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“LOCAL” VS. “GLOBAL” PARAMETERS—BREAKING THE
GAUSSIAN COMPLEXITY BARRIER

BY SHAHAR MENDELSON1

Technion—Israel Institute of Technology

We show that if F is a convex class of functions that is L-sub-Gaussian,
the error rate of learning problems generated by independent noise is equiv-
alent to a fixed point determined by “local” covering estimates of the class
(i.e., the covering number at a specific level), rather than by the Gaussian
average, which takes into account the structure of F at an arbitrarily small
scale. To that end, we establish new sharp upper and lower estimates on the
error rate in such learning problems.
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CONFOUNDER ADJUSTMENT IN MULTIPLE
HYPOTHESIS TESTING

BY JINGSHU WANG∗, QINGYUAN ZHAO∗, TREVOR HASTIE†,1

AND ART B. OWEN†,2

University of Pennsylvania∗ and Stanford University†

We consider large-scale studies in which thousands of significance tests
are performed simultaneously. In some of these studies, the multiple test-
ing procedure can be severely biased by latent confounding factors such as
batch effects and unmeasured covariates that correlate with both primary vari-
able(s) of interest (e.g., treatment variable, phenotype) and the outcome. Over
the past decade, many statistical methods have been proposed to adjust for
the confounders in hypothesis testing. We unify these methods in the same
framework, generalize them to include multiple primary variables and mul-
tiple nuisance variables, and analyze their statistical properties. In particular,
we provide theoretical guarantees for RUV-4 [Gagnon-Bartsch, Jacob and
Speed (2013)] and LEAPP [Ann. Appl. Stat. 6 (2012) 1664–1688], which
correspond to two different identification conditions in the framework: the
first requires a set of “negative controls” that are known a priori to follow
the null distribution; the second requires the true nonnulls to be sparse. Two
different estimators which are based on RUV-4 and LEAPP are then applied
to these two scenarios. We show that if the confounding factors are strong,
the resulting estimators can be asymptotically as powerful as the oracle es-
timator which observes the latent confounding factors. For hypothesis test-
ing, we show the asymptotic z-tests based on the estimators can control the
type I error. Numerical experiments show that the false discovery rate is also
controlled by the Benjamini–Hochberg procedure when the sample size is
reasonably large.
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GAUSSIAN APPROXIMATION FOR HIGH DIMENSIONAL
TIME SERIES

BY DANNA ZHANG AND WEI BIAO WU

University of California, San Diego and University of Chicago

We consider the problem of approximating sums of high dimensional
stationary time series by Gaussian vectors, using the framework of functional
dependence measure. The validity of the Gaussian approximation depends
on the sample size n, the dimension p, the moment condition and the de-
pendence of the underlying processes. We also consider an estimator for
long-run covariance matrices and study its convergence properties. Our re-
sults allow constructing simultaneous confidence intervals for mean vectors
of high-dimensional time series with asymptotically correct coverage proba-
bilities. As an application, we propose a Kolmogorov–Smirnov-type statistic
for testing distributions of high-dimensional time series.

REFERENCES

[1] ALEXOPOULOS, C. and GOLDSMAN, D. (2004). To batch or not to batch? ACM Trans. Model.
Comput. Simul. 14 76–114.

[2] ANDERSON, T. W. (1971). The Statistical Analysis of Time Series. Wiley, New York.
MR0283939

[3] AZZALINI, A. (1981). A note on the estimation of a distribution function and quantiles by a
kernel method. Biometrika 68 326–328. MR0614972

[4] BRADLEY, R. C. (2007). Introduction to Strong Mixing Conditions. Kendrick Press.
[5] BÜHLMANN, P. (2002). Bootstraps for time series. Statist. Sci. 17 52–72. MR1910074
[6] BURKHOLDER, D. L. (1973). Distribution function inequalities for martingales. Ann. Probab.

1 19–42. MR0365692
[7] CAI, T. T. and JIANG, T. (2011). Limiting laws of coherence of random matrices with appli-

cations to testing covariance structure and construction of compressed sensing matrices.
Ann. Statist. 39 1496–1525. MR2850210

[8] CHEN, X., SHAO, Q. M., WU, W. B. and XU, L. (2015). Self-normalized Cramér type mod-
erate deviations under dependence. Preprint. Available at arXiv:1409.3642.

