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Abstract

Modern data analysis provides scientists with statistical and machine learning algorithms
with impressive performance. In front of their extensive use to tackle problems of constantly
growing complexity, there is a real need to understand the conditions under which algorithms
are successful or bound to fail. An additional objective is to gain insights into the design of
new algorithmic methods able to tackle more innovative and challenging tasks. A natural
framework for developing a mathematical theory of these methods is nonparametric inference.
This area of Statistics is concerned with inferences of unknown quantities of interest under
minimal assumptions, involving an infinite-dimensional statistical modeling of a parameter
on the data-generating mechanism. In this thesis, we consider both problems of function
estimation and uncertainty quantification.

The first class of algorithms we deal with are Bayesian tree-based methods. They are based on
a ‘divide-and-conquer’ principle, partitioning a sample space to estimate the parameter locally.
In regression, these methods include BCART and the renowned BART, the later being an
ensemble of trees or a forest. In density estimation, the famous Pdlya Tree prior exemplifies
these methods and is the building block of a myriad of related constructions. We propose
a new extension, DPA, that is a ‘forest of PTs’ and is shown to attain minimax contraction
rates adaptively in Hellinger distance for arbitrary Holder regularities. Adaptive rates in the
stronger supremum norm are also obtained for the flexible Optional Pdlya Tree (OPT) prior, a
BCART-type prior, for regularities smaller than one.

Gaussian processes are another popular class of priors studied in Bayesian nonparametrics and
Machine Learning. Motivated by the ever-growing size of datasets, we propose a new horseshoe
Gaussian process with the aim to adapt to leverage a data structure of smaller dimension.
First, we derive minimax optimal contraction rates for its tempered posterior. Secondly, deep
Gaussian processes are Bayesian counterparts to the famous deep neural networks. We prove
that, as a building block in such a deep framework, it also gives optimal adaptive rates under
compositional structure assumptions on the parameter.

As for uncertainty quantification (UQ), Bayesian methods are often praised for the principled
solution they offer with the definition of credible sets. We prove that OPT credible sets
are confidence sets with good coverage and size (in supremum norm) under qualitative
self-similarity conditions. Moreover, we conduct a theoretical study of UQ in Wasserstein
distances W), uncovering a new phenomenon. In dimensions smaller than 4, it is possible to
construct confidence sets whose W),-radii, p < 2, adapt to any regularities (with no qualitative
assumptions). This starkly contrasts the usual L, theory, where concessions always have to be
made.

Keywords: Bayesian nonparametrics, Tree-based methods, Uncertainty Quantification, Wasser-
stein distance, Gaussian process






Résumé

L'analyse moderne des données fournit aux scientifiques des algorithmes statistiques et
d'apprentissage automatique aux performances impressionnantes. Face a leur utilisation
intensive pour traiter des problemes dont la complexité ne cesse de croitre, il existe un réel
besoin de comprendre les conditions dans lesquelles ceux-ci fonctionnent ou sont voués a
I'’échec. Ainsi, un cadre naturel pour développer une théorie mathématique de ces méthodes
est celui de l'inférence non-paramétrique. Ce domaine de la statistique s'intéresse a |'inférence
de quantités inconnues sous des hypothéses minimales avec la modélisation statistique en
dimension infinie d'une quantité paramétrant la loi des données. Dans cette these, nous
étudions les problémes d’estimation de fonctions et de quantification de I'incertitude.

La premiere classe d'algorithmes que nous considérons est celle des méthodes bayésiennes
basée sur des structures d'arbres. Elles reposent sur le principe de 'diviser pour mieux régner’,
en partitionnant |'espace des données pour estimer le parameétre localement. En régression, ces
méthodes incluent BCART et BART, cette derniére étant un ensemble d'arbres ou “forét”. En
estimation de densité, les arbres de Pdlya sont un exemple de telles lois a priori et constituent
la base d'une myriade de constructions connexes. Nous proposons une nouvelle extension,
DPA, qui est une "forét de Pdlya” et permet d'atteindre des vitesses de contraction minimax,
de maniere adaptative, en distance de Hellinger pour des régularités de Holder arbitraires. Des
vitesses adaptatives dans la norme infinie sont également obtenues pour la loi a priori des
arbres de Pdlya optionnel (OPT), similaire a BCART en régression, pour des fonctions de
régularité Lipschitz.

Les processus gaussiens (GP) sont une autre classe populaire de lois étudiées en statistique
bayésienne nonparamétrique et en apprentissage automatique. Motivés par la taille toujours
croissante des bases de données, nous proposons un nouveau processus gaussien "horseshoe’
avec une couche de sélection de variables 'soft’ pour pouvoir tirer parti d'une dimension des
données plus petite que celle de I'espace ambiant. Nous dérivons des vitesses de contraction
optimales pour les loi a posteriori tempérées. Les processus gaussiens profonds sont les
homologues bayésiens des célébres réseaux neuronaux profonds. Nous prouvons que, en tant
qu'élément de base dans une telle construction, les GP ‘horseshoe’ donnent également des
vitesses adaptatives sous des hypotheses de structure de composition du parametre.

En ce qui concerne la quantification de I'incertitude (UQ), les méthodes bayésiennes sont
souvent louées pour la solution qu'elles fournissent avec la définition des ensembles de crédibilité.
Nous prouvons que ces ensembles construits sous OPT sont des ensembles de confiance avec
un niveau de confiance exact et une taille optimale (ou quasi-optimale) en norme infinie sous
des conditions qualitatives d'auto-similarité. De plus, nous menons une étude théorique de
I'UQ pour les distances de Wasserstein 1V, et mettons en lumiére un nouveau phénomene. En
dimensions inférieures a 4, il est toujours possible de construire des ensembles de confiance
dont les rayons en distance W,, p < 2, s'adaptent a n'importe quelles régularités (sans
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hypothéses qualitatives). Cela contraste fortement avec la théorie habituelle en norme L, ou
des concessions doivent toujours étre faites.

Keywords: Bayésien non-paramétrique, méthodes par arbres, quantification de I'incertitude,
distances de Wasserstein, processus gaussiens
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CHAPTER

Introduction

1.1 Statistical framework

1.1.1 Nonparametric Inference

Suppose one observes a random variable X® forn > 1 an integer, from a measurable space
(X,20), with 2 a o-field over X. The law of this random variable is assumed to belong to a
statistical model

{Pf" fer}, (1.1)

where the P;'s are probability measures on 2. If f; denotes the true unknown value which
has generated the data, the goal is to make inference (i.e., recover or at least "approximate”,
in a sense to be made precise below) on f, from X where n quantifies the amount of
information available (we can think of it as a sample size, see below).

As opposed to parametric statistics, one works here with infinite-dimensional parameter spaces
F, i.e. functional spaces. Indeed, one makes the more practical and flexible assumption that
the parameter f cannot be described by a finite-dimensional vector, aiming to capture finer
aspects of the data generating distribution. Two examples of such settings which will be
prominent in this thesis are the following.

Example 1 (Density estimation). The parameter space consists of a subset of the set of
all probability densities on some sample space (X, A) and the observations can be written
as X = (X1,...,X,), with X; independent identically distributed (henceforth i.i.d.) as
Py,, where Py, denotes the absolutely continuous distribution with probability density fo with

respect to a o-finite measure X on A. The model consists of the product measures P}n) = PJ‘?”
on the measurable space (X,2) = (X®", A®").

Example 2 (Nonparametric Gaussian regression with random design). One observes n inde-
pendent and identically distributed pairs of random variables X™ = {(X1,Y}),...,(X,, Y,)}
where (X;,Y;) € X x R and

E:fO(Xz)+€za z:l,,n

There, X is a (possibly multidimensional) covariate space, the variables X; are distributed
given a probability measure yi, the ¢; are independent centered Gaussian random variables,
independent of the design vector (X1, ...,X,). The parameter space is then a subset of the

1
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set of regression functions f : X — R and P]S") denotes the distribution of the n i.i.d. tuples
of variables (X;,Y;) under the regression function f.

In the two examples above, F is typically a subset of a functional space, defined via a
qualitative restriction. For instance, we may intersect the set of probability densities or the set
of regression functions on a bounded set such as the cube [—1, 1]d with the Holder class

S8, L) ={f : Iflp00 <L}, (1.2)
where L > 0 and, for 3 € Rid,
o —0“
Fllgoe =2r 32 N0 fllo +2%7190 37 p 12112 ﬁ'ngy”’
aclal<|i] ala=|g ] Tyel-Lln ety X — Yyl
(1.3)
with @ = (aq,...,0,) € N, |a| = |a]; and 0% = 9% ...0% denotes the a-partial

derivative. For increasing regularities 5 and decreasing radii L, ¥(3, L) contains functions
that are smoother and we will see the consequences in Sections 1.1.2 and 1.1.5.

In this thesis, one focuses on two relevant problems in the recovering of fj:

= the construction of an estimator f, : ¥ — F such that f, (X(”)> is close to fy when

X ~ P;:), where the notion of closeness is made precise in the next subsection;

= the construction of confidence sets C(X (™), containing f; with high probability under

the law of X(™ ~ P}:), with C' being as small as possible (see Section 1.3.2 for the
explicit requirements).

While building an estimate of the parameter is an important step in inference, from a practical
point-of-view, estimates should preferably always be associated to an evaluation of their
uncertainty. A natural way to quantify this is to account for the variability of the estimate,
with regards to the randomness of the observations. This brings us to the construction of sets
of ‘plausible’ parameter values, and called confidence sets. These contain the true parameter
value with high probability, and thus inform statisticians on the reliability of their estimates.

1.1.2 Convergence rates

In order to evaluate the performance of statistical procedures applied to the above problems,
we use a generalized metric d (e.g., a distance, a squared distance, a divergence...) on F. In
estimation, we would like to measure closeness between our estimator fn (X(”) and fy, and
to discard trivial estimators with excellent properties for a handful of parameters but poor
performance globally, we define the uniform measure

Ty = ?EJIT)ESZL) d(f,f)

that is the rate of convergence of the estimator. Then, the question arises as to whether it is
possible to improve upon this rate and to the definition of the minimax rate over the class F

r* = inf sup EM™ d Fof) .
7= inf sup Ey (f.7)



1.1. Statistical framework

where the infimum is over the set of estimators f : X — F and the expectation is under
the law of X ~ P}"). We note in passing that one may also define a notion of minimax
convergence rates in probability, which we use and define in Chapter 4. We should resort to
estimators converging 'as fast as possible’, i.e., whose rate of convergence are of the same
order as 7, or the closest possible.

As more data information and information should improve their performance, it is enlightening
and useful for the understanding of statistical procedures to analyze their behaviour in the
limit n — oco. Such an asymptotic analysis is often easier to conduct and this can help to
classify statistical algorithm given their asymptotic performance. Indeed, it may be possible
that no best algorithm, in a uniform sense, exists. Nonetheless, we note that an algorithm
with optimal asymptotic theoretical guarantees may well be sub-optimal for finite n. Other
procedures that are asymptotically optimal may well have much better performance for small
to moderate n, so that such analysis, though instructive, does not provide a full picture.

Going back to the functional parameter spaces above, equipped with the LP norm-distance,
1 < p < oo, if Fis a subset defined by the parameters 3 and L as in (1.2), it is known [71]

that ;
T 2p+d <
m=co@BLny T, e (1.4)
(n/logn) 7%, p= oo

for C'(B, L) > 0.

1.1.3 Bayesian nonparametrics

Bayesian inference adopts the following point-of-view. Since the parameter is unknown, it is
seen as random and one considers the available observations as fixed. A probability distribution
IT on the measurable parameter space (F, ), called the prior, quantifies this uncertainty
on the parameter, before data are observed. As above, a model (1.1) gathers the potential
distributions of the observations, given the value f € F.

