BERNOULLI

Official Journal of the Bernoulli Society for Mathematical Statistics
and Probability

Volume Thirty One Number Three August 2025 ISSN: 1350-7265

CONTENTS

CHINOT, G. and LERASLE, M. 1693
On the robustness of the minimim ¢, interpolator

BAO, J. and HAO, J. 1709
Limit theorems for SDEs with irregular drifts

FERREIRA, V., PORCU, E. and ZUBELLI, J. 1735
Random fields on Hilbert spaces with their equivalent Gaussian measures

TANG, Y. and REID, N. 1759
Laplace and saddlepoint approximations in high dimensions

CHONG, C.H. and TODOROV, V. 1789
Short-time expansion of characteristic functions in a rough volatility setting with
applications

CIOLEK, G., MARUSHKEVYCH, D. and PODOLSKIJ, M. 1811
On Lasso estimator for the drift function in diffusion models

DENG, C.-S., SCHILLING, R.L. and XU, L. 1834
Optimal Wasserstein-1 distance between SDEs driven by Brownian motion and stable
processes

BERGER, M., HERMANN, P. and HOLZMANN, H. 1858
From dense to sparse design: Optimal rates under the supremum norm for estimating
the mean function in functional data analysis

CRUCINIO, ER., DURMUS, A., IMENEZ, P. and ROBERTS, G.O. 1889
Optimal scaling results for Moreau-Yosida Metropolis-adjusted Langevin algorithms
BROWN, A. and JONES, G. 1908

Lower bounds on the rate of convergence for accept-reject-based Markov chains in
Wasserstein and total variation distances

STAUDT, T. and HUNDRIESER, S. 1929
Convergence of empirical optimal transport in unbounded settings

CHAZAL, F., MICHEL, B. and REISE, W. 1955
Topological signatures of periodic-like signals

BROUSTE, A., DENIS, L. and NGO, T.-B.-T. 1991
LAMN property for stable-Lévy SDEs with constant scale coefficient

FANG, X. and LIU, S.-H. 2018
Edgeworth expansion by Stein’s method

BHATTACHARYA, R. and JONES, G. 2042

Explicit constraints on the geometric rate of convergence of random walk
Metropolis-Hastings
KONEN, D. 2077
PDE characterization of geometric distribution functions and quantiles
(continued)
A list of forthcoming papers can be found online at https://www.bernoullisociety.org/index.
php/publications/bernoulli-journal/bernoulli-journal-papers


https://www.bernoullisociety.org/index.php/publications/bernoulli-journal/bernoulli-journal-papers
https://www.bernoullisociety.org/index.php/publications/bernoulli-journal/bernoulli-journal-papers

BERNOULLI

Official Journal of the Bernoulli Society for Mathematical Statistics
and Probability

Volume Thirty One Number Three August 2025 ISSN: 1350-7265

CONTENTS

(continued)

DAVIS, D., DIAZ, M. and WANG, K. 2105
Clustering a mixture of Gaussians with unknown covariance

DOUMECHE, N., BIAU, G. and BOYER, C. 2127
On the convergence of PINNs

MAILLARD, G. 2152
A model-based approach to density estimation in sup-norm

LIU, R., HUANG, J. and ZHU, L. 2177
Goodness-of-fit tests for high-dimensional parametric multiresponse regressions

BERTIN, K., KLUTCHNIKOFF, N. and OUIMET, F. 2201
A new adaptive local polynomial density estimation procedure on complicated domains

GUO, X. and LI, X. 2226
The functional central limit theorem with mean uncertainty under the sublinear
expectation

TONG, X., WANG, W. and WANG, Y. 2251
Uniform error bound for PCA matrix denoising

CHUNG, H.W,, LEE, J. and LEE, J.O. 2276

Asymptotic normality of log likelihood ratio and fundamental limit of the weak
detection for spiked Wigner matrices

HERVE, L. and LEDOUX, J. 2302
Computable bounds for solutions to Poisson’s equation and perturbation of Markov
kernels

BIERKENS, J., KAMATANI, K. and ROBERTS, G.O. 2323
Scaling of piecewise deterministic Monte Carlo for anisotropic targets

LIU, X., LIU, Y., PAN, G., ZHANG, L. and ZHANG, Z. 2351

Asymptotic limits of spiked eigenvalues and eigenvectors of signal-plus-noise matrices
with weak signals and heteroskedastic noise

AL-GHATTAS, O., CHEN, J., SANZ-ALONSO, D. and WANIOREK, N. 2377
Covariance operator estimation: Sparsity, lengthscale, and ensemble Kalman filters
SARKAR, P., KHARE, K. and GHOSH, M. 2403

Posterior consistency in multi-response regression models with non-informative priors
for the error covariance matrix in growing dimensions

QIU, Y. and GU, Y. 2434
F statistics for high-dimensional inference of linear model

KANG, C., CHO, H., SONG, R., BANERJEE, M., LABER, E.B. and KOSOROK, M.R. 2459
Inference for change-plane regression

HEIZMANN, N., KAISER, R. and SAVA-HUSS, E. 2484
Sandpiles on the Vicsek fractal explode with probability %

REN, P. 2508
Extrinsic derivative formula for distribution dependent SDEs

KERRIOU, C. and MORTERS, P. 2525

The fewest-big-jumps principle and an application to random graphs



BERNOUILLI Volume 31 Number 3 August 2025 Pages 1693-2546 ISI/BS



Volume 31 Number 3 August 2025 ISSN 1350-7265



BERNOULLI

Official Journal of the Bernoulli Society for Mathematical Statistics and Probability

Aims and Scope

Issued four times per year, BERNOULLI is the flagship journal of the Bernoulli Society for Math-
ematical Statistics and Probability. The journal aims at publishing original research contributions of
the highest quality in all subfields of Mathematical Statistics and Probability. The main emphasis of
Bernoulli is on theoretical work, yet discussion of interesting applications in relation to the proposed
methodology is also welcome.

Bernoulli Society for Mathematical Statistics and Probability

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

Meetings: https://www.bernoullisociety.org/meetings

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

Executive Committee
Detailed information about the members of the Executive Committee can be found on https://www.
bernoullisociety.org/who-is-who

The papers published in Bernoulli are indexed or abstracted in Mathematical Reviews (MathSciNet),
Zentralblatt MATH (zbMATH Open), Science Citation Index Expanded (Web of Science), SCOPUS
and Google Scholar.