[9] CHENG, M.-Y. and PENG, L. (2002). Regression modeling for nonparametric estimation of
distribution and quantile functions. Statist. Sinica 12 1043–1060. MR1947061

[10] CHERNOZHUKOV, V., CHETVERIKOV, D. and KATO, K. (2013). Gaussian approximations
and multiplier bootstrap for maxima of sums of high-dimensional random vectors. Ann.
Statist. 41 2786–2819. MR3161448

[11] CHERNOZHUKOV, V., CHETVERIKOV, D. and KATO, K. (2013). Testing many moment in-
equalities. Preprint. Available at arXiv:1312.7614.

[12] CHERNOZHUKOV, V., CHETVERIKOV, D. and KATO, K. (2015). Comparison and anti-
concentration bounds for maxima of Gaussian random vectors. Probab. Theory Related
Fields 162 47–70. MR3350040

MSC2010 subject classifications. Primary 62M10; secondary 62E17.
Key words and phrases. Gaussian approximation, high-dimensional time series, Kolmogorov–

Smirnov test, long run covariance matrix, simultaneous inference.

http://www.imstat.org/aos/
http://dx.doi.org/10.1214/16-AOS1512
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0283939
http://www.ams.org/mathscinet-getitem?mr=0614972
http://www.ams.org/mathscinet-getitem?mr=1910074
http://www.ams.org/mathscinet-getitem?mr=0365692
http://www.ams.org/mathscinet-getitem?mr=2850210
http://arxiv.org/abs/arXiv:1409.3642
http://www.ams.org/mathscinet-getitem?mr=1947061
http://www.ams.org/mathscinet-getitem?mr=3161448
http://arxiv.org/abs/arXiv:1312.7614
http://www.ams.org/mathscinet-getitem?mr=3350040
http://www.ams.org/mathscinet/msc/msc2010.html


[13] DECO, G., JIRSA, V. K. and MCINTOSH, A. R. (2013). Resting brains never rest: Computa-
tional insights into potential cognitive architectures. Trends Neurosci. 36 268–274.

[14] DEDECKER, J., DOUKHAN, P., LANG, G., LEÓN, J. R., LOUHICHI, S. and PRIEUR, C.
(2007). Weak Dependence: With Examples and Applications. Lecture Notes in Statistics
190. Springer, New York. MR2338725

[15] DONOHO, D. L., ELAD, M. and TEMLYAKOV, V. N. (2006). Stable recovery of sparse over-
complete representations in the presence of noise. IEEE Trans. Inform. Theory 52 6–18.
MR2237332

[16] FALK, M. (1985). Asymptotic normality of the kernel quantile estimator. Ann. Statist. 13 428–
433. MR0773180

[17] FERNIQUE, X. (1975). Regularité des trajectoires des fonctions aléatoires gaussiennes. In École
d’Été de Probabilités de Saint-Flour, IV-1974. Lecture Notes in Math. 480 1–96. Springer,
Berlin. MR0413238

[18] HIPP, J. F., HAWELLEK, D. J., CORBETTA, M., SIEGEL, M. and ENGEL, A. K. (2012).
Large-scale cortical correlation structure of spontaneous oscillatory activity. Nat. Neu-
rosci. 15 884–890.

[19] HUTCHISON, R. M., WOMELSDORF, T., ALLEN, E. A., BANDETTINI, P. A., CAL-
HOUN, V. D., CORBETTA, M., DELLA PENNA, S., DUYN, J. H., GLOVER, G. H.,
GONZALEZ-CASTILLO, J., HANDWERKER, D. A., KEILHOLZ, S., KIVINIEMI, V.,
LEOPOLD, D. A., DE PASQUALE, F., SPORNS, O., WALTER, M. and CHANG, C. (2013).
Dynamic functional connectivity: Promise, issues, and interpretations. NeuroImage 80
360–378.

