
ISSN 0090-5364 (print)
ISSN 2168-8966 (online)

THE ANNALS
of

STATISTICS
AN OFFICIAL JOURNAL OF THE

INSTITUTE OF MATHEMATICAL STATISTICS

Vol. 52, No. 6—December 2024

Articles

Testing network correlation efficiently via counting trees
CHENG MAO, YIHONG WU, JIAMING XU AND SOPHIE H. YU 2483

Non-independent component analysis . . . . . . . . GEERT MESTERS AND PIOTR ZWIERNIK 2506
Estimation of the spectral measure from convex combinations of regularly varying

random vectors . . . . . . . . . . . . . . . . MARCO OESTING AND OLIVIER WINTENBERGER 2529
Statistical complexity and optimal algorithms for nonlinear ridge bandits

NIVED RAJARAMAN, YANJUN HAN,
JIANTAO JIAO AND KANNAN RAMCHANDRAN 2557

Tensor-on-tensor regression: Riemannian optimization, over-parameterization,
statistical-computational gap and their interplay

YUETIAN LUO AND ANRU R. ZHANG 2583
Time-uniform central limit theory and asymptotic confidence sequences

IAN WAUDBY-SMITH, DAVID ARBOUR, RITWIK SINHA,
EDWARD H. KENNEDY AND AADITYA RAMDAS 2613

Tensor factor model estimation by iterative projection
YUEFENG HAN, RONG CHEN, DAN YANG AND CUN-HUI ZHANG 2641

Statistical inference for four-regime segmented regression models
HAN YAN AND SONG XI CHEN 2668

Stereographic Markov chain Monte Carlo
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TESTING NETWORK CORRELATION EFFICIENTLY VIA
COUNTING TREES
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We propose a new procedure for testing whether two networks are edge-
correlated through some latent vertex correspondence. The test statistic is
based on counting the cooccurrences of signed trees for a family of noni-
somorphic trees. When the two networks are Erdős–Rényi random graphs
G(n, q) that are either independent or correlated with correlation coeffi-
cient ρ, our test runs in n2+o(1) time and succeeds with high probability as
n → ∞, provided that nmin{q,1 − q} ≥ n−o(1) and ρ2 > α ≈ 0.338, where
α is Otter’s constant so that the number of unlabeled trees with K edges grows
as (1/α)K . This significantly improves the prior work in terms of statistical
accuracy, running time and graph sparsity.
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graph matching. arXiv preprint. Available at arXiv:1602.01042.

[13] CULLINA, D. and KIYAVASH, N. (2017). Exact alignment recovery for correlated Erdős–Rényi graphs. arXiv
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NON-INDEPENDENT COMPONENT ANALYSIS
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1Department of Economics and Business, Universitat Pompeu Fabra, ageert.mesters@upf.edu
2Department of Statistical Sciences, University or Toronto, bpiotr.zwiernik@utoronto.ca

