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EMPIRICAL BAYES ORACLE UNCERTAINTY QUANTIFICATION
FOR REGRESSION

BY EDUARD BELITSER1 AND SUBHASHIS GHOSAL2

1Department of Mathematics, Vrije Universiteit Amsterdam, e.n.belitser@vu.nl
2Department of Statistics, North Carolina State University, sghosal@stat.ncsu.edu

We propose an empirical Bayes method for high-dimensional linear re-
gression models. Following an oracle approach that quantifies the error lo-
cally for each possible value of the parameter, we show that an empirical
Bayes posterior contracts at the optimal rate at all parameters and leads to
uniform size-optimal credible balls with guaranteed coverage under an “ex-
cessive bias restriction” condition. This condition gives rise to a new slic-
ing of the entire space that is suitable for ensuring uniformity in uncertainty
quantification. The obtained results immediately lead to optimal contraction
and coverage properties for many conceivable classes simultaneously. The re-
sults are also extended to high-dimensional additive nonparametric regression
models.
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ASYMPTOTIC JOINT DISTRIBUTION OF EXTREME EIGENVALUES
AND TRACE OF LARGE SAMPLE COVARIANCE MATRIX IN

A GENERALIZED SPIKED POPULATION MODEL

BY ZENG LI1, FANG HAN2 AND JIANFENG YAO3

1Department of Statistics and Data Science, Southern University of Science and Technology, liz9@sustech.edu.cn
2Department of Statistics, University of Washington, fanghan@uw.edu

3Department of Statistics and Actuarial Science, University of Hong Kong, jeffyao@hku.hk

This paper studies the joint limiting behavior of extreme eigenvalues and
trace of large sample covariance matrix in a generalized spiked population
model, where the asymptotic regime is such that the dimension and sample
size grow proportionally. The form of the joint limiting distribution is applied
to conduct Johnson–Graybill-type tests, a family of approaches testing for
signals in a statistical model. For this, higher order correction is further made,
helping alleviate the impact of finite-sample bias. The proof rests on deter-
mining the joint asymptotic behavior of two classes of spectral processes,
corresponding to the extreme and linear spectral statistics, respectively.
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A line of recent work has analyzed the behavior of the Expectation-
Maximization (EM) algorithm in the well-specified setting, in which the
population likelihood is locally strongly concave around its maximizing ar-
gument. Examples include suitably separated Gaussian mixture models and
mixtures of linear regressions. We consider over-specified settings in which
the number of fitted components is larger than the number of components in
the true distribution. Such mis-specified settings can lead to singularity in the
Fisher information matrix, and moreover, the maximum likelihood estimator

based on n i.i.d. samples in d dimensions can have a nonstandard O((d/n)
1
4 )

rate of convergence. Focusing on the simple setting of two-component mix-
tures fit to a d-dimensional Gaussian distribution, we study the behavior of
the EM algorithm both when the mixture weights are different (unbalanced
case), and are equal (balanced case). Our analysis reveals a sharp distinction
between these two cases: in the former, the EM algorithm converges geomet-

rically to a point at Euclidean distance of O((d/n)
1
2 ) from the true parameter,

whereas in the latter case, the convergence rate is exponentially slower, and

the fixed point has a much lower O((d/n)
1
4 ) accuracy. Analysis of this singu-

lar case requires the introduction of some novel techniques: in particular, we
make use of a careful form of localization in the associated empirical process,
and develop a recursive argument to progressively sharpen the statistical rate.
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TOWARDS OPTIMAL ESTIMATION OF BIVARIATE ISOTONIC MATRICES
WITH UNKNOWN PERMUTATIONS
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Many applications, including rank aggregation, crowd-labeling and
graphon estimation, can be modeled in terms of a bivariate isotonic matrix
with unknown permutations acting on its rows and/or columns. We consider
the problem of estimating an unknown matrix in this class, based on noisy
observations of (possibly, a subset of) its entries. We design and analyze
polynomial-time algorithms that improve upon the state of the art in two
distinct metrics, showing, in particular, that minimax optimal, computation-
ally efficient estimation is achievable in certain settings. Along the way, we
prove matching upper and lower bounds on the minimax radii of certain cone
testing problems, which may be of independent interest.1
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Testing mutual independence for high-dimensional observations is a fun-
damental statistical challenge. Popular tests based on linear and simple rank
correlations are known to be incapable of detecting nonlinear, nonmonotone
relationships, calling for methods that can account for such dependences. To
address this challenge, we propose a family of tests that are constructed us-
ing maxima of pairwise rank correlations that permit consistent assessment
of pairwise independence. Built upon a newly developed Cramér-type mod-
erate deviation theorem for degenerate U-statistics, our results cover a variety
of rank correlations including Hoeffding’s D, Blum–Kiefer–Rosenblatt’s R

and Bergsma–Dassios–Yanagimoto’s τ∗. The proposed tests are distribution-
free in the class of multivariate distributions with continuous margins, imple-
mentable without the need for permutation, and are shown to be rate-optimal
against sparse alternatives under the Gaussian copula model. As a by-product
of the study, we reveal an identity between the aforementioned three rank
correlation statistics, and hence make a step towards proving a conjecture of
Bergsma and Dassios.
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We consider the problem of minimax estimation of the entropy of a den-
sity over Lipschitz balls. Dropping the usual assumption that the density is
bounded away from zero, we obtain the minimax rates (n lnn)−s/(s+d) +
n−1/2 for 0 < s ≤ 2 for densities supported on [0,1]d , where s is the smooth-
ness parameter and n is the number of independent samples. We generalize
the results to densities with unbounded support: given an Orlicz functions
� of rapid growth (such as the subexponential and sub-Gaussian classes),
the minimax rates for densities with bounded �-Orlicz norm increase to
(n lnn)−s/(s+d)(�−1(n))d(1−d/p(s+d)) + n−1/2, where p is the norm pa-
rameter in the Lipschitz ball. We also show that the integral-form plug-in
estimators with kernel density estimates fail to achieve the minimax rates,
and characterize their worst case performances over the Lipschitz ball.

One of the key steps in analyzing the bias relies on a novel application of
the Hardy–Littlewood maximal inequality, which also leads to a new inequal-
ity on the Fisher information that may be of independent interest.
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LIMIT DISTRIBUTION THEORY FOR BLOCK ESTIMATORS
IN MULTIPLE ISOTONIC REGRESSION

BY QIYANG HAN1,* AND CUN-HUI ZHANG1,†

1Department of Statistics, Rutgers University, *qh85@stat.rutgers.edu; †czhang@stat.rutgers.edu

We study limit distributions for the tuning-free max–min block estima-
tor originally proposed in (Fokianos, Leucht and Neumann (2017)) in the
problem of multiple isotonic regression, under both fixed lattice design and
random design settings. We show that, if the regression function f0 admits
vanishing derivatives up to order αk along the kth dimension (k = 1, . . . , d)
at a fixed point x0 ∈ (0,1)d , and the errors have variance σ 2, then the max–
min block estimator f̂n satisfies

(
n∗/σ 2)

1

2+∑
k∈D∗ α

−1
k

(
f̂n(x0) − f0(x0)

)
�C(f0, x0).

