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A NEW SCOPE OF PENALIZED EMPIRICAL LIKELIHOOD WITH
HIGH-DIMENSIONAL ESTIMATING EQUATIONS

BY JINYUAN CHANG!, CHENG YONG TANG? AND TONG TONG WU3

Southwestern University of Finance and Economics, Temple University and
University of Rochester

Statistical methods with empirical likelihood (EL) are appealing and ef-
fective especially in conjunction with estimating equations for flexibly and
adaptively incorporating data information. It is known that EL approaches en-
counter difficulties when dealing with high-dimensional problems. To over-
come the challenges, we begin our study with investigating high-dimensional
EL from a new scope targeting at high-dimensional sparse model parame-
ters. We show that the new scope provides an opportunity for relaxing the
stringent requirement on the dimensionality of the model parameters. Moti-
vated by the new scope, we then propose a new penalized EL by applying
two penalty functions respectively regularizing the model parameters and the
associated Lagrange multiplier in the optimizations of EL. By penalizing the
Lagrange multiplier to encourage its sparsity, a drastic dimension reduction
in the number of estimating equations can be achieved. Most attractively,
such a reduction in dimensionality of estimating equations can be viewed as
a selection among those high-dimensional estimating equations, resulting in
a highly parsimonious and effective device for estimating high-dimensional
sparse model parameters. Allowing both the dimensionalities of model pa-
rameters and estimating equations growing exponentially with the sample
size, our theory demonstrates that our new penalized EL estimator is sparse
and consistent with asymptotically normally distributed nonzero components.
Numerical simulations and a real data analysis show that the proposed penal-
ized EL works promisingly.
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APPROXIMATE £¢-PENALIZED ESTIMATION
OF PIECEWISE-CONSTANT SIGNALS ON GRAPHS

By ZHOU FAN1 AND LEYING GUAN
Stanford University

We study recovery of piecewise-constant signals on graphs by the estima-
tor minimizing an /y-edge-penalized objective. Although exact minimization
of this objective may be computationally intractable, we show that the same
statistical risk guarantees are achieved by the «-expansion algorithm which
computes an approximate minimizer in polynomial time. We establish that
for graphs with small average vertex degree, these guarantees are minimax
rate-optimal over classes of edge-sparse signals. For spatially inhomogeneous
graphs, we propose minimization of an edge-weighted objective where each
edge is weighted by its effective resistance or another measure of its contri-
bution to the graph’s connectivity. We establish minimax optimality of the
resulting estimators over corresponding edge-weighted sparsity classes. We
show theoretically that these risk guarantees are not always achieved by the
estimator minimizing the /{/total-variation relaxation, and empirically that
the /p-based estimates are more accurate in high signal-to-noise settings.
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MULTICLASS CLASSIFICATION, INFORMATION, DIVERGENCE
AND SURROGATE RISK

By JOHN DUCHI', KHASHAYAR KHOSRAVI AND FENG RUAN!

Stanford University

We provide a unifying view of statistical information measures, multiway
Bayesian hypothesis testing, loss functions for multiclass classification prob-
lems and multidistribution f-divergences, elaborating equivalence results be-
tween all of these objects, and extending existing results for binary outcome
spaces to more general ones. We consider a generalization of f-divergences
to multiple distributions, and we provide a constructive equivalence between
divergences, statistical information (in the sense of DeGroot) and losses for
multiclass classification. A major application of our results is in multiclass
classification problems in which we must both infer a discriminant function
y—for making predictions on a label ¥ from datum X—and a data repre-
sentation (or, in the setting of a hypothesis testing problem, an experimental
design), represented as a quantizer q from a family of possible quantizers
Q. In this setting, we characterize the equivalence between loss functions,
meaning that optimizing either of two losses yields an optimal discriminant
and quantizer g, complementing and extending earlier results of Nguyen et
al. [Ann. Statist. 37 (2009) 876-904] to the multiclass case. Our results pro-
vide a more substantial basis than standard classification calibration results
for comparing different losses: we describe the convex losses that are consis-
tent for jointly choosing a data representation and minimizing the (weighted)
probability of error in multiclass classification problems.
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HALFSPACE DEPTHS FOR SCATTER, CONCENTRATION AND
SHAPE MATRICES

BY DAVY PAINDAVEINE! AND GERMAIN VAN BEVER?

