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A general frequency domain method for
assessing spatial covariance structures
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When examining dependence in spatial data, it can be helpful to formally assess spatial covariance struc-
tures that may not be parametrically specified or fully model-based. That is, one may wish to test for
general features regarding spatial covariance without presupposing any particular, or potentially restrictive,
assumptions about the joint data distribution. Current methods for testing spatial covariance are often in-
tended for specialized inference scenarios, usually with spatial lattice data. We propose instead a general
method for estimation and testing of spatial covariance structure, which is valid for a variety of inference
problems (including nonparametric hypotheses) and applies to a large class of spatial sampling designs
with irregular data locations. In this setting, spatial statistics have limiting distributions with complex stan-
dard errors depending on the intensity of spatial sampling, the distribution of sampling locations, and the
process dependence. The proposed method has the advantage of providing valid inference in the frequency
domain without estimation of such standard errors, which are often intractable, and without particular dis-
tributional assumptions about the data (e.g., Gaussianity). To illustrate, we develop the method for formally
testing isotropy and separability in spatial covariance and consider confidence regions for spatial param-
eters in variogram model fitting. A broad result is also presented to justify the method for application to
other potential problems and general scenarios with testing spatial covariance. The approach uses spatial
test statistics, based on an extended version of empirical likelihood, having simple chi-square limits for
calibrating tests. We demonstrate the proposed method through several numerical studies.

Keywords: confidence sets; spatial periodogram; spatial testing; spectral moment conditions; stochastic
sampling
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Deviation inequalities for random polytopes
in arbitrary convex bodies

VICTOR-EMMANUEL BRUNEL

Department of Statistics, CREST-ENSAE, 5 Avenue Le Chatelier, 92120 Palaiseau, France.
E-mail: victor.emmanuel brunel @ ensae.fr

We prove an exponential deviation inequality for the convex hull of a finite sample of i.i.d. random points
with a density supported on an arbitrary convex body in RY, d > 2. When the density is uniform, our result
yields rate optimal upper bounds for all the moments of the missing volume of the convex hull, uniformly
over all convex bodies of R¥: We make no restrictions on their volume, location in the space or smoothness
of their boundary. For general densities, the only restriction we make is that the density is bounded from
above, even though we believe this restriction is not necessary. However, the density can have any decay
to zero near the boundary of its support. After extending an identity due to Efron, we also prove upper
bounds for the moments of the number of vertices of the random polytope. Surprisingly, these bounds do
not depend on the underlying density and we prove that the growth rates that we obtain are tight in a certain
sense. Our results are non asymptotic and hold uniformly over all convex bodies.

Keywords: convex body; convex hull; covering number; density support estimation; deviation inequality;
random polytope
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Directed graphical models specify noisy functional relationships among a collection of random variables.
In the Gaussian case, each such model corresponds to a semi-algebraic set of positive definite covariance
matrices. The set is given via a parametrization, and much work has gone into obtaining an implicit descrip-
tion in terms of polynomial (in)equalities. Implicit descriptions shed light on problems such as parameter
identification, model equivalence and constraint-based statistical inference. For models given by directed
acyclic graphs, which represent settings where all relevant variables are observed, there is a complete the-
ory: All conditional independence relations can be found via graphical d-separation and are sufficient for an
implicit description. The situation is far more complicated, however, when some of the variables are hidden
(or in other words, unobserved or latent). We consider models associated to mixed graphs that capture the
effects of hidden variables through correlated error terms. The notion of trek separation explains when the
covariance matrix in such a model has submatrices of low rank and generalizes d-separation. However, in
many cases, such as the infamous Verma graph, the polynomials defining the graphical model are not de-
terminantal, and hence cannot be explained by d-separation or trek-separation. In this paper, we show that
these constraints often correspond to the vanishing of nested determinants and can be graphically explained
by the (more general) notion of restricted trek separation.

Keywords: conditional independence; covariance matrix; graphical model; trek separation; Verma
constraint
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High-dimensional general linear hypothesis
tests via non-linear spectral shrinkage
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We are interested in testing general linear hypotheses in a high-dimensional multivariate linear regression
model. The framework includes many well-studied problems such as two-sample tests for equality of pop-
ulation means, MANOVA and others as special cases. A family of rotation-invariant tests is proposed that
involves a flexible spectral shrinkage scheme applied to the sample error covariance matrix. The asymptotic
normality of the test statistic under the null hypothesis is derived in the setting where dimensionality is com-
parable to sample sizes, assuming the existence of certain moments for the observations. The asymptotic
power of the proposed test is studied under various local alternatives. The power characteristics are then uti-
lized to propose a data-driven selection of the spectral shrinkage function. As an illustration of the general
theory, we construct a family of tests involving ridge-type regularization and suggest possible extensions to
more complex regularizers. A simulation study is carried out to examine the numerical performance of the
proposed tests.

Keywords: general linear hypothesis; local alternatives; random matrix theory; ridge shrinkage; spectral
shrinkage
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Regime switching processes have proved to be indispensable in the modeling of various phenomena, allow-
ing model parameters that traditionally were considered to be constant to fluctuate in a Markovian manner
in line with empirical findings. We study diffusion processes of Ornstein—Uhlenbeck type where the drift
and diffusion coefficients a and b are functions of a Markov process with a stationary distribution = on a
countable state space. Exact long time behavior is determined for the three regimes corresponding to the ex-
pected drift: Eza(-) > 0, =0, < 0, respectively. Alongside we provide exact time limit results for integrals
of form fé b2 (X S)e—Zf;a(X,)dr ds for the three different regimes. Finally, we demonstrate natural appli-
cations of the findings in terms of Cox—Ingersoll-Ross diffusion and deterministic SIS epidemic models in
Markovian environments. The time asymptotic behaviors are naturally expressed in terms of solutions to
the well-studied fixed-point equation in law X i AX + B with X 1l (A, B).

