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CHERNOFF INDEX FOR COX TEST OF SEPARATE
PARAMETRIC FAMILIES

BY XIAOOU LI∗, JINGCHEN LIU1,† AND ZHILIANG YING1,†

University of Minnesota∗ and Columbia University†

The asymptotic efficiency of a generalized likelihood ratio test proposed
by Cox is studied under the large deviations framework for error probabil-
ities developed by Chernoff. In particular, two separate parametric families
of hypotheses are considered [In Proc. 4th Berkeley Sympos. Math. Statist.
and Prob. (1961) 105–123; J. Roy. Statist. Soc. Ser. B 24 (1962) 406–424].
The significance level is set such that the maximal type I and type II error
probabilities for the generalized likelihood ratio test decay exponentially fast
with the same rate. We derive the analytic form of such a rate that is also
known as the Chernoff index [Ann. Math. Stat. 23 (1952) 493–507], a rela-
tive efficiency measure when there is no preference between the null and the
alternative hypotheses. We further extend the analysis to approximate error
probabilities when the two families are not completely separated. Discus-
sions are provided concerning the implications of the present result on model
selection.
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OPTIMAL BOUNDS FOR AGGREGATION OF
AFFINE ESTIMATORS

BY PIERRE C. BELLEC1

ENSAE and Rutgers University

We study the problem of aggregation of estimators when the estimators
are not independent of the data used for aggregation and no sample splitting
is allowed. If the estimators are deterministic vectors, it is well known that the
minimax rate of aggregation is of order log(M), where M is the number of es-
timators to aggregate. It is proved that for affine estimators, the minimax rate
of aggregation is unchanged: it is possible to handle the linear dependence
between the affine estimators and the data used for aggregation at no extra
cost. The minimax rate is not impacted either by the variance of the affine
estimators, or any other measure of their statistical complexity. The minimax
rate is attained with a penalized procedure over the convex hull of the esti-
mators, for a penalty that is inspired from the Q-aggregation procedure. The
results follow from the interplay between the penalty, strong convexity and
concentration.
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RATE-OPTIMAL PERTURBATION BOUNDS FOR SINGULAR
SUBSPACES WITH APPLICATIONS TO

HIGH-DIMENSIONAL STATISTICS

BY T. TONY CAI1,∗ AND ANRU ZHANG†

University of Pennsylvania∗ and University of Wisconsin–Madison†

Perturbation bounds for singular spaces, in particular Wedin’s sin� theo-
rem, are a fundamental tool in many fields including high-dimensional statis-
tics, machine learning and applied mathematics. In this paper, we establish
separate perturbation bounds, measured in both spectral and Frobenius sin�

distances, for the left and right singular subspaces. Lower bounds, which
show that the individual perturbation bounds are rate-optimal, are also given.

The new perturbation bounds are applicable to a wide range of problems.
In this paper, we consider in detail applications to low-rank matrix denois-
ing and singular space estimation, high-dimensional clustering and canonical
correlation analysis (CCA). In particular, separate matching upper and lower
bounds are obtained for estimating the left and right singular spaces. To the
best of our knowledge, this is the first result that gives different optimal rates
for the left and right singular spaces under the same perturbation.
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EXACT FORMULAS FOR THE NORMALIZING CONSTANTS OF
WISHART DISTRIBUTIONS FOR GRAPHICAL MODELS
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Gaussian graphical models have received considerable attention during
the past four decades from the statistical and machine learning communi-
ties. In Bayesian treatments of this model, the G-Wishart distribution serves
as the conjugate prior for inverse covariance matrices satisfying graphical
constraints. While it is straightforward to posit the unnormalized densities,
the normalizing constants of these distributions have been known only for
graphs that are chordal, or decomposable. Up until now, it was unknown
whether the normalizing constant for a general graph could be represented
explicitly, and a considerable body of computational literature emerged that
attempted to avoid this apparent intractability. We close this question by pro-
viding an explicit representation of the G-Wishart normalizing constant for
general graphs.

