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EXACT RECOVERY IN THE ISING BLOCKMODEL

BY QUENTIN BERTHET1, PHILIPPE RIGOLLET2 AND PIYUSH SRIVASTAVA3

University of Cambridge, Massachusetts Institute of Technology and
Tata Institute of Fundamental Research

We consider the problem associated to recovering the block structure
of an Ising model given independent observations on the binary hypercube.
This new model, called the Ising blockmodel, is a perturbation of the mean
field approximation of the Ising model known as the Curie–Weiss model: the
sites are partitioned into two blocks of equal size and the interaction between
those of the same block is stronger than across blocks, to account for more
order within each block. We study probabilistic, statistical and computational
aspects of this model in the high-dimensional case when the number of sites
may be much larger than the sample size.
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MAXIMUM LIKELIHOOD ESTIMATION IN GAUSSIAN MODELS
UNDER TOTAL POSITIVITY

BY STEFFEN LAURITZEN, CAROLINE UHLER1 AND PIOTR ZWIERNIK2

Massachusetts Institute of Technology, University of Copenhagen and
Universitat Pompeu Fabra

We analyze the problem of maximum likelihood estimation for Gaussian
distributions that are multivariate totally positive of order two (MTP2). By ex-
ploiting connections to phylogenetics and single-linkage clustering, we give
a simple proof that the maximum likelihood estimator (MLE) for such dis-
tributions exists based on n ≥ 2 observations, irrespective of the underlying
dimension. Slawski and Hein [Linear Algebra Appl. 473 (2015) 145–179],
who first proved this result, also provided empirical evidence showing that
the MTP2 constraint serves as an implicit regularizer and leads to sparsity
in the estimated inverse covariance matrix, determining what we name the
ML graph. We show that we can find an upper bound for the ML graph by
adding edges corresponding to correlations in excess of those explained by
the maximum weight spanning forest of the correlation matrix. Moreover,
we provide globally convergent coordinate descent algorithms for calculating
the MLE under the MTP2 constraint which are structurally similar to itera-
tive proportional scaling. We conclude the paper with a discussion of signed
MTP2 distributions.
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MAXIMUM LIKELIHOOD ESTIMATION IN TRANSFORMED
LINEAR REGRESSION WITH NONNORMAL ERRORS
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This paper discusses the transformed linear regression with non-normal
error distributions, a problem that often occurs in many areas such as eco-
nomics and social sciences as well as medical studies. The linear transforma-
tion model is an important tool in survival analysis partly due to its flexibil-
ity. In particular, it includes the Cox model and the proportional odds model
as special cases when the error follows the extreme value distribution and
the logistic distribution, respectively. Despite the popularity and generality of
linear transformation models, however, there is no general theory on the max-
imum likelihood estimation of the regression parameter and the transforma-
tion function. One main difficulty for this is that the transformation function
near the tails diverges to infinity and can be quite unstable. It affects the accu-
racy of the estimation of the transformation function and regression parame-
ters. In this paper, we develop the maximum likelihood estimation approach
and provide the near optimal conditions on the error distribution under which
the consistency and asymptotic normality of the resulting estimators can be
established. Extensive numerical studies suggest that the methodology works
well, and an application to the data on a typhoon forecast is provided.
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HYPOTHESIS TESTING FOR DENSITIES AND
HIGH-DIMENSIONAL MULTINOMIALS:

SHARP LOCAL MINIMAX RATES1

BY SIVARAMAN BALAKRISHNAN AND LARRY WASSERMAN

Carnegie Mellon University

We consider the goodness-of-fit testing problem of distinguishing
whether the data are drawn from a specified distribution, versus a composite
alternative separated from the null in the total variation metric. In the discrete
case, we consider goodness-of-fit testing when the null distribution has a pos-
sibly growing or unbounded number of categories. In the continuous case, we
consider testing a Hölder density with exponent 0 < s ≤ 1, with possibly un-
bounded support, in the low-smoothness regime where the Hölder parameter
is not assumed to be constant. In contrast to existing results, we show that the
minimax rate and critical testing radius in these settings depend strongly, and
in a precise way, on the null distribution being tested and this motivates the
study of the (local) minimax rate as a function of the null distribution. For
multinomials, the local minimax rate has been established in recent work. We
revisit and extend these results and develop two modifications to the χ2-test
whose performance we characterize. For testing Hölder densities, we show
that the usual binning tests are inadequate in the low-smoothness regime and
we design a spatially adaptive partitioning scheme that forms the basis for
our locally minimax optimal tests. Furthermore, we provide the first local
minimax lower bounds for this problem which yield a sharp characterization
of the dependence of the critical radius on the null hypothesis being tested.
In the low-smoothness regime, we also provide adaptive tests that adapt to
the unknown smoothness parameter. We illustrate our results with a variety
of simulations that demonstrate the practical utility of our proposed tests.
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THE BLUE IN CONTINUOUS-TIME REGRESSION MODELS WITH
CORRELATED ERRORS1
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In this paper, the problem of best linear unbiased estimation is investi-
gated for continuous-time regression models. We prove several general state-
ments concerning the explicit form of the best linear unbiased estimator
(BLUE), in particular when the error process is a smooth process with one
or several derivatives of the response process available for construction of the
estimators. We derive the explicit form of the BLUE for many specific mod-
els including the cases of continuous autoregressive errors of order two and
integrated error processes (such as integrated Brownian motion). The results
are illustrated on many examples.
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ADAPTIVE-TO-MODEL CHECKING FOR REGRESSIONS WITH
DIVERGING NUMBER OF PREDICTORS1

BY FALONG TAN∗ AND LIXING ZHU†,‡

Hunan University∗, Beijing Normal University† and Hong Kong Baptist
University‡

In this paper, we construct an adaptive-to-model residual-marked empir-
ical process as the base of constructing a goodness-of-fit test for parametric
single-index models with diverging number of predictors. To study the rele-
vant asymptotic properties, we first investigate, under the null and alternative
hypothesis, the estimation consistency and asymptotically linear representa-
tion of the nonlinear least squares estimator for the parameters of interest
and then the convergence of the empirical process to a Gaussian process. We
prove that under the null hypothesis the convergence of the process holds
when the number of predictors diverges to infinity at a certain rate that can
be of order, in some cases, o(n1/3/ logn) where n is the sample size. The
convergence is also studied under the local and global alternative hypothesis.
These results are readily applied to other model checking problems. Further,
by modifying the approach in the literature to suit the diverging dimension
settings, we construct a martingale transformation and then the asymptotic
properties of the test statistic are investigated. Numerical studies are con-
ducted to examine the performance of the test.
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NONPARAMETRIC SCREENING UNDER CONDITIONAL
STRICTLY CONVEX LOSS FOR ULTRAHIGH

DIMENSIONAL SPARSE DATA

BY XU HAN

Temple University

Sure screening technique has been considered as a powerful tool to
handle the ultrahigh dimensional variable selection problems, where the di-
mensionality p and the sample size n can satisfy the NP dimensionality
logp = O(na) for some a > 0 [J. R. Stat. Soc. Ser. B. Stat. Methodol. 70
(2008) 849–911]. The current paper aims to simultaneously tackle the “uni-
versality” and “effectiveness” of sure screening procedures. For the “uni-
versality,” we develop a general and unified framework for nonparametric
screening methods from a loss function perspective. Consider a loss func-
tion to measure the divergence of the response variable and the underlying
nonparametric function of covariates. We newly propose a class of loss func-
tions called conditional strictly convex loss, which contains, but is not lim-
ited to, negative log likelihood loss from one-parameter exponential families,
exponential loss for binary classification and quantile regression loss. The
sure screening property and model selection size control will be established
within this class of loss functions. For the “effectiveness,” we focus on a
goodness-of-fit nonparametric screening (Goffins) method under conditional
strictly convex loss. Interestingly, we can achieve a better convergence prob-
ability of containing the true model compared with related literature. The
superior performance of our proposed method has been further demonstrated
by extensive simulation studies and some real scientific data example.
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LOCAL STATIONARITY AND TIME-INHOMOGENEOUS
MARKOV CHAINS