Université libre de Bruxelles

We propose halfspace depth concepts for scatter, concentration and shape
matrices. For scatter matrices, our concept is similar to those from Chen,
Gao and Ren [Robust covariance and scatter matrix estimation under Huber’s
contamination model (2018)] and Zhang [J. Multivariate Anal. 82 (2002)
134-165]. Rather than focusing, as in these earlier works, on deepest scat-
ter matrices, we thoroughly investigate the properties of the proposed depth
and of the corresponding depth regions. We do so under minimal assump-
tions and, in particular, we do not restrict to elliptical distributions nor to
absolutely continuous distributions. Interestingly, fully understanding scatter
halfspace depth requires considering different geometries/topologies on the
space of scatter matrices. We also discuss, in the spirit of Zuo and Serfling
[Ann. Statist. 28 (2000) 461-482], the structural properties a scatter depth
should satisfy, and investigate whether or not these are met by scatter half-
space depth. Companion concepts of depth for concentration matrices and
shape matrices are also proposed and studied. We show the practical rele-
vance of the depth concepts considered in a real-data example from finance.
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Recommender systems have been widely adopted by electronic com-
merce and entertainment industries for individualized prediction and recom-
mendation, which benefit consumers and improve business intelligence. In
this article, we propose an innovative method, namely the recommendation
engine of multilayers (REM), for tensor recommender systems. The proposed
method utilizes the structure of a tensor response to integrate information
from multiple modes, and creates an additional layer of nested latent factors
to accommodate between-subjects dependency. One major advantage is that
the proposed method is able to address the “cold-start” issue in the absence of
information from new customers, new products or new contexts. Specifically,
it provides more effective recommendations through sub-group information.
To achieve scalable computation, we develop a new algorithm for the pro-
posed method, which incorporates a maximum block improvement strategy
into the cyclic blockwise-coordinate-descent algorithm. In theory, we inves-
tigate algorithmic properties for convergence from an arbitrary initial point
and local convergence, along with the asymptotic consistency of estimated
parameters. Finally, the proposed method is applied in simulations and IRI
marketing data with 116 million observations of product sales. Numerical
studies demonstrate that the proposed method outperforms existing competi-
tors in the literature.
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PRINCIPAL COMPONENT ANALYSIS FOR FUNCTIONAL DATA
ON RIEMANNIAN MANIFOLDS AND SPHERES'

BY X1IONGTAO DAI AND HANS-GEORG MULLER
University of California, Davis

Functional data analysis on nonlinear manifolds has drawn recent in-
terest. Sphere-valued functional data, which are encountered, for example,
as movement trajectories on the surface of the earth are an important spe-
cial case. We consider an intrinsic principal component analysis for smooth
Riemannian manifold-valued functional data and study its asymptotic proper-
ties. Riemannian functional principal component analysis (RFPCA) is carried
out by first mapping the manifold-valued data through Riemannian logarithm
maps to tangent spaces around the Fréchet mean function, and then perform-
ing a classical functional principal component analysis (FPCA) on the lin-
ear tangent spaces. Representations of the Riemannian manifold-valued func-
tions and the eigenfunctions on the original manifold are then obtained with
exponential maps. The tangent-space approximation yields upper bounds to
residual variances if the Riemannian manifold has nonnegative curvature. We
derive a central limit theorem for the mean function, as well as root-n uni-
form convergence rates for other model components. Our applications in-
clude a novel framework for the analysis of longitudinal compositional data,
achieved by mapping longitudinal compositional data to trajectories on the
sphere, illustrated with longitudinal fruit fly behavior patterns. RFPCA is
shown to outperform an unrestricted FPCA in terms of trajectory recovery
and prediction in applications and simulations.
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ASSESSING ROBUSTNESS OF CLASSIFICATION USING
AN ANGULAR BREAKDOWN POINT

BY JUNLONG ZHAO!, GUAN YU? AND YUFENG LIU?

Beijing Normal University, State University of New York at Buffalo and
University of North Carolina at Chapel Hill

Robustness is a desirable property for many statistical techniques. As
an important measure of robustness, the breakdown point has been widely
used for regression problems and many other settings. Despite the existing
development, we observe that the standard breakdown point criterion is not
directly applicable for many classification problems. In this paper, we pro-
pose a new breakdown point criterion, namely angular breakdown point, to
better quantify the robustness of different classification methods. Using this
new breakdown point criterion, we study the robustness of binary large mar-
gin classification techniques, although the idea is applicable to general clas-
sification methods. Both bounded and unbounded loss functions with linear
and kernel learning are considered. These studies provide useful insights on
the robustness of different classification methods. Numerical results further
confirm our theoretical findings.