Here, D∗, n∗, depending on {αk} and the design points, are the set of all
“effective dimensions” and the size of “effective samples” that drive the
asymptotic limiting distribution, respectively. If furthermore either {αk} are
relative primes to each other or all mixed derivatives of f0 of certain crit-
ical order vanish at x0, then the limiting distribution can be represented as
C(f0, x0) =d K(f0, x0) · Dα , where K(f0, x0) is a constant depending on
the local structure of the regression function f0 at x0, and Dα is a nonstan-
dard limiting distribution generalizing the well-known Chernoff distribution
in univariate problems. The above limit theorem is also shown to be opti-
mal both in terms of the local rate of convergence and the dependence on
the unknown regression function whenever such dependence is explicit (i.e.,
K(f0, x0)), for the full range of {αk} in a local asymptotic minimax sense.

There are two interesting features in our local theory. First, the max–min
block estimator automatically adapts to the local smoothness and the intrinsic
dimension of the isotonic regression function at the optimal rate. Second, the
optimally adaptive local rates are in general not the same in fixed lattice and
random designs. In fact, the local rate in the fixed lattice design case is no
slower than that in the random design case, and can be much faster when the
local smoothness levels of the isotonic regression function or the sizes of the
lattice differ substantially along different dimensions.
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ASSESSMENT OF THE EXTENT OF CORROBORATION OF AN
ELABORATE THEORY OF A CAUSAL HYPOTHESIS USING PARTIAL

CONJUNCTIONS OF EVIDENCE FACTORS
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†dsmall@wharton.upenn.edu

An elaborate theory of predictions of a causal hypothesis consists of sev-
eral falsifiable statements derived from the causal hypothesis. Statistical tests
for the various pieces of the elaborate theory help to clarify how much the
causal hypothesis is corroborated. In practice, the degree of corroboration
of the causal hypothesis has been assessed by a verbal description of which
of the several tests provides evidence for which of the several predictions.
This verbal approach can miss quantitative patterns. In this paper, we de-
velop a quantitative approach. We first decompose these various tests of the
predictions into independent factors with different sources of potential biases.
Support for the causal hypothesis is enhanced when many of these evidence
factors support the predictions. A sensitivity analysis is used to assess the po-
tential bias that could make the finding of the tests spurious. Along with this
multiparameter sensitivity analysis, we consider the partial conjunctions of
the tests. These partial conjunctions quantify the evidence supporting various
fractions of the collection of predictions. A partial conjunction test involves
combining tests of the components in the partial conjunction. We find the
asymptotically optimal combination of tests in the context of a sensitivity
analysis. Our analysis of an elaborate theory of a causal hypothesis controls
for the familywise error rate.
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FRÉCHET CHANGE-POINT DETECTION

BY PAROMITA DUBEY* AND HANS-GEORG MÜLLER†

Department of Statistics, University of California, Davis, *pdubey@ucdavis.edu; †hgmueller@ucdavis.edu

We propose a method to infer the presence and location of change-points
in the distribution of a sequence of independent data taking values in a general
metric space, where change-points are viewed as locations at which the dis-
tribution of the data sequence changes abruptly in terms of either its Fréchet
mean, Fréchet variance or both. The proposed method is based on compar-
isons of Fréchet variances before and after putative change-point locations
and does not require a tuning parameter, except for the specification of cut-off
intervals near the endpoints where change-points are assumed not to occur.
Our results include theoretical guarantees for consistency of the test under
contiguous alternatives when a change-point exists and also for consistency
of the estimated location of the change-point, if it exists, where, under the
null hypothesis of no change-point, the limit distribution of the proposed scan
function is the square of a standardized Brownian bridge. These consistency
results are applicable for a broad class of metric spaces under mild entropy
conditions. Examples include the space of univariate probability distributions
and the space of graph Laplacians for networks. Simulation studies demon-
strate the effectiveness of the proposed methods, both for inferring the pres-
ence of a change-point and estimating its location. We also develop theory
that justifies bootstrap-based inference and illustrate the new approach with
sequences of maternal fertility distributions and communication networks.
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We consider N independent stochastic processes (Xi(t), t ∈ [0, T ]),
i = 1, . . . ,N , defined by a one-dimensional stochastic differential equation,
which are continuously observed throughout a time interval [0, T ] where T