REFERENCES

[1] ANDREWS, G. E., ASKEY, R. and ROY, R. (1999). Special Functions. Encyclopedia of Math-
ematics and Its Applications 71. Cambridge Univ. Press, Cambridge. MR1688958

[2] ATAY-KAYIS, A. and MASSAM, H. (2005). A Monte Carlo method for computing the marginal
likelihood in nondecomposable Gaussian graphical models. Biometrika 92 317–335.
MR2201362

[3] BOJDECKI, T. and GOROSTIZA, L. G. (1999). Fractional Brownian motion via fractional
Laplacian. Statist. Probab. Lett. 44 107–108. MR1706362

[4] CHENG, Y. and LENKOSKI, A. (2012). Hierarchical Gaussian graphical models: Beyond re-
versible jump. Electron. J. Stat. 6 2309–2331. MR3020264

[5] DAWID, A. P. and LAURITZEN, S. L. (1993). Hyper-Markov laws in the statistical analysis of
decomposable graphical models. Ann. Statist. 21 1272–1317. MR1241267

[6] DEMPSTER, A. P. (1972). Covariance selection. Biometrics 28 157–175.
[7] DOBRA, A. and LENKOSKI, A. (2011). Copula Gaussian graphical models and their applica-

tion to modeling functional disability data. Ann. Appl. Stat. 5 969–993. MR2840183
[8] DOBRA, A., LENKOSKI, A. and RODRIGUEZ, A. (2011). Bayesian inference for general Gaus-

sian graphical models with application to multivariate lattice data. J. Amer. Statist. Assoc.
106 1418–1433. MR2896846

[9] GÅRDING, L. (1947). The solution of Cauchy’s problem for two totally hyperbolic linear differ-
ential equations by means of Riesz integrals. Ann. of Math. (2) 48 785–826. MR0022648

MSC2010 subject classifications. Primary 62H05, 60E05; secondary 62E15.
Key words and phrases. Bartlett decomposition, bipartite graph, Cholesky decomposition,

chordal graph, directed acyclic graph, G-Wishart distribution, Gaussian graphical model, generalized
hypergeometric function of matrix argument, moral graph, normalizing constant, Wishart distribu-
tion.

http://www.imstat.org/aos/
https://doi.org/10.1214/17-AOS1543
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=1688958
http://www.ams.org/mathscinet-getitem?mr=2201362
http://www.ams.org/mathscinet-getitem?mr=1706362
http://www.ams.org/mathscinet-getitem?mr=3020264
http://www.ams.org/mathscinet-getitem?mr=1241267
http://www.ams.org/mathscinet-getitem?mr=2840183
http://www.ams.org/mathscinet-getitem?mr=2896846
http://www.ams.org/mathscinet-getitem?mr=0022648
http://www.ams.org/mathscinet/msc/msc2010.html


[10] GIRI, N. C. (2004). Multivariate Statistical Analysis. Dekker, New York. MRMR0468025
[11] GIUDICI, P. and GREEN, P. J. (1999). Decomposable graphical Gaussian model determination.

Biometrika 86 785–801. MR1741977
[12] GROSS, K. I. and RICHARDS, D. ST. P. (1987). Special functions of matrix argument. I. Al-

gebraic induction, zonal polynomials, and hypergeometric functions. Trans. Amer. Math.
Soc. 301 781–811. MR0882715

[13] HAFF, L. R., KIM, P. T., KOO, J.-Y. and RICHARDS, D. ST. P. (2011). Minimax estimation
for mixtures of Wishart distributions. Ann. Statist. 39 3417–3440. MR3012414

[14] HERZ, C. S. (1955). Bessel functions of matrix argument. Ann. of Math. (2) 61 474–523.
MR0069960

[15] HILLE, E. and PHILLIPS, R. S. (1957). Functional Analysis and Semi-Groups, rev. ed. Amer-
ican Mathematical Society Colloquium Publications 31. Amer. Math. Soc., Providence,
RI. MR0089373

[16] INGHAM, A. E. (1933). An integral which occurs in statistics. Math. Proc. Cambridge Philos.
Soc. 29 271–276.

