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Microscopic path structure of optimally
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Considering optimal alignments of two i.i.d. random sequences of length n, we show that for Lebesgue-
almost all scoring functions, almost surely the empirical distribution of aligned letter pairs in all optimal
alignments converges to a unique limiting distribution as n tends to infinity. This result helps understanding
the microscopic path structure of a special type of last-passage percolation problem with correlated weights,
an area of long-standing open problems. Characterizing the microscopic path structure also yields robust
alternatives to the use of optimal alignment scores alone for testing the homology of genetic sequences.

Keywords: convex geometry; large deviations; percolation theory; sequence alignment
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Multiple testing of local maxima for
detection of peaks on the (celestial) sphere
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We present a topological multiple testing scheme for detecting peaks on the sphere under isotropic Gaus-
sian noise, where tests are performed at local maxima of the observed field filtered by the spherical needlet
transform. Our setting is different from the standard Euclidean large domain asymptotic framework, yet
highly relevant to realistic experimental circumstances for some important areas of application in astron-
omy, namely point-source detection in cosmic Microwave Background radiation (CMB) data. Motivated
by this application, we shall focus on cases where a single realization of a smooth isotropic Gaussian ran-
dom field on the sphere is observed, and a number of well-localized signals are superimposed on such
background field. The proposed algorithms, combined with the Benjamini–Hochberg procedure for thresh-
olding p-values, provide asymptotic control of the False Discovery Rate (FDR) and power consistency as
the signal strength and the frequency of the needlet transform get large.

Keywords: CMB; false discovery rate; Gaussian random fields; height distribution; needlet transform;
overshoot distribution; power; sphere
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It is well-known that large deviations of random walks driven by independent and identically distributed
heavy-tailed random variables are governed by the so-called principle of one large jump. We note that
further subtleties hold for such random walks in the large deviations scale which we call hidden large devi-
ations. Our results are illustrated using two examples. First, we apply this idea in the context of queueing
processes with heavy-tailed service times and study approximations of probabilities of severe congestion
times for (buffered) queues. We exhibit our techniques by using limit measures from different large devia-
tion regimes to provide a unified estimate of rare event probabilities in a simulated queue. Furthermore, we
use our result to provide probability estimates of rare events governed by more than one jump in case the
innovations of a random walk have infinite mean.

Keywords: buffered queues; heavy-tails; large deviations; regular variation
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We show sharpened forms of the concentration of measure phenomenon centered at first order stochastic
expansions. The bound are based on second order difference operators and second order derivatives. Appli-
cations to functions on the discrete cube and stochastic Hoeffding type expansions in mathematical statistics
are studied as well as linear eigenvalue statistics in random matrix theory.
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Spike and slab empirical Bayes sparse
credible sets
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In the sparse normal means model, coverage of adaptive Bayesian posterior credible sets associated to
spike and slab prior distributions is considered. The key sparsity hyperparameter is calibrated via marginal
maximum likelihood empirical Bayes. First, adaptive posterior contraction rates are derived with respect
to dq -type-distances for q ≤ 2. Next, under a type of so-called excessive-bias conditions, credible sets are
constructed that have coverage of the true parameter at prescribed 1 − α confidence level and at the same
time are of optimal diameter. We also prove that the previous conditions cannot be significantly weakened
from the minimax perspective.

Keywords: convergence rates of posterior distributions; credible sets; empirical Bayes; spike and slab prior
distributions
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In this paper, we consider the random walk approximation of the solution of a Markovian BSDE whose
terminal condition is a locally Hölder continuous function of the Brownian motion. We state the rate of
the L2-convergence of the approximated solution to the true one. The proof relies in part on growth and
smoothness properties of the solution u of the associated PDE. Here we improve existing results by showing
some properties of the second derivative of u in space.
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In the general signal+noise (allowing non-normal, non-independent observations) model, we construct
an empirical Bayes posterior which we then use for uncertainty quantification for the unknown, possibly
sparse, signal. We introduce a novel excessive bias restriction (EBR) condition, which gives rise to a new
slicing of the entire space that is suitable for uncertainty quantification. Under EBR and some mild ex-
changeable exponential moment condition on the noise, we establish the local (oracle) optimality of the
proposed confidence ball. Without EBR, we propose another confidence ball of full coverage, but its radius
contains an additional σn1/4-term. In passing, we also get the local optimal results for estimation, posterior
contraction problems, and the problem of weak recovery of sparsity structure. Adaptive minimax results
(also for the estimation and posterior contraction problems) over various sparsity classes follow from our
local results.