is fixed. We study nonparametric estimation of the drift function on a given
subset A of R. Projection estimators are defined on finite dimensional subsets
of L2(A,dx). We stress that the set A may be compact or not and the diffu-
sion coefficient may be bounded or not. A data-driven procedure to select the
dimension of the projection space is proposed where the dimension is chosen
within a random collection of models. Upper bounds of risks are obtained,
the assumptions are discussed and simulation experiments are reported.
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In this paper, we study distance covariance, Hilbert–Schmidt covari-
ance (aka Hilbert–Schmidt independence criterion [In Advances in Neu-
ral Information Processing Systems (2008) 585–592]) and related indepen-
dence tests under the high dimensional scenario. We show that the sample
distance/Hilbert–Schmidt covariance between two random vectors can be ap-
proximated by the sum of squared componentwise sample cross-covariances
up to an asymptotically constant factor, which indicates that the standard
distance/Hilbert–Schmidt covariance based test can only capture linear de-
pendence in high dimension. Under the assumption that the components
within each high dimensional vector are weakly dependent, the distance cor-
relation based t test developed by Székely and Rizzo (J. Multivariate Anal.
117 (2013) 193–213) for independence is shown to have trivial limiting power
when the two random vectors are nonlinearly dependent but component-
wisely uncorrelated. This new and surprising phenomenon, which seems
to be discovered and carefully studied for the first time, is further con-
firmed in our simulation study. As a remedy, we propose tests based on an
aggregation of marginal sample distance/Hilbert–Schmidt covariances and
show their superior power behavior against their joint counterparts in sim-
ulations. We further extend the distance correlation based t test to those
based on Hilbert–Schmidt covariance and marginal distance/Hilbert–Schmidt
covariance. A novel unified approach is developed to analyze the studen-
tized sample distance/Hilbert–Schmidt covariance as well as the studentized
sample marginal distance covariance under both null and alternative hy-
pothesis. Our theoretical and simulation results shed light on the limitation
of distance/Hilbert–Schmidt covariance when used jointly in the high di-
mensional setting and suggest the aggregation of marginal distance/Hilbert–
Schmidt covariance as a useful alternative.
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The distance standard deviation, which arises in distance correlation
analysis of multivariate data, is studied as a measure of spread. The asymp-
totic distribution of the empirical distance standard deviation is derived under
the assumption of finite second moments. Applications are provided to hy-
pothesis testing on a data set from materials science and to multivariate sta-
tistical quality control. The distance standard deviation is compared to clas-
sical scale measures for inference on the spread of heavy-tailed distributions.
Inequalities for the distance variance are derived, proving that the distance
standard deviation is bounded above by the classical standard deviation and
by Gini’s mean difference. New expressions for the distance standard devi-
ation are obtained in terms of Gini’s mean difference and the moments of
spacings of order statistics. It is also shown that the distance standard devia-
tion satisfies the axiomatic properties of a measure of spread.
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In this work, we generalize the Cramér–von Mises statistic via projection
averaging to obtain a robust test for the multivariate two-sample problem.
The proposed test is consistent against all fixed alternatives, robust to heavy-
tailed data and minimax rate optimal against a certain class of alternatives.
Our test statistic is completely free of tuning parameters and is computation-
ally efficient even in high dimensions. When the dimension tends to infinity,
the proposed test is shown to have comparable power to the existing high-
dimensional mean tests under certain location models. As a by-product of
our approach, we introduce a new metric called the angular distance which
can be thought of as a robust alternative to the Euclidean distance. Using the
angular distance, we connect the proposed method to the reproducing ker-
nel Hilbert space approach. In addition to the Cramér–von Mises statistic,
we demonstrate that the projection-averaging technique can be used to define
robust multivariate tests in many other problems.
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Conditional value-at-risk is a popular risk measure in risk management.
We study the inference problem of conditional value-at-risk under a linear
predictive regression model. We derive the asymptotic distribution of the
least squares estimator for the conditional value-at-risk. Our results relax the
model assumptions made in (Oper. Res. 60 (2012) 739–756) and correct their
mistake in the asymptotic variance expression. We show that the asymptotic
variance depends on the quantile density function of the unobserved error
and whether the model has a predictor with infinite variance, which makes it
challenging to actually quantify the uncertainty of the conditional risk mea-
sure. To make the inference feasible, we then propose a smooth empirical
likelihood based method for constructing a confidence interval for the condi-
tional value-at-risk based on either independent errors or GARCH errors. Our
approach not only bypasses the challenge of directly estimating the asymp-
totic variance but also does not need to know whether there exists an infinite
variance predictor in the predictive model. Furthermore, we apply the same
idea to the quantile regression method, which allows infinite variance pre-
dictors and generalizes the parameter estimation in (Econometric Theory 22
(2006) 173–205) to conditional value-at-risk in the Supplementary Material.
We demonstrate the finite sample performance of the derived confidence in-
tervals through numerical studies before applying them to real data.
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While traditional multiple testing procedures prohibit adaptive analysis
choices made by users, Goeman and Solari (Statist. Sci. 26 (2011) 584–597)
proposed a simultaneous inference framework that allows users such flexibil-
ity while preserving high-probability bounds on the false discovery propor-
tion (FDP) of the chosen set. In this paper, we propose a new class of such
simultaneous FDP bounds, tailored for nested sequences of rejection sets.
While most existing simultaneous FDP bounds are based on closed testing
using global null tests based on sorted p-values, we additionally consider the
setting where side information can be leveraged to boost power, the variable
selection setting where knockoff statistics can be used to order variables, and
the online setting where decisions about rejections must be made as data ar-
rives. Our finite-sample, closed form bounds are based on repurposing the
FDP estimates from false discovery rate (FDR) controlling procedures de-
signed for each of the above settings. These results establish a novel connec-
tion between the parallel literatures of simultaneous FDP bounds and FDR
control methods, and use proof techniques employing martingales and filtra-
tions that are new to both these literatures. We demonstrate the utility of our
results by augmenting a recent knockoffs analysis of the UK Biobank dataset.
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This paper considers cluster detection in Block Markov Chains (BMCs).
These Markov chains are characterized by a block structure in their transition
matrix. More precisely, the n possible states are divided into a finite num-
ber of K groups or clusters, such that states in the same cluster exhibit the
same transition rates to other states. One observes a trajectory of the Markov
chain, and the objective is to recover, from this observation only, the (ini-
tially unknown) clusters. In this paper, we devise a clustering procedure that
accurately, efficiently and provably detects the clusters. We first derive a fun-
damental information-theoretical lower bound on the detection error rate sat-
isfied under any clustering algorithm. This bound identifies the parameters of
the BMC, and trajectory lengths, for which it is possible to accurately detect
the clusters. We next develop two clustering algorithms that can together ac-
curately recover the cluster structure from the shortest possible trajectories,
whenever the parameters allow detection. These algorithms thus reach the
fundamental detectability limit, and are optimal in that sense.
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We consider problems in model selection caused by the geometry of
models close to their points of intersection. In some cases—including com-
mon classes of causal or graphical models, as well as time series models—
distinct models may nevertheless have identical tangent spaces. This has two
immediate consequences: first, in order to obtain constant power to reject one
model in favour of another we need local alternative hypotheses that decrease
to the null at a slower rate than the usual parametric n−1/2 (typically we will
require n−1/4 or slower); in other words, to distinguish between the models
we need large effect sizes or very large sample sizes. Second, we show that
under even weaker conditions on their tangent cones, models in these classes
cannot be made simultaneously convex by a reparameterization.

This shows that Bayesian network models, amongst others, cannot be
learned directly with a convex method similar to the graphical lasso. How-
ever, we are able to use our results to suggest methods for model selection
that learn the tangent space directly, rather than the model itself. In particular,
we give a generic algorithm for learning Bayesian network models.
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Hamiltonian Monte Carlo (HMC) is currently one of the most popular
Markov Chain Monte Carlo algorithms to sample smooth distributions over
continuous state space. This paper discusses the irreducibility and geometric
ergodicity of the HMC algorithm. We consider cases where the number of
steps of the Störmer–Verlet integrator is either fixed or random. Under mild
conditions on the potential U associated with target distribution π , we first
show that the Markov kernel associated to the HMC algorithm is irreducible
and positive recurrent. Under more stringent conditions, we then establish
that the Markov kernel is Harris recurrent. We provide verifiable conditions
on U under which the HMC sampler is geometrically ergodic. Finally, we
illustrate our results on several examples.
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The paper introduces a new test for testing structures of covariances for
high dimensional vectors and the data dimension can be much larger than the
sample size. Under proper normalization, central and noncentral limit theo-
rems are established. The asymptotic theory is attained without imposing any
explicit restriction between data dimension and sample size. To facilitate the
related statistical inference, we propose the balanced Rademacher weighted
differencing scheme, which is also the delete-half jackknife, to approximate
the distribution of the proposed test statistics. We also develop a new test-
ing procedure for substructures of precision matrices. The simulation results
show that the tests outperform the exiting methods both in terms of size and
power. Our test procedure is applied to a colorectal cancer dataset.
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Consider the heteroscedastic nonparametric regression model with ran-
dom design