REFERENCES

BiGGlIO, B., NELSON, B. and LASKOV, P. (2012). Poisoning attacks against support vector ma-
chines. In Proceedings of the 29th International Conference on Machine Learning (J. Langford
and J. Pineau, eds.) 1807-1814. ACM, New York.

CHRISTMANN, A. and STEINWART, 1. (2004). On robustness properties of convex risk minimization
methods for pattern recognition. J. Mach. Learn. Res. 5 1007-1034.

DoNOHO, D. and HUBER, P. J. (1983). The notion of breakdown point. In A Festschrift for Erich
L. Lehmann 157-184. Wadsworth, Belmont, CA. MR0689745

FREUND, Y. and SCHAPIRE, R. E. (1997). A decision-theoretic generalization of on-line learning
and an application to boosting. J. Comput. System Sci. 55 119-139. MR1473055

GENTON, M. G. and LucaAs, A. (2003). Comprehensive definitions of breakdown points for
independent and dependent observations. J. R. Stat. Soc. Ser. B. Stat. Methodol. 65 81-94.
MR1959094

HABLE, R. and CHRISTMANN, A. (2011). On qualitative robustness of support vector machines.
J. Multivariate Anal. 102 993-1007. MR2793871

HAMPEL, F. R. (1971). A general qualitative definition of robustness. Ann. Math. Stat. 42 1887—
1896. MR0301858

HAMPEL, F. R. (1974). The influence curve and its role in robust estimation. J. Amer. Statist. Assoc.
69 383-393.

HASTIE, T., TIBSHIRANI, R. and FRIEDMAN, J. (2009). The Elements of Statistical Learning: Data
Mining, Inference, and Prediction, 2nd ed. Springer, New York. MR2722294

MSC2010 subject classifications. Primary 62H30; secondary 62G35.
Key words and phrases. Breakdown point, classification, loss function, reproducing kernel
Hilbert spaces, robustness.


http://www.imstat.org/aos/
https://doi.org/10.1214/17-AOS1661
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0689745
http://www.ams.org/mathscinet-getitem?mr=1473055
http://www.ams.org/mathscinet-getitem?mr=1959094
http://www.ams.org/mathscinet-getitem?mr=2793871
http://www.ams.org/mathscinet-getitem?mr=0301858
http://www.ams.org/mathscinet-getitem?mr=2722294
http://www.ams.org/mathscinet/msc/msc2010.html

HORST, R. and THOAIL, N. V. (1999). DC programming: Overview. J. Optim. Theory Appl. 103
1-43.

HUBERT, M., ROUSSEEUW, P. J. and VAN AELST, S. (2008). High-breakdown robust multivariate
methods. Statist. Sci. 92-119.

KANAMORI, T., FUITWARA, S. and TAKEDA, A. (2014). Breakdown point of robust support vector
machine. Preprint. Available at arXiv:1409.0934.

KIMELDORF, G. S. and WAHBA, G. (1970). A correspondence between Bayesian estimation on
stochastic processes and smoothing by splines. Ann. Math. Stat. 41 495-502. MR0254999

KRAUSE, N. and SINGER, Y. (2004). Leveraging the margin more carefully. In Proceedings of the
Twenty-First International Conference on Machine Learning 63. ACM, New York.

LIN, X., WAHBA, G., XIANG, D., GAo, F., KLEIN, R. and KLEIN, B. (2000). Smoothing spline
ANOVA models for large data sets with Bernoulli observations and the randomized GACV. Ann.
Statist. 28 1570-1600. MR1835032

L1u, Y. and SHEN, X. (2006). Multicategory ¥ -learning. J. Amer. Statist. Assoc. 101 500-509.

MASON, L., BAXTER, J., BARTLETT, P. and FREAN, M. (2000). Boosting algorithms as gradi-
ent descent. In In Advances in Neural Information Processing Systems 12 512-518. MIT Press,
Cambridge.

RONCHETTI, E. (1997). Robust inference by influence functions. J. Statist. Plann. Inference 57 59—
72.