Keywords: Cox Ingersoll Ross; long time behavior; Ornstein Uhlenbeck; regime switching; SIS epidemic
model
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Fundamental limits of exact support recovery
in high dimensions
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We study the support recovery problem for a high-dimensional signal observed with additive noise. With
suitable parametrization of the signal sparsity and magnitude of its non-zero components, we characterize
a phase-transition phenomenon akin to the signal detection problem studied by Ingster in 1998. Specifi-
cally, if the signal magnitude is above the so-called strong classification boundary, we show that several
classes of well-known procedures achieve asymptotically perfect support recovery as the dimension goes
to infinity. This is so, for a very broad class of error distributions with light, rapidly varying tails which
may have arbitrary dependence. Conversely, if the signal is below the boundary, then for a very broad class
of error dependence structures, no thresholding estimators (including ones with data-dependent thresholds)
can achieve perfect support recovery. The proofs of these results exploit a certain concentration of maxima
phenomenon known as relative stability. We provide a complete characterization of the relative stability
phenomenon for Gaussian triangular arrays in terms of their correlation structure. The proof uses classic
Sudakov—Fernique and Slepian lemma arguments along with a curious application of Ramsey’s coloring
theorem.

‘We note that our study of the strong classification boundary is in a finer, point-wise, rather than minimax,
sense. We also establish results on the finite-sample Bayes optimality and sub-optimality of thresholding
procedures. Consequently, we obtain a minimax-type characterization of the strong classification boundary
for errors with log-concave densities.

Keywords: concentration of maxima; high—dimensional inference; Ramsey theory; rapid variation; relative
stability; Sudakov—Fernique inequality; support recovery
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In this paper, we further develop the approach, originating in Juditsky and Nemirovski (Ann. Statist. 37
(2009) 2278-2300), to “computation-friendly” statistical estimation via Convex Programming.Our focus is
on estimating a linear or quadratic form of an unknown “signal,” known to belong to a given convex com-
pact set, via noisy indirect observations of the signal. Classical theoretical results on the subject deal with
precisely stated statistical models and aim at designing statistical inferences and quantifying their perfor-
mance in a closed analytic form. In contrast to this traditional (highly instructive) descriptive framework,
the approach we promote here can be qualified as operational — the estimation routines and their risks are
not available “in a closed form,” but are yielded by an efficient computation. All we know in advance is
that under favorable circumstances the risk of the resulting estimate, whether high or low, is provably near-
optimal under the circumstances. As a compensation for the lack of “explanatory power,” this approach
is applicable to a much wider family of observation schemes than those where “closed form descriptive
analysis” is possible.

We discuss applications of this approach to classical problems of estimating linear forms of parameters
of sub-Gaussian distribution and quadratic forms of parameters of Gaussian and discrete distributions. The
performance of the constructed estimates is illustrated by computation experiments in which we compare
the risks of the constructed estimates with (numerical) lower bounds for corresponding minimax risks for
randomly sampled estimation problems.

Keywords: linear and quadratic functional estimation; linear estimation; statistical linear inverse problems
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Paired comparison data considered in this paper originate from the comparison of a large number N of
individuals in couples. The dataset is a collection of results of contests between two individuals when each
of them has faced n opponents, where n < N. Individuals are represented by independent and identically
distributed random parameters characterizing their abilities. The paper studies the maximum likelihood es-
timator of the parameters distribution. The analysis relies on the construction of a graphical model encoding
conditional dependencies of the observations which are the outcomes of the first n contests each individual
is involved in. This graphical model allows to prove geometric loss of memory properties and deduce the
asymptotic behavior of the likelihood function. This paper sets the focus on graphical models obtained from
round-robin scheduling of these contests. Following a classical construction in learning theory, the asymp-
totic likelihood is used to measure performance of the maximum likelihood estimator. Risk bounds for this
estimator are finally obtained by sub-Gaussian deviation results for Markov chains applied to the graphical
model.

Keywords: latent variables; nonasymptotic risk bounds; nonparametric estimation; paired comparisons data
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In this article, we consider fractional stochastic wave equations on R driven by a multiplicative Gaussian
noise which is white/colored in time and has the covariance of a fractional Brownian motion with Hurst
parameter H € (%, %) in space. We prove the existence and uniqueness of the mild Skorohod solution,
establish lower and upper bounds for the pth moment of the solution for all p > 2, and obtain the Holder
continuity in time and space variables for the solution.
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Signature cumulants, ordered partitions, and
independence of stochastic processes
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The sequence of so-called signature moments describes the laws of many stochastic processes in analogy
with how the sequence of moments describes the laws of vector-valued random variables. However, even
for vector-valued random variables, the sequence of cumulants is much better suited for many tasks than
the sequence of moments. This motivates us to study so-called signature cumulants. To do so, we develop
an elementary combinatorial approach and show that in the same way that cumulants relate to the lattice of
partitions, signature cumulants relate to the lattice of so-called “ordered partitions”. We use this to give a
new characterisation of independence of multivariate stochastic processes. Finally, we construct a family of
unbiased minimum-variance estimators of signature cumulants and show that even for the simple example
of a diffusion with constant drift and volatility, such signature cumulant estimators outperform signature
moment estimators.

Keywords: cumulants; geometric rough paths; partitions; path signatures; stochastic processes
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Given an i.i.d. sequence of pairs of stochastic processes on the unit interval we construct a measure of
independence for the components of the pairs. We define distance covariance and distance correlation based
on approximations of the component processes at finitely many discretization points. Assuming that the
mesh of the discretization converges to zero as a suitable function of the sample size, we show that the
sample distance covariance and correlation converge to limits which are zero if and only if the component
processes are independent. To construct a test for independence of the discretized component processes, we
show consistency of the bootstrap for the corresponding sample distance covariance/correlation.
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Random coefficient regression models are a popular tool for analyzing unobserved heterogeneity, and have
seen renewed interest in the recent econometric literature. In this paper, we obtain the optimal pointwise
convergence rate for estimating the density in the linear random coefficient model over Holder smoothness
classes, and in particular show how the tail behavior of the design density impacts this rate. In contrast to
previous suggestions, the estimator that we propose and that achieves the optimal convergence rate does
not require dividing by a nonparametric density estimate. The optimal choice of the tuning parameters in
the estimator depends on the tail parameter of the design density and on the smoothness level of the Holder
class, and we also study adaptive estimation with respect to both parameters.
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We investigate the inference of the copula parameter in the semiparametric Gaussian copula model when
the copula component, subject to the influence of a covariate, is only indirectly observed as the response in
a linear regression model. We consider estimators based on residual ranks instead of the usual but unobserv-
able oracle ranks. We first study two such estimators for the copula correlation matrix, one via inversion
of Spearman’s rho and the other via normal scores rank correlation estimator. We show that these esti-
mators are asymptotically equivalent to their counterparts based on the oracle ranks. Then, for the copula
correlation matrix under constrained parametrizations, we show that the classical one-step estimator in con-
junction with the residual ranks remains semiparametrically efficient for estimating the copula parameter.
The accuracy of the estimators based on residual ranks is confirmed by simulation studies.

