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STRONG ORTHOGONAL ARRAYS OF STRENGTH TWO PLUS

BY YUANZHEN HE, CHING-SHUI CHENG AND BOXIN TANG!
Beijing Normal University, Academia Sinica and Simon Fraser University

Strong orthogonal arrays were recently introduced and studied in He and
Tang [Biometrika 100 (2013) 254-260] as a class of space-filling designs for
computer experiments. To enjoy the benefits of better space-filling proper-
ties, when compared to ordinary orthogonal arrays, strong orthogonal arrays
need to have strength three or higher, which may require run sizes that are
too large for experimenters to afford. To address this problem, we introduce
a new class of arrays, called strong orthogonal arrays of strength two plus.
These arrays, while being more economical than strong orthogonal arrays of
strength three, still enjoy the better two-dimensional space-filling property of
the latter. Among the many results we have obtained on the characterizations
and constructions of strong orthogonal arrays of strength two plus, worth spe-
cial mention is their intimate connection with second-order saturated designs.
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STATISTICAL INFERENCE FOR SPATIAL STATISTICS
DEFINED IN THE FOURIER DOMAIN

BY SUHASINI SUBBA RAO!
Texas A&M University

A class of Fourier based statistics for irregular spaced spatial data is in-
troduced. Examples include the Whittle likelihood, a parametric estimator
of the covariance function based on the L;-contrast function and a simple
nonparametric estimator of the spatial autocovariance which is a nonnega-
tive function. The Fourier based statistic is a quadratic form of a discrete
Fourier-type transform of the spatial data. Evaluation of the statistic is com-
putationally tractable, requiring O (nb) operations, where b are the number
of Fourier frequencies used in the definition of the statistic and »n is the sam-
ple size. The asymptotic sampling properties of the statistic are derived using
both increasing domain and fixed-domain spatial asymptotics. These results
are used to construct a statistic which is asymptotically pivotal.
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ON THE INFERENCE ABOUT THE SPECTRAL DISTRIBUTION
OF HIGH-DIMENSIONAL COVARIANCE MATRIX BASED ON
HIGH-FREQUENCY NOISY OBSERVATIONS

BY NINGNING XIA! AND XINGHUA ZHENG?

Shanghai University of Finance and Economics and Hong Kong University of
Science and Technology

In practice, observations are often contaminated by noise, making the
resulting sample covariance matrix a signal-plus-noise sample covariance
matrix. Aiming to make inferences about the spectral distribution of the pop-
ulation covariance matrix under such a situation, we establish an asymp-
totic relationship that describes how the limiting spectral distribution of
(signal) sample covariance matrices depends on that of signal-plus-noise-
type sample covariance matrices. As an application, we consider inferences
about the spectral distribution of integrated covolatility (ICV) matrices of
high-dimensional diffusion processes based on high-frequency data with
microstructure noise. The (slightly modified) pre-averaging estimator is a
signal-plus-noise sample covariance matrix, and the aforementioned result,
together with a (generalized) connection between the spectral distribution of
signal sample covariance matrices and that of the population covariance ma-
trix, enables us to propose a two-step procedure to consistently estimate the
spectral distribution of ICV for a class of diffusion processes. An alternative
approach is further proposed, which possesses several desirable properties:
it is more robust, it eliminates the effects of microstructure noise, and the
asymptotic relationship that enables consistent estimation of the spectral dis-
tribution of ICV is the standard Marcenko—Pastur equation. The performance
of the two approaches is examined via simulation studies under both syn-
chronous and asynchronous observation settings.
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ONLINE RULES FOR CONTROL OF FALSE DISCOVERY RATE
AND FALSE DISCOVERY EXCEEDANCE

BY ADEL JAVANMARD! AND ANDREA MONTANARI?
University of Southern California and Stanford University

Multiple hypothesis testing is a core problem in statistical inference
and arises in almost every scientific field. Given a set of null hypotheses
H(n) =(Hy, ..., Hy), Benjamini and Hochberg [J. R. Stat. Soc. Ser. B. Stat.
Methodol. 57 (1995) 289-300] introduced the false discovery rate (FDR),
which is the expected proportion of false positives among rejected null hy-
potheses, and proposed a testing procedure that controls FDR below a pre-
assigned significance level. Nowadays FDR is the criterion of choice for
large-scale multiple hypothesis testing.

In this paper we consider the problem of controlling FDR in an online
manner. Concretely, we consider an ordered—possibly infinite—sequence of
null hypotheses H = (Hy, H», H3, ...) where, at each step i, the statistician
must decide whether to reject hypothesis H; having access only to the previ-
ous decisions. This model was introduced by Foster and Stine [J. R. Stat. Soc.
Ser. B. Stat. Methodol. 70 (2008) 429-444].