A seminal result in the ICA literature states that for AY = ε, if the com-
ponents of ε are independent and at most one is Gaussian, then A is identified
up to sign and permutation of its rows (Signal Process. 36 (1994)). In this pa-
per we study to which extent the independence assumption can be relaxed by
replacing it with restrictions on higher order moment or cumulant tensors of
ε. We document new conditions that establish identification for several non-
independent component models, for example, common variance models, and
propose efficient estimation methods based on the identification results. We
show that in situations where independence cannot be assumed the efficiency
gains can be significant relative to methods that rely on independence.
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The extremal dependence structure of a regularly varying random vec-
tor X is fully described by its limiting spectral measure. In this paper, we
investigate how to recover characteristics of the measure, such as extremal
coefficients, from the extremal behaviour of convex combinations of compo-
nents of X. Our considerations result in a class of new estimators of moments
of the corresponding combinations for the spectral vector. We show asymp-
totic normality by means of a functional limit theorem and, focusing on the
estimation of extremal coefficients, we verify that the minimal asymptotic
variance can be achieved by a plug-in estimator using subsampling bootstrap.
We illustrate the benefits of our approach on simulated and real data.
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We consider the sequential decision-making problem where the mean
outcome is a nonlinear function of the chosen action. Compared with the
linear model, two curious phenomena arise in nonlinear models: first, in ad-
dition to the “learning phase” with a standard parametric rate for estimation
or regret, there is an “burn-in period” with a fixed cost determined by the
nonlinear function; second, achieving the smallest burn-in cost requires new
exploration algorithms. For a special family of nonlinear functions named
ridge functions in the literature, we derive upper and lower bounds on the op-
timal burn-in cost, and in addition, on the entire learning trajectory during the
burn-in period via differential equations. In particular, a two-stage algorithm
that first finds a good initial action and then treats the problem as locally lin-
ear is statistically optimal. In contrast, several classical algorithms, such as
UCB and algorithms relying on regression oracles, are provably suboptimal.
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We study the tensor-on-tensor regression, where the goal is to connect
tensor responses to tensor covariates with a low Tucker rank parameter ten-
sor/matrix without prior knowledge of its intrinsic rank. We propose the Rie-
mannian gradient descent (RGD) and Riemannian Gauss–Newton (RGN)
methods and cope with the challenge of unknown rank by studying the ef-
fect of rank over-parameterization. We provide the first convergence guar-
antee for the general tensor-on-tensor regression by showing that RGD and
RGN respectively converge linearly and quadratically to a statistically opti-
mal estimate in both rank correctly-parameterized and over-parameterized
settings. Our theory reveals an intriguing phenomenon: Riemannian opti-
mization methods naturally adapt to over-parameterization without modifi-
cations to their implementation. We also prove the statistical-computational
gap in scalar-on-tensor regression by a direct low-degree polynomial argu-
ment. Our theory demonstrates a “blessing of statistical-computational gap”
phenomenon: in a wide range of scenarios in tensor-on-tensor regression for
tensors of order three or higher, the computationally required sample size
matches what is needed by moderate rank over-parameterization when con-
sidering computationally feasible estimators, while there are no such benefits
in the matrix settings. This shows moderate rank over-parameterization is es-
sentially “cost-free” in terms of sample size in tensor-on-tensor regression of
order three or higher. Finally, we conduct simulation studies to show the ad-
vantages of our proposed methods and to corroborate our theoretical findings.
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Confidence intervals based on the central limit theorem (CLT) are a cor-
nerstone of classical statistics. Despite being only asymptotically valid, they
are ubiquitous because they permit statistical inference under weak assump-
tions and can often be applied to problems even when nonasymptotic infer-
ence is impossible. This paper introduces time-uniform analogues of such
asymptotic confidence intervals, adding to the literature on confidence se-
quences (CS)—sequences of confidence intervals that are uniformly valid
over time—which provide valid inference at arbitrary stopping times and
incur no penalties for “peeking” at the data, unlike classical confidence in-
tervals which require the sample size to be fixed in advance. Existing CSs
in the literature are nonasymptotic, enjoying finite-sample guarantees but not
the aforementioned broad applicability of asymptotic confidence intervals.
This work provides a definition for “asymptotic CSs” and a general recipe
for deriving them. Asymptotic CSs forgo nonasymptotic validity for CLT-like
versatility and (asymptotic) time-uniform guarantees. While the CLT approx-
imates the distribution of a sample average by that of a Gaussian for a fixed
sample size, we use strong invariance principles (stemming from the seminal
1960s work of Strassen) to uniformly approximate the entire sample average
process by an implicit Gaussian process. As an illustration, we derive asymp-
totic CSs for the average treatment effect in observational studies (for which
nonasymptotic bounds are essentially impossible to derive even in the fixed-
time regime) as well as randomized experiments, enabling causal inference
in sequential environments.