[17] JAMES, A. T. (1964). Distributions of matrix variates and latent roots derived from normal
samples. Ann. Math. Stat. 35 475–501. MR0181057

[18] JONES, B., CARVALHO, C., DOBRA, A., HANS, C., CARTER, C. and WEST, M. (2005).
Experiments in stochastic computation for high-dimensional graphical models. Statist.
Sci. 20 388–400. MR2210226

[19] KARLIN, S. (1968). Total Positivity, Vol. I. Stanford Univ. Press, Stanford, CA. MR0230102
[20] KIM, P. T. and RICHARDS, D. ST. P. (2011). Deconvolution density estimation on the space

of positive definite symmetric matrices. In Nonparametric Statistics and Mixture Models
147–168. World Sci. Publ., Hackensack, NJ. MR2838725

[21] LAURITZEN, S. L. (1996). Graphical Models. Oxford Statistical Science Series 17. Clarendon
Press, Oxford. MR1419991

[22] LENKOSKI, A. (2013). A direct sampler for G-Wishart variates. Stat 2 119–128.
[23] LENKOSKI, A. and DOBRA, A. (2011). Computational aspects related to inference in Gaus-

sian graphical models with the G-Wishart prior. J. Comput. Graph. Statist. 20 140–157.
Supplementary material available online. MR2816542

[24] LETAC, G. and MASSAM, H. (2007). Wishart distributions for decomposable graphs. Ann.
Statist. 35 1278–1323. MR2341706

[25] MAASS, H. (1971). Siegel’s Modular Forms and Dirichlet Series. Lecture Notes in Mathemat-
ics 216. Springer, Berlin. Dedicated to the last great representative of a passing epoch
Carl Ludwig Siegel on the occasion of his seventy-fifth birthday. MR0344198

[26] MITSAKAKIS, N., MASSAM, H. and ESCOBAR, M. D. (2011). A Metropolis–Hastings based
method for sampling from the G-Wishart distribution in Gaussian graphical models. Elec-
tron. J. Stat. 5 18–30. MR2763796

[27] MUIRHEAD, R. J. (1975). Expressions for some hypergeometric functions of matrix argument
with applications. J. Multivariate Anal. 5 283–293. MR0381137

[28] MUIRHEAD, R. J. (1982). Aspects of Multivariate Statistical Theory. Wiley, New York.
MR0652932

[29] OLKIN, I. (2002). The 70th anniversary of the distribution of random matrices: A survey.
Linear Algebra Appl. 354 231–243. Ninth special issue on linear algebra and statistics.
MR1927659

[30] PICCIONI, M. (2000). Independence structure of natural conjugate densities to exponential
families and the Gibbs’ sampler. Scand. J. Stat. 27 111–127. MR1774047

[31] ROVERATO, A. (2002). Hyper inverse Wishart distribution for non-decomposable graphs and
its application to Bayesian inference for Gaussian graphical models. Scand. J. Stat. 29
391–411. MR1925566

http://www.ams.org/mathscinet-getitem?mr=MR0468025
http://www.ams.org/mathscinet-getitem?mr=1741977
http://www.ams.org/mathscinet-getitem?mr=0882715
http://www.ams.org/mathscinet-getitem?mr=3012414
http://www.ams.org/mathscinet-getitem?mr=0069960
http://www.ams.org/mathscinet-getitem?mr=0089373
http://www.ams.org/mathscinet-getitem?mr=0181057
http://www.ams.org/mathscinet-getitem?mr=2210226
http://www.ams.org/mathscinet-getitem?mr=0230102
http://www.ams.org/mathscinet-getitem?mr=2838725
http://www.ams.org/mathscinet-getitem?mr=1419991
http://www.ams.org/mathscinet-getitem?mr=2816542
http://www.ams.org/mathscinet-getitem?mr=2341706
http://www.ams.org/mathscinet-getitem?mr=0344198
http://www.ams.org/mathscinet-getitem?mr=2763796
http://www.ams.org/mathscinet-getitem?mr=0381137
http://www.ams.org/mathscinet-getitem?mr=0652932
http://www.ams.org/mathscinet-getitem?mr=1927659
http://www.ams.org/mathscinet-getitem?mr=1774047
http://www.ams.org/mathscinet-getitem?mr=1925566


[32] SIEGEL, C. L. (1935). Über die analytische Theorie der quadratischen Formen. Ann. of Math.
(2) 36 527–606. MR1503238

[33] SPEED, T. P. and KIIVERI, H. T. (1986). Gaussian Markov distributions over finite graphs.
Ann. Statist. 14 138–150. MR0829559

[34] UHLER, C., LENKOSKI, A. and RICHARDS, D. (2017). Supplement to “Exact formulas for the
normalizing constants of Wishart distributions for graphical models.” DOI:10.1214/17-
AOS1543SUPP.