We study a class of generalized alpha investing procedures, first intro-
duced by Aharoni and Rosset [J. R. Stat. Soc. Ser. B. Stat. Methodol. 76
(2014) 771-794]. We prove that any rule in this class controls online FDR,
provided p-values corresponding to true nulls are independent from the other
p-values. Earlier work only established mFDR control. Next, we obtain con-
ditions under which generalized alpha investing controls FDR in the presence
of general p-values dependencies. We also develop a modified set of proce-
dures that allow to control the false discovery exceedance (the tail of the
proportion of false discoveries). Finally, we evaluate the performance of on-
line procedures on both synthetic and real data, comparing them with offline
approaches, such as adaptive Benjamini—-Hochberg.
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FREQUENCY DOMAIN MINIMUM DISTANCE INFERENCE FOR
POSSIBLY NONINVERTIBLE AND NONCAUSAL ARMA MODELS

BY CARLOS VELASCO' AND IGNACIO N. LOBATO?
Universidad Carlos 11l de Madrid and Centro de Investigacion Economica, ITAM

This article introduces frequency domain minimum distance procedures
for performing inference in general, possibly non causal and/or noninvert-
ible, autoregressive moving average (ARMA) models. We use information
from higher order moments to achieve identification on the location of the
roots of the AR and MA polynomials for non-Gaussian time series. We pro-
pose a minimum distance estimator that optimally combines the information
contained in second, third, and fourth moments. Contrary to existing esti-
mators, the proposed one is consistent under general assumptions, and may
improve on the efficiency of estimators based on only second order moments.
Our procedures are also applicable for processes for which either the third or
the fourth order spectral density is the zero function.
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ON CONSISTENCY AND SPARSITY FOR SLICED INVERSE
REGRESSION IN HIGH DIMENSIONS

BY QIAN LIN* 1 ZHIGEN ZHAO®2 AND JUN S. L1u* -3
Tsinghua University *, Harvard University’ and Temple University*

We provide here a framework to analyze the phase transition phe-
nomenon of slice inverse regression (SIR), a supervised dimension reduction
technique introduced by Li [J. Amer: Statist. Assoc. 86 (1991) 316-342]. Un-
der mild conditions, the asymptotic ratio p = lim p/n is the phase transition
parameter and the SIR estimator is consistent if and only if o = 0. When di-
mension p is greater than n, we propose a diagonal thresholding screening
SIR (DT-SIR) algorithm. This method provides us with an estimate of the
eigenspace of var(E[x|y]), the covariance matrix of the conditional expecta-
tion. The desired dimension reduction space is then obtained by multiplying
the inverse of the covariance matrix on the eigenspace. Under certain sparsity
assumptions on both the covariance matrix of predictors and the loadings of
the directions, we prove the consistency of DT-SIR in estimating the dimen-
sion reduction space in high-dimensional data analysis. Extensive numerical
experiments demonstrate superior performances of the proposed method in
comparison to its competitors.
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REGULARIZATION AND THE SMALL-BALL METHOD I:
SPARSE RECOVERY

BY GUILLAUME LECUE""* AND SHAHAR MENDELSON% T

CREST, CNRS, Université Paris Saclay*, and Technion—Israel Institute of
Technology and Australian National University’

‘We obtain bounds on estimation error rates for regularization procedures
of the form

N
fe argmin<l S - F(XD)*+ NJ(f))
fer \N 5
when W is a norm and F is convex.

Our approach gives a common framework that may be used in the analysis
of learning problems and regularization problems alike. In particular, it sheds
some light on the role various notions of sparsity have in regularization and
on their connection with the size of subdifferentials of W in a neighborhood
of the true minimizer.

As “proof of concept” we extend the known estimates for the LASSO,
SLOPE and trace norm regularization.
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GAUSSIAN AND BOOTSTRAP APPROXIMATIONS FOR
HIGH-DIMENSIONAL U-STATISTICS AND THEIR APPLICATIONS'

By X1A0HUI CHEN
University of Illinois at Urbana—Champaign

This paper studies the Gaussian and bootstrap approximations for the
probabilities of a nondegenerate U-statistic belonging to the hyperrectangles
in R? when the dimension d is large. A two-step Gaussian approximation
procedure that does not impose structural assumptions on the data distribution
is proposed. Subject to mild moment conditions on the kernel, we establish
the explicit rate of convergence uniformly in the class of all hyperrectangles
in R? that decays polynomially in sample size for a high-dimensional scal-
ing limit, where the dimension can be much larger than the sample size. We
also provide computable approximation methods for the quantiles of the max-
ima of centered U-statistics. Specifically, we provide a unified perspective
for the empirical bootstrap, the randomly reweighted bootstrap and the Gaus-
sian multiplier bootstrap with the jackknife estimator of covariance matrix
as randomly reweighted quadratic forms and we establish their validity. We
show that all three methods are inferentially first-order equivalent for high-
dimensional U-statistics in the sense that they achieve the same uniform rate
of convergence over all d-dimensional hyperrectangles. In particular, they
are asymptotically valid when the dimension d can be as large as O(e”C) for
some constant ¢ € (0, 1/7).