[20] IBRAGIMOV, I. A. and LINNIK, YU. V. (1971). Independent and Stationary Sequences of
Random Variables. Wolters-Noordhoff Publishing, Groningen. MR0322926

[21] JIANG, T. (2004). The asymptotic distributions of the largest entries of sample correlation
matrices. Ann. Appl. Probab. 14 865–880. MR2052906

[22] KOSOROK, M. R. and MA, S. (2007). Marginal asymptotics for the “large p, small n”
paradigm: With applications to microarray data. Ann. Statist. 35 1456–1486. MR2351093

[23] LAHIRI, S. N. (2003). Resampling Methods for Dependent Data. Springer, Berlin.
[24] LARSON-PRIOR, L. J., OOSTENVELD, R., PENNA, S. D., MICHALAREAS, G., PRIOR, F.,

BABAJANI-FEREMI, A., SCHOFFELEN, J. M., MARZETTI, L., DE PASQUALE, F.,
POMPEO, F. D., STOUT, J., WOOLRICH, M., LUO, Q., BUCHOLZ, R., FRIES, P.,
PIZZELLA, V., ROMANI, G. L., CORBETTA, M. and SNYDER, A. Z. (2013). Adding
dynamics to the human connectome project with {MEG}. NeuroImage 80 190–201.

[25] LI, D., LIU, W.-D. and ROSALSKY, A. (2010). Necessary and sufficient conditions for the
asymptotic distribution of the largest entry of a sample correlation matrix. Probab. Theory
Related Fields 148 5–35. MR2653220

[26] LI, D. and ROSALSKY, A. (2006). Some strong limit theorems for the largest entries of sample
correlation matrices. Ann. Appl. Probab. 16 423–447. MR2209348

[27] LIU, W. and WU, W. B. (2010). Asymptotics of spectral density estimates. Econometric The-
ory 26 1218–1245. MR2660298

[28] LIU, W.-D., LIN, Z. and SHAO, Q.-M. (2008). The asymptotic distribution and Berry–Esseen
bound of a new test for independence in high dimension with an application to stochastic
optimization. Ann. Appl. Probab. 18 2337–2366. MR2474539

[29] NAGAEV, S. V. (1979). Large deviations of sums of independent random variables. Ann.
Probab. 7 745–789. MR0542129

[30] NEWEY, W. K. and WEST, K. D. (1987). A simple, positive semidefinite, heteroskedas-
ticity and autocorrelation consistent covariance matrix. Econometrica 55 703–708.
MR0890864

[31] PINELIS, I. (1994). Optimum bounds for the distributions of martingales in Banach spaces.
Ann. Probab. 22 1679–1706. MR1331198

http://www.ams.org/mathscinet-getitem?mr=2338725
http://www.ams.org/mathscinet-getitem?mr=2237332
http://www.ams.org/mathscinet-getitem?mr=0773180
http://www.ams.org/mathscinet-getitem?mr=0413238
http://www.ams.org/mathscinet-getitem?mr=0322926
http://www.ams.org/mathscinet-getitem?mr=2052906
http://www.ams.org/mathscinet-getitem?mr=2351093
http://www.ams.org/mathscinet-getitem?mr=2653220
http://www.ams.org/mathscinet-getitem?mr=2209348
http://www.ams.org/mathscinet-getitem?mr=2660298
http://www.ams.org/mathscinet-getitem?mr=2474539
http://www.ams.org/mathscinet-getitem?mr=0542129
http://www.ams.org/mathscinet-getitem?mr=0890864
http://www.ams.org/mathscinet-getitem?mr=1331198


[32] POLITIS, D. N., ROMANO, J. P. and WOLF, M. (1999). Subsampling. Springer, New York.
MR1707286

[33] PORTNOY, S. (1986). On the central limit theorem in Rp when p → ∞. Probab. Theory Re-
lated Fields 73 571–583. MR0863546

[34] PRIESTLEY, M. B. (1981). Spectral Analysis and Time Series. Academic Press, San Diego.
[35] PRIESTLEY, M. B. (1988). Non-linear and Non-stationary Time Series Analysis. Academic

Press, San Diego.
[36] REISS, R.-D. (1981). Nonparametric estimation of smooth distribution functions. Scand. J.

Stat. 8 116–119. MR0623587
[37] ROSENBLATT, M. (1956). A central limit theorem and a strong mixing condition. Proc. Natl.