Keywords: confidence set; empirical Bayes posterior; local radial rate

References

[1] Abramovich, F., Grinshtein, V. and Pensky, M. (2007). On optimality of Bayesian testimation
in the normal means problem. Ann. Statist. 35 2261–2286. MR2363971 https://doi.org/10.1214/
009053607000000226

[2] Babenko, A. and Belitser, E. (2010). Oracle convergence rate of posterior under projection prior and
Bayesian model selection. Math. Methods Statist. 19 219–245. MR2742927 https://doi.org/10.3103/
S1066530710030026

[3] Baraud, Y. (2004). Confidence balls in Gaussian regression. Ann. Statist. 32 528–551. MR2060168
https://doi.org/10.1214/009053604000000085

[4] Belitser, E. (2017). On coverage and local radial rates of credible sets. Ann. Statist. 45 1124–1151.
MR3662450 https://doi.org/10.1214/16-AOS1477

[5] Belitser, E. and Ghosal, S. (2018). Empirical Bayes oracle uncertainty quantification for regression.
Preprint.

[6] Belitser, E. and Nurushev, N. (2020). Supplement to “Needles and straw in a haystack: Robust confi-
dence for possibly sparse sequences.” https://doi.org/10.3150/19-BEJ1122SUPP.

[7] Bhattacharya, A., Dunson, D.B., Pati, D. and Pillai, N.S. (2016). Sub-optimality of some continuous
shrinkage priors. Stochastic Process. Appl. 126 3828–3842. MR3565480 https://doi.org/10.1016/j.
spa.2016.08.007

[8] Birgé, L. and Massart, P. (2001). Gaussian model selection. J. Eur. Math. Soc. (JEMS) 3 203–268.
MR1848946 https://doi.org/10.1007/s100970100031

1350-7265 © 2020 ISI/BS

http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/19-BEJ1122
mailto:e.n.belitser@vu.nl
mailto:n.nurushev@uva.nl
http://www.ams.org/mathscinet-getitem?mr=2363971
https://doi.org/10.1214/009053607000000226
http://www.ams.org/mathscinet-getitem?mr=2742927
https://doi.org/10.3103/S1066530710030026
http://www.ams.org/mathscinet-getitem?mr=2060168
https://doi.org/10.1214/009053604000000085
http://www.ams.org/mathscinet-getitem?mr=3662450
https://doi.org/10.1214/16-AOS1477
https://doi.org/10.3150/19-BEJ1122SUPP
http://www.ams.org/mathscinet-getitem?mr=3565480
https://doi.org/10.1016/j.spa.2016.08.007
http://www.ams.org/mathscinet-getitem?mr=1848946
https://doi.org/10.1007/s100970100031
https://doi.org/10.1214/009053607000000226
https://doi.org/10.3103/S1066530710030026
https://doi.org/10.1016/j.spa.2016.08.007


[9] Bull, A.D. (2012). Honest adaptive confidence bands and self-similar functions. Electron. J. Stat. 6
1490–1516. MR2988456 https://doi.org/10.1214/12-EJS720

[10] Bull, A.D. and Nickl, R. (2013). Adaptive confidence sets in L2. Probab. Theory Related Fields 156
889–919. MR3078289 https://doi.org/10.1007/s00440-012-0446-z

[11] Cai, T.T. and Low, M.G. (2004). An adaptation theory for nonparametric confidence intervals. Ann.
Statist. 32 1805–1840. MR2102494 https://doi.org/10.1214/009053604000000049

[12] Castillo, I., Schmidt-Hieber, J. and van der Vaart, A. (2015). Bayesian linear regression with sparse
priors. Ann. Statist. 43 1986–2018. MR3375874 https://doi.org/10.1214/15-AOS1334

[13] Castillo, I. and Szabó, B. (2018). Spike and slab empirical Bayes sparse credible sets. Available at
arXiv:1808.07721.