The bootstrap methods are applied to statistical applications for high-
dimensional non-Gaussian data including: (i) principled and data-dependent
tuning parameter selection for regularized estimation of the covariance ma-
trix and its related functionals; (ii) simultaneous inference for the covariance
and rank correlation matrices. In particular, for the thresholded covariance
matrix estimator with the bootstrap selected tuning parameter, we show that
for a class of sub-Gaussian data, error bounds of the bootstrapped thresh-
olded covariance matrix estimator can be much tighter than those of the min-
imax estimator with a universal threshold. In addition, we also show that the
Gaussian-like convergence rates can be achieved for heavy-tailed data, which
are less conservative than those obtained by the Bonferroni technique that
ignores the dependency in the underlying data distribution.
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SELECTIVE INFERENCE WITH A RANDOMIZED RESPONSE

BY XIAOYING TIAN AND JONATHAN TAYLORI
Stanford University

Inspired by sample splitting and the reusable holdout introduced in the
field of differential privacy, we consider selective inference with a random-
ized response. We discuss two major advantages of using a randomized re-
sponse for model selection. First, the selectively valid tests are more powerful
after randomized selection. Second, it allows consistent estimation and weak
convergence of selective inference procedures. Under independent sampling,
we prove a selective (or privatized) central limit theorem that transfers proce-
dures valid under asymptotic normality without selection to their correspond-
ing selective counterparts. This allows selective inference in nonparametric
settings. Finally, we propose a framework of inference after combining mul-
tiple randomized selection procedures. We focus on the classical asymptotic
setting, leaving the interesting high-dimensional asymptotic questions for fu-
ture work.
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MULTISCALE BLIND SOURCE SEPARATION

BY MERLE BEHR*!, CHRIS HOLMES "2 AND AXEL MUNK*#:3

University of Goettingen*, University of Oxford', and
Max Planck Institute for Biophysical Chemistry*

We provide a new methodology for statistical recovery of single lin-
ear mixtures of piecewise constant signals (sources) with unknown mixing
weights and change points in a multiscale fashion. We show exact recovery
within an e-neighborhood of the mixture when the sources take only values in
a known finite alphabet. Based on this we provide the SLAM (Separates Lin-
ear Alphabet Mixtures) estimators for the mixing weights and sources. For
Gaussian error, we obtain uniform confidence sets and optimal rates (up to
log-factors) for all quantities. SLAM is efficiently computed as a nonconvex
optimization problem by a dynamic program tailored to the finite alphabet
assumption. Its performance is investigated in a simulation study. Finally, it
is applied to assign copy-number aberrations from genetic sequencing data to
different clones and to estimate their proportions.
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SHARP ORACLE INEQUALITIES FOR LEAST SQUARES
ESTIMATORS IN SHAPE RESTRICTED REGRESSION'

By PIERRE C. BELLEC
ENSAE, UMR CNRS 9194 and Rutgers University

The performance of Least Squares (LS) estimators is studied in shape-
constrained regression models under Gaussian and sub-Gaussian noise. Gen-
eral bounds on the performance of LS estimators over closed convex sets
are provided. These results have the form of sharp oracle inequalities that
account for the model misspecification error. In the presence of misspecifica-
tion, these bounds imply that the LS estimator estimates the projection of the
true parameter at the same rate as in the well-specified case.

In isotonic and unimodal regression, the LS estimator achieves the non-
parametric rate n~2/3 as well as a parametric rate of order k/n up to logarith-
mic factors, where & is the number of constant pieces of the true parameter. In
univariate convex regression, the LS estimator satisfies an adaptive risk bound
of order g /n up to logarithmic factors, where ¢ is the number of affine pieces
of the true regression function. This adaptive risk bound holds for any collec-
tion of design points. While Guntuboyina and Sen [Probab. Theory Related
Fields 163 (2015) 379-411] established that the nonparametric rate of convex
regression is of order n4/5 for equispaced design points, we show that the
nonparametric rate of convex regression can be as slow as n=2/3 for some
worst-case design points. This phenomenon can be explained as follows: Al-
though convexity brings more structure than unimodality, for some worst-
case design points this extra structure is uninformative and the nonparametric
rates of unimodal regression and convex regression are both n=2/3, Higher
order cones, such as the cone of f-monotone sequences, are also studied.

REFERENCES

[1] AMELUNXEN, D., LoTZ, M., McCoy, M. B. and TROPP, J. A. (2014). Living on the
edge: Phase transitions in convex programs with random data. Inf. Inference 3 224-294.
MR3311453

[2] BARTLETT, P. L. and MENDELSON, S. (2006). Empirical minimization. Probab. Theory Re-
lated Fields 135 311-334. MR2240689

[3] BELLEC, P. C. (2018). Supplement to “Sharp oracle inequalities for Least Squares estimators
in shape restricted regression.” DOI:10.1214/17-A0S1566SUPP.

[4] BELLEC, P. C., LECUE, G. and TSYBAKOV, A. B. (2016). Slope meets lasso: Improved oracle
bounds and optimality. ArXiv preprint. Available at arXiv:1605.08651.