©2025 International Statistical Institute/Bernoulli Society

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

In 2025 Bernoulli consists of 4 issues published in February, May, August and November.

Bernoulli Society

5 for Mathematical Statistics
and Probability


https://www.bernoullisociety.org/meetings
https://www.bernoullisociety.org/who-is-who
https://www.bernoullisociety.org/who-is-who

Bernoulli 31(3), 2025, 1693-1708
https://doi.org/10.3150/22-BEJ 1473

On the robustness of the minimim ¢,
interpolator

GEOFFREY CHINOT!' and MATTHIEU LERASLEZ%b

lETHZ, Réimistrasse 101, 8092 Ziirich, Switzerland, ®geoffrey.chinot @stat.math.ethz.ch
2CNRS, ENSAE, CREST, 5 avenue Henri Chatelier 91120 Palaiseau, France, bmatthieu.lerasle@ensae.fr

We analyse the interpolator with minimal £,-norm J in a general high dimensional linear regression framework
where Y = XB* + ¢ with X a random n X p matrix with independent N (0,X) rows. We prove that, with high
probability, without assumption on the noise vector & € R", the ellipsoid risk ||8 — 8* ||% =(B-89TZ(B-pY
is bounded from above by (||3* ||%rcn(2) Vv |I€]12)/n, where ¢ is an absolute constant and, for any k > 1, rp(2) =
2i>kAi () is the tail sum of the eigenvalues of X. These bounds show a transition in the rates. For high signal
to noise ratios, the rates ||8* ||§rcn(2) /n broadly improve the existing ones. For low signal to noise ratio, we also
provide lower bound holding with large probability. General lower bounds are proved under minor restrictions
on the noise ¢ (see Theorem 1). Under assumptions on the sprectrum of X, this lower bound is of order ||& ||% /n,
matching the upper bound. Consequently, in the large noise regime, we are able to precisely track the ellipsoid risk
with large probability. These results give new insight when the interpolation can be harmless in high dimensions.

Keywords: Interpolation problems; statistical learning; robustness
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Limit theorems for SDEs with irregular drifts

JIANHAI BAO? and JIAQING HAOP

Center for Applied Mathematics, Tianjin University, 300072 Tianjin, P.R. China, ®jianhaibao @tju.edu.cn,
bhjq_0227@tju.edu.cn

In this paper, concerning SDEs with Holder continuous drifts, which are merely dissipative at infinity, and SDEs
with piecewise continuous drifts, we investigate the strong law of large numbers and the central limit theorem for
underlying additive functionals and reveal the corresponding rates of convergence. To establish the limit theorems
under consideration, the exponentially contractive property of solution processes under the (quasi-)Wasserstein
distance plays an indispensable role. In order to achieve such contractive property, which is new and interesting
in its own right for SDEs with Holder continuous drifts or piecewise continuous drifts, the reflection coupling
method is employed and meanwhile a sophisticated test function is built.

Keywords: Central limit theorem; dissipativity at infinity; Holder continuous drift; piecewise continuous drift;
strong law of large numbers
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We consider the infinite dimensional case for Gaussian fields having a compact set of R4 as their index set. For
Hilbert space valued Gaussian fields, we prove conditions for equivalence of their Gaussian measures, in the sense
that the Gaussian measures induced by two given fields are equivalent on their paths. Such conditions are proved to
depend on the difference between the correlation operators that characterize the two Gaussian measures. Further,
we provide the analogue of the celebrated Bochner’s characterisation for correlation operators that represents the
infinite dimensional extension of matrix-valued kernels.
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We examine the behaviour of the Laplace and saddlepoint approximations in the high-dimensional setting, where
the dimension of the model is allowed to increase with the number of observations. Approximations to the joint
density, the marginal posterior density and the conditional density are considered. Our results show that under the
mildest assumptions on the model, the error of the joint density approximation is O ( ptn) if p= o(nl/ 4) for the
Laplace approximation and saddlepoint approximation, and O ( p3 /n)if p= o(nl/ 3) under additional assumptions
on the second derivative of the log-likelihood. Stronger results are obtained for the approximation to the marginal
posterior density.
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Short-time expansion of characteristic functions
in a rough volatility setting with applications
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We derive a higher-order asymptotic expansion of the conditional characteristic function of the increment of an
It6 semimartingale over a shrinking time interval. The spot characteristics of the Itd semimartingale are allowed
to have dynamics of general form. In particular, their paths can be rough, that is, exhibit local behavior like
that of a fractional Brownian motion, while at the same time have jumps with arbitrary degree of activity. The
expansion result shows the distinct roles played by the different features of the spot characteristics dynamics.
As an application of our result, we construct a nonparametric estimator of the Hurst parameter of the diffusive
volatility process from portfolios of short-dated options written on an underlying asset.

Keywords: Asymptotic expansion; characteristic function; fractional Brownian motion; Hurst parameter; infinite
variation jumps; Itd semimartingale; options; rough volatility
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On Lasso estimator for the drift function in
diffusion models
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In this paper we study the properties of the Lasso estimator of the drift component in the diffusion setting. More
specifically, we consider a multivariate parametric diffusion model X observed continuously over the interval
[0,T] and investigate drift estimation under sparsity constraints. We allow the dimensions of the model and the
parameter space to be large. We obtain an oracle inequality for the Lasso estimator and derive an error bound
for the L2-distance using concentration inequalities for linear functionals of diffusion processes. The probabilistic
part is based upon elements of empirical processes theory and, in particular, on the chaining method.

Keywords: Concentration inequalities; diffusion models; high dimensional statistics; Lasso; parametric estimation
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We are interested in the following two R4 -valued stochastic differential equations (SDEs):
dX; = b(Xz)dt +odL, XO =X,
dY; = b(Y;)dt + odB;, Y=y,

where o is an invertible d X d matrix, L; is a rotationally symmetric a-stable Lévy process, and By is a d-
dimensional standard Brownian motion (note that By is a rotationally symmetric a-stable Lévy process with @ = 2).
We show that for any o € (1,2) the Wasserstein-1 distance Wy satisfies for @ € [,2)

C
ap—1

W (laW(th ) law(r? )) <Cle Ot x—y|+ 2 - a)dlog(1 + d),

which implies, in particular,
C
Wilpas p2) £ —— (2 —a)dlog(1 + d),
ag — 1

where uq and py are the ergodic measures of X; and Y; respectively. For the special case of a d-dimensional
Ornstein—Uhlenbeck system, we show that Wi (e, tp) = C4(2 — @) for all @ € (1,2); this indicates that the conver-
gence rate with respect to « in the previous bound is optimal. The term dlog(1 + d) appearing in the bound seems
to also be optimal for the dimension d.