This leads to define a Bayesian model as a probability space
(FxX, Bx2 1) (1.5)

where I' = II ® P; is the joint distribution of (f, X(”)). This gives rise to the conditional

distribution of f | X(™, called the posterior distribution (or simply the posterior). In the
following, we assume that the model is dominated: there exists a o-finite measure v on 2l such
that, for any f € F, P]En) is absolutely continuous relatively to . This is the case in the density
estimation model, with v = A®" (as in Sections 2 and 3) and the regression models of Section
5. Under such condition, defining the likelihood of the data pgc")(X(")) = dP}")/dy(X(”)), a
version of the posterior distribution is obtained from Bayes' formula, for X = X™:

(n)
m(B|x) < 42 (K = p oy (1.6)

S (X)dII(f)

An interpretation is that the posterior quantifies the remaining uncertainty on the parameter,
once data have been observed. The quantity is always well-defined if the observation X(™ is
sampled from the marginal distribution on (X,2() given by the Bayesian model (1.5). Under

a mild condition, namely that the denominator is positive almost surely under P}:), the

3
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posterior distribution I1[-| X] is also well-defined almost surely under the distribution PJESL).

This motivates the adoption of a frequentist point-of-view in the use of Bayesian posteriors
and their use as tools for inference. After acquisition of the data, the information it contains
can hopefully be used to decrease our uncertainty about the parameter f,, Bayes' rule telling
us how to change our 'beliefs' (i.e., the prior) on the parameter.

Going back to the statistical problems mentioned in Section 1.1.1, estimators of f, can be
deduced. For instance, central aspects such as the posterior mean or the center of balls with
large posterior mass (see next section) can be used. It is also conceivable to use samples from
the posterior distribution as random estimators. Moreover, these Bayesian methods have an
inherent ability to quantify uncertainty (cf. Section 1.3) via their credible sets, i.e. sets with
prescribed amount of mass under the posterior. This is a reason for the appeal for Bayesian
inference methods: once the posterior distribution has been computed, it contains all the
information we need to provide answers to various statistical questions. Bayes methods are
then full inferential machines. By contrast, note that typical frequentist methods require to
proceed in two steps to perform estimation and uncertainty quantification.

1.1.4 Theoretical analysis of Bayesian posteriors

We recall that one works under the assumptions that X is sampled from Pf:), for fy fixed, so
that the following theory is the one of ‘frequentist Bayes".

Posterior contraction rates

In order to be able to validate Bayesian inferential methods from the frequentist perspective, a
natural requirement should be for the posterior to allocate a fair share of its mass to elements
of F that are close to fy. Equipping the parameter space with a (pseudo-)distance d, an
asymptotic analysis of the posterior distribution (see Section 1.1.2) motivates the following
definition.

Definition 1 (Posterior contraction rates). A sequence &,, is a posterior contraction rate at the
(n

parameter fo with respect to the metric d if the following convergence holds in Py )—probability
IL[f = d(f, fo) < Mpen| X] — 1, (1.7)

for every M, — 00, as n — 0.

This essentially means that the posterior concentrates most of its mass on a shrinking ball
of radius (almost) ¢,, and centered on f;, and information from the data should eventually
overcome the prior in the limit of large n. For the same reason that we seek convergence rates
for estimators that hold uniformly on the parameter set, posterior contraction rates should be
uniform. However, in the following, we often omit to write it when it is clear that it holds.

Obtaining a posterior contraction rate e, at fo implies that the center f,, of the smallest ball
that contains posterior mass at least 3/4 satisfies d (fn, f()) = Op(ey,) in P}g)—probability, see
[8]. Minimax convergence rates (in probability) corresponding to a certain class of smooth
functions then act as a lower bound on posterior contraction rates around the true function,
assuming it belongs to this given class.

As contraction rates are foremost a feature of the posterior, it seems complicated at first to
determine them in situations where the posterior cannot be explicitly computed. However,

4
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since the seminal works of [64, 152], there is by now a general theory for posterior contraction
rates in terms of "testing” distances. Those are distances d satisfying the following condition
foranyn >1,e >0, fo, fi € F such that d (fo, fi) > ¢, there exists a test ,, : X — {0;1}
such that, for some universal constants &, K > 0,

]E(Z)gpn < e ket sup ]E(n)(l—gon) < e Kne (1.8)
d(f>f1)<£€

For instance, if we focus on the density estimation model, the Hellinger distance

h(fo, f) = \/ / (fo" = £3%)" ax

and the L'-norm distance verify (1.8). Under such condition, the following theorem gives
conditions on the prior and the size of the model allowing for the characterisation of pos-
terior contraction rates. The prior mass condition is measured in the Kullback-Leibler di-
vergence K (fo; f) = Ey,log(fo/f) and the second Kullback-Leibler variation V' (fy; f) =
E;, (log(fo/f) — K(fo; f))?, and the size of the model to the entropy number of a subset,
that is the logarithm of the covering number N (e, A,d) of a set A which is the minimal
number of d-balls of radius ¢ needed to cover A. Below, we define

Bo(fo.e) = {f | K(fo, /) < & V(fo. f) < €}.

Theorem 1 ([64]). For a distance d on F satisfying (1.8), if there exists a partition F =
Fni1UF,2 and C > 0 such that

1. T (Ba(fo,en)) > e~=Cner -
2. log N (égp, Fua, d) < ne?;
3 11 (Fn,Q) S 67(0+4)ns%’

then ¢, is a posterior contraction rate for the posterior I1[- | X].

Informally, this theorem states that, for the posterior to concentrate at a given rate, the prior
should not be too wrong in the beginning and put a sufficient amount of mass near the true
density fo. Also, the set F,, ; of limited size should contain the majority of the mass, so that
the prior is not too complex. We note that this last point is crucial in the above theorem as
it allows for the construction of exponentially consistent test functions [15, 98], an essential
element for these arguments. However, while there exist results on lower bounds for posterior
contraction rates showing the necessity to have a control on the small ball probability, it is not
as clear whether the sieve conditions are necessary (see tempered posteriors below). Intuitively,
these conditions ensure that collecting the information from the data is enough to overcome
the prior information and obtain a posterior with good concentration properties.

Outside of the canonical metrics satisfying (1.8), it seems much more difficult to obtain generic
contraction results in "stronger” distances and these are much sparser in the literature. In
particular, when it comes to the supremum norm, we mention the work of [28] that propose
method to derive minimax optimal sup-norm rates of convergence, assuming a Holder regularity
of the parameter in density estimation and the Gaussian white noise model for natural families
of nonparametric priors and nonconjugate priors, borrowing techniques from semiparametric
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statistics. Also, [78] derive adaptive supremum norm rates in the Gaussian white noise model
with a sparse prior, the spike and slab prior, as well as rates for more abstract "sieve” priors
in various models. In density estimation, supremum norm rates for the classical Pélya tree
prior (see Section 2.2.3) were obtained in [29], and adaptive results for a modified prior were
proved in [31].

Tempered posteriors

In the above Theorem 1, we may consider Condition 1 as the most important one. We naturally
expect that a prior concentrated around the true parameter should give a posterior with good
properties. Indeed, with ideas already available in a PAC-Bayesian and Machine Learning
context in [35, 179] and then developed in Bayesian nonparametrics in [10, 93, 65], it has been
shown that this condition is enough for a modified posterior distribution, the p-posterior and
some metrics, the Rényi divergences. For 0 < p < 1, the p-posterior distribution is defined
similarly to (1.6) but with a fractional likelihood:

1, (B|x] = Iz P X))
' [ P (X)edri(e)

B e*B. (1.9)

Chapters 2 and 5 feature results for such (pseudo-)posterior. For p—posteriors, results are
often naturally derived for posterior contraction rates in the Rényi divergence of order
between densities

Ds(p,q) =

1
51 log/pﬂql_ﬁdy.

This involves results for the Hellinger distance as well in "properly specified settings” as can
be seen from the following inequality

D a(p,q) > 2h*(p, q)-

The random probability measures (1.9) are appealing because contraction rates ¢, entirely
depend on the prior concentration, namely on the condition that, for some ¢ > 0,

M(f: K(foif) <en)ze .

Compared to Theorem 1, there is no need for the construction of sieves F,, ; and the verification
of testing conditions. Therefore, it is possible to conduct a theoretical analysis of a much
broader class of priors and models. Notably, condition 3 of Theorem 1 may sometimes impose
conditions on the tail of the prior, while the construction of sieves in Condition 2 may be
nontrivial to verify as well.

Although the tempering of the posterior typically results in a loss in terms of constants for the
convergence rate for fixed p, or leads to to credible sets enlarged by roughly p~/2 (as one can
see e.g. in the simple {N(6,1)®", 6 € R} model, where the p-posterior for a N'(0,1) prior
on the 0 is N'(pnX /(14 pn),1/(1 + pn)), with X the empirical mean of the observations),
in the nonparametric applications considered in this thesis, their use can be appealing in some
cases as this loss is not too detrimental for rates (this loss appears as a constant factor in the
rates). However, this may be unsatisfactory for a practical use, with finite amount of available
data.



1.1. Statistical framework

Shape results / Bernstein-von Mises theorems

While the above results are mostly indicative of the speed of convergence of posterior samples
to the actual sampling parameter, there is more information than just a rate in the posterior.
It is also interesting to investigate the shape of the posterior.

In parametric statistics, in smooth sampling models indexed by a finite-dimensional parameter
and if the prior has positive density, the (random) posterior distribution converges in some
sense to a normal distribution. When the object of inference is §, € © C R?, d > 1, and én
an asymptotically efficient estimator with asymptotic variance proportional to the inverse I%l
of the Fisher information matrix, the posterior distribution of € converges as follows

£ (V0 —0,) | X™) ~ N (0,151,
where convergence is in total variation, in probability under Pg(:). Such result is known as
the Bernstein-von Mises (BvM) theorem [98]. From a frequentist point-of-view, this provides
a justification of the use of Bayesian procedures as the limit coincides with the efficient
frequentist one. Indeed, efficient estimators @n such as the maximum likelihood estimator
under regularity conditions, satisfy

£ (Vn(bo —6,)) ~ N (0,151,

when the true parameter is . Also, since the limiting distribution does not depend on the
prior, the accumulating information from the data subsumes the information encoded in the
prior.

As for nonparametric models, the obtention of BvM-type theorems is non-straightforward
[32, 33]. However, as explained in Section 1.3.1, such results are of particular interest for the
construction of confidence sets and the development of nonparametric BvM theorems has a
clear appeal for uncertainty quantification purposes. In the Gaussian white noise model [99, 32]
Leahu [2011], and in nonparametric regression and density function estimation [33] obtained
results in this vein. In these last works, the authors build on a parametric BvM theorem
for a finite number of real-valued linear functionals of the infinite-dimensional parameter to
obtain a nonparametric BvM theorem. Finally, we point out that these limiting shape results
can extend to linear functionals of the parameters as well, e.g., Donsker-type theorem for
the cumulative distribution function in the density estimation model (see Theorem 13 of the
present document). In Chapter 3, we use this methodology and develop BvM-type results for
a particular choice of prior on densities.

1.1.5 Adaptation problems

With the Holder norm defined as in (1.3), it follows that Holder balls (1.2) are nested (Lemma
10, [59]),
%(8,L)cx.L), p=p L>0.

Minimax estimation rates over these balls (1.4) show that the estimation problem is easier
whenever the target is smoother. Therefore, emphasis should be put on estimators that are able
to leverage the higher regularity of the parameter and attain the faster rates of convergence,
whenever the true underlying parameter belongs to one of these smaller balls.

As smoother signals renders the inference problems easier, we also expect confidence sets to be
more informative under these conditions, that is we expect them to be smaller. In particular,
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we would like them to have radii of the same order as the minimax rate of estimation. While
adaptive estimators exist for most models, adapting to any regularities, the construction of
adaptive confidence sets is a more involved problem and we present some fundamental elements
of theory in Section 1.3.2.

Though an overview of methods for adaptation is out of the scope of this introduction, we
mention Lepski's method, thresholding estimators as well the natural introduction of layers of
hyperpriors to form hierarchical Bayesian priors.

1.2 Some Machine/Statistical Learning methods

In the recent history of learning and inference algorithms, it is often the case that a boost in
computing power led to a resurgence in the use of previously impracticable methods.