[35] WANG, H. and CARVALHO, C. M. (2010). Simulation of hyper-inverse Wishart distributions
for non-decomposable graphs. Electron. J. Stat. 4 1470–1475. MR2741209

[36] WANG, H. and LI, S. Z. (2012). Efficient Gaussian graphical model determination under G-
Wishart prior distributions. Electron. J. Stat. 6 168–198. MR2879676

[37] WISHART, J. (1928). The generalised product moment distribution in samples from a normal
multivariate population. Biometrika 20A 32–52.

[38] WISHART, J. and BARTLETT, M. S. (1933). The generalised product moment distribution in a
normal system. Math. Proc. Cambridge Philos. Soc. 29 260–270.

http://www.ams.org/mathscinet-getitem?mr=1503238
http://www.ams.org/mathscinet-getitem?mr=0829559
https://doi.org/10.1214/17-AOS1543SUPP
http://www.ams.org/mathscinet-getitem?mr=2741209
http://www.ams.org/mathscinet-getitem?mr=2879676
https://doi.org/10.1214/17-AOS1543SUPP


The Annals of Statistics
2018, Vol. 46, No. 1, 119–148
https://doi.org/10.1214/17-AOS1544
© Institute of Mathematical Statistics, 2018

CONSISTENT PARAMETER ESTIMATION FOR LASSO AND
APPROXIMATE MESSAGE PASSING

BY ALI MOUSAVI∗, ARIAN MALEKI† AND RICHARD G. BARANIUK∗

Rice University∗ and Columbia University†

This paper studies the optimal tuning of the regularization parameter in
LASSO or the threshold parameters in approximate message passing (AMP).
Considering a model in which the design matrix and noise are zero-mean
i.i.d. Gaussian, we propose a data-driven approach for estimating the regu-
larization parameter of LASSO and the threshold parameters in AMP. Our
estimates are consistent, that is, they converge to their asymptotically optimal
values in probability as n, the number of observations, and p, the ambient
dimension of the sparse vector, grow to infinity, while n/p converges to a
fixed number δ. As a byproduct of our analysis, we will shed light on the
asymptotic properties of the solution paths of LASSO and AMP.
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ON SEMIDEFINITE RELAXATIONS FOR THE BLOCK MODEL1

BY ARASH A. AMINI AND ELIZAVETA LEVINA

University of California, Los Angeles and University of Michigan

The stochastic block model (SBM) is a popular tool for community de-
tection in networks, but fitting it by maximum likelihood (MLE) involves a
computationally infeasible optimization problem. We propose a new semidef-
inite programming (SDP) solution to the problem of fitting the SBM, derived
as a relaxation of the MLE. We put ours and previously proposed SDPs in a
unified framework, as relaxations of the MLE over various subclasses of the
SBM, which also reveals a connection to the well-known problem of sparse
PCA. Our main relaxation, which we call SDP-1, is tighter than other re-
cently proposed SDP relaxations, and thus previously established theoretical
guarantees carry over. However, we show that SDP-1 exactly recovers true
communities over a wider class of SBMs than those covered by current re-
sults. In particular, the assumption of strong assortativity of the SBM, im-
plicit in consistency conditions for previously proposed SDPs, can be relaxed
to weak assortativity for our approach, thus significantly broadening the class
of SBMs covered by the consistency results. We also show that strong as-
sortativity is indeed a necessary condition for exact recovery for previously
proposed SDP approaches and not an artifact of the proofs. Our analysis of
SDPs is based on primal-dual witness constructions, which provides some in-
sight into the nature of the solutions of various SDPs. In particular, we show
how to combine features from SDP-1 and already available SDPs to achieve
the most flexibility in terms of both assortativity and block-size constraints,
as our relaxation has the tendency to produce communities of similar sizes.
This tendency makes it the ideal tool for fitting network histograms, a method
gaining popularity in the graphon estimation literature, as we illustrate on an
example of a social networks of dolphins. We also provide empirical evidence
that SDPs outperform spectral methods for fitting SBMs with a large number
of blocks.
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PATHWISE COORDINATE OPTIMIZATION FOR SPARSE
LEARNING: ALGORITHM AND THEORY1