SAKATA, S. and WHITE, H. (1995). An alternative definition of finite-sample breakdown point with
applications to regression model estimators. J. Amer. Statist. Assoc. 90 1099-1106. MR1354027

SCHOLKOPF, B. and SMOLA, A. J. (2002). Learning with Kernels: Support Vector Machines, Reg-
ularization, Optimization, and Beyond. MIT Press, Cambridge, MA.

SCHOLKOPF, B., SMOLA, A. J., WILLIAMSON, R. C. and BARTLETT, P. L. (2000). New support
vector algorithms. Neural Comput. 12 1207-1245.

SHEN, X., TSENG, G. C., ZHANG, X. and WONG, W. H. (2003). On v -learning. J. Amer. Statist.
Assoc. 98 724-734.

STROMBERG, A. J. and RUPPERT, D. (1992). Breakdown in nonlinear regression. J. Amer. Statist.
Assoc. 87 991-997.

VAPNIK, V. N. (1998). Statistical Learning Theory. Wiley, New York. MR1641250

WAHBA, G. (1990). Spline Models for Observational Data 59. SIAM, Philadelphia, PA.

WU, Y. and L1U, Y. (2007). Robust truncated hinge loss support vector machines. J. Amer. Statist.
Assoc. 102 974-983. MR2411659

XU, L., CRAMMER, K. and SCHUURMANS, D. (2006). Robust support vector machine training via
convex outlier ablation. In American Association for Artificial Intelligence 6 536-542.

Yu, Y., YANG, M., XU, L., WHITE, M. and SCHUURMANS, D. (2010). Relaxed clipping: A global
training method for robust regression and classification. In Advances in Neural Information Pro-
cessing Systems 2532-2540.

ZHAO, J., YU, G. and L1U, Y. (2018). Supplement to “Assessing robustness of classification using
an angular breakdown point.” DOI:10.1214/17-A0S1661SUPP.


http://arxiv.org/abs/arXiv:1409.0934
http://www.ams.org/mathscinet-getitem?mr=0254999
http://www.ams.org/mathscinet-getitem?mr=1835032
http://www.ams.org/mathscinet-getitem?mr=1354027
http://www.ams.org/mathscinet-getitem?mr=1641250
http://www.ams.org/mathscinet-getitem?mr=2411659
https://doi.org/10.1214/17-AOS1661SUPP

The Annals of Statistics

2018, Vol. 46, No. 6B, 33903421
https://doi.org/10.1214/17-A0S 1662

© Institute of Mathematical Statistics, 2018

TAIL-GREEDY BOTTOM-UP DATA DECOMPOSITIONS AND FAST
MULTIPLE CHANGE-POINT DETECTION!'

BY PIOTR FRYZLEWICZ
London School of Economics

This article proposes a “tail-greedy”, bottom-up transform for one-
dimensional data, which results in a nonlinear but conditionally orthonormal,
multiscale decomposition of the data with respect to an adaptively chosen
unbalanced Haar wavelet basis. The “tail-greediness” of the decomposition
algorithm, whereby multiple greedy steps are taken in a single pass through
the data, both enables fast computation and makes the algorithm applicable in
the problem of consistent estimation of the number and locations of multiple
change-points in data. The resulting agglomerative change-point detection
method avoids the disadvantages of the classical divisive binary segmenta-
tion, and offers very good practical performance. It is implemented in the R
package breakfast, available from CRAN.
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ROCKET: ROBUST CONFIDENCE INTERVALS VIA KENDALL’S
TAU FOR TRANSELLIPTICAL GRAPHICAL MODELS'