Notably, with the advent of new computational methods in the recent years, e.g. MCMC,
there has been a surge in the use of Bayesian methods. Bayesian counterparts of the original
algorithms of Decision Trees and Random Forests (Section 1.2.2), such as BCART and
BART, rank amongst the best performers in practice but the theoretical understanding of
such achievements is still in its infancy. Another popular class priors on regression surface or
probability densities is the Gaussian Processes (GP) priors and their variants (Section 1.2.1).
Deep Neural Networks (DNN) is another class that has gained much recent popularity. We
briefly draw some links between GPs, forests and DNN in Section 1.2.3.

1.2.1 Gaussian Processes

Gaussian Processes (GP) are stochastic processes that can be viewed as random functions
when they are indexed by a set X'. They were first used as priors in regression by [88] and
[169] and in density estimation by [101] and [102]. Aside from Bayesian nonparametrics, these
objects are prominent in Machine Learning as well [138].

Definition 2 (Gaussian process). A Gaussian process W = (W, : x € X) is a stochastic
process such that, for any k > 1 and xy, ..., x, € X, the vector (W,,,...,W,, ) is distributed
as a Gaussian random vector.

While this definition takes the viewpoint of GPs as collections of random variables, it is often
possible to consider a version of the process with continuous sample paths z — W,. As a
consequence, GPs are often seen as maps W : 2 — B, with {2 the underlying probability space
and B a Banach space, e.g., the space of continuous functions equipped with the supremum
norm.

These processes are completely characterized by their mean and covariance functions, p :
X —>Rand K: X x X — R. Most GPs W used as priors in the literature take i to be
identically equal to zero, so that all of the properties of W are determined by K. A popular
example of such kernel is K(s,t) = min(s,t), for s,t € [0;1], which is associated to the
Brownian motion on the unit interval. As a random function, we note that its sample paths
are almost surely a-Holder regular, for 0 < a < 1/2.

A crucial element in the study of these processes as priors on functional parameters is the
reproducing kernel Hilbert space (RKHS) attached to the Gaussian process (or covariance
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kernel). It is defined [164] as the completion H of the linear space of all functions, k > 1,
x—)Zaz (s, 1), (aj,8)) ERx X, i=1,... k. (1.10)

in the euclidean norm induced by the inner product

k

<Z Sza Z: >H:Z:X_: bK S“

i=1

We note that this definition does not depend on the particular representation of elements of
the RKHS. The set H gets its name from the reproducing formula

f(l’):<f, K(xa'»Hv .TGX,fGH,

which follows for f of the form (1.10) by definition and general f € H by completion. This
allows us to identify this Hilbert space with a functional space. As an example, the RKHS of
the Brownian motion on [0, 1] is the set

{f :[0;1] = R, f(0) =0, /01 f'(t)*dt < oo, f absolutely continuous} :

equipped with the inner product (f, ¢)y fo f'(t)

A general theory of posterior contraction rates for Gaussian process priors has been obtained
in [160, 27, 163]. The RKHS reflects the "geometry” of the Gaussian measure. Building upon
the theory on rates presented in Section 1.1.4, these rates ¢, at f; in canonical distances are
determined as the smallest solution of ¢y, (en) < ne? where the concentration function at f
is

Phe) = ||h||H log P (W] <e),

heH: IIh foH<

and W is a GP with samples in a Banach space equipped with the norm ||-||. The second term,
which we write (), is the small ball probability and gives a lower bound on contraction
rates, independently from f;. For a Brownian motion viewed as a random element of the space
of continuous functions equipped with the supremum norm, y(¢) =72 as € — 0. The first
term is the decentering function and measures the approximation accuracy of the parameter
fo with elements of the RKHS. A downside of the Brownian motion W for approximation
purposes is that it is null at 0. So, we may prefer its released version Z + W, Z ~ N(0.1), to
avoid this shortcoming. It has a slightly smaller RKHS, but the small ball probability is of
the same order. Then, if fo € ¥(8,L), 0 < <1, L >0, its decentering function is upper
bounded, as ¢ — 0, by a multiple of £2=2%/5, Therefore, a solution of ¢y, (g,) < ne? is
e =n~PNI/2)/2 This rate is minimax over X(3, L) in Hellinger distance, i.e. proportional to
n~B/28+1) for B = 1/2 only, which matches the regularity of the sample paths. We note that
this cannot be improved [27].

Different covariance kernels then lead to different modelling choices and this greatly influences
the behaviour of the process as a prior for estimation. Other popular covariance kernels are
the square-exponential kernel SqExp, K (s, t) = e~ l*=tI2 with || - ||, the euclidean norm and
which we study in Chapter 5, and the (a—)Matérn kernel. Both have more regular sample
paths than the Brownian motion (if & > 1/2 for the Matérn kernel), as the SqExp kernel gives
infinitely-differentiable sample paths (and even analytic ones) and the Matérn kernel gives

9
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a—regular ones, a > 0. We finally note that the RKHS is typically bigger for these smoother
GPs, causing the approximation term in the concentration function (which can be understood
as a bias) to increase. However, the small ball probability (equivalent to a variance term)
decreases. We can then interpret the rate theory of GPs in light of the traditional bias-variance
tradeoff from statistical learning.

1.2.2 Tree algorithms and ensembles

Tree-based algorithms find their roots in the "divide-and-conquer” strategy for nonparametric
inference. They rely on a recursive partitioning of some relevant space underlying the statistical
model, such as the sample space in density estimation or the covariate space in nonparametric
regression. They then estimate the parameter locally in each of the obtained subsets, fitting a
simple parametric model in those cells, e.g., a constant model. The partitioning pattern can
usually be represented in a tree fashion, hence the name of these methods. It is often the case
that only binary trees are considered (with binary splits dividing each subset into two smaller
ones). Tree ensembles or forests put several trees together.

Tree-based methods and associated ensemble methods rank among the best performers in
statistical learning and are, as such, widely used in practice. In nonparametric regression and
classification problems, popular versions such as CART (Classification and Regression Trees)
[20] and random forests [19] have sparked the interest of numerous researchers. While the
former’s theoretical behavior in an L*-loss context is now quite well understood [16, 52, 63]
and is still at the heart of recent works [90], the latter have been the object of fewer theoretical
results. Indeed, it relies on recursive partitionings of the sample space and piecewise constant
predictions, both data-dependent, which renders their analysis quite difficult. To date, research
has mainly focused on simplified versions of the original algorithm by Breiman (for which results
are scarce [148]) to prove properties such as consistency [3, 11, 48, 82, 89, 118, 150, 168] or
asymptotic normality [118, 167]. We refer the interested reader to the review [13] for a more
comprehensive account of the topic's literature.

The picture is even more striking with Bayesian versions of these forest estimators, as the
theoretical development has just started to emerge. As for the advantages of these Bayesian
counterparts, we cite their inherent ability to quantify uncertainty through posterior distributions
and their propensity for adaptation. Another noteworthy feature of these methods based on
treed partition is that they include the ability to model a nonstationary parameter (where the
degree of smoothness is changing over the underlying space) [142]. Popular algorithms are
Bayesian CART [40, 49] and BART (Bayesian Additive Regression Trees) [38], the latter being
the prototype of Bayesian tree ensemble models. This motivated a myriad of works applying
and adapting these methodologies in different domains (e.g., genomic studies [111], credit
risk prediction [178], predictions in medical experiments [51], etc.) and to different statistical
problems beyond nonparametric regression (e.g., classification [38, 178], variable selection
[38, 109], estimation of monotone functions [41], causal inference [75], Poisson processes
inference [96], linear varying coefficient models [50], heteroskedasticity [17, 136], etc.). A
thorough presentation of the unified framework underlying BART and its extensions appears
in [154]. The appeal also finds its roots in such algorithms’ competitive practical performance:
their great prediction abilities, robustness to ill-specified tuning parameters, and associated
efficient posterior computation techniques [72, 73, 134, 135].

At the other end of the spectrum, in spite of their wide application in practice, we are still
at the dawn of their theoretical study. We then propose to further the understanding of

10
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such algorithms, in particular via an asymptotic analysis as proposed above in Section 1.1.4.
Besides, we should adopt a frequentist point-of-view as presented in 1.1.4 since a reasonable
requirement for practical Bayesian procedures is to attain frequentist-optimal posterior rates.
It provides a sanity check and is a first step to explain their empirical success, which may be
surprising given that these priors are not developed via an expert domain-specific analysis. In
very recent years, researchers have come up with results in posterior contraction rate theory
for trees and forests in L*-loss [144, 145], in L>-loss [34], and uncertainty quantification
[34, 141]. Also, in the context of density estimation, we note that consistency results for
BCART-type methods in [113]. For more details, we refer the interested reader to the recent
reviews [74, 108].

Finally, we note that [108] provides an informal connection between the BART prior and GPs.
According to their heuristic, In the limit of large number of trees in the BART forest, the prior
behaves likes a zero-mean GP with explicit covariance kernel. Indeed, tree ensemble methods
have a close link with kernel-based methods [149, 3].

Another famous prior in Bayesian nonparametrics that relies on recursive partitioning encoded
into a dyadic tree structure is the Pélya tree process. The first related studies date back to
the '60s [57, 58, 61, 62] while the name appears for the first time in [97, 116] (it originates in
a link with Pdlya urns, nicely explained in [65]). As a prior on probability distributions and
densities, it has since been used regularly and has recently inspired a new line of research
coming up with modified versions [76, 127, 173]. Following this trend, we study priors based
on the Pdlya Tree construction and their use for inference in Chapters 2 and 3. Lately, posterior
contraction rates in L> and Bernstein-von Mises theorems were obtained for Pdlya Trees and
spike-and-slab Pdlya Trees [29, 31].

1.2.3 Neural Networks

Deep learning (DL) is an area of machine learning based on data modelling with complex
structures, called Deep Neural Networks (DNN), that compose layers of linear applications
and nonlinear transformations based on activation functions, with from hundreds to millions of
parameters [100, 70]. On each of these layers, numerous of these linear/nonlinear operations
(or units) are performed, with the outputs serving as inputs for the subsequent layers. DNNs
have proved to be pretty powerful in many problems and enjoyed a surge in computational
power to develop at a fast pace in the late 2000s and early 2010s. Their flexibility and capacity
to learn feature representations place them among state-of-the-art methods. However, given
the complexity of these underlying data structures, for a long time there has been a general
belief that no or little theory can be developed for modern deep network architectures. Since
tree-based algorithms and Gaussian Processes have a close relationship with DNNs as clarified
below, a theoretical analysis of these is valuable to understand why DL works as well.

The compositional structure of DNN motivates analogies with the more recent composition-
based Deep Gaussian Processes (DGPs) [44, 56], where multiple GPs are sampled and the
output of each one is fed to another layer of GPs. This stochastic process is built from a
network of Gaussian processes and takes the form

Yio--ooVy, 121,

where for i = 1,...,1, Y; is a Gaussian process from R% to R%+! (d;,; = 1 by convention).
This extension of GPs provides a richer class of Bayesian priors, as the sample paths of DGPs
can feature more diverse irregularity structures (as in Chapter 5).

11
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In Bayesian neural networks (BNNs), we define a prior distribution on a functional parameter
with a neural network whose parameters are drawn randomly, often from a Gaussian or a
uniform distribution, and Bayesian inference is done integrating the data likelihood as in (1.6).
[123] shows that a neural network with a single hidden layer and i.i.d. parameters converges
to a Gaussian process prior, in the limit of a large number of units in the layer, under some
conditions ensuring this is well-defined. They also obtain explicit expressions for the limiting
covariance kernel. While we may expect a DNN with wide layers, growing altogether, to tend
to a DGP, it is actually not true. The limit is a still a GP [115], though with a covariance
kernel whose definition is much more involved. In practice, [115] also observed in a simulation
study that BNNs and GPs priors with the corresponding choice of the covariance kernel have
a similar behaviour. However, [59] remarks that fixing the width of some internal layers in
the network composition while the others grow to infinity should lead to a DGP limit. As for
traditional DNNs, before the training of the algorithm on the dataset, it has become standard
practice to initialize the network parameter randomly, as if it was drawn from a BNN prior.
Both BNNs and DGPs offer a probabilistic interpretation and a measure of uncertainty for DL
models with their posteriors.