Keywords: U-process; Gaussian copula; normal scores rank correlation estimator; residual rank;
semiparametric efficiency; Spearman’s rho
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Asymptotic properties of penalized splines
for functional data
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Penalized spline methods are popular for functional data analysis but their asymptotic properties have not
been established. We present a theoretic study of the L, and uniform convergence of penalized splines for
estimating the mean and covariance functions of functional data under general settings. The established con-
vergence rates for the mean function estimation are mini-max rate optimal and the rates for the covariance
function estimation are comparable to those using other smoothing methods.

Keywords: Ly convergence; functional data analysis; nonparametric regression; penalized splines; uniform
convergence
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models with time-varying parameters
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France.
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We study some regularity properties in locally stationary Markov models which are fundamental for con-
trolling the bias of nonparametric kernel estimators. In particular, we provide an alternative to the standard
notion of derivative process developed in the literature and that can be used for studying a wide class of
Markov processes. To this end, for some families of V-geometrically ergodic Markov kernels indexed by a
real parameter u, we give conditions under which the invariant probability distribution is differentiable with
respect to u, in the sense of signed measures. Our results also complete the existing literature for the pertur-
bation analysis of Markov chains, in particular when exponential moments are not finite. Our conditions are
checked on several original examples of locally stationary processes such as integer-valued autoregressive
processes, categorical time series or threshold autoregressive processes.

Keywords: local stationarity; time-inhomogeneous Markov chains
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We develop a nonparametric test for deciding whether a semimartingale process, modeling an asset price,
contains a fixed time of discontinuity, i.e., a positive probability of a jump, at a given point in time, and we
further propose a rate-optimal estimator of the jump distribution when this is the case. Itd semimartingales
used commonly in applied work have absolutely continuous in time, with respect to Lebesgue measure,
jump compensators, and this rules out fixed times of discontinuity in their paths. However, certain phenom-
ena, such as scheduled economic announcements in finance, make the existence of such discontinuities a
possibility. The inference in the paper is based on noisy observations of options written on the asset with
different strikes and two different expiration dates. The asymptotics is joint in which the times to maturity
of the options shrink to zero and the number of observed options increases to infinity. The test is based
on estimates of the characteristic function of the increments of the semimartingale, constructed from the
option data, and the fact that the asymptotic limit of the increments and their characteristic functions is
different with and without fixed time of discontinuity. The limit distribution of the test statistic is derived
and feasible inference is developed on the basis of wild bootstrap type techniques. A Monte Carlo and an
empirical illustration show the applicability of the developed inference procedures.

Keywords: bootstrap; fixed time of discontinuity; jumps; nonparametric inference; options; stable
convergence; stochastic volatility; time-changed Lévy process
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In this paper, we solve real-valued rough differential equations (RDEs) reflected on an irregular boundary.
The solution Y is constructed as the limit of a sequence (Y"), N of solutions to RDEs with unbounded
drifts (¥n),enN- The penalisation v, increases with n. Along the way, we thus also provide an existence
theorem and a Doss—Sussmann representation for RDEs with a drift growing at most linearly. In addition, a
speed of convergence of the sequence of penalised paths to the reflected solution is obtained.

We finally use the penalisation method to prove that the law at time ¢ > 0 of some reflected Gaussian
RDE is absolutely continuous with respect to the Lebesgue measure.

Keywords: Gaussian noise; penalisation; reflected rough differential equation; Skorokhod problem
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We consider inference on the first principal direction of a p-variate elliptical distribution. We do so in
challenging double asymptotic scenarios for which this direction eventually fails to be identifiable. In order
to achieve robustness not only with respect to such weak identifiability but also with respect to heavy tails,
we focus on sign-based statistical procedures, that is, on procedures that involve the observations only
through their direction from the center of the distribution. We actually consider the generic problem of
testing the null hypothesis that the first principal direction coincides with a given direction of RP. We first
focus on weak identifiability setups involving single spikes (that is, involving spectra for which the smallest
eigenvalue has multiplicity p — 1). We show that, irrespective of the degree of weak identifiability, such
setups offer local alternatives for which the corresponding sequence of statistical experiments converges in
the Le Cam sense. Interestingly, the limiting experiments depend on the degree of weak identifiability. We
exploit this convergence result to build optimal sign tests for the problem considered. In classical asymptotic
scenarios where the spectrum is fixed, these tests are shown to be asymptotically equivalent to the sign-based
likelihood ratio tests available in the literature. Unlike the latter, however, the proposed sign tests are robust
to arbitrarily weak identifiability. We show that our tests meet the asymptotic level constraint irrespective of
the structure of the spectrum, hence also in possibly multi-spike setups. We fully characterize the non-null
asymptotic distributions of the corresponding test statistics under weak identifiability, which allows us to
quantify the corresponding local asymptotic powers. Finally, Monte Carlo exercises are conducted to assess
the finite-sample relevance of our asymptotic results and a real-data illustration is provided.