Keywords: Optimal convergence rate; SDE driven by a-stable processes; SDE driven by Brownian motions;
Wasserstein-1 distance
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From dense to sparse design: Optimal rates
under the supremum norm for estimating the
mean function in functional data analysis
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We derive optimal rates of convergence in the supremum norm for estimating the Holder-smooth mean function
of a stochastic process which is repeatedly and discretely observed with additional errors at fixed, multivariate,
synchronous design points, the typical scenario for machine recorded functional data. Similarly to the optimal
rates in Ly obtained in (Cai and Yuan, Ann. Statist. 39 (2011) 2330-2355), for sparse design a discretization term
dominates, while in the dense case the parametric v/ rate can be achieved as if the n processes were continuously
observed without errors. The supremum norm is of practical interest since it corresponds to the visualization
of the estimation error, and forms the basis for the construction of uniform confidence bands. We show that in
contrast to the analysis in L,, there is an intermediate regime between the sparse and dense cases dominated by
the contribution of the observation errors. Furthermore, under the supremum norm interpolation estimators which
suffice in L, turn out to be sub-optimal in the presence of observation errors in the dense setting, which helps
to explain their poor empirical performance. In contrast to previous contributions involving the supremum norm,
we discuss optimality even in the multivariate setting, and for dense design obtain the /i rate of convergence
without additional logarithmic factors. We also derive a central limit theorem in the supremum norm, and provide
simulations and real data applications to illustrate our results.

Keywords: Asymptotic confidence sets; dense and sparse design; functional data; minimax optimality; supremum
norm
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We consider a recently proposed class of MCMC methods which uses proximity maps instead of gradients to build
proposal mechanisms which can be employed for both differentiable and non-differentiable targets. These methods
have been shown to be stable for a wide class of targets, making them a valuable alternative to Metropolis-adjusted
Langevin algorithms (MALA), and have found wide application in imaging contexts. The wider stability properties
are obtained by building the Moreau-Yosida envelope for the target of interest, which depends on a parameter A.
In this work, we investigate the optimal scaling problem for this class of algorithms, which encompasses MALA,
and provide practical guidelines for the implementation of these methods.

Keywords: Laplace distribution; Markov chain Monte Carlo; proximity map
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To avoid poor empirical performance in Metropolis-Hastings and other accept-reject-based algorithms practition-
ers often tune them by trial and error. Lower bounds on the convergence rate are developed in both total variation
and Wasserstein distances in order to identify how the simulations will fail so these settings can be avoided, provid-
ing guidance on tuning. Particular attention is paid to using the lower bounds to study the convergence complexity
of accept-reject-based Markov chains and to constrain the rate of convergence for geometrically ergodic Markov
chains. The theory is applied in several settings. For example, if the target density concentrates with a param-
eter n (e.g. posterior concentration, Laplace approximations), it is demonstrated that the convergence rate of a
Metropolis-Hastings chain can be arbitrarily slow if the tuning parameters do not depend carefully on n. This is
demonstrated with Bayesian logistic regression with Zellner’s g-prior when the dimension and sample increase
together and flat prior Bayesian logistic regression as n tends to infinity.

Keywords: Bayesian statistics; convergence complexity; Markov chain Monte Carlo; Metropolis-Hastings;
Wasserstein distance
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Convergence of empirical optimal transport in
unbounded settings
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In compact settings, the convergence rate of the empirical optimal transport cost to its population value is well
understood for a wide class of spaces and cost functions. In unbounded settings, however, hitherto available results
require strong assumptions on the ground costs and the concentration of the involved measures. In this work, we
pursue a decomposition-based approach to generalize the convergence rates found in compact spaces to unbounded
settings under generic moment assumptions that are sharp up to an arbitrarily small € > 0. Hallmark properties of
empirical optimal transport on compact spaces, like the recently established adaptation to lower complexity, are
shown to carry over to the unbounded case.

Keywords: Convergence rate; curse of dimensionality; metric entropy; Wasserstein distance
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Topological signatures of periodic-like signals
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We present a method to construct signatures of periodic-like data. Based on topological considerations, our con-
struction encodes information about the order and values of local extrema. Its main strength is robustness to
reparametrization of the observed signal, so that it depends only on the form of the periodic function. The signa-
ture converges as the observation contains increasingly many periods. We show that it can be estimated from the
observation of a single time series using bootstrap techniques.

Keywords: Dependent data; functional data; limit theorems; persistent homology; time series
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The joint parametric estimation of the drift coefficient, the scale coefficient and the jump activity in stochastic dif-
ferential equations driven by a symmetric stable Lévy process is considered, based on high-frequency observations.
Firstly, the LAMN property for the corresponding Euler-type scheme is proven and lower bounds for the estima-
tion risk in this setting are deduced. When the approximation scheme experiment is asymptotically equivalent to
the original one, these bounds can be transferred. Secondly, a one-step procedure is proposed which is shown to
be fast and asymptotically normal and even asymptotically efficient when the scale coefficient is constant. The
performances in terms of asymptotical variance and computation time on samples of finite size are illustrated with
simulations.

Keywords: LAMN property; Lévy process; one-step procedure; parametric estimation; stable process; stochastic
differential equation
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Edgeworth expansion by Stein’s method
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Edgeworth expansion provides higher-order corrections to the normal approximation for a probability distribution.
The classical proof of Edgeworth expansion is via characteristic functions. As a powerful method for distributional
approximations, Stein’s method has also been used to prove Edgeworth expansion results. However, these results
assume that either the test function is smooth (which excludes indicator functions of the half line) or that the
random variables are continuous (which excludes random variables having only a continuous component). Thus,
how to recover the classical Edgeworth expansion result using Stein’s method has remained an open problem. In
this paper, we develop Stein’s method for two-term Edgeworth expansions in a general case. Our approach involves
repeated use of Stein equations, Stein identities via Stein kernels, and a replacement argument.