BY RINA FOYGEL BARBER AND MLADEN KOLAR
University of Chicago

Understanding complex relationships between random variables is of
fundamental importance in high-dimensional statistics, with numerous ap-
plications in biological and social sciences. Undirected graphical models are
often used to represent dependencies between random variables, where an
edge between two random variables is drawn if they are conditionally depen-
dent given all the other measured variables. A large body of literature ex-
ists on methods that estimate the structure of an undirected graphical model,
however, little is known about the distributional properties of the estima-
tors beyond the Gaussian setting. In this paper, we focus on inference for
edge parameters in a high-dimensional transelliptical model, which general-
izes Gaussian and nonparanormal graphical models. We propose ROCKET, a
novel procedure for estimating parameters in the latent inverse covariance
matrix. We establish asymptotic normality of ROCKET in an ultra high-
dimensional setting under mild assumptions, without relying on oracle model
selection results. ROCKET requires the same number of samples that are
known to be necessary for obtaining a 4/n consistent estimator of an element
in the precision matrix under a Gaussian model. Hence, it is an optimal esti-
mator under a much larger family of distributions. The result hinges on a tight
control of the sparse spectral norm of the nonparametric Kendall’s tau esti-
mator of the correlation matrix, which is of independent interest. Empirically,
ROCKET outperforms the nonparanormal and Gaussian models in terms of
achieving accurate inference on simulated data. We also compare the three
methods on real data (daily stock returns), and find that the ROCKET esti-
mator is the only method whose behavior across subsamples agrees with the
distribution predicted by the theory.
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Consider some multivariate diffusion process X = (X;);>( with unique
invariant probability measure and associated invariant density p, and assume
that a continuous record of observations X7 = (X t)o<¢<T of X is avail-
able. Recent results on functional inequalities for symmetric Markov semi-
groups are used in the statistical analysis of kernel estimators pr = pr (X Ty
of p. For the basic problem of estimation with respect to sup-norm risk un-
der anisotropic Holder smoothness constraints, the proposed approach yields
an adaptive estimator which converges at a substantially faster rate than in
standard multivariate density estimation from i.i.d. observations.
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ROBUST LOW-RANK MATRIX ESTIMATION
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Many results have been proved for various nuclear norm penalized esti-
mators of the uniform sampling matrix completion problem. However, most
of these estimators are not robust: in most of the cases the quadratic loss
function and its modifications are used. We consider robust nuclear norm pe-
nalized estimators using two well-known robust loss functions: the absolute
value loss and the Huber loss. Under several conditions on the sparsity of the
problem (i.e., the rank of the parameter matrix) and on the regularity of the
risk function sharp and nonsharp oracle inequalities for these estimators are
shown to hold with high probability. As a consequence, the asymptotic be-
havior of the estimators is derived. Similar error bounds are obtained under
the assumption of weak sparsity, that is, the case where the matrix is assumed
to be only approximately low-rank. In all of our results, we consider a high-
dimensional setting. In this case, this means that we assume n < pq. Finally,
various simulations confirm our theoretical results.
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SIEVE BOOTSTRAP FOR FUNCTIONAL TIME SERIES