Keywords: Le Cam’s asymptotic theory of statistical experiments; local asymptotic normality; principal
component analysis; sign tests; weak identifiability
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Analyzing the sub-level sets of the distance to a compact submanifold of R4 is a common method in topo-
logical data analysis, to understand its topology. Therefore, topological inference procedures usually rely
on a distance estimate based on n sample points (Discrete Comput. Geom. 33 (2005) 249-274). In the case
where sample points are corrupted by noise, the distance-to-measure function (DTM, Found. Comput. Math.
11 (2011) 733-751) is a surrogate for the distance-to-compact-set function. In practice, approximating the
homology of its sub-level sets requires to compute the homology of unions of n balls (Discrete Comput.
Geom. 49 (2013) 22-45; In Proceedings of the Twenty-Sixth Annual ACM-SIAM Symposium on Discrete
Algorithms (2015) 168-180 SIAM), that might become intractable whenever # is large. To simultaneously
face the two problems of a large number of points and noise, we introduce the k-power-distance-to-measure
function (k-PDTM). This new surrogate for the distance-to-compact is a k-points-based approximation of
the DTM. These k points are minimizers of a robustified version of the classical k-means criterion (In Proc.
Fifth Berkeley Sympos. Math. Statist. and Probability (Berkeley, Calif., 1965/66) (1967) 281-297 Univ.
California Press). The sublevel sets of the k<-PDTM consist in unions of k balls, and this distance is also
proved robust to noise. We assess the quality of this approximation for k possibly drastically smaller than
n, and provide an algorithm to compute this k.-PDTM from a sample. Numerical experiments illustrate the
good behavior of this k-points approximation in a noisy topological inference framework.

Keywords: minimax rates; quantization; robust distance estimation; topological inference
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Monge matrices and their permuted versions known as pre-Monge matrices naturally appear in many do-
mains across science and engineering. While the rich structural properties of such matrices have long been
leveraged for algorithmic purposes, little is known about their impact on statistical estimation. In this work,
we propose to view this structure as a shape constraint and study the problem of estimating a Monge matrix
subject to additive random noise. More specifically, we establish the minimax rates of estimation of Monge
and pre-Monge matrices. In the case of pre-Monge matrices, the minimax-optimal least-squares estimator is
not efficiently computable, and we propose two efficient estimators and establish their rates of convergence.
Our theoretical findings are supported by numerical experiments.

Keywords: constrained least-squares estimation; Monge matrices; permuted matrix estimation;
shape-constrained estimation

References

[1] Aggarwal, A., Klawe, M.M., Moran, S., Shor, P. and Wilber, R. (1987). Geometric applications
of a matrix-searching algorithm. Algorithmica 2 195-208. MR0895444 https://doi.org/10.1007/
BF01840359

[2] Airoldi, E.-M., Costa, T.B. and Chan, S.H. (2013). Stochastic blockmodel approximation of a graphon:
Theory and consistent estimation. Adv. Neural Inf. Process. Syst. 26 692—700.

[3] Atkins, J.E., Boman, E.G. and Hendrickson, B. (1999). A spectral algorithm for seriation and
the consecutive ones problem. SIAM J. Comput. 28 297-310. MR1630473 https://doi.org/10.1137/
S0097539795285771

[4] Berthet, Q. and Rigollet, P. (2013). Complexity theoretic lower bounds for sparse principal compo-
nent detection. In COLT 2013 — The 26th Conference on Learning Theory (S. Shalev-Shwartz and
1. Steinwart, eds.). JMLR W&CP 30 1046-1066.

[5] Blei, R., Gao, F. and Li, W.V. (2007). Metric entropy of high dimensional distributions. Proc. Amer.
Math. Soc. 135 4009-4018. MR2341952 https://doi.org/10.1090/S0002-9939-07-08935-6

[6] Borgs, C., Chayes, J.T., Cohn, H. and Ganguly, S. (2015). Consistent nonparametric estimation for
heavy-tailed sparse graphs. Preprint. Available at arXiv:1508.06675.

1350-7265 © 2020 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/20-BEJ1215
mailto:jhuetter@broadinstitute.org
mailto:cheng.mao@math.gatech.edu
mailto:rigollet@math.mit.edu
mailto:erobeva@math.ubc.ca
http://www.ams.org/mathscinet-getitem?mr=0895444
https://doi.org/10.1007/BF01840359
http://www.ams.org/mathscinet-getitem?mr=1630473
https://doi.org/10.1137/S0097539795285771
http://www.ams.org/mathscinet-getitem?mr=2341952
https://doi.org/10.1090/S0002-9939-07-08935-6
http://arxiv.org/abs/arXiv:1508.06675
https://doi.org/10.1007/BF01840359
https://doi.org/10.1137/S0097539795285771

[7]

(8]

(9]

[10]

[11]

[12]
[13]

(14]

[15]
[16]
(17]
(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

Boyle, J.P. and Dykstra, R.L. (1986). A method for finding projections onto the intersection of
convex sets in Hilbert spaces. In Advances in Order Restricted Statistical Inference (lowa City,
lowa, 1985). Lect. Notes Stat. 37 28-47. Berlin: Springer. MR0875647 https://doi.org/10.1007/
978-1-4613-9940-7_3

Braverman, M. and Mossel, E. (2008). Noisy sorting without resampling. In Proceedings of the
Nineteenth Annual ACM-SIAM Symposium on Discrete Algorithms 268-276. New York: ACM.
MR2485312

Burkard, R.E. (2007). Monge properties, discrete convexity and applications. European J. Oper. Res.
176 1-14. MR2265130 https://doi.org/10.1016/j.ejor.2005.04.050

Burkard, R.E., Deineko, V.G., van Dal, R., van der Veen, J.A.A. and Woeginger, G.J. (1998).
Well-solvable special cases of the traveling salesman problem: A survey. SIAM Rev. 40 496-546.
MR 1642799 https://doi.org/10.1137/S0036144596297514

Burkard, R.E., Deineko, V.G. and Woeginger, G.J. (1999). The travelling salesman problem on
permuted Monge matrices. J. Comb. Optim. 2 333-350. MR1669311 https://doi.org/10.1023/A:
1009768317347

Burkard, R.E., Klinz, B. and Rudolf, R. (1996). Perspectives of Monge properties in optimization.
Discrete Appl. Math. 70 95-161. MR1403225 https://doi.org/10.1016/0166-218X(95)00103-X
Cechldrova, K. and Szabd, P. (1990). On the Monge property of matrices. Discrete Math. 81 123—128.
MR 1054969 https://doi.org/10.1016/0012-365X(90)90143-6

Cela, E., Deineko, V. and Woeginger, G.J. (2018). New special cases of the quadratic assignment prob-
lem with diagonally structured coefficient matrices. European J. Oper. Res. 267 818-834. MR3760806
https://doi.org/10.1016/j.ejor.2017.12.024

Chan, S. and Airoldi, E. (2014). A consistent histogram estimator for exchangeable graph models. In
International Conference on Machine Learning 208-216.