[S] BELLEC, P. C. and TSYBAKOV, A. B. (2015). Sharp oracle bounds for monotone and convex
regression through aggregation. J. Mach. Learn. Res. 16 1879-1892. MR3417801

MSC2010 subject classifications. 62G08, 62C20.
Key words and phrases. Shape restricted regression, convexity, minimax rates, Gaussian width,
concentration.


http://www.imstat.org/aos/
https://doi.org/10.1214/17-AOS1566
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=3311453
http://www.ams.org/mathscinet-getitem?mr=2240689
https://doi.org/10.1214/17-AOS1566SUPP
http://arxiv.org/abs/arXiv:1605.08651
http://www.ams.org/mathscinet-getitem?mr=3417801
http://www.ams.org/mathscinet/msc/msc2010.html

(7]

(8]

(9]
[10]
(11]
[12]
[13]
(14]
[15]
[16]

(17]

(18]
[19]
[20]
(21]

(22]

(23]

[24]

[25]

BOUCHERON, S., LUGOSI, G. and MASSART, P. (2013). Concentration Inequalities.
A Nonasymptotic Theory of Independence. Oxford Univ. Press, Oxford. MR3185193
CHANDRASEKARAN, V. and JORDAN, M. 1. (2013). Computational and statistical tradeoffs
via convex relaxation. Proc. Natl. Acad. Sci. USA 110 E1181-E1190. MR3047651
CHANDRASEKARAN, V., RECHT, B., PARRILO, P. A. and WILLSKY, A. S. (2012). The con-

vex geometry of linear inverse problems. Found. Comput. Math. 12 805-849. MR2989474

CHATTERIEE, S. (2014). A new perspective on least squares under convex constraint. Ann.
Statist. 42 2340-2381. MR3269982

CHATTERIJEE, S. (2016). An improved global risk bound in concave regression. Electron.
J. Stat. 10 1608-1629. MR3522655

CHATTERJEE, S., GUNTUBOYINA, A. and SEN, B. (2015). On risk bounds in isotonic and
other shape restricted regression problems. Ann. Statist. 43 1774—-1800. MR3357878

CHATTERJEE, S., GUNTUBOYINA, A. and SEN, B. (2015). On matrix estimation under mono-
tonicity constraints. ArXiv preprint. Available at arXiv:1506.03430.

CHATTERIJEE, S. and LAFFERTY, J. (2017). Adaptive risk bounds in unimodal regression.
Bernoulli. To appear. Available at arXiv:1512.02956.

FLAMMARION, N., MAO, C. and RIGOLLET, P. (2016). Optimal rates of statistical seriation.
ArXiv preprint. Available at arXiv:1607.02435.

GAO, F. and WELLNER, J. A. (2007). Entropy estimate for high-dimensional monotonic func-
tions. J. Multivariate Anal. 98 1751-1764. MR2392431

GUNTUBOYINA, A. and SEN, B. (2015). Global risk bounds and adaptation in univariate con-
vex regression. Probab. Theory Related Fields 163 379—411. MR3405621

LEDOUX, M. and TALAGRAND, M. (1991). Probability in Banach Spaces: Isoperimetry and
Processes. Ergebnisse der Mathematik und Ihrer Grenzgebiete (3) [Results in Mathemat-
ics and Related Areas (3)] 23. Springer, Berlin. MR1102015

MEYER, M. and WOODROOFE, M. (2000). On the degrees of freedom in shape-restricted
regression. Ann. Statist. 28 1083—-1104. MR1810920

OYMAK, S. and HASSIBI, B. (2016). Sharp MSE bounds for proximal denoising. Found. Com-
put. Math. 16 965-1029. MR3529131

OYMAK, S., RECHT, B. and SOLTANOLKOTABI, M. (2015). Sharp time—data tradeoffs for
linear inverse problems. ArXiv preprint. Available at arXiv:1507.04793.

PLAN, Y., VERSHYNIN, R. and YUDOVINA, E. (2017). High-dimensional estimation with
geometric constraints. Inf. Inference 6 1-40. MR3636866

TSYBAKOV, A. B. (2009). Introduction to Nonparametric Estimation. Springer Series in Statis-
tics. Springer, New York. Revised and extended from the 2004 French original, translated
by Vladimir Zaiats. MR2724359

VAN DE GEER, S. and WAINWRIGHT, M. (2015). On concentration for (regularized) empirical
risk minimization. ArXiv preprint. Available at arXiv:1512.00677.

VERSHYNIN, R. (2015). Estimation in high dimensions: A geometric perspective. In Sam-
pling Theory, A Renaissance. Appl. Numer. Harmon. Anal. 3-66. Birkhduser, Basel.
MR3467418

ZHANG, C.-H. (2002). Risk bounds in isotonic regression. Ann. Statist. 30 528-555.
MR1902898


http://www.ams.org/mathscinet-getitem?mr=3185193
http://www.ams.org/mathscinet-getitem?mr=3047651
http://www.ams.org/mathscinet-getitem?mr=2989474
http://www.ams.org/mathscinet-getitem?mr=3269982
http://www.ams.org/mathscinet-getitem?mr=3522655
http://www.ams.org/mathscinet-getitem?mr=3357878
http://arxiv.org/abs/arXiv:1506.03430
http://arxiv.org/abs/arXiv:1512.02956
http://arxiv.org/abs/arXiv:1607.02435
http://www.ams.org/mathscinet-getitem?mr=2392431
http://www.ams.org/mathscinet-getitem?mr=3405621
http://www.ams.org/mathscinet-getitem?mr=1102015
http://www.ams.org/mathscinet-getitem?mr=1810920
http://www.ams.org/mathscinet-getitem?mr=3529131
http://arxiv.org/abs/arXiv:1507.04793
http://www.ams.org/mathscinet-getitem?mr=3636866
http://www.ams.org/mathscinet-getitem?mr=2724359
http://arxiv.org/abs/arXiv:1512.00677
http://www.ams.org/mathscinet-getitem?mr=3467418
http://www.ams.org/mathscinet-getitem?mr=1902898