BY TUO ZHAO, HAN LIU AND TONG ZHANG

Georgia Institute of Technology, Princeton University and Tencent AI Lab

The pathwise coordinate optimization is one of the most important com-
putational frameworks for high dimensional convex and nonconvex sparse
learning problems. It differs from the classical coordinate optimization algo-
rithms in three salient features: warm start initialization, active set updat-
ing and strong rule for coordinate preselection. Such a complex algorithmic
structure grants superior empirical performance, but also poses significant
challenge to theoretical analysis. To tackle this long lasting problem, we de-
velop a new theory showing that these three features play pivotal roles in
guaranteeing the outstanding statistical and computational performance of
the pathwise coordinate optimization framework. Particularly, we analyze
the existing pathwise coordinate optimization algorithms and provide new
theoretical insights into them. The obtained insights further motivate the de-
velopment of several modifications to improve the pathwise coordinate opti-
mization framework, which guarantees linear convergence to a unique sparse
local optimum with optimal statistical properties in parameter estimation and
support recovery. This is the first result on the computational and statistical
guarantees of the pathwise coordinate optimization framework in high dimen-
sions. Thorough numerical experiments are provided to support our theory.
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CONDITIONAL MEAN AND QUANTILE DEPENDENCE TESTING
IN HIGH DIMENSION

BY XIANYANG ZHANG∗,1, SHUN YAO† AND XIAOFENG SHAO†,2

Texas A&M University∗ and University of Illinois at Urbana-Champaign†

Motivated by applications in biological science, we propose a novel test
to assess the conditional mean dependence of a response variable on a large
number of covariates. Our procedure is built on the martingale difference di-
vergence recently proposed in Shao and Zhang [J. Amer. Statist. Assoc. 109
(2014) 1302–1318], and it is able to detect certain type of departure from the
null hypothesis of conditional mean independence without making any spe-
cific model assumptions. Theoretically, we establish the asymptotic normality
of the proposed test statistic under suitable assumption on the eigenvalues of a
Hermitian operator, which is constructed based on the characteristic function
of the covariates. These conditions can be simplified under banded depen-
dence structure on the covariates or Gaussian design. To account for hetero-
geneity within the data, we further develop a testing procedure for conditional
quantile independence at a given quantile level and provide an asymptotic
justification. Empirically, our test of conditional mean independence delivers
comparable results to the competitor, which was constructed under the lin-
ear model framework, when the underlying model is linear. It significantly
outperforms the competitor when the conditional mean admits a nonlinear
form.
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HIGH-DIMENSIONAL ASYMPTOTICS OF PREDICTION:
RIDGE REGRESSION AND CLASSIFICATION

BY EDGAR DOBRIBAN1 AND STEFAN WAGER

University of Pennsylvania and Stanford University

We provide a unified analysis of the predictive risk of ridge regres-
sion and regularized discriminant analysis in a dense random effects model.
We work in a high-dimensional asymptotic regime where p,n → ∞ and
p/n → γ > 0, and allow for arbitrary covariance among the features. For
both methods, we provide an explicit and efficiently computable expression
for the limiting predictive risk, which depends only on the spectrum of the
feature-covariance matrix, the signal strength and the aspect ratio γ . Espe-
cially in the case of regularized discriminant analysis, we find that predictive
accuracy has a nuanced dependence on the eigenvalue distribution of the co-
variance matrix, suggesting that analyses based on the operator norm of the
covariance matrix may not be sharp. Our results also uncover an exact inverse
relation between the limiting predictive risk and the limiting estimation risk
in high-dimensional linear models. The analysis builds on recent advances in
random matrix theory.
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TESTING INDEPENDENCE IN HIGH DIMENSIONS WITH SUMS
OF RANK CORRELATIONS