Acad. Sci. USA 42 43–47. MR0074711
[38] ROSENBLATT, M. (1971). Markov Processes. Structure and Asymptotic Behavior. Springer,

New York. MR0329037
[39] ROSENBLATT, M. (1985). Stationary Sequences and Random Fields. Springer, Berlin.
[40] TONG, H. (1990). Nonlinear Time Series: A Dynamical System Approach. Oxford Univ. Press,

New York. MR1079320
[41] TSAY, R. S. (2005). Analysis of Financial Time Series, 2nd ed. Wiley, Hoboken, NJ.

MR2162112
[42] WANG, J., CHENG, F. and YANG, L. (2013). Smooth simultaneous confidence bands for cu-

mulative distribution functions. J. Nonparametr. Stat. 25 395–407. MR3056092
[43] WIENER, N. (1958). Nonlinear Problems in Random Theory. Wiley, New York. MR0100912
[44] WU, W. B. (2005). Nonlinear system theory: Another look at dependence. Proc. Natl. Acad.

Sci. USA 102 14150–14154 (electronic). MR2172215
[45] WU, W. B. (2011). Asymptotic theory for stationary processes. Stat. Interface 0 1–20.
[46] XIAO, H. and WU, W. B. (2013). Asymptotic theory for maximum deviations of sample co-

variance matrix estimates. Stochastic Process. Appl. 123 2899–2920. MR3054550
[47] YAMATO, H. (1972/73). Uniform convergence of an estimator of a distribution function. Bull.

Math. Statist. 15 69–78. MR0329113
[48] ZHANG, D. and WU, W. B (2016). Supplement to “Gaussian approximation for high dimen-

sional time series.” DOI:10.1214/16-AOS1512SUPP.
[49] ZHANG, X. and CHENG, G. (2014). Bootstrapping high dimensional time series. Preprint.

Available at arXiv:1406.1037.
[50] ZHOU, W. (2007). Asymptotic distribution of the largest off-diagonal entry of correlation ma-

trices. Trans. Amer. Math. Soc. 359 5345–5363. MR2327033

http://www.ams.org/mathscinet-getitem?mr=1707286
http://www.ams.org/mathscinet-getitem?mr=0863546
http://www.ams.org/mathscinet-getitem?mr=0623587
http://www.ams.org/mathscinet-getitem?mr=0074711
http://www.ams.org/mathscinet-getitem?mr=0329037
http://www.ams.org/mathscinet-getitem?mr=1079320
http://www.ams.org/mathscinet-getitem?mr=2162112
http://www.ams.org/mathscinet-getitem?mr=3056092
http://www.ams.org/mathscinet-getitem?mr=0100912
http://www.ams.org/mathscinet-getitem?mr=2172215
http://www.ams.org/mathscinet-getitem?mr=3054550
http://www.ams.org/mathscinet-getitem?mr=0329113
http://dx.doi.org/10.1214/16-AOS1512SUPP
http://arxiv.org/abs/arXiv:1406.1037
http://www.ams.org/mathscinet-getitem?mr=2327033


The Annals of Statistics
2017, Vol. 45, No. 5, 1920–1950
DOI: 10.1214/16-AOS1513
© Institute of Mathematical Statistics, 2017

DETECTION AND FEATURE SELECTION IN SPARSE
MIXTURE MODELS1
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We consider Gaussian mixture models in high dimensions, focusing on
the twin tasks of detection and feature selection. Under sparsity assumptions
on the difference in means, we derive minimax rates for the problems of test-
ing and of variable selection. We find these rates to depend crucially on the
knowledge of the covariance matrices and on whether the mixture is symmet-
ric or not. We establish the performance of various procedures, including the
top sparse eigenvalue of the sample covariance matrix (popular in the con-
text of Sparse PCA), as well as new tests inspired by the normality tests of
Malkovich and Afifi [J. Amer. Statist. Assoc. 68 (1973) 176–179].
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We introduce a new method of estimation of parameters in semipara-
metric and nonparametric models. The method employs U -statistics that are
based on higher-order influence functions of the parameter of interest, which
extend ordinary linear influence functions, and represent higher derivatives of
this parameter. For parameters for which the representation cannot be perfect
the method often leads to a bias-variance trade-off, and results in estimators
that converge at a slower than

√
n-rate. In a number of examples, the resulting

rate can be shown to be optimal. We are particularly interested in estimating
parameters in models with a nuisance parameter of high dimension or low
regularity, where the parameter of interest cannot be estimated at