Yi = f (Xi) + V 1/2(Xi)εi , i = 1,2, . . . , n,

with f (·) and V (·) α- and β-Hölder smooth, respectively. We show that the
minimax rate of estimating V (·) under both local and global squared risks is
of the order

n
− 8αβ

4αβ+2α+β ∨ n
− 2β

2β+1 ,

where a ∨ b := max{a, b} for any two real numbers a, b. This result extends
the fixed design rate n−4α ∨ n−2β/(2β+1) derived in (Ann. Statist. 36 (2008)
646–664) in a nontrivial manner, as indicated by the appearances of both α

and β in the first term. In the special case of constant variance, we show that
the minimax rate is n−8α/(4α+1) ∨n−1 for variance estimation, which further
implies the same rate for quadratic functional estimation and thus unifies the
minimax rate under the nonparametric regression model with those under the
density model and the white noise model. To achieve the minimax rate, we
develop a U-statistic-based local polynomial estimator and a lower bound that
is constructed over a specified distribution family of randomness designed for
both εi and Xi .
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Fitting a function by using linear combinations of a large number N of
“simple” components is one of the most fruitful ideas in statistical learn-
ing. This idea lies at the core of a variety of methods, from two-layer neu-
ral networks to kernel regression, to boosting. In general, the resulting risk
minimization problem is nonconvex and is solved by gradient descent or its
variants. Unfortunately, little is known about global convergence properties
of these approaches.

Here, we consider the problem of learning a concave function f on a com-
pact convex domain � ⊂ R

d , using linear combinations of “bump-like” com-
ponents (neurons). The parameters to be fitted are the centers of N bumps,
and the resulting empirical risk minimization problem is highly nonconvex.
We prove that, in the limit in which the number of neurons diverges, the evolu-
tion of gradient descent converges to a Wasserstein gradient flow in the space
of probability distributions over �. Further, when the bump width δ tends
to 0, this gradient flow has a limit which is a viscous porous medium equa-
tion. Remarkably, the cost function optimized by this gradient flow exhibits a
special property known as displacement convexity, which implies exponential
convergence rates for N → ∞, δ → 0.

Surprisingly, this asymptotic theory appears to capture well the behavior
for moderate values of δ, N . Explaining this phenomenon, and understand-
ing the dependence on δ, N in a quantitative manner remains an outstanding
challenge.
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BEYOND GAUSSIAN APPROXIMATION: BOOTSTRAP FOR MAXIMA OF
SUMS OF INDEPENDENT RANDOM VECTORS

BY HANG DENG* AND CUN-HUI ZHANG†

Department of Statistics, Rutger University, *hdeng@stat.rutgers.edu; †czhang@stat.rutgers.edu

The Bonferroni adjustment, or the union bound, is commonly used to
study rate optimality properties of statistical methods in high-dimensional
problems. However, in practice, the Bonferroni adjustment is overly conser-
vative. The extreme value theory has been proven to provide more accurate
multiplicity adjustments in a number of settings, but only on an ad hoc basis.
Recently, Gaussian approximation has been used to justify bootstrap adjust-
ments in large scale simultaneous inference in some general settings when
n 
 (logp)7, where p is the multiplicity of the inference problem and n is the
sample size. The thrust of this theory is the validity of the Gaussian approx-
imation for maxima of sums of independent random vectors in high dimen-
sion. In this paper, we reduce the sample size requirement to n 
 (logp)5

for the consistency of the empirical bootstrap and the multiplier/wild boot-
strap in the Kolmogorov–Smirnov distance, possibly in the regime where the
Gaussian approximation is not available. New comparison and anticoncen-
tration theorems, which are of considerable interest in and of themselves, are
developed as existing ones interweaved with Gaussian approximation are no
longer applicable or strong enough to produce desired results.
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ISOTONIC REGRESSION IN MULTI-DIMENSIONAL SPACES AND GRAPHS
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In this paper, we study minimax and adaptation rates in general isotonic
regression. For uniform deterministic and random designs in [0,1]d with
d ≥ 2 and N(0,1) noise, the minimax rate for the �2 risk is known to be
bounded from below by n−1/d when the unknown mean function f is non-
decreasing and its range is bounded by a constant, while the least squares
estimator (LSE) is known to nearly achieve the minimax rate up to a fac-
tor (logn)γ where n is the sample size, γ = 4 in the lattice design and
γ = max{9/2, (d2 + d + 1)/2} in the random design. Moreover, the LSE
is known to achieve the adaptation rate (K/n)−2/d {1 ∨ log(n/K)}2γ when
f is piecewise constant on K hyperrectangles in a partition of [0,1]d .

Due to the minimax theorem, the LSE is identical on every design point to
both the max-min and min-max estimators over all upper and lower sets con-
taining the design point. This motivates our consideration of estimators which
lie in-between the max-min and min-max estimators over possibly smaller
classes of upper and lower sets, including a subclass of block estimators. Un-
der a qth moment condition on the noise, we develop �q risk bounds for such
general estimators for isotonic regression on graphs. For uniform determinis-
tic and random designs in [0,1]d with d ≥ 3, our �2 risk bound for the block
estimator matches the minimax rate n−1/d when the range of f is bounded
and achieves the near parametric adaptation rate (K/n){1∨ log(n/K)}d when
f is K-piecewise constant. Furthermore, the block estimator possesses the
following oracle property in variable selection: When f depends on only a
subset S of variables, the �2 risk of the block estimator automatically achieves
up to a poly-logarithmic factor the minimax rate based on the oracular knowl-
edge of S.
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We observe n independent random variables with joint distribution P
and pretend that they are i.i.d. with some common density s (with respect to
a known measure μ) that we wish to estimate. We consider a density model S

for s that we endow with a prior distribution π (with support in S) and build
a robust alternative to the classical Bayes posterior distribution which pos-
sesses similar concentration properties around s whenever the data are truly
i.i.d. and their density s belongs to the model S. Furthermore, in this case, the
Hellinger distance between the classical and the robust posterior distributions
tends to 0, as the number of observations tends to infinity, under suitable as-
sumptions on the model and the prior. However, unlike what happens with the
classical Bayes posterior distribution, we show that the concentration prop-
erties of this new posterior distribution are still preserved when the model is
misspecified or when the data are not i.i.d. but the marginal densities of their
joint distribution are close enough in Hellinger distance to the model S.
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IBRAGIMOV, I. A. and HAS’MINSKIĬ, R. Z. (1981). Statistical Estimation: Asymptotic Theory. Applications of
Mathematics 16. Springer, New York–Berlin. Translated from the Russian by Samuel Kotz. MR0620321