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Tensor time series, which is a time series consisting of tensorial observa-
tions, has become ubiquitous. It typically exhibits high dimensionality. One
approach for dimension reduction is to use a factor model structure, in a form
similar to Tucker tensor decomposition, except that the time dimension is
treated as a dynamic process with a time dependent structure. In this paper,
we introduce two approaches to estimate such a tensor factor model by us-
ing iterative orthogonal projections of the original tensor time series. These
approaches extend the existing estimation procedures and improve the esti-
mation accuracy and convergence rate significantly as proven in our theoret-
ical investigation. Our algorithms are similar to the higher-order orthogonal
projection method for tensor decomposition, but with significant differences
due to the need to unfold tensors in the iterations and the use of autocorre-
lation. Consequently, our analysis is significantly different from the existing
ones. Computational and statistical lower bounds are derived to prove the
optimality of the sample size requirement and convergence rate for the pro-
posed methods. Simulation study is conducted to further illustrate the statis-
tical properties of these estimators.
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STATISTICAL INFERENCE FOR FOUR-REGIME SEGMENTED
REGRESSION MODELS
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Segmented regression models offer model flexibility and interpretability
as compared to the global parametric and the nonparametric models, and yet
are challenging in both estimation and inference. We consider a four-regime
segmented model for temporally dependent data with segmenting boundaries
depending on multivariate covariates with nondiminishing boundary effects.
A mixed integer quadratic programming algorithm is formulated to facilitate
the least square estimation of the regression and the boundary parameters.
The rates of convergence and the asymptotic distributions of the least square
estimators are obtained for the regression and the boundary coefficients, re-
spectively. We propose a smoothed regression bootstrap to facilitate inference
on the parameters and a model selection procedure to select the most suitable
model within the model class with at most four segments. Numerical simula-
tions and a case study on air pollution in Beijing are conducted to demonstrate
the proposed approach, which shows that the segmented models with three or
four regimes are suitable for the modeling of the meteorological effects on
the PM2.5 concentration.
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High-dimensional distributions, especially those with heavy tails, are
notoriously difficult for off-the-shelf MCMC samplers: the combination of
unbounded state spaces, diminishing gradient information, and local moves
results in empirically observed “stickiness” and poor theoretical mixing
properties—lack of geometric ergodicity. In this paper, we introduce a new
class of MCMC samplers that map the original high-dimensional problem in
Euclidean space onto a sphere and remedy these notorious mixing problems.
In particular, we develop random-walk Metropolis type algorithms as well as
versions of the Bouncy Particle Sampler that are uniformly ergodic for a large
class of light and heavy-tailed distributions and also empirically exhibit rapid
convergence in high dimensions. In the best scenario, the proposed samplers
can enjoy the “blessings of dimensionality” that the convergence is faster in
higher dimensions.
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Gaussian deterministic approximations are routinely employed in Bayes-
ian statistics to ease inference when the target posterior is intractable. While
these approximations are justified, in asymptotic regimes, by Bernstein–von
Mises type results, in practice the expected Gaussian behavior might poorly
represent the actual shape of the target posterior, thus affecting approxima-
tion accuracy. Motivated by these considerations, we derive an improved class
of closed-form and valid deterministic approximations of posterior distribu-
tions that arise from a novel treatment of a third-order version of the Laplace
method yielding approximations within a tractable family of skew-symmetric
distributions. Under general assumptions accounting for misspecified models
and non-i.i.d. settings, such a family of approximations is shown to have a
total variation distance from the target posterior whose convergence rate im-
proves by at least one order of magnitude the one achieved by the Gaussian
from the classical Bernstein–von Mises theorem. Specializing this result to
the case of regular parametric models shows that the same accuracy improve-
ment can be also established for the posterior expectation of polynomially
bounded functions. Unlike available higher-order approximations based on,
for example, Edgeworth expansions, our results prove that it is possible to de-
rive closed-form and valid densities which provide a more accurate, yet simi-
larly tractable, alternative to Gaussian approximations of the target posterior,
while inheriting its limiting frequentist properties. We strengthen these argu-
ments by developing a practical skew-modal approximation for both joint and
marginal posteriors which preserves the guarantees of its theoretical coun-
terpart by replacing the unknown model parameters with the corresponding
maximum a posteriori estimate. Simulation studies and real-data applications
confirm that our theoretical results closely match the empirical gains observed
in practice.
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Deep neural networks have achieved tremendous success due to their
representation power and adaptation to low-dimensional structures. Their po-
tential for estimating structured regression functions has been recently es-
tablished in the literature. However, most of the studies require the input di-
