical
distributions (namely the Fisher-Bingham, the von Mises-Fisher, and the Watson distributions) in the i.i.d. case.
This leads to explicit estimators which have good asymptotic properties (close to efficiency) and therefore provide
interesting alternatives to classical maximum likelihood methods or more recent score matching estimators. We
perform competitive simulation studies to assess the quality of the new estimators. Finally, the practical relevance
of our estimators is illustrated on a real data application in spherical latent representations of handwritten numbers.

Keywords: Autoencoder; Fisher-Bingham distribution; point estimation; spherical distributions; Stein’s method
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The contribution of this work is twofold. The first part deals with a Hilbert-space version of McCann'’s celebrated
result on the existence and uniqueness of monotone measure-preserving maps: given two probability measures P
and Q on a separable Hilbert space H where P does not give mass to “small” sets (namely, Lipschitz hypersurfaces),
we show, without imposing any moment assumptions, that there exists a gradient of convex function V¢ pushing P
forward to Q. In case H is infinite-dimensional, P-a.e. uniqueness is not guaranteed, though; we show that
uniqueness holds among all gradients of convex functions Vi pushing P forward to Q for which the boundary of
the domain of ¢ has P-probability zero. This condition (hence the uniqueness of the gradient of convex function Vi
pushing P forward to Q) is automatically satisfied in the finite-dimensional case or when Q is boundedly supported
(a natural assumption in several statistical applications). Furthermore, we establish stability results for transport
maps in the sense of uniform convergence over compact “regularity sets.” As a consequence, we obtain a central
limit theorem for the fluctuations of the optimal quadratic transport cost in a separable Hilbert space. In the second
part of the paper we consider several important statistical applications of our results—center-outward ranks and
quantiles for Hilbert-space-valued data, nonparametric distribution-free testing, and the construction of quantile
regions. We show that the measure-transportation-based ranks are distribution-free and maximal ancillary, while
the corresponding quantile functions fully characterize the underlying probability measures. These are the first
notions of ranks and quantiles in non-locally compact spaces satisfying these properties.

Keywords: Central limit theorem; Lipschitz hypersurfaces; McCann’s theorem; measure transportation;
nonparametric distribution-free testing; quantiles for functional data; stability and uniqueness of transport maps;
Wasserstein distance
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Detecting spectral breaks in spiked covariance
models
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In this paper, the key objects of interest are the sequential covariance matrices S, ; and their largest eigenvalues.
Here, the matrix Sy, ; is computed as the empirical covariance associated with observations {xi, ..., X| nt | }, fort e
[0, 1]. The observations x{, . . ., X,; are assumed to be i.i.d. p-dimensional vectors with zero mean, and a covariance
matrix that is a fixed-rank perturbation of the identity matrix. Treating {Sn,¢ };[0,1] as a matrix-valued stochastic
process indexed by ¢, we study the behavior of the largest eigenvalues of S;, 7, as ¢ varies, with n and p increasing
simultaneously, so that p/n — y € (0, 1). As a key contribution of this work, we establish the weak convergence of
the stochastic process corresponding to the sample spiked eigenvalues, if their population counterparts exceed the
critical phase-transition threshold. Our analysis of the limiting process is fully comprehensive revealing, in general,
non-Gaussian limiting processes. As an application, we consider a class of change-point problems, where the interest
is in detecting structural breaks in the covariance caused by a change in magnitude of the spiked eigenvalues. For this
purpose, we propose two different maximal statistics corresponding to centered spiked eigenvalues of the sequential
covariances. We show the existence of limiting null distributions for these statistics, and prove consistency of the
test under fixed alternatives. Moreover, we compare the behavior of the proposed tests through a simulation study.

Keywords: Change-point problems; high-dimensional statistics; hypothesis testing; spiked covariance model
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Bernstein-type inequalities for Markov chains
and Markov processes: A simple and robust
proof
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We establish a new Bernstein-type deviation inequality for general (non-reversible) discrete-time Markov chains
via an elementary approach. More robust than existing works in the literature, our result only requires the Markov
chain to satisfy an iterated Poincaré inequality. Moreover, our method can be readily generalized to continuous-time
Markov processes.
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Empirical Bayes large-scale multiple testing for
high-dimensional binary outcome data
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This paper explores the multiple testing problem for sparse high-dimensional data with binary outcomes. We
propose novel empirical Bayes multiple testing procedures based on a spike-and-slab posterior and then evaluate
their performance in controlling the false discovery rate (FDR). A surprising finding is that the procedure using
the default conjugate prior (namely, the {-value procedure) can be overly conservative in estimating the FDR. To
address this, we introduce two new procedures that provide accurate FDR control. Sharp frequentist theoretical
results are established for these procedures, and numerical experiments are conducted to validate our theory in
finite samples. To the best of our knowledge, we obtain the first uniform FDR control result in multiple testing for
high-dimensional data with binary outcomes under the sparsity assumption.