Chatterjee, S. (2014). A new perspective on least squares under convex constraint. Ann. Statist. 42
2340-2381. MR3269982 https://doi.org/10.1214/14- AOS1254

Chatterjee, S. (2015). Matrix estimation by universal singular value thresholding. Ann. Statist. 43
177-214. MR3285604 https://doi.org/10.1214/14-A0S1272

Chatterjee, S., Guntuboyina, A. and Sen, B. (2018). On matrix estimation under monotonicity con-
straints. Bernoulli 24 1072—1100. MR3706788 https://doi.org/10.3150/16-BEJ865

Chatterjee, S. and Mukherjee, S. (2019). Estimation in tournaments and graphs under monotonicity
constraints. [EEE Trans. Inf. Theory 65 3525-3539. MR3959003 https://doi.org/10.1109/TIT.2019.
2893911

Collier, O. and Dalalyan, A.S. (2016). Minimax rates in permutation estimation for feature matching.
J. Mach. Learn. Res. 17 Paper No. 6, 31. MR3482926

Combettes, P.L. and Pesquet, J.-C. (2011). Proximal splitting methods in signal processing. In Fixed-
Point Algorithms for Inverse Problems in Science and Engineering. Springer Optim. Appl. 49 185—
212. New York: Springer. MR2858838 https://doi.org/10.1007/978-1-4419-9569-8_10

Deineko, V., Rudolf, R. and Woeginger, G.J. (1996). On the recognition of permuted Supnick
and incomplete Monge matrices. Acta Inform. 33 559-569. MR1408047 https://doi.org/10.1007/
5002360050058

Deineko, V.G. and Filonenko, V.L. (1979). On the reconstruction of specially structured matrices.
Aktualnyje Problemy EVM, programmirovanije, Dnepropetrovsk, DGU. (in Russian).

Deutsch, F. and Hundal, H. (1994). The rate of convergence of Dykstra’s cyclic projections algorithm:
The polyhedral case. Numer. Funct. Anal. Optim. 15 537-565. MR1281561 https://doi.org/10.1080/
01630569408816580

Ding, J., Ma, Z., Wu, Y. and Xu, J. (2018). Efficient random graph matching via degree profiles.
Preprint. Available at arXiv:1811.07821.


http://www.ams.org/mathscinet-getitem?mr=0875647
https://doi.org/10.1007/978-1-4613-9940-7_3
http://www.ams.org/mathscinet-getitem?mr=2485312
http://www.ams.org/mathscinet-getitem?mr=2265130
https://doi.org/10.1016/j.ejor.2005.04.050
http://www.ams.org/mathscinet-getitem?mr=1642799
https://doi.org/10.1137/S0036144596297514
http://www.ams.org/mathscinet-getitem?mr=1669311
https://doi.org/10.1023/A:1009768317347
http://www.ams.org/mathscinet-getitem?mr=1403225
https://doi.org/10.1016/0166-218X(95)00103-X
http://www.ams.org/mathscinet-getitem?mr=1054969
https://doi.org/10.1016/0012-365X(90)90143-6
http://www.ams.org/mathscinet-getitem?mr=3760806
https://doi.org/10.1016/j.ejor.2017.12.024
http://www.ams.org/mathscinet-getitem?mr=3269982
https://doi.org/10.1214/14-AOS1254
http://www.ams.org/mathscinet-getitem?mr=3285604
https://doi.org/10.1214/14-AOS1272
http://www.ams.org/mathscinet-getitem?mr=3706788
https://doi.org/10.3150/16-BEJ865
http://www.ams.org/mathscinet-getitem?mr=3959003
https://doi.org/10.1109/TIT.2019.2893911
http://www.ams.org/mathscinet-getitem?mr=3482926
http://www.ams.org/mathscinet-getitem?mr=2858838
https://doi.org/10.1007/978-1-4419-9569-8_10
http://www.ams.org/mathscinet-getitem?mr=1408047
https://doi.org/10.1007/s002360050058
http://www.ams.org/mathscinet-getitem?mr=1281561
https://doi.org/10.1080/01630569408816580
http://arxiv.org/abs/arXiv:1811.07821
https://doi.org/10.1007/978-1-4613-9940-7_3
https://doi.org/10.1023/A:1009768317347
https://doi.org/10.1109/TIT.2019.2893911
https://doi.org/10.1007/s002360050058
https://doi.org/10.1080/01630569408816580

[26]
(27]

(28]

[29]

(30]

(31]

[32]
[33]
[34]
[35]
[36]
[37]
[38]
[39]
[40]

[41]
[42]

[43]

[44]

[45]
[46]

(47]

Domabhidi, A., Chu, E. and ECOS, S.B. (2013). An SOCP solver for embedded systems. In European
Control Conference (ECC) 3071-3076.

Fallat, S., Lauritzen, S., Sadeghi, K., Uhler, C., Wermuth, N. and Zwiernik, P. (2017). Total positivity
in Markov structures. Ann. Statist. 45 1152-1184. MR3662451 https://doi.org/10.1214/16-A0S1478
Fang, B., Guntuboyina, A. and Sen, B. (2019). Multivariate extensions of isotonic regression and
total variation denoising via entire monotonicity and Hardy—Krause variation. Preprint. Available at
arXiv:1903.01395.