mension to be fixed, and consequently, they ignore the effect of dimension
on the rate of convergence and hamper their applications to modern big data
with high dimensionality. In this paper, we bridge this gap by analyzing a
k-way nonparametric interaction model in both growing dimension scenarios
(d grows with n but at a slower rate) and in high dimension (d � n). In the
latter case, sparsity assumptions and associated regularization are required to
obtain optimal convergence rates. A new challenge in diverging dimension
setting is in calculation mean-square error; the covariance terms among esti-
mated additive components are an order of magnitude larger than those of the
variances and can deteriorate statistical properties without proper care. We
introduce a critical debiasing technique to amend the problem. We show that
under certain standard assumptions, debiased deep neural networks achieve a
minimax optimal rate both in terms of (n, d). Our proof techniques rely cru-
cially on a novel debiasing technique that makes the covariances of additive
components negligible in the mean-square error calculation. In addition, we
establish the matching lower bounds.
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The “sample amplification” problem formalizes the following question:
Given n i.i.d. samples drawn from an unknown distribution P , when is it pos-
sible to produce a larger set of n + m samples which cannot be distinguished
from n + m i.i.d. samples drawn from P ? In this work, we provide a firm
statistical foundation for this problem by deriving generally applicable am-
plification procedures, lower bound techniques and connections to existing
statistical notions. Our techniques apply to a large class of distributions in-
cluding the exponential family, and establish a rigorous connection between
sample amplification and distribution learning.
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Under the usual nonparametric regression model with Gaussian errors,
Least Squares Estimators (LSEs) over natural subclasses of convex functions
are shown to be suboptimal for estimating a d-dimensional convex function
in squared error loss when the dimension d is 5 or larger. The specific func-
tion classes considered include: (i) bounded convex functions supported on
a polytope (in random design), (ii) Lipschitz convex functions supported on
any convex domain (in random design) and (iii) convex functions supported
on a polytope (in fixed design). For each of these classes, the risk of the LSE
is proved to be of the order n−2/d (up to logarithmic factors) while the mini-
max risk is n−4/(d+4), when d ≥ 5. In addition, the first rate of convergence
results (worst case and adaptive) for the unrestricted convex LSE are estab-
lished in fixed design for polytopal domains for all d ≥ 1. Some new metric
entropy results for convex functions are also proved, which are of indepen-
dent interest.
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NOISY RECOVERY FROM RANDOM LINEAR OBSERVATIONS:
SHARP MINIMAX RATES UNDER ELLIPTICAL CONSTRAINTS
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Estimation problems with constrained parameter spaces arise in various
settings. In many of these problems, the observations available to the statis-
tician can be modelled as arising from the noisy realization of the image
of a random linear operator; an important special case is random design re-
gression. We derive sharp rates of estimation for arbitrary compact elliptical
parameter sets and demonstrate how they depend on the distribution of the
random linear operator. Our main result is a functional that characterizes the
minimax rate of estimation in terms of the noise level, the law of the random
operator, and elliptical norms that define the error metric and the parameter
space. This nonasymptotic result is sharp up to an explicit universal constant,
and it becomes asymptotically exact as the radius of the parameter space is
allowed to grow. We demonstrate the generality of the result by applying it to
both parametric and nonparametric regression problems.
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Testing the significance of a variable or group of variables X for pre-
dicting a response Y , given additional covariates Z, is a ubiquitous task in
statistics. A simple but common approach is to specify a linear model, and
then test whether the regression coefficient for X is nonzero. However, when
the model is misspecified, the test may have poor power, for example, when
X is involved in complex interactions, or lead to many false rejections. In this
work, we study the problem of testing the model-free null of conditional mean
independence, that is, that the conditional mean of Y given X and Z does not
depend on X. We propose a simple and general framework that can leverage
flexible nonparametric or machine learning methods, such as additive mod-
els or random forests, to yield both robust error control and high power. The
procedure involves using these methods to perform regressions, first to esti-
mate a form of projection of Y on X and Z using one-half of the data, and
then to estimate the expected conditional covariance between this projection
and Y on the remaining half of the data. While the approach is general, we
show that a version of our procedure using spline regression achieves what
we show is the minimax optimal rate in this nonparametric testing problem.
Numerical experiments demonstrate the effectiveness of our approach both
in terms of maintaining Type I error control, and power, compared to several
existing approaches.
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Random matrix theory has become a widely useful tool in high-
dimensional statistics and theoretical machine learning. However, random
matrix theory is largely focused on the proportional asymptotics in which the
number of columns grows proportionally to the number of rows of the data
matrix. This is not always the most natural setting in statistics where columns
correspond to covariates and rows to samples.