BY DENNIS LEUNG AND MATHIAS DRTON1

Chinese University of Hong Kong and University of Washington

We treat the problem of testing independence between m continuous
variables when m can be larger than the available sample size n. We consider
three types of test statistics that are constructed as sums or sums of squares of
pairwise rank correlations. In the asymptotic regime where both m and n tend
to infinity, a martingale central limit theorem is applied to show that the null
distributions of these statistics converge to Gaussian limits, which are valid
with no specific distributional or moment assumptions on the data. Using the
framework of U-statistics, our result covers a variety of rank correlations in-
cluding Kendall’s tau and a dominating term of Spearman’s rank correlation
coefficient (rho), but also degenerate U-statistics such as Hoeffding’s D, or
the τ∗ of Bergsma and Dassios [Bernoulli 20 (2014) 1006–1028]. As in the
classical theory for U-statistics, the test statistics need to be scaled differently
when the rank correlations used to construct them are degenerate U-statistics.
The power of the considered tests is explored in rate-optimality theory under
a Gaussian equicorrelation alternative as well as in numerical experiments for
specific cases of more general alternatives.
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HIGH DIMENSIONAL CENSORED QUANTILE REGRESSION

BY QI ZHENG1, LIMIN PENG2 AND XUMING HE3

University of Louisville, Emory University and University of Michigan

Censored quantile regression (CQR) has emerged as a useful regression
tool for survival analysis. Some commonly used CQR methods can be charac-
terized by stochastic integral-based estimating equations in a sequential man-
ner across quantile levels. In this paper, we analyze CQR in a high dimen-
sional setting where the regression functions over a continuum of quantile
levels are of interest. We propose a two-step penalization procedure, which
accommodates stochastic integral based estimating equations and address the
challenges due to the recursive nature of the procedure. We establish the uni-
form convergence rates for the proposed estimators, and investigate the prop-
erties on weak convergence and variable selection. We conduct numerical
studies to confirm our theoretical findings and illustrate the practical utility
of our proposals.
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LOCAL M-ESTIMATION WITH DISCONTINUOUS CRITERION
FOR DEPENDENT AND LIMITED OBSERVATIONS

BY MYUNG HWAN SEO1 AND TAISUKE OTSU2

Seoul National University and London School of Economics

We examine the asymptotic properties of local M-estimators under three
sets of high-level conditions. These conditions are sufficiently general to
cover the minimum volume predictive region, the conditional maximum score
estimator for a panel data discrete choice model and many other widely used
estimators in statistics and econometrics. Specifically, they allow for discon-
tinuous criterion functions of weakly dependent observations which may be
localized by kernel smoothing and contain nuisance parameters with growing
dimension. Furthermore, the localization can occur around parameter values
rather than around a fixed point and the observations may take limited values
which lead to set estimators. Our theory produces three different nonparamet-
ric cube root rates for local M-estimators and enables valid inference build-
ing on novel maximal inequalities for weakly dependent observations. The
standard cube root asymptotics is included as a special case. The results are
illustrated by various examples such as the Hough transform estimator with
diminishing bandwidth, the maximum score-type set estimator and many oth-
ers.
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MIXTURE INNER PRODUCT SPACES AND THEIR APPLICATION
TO FUNCTIONAL DATA ANALYSIS

BY ZHENHUA LIN∗,1,2, HANS-GEORG MÜLLER†,3 AND FANG YAO∗,‡,1

University of Toronto∗, University of California, Davis† and Peking University‡

We introduce the concept of mixture inner product spaces associated
with a given separable Hilbert space, which feature an infinite-dimensional
mixture of finite-dimensional vector spaces and are dense in the underlying
Hilbert space. Any Hilbert valued random element can be arbitrarily closely
approximated by mixture inner product space valued random elements. While
this concept can be applied to data in any infinite-dimensional Hilbert space,
the case of functional data that are random elements in the L2 space of square
integrable functions is of special interest. For functional data, mixture in-
ner product spaces provide a new perspective, where each realization of the
underlying stochastic process falls into one of the component spaces and is
represented by a finite number of basis functions, the number of which cor-
responds to the dimension of the component space. In the mixture represen-
tation of functional data, the number of included mixture components used
to represent a given random element in L2 is specifically adapted to each
random trajectory and may be arbitrarily large. Key benefits of this novel
approach are, first, that it provides a new perspective on the construction
of a probability density in function space under mild regularity conditions,
and second, that individual trajectories possess a trajectory-specific dimen-
sion that corresponds to a latent random variable, making it possible to use
a larger number of components for less smooth and a smaller number for
smoother trajectories. This enables flexible and parsimonious modeling of
heterogeneous trajectory shapes. We establish estimation consistency of the
functional mixture density and introduce an algorithm for fitting the func-
tional mixture model based on a modified expectation-maximization algo-
rithm. Simulations confirm that in comparison to traditional functional prin-
cipal component analysis the proposed method achieves similar or better data
recovery while using fewer components on average. Its practical merits are
also demonstrated in an analysis of egg-laying trajectories for medflies.
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BAYESIAN ESTIMATION OF SPARSE SIGNALS WITH
A CONTINUOUS SPIKE-AND-SLAB PRIOR1