Keywords: Central limit theorem; Edgeworth expansion; Stein kernel; Stein’s method
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Convergence rate analyses of random walk Metropolis-Hastings Markov chains on general state spaces have largely
focused on establishing sufficient conditions for geometric ergodicity or on analysis of mixing times. Geometric er-
godicity is a key sufficient condition for the Markov chain Central Limit Theorem and allows rigorous approaches
to assessing Monte Carlo error. The sufficient conditions for geometric ergodicity of the random walk Metropolis-
Hastings Markov chain are refined and extended, which allows the analysis of previously inaccessible settings such
as Bayesian Poisson regression. The key technical innovation is the development of explicit drift and minorization
conditions for random walk Metropolis-Hastings, which allows explicit upper and lower bounds on the geometric
rate of convergence. Alternative lower bounds on the geometric rate of convergence are developed using spectral
theory. The previous sufficient conditions for geometric ergodicity have not provided explicit constraints on the
rate of geometric rate of convergence because the method used only implies the existence of drift and minoriza-
tion conditions. The theoretical results are applied to random walk Metropolis-Hastings algorithms for a class of
exponential families and generalized linear models that address Bayesian regression problems.

Keywords: Geometric ergodicity; Markov chain Monte Carlo; Metropolis-Hastings; random walk
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PDE characterization of geometric distribution
functions and quantiles
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We show that, in any Euclidean space, an arbitrary probability measure can be reconstructed explicitly by its
geometric (or spatial) distribution function. The reconstruction takes the form of a (potentially fractional) linear
PDE, where the differential operator is given in closed form. This result implies that, contrary to a common belief
in the statistical depth community, geometric cdfs in principle provide exact control over the probability content
of all depth regions. We present a comprehensive study of the regularity of the geometric distribution function,
and show that, contrary to the univariate case, a continuous density in general does not give rise to a geometric
cdf with enough regularity to reconstruct the density pointwise. Surprisingly, we prove that the reconstruction
displays different behaviours in odd and even dimension: it is local in odd dimension and completely nonlocal in
even dimension. We investigate this issue and provide a partial counterpart for even dimensions, and establish a
general representation formula of the geometric cdf of spherically symmetric probability laws in odd dimensions.
We finally provide explicit density reconstructions from their corresponding geometric distribution function in
dimension 2 and 3.

Keywords: Centrality regions; deconvolution; fractional Laplacian; multivariate quantiles; spatial quantiles;
statistical depth
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We investigate a clustering problem with data from a mixture of Gaussians that share a common but unknown,
and potentially ill-conditioned, covariance matrix. We start by considering Gaussian mixtures with two equally-
sized components and derive a Max-Cut integer program based on maximum likelihood estimation. We prove its
solutions achieve the optimal misclassification rate when the number of samples grows linearly in the dimension,
up to a logarithmic factor. However, solving the Max-Cut problem appears to be computationally intractable. To
overcome this, we develop an efficient spectral algorithm that attains the optimal rate but requires a quadratic
sample size. Although this sample complexity is worse than that of the Max-Cut problem, we conjecture that
no polynomial-time method can perform better. Furthermore, we gather numerical and theoretical evidence that
supports the existence of a statistical-computational gap. Finally, we generalize the Max-Cut program to a k-means
program that handles multi-component mixtures with possibly unequal weights.
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Physics-informed neural networks (PINNs) are a promising approach that combines the power of neural networks
with the interpretability of physical modeling. PINNs have shown good practical performance in solving par-
tial differential equations (PDEs) and in hybrid modeling scenarios, where physical models enhance data-driven
approaches. However, it is essential to establish their theoretical properties in order to fully understand their ca-
pabilities and limitations. In this study, we highlight that classical training of PINNs can suffer from systematic
overfitting. This problem can be addressed by adding a ridge regularization to the empirical risk, which ensures
that the resulting estimator is risk-consistent for both linear and nonlinear PDE systems. However, the strong
convergence of PINNs to a solution satisfying the physical constraints requires a more involved analysis using
tools from functional analysis and calculus of variations. In particular, for linear PDE systems, an implementable
Sobolev-type regularization allows to reconstruct a solution that not only achieves statistical accuracy but also
maintains consistency with the underlying physics.

Keywords: Consistency; hybrid modeling; PDE solver; physics-informed neural networks
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A model-based approach to density estimation
in sup-norm
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We define a general method for finding a quasi-best approximant in sup-norm to a target density belonging to a
given model, based on independent samples drawn from distributions which average to the target (which does not
necessarily belong to the model). We also provide a general method for selecting among a countable family of
such models. These estimators satisfy oracle inequalities in the general setting. The quality of the bounds depends
on the volume of sets on which |p — ¢| is close to its maximum, where p, g belong to the model (or possibly to two
different models, in the case of model selection). This leads to optimal results in a number of settings, including
piecewise polynomials on a given partition and anisotropic smoothness classes. Particularly interesting is the case
of the single index model with fixed smoothness 3, where we recover the one-dimensional rate: this was an open
problem.
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This study investigates goodness-of-fit testing in the context of high-dimensional parametric multiresponse re-
gression, where the numbers of responses and parameters may diverge as the sample size increases. Particular
attention is given to ordinary differential equation models, whose solutions can be interpreted as examples of mul-
tiresponse regression. To address the challenges posed by these models, we introduce two novel tests: a new global
smoothing test and a new local smoothing test. The former exhibits a normal weak limit under the null hypothesis,
representing a significant improvement over classical counterparts with intractable limiting null distributions in
fixed-dimensional scenarios. The latter exhibits a dimension-agnostic property under certain conditions. More-
over, an increase in the number of responses can enhance the sensitivity of both tests to alternative models. Under
specific regularity conditions, these tests can detect local alternatives distinct from the null hypothesis at rates
faster than the fastest possible rates achievable by classical tests in fixed-dimensional cases. Numerical studies are
conducted to evaluate the performance of the proposed tests and demonstrate their efficacy in real data analysis.

Keywords: Global smoothing test; high dimensionality; least squares estimation; local smoothing test; model
specification
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This paper presents a novel approach for pointwise estimation of multivariate density functions on known domains
of arbitrary dimensions using nonparametric local polynomial estimators. Our method is highly flexible, as it
applies to both simple domains, such as open connected sets, and more complicated domains that are not star-
shaped around the point of estimation. This enables us to handle domains with sharp concavities, holes, and local
pinches, such as polynomial sectors. Additionally, we introduce a data-driven selection rule based on the general
ideas of Goldenshluger and Lepski. Our results demonstrate that the local polynomial estimators are minimax
under a L? risk across a wide range of Holder-type functional classes. In the adaptive case, we provide oracle
inequalities and explicitly determine the convergence rate of our statistical procedure. Simulations on polynomial
sectors show that our oracle estimates outperform those of the most popular alternative method, found in the
sparr package for the R software. Our statistical procedure is implemented in an online R package which is
readily accessible.