Keywords: Binomial distribution; empirical Bayes; false discovery rate; multiple testing; sparse binary data;
spike-and-slab posterior
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Addressing both variable selection and
misclassified responses with parametric and
semiparametric methods
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While variable selection has received extensive attention in the literature, its exploration in the presence of response
measurement error remains underexplored. In this paper, we investigate this important problem within the context
of binary classification with error-prone responses. We present valid variable selection procedures to address the
complexities of response errors. Leveraging validation data, we introduce both parametric and semiparametric
methodologies to accommodate the mismeasurement effects. By rigorously establishing theoretical results, we
offer insights and justifications of the validity of the proposed methods. By properly choosing the penalty function
and regularization parameter, we demonstrate that the resulting estimators possess the oracle property. To assess
the finite sample properties of the proposed methods, we conduct numerical studies that confirm the effectiveness
of our proposed methods.

Keywords: Errors in response; generalized linear models; logistic regression; measurement error; parametric
method; penalty function; semiparametric method; variable selection
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It is well known that under some conditions the almost sure survival probability of a multitype branching process
in random environment is positive if the Lyapunov exponent corresponding to the expectation matrices is positive,
and zero if the Lyapunov exponent is negative. The goal of this note is to establish similar results when certain
positivity conditions on the expectation matrices are not met. One application of such a result is to classify the
positivity of Lebesgue measure of certain overlapping random self-similar sets.
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Causal inference on process graphs:
Causal structure and effect identification
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A structural vector autoregressive (SVAR) process is a linear causal model for variables that evolve over a discrete
set of time points and between which there may be lagged and instantaneous effects. The qualitative causal structure
of an SVAR process can be represented by its finite and directed process graph, where a directed link connects two
processes whenever there is a lagged or instantaneous effect between them. At the process graph level, the causal
structure of SVAR processes is compactly parameterized in the frequency domain. In this paper, we consider the
problem of causal discovery and causal effect estimation from the spectral density, the frequency domain analogue
of the autocovariance, of the SVAR process. Causal discovery concerns the recovery of the process graph. Causal
effect estimation concerns the identification and estimation of frequency domain causal effects. We show that
information about the process graph, in terms of d- and z-separation, is generically characterized by algebraic
constraints on the spectral density. Furthermore, we introduce a notion of rational identifiability for frequency
domain causal effects between processes that may be confounded by exogenous latent processes, and show that
the recent graphical latent factor half-trek criterion can be used on the process graph to assess whether a given
(confounded) effect can be identified by rational operations on the entries of the spectral density.

Keywords: Causal inference; graphical models; identifiability; spectral density; SVAR processes
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We consider testing the goodness-of-fit of a distribution against alternatives separated in sup norm. We study the
twin settings of Poisson-generated count data with a large number of categories and high-dimensional multinomials.
In previous studies of different separation metrics, it has been found that the local minimax separation rate exhibits
substantial heterogeneity and is a complicated function of the null distribution; the rate-optimal test requires careful
tailoring to the null. In the setting of sup norm, this remains the case and we establish that the local minimax
separation rate is determined by the finer decay behavior of the category rates. The upper bound is obtained by a
test involving the sample maximum, and the lower bound argument involves reducing the original heteroskedastic
null to an auxiliary homoskedastic null determined by the decay of the rates. Further, in a particular asymptotic
setup, the sharp constants are identified.

Keywords: Goodness-of-fit tests; multinomial data; Poisson distribution; sharp constant; sup norm
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Convergence analysis of Markov chain Monte Carlo methods in high-dimensional statistical applications is increas-
ingly recognized. In this paper, we develop general mixing time bounds for Metropolis-Hastings algorithms on
discrete spaces by building upon and refining some recent theoretical advancements in Bayesian model selection
problems. We establish sufficient conditions for a class of informed Metropolis-Hastings algorithms to attain relax-
ation times that are independent of the problem dimension. These conditions are grounded in the high-dimensional
statistical theory and allow for possibly multimodal posterior distributions. We obtain our results through two
independent techniques: the multicommodity flow method and single-element drift condition analysis; we find
that the latter yields a slightly tighter mixing time bound. Our results are readily applicable to a broad spectrum
of statistical problems with discrete parameter spaces, as we demonstrate using both theoretical and numerical
examples.