The success of DL algorithms also aroused interest in the potential connections with random
forest estimators. First, [151, 172] established that sparse shallow networks can realize these
tree-based functions. Then, some recent papers also produced hybrid methods combining
upsides of both, e.g., the representation learning properties of DNNs and the computational
efficiency of random forests. For instance, we mention Deep Neural Decision Forests [91],
conditional networks [81], Deep Neural Decision Trees [175], and Neural Random Forests [14],
for which consistency in nonparametric regression was proved, starting the theoretical study of
these connections.

There is also a surge in the development of the theoretical analysis of DNNs. Nonparametric
methods relying on piecewise linear approximations are traditionally suboptimal with signals of
smoothness o > 2. However DNNs overcome this limitation. Even though sparse DNNs with
ReLU activation function results in piecewise linear maps, [147] showed that, in nonparametric
regression, near minimax rates for arbitrary smoothness are attained.

1.3 Uncertainty Quantification and confidence sets

In the previous section, we focused on the problem of estimation of a parameter in an infinite-
dimensional statistical model. As explained, we should also be interested in the quantification
of the uncertainty associated to such estimate. We now describe in a first step the problem of
uncertainty quantification (UQ) via confidence sets, before briefly recalling the challenges and
limitations in the construction of adaptive honest confidence sets, illustrating results in the
case where L,-distances are used to measure the quality of inference.

1.3.1 Construction of confidence sets

In order to do some UQ and account for the inherent uncertainty in our estimation due the
randomness of the observations, the typical goal is to produce a sequence of confidence sets
C,, with confidence level 0 < 1 —~ < 1, that is

}E;P}"’ (f€C)>1—17. (1.11)
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The asymptotic version has the inequality verified in the limit n — oo (possibly a with a limit
inferior). These sets allow practitioners to perform inference on the unknown parameter f; as
their properties are uniform over F.

There are different options to obtain possible values for the parameter and output confidence
set. The most basic construction consists in taking the whole set F as it always contains
the true parameter f, when the model is well-specified. However, as we explain in the next
Section 1.3.2, we should seek the most informative confidence set possible, that is the smallest
one. The size of the set quantifies the level of uncertainty of the estimator, and the solution
which outputs the whole F is then not satisfactory. Another possible construction is based
on the derivation of the limiting distribution of the estimator under the distribution P}:),
when n — 0o. Yet, the problem of deriving this asymptotic distribution is nontrivial in many
configurations.

As hinted in previous sections, Bayesian posteriors provide an alternative to these methods.
We can indeed define a credible region C,, with level 1 — ~ that verify

C, | X] > 1 -7,
or an asymptotic version where the equality is in the limit (possibly the limit inferior) n — oc.

In the above section, we mentioned analogies between Bayesian algorithms (tree-based and
Gaussian processes) with other frequentist methods (kernel-based estimators, Neural Networks,
Random Forests). An advantage of the former is that the posterior distribution they provide
allows for principled uncertainty quantification procedures. Sections 1.2.1 and 1.2.2 were
dedicated to the predictions of the functional parameters that suitable priors could produce
once updated. In addition, these distributions also allow the definition of (credible) confidence
intervals and give the possibility to generate samples, two features that can prove useful in for
UQ purposes.

The question naturally arises whether credible sets can replace confidence sets, i.e., satisfy
(1.11) as well, or are misleading in the UQ they provide. We note that the parametric
Bernstein-von Mises implies that it is the case in smooth parametric models for quantile
credible sets. As for nonparametric inference, in contrast to these, the situation is more
delicate and Bayesian credible sets can fail to have correct coverage, i.e., contain the truth
with high probability.

Castillo and Nickl [32, 33] obtained nonparametric counterparts of the Bernstein-von Mises
theorem in a generic framework, studying as examples the density estimation, nonparametric
regression and Gaussian white noise models, which allows them to produce confidence sets
from posterior distributions, although for weaker norms than usual L? (p > 1) ones. They
also propose a more complex construction to build sets in usual norms by intersecting with
sets encoding further qualitative information about the parameter. It allowed them to obtain
good frequentist coverage for their sets, coupled with a control of their size in the more usual
norms.

We also mention the works of [153, 143] which obtain good coverage properties for credible
balls with radius inflated by a blow-up factor, and recover these results adaptively under general
qualitative assumptions on the parameter.

1.3.2 Adaptive honest confidence sets

Confidence sets satisfying (1.11) are called honest as their coverage is ensured uniformly over
the parameter set. Since we should be interested in the sets that are the most informative
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possible, a condition on their diameter |C,,|, == sup {d(f,9) : f,g € C,} of the form

sup Pr (|Cy|, > Lry,) <6,
feFr

where r,, is the minimax rate of estimation over F and L > 0, is natural. This condition on
the radius is uniform over the parameter set F, but as noted in Section 1.1.5, sets defined
via regularity conditions contain parameters with different regularities, e.g. F = (5, L) U
¥(B,L), ' > [, in the nonparametric regression model. For simplicity of presentation in
this introductory Chapter, we shall consider here only two different regularities, which already
illustrates the main ideas. In this case, the minimax rate of estimation r,(3") over X(5', L)
is faster than the one, r,(3), on X(3, L). Therefore, we should be interested in adaptive
versions of the radius shrinkage condition:

max sup P;(|C,|, > Lr,(t)) <.
2%, S t (ICnlg (t))

The existence of such sets crucially depends on the geometry induced by the distance d on F.
The examples of the L> and the L? norm distance illustrate this point [105, 112]: for the
former, it is impossible to adapt to any two distinct regularities, while for the latter, adaptation
is possible if and only if the two regularities of interest belong to a small interval of the form
[r,2r], r > 0.

From an information-theoretical point-of-view, the impossibility to construct adaptive sets
when regularities are two different is linked to an eventual discrepancy between the rates of
estimation and testing rates in a related testing problem. Therefore, whenever one of these
rate is undetermined, it is unclear whether or not one can construct such confidence sets.
Indeed, for this reason, there is an array of distances for which the question of UQ in those
distances is unanswered.

However, we note that more positive results are available in the literature. These concern
weakened programs where the above conditions of honesty and on the radius should be verified
on smaller subsets of the parameter sets, defined via additional qualitative assumptions so that
the functions regularity can be well estimated, e.g., self-similarity conditions as in Chapter 3.
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1.4 Main Questions and outline of the thesis

The present thesis aims at answering some general questions regarding the behaviour of
statistical learning and uncertainty quantification procedures.

= Chapter 2: Are there advantages in the use of tree ensembles over a single tree
in terms of adaptation to smoothness?

» Chapter 3: Do tree-based methods lead to optimal estimation in terms of the
supremum norm? What about uncertainty quantification in terms of confidence
bounds?

» Chapter 4: What are the information-theoretic boundaries for uncertainty quan-
tification in terms of Wasserstein losses?

= Chapter 4: Is it always the case that estimators, adapting to any regularities, do
not translate straightforwardly into adaptive honest confidence sets?

» Chapter 5: How can Gaussian processes be cast into more general frameworks
to tackle more structured parameters?

The following sections provide more insights into these questions.

1.4.1 Bayesian forests

In Chapter 2, we conduct an analysis of some Bayesian forest posteriors, studying their
asymptotic properties. Following the discussion on posterior contraction rates in Subsection
1.1.4, priors of choice should be able to attain (or be as close as possible to) Hellinger rates
n~/2o+1) “\which are minimax under our assumptions on fy, at least if a < 1. Here, we
consider the density estimation model from Example 1, with X = [0; 1), and we assume that
the sampling density has an arbitrary Holder regularity o > 0.

One limitation of samples from tree posteriors is their lack of smoothness, which diminish their
performance as estimators in context where we typically expect the signal to be smooth. Indeed,
in nonparametric regression, Bayesian histogram estimators on regular partitions and with
independent heights can be shown to be suboptimal for regression functions smoother than
Lipschitz-regular, i.e., when o > 1 above. Consequently, we may conjecture that the piecewise
nature of finite Pdlya Tree samples hinders their ability in the estimation of smoother densities
as well. However, concerning forest priors, [37] remarks that, in terms of root mean square
error, the BART posterior mean (estimated with MCMC samples) fares almost as well as a GP
posterior mean on a benchmark simulated regression dataset. This is a seemingly surprising
result given that the BART estimates are piecewise constant as well and the true parameter in
their study is a smooth function. Recalling the link between BART and GPs mentioned in
Section 1.2.2, this suggests that BART samples have a regular underlying structure in spite of
their rough piecewise nature.

The 'tree-aggreggation’ aspect of BART seems to account for this behaviour. On the other
hand, initial work from [3] showed that by aggregating infinitely many randomly shifted
tree estimators in a frequentist forest estimator, one can perform smoothing reminiscent of
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triangular kernel estimators and adapt to regularities o < 2 (for regression and for points that
are ‘far’ from the boundary of the covariate space).

In order to shed light on this potential smoothing effect of aggreggation, in Bayesian forests
this time, we propose in this chapter a new Discrete Pélya Aggregate (DPA) prior. It is
defined as an aggregation of Pdlya trees with deterministic shifts and with correlated heights.
Informally, the DPA prior on densities is the distribution of

12
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where each g; is distributed as a finite Pdlya Tree of depth L, though they are not independent,
and with suitable priors on the trees depth L and their number ¢ in the forest.

We demonstrate that such priors, with good hyperparameters, are optimal (up to logarithmic
terms) for estimating a-Holder densities in Hellinger distance for any arbitrary o > 0. Since
the smoothness of the prior is ‘quantified’ by the depth of the trees, adding a hyperprior on
this aspect guarantees adaptivity. The adaptive version of DPA is then optimal for all & > 0
simultaneously. The trees in the above aggregation are defined as ‘suitable shifts’ of the same
Pélya Tree sample, so that they are highly ‘correlated’.

Firstly, this improves on previous results on tree-based methods [3, 121] as they usually assume
that o« < 1, as well as on previous results on random forests models that generally assume
a < 2. Forests were proved to have an advantage over single-tree estimators only on the
range 1 < a < 2. As for Pédlya tree-like priors in particular, this brings a partial answer to the
question of adaptation and optimality to regularities higher than Lipshitz, a question left open
in [29] for the original tree prior. Secondly, another important novelty of these results is that
DPA carefully handles the boundary of the unit interval in its definition, while previous results
on random forests obtained suboptimal rates at the boundaries when 1 < a < 2. The theory
then illustrates further the smoothing benefits of Bayesian forests and their truncations.

We build our results on the general methodology developed around Theorem 1 and we leverage
similarities between DPA and spline priors on densities. While [149, 3] linked forests to
kernel-based estimators, this link is a further confirmation that ensemble versions of tree-based
methods can possess and benefit from hidden regularity structures, in spite of their piecewise-
constant nature. Also, although we focus on the density estimation model (a reason being
that a goal was to extend results on Pdlya Trees in this framework) on the unit interval, the
idea is sufficiently general so that it should extend to sample spaces X in higher dimensions
and to other models, such as nonparametric regression (considered in [3]).

1.4.2 Optional Pélya Trees

The results announced in this section were developed in a joint work with Pr. Ismaél Castillo
(Sorbonne Université).

Establishing a theory of rates in the supremum norm is all the more appealing as scientists
intuitively measure closeness with this distance: when curves are said to be visually close to
each other, we interprete this statement with closeness in supremum norm. While the prior
proposed in the previous chapter is shown to be adaptive optimal in Hellinger distance, the
methodology adopted does not answer the question of supremum norm posterior contraction
rates. Theorem 1 does not apply to this stronger distance and this problem is more delicate
in general. In addition, as explained in Section 1.1.3, a motivation in the use of Bayesian
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approaches is the construction of confidence regions for the parameter. Chapter 3 considers
the same density estimation model as Chapter 2 and adopts a Bayesian perspective as well.