√
n-rate,

but we also consider efficient
√

n-estimation using novel nonlinear estima-
tors. The general approach is applied in detail to the example of estimating a
mean response when the response is not always observed.
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ASYMPTOTIC THEORY OF GENERALIZED ESTIMATING
EQUATIONS BASED ON JACK-KNIFE PSEUDO-OBSERVATIONS

BY MORTEN OVERGAARD, ERIK THORLUND PARNER AND JAN PEDERSEN1

Aarhus University

A general asymptotic theory of estimates from estimating functions
based on jack-knife pseudo-observations is established by requiring that the
underlying estimator can be expressed as a smooth functional of the empir-
ical distribution. Using results in p-variation norms, the theory is applied to
important estimators from time-to-event analysis, namely the Kaplan–Meier
estimator and the Aalen–Johansen estimator in a competing risks model, and
the corresponding estimators of restricted mean survival and cause-specific
lifetime lost. Under an assumption of completely independent censorings, this
allows for estimating parameters in regression models of survival, cumulative
incidences, restricted mean survival, and cause-specific lifetime lost. Consid-
ering estimators as functionals and applying results in p-variation norms is
apparently an excellent way of studying the asymptotics of such estimators.
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BAYESIAN POISSON CALCULUS FOR LATENT
FEATURE MODELING VIA GENERALIZED

INDIAN BUFFET PROCESS PRIORS

BY LANCELOT F. JAMES1

Hong Kong University of Science and Technology

Statistical latent feature models, such as latent factor models, are mod-
els where each observation is associated with a vector of latent features.
A general problem is how to select the number/types of features, and related
quantities. In Bayesian statistical machine learning, one seeks (nonparamet-
ric) models where one can learn such quantities in the presence of observed
data. The Indian Buffet Process (IBP), devised by Griffiths and Ghahramani
(2005), generates a (sparse) latent binary matrix with columns representing a
potentially unbounded number of features and where each row corresponds
to an individual or object. Its generative scheme is cast in terms of customers
entering sequentially an Indian Buffet restaurant and selecting previously
sampled dishes as well as new dishes. Dishes correspond to latent features
shared by individuals. The IBP has been applied to a wide range of statistical
problems. Recent works have demonstrated the utility of generalizations to
nonbinary matrices. The purpose of this work is to describe a unified mech-
anism for construction, Bayesian analysis, and practical sampling of broad
generalizations of the IBP that generate (sparse) matrices with general en-
tries. An adaptation of the Poisson partition calculus is employed to handle
the complexities, including combinatorial aspects, of these models. Our work
reveals a spike and slab characterization, and also presents a general frame-
work for multivariate extensions. We close by highlighting a multivariate IBP
with condiments, and the role of a stable-Beta Dirichlet multivariate prior.
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COVARIATE-ADAPTIVE TREATMENT ALLOCATION
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Covariate-adaptive treatment allocation is considered in the situation
when a compromise must be made between information (about the depen-
dency of the probability of success of each treatment upon influential co-
variates) and cost (in terms of number of subjects receiving the poorest
treatment). Information is measured through a design criterion for parame-
ter estimation, the cost is additive and is related to the success probabilities.
Within the framework of approximate design theory, the determination of
optimal allocations forms a compound design problem. We show that when
the covariates are i.i.d. with a probability measure μ, its solution possesses
some similarities with the construction of optimal design measures bounded
by μ. We characterize optimal designs through an equivalence theorem and
construct a covariate-adaptive sequential allocation strategy that converges
to the optimum. Our new optimal designs can be used as benchmarks for
other, more usual, allocation methods. A response-adaptive implementation
is possible for practical applications with unknown model parameters. Sev-
eral illustrative examples are provided.
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SPARSE CCA: ADAPTIVE ESTIMATION AND COMPUTATIONAL
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Canonical correlation analysis is a classical technique for exploring the
relationship between two sets of variables. It has important applications in
analyzing high dimensional datasets originated from genomics, imaging and
other fields. This paper considers adaptive minimax and computationally
tractable estimation of leading sparse canonical coefficient vectors in high
dimensions. Under a Gaussian canonical pair model, we first establish sep-
arate minimax estimation rates for canonical coefficient vectors of each set
of random variables under no structural assumption on marginal covariance
matrices. Second, we propose a computationally feasible estimator to attain
the optimal rates adaptively under an additional sample size condition. Fi-
nally, we show that a sample size condition of this kind is needed for any
randomized polynomial-time estimator to be consistent, assuming hardness
of certain instances of the planted clique detection problem. As a byprod-
uct, we obtain the first computational lower bounds for sparse PCA under the
Gaussian single spiked covariance model.
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A common problem in Phase II clinical trials is the comparison of dose
response curves corresponding to different treatment groups. If the effect of
the dose level is described by parametric regression models and the treat-
ments differ in the administration frequency (but not in the sort of drug), a
reasonable assumption is that the regression models for the different treat-
ments share common parameters.