Keywords: Drift condition; finite Markov chains; informed Metropolis-Hastings; mixing time; model selection;
multicommodity flow; random walk Metropolis-Hastings; restricted spectral gap
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In this paper, a general result on the long time 7V-Wg, type propagation of chaos (PoC), one type of the PoC
with regularization effect, is derived for mean field interacting particle system driven by Lévy noise, where TV is
the total variation distance and Wy, is the L!-Wasserstein distance. By using the method of coupling, the general
result is applied to mean field interacting particle system driven by Brownian motion and a(a > 1)-stable noise
respectively, where the non-interacting drift is assumed to be dissipative in long distance.

Keywords: a-stable noise; McKean-Vlasov SDEs; mean field interacting particle system; quantitative PoC;
reflection coupling; total variation distance
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Covariance change point localisation and
inference in fragmented functional data

GENGYU XUE? HAOTIAN XU"and YI YU®

Department of Statistics, University of Warwick, Coventry, UK, ®gengyu.xue@warwick.ac.uk,
bhaotian.xu.1 @warwick.ac.uk, ©yi.yu.2@warwick.ac.uk

We study the problem of covariance change point localisation and inference for sequentially collected fragmented
functional data, where each curve is observed only over discrete grids randomly sampled over a short fragment.
The sequence of underlying covariance functions is assumed to be piecewise constant, with changes happening at
unknown time points. To localise the change points, we propose a computationally efficient fragmented functional
dynamic programming (FFDP) algorithm with consistent change point localisation rates. With an extra step of local
refinement, we derive the limiting distributions for the refined change point estimators in two different regimes
where the minimal jump size vanishes and where it remains constant as the sample size diverges. Such results
are the first time seen in the fragmented functional data literature. As a byproduct of independent interest, we
also present a non-asymptotic result on the estimation error of the covariance function estimators over intervals
with change points. Our result accounts for the effects of the sampling grid size within each fragment under novel
identifiability conditions. Extensive numerical studies are also provided to support our theoretical results.

Keywords: Change point analysis; covariance function estimation; fragmented functional data; inference
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This study focuses on statistical inference for compound models of the form X =& +...+&n, where N is a
random variable denoting the count of summands, which are independent and identically distributed (i.i.d.) random
variables £, &7, . . .. The paper addresses the problem of reconstructing the distribution of ¢ from observed samples
of X’s distribution, a process referred to as decompounding, with the assumption that N’s distribution is known.
This work diverges from the conventional scope by not limiting N’s distribution to the Poisson type, thus embracing
a broader context. We propose a nonparametric estimate for the density of &, derive its rates of convergence and
prove that these rates are minimax optimal for suitable classes of distributions for ¢ and N. Finally, we illustrate
the numerical performance of the algorithm on simulated examples.
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I prove a semiparametric Bernstein-von Mises theorem for a partially linear regression model with independent
priors for the low-dimensional parameter of interest and the infinite-dimensional nuisance parameters. My result
avoids a challenging prior invariance condition that arises from a loss of information associated with not knowing
the nuisance parameter. The key idea is to employ a feasible reparametrization of the partially linear regression
model that reflects the semiparametric structure of the model. This allows a researcher to assume independent
priors for the model parameters while automatically accounting for the loss of information associated with not
knowing the nuisance parameters. The theorem is verified for uniform wavelet series priors and Matérn Gaussian
process priors.
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Invertible processes are central to functional time series analysis, making the estimation of their defining operators
a key problem. While asymptotic error bounds have been established for specific ARMA models on L2[0, 1],
a general theoretical framework has not yet been considered. This paper fills in this gap by deriving consistent
estimators for the operators characterizing the invertible representation of a functional time series with white noise
innovations in a general separable Hilbert space. Under mild conditions covering a broad class of functional time
series, we establish explicit asymptotic error bounds, with rates determined by operator smoothness and eigenvalue
decay. These results further provide consistency-rate estimates for operators in Hilbert space-valued causal linear
processes, including functional MA, AR, and ARMA models of arbitrary order.