The Annals of Statistics

2018, Vol. 46, No. 2, 781-813
https://doi.org/10.1214/17-A0S 1567

© Institute of Mathematical Statistics, 2018

ORACLE INEQUALITIES FOR SPARSE ADDITIVE QUANTILE

REGRESSION IN REPRODUCING KERNEL HILBERT SPACE

BY SHAOGAO Lv*!, HuaZHEN LINT!, HENG LIAN* AND JIAN HUANG?

Nanjing Audit University*, Southwestern University of Finance and Economics",
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City University of Hong Kong*, and University of Iowa®

This paper considers the estimation of the sparse additive quantile regres-
sion (SAQR) in high-dimensional settings. Given the nonsmooth nature of the
quantile loss function and the nonparametric complexities of the component
function estimation, it is challenging to analyze the theoretical properties of
ultrahigh-dimensional SAQR. We propose a regularized learning approach
with a two-fold Lasso-type regularization in a reproducing kernel Hilbert
space (RKHS) for SAQR. We establish nonasymptotic oracle inequalities for
the excess risk of the proposed estimator without any coherent conditions.
If additional assumptions including an extension of the restricted eigenvalue
condition are satisfied, the proposed method enjoys sharp oracle rates without
the light tail requirement. In particular, the proposed estimator achieves the
minimax lower bounds established for sparse additive mean regression. As a
by-product, we also establish the concentration inequality for estimating the
population mean when the general Lipschitz loss is involved. The practical
effectiveness of the new method is demonstrated by competitive numerical

results.
REFERENCES
ARONSZAIN, N. (1950). Theory of reproducing kernels. Trans. Amer. Math. Soc. 68 337-404.
MRO0051437

BAcCH, F., JENATTON, R., MAIRAL, J. and OBOZINSKI, G. (2012). Convex optimization with
sparsity-inducing norms. In Optimization for Machine Learning. MIT Press, Cambridge,
MA.

BARTLETT, P. L., BOUSQUET, O. and MENDELSON, S. (2005). Local Rademacher complex-
ities. Ann. Statist. 33 1497-1537. MR2166554

BARTLETT, P. L. and MENDELSON, S. (2002). Rademacher and Gaussian complexities: Risk
bounds and structural results. J. Mach. Learn. Res. 3 463—-482. MR1984026

BECK, A. and TEBOULLE, M. (2009). A fast iterative shrinkage-thresholding algorithm for
linear inverse problems. SIAM J. Imaging Sci. 2 183-202. MR2486527

BELLONI, A. and CHERNOZHUKOV, V. (2011). £1-penalized quantile regression in high-
dimensional sparse models. Ann. Statist. 39 82—130. MR2797841

BICKEL, P. J., RITOV, Y. and TSYBAKOV, A. B. (2009). Simultaneous analysis of lasso and
Dantzig selector. Ann. Statist. 37 1705-1732. MR2533469

BOUSQUET, O. (2002). A Bennett concentration inequality and its application to suprema of
empirical processes. C. R. Math. Acad. Sci. Paris 334 495-500. MR1890640

MSC2010 subject classifications. Primary 62G20; secondary 62G05.
Key words and phrases. Quantile regression, additive models, sparsity, regularization methods,
reproducing kernel Hilbert space.


http://www.imstat.org/aos/
https://doi.org/10.1214/17-AOS1567
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0051437
http://www.ams.org/mathscinet-getitem?mr=2166554
http://www.ams.org/mathscinet-getitem?mr=1984026
http://www.ams.org/mathscinet-getitem?mr=2486527
http://www.ams.org/mathscinet-getitem?mr=2797841
http://www.ams.org/mathscinet-getitem?mr=2533469
http://www.ams.org/mathscinet-getitem?mr=1890640
http://www.ams.org/mathscinet/msc/msc2010.html

[10]
[11]
[12]

[13]

[14]

[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]
[23]
[24]
[25]
[26]
[27]
[28]
[29]
[30]

(31]

BREHENY, P. and HUANG, J. (2015). Group descent algorithms for nonconvex penalized lin-
ear and logistic regression models with grouped predictors. Stat. Comput. 25 173-187.
MR3306699

BUCHINSKY, M. (1994). Changes in the U.S. wage structure 1963—-1987: Application of quan-
tile regression. Econometrica 62 405-458.