This paper develops optimal design theory for the comparison of differ-
ent regression models with common parameters. We derive upper bounds on
the number of support points of admissible designs, and explicit expressions
for D-optimal designs are derived for frequently used dose response models
with a common location parameter. If the location and scale parameter in the
different models coincide, minimally supported designs are determined and
sufficient conditions for their optimality in the class of all designs derived.
The results are illustrated in a dose-finding study comparing monthly and
weekly administration.
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FALSE DISCOVERIES OCCUR EARLY ON THE LASSO PATH
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University of Pennsylvania, University of Wroclaw and Stanford University

In regression settings where explanatory variables have very low correla-
tions and there are relatively few effects, each of large magnitude, we expect
the Lasso to find the important variables with few errors, if any. This pa-
per shows that in a regime of linear sparsity—meaning that the fraction of
variables with a nonvanishing effect tends to a constant, however small—this
cannot really be the case, even when the design variables are stochastically
independent. We demonstrate that true features and null features are always
interspersed on the Lasso path, and that this phenomenon occurs no matter
how strong the effect sizes are. We derive a sharp asymptotic trade-off be-
tween false and true positive rates or, equivalently, between measures of type
I and type II errors along the Lasso path. This trade-off states that if we ever
want to achieve a type II error (false negative rate) under a critical value, then
anywhere on the Lasso path the type I error (false positive rate) will need to
exceed a given threshold so that we can never have both errors at a low level
at the same time. Our analysis uses tools from approximate message pass-
ing (AMP) theory as well as novel elements to deal with a possibly adaptive
selection of the Lasso regularizing parameter.
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PHASE TRANSITIONS FOR HIGH DIMENSIONAL
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Consider a two-class clustering problem where we observe Xi = �iμ +
Zi , Zi

i.i.d.∼ N(0, Ip), 1 ≤ i ≤ n. The feature vector μ ∈ Rp is unknown but
is presumably sparse. The class labels �i ∈ {−1,1} are also unknown and the
main interest is to estimate them.

We are interested in the statistical limits. In the two-dimensional phase
space calibrating the rarity and strengths of useful features, we find the pre-
cise demarcation for the Region of Impossibility and Region of Possibility.
In the former, useful features are too rare/weak for successful clustering. In
the latter, useful features are strong enough to allow successful clustering.
The results are extended to the case of colored noise using Le Cam’s idea on
comparison of experiments.

We also extend the study on statistical limits for clustering to that for
signal recovery and that for global testing. We compare the statistical limits
for three problems and expose some interesting insight.

We propose classical PCA and Important Features PCA (IF-PCA) for
clustering. For a threshold t > 0, IF-PCA clusters by applying classical PCA
to all columns of X with an L2-norm larger than t . We also propose two ag-
gregation methods. For any parameter in the Region of Possibility, some of
these methods yield successful clustering.

We discover a phase transition for IF-PCA. For any threshold t > 0, let
ξ (t) be the first left singular vector of the post-selection data matrix. The
phase space partitions into two different regions. In one region, there is a t

such that cos(ξ (t), �) → 1 and IF-PCA yields successful clustering. In the
other, cos(ξ (t), �) ≤ c0 < 1 for all t > 0.