Keywords: ARMA,; functional time series; invertible processes; linear processes; operator estimation
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Optimal matching problem on the Boolean cube
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We establish upper and lower bounds for the expected Wasserstein-1 distance between the random empirical
measure and the uniform measure on the Boolean cube. Our analysis leverages techniques from Fourier analysis,
following the framework introduced in (Ann. Appl. Probab. 31 (2021) 2567-2584), as well as methods from large
deviations theory.
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Robust functional data analysis: From sparse to
dense designs
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We propose a new perspective to conduct robust functional data analysis of discretely observed functional data
ranging from sparse to dense sampling designs. This analysis caters to processes with various distributions,
including heavy-tailed, skewed, or contaminated distributions. We study the robust functional mean (M-location)
and introduce a robust dimension reduction method via principal component analysis. Theoretical outcomes for the
robust functional mean and eigenfunction estimates, derived from pooled discretely observed data, are elucidated,
matching their non-robust counterparts. The established convergence rates for these estimated eigenfunctions, with
indices increasing with sample size, pave the way for further modeling and analysis.
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First contact percolation
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We study a version of first passage percolation on 79 where the random passage times on the edges are replaced
by contact times represented by random closed sets on R. Similarly to the contact process without recovery, an
infection can spread into the system along increasing sequences of contact times. In case of stationary contact times,
we can identify associated first passage percolation models, which in turn establish shape theorems also for first
contact percolation. In case of periodic contact times that reflect some reoccurring daily pattern, we also present
shape theorems with limiting shapes that are universal with respect to the within-one-day contact distribution. In
this case, we also prove a Poisson approximation for increasing numbers of within-one-day contacts. Finally, we
present a comparison of the limiting speeds of three models — all calibrated to have one expected contact per day —
that suggests that less randomness is beneficial for the speed of the infection. The proofs rest on coupling and
subergodicity arguments.

Keywords: Contact process; first-passage percolation; pure-growth process; shape theorem
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In this paper, we investigate the asymptotic behaviors of the extreme eigenvectors in a general spiked covariance
matrix, where the dimension and sample size increase proportionally. We eliminate the restrictive assumption
of the block diagonal structure in the population covariance matrix. Moreover, there is no requirement for the
spiked eigenvalues and the 4th moment to be bounded. Specifically, we apply random matrix theory to derive
the convergence and limiting distributions of certain projections of the extreme eigenvectors in a large sample
covariance matrix within a generalized spiked population model. Furthermore, our techniques are robust and
effective, even when spiked eigenvalues differ significantly in magnitude from nonspiked ones. Finally, we propose

a powerful test for the eigenspaces of covariance matrices.
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This work explores the dimension reduction problem for Bayesian nonparametric regression and density estimation.
More precisely, we are interested in estimating a functional parameter f over the unit ball in R4, which depends
only on a d*-dimensional subspace of R4, with d* < d. It is well-known that rescaled Gaussian process priors
over a given function space achieve smoothness adaptation and posterior contraction with near minimax-optimal
rates. Furthermore, hierarchical extensions of this approach, equipped with subspace projection, can also adapt to
the intrinsic dimension d* (Tokdar (2011)). When the ambient dimension d does not vary with n, the minimax
rate remains of the order n A/ (28+d") \where S denotes the smoothness of f. However, this is up to multiplicative
constants that can become prohibitively large as d increases. The dependence between the contraction rate and the
ambient dimension has not been fully explored yet and this work provides a first insight: we let the dimensions d*
and d grow with n, and by combining the arguments of Tokdar (2011) and Castillo and Randrianarisoa (2024), we
derive growth rates for them that still lead to posterior consistency with minimax rate. We also discuss the optimality
of the growth rate for d. Additionally, we provide a set of assumptions under which a consistent estimation of f
leads to correct estimation of the subspace projection, assuming that d* is known.

Keywords: Bayesian nonparametrics; contraction rates; density estimation; Gaussian process prior; nonparametric
regression; reproducing kernel Hilbert space; sufficient dimension reduction
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In this paper we obtain a precise estimate of the probability that the sparse binomial random graph contains a large
number of vertices in a triangle. We compute the logarithm of this probability up to second order, which enables us
to propose an exponential random graph model based on the number of vertices in a triangle. Specifically, by tuning
a single parameter, we can with high probability induce any given fraction of vertices in a triangle. Moreover, in
the proposed exponential random graph model we derive a large deviation principle for the number of edges. As a
byproduct, we propose a consistent estimator of the tuning parameter.

Keywords: Consistent estimation; exponential random graph; nonlinear large deviations; random graphs
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