BY LIONEL TRUQUET

CREST-ENSAI, CNRS UMR 9194

A primary motivation of this contribution is to define new locally sta-
tionary Markov models for categorical or integer-valued data. For this ini-
tial purpose, we propose a new general approach for dealing with time-
inhomogeneity that extends the local stationarity notion developed in the time
series literature. We also introduce a probabilistic framework which is very
flexible and allows us to consider a much larger class of Markov chain models
on arbitrary state spaces, including most of the locally stationary autoregres-
sive processes studied in the literature. We consider triangular arrays of time-
inhomogeneous Markov chains, defined by some families of contracting and
slowly-varying Markov kernels. The finite-dimensional distribution of such
Markov chains can be approximated locally with the distribution of ergodic
Markov chains and some mixing properties are also available for these trian-
gular arrays. As a consequence of our results, some classical geometrically
ergodic homogeneous Markov chain models have a locally stationary version,
which lays the theoretical foundations for new statistical modeling. Statisti-
cal inference of finite-state Markov chains can be based on kernel smoothing
and we provide a complete and fast implementation of such models, directly
usable by the practitioners. We also illustrate the theory on a real data set.
A central limit theorem for Markov chains on more general state spaces is
also provided and illustrated with the statistical inference in INAR models,
Poisson ARCH models and binary time series models. Additional examples
such as locally stationary regime-switching or SETAR models are also dis-
cussed.
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[28] GRANGER, C. and STĂRICĂ, C. (2005). Nonstationarities in stock returns. Rev. Econ. Stat. 87
503–522.

[29] HAIRER, M. and MATTINGLY, J. C. (2011). Yet another look at Harris’ ergodic theorem for
Markov chains. In Seminar on Stochastic Analysis, Random Fields and Applications VI.
Progress in Probability 63 109–117. Birkhäuser/Springer, Basel. MR2857021

http://www.ams.org/mathscinet-getitem?mr=2216267
http://www.ams.org/mathscinet-getitem?mr=2178042
http://www.ams.org/mathscinet-getitem?mr=2325295
http://www.ams.org/mathscinet-getitem?mr=1663549
http://www.ams.org/mathscinet-getitem?mr=1429916
http://www.ams.org/mathscinet-getitem?mr=1835040
http://www.ams.org/mathscinet-getitem?mr=2278352
http://www.ams.org/mathscinet-getitem?mr=3642975
http://www.ams.org/mathscinet-getitem?mr=2105738
http://www.ams.org/mathscinet-getitem?mr=0097112
http://www.ams.org/mathscinet-getitem?mr=0298716
http://www.ams.org/mathscinet-getitem?mr=2099647
http://www.ams.org/mathscinet-getitem?mr=3289095
http://www.ams.org/mathscinet-getitem?mr=1312160
http://www.ams.org/mathscinet-getitem?mr=3076780
http://www.ams.org/mathscinet-getitem?mr=1108796
http://www.ams.org/mathscinet-getitem?mr=3671156
http://www.ams.org/mathscinet-getitem?mr=2596998
http://www.ams.org/mathscinet-getitem?mr=2396814
http://www.ams.org/mathscinet-getitem?mr=2797994
http://www.ams.org/mathscinet-getitem?mr=2857021


[30] HALL, P. and BURA, E. (2004). Nonparametric methods of inference for finite-state, inhomo-
geneous Markov processes. Bernoulli 10 919–938. MR2093617

[31] HAMILTON, J. D. (1989). A new approach to the economic analysis of nonstationary time
series and the business cycle. Econometrica 57 357–384. MR0996941

[32] HORVÁTH, L. and KOKOSZKA, P. (2012). Inference for Functional Data with Applications.
Springer Series in Statistics. Springer, New York. MR2920735

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

[34] KULPERGER, R. J. and PRAKASA RAO, B. L. S. (1989). Bootstrapping a finite state Markov
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HIGH-DIMENSIONAL CHANGE-POINT DETECTION UNDER
SPARSE ALTERNATIVES1

BY FARIDA ENIKEEVA∗,† AND ZAID HARCHAOUI‡

Université de Poitiers∗, IITP† and University of Washington‡

We consider the problem of detecting a change in mean in a sequence of
high-dimensional Gaussian vectors. The change in mean may be occurring
simultaneously in an unknown subset components. We propose a hypothe-
sis test to detect the presence of a change-point and establish the detection
boundary in different regimes under the assumption that the dimension tends
to infinity and the length of the sequence grows with the dimension. A re-
markable feature of the proposed test is that it does not require any knowledge
of the subset of components in which the change in mean is occurring and yet
automatically adapts to yield optimal rates of convergence over a wide range
of statistical regimes.
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PERTURBATION BOOTSTRAP IN ADAPTIVE LASSO
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University of Wisconsin—Madison, University of South Carolina and
North Carolina State University