Flammarion, N., Mao, C. and Rigollet, P. (2019). Optimal rates of statistical seriation. Bernoulli 25
623-653. MR3892331 https://doi.org/10.3150/17-bej1000

Fogel, E., d’Aspremont, A. and Vojnovic, M. (2014). Serialrank: Spectral ranking using seriation.
In Advances in Neural Information Processing Systems 27 (Z. Ghahramani, M. Welling, C. Cortes,
N. Lawrence and K. Weinberger, eds.) 900-908. Curran Associates,.

Fogel, E,, Jenatton, R., Bach, F. and d’ Aspremont, A. (2013). Convex relaxations for permutation prob-
lems. In Advances in Neural Information Processing Systems 26 (C. Burges, L. Bottou, M. Welling,
Z. Ghahramani and K. Weinberger, eds.) 1016-1024. Curran Associates.

Fortuin, C.M., Kasteleyn, P.W. and Ginibre, J. (1971). Correlation inequalities on some partially or-
dered sets. Comm. Math. Phys. 22 89-103. MR0309498

Gao, C., Lu, Y. and Zhou, H.H. (2015). Rate-optimal graphon estimation. Ann. Statist. 43 2624-2652.
MR3405606 https://doi.org/10.1214/15- A0S 1354

Gao, F. (2013). Bracketing entropy of high dimensional distributions. In High Dimensional Probabil-
ity VI. Progress in Probability 66 3—17. Basel: Birkhduser/Springer. MR3443489

Gavish, M. and Donoho, D.L. (2014). The optimal hard threshold for singular values is 4/~/3. IEEE
Trans. Inf. Theory 60 5040-5053. MR3245370 https://doi.org/10.1109/T1T.2014.2323359
Hitchcock, F.L. (1941). The distribution of a product from several sources to numerous localities. J.
Math. Phys. Mass. Inst. Tech. 20 224-230. MR0004469 https://doi.org/10.1002/sapm1941201224
Hoffman, A.J. (1963). On simple linear programming problems. In Proc. Sympos. Pure Math., Vol.
VII 317-327. Providence, RI: Amer. Math. Soc. MR0157778

Hiitter, J.-C., Mao, C., Rigollet, P. and Robeva, E. (2020). Optimal rates for estimation of two-
dimensional totally positive distributions. In preparation.

Hiitter, J.-C., Mao, C., Rigollet, P. and Robeva, E. (2020). Supplement to “Estimation of Monge Ma-
trices.” https://doi.org/10.3150/20-BEJ1215SUPP

Hiitter, J.-C. and Rigollet, P. (2016). Optimal rates for total variation denoising. In Conference on
Learning Theory 1115-1146.

Johnstone, .M. (2017). Gaussian estimation: Sequence and wavelet models. Unpublished manuscript.
Juditsky, A., Rigollet, P. and Tsybakov, A.B. (2008). Learning by mirror averaging. Ann. Statist. 36
2183-2206. MR2458184 https://doi.org/10.1214/07- AOS546

Karlin, S. and Rinott, Y. (1980). Classes of orderings of measures and related correlation inequal-
ities. I. Multivariate totally positive distributions. J. Multivariate Anal. 10 467-498. MR0599685
https://doi.org/10.1016/0047-259X(80)90065-2

Karlin, S. and Rinott, Y. (1980). Classes of orderings of measures and related correlation inequal-
ities. II. Multivariate reverse rule distributions. J. Multivariate Anal. 10 499-516. MR0599686
https://doi.org/10.1016/0047-259X(80)90066-4

Kendall, D.G. (1969). Incidence matrices, interval graphs and seriation in archeology. Pacific J. Math.
28 565-570. MR0239990

Kendall, D.G. (1970). A mathematical approach to seriation. Philos. Trans. R. Soc. Lond. Ser. A, Math.
Phys. Sci. 269 125-134.

Klopp, O., Tsybakov, A.B. and Verzelen, N. (2017). Oracle inequalities for network models and sparse
graphon estimation. Ann. Statist. 45 316-354. MR3611494 https://doi.org/10.1214/16- AOS 1454


http://www.ams.org/mathscinet-getitem?mr=3662451
https://doi.org/10.1214/16-AOS1478
http://arxiv.org/abs/arXiv:1903.01395
http://www.ams.org/mathscinet-getitem?mr=3892331
https://doi.org/10.3150/17-bej1000
http://www.ams.org/mathscinet-getitem?mr=0309498
http://www.ams.org/mathscinet-getitem?mr=3405606
https://doi.org/10.1214/15-AOS1354
http://www.ams.org/mathscinet-getitem?mr=3443489
http://www.ams.org/mathscinet-getitem?mr=3245370
https://doi.org/10.1109/TIT.2014.2323359
http://www.ams.org/mathscinet-getitem?mr=0004469
https://doi.org/10.1002/sapm1941201224
http://www.ams.org/mathscinet-getitem?mr=0157778
https://doi.org/10.3150/20-BEJ1215SUPP
http://www.ams.org/mathscinet-getitem?mr=2458184
https://doi.org/10.1214/07-AOS546
http://www.ams.org/mathscinet-getitem?mr=0599685
https://doi.org/10.1016/0047-259X(80)90065-2
http://www.ams.org/mathscinet-getitem?mr=0599686
https://doi.org/10.1016/0047-259X(80)90066-4
http://www.ams.org/mathscinet-getitem?mr=0239990
http://www.ams.org/mathscinet-getitem?mr=3611494
https://doi.org/10.1214/16-AOS1454

(48]
[49]
[50]
[51]
[52]

(53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]
[61]
[62]
[63]
[64]

[65]

[66]

[67]

Lauritzen, S., Uhler, C. and Zwiernik, P. (2019). Maximum likelihood estimation in Gaussian models
under total positivity. Ann. Statist. 47 1835-1863. MR3953437 https://doi.org/10.1214/17- A0S 1668
Livi, L. and Rizzi, A. (2013). The graph matching problem. PAA Pattern Anal. Appl. 16 253-283.
MR3084902 https://doi.org/10.1007/s10044-012-0284-8

Ma, Z. and Wu, Y. (2015). Computational barriers in minimax submatrix detection. Ann. Statist. 43
1089-1116. MR3346698 https://doi.org/10.1214/14- AOS1300

Mao, C., Pananjady, A. and Wainwright, M.J. (2018). Breaking the 1/./n barrier: Faster rates for
permutation-based models in polynomial time. Preprint. Available at arXiv:1802.09963.