BY VERONIKA ROČKOVÁ

University of Chicago

We introduce a new framework for estimation of sparse normal means,
bridging the gap between popular frequentist strategies (LASSO) and popular
Bayesian strategies (spike-and-slab). The main thrust of this paper is to intro-
duce the family of Spike-and-Slab LASSO (SS-LASSO) priors, which form
a continuum between the Laplace prior and the point-mass spike-and-slab
prior. We establish several appealing frequentist properties of SS-LASSO pri-
ors, contrasting them with these two limiting cases. First, we adopt the penal-
ized likelihood perspective on Bayesian modal estimation and introduce the
framework of Bayesian penalty mixing with spike-and-slab priors. We show
that the SS-LASSO global posterior mode is (near) minimax rate-optimal un-
der squared error loss, similarly as the LASSO. Going further, we introduce
an adaptive two-step estimator which can achieve provably sharper perfor-
mance than the LASSO. Second, we show that the whole posterior keeps pace
with the global mode and concentrates at the (near) minimax rate, a property
that is known not to hold for the single Laplace prior. The minimax-rate op-
timality is obtained with a suitable class of independent product priors (for
known levels of sparsity) as well as with dependent mixing priors (adapting
to the unknown levels of sparsity). Up to now, the rate-optimal posterior con-
centration has been established only for spike-and-slab priors with a point
mass at zero. Thus, the SS-LASSO priors, despite being continuous, possess
similar optimality properties as the “theoretically ideal” point-mass mixtures.
These results provide valuable theoretical justification for our proposed class
of priors, underpinning their intuitive appeal and practical potential.
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ON THE ASYMPTOTIC THEORY OF NEW BOOTSTRAP
CONFIDENCE BOUNDS

BY CHARL PRETORIUS AND JAN W. H. SWANEPOEL1

North-West University

We propose a new method, based on sample splitting, for constructing
bootstrap confidence bounds for a parameter appearing in the regular smooth
function model. It has been demonstrated in the literature, for example, by
Hall [Ann. Statist. 16 (1988) 927–985; The Bootstrap and Edgeworth Expan-
sion (1992) Springer], that the well-known percentile-t method for construct-
ing bootstrap confidence bounds typically incurs a coverage error of order
O(n−1), with n being the sample size. Our version of the percentile-t bound
reduces this coverage error to order O(n−3/2) and in some cases to O(n−2).
Furthermore, whereas the standard percentile bounds typically incur coverage
error of O(n−1/2), the new bounds have reduced error of O(n−1). In the case
where the parameter of interest is the population mean, we derive for each
confidence bound the exact coefficient of the leading term in an asymptotic
expansion of the coverage error, although similar results may be obtained for
other parameters such as the variance, the correlation coefficient, and the ratio
of two means. We show that equal-tailed confidence intervals with coverage
error at most O(n−2) may be obtained from the newly proposed bounds, as
opposed to the typical error O(n−1) of the standard intervals. It is also shown
that the good properties of the new percentile-t method carry over to regres-
sion problems. Results of independent interest are derived, such as a gener-
alisation of a delta method by Cramér [Mathematical Methods of Statistics
(1946) Princeton Univ. Press] and Hurt [Apl. Mat. 21 (1976) 444–456], and
an expression for a polynomial appearing in an Edgeworth expansion of the
distribution of a Studentised statistic for the slope parameter in a regression
model. A small simulation study illustrates the behavior of the confidence
bounds for small to moderate sample sizes.
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