With the objective to move beyond the proportional asymptotics, we re-
visit ridge regression (ℓ2-penalized least squares) on i.i.d. data (xi , yi ), i ≤ n,
where xi is a feature vector and yi = 〈β,xi〉 + εi ∈ R is a response. We al-
low the feature vector to be high-dimensional, or even infinite-dimensional,
in which case it belongs to a separable Hilbert space, and assume either
zi := �−1/2xi to have i.i.d. entries, or to satisfy a certain convex concen-
tration property.

Within this setting, we establish nonasymptotic bounds that approximate
the bias and variance of ridge regression in terms of the bias and variance
of an “equivalent” sequence model (a regression model with diagonal design
matrix). The approximation is up to multiplicative factors bounded by (1±�)

for some explicitly small �.
Previously, such an approximation result was known only in the propor-

tional regime and only up to additive errors: in particular, it did not allow to
characterize the behavior of the excess risk when this converges to 0. Our
general theory recovers earlier results in the proportional regime (with better
error rates). As a new application, we obtain a completely explicit and sharp
characterization of ridge regression for Hilbert covariates with regularly vary-
ing spectrum. Finally, we analyze the overparametrized near-interpolation
setting and obtain sharp “benign overfitting” guarantees.
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This paper considers the problem of testing and estimation of change
point where signals after the change point can be highly irregular, which de-
parts from the existing literature that assumes signals after the change point to
be piecewise constant or vary smoothly. A two-step approach is proposed to
effectively estimate the location of the change point. The first step consists of
a preliminary estimation of the change point that allows us to obtain unknown
parameters for the second step. In the second step, we use a new procedure
to determine the position of the change point. We show that, under suitable
conditions, the desirable OP(1) rate of convergence of the estimated change
point can be obtained. We apply our method to analyze the Baidu search in-
dex of COVID-19 related symptoms and find December 8, 2019, to be the
starting date of the COVID-19 pandemic.
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This paper considers decentralized Federated Learning (FL) under het-
erogeneous distributions among distributed clients or data blocks for the M-
estimation. The mean squared error and consensus error across the estima-
tors from different clients via the decentralized stochastic gradient descent
algorithm are derived. The asymptotic normality of the Polyak–Ruppert (PR)
averaged estimator in the decentralized distributed setting is attained, which
shows that its statistical efficiency comes at a cost as it is more restrictive on
the number of clients than that in the distributed M-estimation. To overcome
the restriction, a one-step estimator is proposed which permits a much larger
number of clients while still achieving the same efficiency as the original
PR-averaged estimator in the nondistributed setting. The confidence regions
based on both the PR-averaged estimator and the proposed one-step estimator
are constructed to facilitate statistical inference for decentralized FL.
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This paper presents asymptotic results for the maximum likelihood and
restricted maximum likelihood (REML) estimators within a two-way crossed
mixed effect model, when the number of rows, columns, and the number of
observations per cell tend to infinity. The relative growth rate for the number
of rows, columns, and cells is unrestricted, whether considered pairwise or
collectively. Under very mild conditions (which include moment conditions
instead of requiring normality for either the random effects or errors), the es-
timators are proven to be asymptotically normal, with a structured covariance
matrix. We also discuss the case where the number of observations per cell is
fixed at 1.
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YANG, JUN, ŁATUSZYŃSKI, KRZYSZTOF AND ROBERTS, GARETH O. Stere-
ographic Markov chain Monte Carlo . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2692–2713

YANG, SONGSHAN, ZHENG, SHURONG AND LI, RUNZE. A new test for high-
dimensional two-sample mean problems with consideration of correlation
structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2217–2240

YAO, QIWEI, YI, FENGTING, CHANG, JINYUAN, HU, QIAO AND KOLACZYK,
ERIC D. Edge differentially private estimation in the β-model via jitter-
ing and method of moments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 708–728