Keywords: Adaptive estimation; complicated domain; concave domain; local polynomial; minimax;
nonparametric density estimation; oracle inequality; pinched domain; pointwise risk; polynomial sector
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The functional central limit theorem with mean
uncertainty under the sublinear expectation
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We introduce a fundamental model for independent and identically distributed sequences with model uncertainty
on the canonical space RN, B(RY)). Thanks to the well-defined upper and lower variances, we obtain a functional
central limit theorem with mean uncertainty on the canonical space using a method based on the martingale central
limit theorem and the stability of stochastic integrals in classical probability theory. We then extend it to the general
sublinear expectation space through a representation theorem. Our results generalize Peng’s central limit theorem
with zero mean to include the mean uncertainty and provide a purely probabilistic proof instead of the existing
nonlinear partial differential equation approach. As an application, we consider the two-armed bandit problem and
generalize the corresponding central limit theorem from mean certainty to mean uncertainty.

Keywords: Canonical space; central limit theorem; independence and identical distribution; mean uncertainty;
sublinear expectation; upper and lower variances
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Uniform error bound for PCA matrix denoising
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Principal component analysis (PCA) is a simple and popular tool for processing high-dimensional data. We in-
vestigate its effectiveness for matrix denoising. We consider the clean data are generated from a low-dimensional
subspace, but masked by independent high-dimensional sub-Gaussian noises with standard deviation . Under the
low-rank assumption on the clean data with a mild spectral gap assumption, we prove that the distance between
each pair of PCA-denoised data point and the clean data point is uniformly bounded by O(o logn). To illustrate
the spectral gap assumption, we show it can be satisfied when the clean data are independently generated with
a non-degenerate covariance matrix. We then provide a general lower bound for the error of the denoised data
matrix, which indicates PCA denoising gives a uniform error bound that is rate-optimal. Furthermore, we examine
how the error bound impacts downstream applications such as clustering and manifold learning. Numerical results
validate our theoretical findings and reveal the importance of the uniform error.

Keywords: High-dimensional data; matrix denoising; PCA; rate-optimal; uniform error
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We consider the problem of detecting the presence of a signal in a rank-one spiked Wigner model. For general non-
Gaussian noise, assuming that the signal is drawn from the Rademacher prior, we prove that the log likelihood ratio
(LR) of the spiked model against the null model converges to a Gaussian when the signal-to-noise ratio is below
a certain threshold. The threshold is optimal in the sense that the reliable detection is possible by a transformed
principal component analysis (PCA) above it. From the mean and the variance of the limiting Gaussian for the log-
LR, we compute the limit of the sum of the Type-I error and the Type-II error of the likelihood ratio test. We also
prove similar results for a rank-one spiked IID model where the noise is asymmetric but the signal is symmetric.

Keywords: Asymptotic normality; likelihood ratio; spiked Wigner matrix
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Computable bounds for solutions to Poisson’s
equation and perturbation of Markov kernels
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We consider a Markov kernel on a measurable space, satisfying a minorization condition and a modulated drift
condition. Then we show that there exists a solution to the so-called Poisson equation whose norm can be bounded
from above using the modulated drift condition. This new bound is very simple and can be easily computed. This
result is obtained using the submarkov residual kernel given by the minorization condition. Such a bound allows
us to provide new control on the weighted total variation norms of the deviation between the invariant probability
measure 7g, of a Markov kernel Py and the invariant probability measure mg of some perturbation Py of Pg,.
From the standard connexion between Poisson’s equation and the central limit theorem, a simple and computable
bound on the asymptotic variance is also derived.

Keywords: Asymptotic variance; drift conditions; invariant probability measure; perturbed Markov kernels;
Poisson’s equation
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Piecewise deterministic Markov processes (PDMPs) are a type of continuous-time Markov process that combine
deterministic flows with jumps. Recently, PDMPs have garnered attention within the Monte Carlo community
as a potential alternative to traditional Markov chain Monte Carlo (MCMC) methods. The Zig-Zag sampler and
the Bouncy Particle Sampler are commonly used examples of the PDMP methodology which have also yielded
impressive theoretical properties, but little is known about their robustness to extreme dependence or anisotropy
of the target density. It turns out that PDMPs may suffer from poor mixing due to anisotropy and this paper
investigates this effect in detail in the stylised but important Gaussian case. To this end, we employ a multi-scale
analysis framework in this paper. Our results show that when the Gaussian target distribution has two scales, of
order 1 and €, the computational cost of the Bouncy Particle Sampler is of order €1, and the computational cost
of the Zig-Zag sampler is €2 In comparison, the cost of the traditional MCMC methods such as RWM is of
order €2, at least when the dimensionality of the small component is more than 1. Therefore, there is a robustness
advantage to using PDMPs in this context.

Keywords: Markov process; Monte Carlo methods; multi-scale analysis
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This paper is to study a signal-plus-noise model in high dimensional settings when the dimension and the sample
size are comparable. Specifically, we assume that the noise has a general covariance matrix that allows for het-
eroskedasticity, and that the deterministic signal has the same magnitude as the noise and can have a rank that
tends to infinity. We develop the asymptotic limits of the left and right spiked singular vectors of the signal-plus-
noise data matrix and the limits of the spiked eigenvalues of the corresponding Gram matrix. As an application,
we propose a new criterion to estimate the number of clusters in clustering problems.

Keywords: Deterministic equivalents; signal-plus-noise matrices; spectral clustering; spiked eigenvalues and
eigenvectors
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Covariance operator estimation: Sparsity,
lengthscale, and ensemble Kalman filters
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This paper investigates covariance operator estimation via thresholding. For Gaussian random fields with approx-
imately sparse covariance operators, we establish non-asymptotic bounds on the estimation error in terms of the
sparsity level of the covariance and the expected supremum of the field. We prove that thresholded estimators
enjoy an exponential improvement in sample complexity compared with the standard sample covariance estimator
if the field has a small correlation lengthscale. As an application of the theory, we study thresholded estimation of
covariance operators within ensemble Kalman filters.