CANDES, E. and TAO, T. (2007). The Dantzig selector: Statistical estimation when p is much
larger than n. Ann. Statist. 35 2313-2351. MR2382644

CHATTERIJEE, A. and LAHIRI, S. N. (2011). Bootstrapping lasso estimators. J. Amer. Statist.
Assoc. 106 608-625. MR2847974

CHATTERIJEE, A. and LAHIRI, S. N. (2013). Rates of convergence of the adaptive LASSO
estimators to the oracle distribution and higher order refinements by the bootstrap. Ann.
Statist. 41 1232-1259. MR3113809

CHRISTMANN, A. and ZHOU, D.-X. (2016). Learning rates for the risk of kernel-based
quantile regression estimators in additive models. Anal. Appl. (Singap.) 14 449-477.
MR3486095

FAN, J. and L1, R. (2001). Variable selection via nonconcave penalized likelihood and its oracle
properties. J. Amer. Statist. Assoc. 96 1348-1360. MR1946581

HE, X. (2009). Modeling and inference by quantile regression. Technical report, Dept. Statis-
tics, Univ. [llinois at Urbana—Champaign.

HE, X., WANG, L. and HONG, H. G. (2013). Quantile-adaptive model-free variable screening
for high-dimensional heterogeneous data. Ann. Statist. 41 342-369. MR3059421

HorowiTz, J. L. and LEE, S. (2005). Nonparametric estimation of an additive quantile re-
gression model. J. Amer. Statist. Assoc. 100 1238—1249. MR2236438

HUANG, J., HOROWITZ, J. L. and WEI, F. (2010). Variable selection in nonparametric additive
models. Ann. Statist. 38 2282-2313. MR2676890

HUNTER, D. R. and LANGE, K. (2000). Quantile regression via an MM algorithm. J. Comput.
Graph. Statist. 9 60-77. MR1819866

HUNTER, D. R. and LANGE, K. (2004). A tutorial on MM algorithms. Amer. Statist. 58 30-37.
MR2055509

Kato, K. (2016). Group Lasso for high dimensional sparse quantile regression models.
arXiv:1103.1458.

KOENKER, R. (2005). Quantile Regression. Econometric Society Monographs 38. Cambridge
Univ. Press, Cambridge. MR2268657

KOENKER, R. and BASSETT, G. JR. (1978). Regression quantiles. Econometrica 46 33-50.
MRO0474644

KOENKER, R., ROGER, W. and D’ OREY, V. (1987). Algorithm AS 229: Computing regression
quantiles. J. R. Stat. Soc. Ser. C. Appl. Stat. 36 383-384.

KOLTCHINSKII, V. and YUAN, M. (2010). Sparsity in multiple kernel learning. Ann. Statist.
38 3660-3695. MR2766864

L1, Y., L1u, Y. and ZHU, J. (2007). Quantile regression in reproducing kernel Hilbert spaces.
J. Amer. Statist. Assoc. 102 255-268. MR2293307

LIAN, H. (2012). Semiparametric estimation of additive quantile regression models by two-
fold penalty. J. Bus. Econom. Statist. 30 337-350. MR2969217

LIN, Y. and ZHANG, H. H. (2006). Component selection and smoothing in multivariate non-
parametric regression. Ann. Statist. 34 2272-2297. MR2291500

Lv, J. and FAN, Y. (2009). A unified approach to model selection and sparse recovery using
regularized least squares. Ann. Statist. 37 3498-3528. MR2549567

Lv, S., HE, X. and WANG, J. (2017). A unified penalized method for sparse additive quantile
models: An RKHS approach. Ann. Inst. Statist. Math. 69 897-923. MR3671643


http://www.ams.org/mathscinet-getitem?mr=3306699
http://www.ams.org/mathscinet-getitem?mr=2382644
http://www.ams.org/mathscinet-getitem?mr=2847974
http://www.ams.org/mathscinet-getitem?mr=3113809
http://www.ams.org/mathscinet-getitem?mr=3486095
http://www.ams.org/mathscinet-getitem?mr=1946581
http://www.ams.org/mathscinet-getitem?mr=3059421
http://www.ams.org/mathscinet-getitem?mr=2236438
http://www.ams.org/mathscinet-getitem?mr=2676890
http://www.ams.org/mathscinet-getitem?mr=1819866
http://www.ams.org/mathscinet-getitem?mr=2055509
http://arxiv.org/abs/arXiv:1103.1458
http://www.ams.org/mathscinet-getitem?mr=2268657
http://www.ams.org/mathscinet-getitem?mr=0474644
http://www.ams.org/mathscinet-getitem?mr=2766864
http://www.ams.org/mathscinet-getitem?mr=2293307
http://www.ams.org/mathscinet-getitem?mr=2969217
http://www.ams.org/mathscinet-getitem?mr=2291500
http://www.ams.org/mathscinet-getitem?mr=2549567
http://www.ams.org/mathscinet-getitem?mr=3671643

(32]

[33]

(34]

(35]

(36]

(37]
(38]
(39]
(40]
(41]
[42]
[43]
[44]
[45]
[46]
[47]
(48]
[49]
[50]
[51]
[52]

(53]

[54]

Lv, S., LIN, H., LIAN, H. and HUANG, J. (2018). Supplement to “Oracle inequalities for
sparse additive quantile regression in reproducing kernel Hilbert space.” DOI:10.1214/17-
AOS1567SUPP.