[14] Castillo, I. and van der Vaart, A. (2012). Needles and straw in a haystack: Posterior concentra-
tion for possibly sparse sequences. Ann. Statist. 40 2069–2101. MR3059077 https://doi.org/10.1214/
12-AOS1029

[15] Donoho, D.L. and Johnstone, I.M. (1994). Ideal spatial adaptation by wavelet shrinkage. Biometrika
81 425–455. MR1311089 https://doi.org/10.1093/biomet/81.3.425

[16] Donoho, D.L. and Johnstone, I.M. (1994). Minimax risk over lp-balls for lq -error. Probab. Theory
Related Fields 99 277–303. MR1278886 https://doi.org/10.1007/BF01199026

[17] Donoho, D.L., Johnstone, I.M., Hoch, J.C. and Stern, A.S. (1992). Maximum entropy and the nearly
black object (with discussion). J. Roy. Statist. Soc. Ser. B 54 41–81. MR1157714

[18] Johnstone, I. (2017). Gaussian estimation: Sequence and wavelet models. Book draft.
[19] Johnstone, I.M. and Silverman, B.W. (2004). Needles and straw in haystacks: Empirical Bayes esti-

mates of possibly sparse sequences. Ann. Statist. 32 1594–1649. MR2089135 https://doi.org/10.1214/
009053604000000030

[20] Li, K.-C. (1989). Honest confidence regions for nonparametric regression. Ann. Statist. 17 1001–1008.
MR1015135 https://doi.org/10.1214/aos/1176347253

[21] Martin, R. and Walker, S.G. (2014). Asymptotically minimax empirical Bayes estimation of a sparse
normal mean vector. Electron. J. Stat. 8 2188–2206. MR3273623 https://doi.org/10.1214/14-EJS949

[22] Nickl, R. and van de Geer, S. (2013). Confidence sets in sparse regression. Ann. Statist. 41 2852–2876.
MR3161450 https://doi.org/10.1214/13-AOS1170

[23] Picard, D. and Tribouley, K. (2000). Adaptive confidence interval for pointwise curve estimation. Ann.
Statist. 28 298–335. MR1762913 https://doi.org/10.1214/aos/1016120374

[24] Robins, J. and van der Vaart, A. (2006). Adaptive nonparametric confidence sets. Ann. Statist. 34
229–253. MR2275241 https://doi.org/10.1214/009053605000000877
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In this paper, we investigate the parametric inference for the linear fractional stable motion in high and low
frequency setting. The symmetric linear fractional stable motion is a three-parameter family, which consti-
tutes a natural non-Gaussian analogue of the scaled fractional Brownian motion. It is fully characterised by
the scaling parameter σ > 0, the self-similarity parameter H ∈ (0,1) and the stability index α ∈ (0,2) of
the driving stable motion. The parametric estimation of the model is inspired by the limit theory for station-
ary increments Lévy moving average processes that has been recently studied in (Ann. Probab. 45 (2017)
4477–4528). More specifically, we combine (negative) power variation statistics and empirical character-
istic functions to obtain consistent estimates of (σ,α,H). We present the law of large numbers and some
fully feasible weak limit theorems.