[29] obtains results in this direction for the original Pdlya Tree construction, showing its
nice properties for the estimation of unknown densities. Nonetheless, his construction is
non-adaptive as he tuned hyperparameters based on the known regularity 0 < a < 1 of the
density, and it remained an open question how the methods could be made adaptive.

Given the link between Pdlya trees with dyadic splits in the partition and the Haar wavelet
basis, the aforementioned work uses the mutiscale approach introduced in [32, 33] to obtain
rates as well as a Bernstein-von Mises theorem. The idea is that a BvM-type theorem can
be proved to hold in weaker topologies (from multiscale norms) for some priors, and the
resulting credible sets appropriately modified will have asymptotically the correct coverage
and optimal size. In a recent work, [31] obtained L>°-adaptive versions of these theorems for
a "spike and slab” version of Pdlya Trees. While this relies on an adaptive selection of the
wavelet coefficient, this selection is not performed in a tree-fashion and it could be costly in
high-dimension.

The original Pélya Tree algorithm involves dyadic complete binary trees, which may be too
rigid to expect adaptation. In order to answer the above questions, we consider here a more
flexible tree-prior on densities, the Optional Pdlya Tree [173], or OPT henceforth: it is a
BCART-type hierarchical prior where trees are distributed as a Galton-Watson process (they
are no longer complete a.s.) and, given a tree, the random densities are defined in Pdlya
Tree-like way along the tree. Active coefficients selected in the wavelet basis then depend on
the node in the tree.

[34] studied the BCART prior in the Gaussian white noise and nonparametric regression model,
in which they obtain Bayesian adaptation for the supremum loss, for estimation and UQ
purposes. We remark that the Pélya Tree counterpart of their prior is a specific case of OPT.
We pursue their investigation accordingly, in the density estimation model, and adopt the
multiscale approach of [32, 33]. As we first prove that the OPT prior is conjugate in this
model, we leverage the representation of densities using Haar wavelet expansion to obtain
adaptive supremum norm posterior contraction rates, whenever the density has an a-Holder
regularity, 0 < a < 1. We also define a frequentist tree-based estimator from a central aspect
of the posterior, the median tree estimator, which is shown to converge at the minimax rate
to the true sampling density fj.

The novelty in this chapter is the validation of tree-based methods in density estimation as a
tool for near-optimal uncertainty quantification in terms of the supremum norm. A first answer
to questions of estimation and UQ for fj is the proposal of an L>°-ball centered on the median
tree estimator which is shown to be, under self-similarity assumptions, an asymptotic credible
and confidence set with coverage converging to 1 and an adaptive radius, shrinking at the
minimax rate of estimation. A similar construction is proposed for a smooth functional, the
cumulative distribution function associated to fj, this time with exact (credible and confidence)
coverage 1 — v and without self-similarity assumptions. To obtain exact asymptotic coverage
for fy, we derive an adaptive BvM theorem in a weak multiscale distance, along the lines of
[139], which is a key element towards the obtention of confidence bands. The intersection of
the supremum norm ball centred on the median tree with a multiscale credible band of level
1 — 7 is shown to have exact asymptotic coverage as well as adaptive supnorm radius.

The conjugacy property of the OPT prior in the density estimation model and its sequential
definition is also appealing from a practical point of view. Exact sampling from the posterior
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turns out to be possible using the recursive nature of the tree partitioning, and we conduct a
numerical study on synthetic dataset to illustrate the proposed methodologies for estimation
and UQ and their features, including regularity adaptation, spatial adaptation [142] and the
limitation to Lipschitz-regularity for methods based on single trees (as underlined in Chapter
2).

1.4.3 Uncertainty Quantification with Wasserstein distances

The results announced in this section were developed in a joint work with Neil Deo (Cambridge
University).

In Chapter 4, we focus on the question of the construction of adaptive honest confidence sets
for fy as presented in Section 1.3. As explained, the theory underlying the possibility for such
sets to adapt to different regularities depends on the geometry induced by the distance used
for inference. In particular, the (non-)existence of adaptive sets is partly determined by the
minimax estimation rates over the smoothness classes of interest and rates in some related
testing problems. Whenever one of these rates is unknown, the question of existence remains
unanswered. We consider here the density estimation model with the d—dimensional torus
as sample space X = T? and assume that the sampling density f, has a regularity s > 0
(measured on the Besov scale of smoothness, see Section 4.5).

This work focuses on the case of the Wasserstein distance, W, 1 < p < 2, between densities
defined as
1/p
wira =t ([ dearien)
m€ll(Pr,Py) \J xxx
with the infimum ranging over the set II (Py, ;) of measures on X' x X’ with marginals P
and P, that are the distributions on X’ with Lebesgue densities f and g respectively. While
this distance finds its roots in Optimal Transport problems [120, 87], it recently became quite
popular in several fields such as optimization [131], computer vision [124] or Machine Learning
with the development of Wasserstein GANs [2, 12].

It also has appears in Statistics in several ways, as a tool for inference. In particular, [171]
determined the minimax rates of estimation for Besov-regular densities that are lower and upper
bounded by positive constants. They showed that, under these conditions, the Wasserstein
distance compares with weak Besov norm-distances of negative smoothness —1, extending
the classical Kantorovich-Rubinstein duality formula applied to W;. As a consequence, the
obtained convergence rates n72ss++1d are faster than the usual L,—rates. However, neither the
question of testing rates in Wasserstein distance nor the construction of honest adaptive

confidence sets were tackled.

Leveraging this comparison with a negative Besov norm, we obtain lower bounds on the testing
rates in arbitrary dimension d, once again much faster than the corresponding L,, ones, which
allows us to discard regularity values for which adaptation is not feasible. When it comes to the
positive results, in all the situations that have not been ruled out by the preceding argument,
we provide a construction of confidence sets. We define these as balls in a sample-splitting
scheme, first constructing an adaptive minimax estimators as a center and using the method
of risk-estimation via U-statistics to determine the radius. For this last point, we indeed use
continuous embeddings of negative Besov spaces in some Hilbert space so that it is possible
to estimate the risk at a very fast rate, allowing for adaptation.
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Our results features a surprising new phenomenon in view of the classical theory for LP
distances: in small dimension, it is possible to adapt to any regularities. In higher dimensions,
adaptation is possible if and only if regularities of interest are close enough, lying in window
that is still (significantly) larger than the one prescribed for L? adaptation. This window takes

the form [r 2d—4,. | d%lz; ,

R as opposed to [r,rp/(p — 1)] (L* distance, p > 1). We underline
that our findings are not limited to Wasserstein distances: similar results can be proved for
any Besov norm-distances of negative smoothness, granted that Hilbert space embeddings are
possible for the positive results. For the negative results, it transpires that fewer configurations
are ruled out by the theory because, while estimation and testing rates both accelerates, the

later becomes much faster. Regularities 7 < s to which adaptation is possible simultaneously

__r4l _ s+l . .
are the ones such that n~ 27+4/2 > n~ 2574, Since this effect should also happens for other
weak negative distances, an analogous phenomena should take place.

1.4.4 Deep Horseshoe Gaussian Processes

The following elements are the focus of an ongoing project in collaboration with Pr. Ismaél
Castillo (Sorbonne Université).

In the last chapter, we consider the nonparametric regression model from Example 2, where
we observe n i.i.d, variables (X;,V;) € [-1,1]? x R and

Y= fo(Xi) +e, i=1,...,n,

with i.i.d. noise variables &; ~ N(0,0?) independent from the design X;. The parameter
to be recovered there is the regression function f,. We consider the case where f; veryfies
an additional compositional structural assumption. We place ourself under the framework of
[147, 59] which assume that fo = h, 0 - o hg is the composition of ¢ + 1 applications. Each of
the component h; : [—1,1]% — [—1,1]%+! is assumed to be 3;-Holder and to depend on a
small set of variables t; < d; only.

On the one hand, while Gaussian processes proved to be competitive in practice for a wide
range of tasks, theoretical guarantees are nonetheless scarce when it comes to the more
current contemporary applications such as high-dimensional inference, where the signal has
a low-dimensional structure. Hierarchical extensions of GPs are usually adopted to tackle
these situations, performing a rescaling and a stochastic variable selection that allows for an
adaptation to the smoothness and the sparsity of the regression function. [176] propose for
instance an add-GP prior with a Bernoulli selection of active variables and a conditional GP
prior on the selected subset. On the other hand, the presence of a compositional structure
in the regression function motivates the study of DGP priors. [59] proposes to place a prior
on this latent structure, represented as a network graph with edges representing the selected
active variables, and then, conditionally on this graph, they draw the different GPs in the
composition. They also condition individual GPs to be ‘smooth’ enough in order to regularize
the composition and avoid paths with wild behaviour detrimental to the estimation goal.

In both situations, we remark that some sort of "hard” selection of variables is performed
through a hyperprior on the discrete subset of variables, in a hierarchical prior, ahead of the
draw of the GPs. We propose to replace this with a "soft” version of this selection, using the
ARD (Automatic Relevance Determination) kernel, akin to the SqExp kernel,

K(s,t)=e" Y wilsi—ti)?
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Already used in the original paper on DGP [44], it puts different weight w; for each latent
dimension with the aim to “switch off” irrelevant dimensions with small weights. In this
paper, the weights are determined via a variational procedure. We adopt here a fully Bayesian
method and put a hyperprior on these variables. Inspired by the Horseshoe prior [26, 159], the
weights then have a continuous distribution, with a pole at 0 and sufficiently large tails to
simultaneously perform the scaling and the stochastic variable selection. The beneficial effect
of the Horseshoe prior in this context is that it allows for the simultaneous adaptation to the
regularity and the low-dimensional structure of the parameter.

We demonstrate that the p-posterior, for this Horseshoe GP prior and the Deep Horsehoe
GP under structural assumptions, achieves minimax contraction rates. For the deep prior, we
note that it replaces the sparse structural graph with a full graph with weighted edges, which
simplifies the definition of the prior as opposed to [59] and should be more convenient for
simulation purposes.
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CHAPTER

Smoothing from Bayesian forests

Recently, S. Arlot and R. Genuer have shown that a random forest model outperforms
its single-tree counterpart in estimating a—Holder functions, 1 < a < 2. This backs up
the idea that ensembles of tree estimators are smoother estimators than single trees.
On the other hand, most positive optimality results on Bayesian tree-based methods
assume that o < 1. Naturally, one wonders whether Bayesian counterparts of forest
estimators are optimal on smoother classes, just as observed with frequentist estimators
for a < 2. We focus on density estimation and introduce an ensemble estimator from
the classical (truncated) Pdlya tree construction in Bayesian nonparametrics. Inspired
by the work mentioned above, the resulting Bayesian forest estimator is shown to lead
to optimal posterior contraction rates, up to logarithmic terms, for the Hellinger and L!
distances on probability density functions on [0; 1) for arbitrary Holder regularity o > 0.
This improves upon previous results for constructions related to the Pdélya tree prior,
whose optimality was only proven when o < 1. Also, by adding a hyperprior on the
trees’ depth, we obtain an adaptive version of the prior that does not require o to be
specified to attain optimality.
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2.1 Introduction.

A significant shortcoming of the positive results of (almost-)optimal performances for tree-
based methods (ensemble versions or not) is that they typically assume that the signal
has limited regularity. Indeed, they study functional parameters that either lie in between
step-functions [158] and Lipschitz applications [29, 31] or belong to an additive model with
Lipschitz components [145]. This comes from the fact that tree-based partitioning induces
piecewise-constant estimators, which are usually too rough for efficient inference of smooth
applications. Nevertheless, it has been noted that the aggregation of individual estimates may
have a "smoothing” effect. This idea is already present in Breiman's bagging [21]. It thus
seems conceivable that a forest, i.e., a tree ensemble, may be more regular and enjoy optimal
rates with even more restrictive smoothness assumptions. A few years ago, Arlot & Genuer [3]
indeed showed that this could be the case in a regression setting. Their method is described
in more detail in Section 2.2. In addition, some works made links between random forests
and kernel estimators [149, 3]. This similarity was also recently established by [128] in the
context of another tree ensemble model based on the Mondrian process [146], the Mondrian
Forest [95]. The forest models developed there are such that the random construction of
single trees is independent of the observed data. As mentioned above, such simplification has
proved fruitful to come up with theoretical results. These are commonly known as Purely
random forests. They are also interesting for the study of Bayesian tree ensemble methods in
that they too rely on the specification of a probability distribution on sample space recursive
partitionings.