MEIER, L., VAN DE GEER, S. and BUHLMANN, P. (2009). High-dimensional additive model-
ing. Ann. Statist. 37 3779-3821. MR2572443

MENDELSON, S. (2002). Geometric parameters of kernel machines. In Computational Learn-
ing Theory (Sydney, 2002). Lecture Notes in Computer Science 2375 29—43. Springer,
Berlin. MR2040403

PEARCE, N. D. and WAND, M. P. (2006). Penalized splines and reproducing kernel methods.
Amer. Statist. 60 233-240. MR2246756

RASKUTTI, G., WAINWRIGHT, M. J. and YU, B. (2012). Minimax-optimal rates for sparse
additive models over kernel classes via convex programming. J. Mach. Learn. Res. 13
389-427. MR2913704

RAVIKUMAR, P., LAFFERTY, J., L1U, H. and WASSERMAN, L. (2009). Sparse additive mod-
els. J. R. Stat. Soc. Ser. B. Stat. Methodol. 71 1009-1030. MR2750255

RIGOLLET, P. and TSYBAKOV, A. (2011). Exponential screening and optimal rates of sparse
estimation. Ann. Statist. 39 731-771. MR2816337

SCHOLKOPF, B. and SMOLA, A. (2002). Learning with Kernels: Support Vector Machine,
Regularization, Optimization, and Beyond. MIT Press, Cambridge, MA.

STEINWART, I. and CHRISTMANN, A. (2008). Support Vector Machines. Springer, New York.
MR2450103

STEINWART, I. and CHRISTMANN, A. (2011). Estimating conditional quantiles with the help
of the pinball loss. Bernoulli 17 211-225. MR2797989

SuzUKlI, T. and SUGIYAMA, M. (2013). Fast learning rate of multiple kernel learning: Trade-
off between sparsity and smoothness. Ann. Statist. 41 1381-1405. MR3113815

TARIGAN, B. and VAN DE GEER, S. A. (2006). Classifiers of support vector machine type
with /1 complexity regularization. Bernoulli 12 1045-1076. MR2274857

THE CANCER GENOME ATLAS NETWORK (2012). Comprehensive molecular portraits of hu-
man breast tumours. Nature 490 61-70.

TIBSHIRANI, R. (1996). Regression shrinkage and selection via the lasso. J. R. Stat. Soc. Ser.
B. Stat. Methodol. 58 267-288. MR1379242

TSENG, P. and YUN, S. (2009). A coordinate gradient descent method for nonsmooth separable
minimization. Math. Program. 117 387-423. MR2421312

VAN DE GEER, S. (2002). Empirical Processes in M-Estimation. Cambridge Univ. Press, Cam-
bridge.

VAN DE GEER, S. A. (2008). High-dimensional generalized linear models and the lasso. Ann.
Statist. 36 614-645. MR2396809

WANG, L., WU, Y. and L1, R. (2012). Quantile regression for analyzing heterogeneity in ultra-
high dimension. J. Amer. Statist. Assoc. 107 214-222. MR2949353

WEL, F., HUANG, J. and LI, H. (2011). Variable selection and estimation in high-dimensional
varying-coefficient models. Statist. Sinica 21 1515-1540. MR2895107

WU, Y. and L1u, Y. (2009). Variable selection in quantile regression. Statist. Sinica 19 801—
817. MR2514189

YUAN, M. and LIN, Y. (2006). Model selection and estimation in regression with grouped
variables. J. R. Stat. Soc. Ser. B. Stat. Methodol. 68 49-67. MR2212574

ZHANG, X., WU, Y., WANG, L. and L1, R. (2016). Variable selection for support vector ma-
chines in moderately high dimensions. J. R. Stat. Soc. Ser. B. Stat. Methodol. 78 53-76.
MR3453646

ZHAO, P. and YU, B. (2006). On model selection consistency of Lasso. J. Mach. Learn. Res.
7 2541-2563. MR2274449


https://doi.org/10.1214/17-AOS1567SUPP
http://www.ams.org/mathscinet-getitem?mr=2572443
http://www.ams.org/mathscinet-getitem?mr=2040403
http://www.ams.org/mathscinet-getitem?mr=2246756
http://www.ams.org/mathscinet-getitem?mr=2913704
http://www.ams.org/mathscinet-getitem?mr=2750255
http://www.ams.org/mathscinet-getitem?mr=2816337
http://www.ams.org/mathscinet-getitem?mr=2450103
http://www.ams.org/mathscinet-getitem?mr=2797989
http://www.ams.org/mathscinet-getitem?mr=3113815
http://www.ams.org/mathscinet-getitem?mr=2274857
http://www.ams.org/mathscinet-getitem?mr=1379242
http://www.ams.org/mathscinet-getitem?mr=2421312
http://www.ams.org/mathscinet-getitem?mr=2396809
http://www.ams.org/mathscinet-getitem?mr=2949353
http://www.ams.org/mathscinet-getitem?mr=2895107
http://www.ams.org/mathscinet-getitem?mr=2514189
http://www.ams.org/mathscinet-getitem?mr=2212574
http://www.ams.org/mathscinet-getitem?mr=3453646
http://www.ams.org/mathscinet-getitem?mr=2274449
https://doi.org/10.1214/17-AOS1567SUPP