Keywords: Covariance operator estimation; ensemble Kalman filters; small lengthscale regime; thresholding
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Posterior consistency in multi-response
regression models with non-informative priors
for the error covariance matrix

in growing dimensions
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The Inverse-Wishart (IW) distribution is a standard and popular choice of priors for covariance matrices and has
attractive properties such as conditional conjugacy. However, the IW family of priors has crucial drawbacks, in-
cluding the lack of effective choices for non-informative priors. Several classes of priors for covariance matrices
that alleviate these drawbacks, while preserving computational tractability, have been proposed in the literature.
These priors can be obtained through appropriate scale mixtures of IW priors. However, in the era of increasing
dimensionality, the posterior consistency of models that incorporate such priors has not been investigated. We ad-
dress this issue for the multi-response regression setting (g responses, n samples) under a wide variety of IW scale
mixture priors for the error covariance matrix. Posterior consistency and contraction rates for both the regression
coefficient matrix and the error covariance matrix are established in the “large ¢, large n” setting under mild as-
sumptions on the true data-generating covariance matrix and relevant hyperparameters. In particular, the number
of responses ¢y is allowed to grow with n, but with g, = o(n). Also, some results related to the inconsistency of
the posterior distribution and posterior mean for g, /n — 7y, where y € (0,00) are provided.

Keywords: High-dimensional covariance estimation; non-informative prior; scale-mixed inverse Wishart
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F statistics for high-dimensional inference of
linear model
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We aim to estimate and conduct inference for the effects of multiple covariates of interest simultaneously after
adjusting the impact of high-dimensional control variables under a linear model. An F-type statistic is proposed
based on the residuals from the regularized fitting of the response variable and the target covariates on the con-
trol covariates. A testing procedure and confidence interval are constructed. The proposed procedures reduce the
impact of potential over-fitting errors from the regularized regression on the inference of the target parameters.
The essence is to eliminate the prediction errors in the direction of the actual regression error and achieve a more
accurate size and coverage rate. Expansions of the proposed statistics are derived, showing the proposed method’s
error reduction property. Simulation studies verify the theoretical results and demonstrate the proposed method
has better performance than the existing methods. A real data analysis for S&P 500 stock returns is conducted to
show the utility of the proposed method in practice.

Keywords: Error reduction; F statistic; high dimensionality; inference for penalized regression; lasso

References

Belloni, A., Chernozhukov, V. and Hansen, C. (2014). Inference on treatment effects after selection among high-
dimensional controls. Rev. Econ. Stud. 81 608—-650. MR3207983 https://doi.org/10.1093/restud/rdt044

Belloni, A., Chernozhukov, V. and Wei, Y. (2016). Post-selection inference for generalized linear models with many
controls. J. Bus. Econom. Statist. 34 606—-619. MR3547999 https://doi.org/10.1080/07350015.2016.1166116

Bickel, P.J., Ritov, Y. and Tsybakov, A.B. (2009). Simultaneous analysis of lasso and Dantzig selector. Ann. Statist.
37 1705-1732. MR2533469 https://doi.org/10.1214/08-A0S620

Biihlmann, P. and van de Geer, S. (2011). Statistics for High-Dimensional Data: Methods, Theory and Appli-
cations. Springer Series in Statistics. Heidelberg: Springer. MR2807761 https://doi.org/10.1007/978-3-642-
20192-9

Cai, T.T. and Guo, Z. (2017). Confidence intervals for high-dimensional linear regression: Minimax rates and
adaptivity. Ann. Statist. 45 615-646. MR3650395 https://doi.org/10.1214/16-A0S 1461

Cai, T.T., Liu, W. and Zhou, H.H. (2016). Estimating sparse precision matrix: Optimal rates of convergence and
adaptive estimation. Ann. Statist. 44 455-488. MR3476606 https://doi.org/10.1214/13-A0S 1171

Candes, E. and Tao, T. (2007). The Dantzig selector: Statistical estimation when p is much larger than n. Ann.
Statist. 35 2313-2351. MR2382644 https://doi.org/10.1214/009053606000001523

Chang, J., Qiu, Y., Yao, Q. and Zou, T. (2018). Confidence regions for entries of a large precision matrix. J.
Econometrics 206 57-82. MR3840783 https://doi.org/10.1016/j.jeconom.2018.03.020

Chernozhukov, V., Chetverikov, D., Demirer, M., Duflo, E., Hansen, C., Newey, W. and Robins, J. (2018). Dou-
ble/debiased machine learning for treatment and structural parameters. Econom. J. 21 C1-C68. MR3769544
https://doi.org/10.1111/ectj. 12097

Chetverikov, D., Liao, Z. and Chernozhukov, V. (2021). On cross-validated Lasso in high dimensions. Ann. Statist.
49 1300-1317. MR4298865 https://doi.org/10.1214/20-20s2000

Fan, J. and Li, R. (2001). Variable selection via nonconcave penalized likelihood and its oracle properties. J. Amer.
Statist. Assoc. 96 1348—1360. MR 1946581 https://doi.org/10.1198/016214501753382273

1350-7265 © 2025 ISI/BS


https://www.bernoullisociety.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/24-BEJ1811
mailto:qiuyumou@math.pku.edu.cn
mailto:yushang@iastate.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=3207983
https://doi.org/10.1093/restud/rdt044
https://mathscinet.ams.org/mathscinet-getitem?mr=3547999
https://doi.org/10.1080/07350015.2016.1166116
https://mathscinet.ams.org/mathscinet-getitem?mr=2533469
https://doi.org/10.1214/08-AOS620
https://mathscinet.ams.org/mathscinet-getitem?mr=2807761
https://doi.org/10.1007/978-3-642-20192-9
https://doi.org/10.1007/978-3-642-20192-9
https://mathscinet.ams.org/mathscinet-getitem?mr=3650395
https://doi.org/10.1214/16-AOS1461
https://mathscinet.ams.org/mathscinet-getitem?mr=3476606
https://doi.org/10.1214/13-AOS1171
https://mathscinet.ams.org/mathscinet-getitem?mr=2382644
https://doi.org/10.1214/009053606000001523
https://mathscinet.ams.org/mathscinet-getitem?mr=3840783
https://doi.org/10.1016/j.jeconom.2018.03.020
https://mathscinet.ams.org/mathscinet-getitem?mr=3769544
https://doi.org/10.1111/ectj.12097
https://mathscinet.ams.org/mathscinet-getitem?mr=4298865
https://doi.org/10.1214/20-aos2000
https://mathscinet.ams.org/mathscinet-getitem?mr=1946581
https://doi.org/10.1198/016214501753382273