The present work builds upon ideas from [3]. The authors developed a Purely random forest
model that attains minimax convergence rates on the class of twice differentiable functions
on [0;1], for a modified L?-loss (excluding points near the interval frontier). However, the
related single-tree estimators are shown to be optimal only up to once-differentiable regularity.
In the following, we will see how it is possible to adapt their aggregation of trees to forests to
Pélya trees. We introduce a new prior on probability density functions, the Discrete Pélya
Aggregate (DPA) prior, which is a toy random forest incorporating an aggregation step in its
definition. Our contribution is threefold. First, we prove that the aggregation in DPA induces
smoothing: the corresponding posterior distribution attains the optimal (up to log terms)
Hellinger rates on classes of densities of arbitrary Holder regularity o (no upper bound). Note
that [3] and [121] achieve this only up to @ = 2. We demonstrate this smoothing through
a link between DPA and spline densities. Second, our construction is adaptive: our results
hold without knowledge of the regularity parameter through a hyperprior on the tree depth.
Furthermore, we show how to handle smoothing at the domain’s frontier by slightly modifying
the prior close to the edges. Third, the DPA prior can be seen as a possible 'way’ to smooth
PT priors, a question left open in [29, 31], at least here in terms of Hellinger rates. These
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results highlight the benefits that ensemble methods can have in Bayesian nonparametrics,
smoothing the estimator to attain optimality on a broader class of problems and allowing
adaptation. It is worth mentioning that [107] showed that a Bayesian forest made of 'smooth’
decision trees adapts to high regularities in a regression setting. However, their individual 'tree
predictors’ are already smooth, whereas we work with "hard’ histogram-tree predictors, as in
original random forests.

This chapter outline is as follows: Section 2.2 introduces our study framework and the
aggregation ideas from [3] before presenting the DPA prior. Then, in Section 2.3, we expound
on our results on the DPA posterior and other ones on priors inspired by the study of DPA.
After a short discussion, the article body ends with the proofs of these results in Section 2.5.
Selected proofs, helpful lemmas and elements used to derive our main results and a short
numerical study illustrating our theoretical analysis are deferred to Section 2.6.

2.2 Aggregation of a Pélya Tree.

2.2.1 Framework.

Let's elaborate on the problem at hand, which is the one of density estimation. Below, P
is the probability distribution on € := [0;1) with density f w.r.t. Lebesgue measure \. In
a full Bayesian framework, one specifies a distribution on a pair (X f), determined by a
prior on probability densities f, denoted II, and the conditional distribution X ™ | f ~ Pg".
From this, one obtains the posterior distribution, denoted II [- | X], omitting the superscript
for conciseness. We adopt a frequentist point of view in the analysis of the Bayesian procedure.
Indeed, we assume that X follows the distribution P5" for a given f; instead of the marginal
distribution of the pair (X, f). Accordingly, we are interested in the asymptotic behaviour of
I1[- | X] under such conditions. In this chapter, we introduce priors on probability densities
such that the associated posteriors concentrate their masses on balls with center f, at optimal
rates (up to logarithmic factors).

A central assumption for our subsequent analysis is that f; is a-Holderian (a > 0), i.e., it
belongs to the Holder class, with |« the biggest integer strictly smaller than «,

(le]) () — f£(led)
¥(a,[0,1)) = {f 0,1 = R flls@ = Sup|f (z) = [V (y)|

< 400 .

Ty |z — ylo~lel }

In the following, we write, for real positive sequences u,,, v,, u, < v, whenever there exists a
constant C' > 0 independent of n such that for any n large enough, u,, < Cv, (2 is defined
likewise). Also, if u, < v, and u, 2 v,, we write u,, =< v,, while u,, « v, means that there
exists a constant C' such that u,, = C'v,,. When comparing two quantities a,b € R, we write
a Vb= max(a,b) and a A b := min(a,b). For random variables X and Y, X 1 Y means
independence. [E; denotes the expectation under P¢", as there will no ambiguity on n in
the following. Also, as pointed out, we denote |a| the greater integer strictly smaller than a.
As for the usual floor operator, it is written |-|s. For real univariate maps f, g, f * g is their

standard convolution. The n-dimensional unit simplex is

i=1
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and the e-covering number N (e, A, d), for some € > 0 and A a subset of metric space (V,d),
is the minimum number of e-balls with centers in V' needed to cover A. |||, is the L'(Q)
norm and h is the Hellinger distance.

2.2.2 Smoothing of frequentist forest estimators.

Since they entail piecewise-constant estimators with independent heights, inference methods
that rely on single-tree constructions are usually limited in their performance. They are
generally suboptimal on balls of Holder classes with regularity o > 1. Nonetheless, there is
hope that their ensemble methods are less prone to such problems and better suited for the
inference of smoother parameters. In this section, we discuss a toy model from [3] which
confirms this intuition.

Ao Ay Ay Az
0 | | | 1
— — F— —
U U U, U | J
0 + + 1
BO Bl B2 BB B4

Figure 2.1: Random shift of a regular partition.

Let's assume that we are faced with estimating some map fo: [0;1) — R (let it be in density
estimation, regression, Gaussian white noise problem, etc.). Tree-based methods build upon a
recursive partitioning of the interval [0; 1) so that the estimator is piecewise constant on this
given partition. Some data average typically defines the values taken on each cell. Conversely,
any partition in subintervals can be represented by a binary tree. Purely random forests then
rely on the aggregation of random piecewise constant estimators, the cells of the partitions
being random and independent of the observed data.

A particular toy distribution Py, on partitions presented in [3] is sketched in Figure 2.1.
Given k € N*, the partition U is defined starting with a regular partition of step k! whose
breakpoints are shifted to the right by U/k, with U ~ U][0; 1]. A tree estimator averages the
data on the partition P ~ Py, while a g-forest, ¢ > 1, is itself the average of g tree estimators
corresponding to the i.i.d. partitions P; ~ Py, @ = 1,...,¢. In the context of nonparametric
regression with a modified L?-loss that only takes into account points far enough from the
frontier of [0; 1], [3] shows that forests with a sufficient amount of trees and a well-chosen
k attain optimal convergence rates in the estimation of twice differentiable functions. An
intuition for this result is that, in the limit ¢ — oo, the forests actually mimic a triangular
kernel estimator (see Proposition 4 from [3]). On the other hand, even with an optimal £,
single-tree estimators cannot do better than usual histogram estimators and are optimal only
when the function f; has at best Lipschitz regularity. While the approximation error of a tree is
controlled by the L?-projection of f; on a linear space of piecewise-constant maps, forests' one
is controlled by the average of such projections on different spaces (the cells varying between
spaces). It then appears that aggregation allows forests to borrow strength from a smoother
object that enjoys nice approximation properties, bringing about the estimator’'s smoothing.

However, aggregating once still only allows the obtention of minimax convergence rates
corresponding to twice differentiable regularity at most. It is unclear how the idea could be
pushed further to adapt to arbitrary regularities in this context. Below, we see that it is
possible to do so with Bayesian estimators.
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2.2.3 The DPA prior.

Since we are focusing on density estimation, it is sensible to delve into the Pdélya Tree prior,
and more particularly into its finite version where the tree is truncated at a given depth. We
talk about the Truncated Pdlya Tree (TPT) prior to refer to the distribution on probability
density functions defined in the following paragraph.

Q=1[0;1)
Yo ~ Beta (v, 1) Yi=1-Y]
Io = [0;1/2) = [1/2:1)
Yoo ~ Beta (v, 1/01)/ \/01 =1-Yy Yo ~ Beta(vy, 1/11/ \YM =1-Y
o= 01/9)] [Ior = [1/4:1/2) ho=[1/2:3/9)] [l = B/4:D
g9(z) = 4YoYoo | |g(z) = 4YoYn g(z) = MYi| |g(z) =4N1Yn

Figure 2.2: Truncated Pélya Tree at depth L = 2.

We introduce some notation and illustrate the construction of the TPT prior in Figure 2.2 (see
also Chapters 3.5-3.7 of [65]). For any [ > 0 and 0 < k < 2, the dyadic number r = k27!
has a binary expansion 0.x; . /{l (possibly padded with 0's on the right) with x; € {0, 1} for
1=1,...,1l,ie,r= Zé L k;279. Reciprocally, any x € {0,1}! with [ > 0 corresponds to the
binary expansion of a dyadic number of the form k2! for some 0 < k < 2'. Consequently, we
write x(1, k) € {0, 1} the sequence of length |x(l, k)| = | corresponding to the dyadic k2~
(by convention £(0,0) = @). Then, for 0 < i <land k = ky ...k € {0;1}, Kl == k) .. k.
For any pair (I, k) € N x Z, we introduce [, = {%, %) and, whenever [ > 0,0 < k < 2/,
Lk = I . One sees that I, = I,,o U Iy and 0 = U, |,=/ so that the union of the sets
of the form I, defines a recursive partitioning of the unit interval. In Figure 2.2, one sees that
this partitioning consists of splitting each interval in its midpoint from one level to another.
We refer to I.q (resp. I,1) as the left (resp. right) child of I,. Therefore, x encodes the
sequence of partitioned sets from () to I, according to this relationship.

Then, for L € N* and a set of positive real parameters A = {U,{, k € UE {0, 1}1}, we say
that the Lebesgue probability density g follows a Truncated Pdlya Tree distribution TPT, (A)
for the above recursive partitioning scheme if there exist random variables 0 < Y, < 1 for any
0 < |k| < L such that

» the variables Y, with 0 < |k| < L — 1 are mutually independent and Y,y ~
Beta (U,.i(), ’U,ﬂ),

» YVoa=1—-Yfor0< |k <L-1,

= Vest |k| =L, Vo €I, glx) =21, Y

The link between this construction and dyadic trees is illustrated in Figure 2.2 where we see
that L defines the depth of a tree that encodes a partition of €2. One sees that for any
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sequence k as above, Yo = P, (1) /P, (1) = P, (10 |1,;). Subsequently, we always assume
for simplicity that the parameters v, in the set A verify v, = aj|, so that we rather write

A= (al>0<l§L'

Setting Hy;, = 2L]IIL’1., a probability density g defined as above can be written

2f—1 L
g = Z GiHL,ia 61 = H Yﬁ(l,LiQI_Ljf)’ (21)
=0 =1

so that it belongs almost surely to

Cr = {h: [0,1) — R*

/h =1, his constant on [, || = L} .

As pointed out before, the elements of C, are too rough to approximate efficiently smooth
applications, so we would like to leverage ideas developed in the last section to obtain
"smoother” prior samples.

The TPT prior defined above has samples that are piecewise constant on some dyadic partition
of 2. However, it would be possible to develop a similar prior so that the samples are piecewise
constant on a different partition. Figure 2.3 illustrates such construction in the case of a
dyadic partition shifted by some quantity S, just like in Section 2.2.2. We point out a slight
difference from what we described in Section 2.2.2: to be encoded in a complete binary tree of
depth [ > 0, the recursive partitions need to have 2! elements at level [, while a shifted dyadic
partition has 2! + 1 elements (see Figure 2.1). The way to go here is to merge the external
cells, corresponding to sets By et By in Figure 2.1 or [0;5) and [3/4 4+ S; 1) in Figure 2.3.
Following the ideas from Section 2.2.2, for some L > 0, we could then define a new prior
whose samples are the averages of ¢ > 0 independent maps. Each of these maps would
follow an independent TPT prior with depth L, with their underlying partitions that are dyadic
partitions shifted by ¢ independent uniform random variables.