Our results require delicate analysis, especially on post-selection random
matrix theory and on lower bound arguments.
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BAYESIAN DETECTION OF IMAGE BOUNDARIES1

BY MENG LI AND SUBHASHIS GHOSAL

Duke University and North Carolina State University

Detecting boundary of an image based on noisy observations is a fun-
damental problem of image processing and image segmentation. For a d-
dimensional image (d = 2,3, . . .), the boundary can often be described by
a closed smooth (d − 1)-dimensional manifold. In this paper, we propose
a nonparametric Bayesian approach based on priors indexed by S

d−1, the
unit sphere in R

d . We derive optimal posterior contraction rates for Gaussian
processes or finite random series priors using basis functions such as trigono-
metric polynomials for 2-dimensional images and spherical harmonics for 3-
dimensional images. For 2-dimensional images, we show a rescaled squared
exponential Gaussian process on S

1 achieves four goals of guaranteed geo-
metric restriction, (nearly) minimax optimal rate adapting to the smoothness
level, convenience for joint inference and computational efficiency. We con-
duct an extensive study of its reproducing kernel Hilbert space, which may be
of interest by its own and can also be used in other contexts. Several new es-
timates on modified Bessel functions of the first kind are given. Simulations
confirm excellent performance and robustness of the proposed method.
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SPECTRUM ESTIMATION FROM SAMPLES

BY WEIHAO KONG AND GREGORY VALIANT1

Stanford University

We consider the problem of approximating the set of eigenvalues of the
covariance matrix of a multivariate distribution (equivalently, the problem of
approximating the “population spectrum”), given access to samples drawn
from the distribution. We consider this recovery problem in the regime where
the sample size is comparable to, or even sublinear in the dimensionality of
the distribution. First, we propose a theoretically optimal and computation-
ally efficient algorithm for recovering the moments of the eigenvalues of the
population covariance matrix. We then leverage this accurate moment recov-
ery, via a Wasserstein distance argument, to accurately reconstruct the vector
of eigenvalues. Together, this yields an eigenvalue reconstruction algorithm
that is asymptotically consistent as the dimensionality of the distribution and
sample size tend toward infinity, even in the sublinear sample regime where
the ratio of the sample size to the dimensionality tends to zero. In addition to
our theoretical results, we show that our approach performs well in practice
for a broad range of distributions and sample sizes.
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ON THE CONTRACTION PROPERTIES OF SOME
HIGH-DIMENSIONAL QUASI-POSTERIOR DISTRIBUTIONS

BY YVES A. ATCHADÉ1

University of Michigan

We study the contraction properties of a quasi-posterior distribution �̌n,d

obtained by combining a quasi-likelihood function and a sparsity inducing
prior distribution on R

d , as both n (the sample size), and d (the dimension of
the parameter) increase. We derive some general results that highlight a set
of sufficient conditions under which �̌n,d puts increasingly high probability
on sparse subsets of Rd , and contracts toward the true value of the parameter.
We apply these results to the analysis of logistic regression models, and bi-
nary graphical models, in high-dimensional settings. For the logistic regres-
sion model, we shows that for well-behaved design matrices, the posterior
distribution contracts at the rate O(

√
s� log(d)/n), where s� is the number of

nonzero components of the parameter. For the binary graphical model, un-
der some regularity conditions, we show that a quasi-posterior analog of the
neighborhood selection of [Ann. Statist. 34 (2006) 1436–1462] contracts in
the Frobenius norm at the rate O(

√
(p + S) log(p)/n), where p is the num-

ber of nodes, and S the number of edges of the true graph.
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NONASYMPTOTIC ANALYSIS OF SEMIPARAMETRIC
REGRESSION MODELS WITH HIGH-DIMENSIONAL

PARAMETRIC COEFFICIENTS1

BY YING ZHU

Michigan State University

We consider a two-step projection based Lasso procedure for estimating
a partially linear regression model where the number of coefficients in the
linear component can exceed the sample size and these coefficients belong to
the lq -“balls” for q ∈ [0,1]. Our theoretical results regarding the properties of
the estimators are nonasymptotic. In particular, we establish a new nonasymp-
totic “oracle” result: Although the error of the nonparametric projection per
se (with respect to the prediction norm) has the scaling tn in the first step, it
only contributes a scaling t2

n in the l2-error of the second-step estimator for
the linear coefficients. This new “oracle” result holds for a large family of
nonparametric least squares procedures and regularized nonparametric least
squares procedures for the first-step estimation and the driver behind it lies
in the projection strategy. We specialize our analysis to the estimation of a
semiparametric sample selection model and provide a simple method with
theoretical guarantees for choosing the regularization parameter in practice.
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