Keywords: fractional processes; limit theorems; parametric estimation; stable motion
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Cliques in rank-1 random graphs: The role of
inhomogeneity
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We study the asymptotic behavior of the clique number in rank-1 inhomogeneous random graphs, where
edge probabilities between vertices are roughly proportional to the product of their vertex weights. We
show that the clique number is concentrated on at most two consecutive integers, for which we provide an
expression. Interestingly, the order of the clique number is primarily determined by the overall edge density,
with the inhomogeneity only affecting multiplicative constants or adding at most a log log(n) multiplicative
factor. For sparse enough graphs the clique number is always bounded and the effect of inhomogeneity
completely vanishes.
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Prediction and estimation consistency of
sparse multi-class penalized optimal scoring
IRINA GAYNANOVA

Department of Statistics, Texas A&M University, MS 3143, College Station, TX 77843, USA.
E-mail: irinag@stat.tamu.edu

Sparse linear discriminant analysis via penalized optimal scoring is a successful tool for classification in
high-dimensional settings. While the variable selection consistency of sparse optimal scoring has been
established, the corresponding prediction and estimation consistency results have been lacking. We bridge
this gap by providing probabilistic bounds on out-of-sample prediction error and estimation error of multi-
class penalized optimal scoring allowing for diverging number of classes.
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Weak convergence of quantile and expectile
processes under general assumptions
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We show weak convergence of quantile and expectile processes to Gaussian limit processes in the space
of bounded functions endowed with an appropriate semimetric which is based on the concepts of epi-
and hypo- convergence as introduced in A. Bücher, J. Segers and S. Volgushev (2014), ‘When Uniform
Weak Convergence Fails: Empirical Processes for Dependence Functions and Residuals via Epi- and Hy-
pographs’, Annals of Statistics 42. We impose assumptions for which it is known that weak convergence
with respect to the supremum norm generally fails to hold. For quantiles, we consider stationary observa-
tions, where the marginal distribution function is assumed to be strictly increasing and continuous except
for finitely many points and to admit strictly positive – possibly infinite – left- and right-sided derivatives.
For expectiles, we focus on independent and identically distributed (i.i.d.) observations. Only a finite second
moment and continuity at the boundary points but no further smoothness properties of the distribution func-
tion are required. We also show consistency of the bootstrap for this mode of convergence in the i.i.d. case
for quantiles and expectiles.

Keywords: epi- and hypo convergence; expectile process; quantile process; weak convergence
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In this article, we consider the quasi-linear stochastic wave and heat equations on the real line and with an
additive Gaussian noise which is white in time and behaves in space like a fractional Brownian motion with
Hurst index H ∈ (0,1). The drift term is assumed to be globally Lipschitz. We prove that the solution of
each of the above equations is continuous in terms of the index H , with respect to the convergence in law
in the space of continuous functions.
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We consider the recovery of a low rank M ×N matrix S from its noisy observation S̃ in the high dimensional
framework when M is comparable to N . We propose two efficient estimators for S under two different
regimes. Our analysis relies on the local asymptotics of the eigenstructure of large dimensional rectangular
matrices with finite rank perturbation. We derive the convergent limits and rates for the singular values and
vectors for such matrices.
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Strong orthogonal arrays were recently introduced as a class of space-filling designs for computer experi-
ments. The most attractive are those of strength three for their economical run sizes. Although the existence
of strong orthogonal arrays of strength three has been completely characterized, the construction of these
arrays has not been explored. In this paper, we provide a systematic and comprehensive study on the con-
struction of these arrays, with the aim at better space-filling properties. Besides various characterizing re-
sults, three families of strength-three strong orthogonal arrays are presented. One of these families deserves
special mention, as the arrays in this family enjoy almost all of the space-filling properties of strength-four
strong orthogonal arrays, and do so with much more economical run sizes than the latter. The theory of
maximal designs and their doubling constructions plays a crucial role in many of theoretical developments.