YI, FENGTING, CHANG, JINYUAN, HU, QIAO, KOLACZYK, ERIC D. AND

YAO, QIWEI. Edge differentially private estimation in the β-model via
jittering and method of moments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 708–728

YIN, YANQING, ZHOU, WANG, LI, HUIQIN AND PAN, GUANGMING. Spec-
tral analysis of gram matrices with missing at random observations: Con-
vergence, central limit theorems, and applications in statistical inference 1254–1275

YU, HAIHAN, KAISER, MARK S. AND NORDMAN, DANIEL J. A blockwise
empirical likelihood method for time series in frequency domain inference 1152–1177

YU, LONG, HE, YONG, KONG, XINBING AND TRAPANI, LORENZO. Online
change-point detection for matrix-valued time series with latent two-way
factor structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1646–1670

YU, SOPHIE H., MAO, CHENG, WU, YIHONG AND XU, JIAMING. Testing
network correlation efficiently via counting trees . . . . . . . . . . . . . . . . . . . . . . . 2483–2505

YU, YI, XU, HAOTIAN, WANG, DAREN AND ZHAO, ZIFENG. Change-point
inference in high-dimensional regression models under temporal depen-
dence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 999–1026



YU, ZHOU, CHEN, YINFENG, JIAO, YULING AND QIU, RUI. Deep nonlinear
sufficient dimension reduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1201–1226

ZANELLA, GIACOMO AND ASCOLANI, FILIPPO. Dimension-free mixing
times of Gibbs samplers for Bayesian hierarchical models . . . . . . . . . . . . . . . 869–894

ZHANG, ANDERSON Y. AND ZHOU, HARRISON Y. Leave-one-out singular
subspace perturbation analysis for spectral clustering . . . . . . . . . . . . . . . . . . . 2004–2033

ZHANG, ANDERSON YE. Exact minimax optimality of spectral methods in
phase synchronization and orthogonal group synchronization . . . . . . . . . . . . 2112–2138

ZHANG, ANRU R. AND LUO, YUETIAN. Tensor-on-tensor regression: Rie-
mannian optimization, over-parameterization, statistical-computational
gap and their interplay . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2583–2612

ZHANG, ANRU R., ZHU, ZIHAN AND LEI, JING. Computational and statisti-
cal thresholds in multi-layer stochastic block models . . . . . . . . . . . . . . . . . . . 2431–2455

ZHANG, CUN-HUI, HAN, YUEFENG, CHEN, RONG AND YANG, DAN. Ten-
sor factor model estimation by iterative projection . . . . . . . . . . . . . . . . . . . . . . 2641–2667

ZHANG, LU AND LU, JUNWEI. StarTrek: Combinatorial variable selection
with false discovery rate control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78–102

ZHANG, TONG, FAN, JIANQING, FANG, CONG AND GU, YIHONG. Environ-
ment invariant linear least squares . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2268–2292

ZHANG, XIAOZHUO, BAO, ZHIGANG, HU, JIANG AND XU, XIAOCONG.
Spectral statistics of sample block correlation matrices . . . . . . . . . . . . . . . . . . 1873–1898

ZHANG, YICHEN, CHEN, XI, JING, WENBO AND LIU, WEIDONG. Dis-
tributed estimation and inference for semiparametric binary response mod-
els . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 922–947

ZHANG, YUNYI, PAPARODITIS, EFSTATHIOS AND POLITIS, DIMITRIS N.
Simultaneous statistical inference for second order parameters of time se-
ries under weak conditions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2375–2399

ZHANG, YUQIAN, BRADIC, JELENA AND JI, WEIJIE. High-dimensional in-
ference for dynamic treatment effects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 415–440

ZHANG, ZHE, ZHAO, ALEX, LI, CHANGCHENG AND LI, RUNZE. Testing
high-dimensional regression coefficients in linear models . . . . . . . . . . . . . . . 2034–2058

ZHANG, ZHENGXIN, GOLDFELD, ZIV, MROUEH, YOUSSEF AND SRIPERUM-
BUDUR, BHARATH K. Gromov–Wasserstein distances: Entropic regular-
ization, duality and sample complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1616–1645