JIANG, W. and TANNER, M. A. (2008). Gibbs posterior for variable selection in high-dimensional classification
and data mining. Ann. Statist. 36 2207–2231. MR2458185 https://doi.org/10.1214/07-AOS547

KLEIJN, B. J. K. and VAN DER VAART, A. W. (2006). Misspecification in infinite-dimensional Bayesian statis-
tics. Ann. Statist. 34 837–877. MR2283395 https://doi.org/10.1214/009053606000000029

KLEIJN, B. J. K. and VAN DER VAART, A. W. (2012). The Bernstein–Von-Mises theorem under misspecification.
Electron. J. Stat. 6 354–381. MR2988412 https://doi.org/10.1214/12-EJS675

LE CAM, L. (1975). On local and global properties in the theory of asymptotic normality of experiments. In
Stochastic Processes and Related Topics (Proc. Summer Res. Inst. Statist. Inference for Stochastic Processes,
Indiana Univ., Bloomington, Ind., 1974, Vol. 1; Dedicated to Jerzy Neyman) 13–54. MR0395005

LE CAM, L. (1986). Asymptotic Methods in Statistical Decision Theory. Springer Series in Statistics. Springer,
New York. MR0856411 https://doi.org/10.1007/978-1-4612-4946-7

LECAM, L. (1973). Convergence of estimates under dimensionality restrictions. Ann. Statist. 1 38–53.
MR0334381

MASSART, P. (2007). Concentration Inequalities and Model Selection. Lecture Notes in Math. 1896. Springer,
Berlin. Lectures from the 33rd Summer School on Probability Theory held in Saint-Flour, July 6–23, 2003,
With a foreword by Jean Picard. MR2319879

PANOV, M. and SPOKOINY, V. (2015). Finite sample Bernstein–von Mises theorem for semiparametric problems.
Bayesian Anal. 10 665–710. MR3420819 https://doi.org/10.1214/14-BA926

VAN DE GEER, S. A. (2000). Applications of Empirical Process Theory. Cambridge Series in Statistical and
Probabilistic Mathematics 6. Cambridge Univ. Press, Cambridge. MR1739079

VAN DER VAART, A. W. and WELLNER, J. A. (1996). Weak Convergence and Empirical Processes: With Appli-
cations to Statistics. Springer Series in Statistics. Springer, New York. MR1385671 https://doi.org/10.1007/
978-1-4757-2545-2

http://www.ams.org/mathscinet-getitem?mr=2483528
http://www.ams.org/mathscinet-getitem?mr=1984779
https://doi.org/10.1016/S0304-4076(03)00100-3
http://www.ams.org/mathscinet-getitem?mr=1261635
https://doi.org/10.1007/978-3-662-02888-9
http://www.ams.org/mathscinet-getitem?mr=1790007
https://doi.org/10.1214/aos/1016218228
http://www.ams.org/mathscinet-getitem?mr=0620321
http://www.ams.org/mathscinet-getitem?mr=2458185
https://doi.org/10.1214/07-AOS547
http://www.ams.org/mathscinet-getitem?mr=2283395
https://doi.org/10.1214/009053606000000029
http://www.ams.org/mathscinet-getitem?mr=2988412
https://doi.org/10.1214/12-EJS675
http://www.ams.org/mathscinet-getitem?mr=0395005
http://www.ams.org/mathscinet-getitem?mr=0856411
https://doi.org/10.1007/978-1-4612-4946-7
http://www.ams.org/mathscinet-getitem?mr=0334381
http://www.ams.org/mathscinet-getitem?mr=2319879
http://www.ams.org/mathscinet-getitem?mr=3420819
https://doi.org/10.1214/14-BA926
http://www.ams.org/mathscinet-getitem?mr=1739079
http://www.ams.org/mathscinet-getitem?mr=1385671
https://doi.org/10.1007/978-1-4757-2545-2
https://doi.org/10.1007/978-1-4757-2545-2


THE ANNALS
of

STATISTICS
AN OFFICIAL JOURNAL OF THE

INSTITUTE OF MATHEMATICAL STATISTICS

VOLUME 48

2020



CONTENTS OF VOLUME 48

Articles

ABBE, EMMANUEL, FAN, JIANQING, WANG, KAIZHENG AND ZHONG,
YIQIAO. Entrywise eigenvector analysis of random matrices with low
expected rank. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1452–1474

ALQUIER, PIERRE AND RIDGWAY, JAMES. Concentration of tempered poste-
riors and of their variational approximations . . . . . . . . . . . . . . . . . . . . . . . . . . . 1475–1497

ANDERES, ETHAN, MØLLER, JESPER AND RASMUSSEN, JAKOB G. Isotrop-
ic covariance functions on graphs and their edges . . . . . . . . . . . . . . . . . . . . . . 2478–2503

ARAGAM, BRYON, DAN, CHEN, XING, ERIC P. AND RAVIKUMAR, PRADEEP.
Identifiability of nonparametric mixture models and Bayes optimal cluster-
ing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2277–2302

AUE, ALEXANDER, DETTE, HOLGER AND KOKOT, KEVIN. Functional data
analysis in the Banach space of continuous functions . . . . . . . . . . . . . . . . . . . 1168–1192

AUE, ALEXANDER, PAUL, DEBASHIS, PENG, JIE, WANG, PEI AND LI, HAO-
RAN. An adaptable generalization of Hotelling’s T 2 test in high dimen-
sion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1815–1847

AUE, ALEXANDER AND VAN DELFT, ANNE. Testing for stationarity of func-
tional time series in the frequency domain . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2505–2547

BACH, FRANCIS, DIEULEVEUT, AYMERIC AND DURMUS, ALAIN. Bridging
the gap between constant step size stochastic gradient descent and Markov
chains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1348–1382

BACHOC, FRANÇOIS, PREINERSTORFER, DAVID AND STEINBERGER, LUKAS.
Uniformly valid confidence intervals post-model-selection . . . . . . . . . . . . . . 440–463

BAGCHI, PRAMITA AND DETTE, HOLGER. A test for separability in covari-
ance operators of random surfaces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2303–2322

BALAKRISHNAN, SIVARAMAN, G’SELL, MAX AND KENNEDY, EDWARD H.
Sharp instruments for classifying compliers and generalizing causal effects 2008–2030

BALAKRISHNAN, SIVARAMAN, WASSERMAN, LARRY AND KIM, ILMUN.
Robust multivariate nonparametric tests via projection averaging . . . . . . . . 3417–3441

BARAUD, YANNICK AND BIRGÉ, LUCIEN. Robust Bayes-like estimation:
Rho-Bayes estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3699–3720

BARBER, RINA FOYGEL, CANDÈS, EMMANUEL J. AND SAMWORTH,
RICHARD J. Robust inference with knockoffs . . . . . . . . . . . . . . . . . . . . . . . . 1409–1431