BY EFSTATHIOS PAPARODITIS!
University of Cyprus

A bootstrap procedure for functional time series is proposed which ex-
ploits a general vector autoregressive representation of the time series of
Fourier coefficients appearing in the Karhunen—Loeve expansion of the func-
tional process. A double sieve-type bootstrap method is developed, which
avoids the estimation of process operators and generates functional pseudo-
time series that appropriately mimics the dependence structure of the func-
tional time series at hand. The method uses a finite set of functional principal
components to capture the essential driving parts of the infinite dimensional
process and a finite order vector autoregressive process to imitate the tempo-
ral dependence structure of the corresponding vector time series of Fourier
coefficients. By allowing the number of functional principal components as
well as the autoregressive order used to increase to infinity (at some appropri-
ate rate) as the sample size increases, consistency of the functional sieve boot-
strap can be established. We demonstrate this by proving a basic bootstrap
central limit theorem for functional finite Fourier transforms and by estab-
lishing bootstrap validity in the context of a fully functional testing problem.
A novel procedure to select the number of functional principal components
is introduced while simulations illustrate the good finite sample performance
of the new bootstrap method proposed.
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RESTRICTED STRONG CONVEXITY IMPLIES
WEAK SUBMODULARITY!
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We connect high-dimensional subset selection and submodular maxi-
mization. Our results extend the work of Das and Kempe [In /CML (2011)
1057-1064] from the setting of linear regression to arbitrary objective func-
tions. For greedy feature selection, this connection allows us to obtain strong
multiplicative performance bounds on several methods without statistical
modeling assumptions. We also derive recovery guarantees of this form un-
der standard assumptions. Our work shows that greedy algorithms perform
within a constant factor from the best possible subset-selection solution for a
broad class of general objective functions. Our methods allow a direct control
over the number of obtained features as opposed to regularization parameters
that only implicitly control sparsity. Our proof technique uses the concept of
weak submodularity initially defined by Das and Kempe. We draw a connec-
tion between convex analysis and submodular set function theory which may
be of independent interest for other statistical learning applications that have
combinatorial structure.
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In this paper, we propose a multiscale scanning method to determine ac-
tive components of a quantity f w.r.t. a dictionary ¢/ from observations Y in
an inverse regression model ¥ = T'f + & with linear operator 7 and general
random error £. To this end, we provide uniform confidence statements for
the coefficients (¢, f), ¢ € U, under the assumption that (T*)_1 ) is of
wavelet-type. Based on this, we obtain a multiple test that allows to identify
the active components of U, that is, ( f, ¢) # 0, ¢ € U, at controlled, family-
wise error rate. Our results rely on a Gaussian approximation of the underly-
ing multiscale statistic with a novel scale penalty adapted to the ill-posedness
of the problem. The scale penalty furthermore ensures convergence of the
statistic’s distribution towards a Gumbel limit under reasonable assumptions.
The important special cases of tomography and deconvolution are discussed
in detail. Further, the regression case, when 7" = id and the dictionary con-
sists of moving windows of various sizes (scales), is included, generalizing
previous results for this setting. We show that our method obeys an oracle
optimality, that is, it attains the same asymptotic power as a single-scale test-
ing procedure at the correct scale. Simulations support our theory and we
illustrate the potential of the method as an inferential tool for imaging. As
a particular application, we discuss super-resolution microscopy and analyze
experimental STED data to locate single DNA origami.
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We show that two polynomial time methods, a Lasso estimator with
adaptively chosen tuning parameter and a Slope estimator, adaptively achieve
the minimax prediction and ¢, estimation rate (s/n)log(p/s) in high-
dimensional linear regression on the class of s-sparse vectors in R”. This
is done under the Restricted Eigenvalue (RE) condition for the Lasso and
under a slightly more constraining assumption on the design for the Slope.
The main results have the form of sharp oracle inequalities accounting for
the model misspecification error. The minimax optimal bounds are also ob-
tained for the £4 estimation errors with 1 < g <2 when the model is well
specified. The results are nonasymptotic, and hold both in probability and in
expectation. The assumptions that we impose on the design are satisfied with
high probability for a large class of random matrices with independent and
possibly anisotropically distributed rows. We give a comparative analysis of
conditions, under which oracle bounds for the Lasso and Slope estimators
can be obtained. In particular, we show that several known conditions, such
as the RE condition and the sparse eigenvalue condition are equivalent if the
£>-norms of regressors are uniformly bounded.
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In this paper, we develop procedures to construct simultaneous confi-
dence bands for p potentially infinite-dimensional parameters after model
selection for general moment condition models where p is potentially much
larger than the sample size of available data, n. This allows us to cover set-
tings with functional response data where each of the p parameters is a func-
tion. The procedure is based on the construction of score functions that satisfy
Neyman orthogonality condition approximately. The proposed simultaneous
confidence bands rely on uniform central limit theorems for high-dimensional
vectors (and not on Donsker arguments as we allow for p > n). To construct
the bands, we employ a multiplier bootstrap procedure which is computa-
tionally efficient as it only involves resampling the estimated score functions
(and does not require resolving the high-dimensional optimization problems).
We formally apply the general theory to inference on regression coefficient
process in the distribution regression model with a logistic link, where two
implementations are analyzed in detail. Simulations and an application to real
data are provided to help illustrate the applicability of the results.
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LOCAL ASYMPTOTIC EQUIVALENCE OF PURE STATES
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Quantum technology is increasingly relying on specialised statistical in-
ference methods for analysing quantum measurement data. This motivates
the development of “quantum statistics”, a field that is shaping up at the over-
lap of quantum physics and “classical” statistics. One of the less investigated
topics to date is that of statistical inference for infinite dimensional quantum
systems, which can be seen as quantum counterpart of nonparametric statis-
tics. In this paper, we analyse the asymptotic theory of quantum statistical
models consisting of ensembles of quantum systems which are identically
prepared in a pure state. In the limit of large ensembles, we establish the
local asymptotic equivalence (LAE) of this i.i.d. model to a quantum Gaus-
sian white noise model. We use the LAE result in order to establish minimax
rates for the estimation of pure states belonging to Hermite—Sobolev classes
of wave functions. Moreover, for quadratic functional estimation of the same
states we note an elbow effect in the rates, whereas for testing a pure state
a sharp parametric rate is attained over the nonparametric Hermite—Sobolev
class.
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EXTREMAL QUANTILE TREATMENT EFFECTS