Mao, C., Weed, J. and Rigollet, P. (2018). Minimax rates and efficient algorithms for noisy sorting. In
AProceedings of the 28th International Conference on Algorithmic Learning Theory.

Massart, P. (2007). Concentration Inequalities and Model Selection: Ecole D’Eté de Probabilités de
Saint-Flour XXXIII — 2003. Number No. 1896 in Ecole D’Eté de Probabilités de Saint-Flour. Berlin:
Springer.

Monge, G. (1781). Mémoire sur la théorie des déblais et des remblais. Histoire de L’Académie Royale
des Sciences de Paris.

O’Donoghue, B., Chu, E., Parikh, N. and Boyd, S. (2016). Conic optimization via operator split-
ting and homogeneous self-dual embedding. J. Optim. Theory Appl. 169 1042-1068. MR3501397
https://doi.org/10.1007/s10957-016-0892-3

O’Donoghue, B., Chu, E., Parikh, N. and SCS, S.B. (2017). Splitting conic solver, version 2.0.2.
https://github.com/cvxgrp/scs.

Pananjady, A., Mao, C., Muthukumar, V., Wainwright, M.J. and Courtade, T.A. (2017). Worst-
case vs average-case design for estimation from fixed pairwise comparisons. Preprint. Available at
arXiv:1707.06217.

Park, J.K. (1991). The monge array: An abstraction and its applications. Ph.D. Thesis, Massachusetts
Institute of Technology.

Park, J.K. (1991). A special case of the n-vertex traveling-salesman problem that can be solved in
O (n) time. Inform. Process. Lett. 40 247-254. MR1148465 https://doi.org/10.1016/0020-0190(91)
90118-2

Pferschy, U., Rudolf, R. and Woeginger, G.J. (1994). Monge matrices make maximization manage-
able. Oper. Res. Lett. 16 245-254. MR1316146 https://doi.org/10.1016/0167-6377(94)90037-X
Queyranne, M., Spieksma, F. and Tardella, F. (1998). A general class of greedily solvable linear pro-
grams. Math. Oper. Res. 23 892-908. MR1662430 https://doi.org/10.1287/moor.23.4.892

Robeva, E., Sturmfels, B., Tran, N. and Uhler, C. (2018). Maximum likelihood estimation for totally
positive log-concave densities. Preprint. Available at arXiv:1806.10120.

Rudolf, R. (1994). Recognition of d-dimensional Monge arrays. Discrete Appl. Math. 52 71-82.
MR 1283245 https://doi.org/10.1016/0166-218X(92)00189-S

Rudolf, R. and Woeginger, G.J. (1995). The cone of Monge matrices: Extremal rays and applications.
Math. Methods Oper. Res. 42 161-168. MR1353231 https://doi.org/10.1007/BF01415751

Shah, D. and Lee, C. Reducing crowdsourcing to graphon estimation, statistically. In Proceedings
of the Twenty-First International Conference on Artificial Intelligence and Statistics (A. Storkey and
F. Perez-Cruz, eds.). Proceedings of Machine Learning Research 84 1741-1750. Playa Blanca, Lan-
zarote, Canary Islands, 09—-11 Apr 2018. PMLR.

Shah, N.B., Balakrishnan, S., Guntuboyina, A. and Wainwright, M.J. (2017). Stochastically transitive
models for pairwise comparisons: Statistical and computational issues. I[EEE Trans. Inf. Theory 63
934-959. MR3604649 https://doi.org/10.1109/TIT.2016.2634418

Shah, N.B., Balakrishnan, S. and Wainwright, M.J. (2016). A permutation-based model for crowd
labeling: Optimal estimation and robustness. Preprint. Available at arXiv:1606.09632.


http://www.ams.org/mathscinet-getitem?mr=3953437
https://doi.org/10.1214/17-AOS1668
http://www.ams.org/mathscinet-getitem?mr=3084902
https://doi.org/10.1007/s10044-012-0284-8
http://www.ams.org/mathscinet-getitem?mr=3346698
https://doi.org/10.1214/14-AOS1300
http://arxiv.org/abs/arXiv:1802.09963
http://www.ams.org/mathscinet-getitem?mr=3501397
https://doi.org/10.1007/s10957-016-0892-3
https://github.com/cvxgrp/scs
http://arxiv.org/abs/arXiv:1707.06217
http://www.ams.org/mathscinet-getitem?mr=1148465
https://doi.org/10.1016/0020-0190(91)90118-2
http://www.ams.org/mathscinet-getitem?mr=1316146
https://doi.org/10.1016/0167-6377(94)90037-X
http://www.ams.org/mathscinet-getitem?mr=1662430
https://doi.org/10.1287/moor.23.4.892
http://arxiv.org/abs/arXiv:1806.10120
http://www.ams.org/mathscinet-getitem?mr=1283245
https://doi.org/10.1016/0166-218X(92)00189-S
http://www.ams.org/mathscinet-getitem?mr=1353231
https://doi.org/10.1007/BF01415751
http://www.ams.org/mathscinet-getitem?mr=3604649
https://doi.org/10.1109/TIT.2016.2634418
http://arxiv.org/abs/arXiv:1606.09632
https://doi.org/10.1016/0020-0190(91)90118-2

[68]

[69]
[70]

[71]

[72]

Shah, N.B., Balakrishnan, S. and Wainwright, M.J. (2019). Feeling the bern: Adaptive estimators for
Bernoulli probabilities of pairwise comparisons. IEEE Trans. Inf. Theory 65 4854-5874. MR3988527
https://doi.org/10.1109/TIT.2019.2903249

Strang, G. (2007). Computational Science and Engineering. Wellesley, MA: Wellesley-Cambridge
Press. MR2742791

Wang, Y.-X., Sharpnack, J., Smola, A.J. and Tibshirani, R.J. (2015). Trend filtering on graphs. Artifi-
cial Intelligence and Statistics 1042—-1050.