Keywords: computer experiment; doubling and projection; maximal design; second order saturated design;
space-filling design
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Canonical correlation analysis (CCA) is a fundamental statistical tool for exploring the correlation structure
between two sets of random variables. In this paper, motivated by the recent success of applying CCA to
learn low dimensional representations of high dimensional objects, we propose two losses based on the
principal angles between the model spaces spanned by the sample canonical variates and their population
correspondents, respectively. We further characterize the non-asymptotic error bounds for the estimation
risks under the proposed error metrics, which reveal how the performance of sample CCA depends adap-
tively on key quantities including the dimensions, the sample size, the condition number of the covariance
matrices and particularly the population canonical correlation coefficients. The optimality of our uniform
upper bounds is also justified by lower-bound analysis based on stringent and localized parameter spaces.
To the best of our knowledge, for the first time our paper separates p1 and p2 for the first order term in the
upper bounds without assuming the residual correlations are zeros. More significantly, our paper derives
(1 − λ2

k
)(1 − λ2

k+1)/(λk − λk+1)2 for the first time in the non-asymptotic CCA estimation convergence
rates, which is essential to understand the behavior of CCA when the leading canonical correlation coeffi-
cients are close to 1.

Keywords: canonical correlation analysis; dimension reduction; minimax rates
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We are studying linear and log-linear models for multivariate count time series data with Poisson marginals.
For studying the properties of such processes we develop a novel conceptual framework which is based on
copulas. Earlier contributions impose the copula on the joint distribution of the vector of counts by employ-
ing a continuous extension methodology. Instead we introduce a copula function on a vector of associated
continuous random variables. This construction avoids conceptual difficulties related to the joint distribu-
tion of counts yet it keeps the properties of the Poisson process marginally. Furthermore, this construction
can be employed for modeling multivariate count time series with other marginal count distributions. We
employ Markov chain theory and the notion of weak dependence to study ergodicity and stationarity of the
models we consider. Suitable estimating equations are suggested for estimating unknown model parame-
ters. The large sample properties of the resulting estimators are studied in detail. The work concludes with
some simulations and a real data example.

Keywords: autocorrelation; copula; ergodicity; generalized linear models; perturbation; prediction;
stationarity; volatility
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We propose an aggregated random-field model, and investigate the scaling limits of the aggregated partial-
sum random fields. In this model, each copy in the aggregation is a ±1-valued random field built from two
correlated one-dimensional random walks, the law of each determined by a random persistence parameter.
A flexible joint distribution of the two parameters is introduced, and given the parameters the two corre-
lated random walks are conditionally independent. For the aggregated random field, when the persistence
parameters are independent, the scaling limit is a fractional Brownian sheet. When the persistence param-
eters are tail-dependent, characterized in the framework of multivariate regular variation, the scaling limit
is more delicate, and in particular depends on the growth rates of the underlying rectangular region along
two directions: at different rates different operator-scaling Gaussian random fields appear as the region area
tends to infinity. In particular, at the so-called critical speed, a large family of Gaussian random fields with
long-range dependence arise in the limit. We also identify four different regimes at non-critical speed where
fractional Brownian sheets arise in the limit.

Keywords: aggregation; fractional Brownian sheet; functional central limit theorem; Gaussian random
field; long-range dependence; operator-scaling property

References

[1] Benson, D.A., Meerschaert, M.M., Baeumer, B. and Scheffler, H.-P. (2006). Aquifer operator scaling
and the effect on solute mixing and dispersion. Water Resour. Res. 42.

[2] Beran, J., Feng, Y., Ghosh, S. and Kulik, R. (2013). Long-Memory Processes: Probabilis-
tic Properties and Statistical Methods. Heidelberg: Springer. MR3075595 https://doi.org/10.1007/
978-3-642-35512-7

[3] Bickel, P.J. and Wichura, M.J. (1971). Convergence criteria for multiparameter stochastic processes
and some applications. Ann. Math. Stat. 42 1656–1670. MR0383482 https://doi.org/10.1214/aoms/
1177693164

[4] Biermé, H. and Durieu, O. (2014). Invariance principles for self-similar set-indexed ran-
dom fields. Trans. Amer. Math. Soc. 366 5963–5989. MR3256190 https://doi.org/10.1090/
S0002-9947-2014-06135-7