BELITSER, EDUARD AND GHOSAL, SUBHASHIS. Empirical Bayes oracle un-
certainty quantification for regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3113–3137

BERGER, JAMES O., SUN, DONGCHU AND SONG, CHENGYUAN. Bayesian
analysis of the covariance matrix of a multivariate normal distribution with
a new class of priors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2381–2403

BERRETT, THOMAS B., SAMWORTH, RICHARD J. AND CANNINGS, TIMO-
THY I. Local nearest neighbour classification with applications to semi-
supervised learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1789–1814

BERTSIMAS, DIMITRIS AND VAN PARYS, BART. Sparse high-dimensional re-
gression: Exact scalable algorithms and phase transitions . . . . . . . . . . . . . . . 300–323

BHATTACHARYA, ANIRBAN, YANG, YUN AND PATI, DEBDEEP. α-varia-
tional inference with statistical guarantees . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 886–905

BHATTACHARYA, BHASWAR B. Asymptotic distribution and detection thresh-
olds for two-sample tests based on geometric graphs . . . . . . . . . . . . . . . . . . . . 2879–2903

iii



BIAU, GÉRARD, CADRE, BENOÎT, SANGNIER, MAXIME AND TANIELIAN,
UGO. Some theoretical properties of GANS. . . . . . . . . . . . . . . . . . . . . . . . . . 1539–1566

BING, XIN, BUNEA, FLORENTINA, NING, YANG AND WEGKAMP, MARTEN.
Adaptive estimation in structured factor models with applications to over-
lapping clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2055–2081

BIRGÉ, LUCIEN AND BARAUD, YANNICK. Robust Bayes-like estimation:
Rho-Bayes estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3699–3720

BISHOP, ADRIAN N., DELIGIANNIDIS, GEORGE, DOUCET, ARNAUD AND

HENG, JEREMY. Controlled sequential Monte Carlo . . . . . . . . . . . . . . . . . . 2904–2929
BLANCHARD, GILLES, NEUVIAL, PIERRE AND ROQUAIN, ETIENNE. Post

hoc confidence bounds on false positives using reference families . . . . . . . . 1281–1303
BOWDEN, JACK, SMALL, DYLAN S., ZHAO, QINGYUAN, WANG, JINGSHU

AND HEMANI, GIBRAN. Statistical inference in two-sample summary-
data Mendelian randomization using robust adjusted profile score . . . . . . . . 1742–1769

BRAVO, FRANCESCO, ESCANCIANO, JUAN CARLOS AND VAN KEILEGOM,
INGRID. Two-step semiparametric empirical likelihood inference . . . . . . 1–26

BRESLER, GUY AND KARZAND, MINA. Learning a tree-structured Ising
model in order to make predictions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 713–737

BROWN, LAWRENCE D., BUJA, ANDREAS, CAI, JUNHUI, GEORGE, ED-
WARD I., ZHAO, LINDA H. AND KUCHIBHOTLA, ARUN K. Valid post-
selection inference in model-free linear regression . . . . . . . . . . . . . . . . . . . . . . 2953–2981

BU, XIANWEI, MAJUMDAR, DIBYEN AND YANG, JIE. D-optimal designs for
multinomial logistic models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 983–1000

BUJA, ANDREAS, CAI, JUNHUI, GEORGE, EDWARD I., ZHAO, LINDA H.,
KUCHIBHOTLA, ARUN K. AND BROWN, LAWRENCE D. Valid post-
selection inference in model-free linear regression . . . . . . . . . . . . . . . . . . . . . . 2953–2981

BUNEA, FLORENTINA, GIRAUD, CHRISTOPHE, LUO, XI, ROYER, MAR-
TIN AND VERZELEN, NICOLAS. Model assisted variable clustering:
Minimax-optimal recovery and algorithms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111–137

BUNEA, FLORENTINA, NING, YANG, WEGKAMP, MARTEN AND BING, XIN.
Adaptive estimation in structured factor models with applications to over-
lapping clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2055–2081

CADRE, BENOÎT, SANGNIER, MAXIME, TANIELIAN, UGO AND BIAU,
GÉRARD. Some theoretical properties of GANS . . . . . . . . . . . . . . . . . . . . . . 1539–1566

CAI, JUNHUI, GEORGE, EDWARD I., ZHAO, LINDA H., KUCHIBHOTLA,
ARUN K., BROWN, LAWRENCE D. AND BUJA, ANDREAS. Valid post-
selection inference in model-free linear regression . . . . . . . . . . . . . . . . . . . . . . 2953–2981

CAI, T. TONY, HAN, XIAO AND PAN, GUANGMING. Limiting laws for di-
vergent spiked eigenvalues and largest nonspiked eigenvalue of sample co-
variance matrices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1255–1280

CAI, T. TONY AND WU, YIHONG. Statistical and computational limits for
sparse matrix detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1593–1614

CANDÈS, EMMANUEL J., SAMWORTH, RICHARD J. AND BARBER, RINA

FOYGEL. Robust inference with knockoffs . . . . . . . . . . . . . . . . . . . . . . . . . . . 1409–1431
CANDÈS, EMMANUEL J. AND SUR, PRAGYA. The phase transition for the

existence of the maximum likelihood estimate in high-dimensional logistic
regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27–42



CANNINGS, TIMOTHY I., BERRETT, THOMAS B. AND SAMWORTH, RICHARD

J. Local nearest neighbour classification with applications to semi-
supervised learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1789–1814

CARONE, MARCO AND WESTLING, TED. A unified study of nonparametric
inference for monotone functions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1001–1024

CARPENTIER, ALEXANDRA, VON LUXBURG, ULRIKE, GHOSHDASTIDAR,
DEBARGHYA AND GUTZEIT, MAURILIO. Two-sample hypothesis test-
ing for inhomogeneous random graphs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2208–2229

CASTILLO, ISMAËL AND ROQUAIN, ÉTIENNE. On spike and slab empirical
Bayes multiple testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2548–2574

CATTANEO, MATIAS D., FARRELL, MAX H. AND FENG, YINGJIE. Large
sample properties of partitioning-based series estimators . . . . . . . . . . . . . . . . 1718–1741

CHAN, HOCK PENG. The multi-armed bandit problem: An efficient nonpara-
metric solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 346–373

CHATELAIN, SIMON, FOUGÈRES, ANNE-LAURE AND NEŠLEHOVÁ, JO-
HANNA G. Inference for Archimax copulas . . . . . . . . . . . . . . . . . . . . . . . . . . 1025–1051

CHATTERJEE, SABYASACHI, SEN, BODHISATTVA, GUNTUBOYINA,
ADITYANAND AND LIEU, DONOVAN. Adaptive risk bounds in univari-
ate total variation denoising and trend filtering . . . . . . . . . . . . . . . . . . . . . . . . . 205–229