The Adaptive Lasso (Alasso) was proposed by Zou [J. Amer. Statist. As-
soc. 101 (2006) 1418–1429] as a modification of the Lasso for the purpose of
simultaneous variable selection and estimation of the parameters in a linear
regression model. Zou [J. Amer. Statist. Assoc. 101 (2006) 1418–1429] es-
tablished that the Alasso estimator is variable-selection consistent as well as
asymptotically Normal in the indices corresponding to the nonzero regression
coefficients in certain fixed-dimensional settings. In an influential paper, Min-
nier, Tian and Cai [J. Amer. Statist. Assoc. 106 (2011) 1371–1382] proposed
a perturbation bootstrap method and established its distributional consistency
for the Alasso estimator in the fixed-dimensional setting. In this paper, how-
ever, we show that this (naive) perturbation bootstrap fails to achieve second-
order correctness in approximating the distribution of the Alasso estimator.
We propose a modification to the perturbation bootstrap objective function
and show that a suitably Studentized version of our modified perturbation
bootstrap Alasso estimator achieves second-order correctness even when the
dimension of the model is allowed to grow to infinity with the sample size. As
a consequence, inferences based on the modified perturbation bootstrap will
be more accurate than the inferences based on the oracle Normal approxima-
tion. We give simulation studies demonstrating good finite-sample properties
of our modified perturbation bootstrap method as well as an illustration of
our method on a real data set.
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ESTIMATION BOUNDS AND SHARP ORACLE INEQUALITIES OF
REGULARIZED PROCEDURES WITH LIPSCHITZ LOSS

FUNCTIONS1

BY PIERRE ALQUIER2, VINCENT COTTET AND GUILLAUME LECUÉ

CREST, CNRS, ENSAE, Université Paris Saclay

We obtain estimation error rates and sharp oracle inequalities for regu-
larization procedures of the form

f̂ ∈ argmin
f ∈F

(
1

N

N∑
i=1

�f (Xi,Yi) + λ‖f ‖
)

when ‖ · ‖ is any norm, F is a convex class of functions and � is a Lipschitz
loss function satisfying a Bernstein condition over F . We explore both the
bounded and sub-Gaussian stochastic frameworks for the distribution of the
f (Xi)’s, with no assumption on the distribution of the Yi ’s. The general re-
sults rely on two main objects: a complexity function and a sparsity equation,
that depend on the specific setting in hand (loss � and norm ‖ · ‖).

As a proof of concept, we obtain minimax rates of convergence in the
following problems: (1) matrix completion with any Lipschitz loss function,
including the hinge and logistic loss for the so-called 1-bit matrix completion
instance of the problem, and quantile losses for the general case, which en-
ables to estimate any quantile on the entries of the matrix; (2) logistic LASSO
and variants such as the logistic SLOPE, and also shape constrained logistic
regression; (3) kernel methods, where the loss is the hinge loss, and the regu-
larization function is the RKHS norm.
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CROSS VALIDATION FOR LOCALLY STATIONARY PROCESSES1

BY STEFAN RICHTER AND RAINER DAHLHAUS

Heidelberg University

We propose an adaptive bandwidth selector via cross validation for local
M-estimators in locally stationary processes. We prove asymptotic optimality
of the procedure under mild conditions on the underlying parameter curves.
The results are applicable to a wide range of locally stationary processes such
linear and nonlinear processes. A simulation study shows that the method
works fairly well also in misspecified situations.
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GENERALIZED CLUSTER TREES AND SINGULAR MEASURES

BY YEN-CHI CHEN

University of Washington

In this paper we study the α-cluster tree (α-tree) under both singular
and nonsingular measures. The α-tree uses probability contents within a set
created by the ordering of points to construct a cluster tree so that it is well
defined even for singular measures. We first derive the convergence rate for
a density level set around critical points, which leads to the convergence rate
for estimating an α-tree under nonsingular measures. For singular measures,
we study how the kernel density estimator (KDE) behaves and prove that the
KDE is not uniformly consistent but pointwise consistent after rescaling. We
further prove that the estimated α-tree fails to converge in the L∞ metric
but is still consistent under the integrated distance. We also observe a new
type of critical points—the dimensional critical points (DCPs)—of a singular
measure. DCPs are points that contribute to cluster tree topology but cannot
be defined using density gradient. Building on the analysis of the KDE and
DCPs, we prove the topological consistency of an estimated α-tree.
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SPECTRAL METHOD AND REGULARIZED MLE ARE BOTH
OPTIMAL FOR TOP-K RANKING1