[5] Biermé, H., Durieu, O. and Wang, Y. (2017). Invariance principles for operator-scaling Gaussian ran-
dom fields. Ann. Appl. Probab. 27 1190–1234. MR3655864 https://doi.org/10.1214/16-AAP1229

[6] Biermé, H., Meerschaert, M.M. and Scheffler, H.-P. (2007). Operator scaling stable random fields.
Stochastic Process. Appl. 117 312–332. MR2290879 https://doi.org/10.1016/j.spa.2006.07.004

1350-7265 © 2020 ISI/BS

http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/19-BEJ1133
mailto:yi.shen@uwaterloo.ca
mailto:yizao.wang@uc.edu
http://www.ams.org/mathscinet-getitem?mr=3075595
https://doi.org/10.1007/978-3-642-35512-7
http://www.ams.org/mathscinet-getitem?mr=0383482
https://doi.org/10.1214/aoms/1177693164
http://www.ams.org/mathscinet-getitem?mr=3256190
https://doi.org/10.1090/S0002-9947-2014-06135-7
http://www.ams.org/mathscinet-getitem?mr=3655864
https://doi.org/10.1214/16-AAP1229
http://www.ams.org/mathscinet-getitem?mr=2290879
https://doi.org/10.1016/j.spa.2006.07.004
https://doi.org/10.1007/978-3-642-35512-7
https://doi.org/10.1214/aoms/1177693164
https://doi.org/10.1090/S0002-9947-2014-06135-7


[7] Biermé, H., Richard, F., Rachidi, M. and Benhamou, C.-L. (2009). Anisotropic texture modeling and
applications to medical image analysis. In Mathematical Methods for Imaging and Inverse Problems.
ESAIM Proc. 26 100–122. Les Ulis: EDP Sci. MR2498142 https://doi.org/10.1051/proc/2009008

[8] Durieu, O. and Wang, Y. (2016). From infinite urn schemes to decompositions of self-similar Gaus-
sian process. Electron. J. Probab. 21 Paper No. 43, 23 pp. MR3530320 https://doi.org/10.1214/
16-EJP4492

[9] Durieu, O. and Wang, Y. (2019). From random partitions to fractional Brownian sheets. Bernoulli 25
1412–1450. MR3920377 https://doi.org/10.3150/18-bej1025

[10] Enriquez, N. (2004). A simple construction of the fractional Brownian motion. Stochastic Process.
Appl. 109 203–223. MR2031768 https://doi.org/10.1016/j.spa.2003.10.008

[11] Granger, C.W.J. (1980). Long memory relationships and the aggregation of dynamic models. J. Econo-
metrics 14 227–238. MR0597259 https://doi.org/10.1016/0304-4076(80)90092-5

[12] Hammond, A. and Sheffield, S. (2013). Power law Pólya’s urn and fractional Brown-
ian motion. Probab. Theory Related Fields 157 691–719. MR3129801 https://doi.org/10.1007/
s00440-012-0468-6

[13] Kaj, I. and Taqqu, M.S. (2008). Convergence to fractional Brownian motion and to the Telecom pro-
cess: The integral representation approach. In In and Out of Equilibrium. 2. Progress in Probability
60 383–427. Basel: Birkhäuser. MR2477392 https://doi.org/10.1007/978-3-7643-8786-0_19

[14] Lavancier, F. (2006). Long memory random fields. In Dependence in Probability and Statistics. Lect.
Notes Stat. 187 195–220. New York: Springer. MR2283256 https://doi.org/10.1007/0-387-36062-X_
9

[15] Lavancier, F. (2007). Invariance principles for non-isotropic long memory random fields. Stat. Infer-
ence Stoch. Process. 10 255–282. MR2321311 https://doi.org/10.1007/s11203-006-9001-9

[16] Lavancier, F. (2011). Aggregation of isotropic autoregressive fields [corrigendum to MR2523650].
J. Statist. Plann. Inference 141 3862–3866. MR2823655 https://doi.org/10.1016/j.jspi.2011.06.003

[17] Leonenko, N. and Taufer, E. (2013). Disaggregation of spatial autoregressive processes. Spat. Stat. 3
1–20.