ZHANG, ZHENYUAN, RAMDAS, AADITYA AND WANG, RUODU. On the ex-
istence of powerful p-values and e-values for composite hypotheses . . . . . . 2241–2267

ZHAO, ALEX, LI, CHANGCHENG, LI, RUNZE AND ZHANG, ZHE. Testing
high-dimensional regression coefficients in linear models . . . . . . . . . . . . . . . 2034–2058

ZHAO, BINGXIN, ZHENG, SHURONG AND ZHU, HONGTU. On blockwise and
reference panel-based estimators for genetic data prediction in high dimen-
sions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 948–965

ZHAO, ZIFENG, YU, YI, XU, HAOTIAN AND WANG, DAREN. Change-point
inference in high-dimensional regression models under temporal depen-
dence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 999–1026

ZHENG, SHURONG, LI, RUNZE AND YANG, SONGSHAN. A new test for high-
dimensional two-sample mean problems with consideration of correlation
structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2217–2240



ZHENG, SHURONG, ZHU, HONGTU AND ZHAO, BINGXIN. On blockwise and
reference panel-based estimators for genetic data prediction in high dimen-
sions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 948–965

ZHENG, XINGHUA AND DING, YI. High-dimensional covariance matrices un-
der dynamic volatility models: Asymptotics and shrinkage estimation . . . . 1027–1049

ZHOU, HARRISON H., DOU, ZEHAO AND FAN, ZHOU. Rates of estimation
for high-dimensional multireference alignment . . . . . . . . . . . . . . . . . . . . . . . . . 261–284

ZHOU, HARRISON Y. AND ZHANG, ANDERSON Y. Leave-one-out singular
subspace perturbation analysis for spectral clustering . . . . . . . . . . . . . . . . . . . 2004–2033

ZHOU, LING, SONG, PETER X.-K., WANG, WEN, WU, SHIHAO AND ZHU,
ZIWEI. Supervised homogeneity fusion: A combinatorial approach . . . . . 285–310

ZHOU, WANG, LI, HUIQIN, PAN, GUANGMING AND YIN, YANQING. Spec-
tral analysis of gram matrices with missing at random observations: Con-
vergence, central limit theorems, and applications in statistical inference 1254–1275

ZHOU, WEN-XIN, FAN, JIANQING AND GU, YIHONG. How do noise tails
impact on deep ReLU networks? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1845–1871

ZHOU, YEQING, XU, KAI, ZHU, LIPING AND LI, RUNZE. Rank-based in-
dices for testing independence between two high-dimensional vectors . . . . 184–206

ZHU, HONGTU, ZHAO, BINGXIN AND ZHENG, SHURONG. On blockwise and
reference panel-based estimators for genetic data prediction in high dimen-
sions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 948–965

ZHU, LIPING, LI, RUNZE, ZHOU, YEQING AND XU, KAI. Rank-based in-
dices for testing independence between two high-dimensional vectors . . . . 184–206

ZHU, YUANCHENG, CAI, T. TONY AND CHEN, RAN. Estimation and infer-
ence for minimizer and minimum of convex functions: Optimality, adap-
tivity and uncertainty principles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 392–411

ZHU, ZIHAN, LEI, JING AND ZHANG, ANRU R. Computational and statistical
thresholds in multi-layer stochastic block models . . . . . . . . . . . . . . . . . . . . . . . 2431–2455

ZHU, ZIWEI, ZHOU, LING, SONG, PETER X.-K., WANG, WEN AND WU, SHI-
HAO. Supervised homogeneity fusion: A combinatorial approach . . . . . . 285–310

ZRNIC, TIJANA AND FITHIAN, WILLIAM. Locally simultaneous inference . . 1227–1253
ZWIERNIK, PIOTR AND MESTERS, GEERT. Non-independent component

analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2506–2528

Erratum

CHÉTELAT, DIDIER. Improved multivariate normal mean estimation with un-
known covariance when p is greater than n . . . . . . . . . . . . . . . . . . . . . . . . . . . . 412–412

Correction

SCHMIDT-HIEBER, JOHANNES AND VU, DON. Nonparametric regression us-
ing deep neural networks with ReLU activation function . . . . . . . . . . . . . . . . 413–414