BY YUXIN CHEN∗,2, JIANQING FAN†,∗,3, CONG MA∗ AND KAIZHENG WANG∗

Princeton University∗ and Fudan University†

This paper is concerned with the problem of top-K ranking from pair-
wise comparisons. Given a collection of n items and a few pairwise com-
parisons across them, one wishes to identify the set of K items that receive
the highest ranks. To tackle this problem, we adopt the logistic parametric
model—the Bradley–Terry–Luce model, where each item is assigned a latent
preference score, and where the outcome of each pairwise comparison de-
pends solely on the relative scores of the two items involved. Recent works
have made significant progress toward characterizing the performance (e.g.,
the mean square error for estimating the scores) of several classical methods,
including the spectral method and the maximum likelihood estimator (MLE).
However, where they stand regarding top-K ranking remains unsettled.

We demonstrate that under a natural random sampling model, the spectral
method alone, or the regularized MLE alone, is minimax optimal in terms of
the sample complexity—the number of paired comparisons needed to ensure
exact top-K identification, for the fixed dynamic range regime. This is ac-
complished via optimal control of the entrywise error of the score estimates.
We complement our theoretical studies by numerical experiments, confirm-
ing that both methods yield low entrywise errors for estimating the underlying
scores. Our theory is established via a novel leave-one-out trick, which proves
effective for analyzing both iterative and noniterative procedures. Along the
way, we derive an elementary eigenvector perturbation bound for probability
transition matrices, which parallels the Davis–Kahan sin� theorem for sym-
metric matrices. This also allows us to close the gap between the �2 error
upper bound for the spectral method and the minimax lower limit.
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NEGATIVE ASSOCIATION, ORDERING AND CONVERGENCE OF
RESAMPLING METHODS

BY MATHIEU GERBER∗, NICOLAS CHOPIN†,1 AND NICK WHITELEY∗

University of Bristol∗ and CREST-ENSAE†

We study convergence and convergence rates for resampling schemes.
Our first main result is a general consistency theorem based on the notion
of negative association, which is applied to establish the almost sure weak
convergence of measures output from Kitagawa’s [J. Comput. Graph. Statist.
5 (1996) 1–25] stratified resampling method. Carpenter, Ckiffird and Fearn-
head’s [IEE Proc. Radar Sonar Navig. 146 (1999) 2–7] systematic resam-
pling method is similar in structure but can fail to converge depending on the
order of the input samples. We introduce a new resampling algorithm based
on a stochastic rounding technique of [In 42nd IEEE Symposium on Foun-
dations of Computer Science (Las Vegas, NV, 2001) (2001) 588–597 IEEE
Computer Soc.], which shares some attractive properties of systematic re-
sampling, but which exhibits negative association and, therefore, converges
irrespective of the order of the input samples. We confirm a conjecture made
by [J. Comput. Graph. Statist. 5 (1996) 1–25] that ordering input samples by
their states in R yields a faster rate of convergence; we establish that when
particles are ordered using the Hilbert curve in R

d , the variance of the resam-
pling error is O(N−(1+1/d)) under mild conditions, where N is the number
of particles. We use these results to establish asymptotic properties of par-
ticle algorithms based on resampling schemes that differ from multinomial
resampling.
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ON DEEP LEARNING AS A REMEDY FOR THE CURSE OF
DIMENSIONALITY IN NONPARAMETRIC REGRESSION

BY BENEDIKT BAUER AND MICHAEL KOHLER

Technische Universität Darmstadt

Assuming that a smoothness condition and a suitable restriction on the
structure of the regression function hold, it is shown that least squares esti-
mates based on multilayer feedforward neural networks are able to circum-
vent the curse of dimensionality in nonparametric regression. The proof is
based on new approximation results concerning multilayer feedforward neu-
ral networks with bounded weights and a bounded number of hidden neurons.
The estimates are compared with various other approaches by using simulated
data.
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CONVERGENCE RATES OF LEAST SQUARES REGRESSION
ESTIMATORS WITH HEAVY-TAILED ERRORS

BY QIYANG HAN AND JON A. WELLNER1

University of Washington

We study the performance of the least squares estimator (LSE) in a gen-
eral nonparametric regression model, when the errors are independent of the
covariates but may only have a pth moment (p ≥ 1). In such a heavy-tailed
regression setting, we show that if the model satisfies a standard “entropy
condition” with exponent α ∈ (0,2), then the L2 loss of the LSE converges
at a rate

OP
(
n
− 1

2+α ∨ n
− 1

2 + 1
2p

)
.