Wellner, J.A. (2003). Gaussian white noise models: Some results for monotone functions. In Crossing
Boundaries: Statistical Essays in Honor of Jack Hall. Institute of Mathematical Statistics Lecture
Notes — Monograph Series 43 87-104. Beachwood, OH: IMS. MR2125049 https://doi.org/10.1214/
Inms/1215092392

Wolfe, PJ. and Olhede, S.C. (2013). Nonparametric graphon estimation. Preprint. Available at
arXiv:1309.5936.


http://www.ams.org/mathscinet-getitem?mr=3988527
https://doi.org/10.1109/TIT.2019.2903249
http://www.ams.org/mathscinet-getitem?mr=2742791
http://www.ams.org/mathscinet-getitem?mr=2125049
https://doi.org/10.1214/lnms/1215092392
http://arxiv.org/abs/arXiv:1309.5936
https://doi.org/10.1214/lnms/1215092392

Bernoulli 26(4), 2020, 3081-3110
https://doi.org/10.3150/20-BEJ1216
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random eigenfunctions on S?
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E-mail: Anna.Todino @ ruhr-uni-bochum.de

We investigate the asymptotic behavior of the nodal lines for random spherical harmonics restricted to
shrinking domains, in the 2-dimensional case: for example, the length of the zero set Zy ,, := Z Bry (Ty) =

len({x € sZn By, : Ty(x) = 0}), where By, is the spherical cap of radius r,. We show that the variance
of the nodal length is logarithmic in the high energy limit; moreover, it is asymptotically fully equivalent,
in the L2-sense, to the “local sample trispectrum”, namely, the integral on the ball of the fourth-order
Hermite polynomial. This result extends and generalizes some recent findings for the full spherical case. As
a consequence a Central Limit Theorem is established.

Keywords: Berry’s cancellation; limit theorem; random eigenfunctions; sample trispectrum
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Area anomaly in the rough path Brownian
scaling limit of hidden Markov walks
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We study the convergence in rough path topology of a certain class of discrete processes, the hidden Markov
walks, to a Brownian motion with an area anomaly. This area anomaly, which is a new object, keeps track of
the time-correlation of the discrete models and brings into light the question of embeddings of discrete pro-
cesses into continuous time. We also identify an underlying combinatorial structure in the hidden Markov
walks, which turns out to be a generalization of the occupation time from the classical ergodic theorem in
the spirit of rough paths.
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Concentration inequalities for random tensors
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We show how to extend several basic concentration inequalities for simple random tensors X = x| ®- - - Qxg
where all x; are independent random vectors in R” with independent coefficients. The new results have
optimal dependence on the dimension » and the degree d. As an application, we show that random tensors

are well conditioned: (1 — 0(1))nd independent copies of the simple random tensor X € R"d are far from
being linearly dependent with high probability. We prove this fact for any degree d = o(y/n/logn) and
conjecture that it is true for any d = O (n).
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Consider a random sample from a continuous multivariate distribution function F with copula C. In order
to test the null hypothesis that C belongs to a certain parametric family, we construct an empirical process
on the unit hypercube that converges weakly to a standard Wiener process under the null hypothesis. This
process can therefore serve as a ‘tests generator’ for asymptotically distribution-free goodness-of-fit testing
of copula families. We also prove maximal sensitivity of this process to contiguous alternatives. Finally,
we demonstrate through a Monte Carlo simulation study that our approach has excellent finite-sample
performance, and we illustrate its applicability with a data analysis.
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We investigate densities of vaguely continuous convolution semigroups of probability measures on the
Euclidean space. We expose that many typical conditions on the characteristic exponent repeatedly used in
the literature of the subject are equivalent to the behaviour of the maximum of the density as a function of
time variable. We also prove qualitative lower estimates under mild assumptions on the corresponding jump

measure and the characteristic exponent.
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We present some properties of a Cauchy family of distributions on the sphere, which is a spherical ex-
tension of the wrapped Cauchy family on the circle. The spherical Cauchy family is closed under the
Mobius transformations on the sphere and the parameter of the transformed family is expressed using ex-
tended Mobius transformations on the compactified Euclidean space. Stereographic projection transforms
the spherical Cauchy family into a multivariate ¢-family with a certain degree of freedom on Euclidean
space. The Mobius transformations and stereographic projection enable us to obtain some results related to
the spherical Cauchy family such as an efficient algorithm for random variate generation, a simple form of
pivotal statistic and straightforward calculation of probabilities of a region. A method of moments estimator
and an asymptotically efficient estimator are expressed in closed form. Maximum likelihood estimation is
also straightforward.

Keywords: directional statistics; high dimensional data; stereographic projection; von Mises—Fisher
distribution; wrapped Cauchy distribution
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We present a general approach for studying autoregressive categorical time series models with dependence
of infinite order and defined conditional on an exogenous covariate process. To this end, we adapt a coupling
approach, developed in the literature for bounding the relaxation speed of a chain with complete connections
and from which we derive a perturbation result for non-homogenous versions of such chains. We then study
stationarity, ergodicity and dependence properties of some chains with complete connections and exogenous
covariates. As a consequence, we obtain a general framework for studying some observation-driven time
series models used both in statistics and econometrics but without theoretical support.
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We provide the asymptotic minimax detection boundary for a bump, i.e. an abrupt change, in the mean
function of a stationary Gaussian process. This will be characterized in terms of the asymptotic behavior
of the bump length and height as well as the dependency structure of the process. A major finding is that
the asymptotic minimax detection boundary is generically determined by the value of its spectral density at
zero. Finally, our asymptotic analysis is complemented by non-asymptotic results for AR(p) processes and
confirmed to serve as a good proxy for finite sample scenarios in a simulation study. Our proofs are based
on laws of large numbers for non-independent and non-identically distributed arrays of random variables
and the asymptotically sharp analysis of the precision matrix of the process.

Keywords: ARMA processes; change point detection; minimax testing; time series; Toeplitz matrices;
weak laws of large numbers
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