As we will see in the following sections, the priors must allocate some of their mass to subsets
of limited complexity to obtain posterior contraction rates. It is not the case of the construction
we just proposed, as the samples belong to a functional class that is too rich, and the prior
mass is overly spread out. Consequently, we need to impose some correlation between the ¢
tree maps. We propose a modified prior in which the aggregated trees are not independent
and the shifts of their dyadic partitions are deterministic. Indeed, as we do not want the prior
to have its samples that are much more complex than the ones of the TPT distribution (for a
given L > 0), we would like it to involve just as many Y's Beta random variables.

First, for f : R — R, ¢ € N* and s > 0, we define a finite aggregation step as the effect of
the map f — f,, defined by

fis:R—=R
q—1 ;
x|—>12f<x—28> (22)
4 =0

q

for any application f: R — R. If f is the 1-periodic extension of a T'PT}, sample and s = 2%,
L > 0, the restriction to [0; 1) of f;s is the aggregation of ¢ > 0 piecewise constant maps as
described above. More precisely, it is the aggregation on [0; 1) of ¢ maps constructed in the
same way as in Figure 2.3, and that share the same values (the Y''s variable are identical) on
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[0;1)
Yy Y)
[S;1/2+ 5) [1/2+ S;:1) U[0;5)
YN v \Yn
[S; 1/4+S [1/4+S,1/2+85)| [[1/2+ 5;3/44+5)| |[3/4+ S; 1) 0;.9)
f@) = WYe|  [f@ =] [f@) =ive] 7@ = amv.

Figure 2.3: Shifted Truncated Pdlya Tree at depth L = 2, with shift S.

their respective underlying partitions, which are dyadic partitions shifted by S; = ig='2~L for
1=20,...,9 — 1. The resulting map could then be viewed as the sample of a simplified prior
on forests, based on TPTs, which is the pushforward measure of the T'PT};, measure by the
‘aggregating’ map (2.2). However, this restriction on [0; 1) of a 1-periodic map is 'cyclical’
over the frontier of the interval, as most of the trees have the same value near 0 and 1 (cf.
Figure 2.3). We discuss this after the complete definition of our new priors.

Before going further, let's discuss some aspects of our aggregation scheme and the definition
of the 'Pélya forest' above. It has the benefit that it can be generalized to higher aggregation
orders via the following recurrence relationship, which involves some weights depending on the
degree of aggregation k € N*:

k1 K\ 1 (q_l)z(fﬂ) 3 is
o= () 0= (-5,
©e <q B 1>(k + 1) +1 =00 (rpedit1)€[0;g 1] q
J1t k1=

Aggregating k times, we obtain "forests of forest”, which are more general forests of weighted
trees, with non-uniform weights. To see the actual effect of this operation, it is useful to have
a look at what is happening in the limit ¢ — oo (i.e. for an "infinite forest”). If f is Riemann
integrable on any interval of length s, then letting ¢ — oo results in fq{s converging pointwise
to

foloﬁszR—HR

T st /i f@)dt = s (xs * f)(2)

where x(t) = Ly1(t/s). For simplicity, we write x := x;. This defines a continuous
aggregation that can also be iterated, for [ € N*,

1
fiih = (fo) =5 (23

with x*(#V the (I + 1)-th iterated convolution of y, with itself. Such an "infinite forest” (if
f is a tree function) is the continuous aggregation of a continuum of 'tree’ maps, possibly
with non-uniform weights for higher degrees of aggregation. Besides, we take the convention

(?,s = fJ = f. Thanks to Lemma 3, for m > 1, we also have the more explicit formula for

the continuous aggregation
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() =T X (/s) * . (2.4)

As we will see later, the weighted aggregation of trees allows obtaining even smoother forests.
Finally, setting, for 0 <i < m + 1,

= [ @t (2.5)
0

we define our new prior, the Discrete Pdlya Aggregation (DPA) distribution. Fixing m € N,
L € N* such that 2571 > m, ¢ € N*, U > 0 and a set of hyperparameters A, the samples of
DPA(m, L,q, A,U) are generated sequentially as follows:

1. Trees definition and handling of the frontier

a) Draw g such that g ~ TPT} (A). One writes

2L _1

g(-) = Z: ©;Hp,;

2L 1 -
for some sequence (©;);_," whose elements are positive and sum up to 1.

b) Given ©;, 0 <i < 2F —1,

O, if0<i<2l —m—1,
0;—(1— U , ) .
9. — v, ~UI|0V SR Y UN—8 | if2l —m<i<2b—1,
v W2l W2l
ei—m_ UVi—m . .
§; = ——"malim=il if 2l <i<2l4m-—1
'm,2L+7n7i

where the uniform variables above are mutually independent.

c) Define the (2% + m)-periodic sequence (u;),., such that u; = 60;, j = i
mod 2 + m.

2. Aggregation
Set
f= ZuiHL,i
i€Z

as the base tree and output, as the aggregation of shifted trees, the restriction on [0;1)

of
ZLQL// (TQfL(v)dv.
[0;1)

Step la and Step 2 gather the ideas we have presented up until now, namely the definition
and the aggregation of a finite number of TPT samples, with shifted underlying partitions.
Another related distribution that we name the Continuous Pdlya Aggregation (CPA) prior
and denote CPA(m, L, A, U), corresponds to the situation where a continuum of Pdlya Tree
samples are aggregated with the operation (2.3). It is defined by a similar algorithm to the
one above, except that Step 2 is replaced by
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2'. Aggregation
Set
f= ZuiHL,i
i€
as the base tree and output the restriction of foa-r on [0;1) as the aggregation of
shifted trees.

Note that, according to Lemma 7, it is no longer necessary to normalize the output function
as the u; are defined so that f7',_, is almost surely a probability density. Since, as mentioned
before, the external sets of shifted partitions are merged (see Figure 2.3), a 'Pélya forest’ based
on Steps 1a and 2 (or 2".) only would have the side effect of cycling over the frontier (i.e., it
tends the same limits toward the frontier), as shown in Figure 2.6. It presents a sample from a
'naive’ construction, aggregating shifted trees without treatment on the frontier. That is why
the above definitions of the DPA and the CPA prior also feature Steps 1b and 1c to modify the
frontier behavior. It is possible to appreciate the advantage of this treatment on the frontier
in Figures 2.7 and 2.8, where similar samples are plotted, with and without this modification.
Without it, the samples would not be flexible enough to approximate general densities at a
reasonable rate. The figures we have just mentioned also help understand the role of each
parameter in the definition of DPA and CPA. The L parameter controls the depth of the trees
(i.e., how refined the underlying partitions are), and, along with the degree of aggregation m,
they define the smoothness of the prior. The number of trees ¢ controls the distance between
the samples from DPA and CPA. Indeed, the latter acts as a 'limit’ prior for the former, and
we most naturally found our theoretical analysis on it. As we will see, properties satisfied by
CPA are shared with DPA, up to some discretization effects to be controlled. As one can
observe on the figures, samples from DPA are piecewise constant so that it is still a histogram
prior. However, in Section 2.5, it is shown that these samples are discrete approximations of
spline functions, which are themselves sampled by CPA, and this added structure accounts for
increased posterior performance (see Section 2.3).

Rather useful for adaptive estimation, U is a technical parameter related to our method to
modify the samples on the frontier. A small value of U allows the samples to have limited
complexity. This point is a prerequisite for our approach to derive posterior contraction rate.
It is also the reason for the simplifications highlighted above, with the partitions’ shifts being
deterministic and the trees all derived from a single TPT sample.

2.3 Main results.

2.3.1 Posterior contraction rates for DPA.

We now present our main results on the asymptotic behavior of our density estimation procedure
based on the DPA prior. In the following Theorem 2, we see that for any fixed arbitrary
degree of Holder regularity of the true density fy, the posterior distribution attains minimax
contraction rates (up to a logarithmic factor). A critical parameter that needs to be adequately
defined to obtain the right degree of smoothness is the trees' depth L. In the following
theorem setting, when the regularity of the true density f is given, we let the depth depend
on the sample size and . Namely, we use the depth L,, that is the closest integer to the

solution x of )
SO LN L
logn
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Theorem 2. Suppose fy € (o, [0,1)), « > 0 and fy > p for some p > 0. Let us endow
f with a DPA(|a], Ly, n, (a)o<i<r,, Un) prior which we write 11, where U,, — oo is an
arbitrary sequence and such that, for some > 0,R > 1,0 >0, forany 0 <1 < L,,

a; € {(571_5; R

Then, for M > 0 depending on p, v, || follsy,). B and R, and d(f,g) = [|f — gll, or d(f,g) =
h(f,g), asn — oo,

E/, 11

d(fo, f) > M (%”)M |X} 0.

Through the use of L, and |/, this result relies on the assumption that the regularity « is
fixed and known. The issue is that, in practice, we do not know this characteristic of the
problem beforehand. Adding a prior on the depth of the trees L (which will be linked by the
below functional to the degree of aggregation used) allows a new hierarchical prior attaining
the minimax contraction rate, with no requirement for the knowledge of any fine property of
fo anymore. We introduce the following functional, defined for [, n € N*,

o))

For any depth value and sample size, it gives an estimate of the smoothness of the signal to be
recovered. The result below shows that it is possible to define an adaptive prior that leads to
optimal contraction rates for an arbitrary regularity & > 0. The idea is to add a hyperprior on
different models, characterized by the depth [ and the corresponding estimated smoothness.

Theorem 3. Suppose fy € ¥(«,[0,1)), a > 0 and fo > p for some p > 0. Let us endow f
with the following hierarchical prior which we write 11,

[ ~ 11,
fll~DPA (ﬁ(l,n), l,v,nlog®n, (ar)o<i<r,,log n) ,

v, — 00, and such that for | > 0, 11, and the sequence (a;),en+ satisfy, for some 3 > 0, R >
1,0 >0,

I, [{1}] o 27 and  aq € [571_5; R|.

Then, for M > 0 depending on p, «,
h(f,g), asn — oo,

fUHE(a)' 6 and R' and d(fag) = Hf—9H1 or d(fag) =

E/,I1

d(fo, ) > M (%”)W yX} 0.

The exponential decay of the atom probabilities in II, is fast enough so that the prior still
concentrates on a small number of models, but also slow enough so that it selects with high
probability the model specified in Theorem 2 for a given a.. From the point-of-view of Theorem
7 in Section 2.6, an essential tool to prove our theorems, this hyperprior is a good tradeoff
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between the requirement that the prior concentrates its mass on a low-dimensional set and
the one that it gives sufficient probability to small balls centered on the signal fy. Therefore,
our hierarchical prior behaves just like our non-adaptive one, attaining optimal contraction
rates for any a > 0.

A slight difference between Theorems 2 and 3 is that the sequence U, is replaced by logn.
Indeed, as we seek to use Theorem 7 to prove the above result, the slow growth of the
logarithmic function ensures that the adaptive prior concentrates its mass on sieves of moderate
complexity. At the same time, neighbourhoods of f still have sufficient mass asymptotically.
Also, the number of trees is of a higher order since, in the adaptive setting, some further work
is necessary to handle discretization effects of finite forests.

The novelty in these results is that these are the first tree-based priors that enjoy (almost-
)Joptimal posterior contraction rates on classes of arbitrary smoothness to the best of our
knowledge. It highlights how incorporating aggregation operations in priors leads to smoother
forest samples when compared with tree priors. Previous results on related constructions were
usually limited to Holder classes of regularity o < 1 at most. The link between single tree
structures and piecewise constant functions makes them too rough to estimate smooth signals.
In comparison with the original toy model of Arlot et al. [3], we extend the aggregation process
so that the smoothing of the estimator occurs on regularity classes of orders even larger than
2. Also, we have shown that forest aggregation is compatible with the definition of adaptive
priors, as these two aspects do not come at the price of a loss in posterior contraction rate.
All in all, these are the first results of adaptivity and general smoothing for Bayesian forest
estimators. To conclude on the advances made here, we mention that the original results
on forest estimators from [3] put aside the effect of their construction on the frontier. The
frequentist framework let them focus on a localized loss (namely, the mean integrated square
error with integration on an interval strictly included in the unit interval), making the behavior
on the frontier of [0;1) irrelevant. On the contrary, the constructions we come up with here
deal with those side effects by slightly modifying the samples near the frontier of €.