Such a rate cannot be improved under the entropy condition alone.
This rate quantifies both some positive and negative aspects of the LSE in

a heavy-tailed regression setting. On the positive side, as long as the errors
have p ≥ 1 + 2/α moments, the L2 loss of the LSE converges at the same
rate as if the errors are Gaussian. On the negative side, if p < 1 + 2/α, there
are (many) hard models at any entropy level α for which the L2 loss of the
LSE converges at a strictly slower rate than other robust estimators.

The validity of the above rate relies crucially on the independence of the
covariates and the errors. In fact, the L2 loss of the LSE can converge arbi-
trarily slowly when the independence fails.

The key technical ingredient is a new multiplier inequality that gives sharp
bounds for the “multiplier empirical process” associated with the LSE. We
further give an application to the sparse linear regression model with heavy-
tailed covariates and errors to demonstrate the scope of this new inequality.
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CONVERGENCE COMPLEXITY ANALYSIS OF ALBERT AND
CHIB’S ALGORITHM FOR BAYESIAN PROBIT REGRESSION

BY QIAN QIN AND JAMES P. HOBERT1

University of Florida

The use of MCMC algorithms in high dimensional Bayesian problems
has become routine. This has spurred so-called convergence complexity anal-
ysis, the goal of which is to ascertain how the convergence rate of a Monte
Carlo Markov chain scales with sample size, n, and/or number of covari-
ates, p. This article provides a thorough convergence complexity analysis of
Albert and Chib’s [J. Amer. Statist. Assoc. 88 (1993) 669–679] data augmen-
tation algorithm for the Bayesian probit regression model. The main tools
used in this analysis are drift and minorization conditions. The usual pitfalls
associated with this type of analysis are avoided by utilizing centered drift
functions, which are minimized in high posterior probability regions, and by
using a new technique to suppress high-dimensionality in the construction of
minorization conditions. The main result is that the geometric convergence
rate of the underlying Markov chain is bounded below 1 both as n → ∞
(with p fixed), and as p → ∞ (with n fixed). Furthermore, the first com-
putable bounds on the total variation distance to stationarity are byproducts
of the asymptotic analysis.
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ON TESTING CONDITIONAL QUALITATIVE
TREATMENT EFFECTS

BY CHENGCHUN SHI1, RUI SONG1 AND WENBIN LU2

North Carolina State University

Precision medicine is an emerging medical paradigm that focuses on
finding the most effective treatment strategy tailored for individual patients.
In the literature, most of the existing works focused on estimating the optimal
treatment regime. However, there has been less attention devoted to hypoth-
esis testing regarding the optimal treatment regime. In this paper, we first
introduce the notion of conditional qualitative treatment effects (CQTE) of a
set of variables given another set of variables and provide a class of equivalent
representations for the null hypothesis of no CQTE. The proposed definition
of CQTE does not assume any parametric form for the optimal treatment rule
and plays an important role for assessing the incremental value of a set of
new variables in optimal treatment decision making conditional on an exist-
ing set of prescriptive variables. We then propose novel testing procedures
for no CQTE based on kernel estimation of the conditional contrast func-
tions. We show that our test statistics have asymptotically correct size and
nonnegligible power against some nonstandard local alternatives. The empir-
ical performance of the proposed tests are evaluated by simulations and an
application to an AIDS data set.
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DYNAMIC NETWORK MODELS AND GRAPHON ESTIMATION

BY MARIANNA PENSKY1

University of Central Florida

In the present paper, we consider a dynamic stochastic network model.
The objective is estimation of the tensor of connection probabilities � when
it is generated by a Dynamic Stochastic Block Model (DSBM) or a dynamic
graphon. In particular, in the context of the DSBM, we derive a penalized
least squares estimator �̂ of � and show that �̂ satisfies an oracle inequality
and also attains minimax lower bounds for the risk. We extend those results
to estimation of � when it is generated by a dynamic graphon function. The
estimators constructed in the paper are adaptive to the unknown number of
blocks in the context of the DSBM or to the smoothness of the graphon func-
tion. The technique relies on the vectorization of the model and leads to much
simpler mathematical arguments than the ones used previously in the station-
ary set up. In addition, all results in the paper are nonasymptotic and allow a
variety of extensions.
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