The Annals of Statistics

2018, Vol. 46, No. 2, 814-841
https://doi.org/10.1214/17-A0S 1568

© Institute of Mathematical Statistics, 2018

I-LAMM FOR SPARSE LEARNING: SIMULTANEOUS CONTROL
OF ALGORITHMIC COMPLEXITY AND STATISTICAL ERROR!
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We propose a computational framework named iterative local adap-
tive majorize-minimization (I-LAMM) to simultaneously control algorith-
mic complexity and statistical error when fitting high-dimensional models.
[-LAMM is a two-stage algorithmic implementation of the local linear ap-
proximation to a family of folded concave penalized quasi-likelihood. The
first stage solves a convex program with a crude precision tolerance to ob-
tain a coarse initial estimator, which is further refined in the second stage
by iteratively solving a sequence of convex programs with smaller preci-
sion tolerances. Theoretically, we establish a phase transition: the first stage
has a sublinear iteration complexity, while the second stage achieves an im-
proved linear rate of convergence. Though this framework is completely algo-
rithmic, it provides solutions with optimal statistical performances and con-
trolled algorithmic complexity for a large family of nonconvex optimization
problems. The iteration effects on statistical errors are clearly demonstrated
via a contraction property. Our theory relies on a localized version of the
sparse/restricted eigenvalue condition, which allows us to analyze a large
family of loss and penalty functions and provide optimality guarantees under
very weak assumptions (e.g., [-LAMM requires much weaker minimal signal
strength than other procedures). Thorough numerical results are provided to
support the obtained theory.
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This paper is about index policies for minimizing (frequentist) regret in
a stochastic multi-armed bandit model, inspired by a Bayesian view on the
problem. Our main contribution is to prove that the Bayes-UCB algorithm,
which relies on quantiles of posterior distributions, is asymptotically optimal
when the reward distributions belong to a one-dimensional exponential fam-
ily, for a large class of prior distributions. We also show that the Bayesian
literature gives new insight on what kind of exploration rates could be used
in frequentist, UCB-type algorithms. Indeed, approximations of the Bayesian
optimal solution or the Finite-Horizon Gittins indices provide a justification
for the kI-UCB™ and klI-UCB-H™ algorithms, whose asymptotic optimality
is also established.
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TESTING INDEPENDENCE WITH HIGH-DIMENSIONAL
CORRELATED SAMPLES

BY X1 CHEN AND WEIDONG Liu!
New York University and Shanghai Jiao Tong University

Testing independence among a number of (ultra) high-dimensional ran-
dom samples is a fundamental and challenging problem. By arranging » iden-
tically distributed p-dimensional random vectors into a p X n data matrix,
we investigate the problem of testing independence among columns under
the matrix-variate normal modeling of data. We propose a computationally
simple and tuning-free test statistic, characterize its limiting null distribu-
tion, analyze the statistical power and prove its minimax optimality. As an
important by-product of the test statistic, a ratio-consistent estimator for the
quadratic functional of a covariance matrix from correlated samples is de-
veloped. We further study the effect of correlation among samples to an im-
portant high-dimensional inference problem—Ilarge-scale multiple testing of
Pearson’s correlation coefficients. Indeed, blindly using classical inference
results based on the assumed independence of samples will lead to many
false discoveries, which suggests the need for conducting independence test-
ing before applying existing methods. To address the challenge arising from
correlation among samples, we propose a “sandwich estimator” of Pearson’s
correlation coefficient by de-correlating the samples. Based on this approach,
the resulting multiple testing procedure asymptotically controls the overall
false discovery rate at the nominal level while maintaining good statistical
power. Both simulated and real data experiments are carried out to demon-
strate the advantages of the proposed methods.
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DETECTING RARE AND FAINT SIGNALS VIA THRESHOLDING
MAXIMUM LIKELIHOOD ESTIMATORS!

BY YUMOU QIU*, SONG XI CHEN' AND DAN NETTLETON®
University of Nebraska—Lincoln*, Peking University' and Iowa State University*

Motivated by the analysis of RNA sequencing (RNA-seq) data for genes
differentially expressed across multiple conditions, we consider detecting
rare and faint signals in high-dimensional response variables. We address the
signal detection problem under a general framework, which includes gener-
alized linear models for count-valued responses as special cases. We propose
a test statistic that carries out a multi-level thresholding on maximum likeli-
hood estimators (MLEs) of the signals, based on a new Cramér-type moderate
deviation result for multidimensional MLEs. Based on the multi-level thresh-
olding test, a multiple testing procedure is proposed for signal identification.
Numerical simulations and a case study on maize RNA-seq data are con-
ducted to demonstrate the effectiveness of the proposed approaches on signal
detection and identification.
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