BY YICHONG ZHANG
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This paper establishes an asymptotic theory and inference method for
quantile treatment effect estimators when the quantile index is close to or
equal to zero. Such quantile treatment effects are of interest in many appli-
cations, such as the effect of maternal smoking on an infant’s adverse birth
outcomes. When the quantile index is close to zero, the sparsity of data jeop-
ardizes conventional asymptotic theory and bootstrap inference. When the
quantile index is zero, there are no existing inference methods directly ap-
plicable in the treatment effect context. This paper addresses both of these
issues by proposing new inference methods that are shown to be asymptoti-
cally valid as well as having adequate finite sample properties.
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OPTIMAL MAXIMIN L;-DISTANCE LATIN HYPERCUBE DESIGNS
BASED ON GOOD LATTICE POINT DESIGNS'

BY LIN WANG*, QIAN X1A0" AND HONGQUAN XU*
University of California, Los Angeles* and University of Georgia'

Maximin distance Latin hypercube designs are commonly used for com-
puter experiments, but the construction of such designs is challenging. We
construct a series of maximin Latin hypercube designs via Williams transfor-
mations of good lattice point designs. Some constructed designs are optimal
under the maximin L |-distance criterion, while others are asymptotically op-
timal. Moreover, these designs are also shown to have small pairwise corre-
lations between columns.
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RHO-ESTIMATORS REVISITED: GENERAL THEORY
AND APPLICATIONS
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Following Baraud, Birgé and Sart [Invent. Math. 207 (2017) 425-517],
we pursue our attempt to design a robust universal estimator of the joint
distribution of n independent (but not necessarily i.i.d.) observations for an
Hellinger-type loss. Given such observations with an unknown joint distribu-
tion P and a dominated model £ for P, we build an estimator P based on
£ (a p-estimator) and measure its risk by an Hellinger-type distance. When
P does belong to the model, this risk is bounded by some quantity which
relies on the local complexity of the model in a vicinity of P. In most situ-
ations, this bound corresponds to the minimax risk over the model (up to a
possible logarithmic factor). When P does not belong to the model, its risk
involves an additional bias term proportional to the distance between P and
£, whatever the true distribution P. From this point of view, this new ver-
sion of p-estimators improves upon the previous one described in Baraud,
Birgé and Sart [Invent. Math. 207 (2017) 425-517] which required that P be
absolutely continuous with respect to some known reference measure. Fur-
ther additional improvements have been brought as compared to the former
construction. In particular, it provides a very general treatment of the regres-
sion framework with random design as well as a computationally tractable
procedure for aggregating estimators. We also give some conditions for the
maximum likelihood estimator to be a p-estimator. Finally, we consider the
situation where the statistician has at her or his disposal many different mod-
els and we build a penalized version of the p-estimator for model selection
and adaptation purposes. In the regression setting, this penalized estimator
not only allows one to estimate the regression function but also the distribu-
tion of the errors.
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Since its introduction in 2000, Locally Linear Embedding (LLE) has
been widely applied in data science. We provide an asymptotical analysis of
LLE under the manifold setup. We show that for a general manifold, asymp-
totically we may not obtain the Laplace—Beltrami operator, and the result may
depend on nonuniform sampling unless a correct regularization is chosen. We
also derive the corresponding kernel function, which indicates that LLE is not
a Markov process. A comparison with other commonly applied nonlinear al-
gorithms, particularly a diffusion map, is provided and its relationship with
locally linear regression is also discussed.
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In this paper, we propose a general class of covariate-adjusted response-
adaptive (CARA) designs based on a new functional urn model. We prove
strong consistency concerning the functional urn proportion and the propor-
tion of subjects assigned to the treatment groups, in the whole study and for
each covariate profile, allowing the distribution of the responses conditioned
on covariates to be estimated nonparametrically. In addition, we establish
joint central limit theorems for the above quantities and the sufficient statistics
of features of interest, which allow to construct procedures to make inference
on the conditional response distributions. These results are then applied to
typical situations concerning Gaussian and binary responses.
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