F statistics for high-dimensional inference 2435

Fei, Z., Zhu, J., Banerjee, M. and Li, Y. (2019). Drawing inferences for high-dimensional linear models: A
selection-assisted partial regression and smoothing approach. Biometrics 75 551-561. MR3999178 https://doi.
org/10.1111/biom.13013

Javanmard, A. and Montanari, A. (2014). Confidence intervals and hypothesis testing for high-dimensional regres-
sion. J. Mach. Learn. Res. 15 2869-2909. MR3277152

Lee, J.D., Sun, D.L., Sun, Y. and Taylor, J.E. (2016). Exact post-selection inference, with application to the lasso.
Ann. Statist. 44 907-927. MR3485948 https://doi.org/10.1214/15-A0S 1371

Meinshausen, N. and Bithlmann, P. (2010). Stability selection. J. R. Stat. Soc. Ser. B. Stat. Methodol. 72 417-473.
MR2758523 https://doi.org/10.1111/j.1467-9868.2010.00740.x

Meinshausen, N., Meier, L. and Biithlmann, P. (2009). p-values for high-dimensional regression. J. Amer. Statist.
Assoc. 104 1671-1681. MR2750584 https://doi.org/10.1198/jasa.2009.tm08647

Meinshausen, N. and Yu, B. (2009). Lasso-type recovery of sparse representations for high-dimensional data. Ann.
Statist. 37 246-270. MR2488351 https://doi.org/10.1214/07-A0S582

Ning, Y. and Liu, H. (2017). A general theory of hypothesis tests and confidence regions for sparse high dimen-
sional models. Ann. Statist. 45 158-195. MR3611489 https://doi.org/10.1214/16-A0S 1448

Qiu, Y. and Gu, Y. (2025). Supplement to “F statistics for high-dimensional inference of linear model.” https://doi.
org/10.3150/24-BEJ1811SUPP

Qiu, Y. and Zhou, X.-H. (2020). Estimating c-level partial correlation graphs with application to brain imaging.
Biostatistics 21 641-658. MR4164049 https://doi.org/10.1093/biostatistics/kxy076

Ren, Z., Sun, T., Zhang, C.-H. and Zhou, H.H. (2015). Asymptotic normality and optimalities in estimation of
large Gaussian graphical models. Ann. Statist. 43 991-1026. MR3346695 https://doi.org/10.1214/14-A0S 1286

Robinson, P.M. (1988). Root-N-consistent semiparametric regression. Econometrica 56 931-954. MR0951762
https://doi.org/10.2307/1912705

Shah, R.D. and Biithlmann, P. (2018). Goodness-of-fit tests for high dimensional linear models. J. R. Stat. Soc. Ser.
B. Stat. Methodol. 80 113-135. MR3744714 https://doi.org/10.1111/rssb.12234

Shah, R.D. and Samworth, R.J. (2013). Variable selection with error control: Another look at stability selection. J.
R. Stat. Soc. Ser. B. Stat. Methodol. 75 55-80. MR3008271 https://doi.org/10.1111/1.1467-9868.2011.01034.x

Shi, C., Song, R., Chen, Z. and Li, R. (2019). Linear hypothesis testing for high dimensional generalized linear
models. Ann. Statist. 47 2671-2703. MR3988769 https://doi.org/10.1214/18-A0S 1761

Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. J. Roy. Statist. Soc. Ser. B 58 267-288.
MR1379242

van de Geer, S., Bithlmann, P., Ritov, Y. and Dezeure, R. (2014). On asymptotically optimal confidence regions
and tests for high-dimensional models. Ann. Statist. 42 1166-1202. MR3224285 https://doi.org/10.1214/14-
AOS1221

Wang, J., He, X. and Xu, G. (2020). Debiased inference on treatment effect in a high-dimensional model. J. Amer.
Statist. Assoc. 115 442-454. MR4078474 https://doi.org/10.1080/01621459.2018.1558062

Wong, K.C., Li, Z. and Tewari, A. (2020). Lasso guarantees for S-mixing heavy-tailed time series. Ann. Statist. 48
1124-1142. MR4102690 https://doi.org/10.1214/19-A0S 1840

Zhang, C.-H. (2010). Nearly unbiased variable selection under minimax concave penalty. Ann. Statist. 38 §94-942.
MR2604701 https://doi.org/10.1214/09-A0S729

Zhang, X. and Cheng, G. (2017). Simultaneous inference for high-dimensional linear models. J. Amer. Statist.
Assoc. 112 757-768. MR3671768 https://doi.org/10.1080/01621459.2016.1166114

Zhang, C.-H. and Huang, J. (2008). The sparsity and bias of the LASSO selection in high-dimensional linear
regression. Ann. Statist. 36 1567-1594. MR2435448 https://doi.org/10.1214/07-A0S520

Zhang, C.-H. and Zhang, S.S. (2014). Confidence intervals for low dimensional parameters in high dimensional
linear models. J. R. Stat. Soc. Ser. B. Stat. Methodol. 76 217-242. MR3153940 https://doi.org/10.1111/rssb.12026

Zhu, Y. and Bradic, J. (2018a). Linear hypothesis testing in dense high-dimensional linear models. J. Amer. Statist.
Assoc. 113 1583-1600. MR3902231 https://doi.org/10.1080/01621459.2017.1356319

Zhu, Y. and Bradic, J. (2018b). Significance testing in non-sparse high-dimensional linear models. Electron. J.
Stat. 12 3312-3364. MR3861831 https://doi.org/10.1214/18-EJS 1443