[18] Li, Y., Wang, W. and Xiao, Y. (2015). Exact moduli of continuity for operator-scaling Gaussian ran-
dom fields. Bernoulli 21 930–956. MR3338652 https://doi.org/10.3150/13-BEJ593

[19] Lopes, R. and Betrouni, N. (2009). Fractal and multifractal analysis: A review. Med. Image Anal. 13
634–649.

[20] Meerschaert, M.M., Dogan, M., Dam, R.L., Hyndman, D.W. and Benson, D.A. (2013). Hydraulic
conductivity fields: Gaussian or not? Water Resour. Res. 49 4730–4737.

[21] Meerschaert, M.M., Wang, W. and Xiao, Y. (2013). Fernique-type inequalities and moduli of conti-
nuity for anisotropic Gaussian random fields. Trans. Amer. Math. Soc. 365 1081–1107. MR2995384
https://doi.org/10.1090/S0002-9947-2012-05678-9

[22] Mikosch, T., Resnick, S., Rootzén, H. and Stegeman, A. (2002). Is network traffic approximated
by stable Lévy motion or fractional Brownian motion? Ann. Appl. Probab. 12 23–68. MR1890056
https://doi.org/10.1214/aoap/1015961155

[23] Mikosch, T. and Samorodnitsky, G. (2007). Scaling limits for cumulative input processes. Math. Oper.
Res. 32 890–918. MR2363203 https://doi.org/10.1287/moor.1070.0267
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Expectiles define a least squares analogue of quantiles. They are determined by tail expectations rather than
tail probabilities. For this reason and many other theoretical and practical merits, expectiles have recently
received a lot of attention, especially in actuarial and financial risk management. Their estimation, however,
typically requires to consider non-explicit asymmetric least squares estimates rather than the traditional
order statistics used for quantile estimation. This makes the study of the tail expectile process a lot harder
than that of the standard tail quantile process. Under the challenging model of heavy-tailed distributions, we
derive joint weighted Gaussian approximations of the tail empirical expectile and quantile processes. We
then use this powerful result to introduce and study new estimators of extreme expectiles and the standard
quantile-based expected shortfall, as well as a novel expectile-based form of expected shortfall. Our esti-
mators are built on general weighted combinations of both top order statistics and asymmetric least squares
estimates. Some numerical simulations and applications to actuarial and financial data are provided.

Keywords: asymmetric least squares; coherent risk measures; expected shortfall; expectile; extrapolation;
extremes; heavy tails; tail index
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Virtual age models are very useful to analyse recurrent events. Among the strengths of these models is their
ability to account for treatment (or intervention) effects after an event occurrence. Despite their flexibility for
modeling recurrent events, the number of applications is limited. This seems to be a result of the fact that in
the semiparametric setting all the existing results assume the virtual age function that describes the treatment
(or intervention) effects to be known. This shortcoming can be overcome by considering semiparametric
virtual age models with parametrically specified virtual age functions. Yet, fitting such a model is a difficult
task. Indeed, it has recently been shown that for these models the standard profile likelihood method fails
to lead to consistent estimators. Here we show that consistent estimators can be constructed by smoothing
the profile log-likelihood function appropriately. We show that our general result can be applied to most of
the relevant virtual age models of the literature. Our approach shows that empirical process techniques may
be a worthwhile alternative to martingale methods for studying asymptotic properties of these inference
methods. A simulation study is provided to illustrate our consistency results together with an application to
real data.