CHEN, XI, LEE, JASON D., TONG, XIN T. AND ZHANG, YICHEN. Statistical
inference for model parameters in stochastic gradient descent . . . . . . . . . . . 251–273

CHEN, XI AND ZHOU, WEN-XIN. Robust inference via multiplier bootstrap 1665–1691
CHEN, YUGUO AND PAUL, SUBHADEEP. Spectral and matrix factorization

methods for consistent community detection in multi-layer networks . . . . . 230–250
CHONG, CARSTEN. High-frequency analysis of parabolic stochastic PDEs. . . 1143–1167
COMTE, FABIENNE AND GENON-CATALOT, VALENTINE. Nonparametric

drift estimation for i.i.d. paths of stochastic differential equations . . . . . . . . 3336–3365
COURTADE, THOMAS A., PANANJADY, ASHWIN, MAO, CHENG, MUTHU-

KUMAR, VIDYA AND WAINWRIGHT, MARTIN J. Worst-case versus
average-case design for estimation from partial pairwise comparisons . . . . 1072–1097

COX, GREGORY. Almost sure uniqueness of a global minimum without con-
vexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 584–606

DAN, CHEN, XING, ERIC P., RAVIKUMAR, PRADEEP AND ARAGAM, BRYON.
Identifiability of nonparametric mixture models and Bayes optimal cluster-
ing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2277–2302

DELIGIANNIDIS, GEORGE, DOUCET, ARNAUD, HENG, JEREMY AND BISHOP,
ADRIAN N. Controlled sequential Monte Carlo . . . . . . . . . . . . . . . . . . . . . . 2904–2929

DENG, HANG AND ZHANG, CUN-HUI. Beyond Gaussian approximation:
Bootstrap for maxima of sums of independent random vectors . . . . . . . . . . . 3643–3671

DENG, HANG AND ZHANG, CUN-HUI. Isotonic regression in multi-dimen-
sional spaces and graphs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3672–3698

DETTE, HOLGER AND BAGCHI, PRAMITA. A test for separability in covari-
ance operators of random surfaces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2303–2322

DETTE, HOLGER, KOKOT, KEVIN AND AUE, ALEXANDER. Functional data
analysis in the Banach space of continuous functions . . . . . . . . . . . . . . . . . . . 1168–1192

DIEULEVEUT, AYMERIC, DURMUS, ALAIN AND BACH, FRANCIS. Bridging
the gap between constant step size stochastic gradient descent and Markov
chains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1348–1382



DING, PENG, RUBIN, DONALD B. AND LI, XINRAN. Rerandomization in 2K

factorial experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43–63
DING, SHANSHAN, QIAN, WEI AND WANG, LAN. Double-slicing assisted

sufficient dimension reduction for high-dimensional censored data . . . . . . . 2132–2154
DING, XIUCAI AND ZHOU, ZHOU. Estimation and inference for precision ma-

trices of nonstationary time series . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2455–2477
DOBRIBAN, EDGAR. Permutation methods for factor analysis and PCA . . . . . 2824–2847
DOBRIBAN, EDGAR, LEEB, WILLIAM AND SINGER, AMIT. Optimal predic-

tion in the linearly transformed spiked model . . . . . . . . . . . . . . . . . . . . . . . . . . 491–513
DONNET, SOPHIE, RIVOIRARD, VINCENT AND ROUSSEAU, JUDITH. Non-

parametric Bayesian estimation for multivariate Hawkes processes . . . . . . . 2698–2727
DOUCET, ARNAUD, HENG, JEREMY, BISHOP, ADRIAN N. AND DELIGIAN-

NIDIS, GEORGE. Controlled sequential Monte Carlo . . . . . . . . . . . . . . . . . . 2904–2929
DRTON, MATHIAS, HAN, FANG AND SHI, HONGJIAN. High-dimensional

consistent independence testing with maxima of rank correlations. . . . . . . . 3206–3227
DUBEY, PAROMITA AND MÜLLER, HANS-GEORG. Fréchet change-point de-

tection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3312–3335
DURMUS, ALAIN, BACH, FRANCIS AND DIEULEVEUT, AYMERIC. Bridging

the gap between constant step size stochastic gradient descent and Markov
chains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1348–1382

DURMUS, ALAIN, MOULINES, ÉRIC AND SAKSMAN, EERO. Irreducibility
and geometric ergodicity of Hamiltonian Monte Carlo . . . . . . . . . . . . . . . . . . 3545–3564

DWIVEDI, RAAZ, HO, NHAT, KHAMARU, KOULIK, WAINWRIGHT, MARTIN

J., JORDAN, MICHAEL I. AND YU, BIN. Singularity, misspecification
and the convergence rate of EM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3161–3182

EDELMANN, DOMINIC, RICHARDS, DONALD AND VOGEL, DANIEL. The
distance standard deviation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3395–3416

EKVALL, KARL OSKAR AND JONES, GALIN L. Consistent maximum likeli-
hood estimation using subsets with applications to multivariate mixed mod-
els . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 932–952

EL ALAOUI, AHMED, KRZAKALA, FLORENT AND JORDAN, MICHAEL.
Fundamental limits of detection in the spiked Wigner model . . . . . . . . . . . . 863–885

ESCANCIANO, JUAN CARLOS, VAN KEILEGOM, INGRID AND BRAVO,
FRANCESCO. Two-step semiparametric empirical likelihood inference 1–26

EVANS, ROBIN J. Model selection and local geometry . . . . . . . . . . . . . . . . . . . . . 3513–3544
FAN, JIANQING, WANG, KAIZHENG, ZHONG, YIQIAO AND ABBE, EM-

MANUEL. Entrywise eigenvector analysis of random matrices with low
expected rank. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1452–1474

FANG, ETHAN X., NING, YANG AND LI, RUNZE. Test of significance for
high-dimensional longitudinal data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2622–2645

FANG, XIAO, LI, JIAN AND SIEGMUND, DAVID. Segmentation and estima-
tion of change-point models: False positive control and confidence regions 1615–1647

FARRELL, MAX H., FENG, YINGJIE AND CATTANEO, MATIAS D. Large
sample properties of partitioning-based series estimators . . . . . . . . . . . . . . . . 1718–1741

FAUSS, MICHAEL, ZOUBIR, ABDELHAK M. AND POOR, H. VINCENT. Min-
imax optimal sequential hypothesis tests for Markov processes . . . . . . . . . . 2599–2621

FENG, YINGJIE, CATTANEO, MATIAS D. AND FARRELL, MAX H. Large
sample properties of partitioning-based series estimators . . . . . . . . . . . . . . . . 1718–1741



FOUGÈRES, ANNE-LAURE, NEŠLEHOVÁ, JOHANNA G. AND CHATELAIN, SI-
MON. Inference for Archimax copulas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1025–1051