Zou, H. (2006). The adaptive lasso and its oracle properties. J. Amer. Statist. Assoc. 101 1418—1429. MR2279469
https://doi.org/10.1198/016214506000000735


https://mathscinet.ams.org/mathscinet-getitem?mr=3999178
https://doi.org/10.1111/biom.13013
https://doi.org/10.1111/biom.13013
https://mathscinet.ams.org/mathscinet-getitem?mr=3277152
https://mathscinet.ams.org/mathscinet-getitem?mr=3485948
https://doi.org/10.1214/15-AOS1371
https://mathscinet.ams.org/mathscinet-getitem?mr=2758523
https://doi.org/10.1111/j.1467-9868.2010.00740.x
https://mathscinet.ams.org/mathscinet-getitem?mr=2750584
https://doi.org/10.1198/jasa.2009.tm08647
https://mathscinet.ams.org/mathscinet-getitem?mr=2488351
https://doi.org/10.1214/07-AOS582
https://mathscinet.ams.org/mathscinet-getitem?mr=3611489
https://doi.org/10.1214/16-AOS1448
https://doi.org/10.3150/24-BEJ1811SUPP
https://doi.org/10.3150/24-BEJ1811SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=4164049
https://doi.org/10.1093/biostatistics/kxy076
https://mathscinet.ams.org/mathscinet-getitem?mr=3346695
https://doi.org/10.1214/14-AOS1286
https://mathscinet.ams.org/mathscinet-getitem?mr=0951762
https://doi.org/10.2307/1912705
https://mathscinet.ams.org/mathscinet-getitem?mr=3744714
https://doi.org/10.1111/rssb.12234
https://mathscinet.ams.org/mathscinet-getitem?mr=3008271
https://doi.org/10.1111/j.1467-9868.2011.01034.x
https://mathscinet.ams.org/mathscinet-getitem?mr=3988769
https://doi.org/10.1214/18-AOS1761
https://mathscinet.ams.org/mathscinet-getitem?mr=1379242
https://mathscinet.ams.org/mathscinet-getitem?mr=3224285
https://doi.org/10.1214/14-AOS1221
https://doi.org/10.1214/14-AOS1221
https://mathscinet.ams.org/mathscinet-getitem?mr=4078474
https://doi.org/10.1080/01621459.2018.1558062
https://mathscinet.ams.org/mathscinet-getitem?mr=4102690
https://doi.org/10.1214/19-AOS1840
https://mathscinet.ams.org/mathscinet-getitem?mr=2604701
https://doi.org/10.1214/09-AOS729
https://mathscinet.ams.org/mathscinet-getitem?mr=3671768
https://doi.org/10.1080/01621459.2016.1166114
https://mathscinet.ams.org/mathscinet-getitem?mr=2435448
https://doi.org/10.1214/07-AOS520
https://mathscinet.ams.org/mathscinet-getitem?mr=3153940
https://doi.org/10.1111/rssb.12026
https://mathscinet.ams.org/mathscinet-getitem?mr=3902231
https://doi.org/10.1080/01621459.2017.1356319
https://mathscinet.ams.org/mathscinet-getitem?mr=3861831
https://doi.org/10.1214/18-EJS1443
https://mathscinet.ams.org/mathscinet-getitem?mr=2279469
https://doi.org/10.1198/016214506000000735

Bernoulli 31(3), 2025, 2459-2483
https://doi.org/10.3150/24-BEJ 1812
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A key challenge in analyzing the behavior of change-plane estimators is that the objective function has multiple
minimizers. Two estimators are proposed to deal with this non-uniqueness. For each estimator, an n-rate of con-
vergence is established, and the limiting distribution is derived. Based on these results, we provide a parametric
bootstrap procedure for inference. The validity of our theoretical results and the finite sample performance of the
bootstrap are demonstrated through simulation experiments. We demonstrate the proposed methods by applying
them to latent subgroup identification in precision medicine using the ACTG175 AIDS study data.
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Vicsek fractal graphs are an important class of infinite graphs with self similar properties, polynomial growth and
treelike features, on which several dynamical processes such as random walks or Abelian sandpiles can be rigor-
ously analyzed and one can obtain explicit closed form expressions. While such processes on Vicsek fractals and
on Euclidean lattices Z2 share some properties for instance in the recurrence behavior, many quantities related to
sandpiles on Euclidean lattices are still poorly understood. The current work focuses on the stabilization and explo-
sion of Abelian sandpiles on Vicsek fractal graphs, and we prove that a sandpile sampled from the infinite volume
limit plus one additional particle stabilizes with probability 3/4, that is, it does not stabilize almost surely and it
explodes with the complementary probability 1/4. We prove the main result by using two different approaches:
one of probabilistic nature and one of algebraic flavor. The first approach is based on investigating the particles
sent to the boundary of finite volumes and showing that their number stays above four with positive probability.
In the second approach we relate the question of stabilization and explosion of sandpiles in infinite volume to the
order of elements of the sandpile group on finite approximations of the infinite Vicsek graph. The method applies
to more general state spaces and by employing it we also find all invariant factors of the sandpile groups on the
finite approximations of the infinite Vicsek fractal.

Keywords: Abelian sandpile; absorbing states; critical group; infinite volume limit; invariant factors; Markov
chains; stabilization; toppling; uniform spanning trees; Vicsek fractal
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Extrinsic derivative formula for distribution
dependent SDEs
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To characterize the regularity of nonlinear Fokker-Planck equations with respect to weighted variational distances,
we establish for the first time a Bismut type formula for the extrinsic derivative of distribution dependent SDEs
(DDSDESs). As an application, the Lipschitz continuity in the weighted variational distance is derived for the
associated nonlinear Fokker-Planck equation, which can be regarded as the counterpart of the classical contraction
property in the linear setting. The main results are illustrated by non-degenerate DDSDEs with space-time singular
drift, as well as degenerate DDSDEs with weakly monotone coefficients.

Keywords: Bismut formula; distribution dependent SDEs; extrinsic formula; stochastic Hamiltonian system
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The fewest-big-jumps principle and an
application to random graphs
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We prove a large deviation principle for the sum of n independent heavy-tailed random variables, which are subject
to a moving truncation at location n. Conditional on the sum being large at scale n, we show that a finite number
of summands take values near the truncation boundary, while the remaining variables still obey the law of large
numbers. This generalises the well-known single-big-jump principle for random variables without truncation to a
situation where just the minimal necessary number of jumps occur. As an application, we consider a random graph
with vertex set given by the lattice points of a torus with sidelength 2N + 1. Every vertex is the centre of a ball
with random radius sampled from a heavy-tailed distribution. Oriented edges are drawn from the central vertex to
all other vertices in this ball. When this graph is conditioned on having an exceptionally large number of edges we
use our main result to show that, as N — oo, the excess outdegrees condense in a fixed, finite number of randomly
scattered vertices of macroscopic outdegree. By contrast, no condensation occurs for the indegrees of the vertices,
which all remain microscopic in size.

Keywords: Condensation; geometric random graphs; heavy-tailed random variables; large deviations; truncated
random variables
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