Keywords: effective age process; recurrent event data; semiparametric inference; smoothed profile
likelihood; virtual age process
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Normal approximation for sums of weighted
U -statistics – application to Kolmogorov
bounds in random subgraph counting
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We derive normal approximation bounds in the Kolmogorov distance for sums of discrete multiple integrals
and weighted U -statistics made of independent Bernoulli random variables. Such bounds are applied to
normal approximation for the renormalized subgraph counts in the Erdős–Rényi random graph. This ap-
proach completely solves a long-standing conjecture in the general setting of arbitrary graph counting, while
recovering recent results obtained for triangles and improving other bounds in the Wasserstein distance.
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On frequentist coverage errors of Bayesian
credible sets in moderately high dimensions
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In this paper, we study frequentist coverage errors of Bayesian credible sets for an approximately linear
regression model with (moderately) high dimensional regressors, where the dimension of the regressors may
increase with but is smaller than the sample size. Specifically, we consider quasi-Bayesian inference on the
slope vector under the quasi-likelihood with Gaussian error distribution. Under this setup, we derive finite
sample bounds on frequentist coverage errors of Bayesian credible rectangles. Derivation of those bounds
builds on a novel Berry–Esseen type bound on quasi-posterior distributions and recent results on high-
dimensional CLT on hyperrectangles. We use this general result to quantify coverage errors of Castillo–
Nickl and L∞-credible bands for Gaussian white noise models, linear inverse problems, and (possibly
non-Gaussian) nonparametric regression models. In particular, we show that Bayesian credible bands for
those nonparametric models have coverage errors decaying polynomially fast in the sample size, implying
advantages of Bayesian credible bands over confidence bands based on extreme value theory.

Keywords: Castillo–Nickl band; credible rectangle; sieve prior
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The fourth characteristic of a semimartingale
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We extend the class of semimartingales in a natural way. This allows us to incorporate processes hav-
ing paths that leave the state space R

d . In particular, Markov processes related to sub-Markovian kernels,
but also non-Markovian processes with path-dependent behavior. By carefully distinguishing between two
killing states, we are able to introduce a fourth semimartingale characteristic which generalizes the fourth
part of the Lévy quadruple. Using the probabilistic symbol, we analyze the close relationship between the
generators of certain Markov processes with killing and their (now four) semimartingale characteristics.

Keywords: killing; Markov process; semimartingale; symbol
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We present a general method to construct couplings of stochastic differential equations driven by Lévy noise
in terms of coupling operators. This approach covers both coupling by reflection and refined basic coupling
which are often discussed in the literature. As applications, we prove regularity results for the transition
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Let Y be a d-dimensional random vector with unknown mean μ and covariance matrix �. This paper
is motivated by the problem of designing an estimator of � that admits exponential deviation bounds in
the operator norm under minimal assumptions on the underlying distribution, such as existence of only
4th moments of the coordinates of Y . To address this problem, we propose robust modifications of the
operator-valued U-statistics, obtain non-asymptotic guarantees for their performance, and demonstrate the
implications of these results to the covariance estimation problem under various structural assumptions.
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In this paper, we investigate BSDEs where the driver contains a distributional term (in the sense of gen-
eralised functions) and derive general Feynman–Kac formulae related to these BSDEs. We introduce an
integral operator to give sense to the equation and then we show the existence of a strong solution em-
ploying results on a related PDE. Due to the irregularity of the driver, the Y -component of a couple (Y,Z)

solving the BSDE is not necessarily a semimartingale but a weak Dirichlet process.
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We provide upper bounds of the expected Wasserstein distance between a probability measure and its em-
pirical version, generalizing recent results for finite dimensional Euclidean spaces and bounded functional
spaces. Such a generalization can cover Euclidean spaces with large dimensionality, with the optimal depen-
dence on the dimensionality. Our method also covers the important case of Gaussian processes in separable
Hilbert spaces, with rate-optimal upper bounds for functional data distributions whose coordinates decay
geometrically or polynomially. Moreover, our bounds of the expected value can be combined with mean-
concentration results to yield improved exponential tail probability bounds for the Wasserstein error of
empirical measures under Bernstein-type or log Sobolev-type conditions.
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