GAÏFFAS, STÉPHANE, SCORNET, ERWAN AND MOURTADA, JAOUAD. Min-
imax optimal rates for Mondrian trees and forests . . . . . . . . . . . . . . . . . . . . . . 2253–2276

GAO, CHAO, HAN, FANG AND ZHANG, CUN-HUI. On estimation of isotonic
piecewise constant signals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 629–654

GAO, CHAO, VAN DER VAART, AAD W. AND ZHOU, HARRISON H. A gen-
eral framework for Bayes structured linear models . . . . . . . . . . . . . . . . . . . . . 2848–2878

GAO, CHAO, WITTEN, DANIELA, HAN, FANG AND SHEN, YANDI. Optimal
estimation of variance in nonparametric regression with random design . . 3589–3618

GAO, CHAO AND ZHANG, FENGSHUO. Convergence rates of variational pos-
terior distributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2180–2207

GENON-CATALOT, VALENTINE AND COMTE, FABIENNE. Nonparametric
drift estimation for i.i.d. paths of stochastic differential equations . . . . . . . . 3336–3365

GEORGE, EDWARD I., ZHAO, LINDA H., KUCHIBHOTLA, ARUN K., BROWN,
LAWRENCE D., BUJA, ANDREAS AND CAI, JUNHUI. Valid post-
selection inference in model-free linear regression . . . . . . . . . . . . . . . . . . . . . . 2953–2981

GHORBANI, BEHROOZ, MEI, SONG, MISIAKIEWICZ, THEODOR AND MON-
TANARI, ANDREA. Discussion of: “Nonparametric regression using deep
neural networks with ReLU activation function” . . . . . . . . . . . . . . . . . . . . . . . 1898–1901

GHOSAL, PROMIT AND MUKHERJEE, SUMIT. Joint estimation of parameters
in Ising model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 785–810

GHOSAL, SUBHASHIS AND BELITSER, EDUARD. Empirical Bayes oracle un-
certainty quantification for regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3113–3137

GHOSHDASTIDAR, DEBARGHYA, GUTZEIT, MAURILIO, CARPENTIER,
ALEXANDRA AND VON LUXBURG, ULRIKE. Two-sample hypothesis
testing for inhomogeneous random graphs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2208–2229

GIORDANO, FRANCESCO, LAHIRI, SOUMENDRA NATH AND PARRELLA,
MARIA LUCIA. GRID: A variable selection and structure discovery
method for high dimensional nonparametric regression . . . . . . . . . . . . . . . . . 1848–1874

GIRAUD, CHRISTOPHE, LUO, XI, ROYER, MARTIN, VERZELEN, NICO-
LAS AND BUNEA, FLORENTINA. Model assisted variable clustering:
Minimax-optimal recovery and algorithms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111–137

GOES, JOHN, LERMAN, GILAD AND NADLER, BOAZ. Robust sparse covari-
ance estimation by thresholding Tyler’s M-estimator . . . . . . . . . . . . . . . . . . . . 86–110

G’SELL, MAX, KENNEDY, EDWARD H. AND BALAKRISHNAN, SIVARAMAN.
Sharp instruments for classifying compliers and generalizing causal effects 2008–2030

GU, YUQI AND XU, GONGJUN. Partial identifiability of restricted latent class
models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2082–2107

GUNTUBOYINA, ADITYANAND, LIEU, DONOVAN, CHATTERJEE,
SABYASACHI AND SEN, BODHISATTVA. Adaptive risk bounds in uni-
variate total variation denoising and trend filtering . . . . . . . . . . . . . . . . . . . . . . 205–229

GUNTUBOYINA, ADITYANAND AND SAHA, SUJAYAM. On the nonparamet-
ric maximum likelihood estimator for Gaussian location mixture densities
with application to Gaussian denoising . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 738–762

GUTZEIT, MAURILIO, CARPENTIER, ALEXANDRA, VON LUXBURG, ULRIKE

AND GHOSHDASTIDAR, DEBARGHYA. Two-sample hypothesis testing
for inhomogeneous random graphs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2208–2229



HAN, FANG, SHEN, YANDI, GAO, CHAO AND WITTEN, DANIELA. Optimal
estimation of variance in nonparametric regression with random design . . 3589–3618

HAN, FANG, SHI, HONGJIAN AND DRTON, MATHIAS. High-dimensional
consistent independence testing with maxima of rank correlations. . . . . . . . 3206–3227

HAN, FANG, YAO, JIANFENG AND LI, ZENG. Asymptotic joint distribution
of extreme eigenvalues and trace of large sample covariance matrix in a
generalized spiked population model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3138–3160

HAN, FANG, ZHANG, CUN-HUI AND GAO, CHAO. On estimation of isotonic
piecewise constant signals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 629–654

HAN, LEI, TAN, KEAN MING, YANG, TING AND ZHANG, TONG. Local un-
certainty sampling for large-scale multiclass logistic regression . . . . . . . . . . 1770–1788

HAN, QIYANG AND ZHANG, CUN-HUI. Limit distribution theory for block
estimators in multiple isotonic regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3251–3282

HAN, XIAO, PAN, GUANGMING AND CAI, T. TONY. Limiting laws for di-
vergent spiked eigenvalues and largest nonspiked eigenvalue of sample co-
variance matrices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1255–1280

HAN, YANJUN, JIAO, JIANTAO, WEISSMAN, TSACHY AND WU, YIHONG.
Optimal rates of entropy estimation over Lipschitz balls . . . . . . . . . . . . . . . . 3228–3250

HAN, YUEFENG AND WU, WEI BIAO. Test for high dimensional covariance
matrices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3565–3588

HANSEN, NIELS RICHARD AND MOGENSEN, SØREN WENGEL. Markov
equivalence of marginalized local independence graphs . . . . . . . . . . . . . . . . . 539–559

HE, YI, HOU, YANXI, PENG, LIANG AND SHEN, HAIPENG. Inference for
conditional value-at-risk of a predictive regression . . . . . . . . . . . . . . . . . . . . . 3442–3464

HEMANI, GIBRAN, BOWDEN, JACK, SMALL, DYLAN S., ZHAO, QINGYUAN

AND WANG, JINGSHU. Statistical inference in two-sample summary-
data Mendelian randomization using robust adjusted profile score . . . . . . . . 1742–1769

HENG, JEREMY, BISHOP, ADRIAN N., DELIGIANNIDIS, GEORGE AND

DOUCET, ARNAUD. Controlled sequential Monte Carlo . . . . . . . . . . . . . . . 2904–2929
HO, NHAT, KHAMARU, KOULIK, WAINWRIGHT, MARTIN J., JORDAN,

MICHAEL I., YU, BIN AND DWIVEDI, RAAZ. Singularity, misspeci-
fication and the convergence rate of EM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3161–3182
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