2.3.2 Extension to other priors.

Since the DPA prior is a discretized version of the CPA prior, the results from the previous
section stem from the fact that it is possible to obtain similar ones for the CPA prior. Theorem
4 below is a version of Theorem 3 for CPA.

Theorem 4. Suppose fy € ¥(«,[0,1)), a > 0 and fo > p for some p > 0. Let us endow f
with the following hierarchical prior which we write 11

l ~ HL
fll~CPA((,n), 1, (ai)o<ici, logn)
such that for I > 0, I}, and the sequence (a;);en+ satisfy, for some > 0,R > 1,6 > 0,

I, [{1}] < 27 and  q € [5115; R

Then, for M > 0 depending on p, «,
h(f,g), asn — oo,

follgay B and R, and d(f,g) = |1 — g, or d(f.g) =

R, 11

d(fo, f) > M (%")M yX} 0.
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The CPA prior is a prior on spline densities which involves a randomized step to define the
sample near the frontier of €2. It is also possible to apply instead a deterministic correction to
the infinite forest after the aggregation step. We now define the Spline Pélya Tree (SPT) prior
which does so and further highlights the link between forests of Pdlya Trees and spline priors.

Let's assume that g ~ T'PT}, (A) for some L > 0. Then, as g has support on €2, we extend
it on R by 1-periodicity, giving rise to the application §. For m > 0, let’s define the map
Ain,Q_L’ which operates as a smoothing/aggregation of g, such that

(2.6)

1 ~m
Am,2*L (g) T goo,Z*L‘[O;l)'

We now define the correction of this infinite forest. According to Lemma 8, since g is a

piecewise constant map with breaks at dyadic numbers k27, k € Z, Al , . (g) is a spline

function of order m + 1 and knots <k2_L) more about this in Section 2.5). Therefore,

0<k<2L (
there exists polynomials P, P, of degree m such that, for u € {mQ*L; (m + 1)27L) and

ve[l—(m+1)2751 - m2t)

Apa-1(9)(w) = Pi(u) and A, 5 1(g)(v) = Pa(v).

As seen with CPA, the samples Al ,_,(g) gives good estimates of a density on the interior of
() but not near the frontier. An idea could be to modify the samples using only the information
from Al ,_,(g) away from the frontier, so that we then define the map

Al i(g)(x), ifxe [mQ‘L; 1-— m2_L) :
AEn,Q*L(g>(x) = Pi(z), if v <m27L, (2.7)
Py(x), if v >1—m27L.

It is a spline function with no undesired continuity/cyclicality property. Finally, for 7 > 0, the
following map is a density function

Agn,sz (@) +7 '
Iy (Agn or(9)4 () + T) dt

To sum up the above construction, if we write SD. ,,,-r the application that associates the
function f to g, our SPT prior written SPT (m, L, A, 7), is the image prior of a TPT}, (A)
prior by this map. Once again, this construction leads to adaptive (almost-)optimal contraction
rate, for any arbitrary Holder regularity, as is shown in the following theorem. However, the
definition of samples near the frontier are less flexible than in CPA, which leads to an additional
log factor in the rate. Still, it is not clear whether it is a shortcoming of SPT', or simply a
byproduct of our proof.

f=

(2.8)

Theorem 5. Under the same assumptions on fy as in Theorem 4, for 1, = \/ﬁfl, let’s endow
f with the following hierarchical prior which we write 11

[~ 11
fIUt~SPT(E(ln), L, A, 1)

such that, for [ > 0, I}, and the sequence (a;)en+ satisfy, for some >0, R > 1,6 > 0,

_13/291

Iy [{l}] 2 and  aq € [571_5; R|.
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Then, for M > 0 depending on p, «,

follsy. B and R large enough and d(f,g) = [|f — gl
ord(f,g) =h(f,g), asn — oo,

EzIT|d(fo, f) > Mn~ %+ logzr /2 n | X | — 0.

2.4 Discussion.

One main take-away message is that a well-chosen histogram prior (in the form of a forest)
achieves adaptation to arbitrary regularities « > 0. We have shown that aggregating in a
suitable way single (truncated) Pdlya trees to define a forest prior allows the induced Hellinger
and L! posterior contraction rates to be optimal on Hélder balls of densities of arbitrary
smoothness coefficient. It then bypasses the apparent limitation to o < 1 of single tree-based
priors in previous works. This result highlights the benefits that aggregation operations have
for Bayesian estimators. This also improves on previous results in the literature on forests
estimators that assumed either o < 2 or « fixed.

This work is a new step in the understanding of the theoretical behavior of Bayesian forest
estimators. As noted above, it is still a "toy” model as it involves some simplification, in
comparison with usual forest methods such as BART. Here, despite its definition as a sum-of-
tree prior, the different trees in the forest are almost the same Pdlya tree sample, with the
difference that their underlying partitions are deterministically shifted. Whether it is possible
to obtain results similar to those in this document with aggregation schemes and Bayesian
forests that are more general is a matter for further investigation. A first extension would be
to allow the shifts to be random. Or, one could allow the tree components to be defined on
deterministic partitions of the sample space but with different values in corresponding cells
across the trees. Our results seem to pertain more particularly to priors on forests of many
well-correlated trees, and it is natural to try to lighten this imposed correlation. Doing so, we
would obtain priors closer to those used in practice.

Here we focused on the density model, but the ideas developed should more generally apply to
other settings, e.g., nonparametric regression, which is left for further work. The framework of
Theorem 7 in Section 2.6 limits our analysis of the Bayesian density estimation to Hellinger and
L' rates. Other distances require more complex arguments involving additional technicalities.
However, we mention that this framework extends to the L? distance in regression models.
Then, we expect our construction and the rates we obtained to apply to these models as well.

Another intriguing research direction is extending this work to higher dimensions, where the
sample space is instead [0;1)?, with d potentially large. Though Pélya Trees in this setting
exist, the definition of forest aggregations is not straightforward. It is necessary to define the
partition shifts carefully so that the 'limiting continuous’ prior on 'continuous forests’ enjoys
good properties. We see in the next section that the elements of a B-spline basis appear
naturally in the limit with our aggregation of piecewise constant maps. In higher dimensions,
with well-defined shifts, it should be possible to recreate a tensor-product basis so that our
analysis applies as well.

Also, we have left aside the question of the computation of the posterior induced by our
new priors. It was not the primary purpose of this article, and consequently, we do not
investigate this further here. Even though the conjugacy property of single Pdlya Trees is lost
through aggregation, usual methods such as MCMC should apply. Although we discussed its
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shortcomings, a simplified prior with no treatment near the frontier of {2 has the convenient
upside that its posterior is explicit. To illustrate the behavior of such a Bayesian forest, we
present some numerical experiments based on this prior in Section 2.6.2.

Finally, in the present work, we adapt ideas developed in the study of frequentist estimators
in [3] to obtain optimal Bayesian posterior rates for arbitrary regularities. Yet, extending
these new optimality results to frequentist random forests is not straightforward. Interestingly,
the Bayesian framework seems more conducive to developing methods that attain optimal
rates for high regularities: for instance, Bayesian mixtures of Gaussians can adapt to arbitrary
regularities (see [92]), even though the Gaussian kernel has order 1. This contrasts with
frequentist Gaussian kernel estimators, which are suboptimal for higher regularities. Therefore,
Bayesian forest posteriors could also have an advantage over frequentist random forests.

2.5 Proofs.

2.5.1 Link with spline spaces.

First, for A a real interval, we denote I, ¢ (A) the space of splines of order k& and knot sequence
t = (t;)ier, with I C Z such that Vi, t;, € A C R. Also, we assume i < j = t; <t; as
well as, inf {t;|i € I} = inf A and sup {t;|i € I} = sup A. Il is the subset of maps in
C*=2(A) whose restriction on any interval of the form [t;;;,1[ is a polynomial of degree strictly
smaller than k. It coincides with the span of B-splines B;, of order k and knots t (see [46] or
[65] for definition and more details on this), with j = 1,... k+#t — 1 if #t < o0, j € Z
otherwise (dropping the dependence on the sequence of ;s as there will be no ambiguity in
the following). Now, as shown in [5], for L € N, a real sequence (u;),., and the piecewise
constant map

H:R—R
€T — ZujHLja (29)

JEZ.

we write for m € N, by linearity and from (2.4),

(He)7, ., @) =Y 2bu ™ (2%) « Hiy(x)

00,2~ L ¢
JEZL

= Y w22k ¢ x(2 - ) (@)

— %ujQQL/Rx*m(ZLS)X (ZL(:C —5) — j) ds

=" w2kt (2L:17 - j) . (2.10)

JEZ

Also, as shown in [46] (Section 10), the maps {x*™*V(. —4),i € Z} are the Cardinal
splines of order m + 1, i.e., the B-Splines of order m + 1 corresponding to the biinfinite
knot sequence t = Z. Hence, it is a basis for II,,;1z(R) and similarly, one shows that
{28\ HD(2F . —i) |45 € Z} is a basis for I, 517 (R). Therefore, (H)™ , . from (2.10)
belongs to this linear space and (u;),., is the sequence of its coordinates in this basis.
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We now remark that the map from (2.10) is 1-periodic if and only if (u;),.;, is a 2--periodic se-
quence (see Lemma 6). It follows that I, 1 o-27(R) == I, 11 o-2z(R)N{f : R = R, f 1 — periodic}
is a linear space with basis

{Sz',zL,m — ol Zx*(m+1)(2L =2k )0 <i <2k — 1} . (2.11)

JET

In Section 2.5.3, we see that this space has good approximation properties, which we use
below in the proofs. Indeed, for each Holderian density function on (2, it contains an element
whose restriction to 2 is sufficiently close to the density function in the interior of the interval.
We also stress that, via a modification near the frontier of €2, we can recover a spline function
that approximates the density well on the whole interval.

This observation accounts for the performance of our priors. Looking back at the algorithmic
definitions of DPA and CPA priors in Section 2.2.3, and setting aside the discretization in
DPA, it is possible to interpret them as follows. The coordinates of an element l:[mH’Q_LZ(R)
are sampled via a TPT distribution, and uniform random variables transform it into a similar
spline from II,,,, 1 5-27(R) (or rather a restriction to 2). This point of view underlies the
proofs in the following subsections.

2.5.2 Proofs of main results.

In this subsection, we provide the proofs for the theorems presented in the last section. The
adaptive results involve the derivation of intermediary points that we first demonstrate in the
proof of non-adaptive results (for fixed regularity). Therefore, we first analyze the case of fixed
regularities for CPA and DPA before delving into the proofs of adaptive results. Our arguments
rely on Theorem 7, whose conditions are investigated in lemmas following it. These lemmas
build on the approximation properties of spline functions and their parametric representations
(see Section 2.5.3). Also, we primarily focus on CPA, as the similar properties of DPA only
then require the control of additional discretization terms.

Proof of Theorem 2 (and extension to CPA for fixed regularity). It is sufficient to verify that
the conditions of Theorem 7 are satisfied. One shows that the prior puts sufficient mass in
some Kullback-Leibler neighborhoods of the true density. We use results in Approximation
Theory (see Lemmas 1 and 10) that we develop in Sections 2.5.3 and 2.6. Besides, one also
has to prove that the priors allocate most of their mass to subsets of limited complexity. It
ensues from the priors generating draws that belong to spaces that resemble spaces of splines,
whose dimensions are not too large (see Section 2.5.1 and Lemma 11). In the following, we
write m = |« and, for ¢y a constant to be defined below,

logn 2ot
€, = Co : (2.12)
n

1) Complexity of the prior: Let us define

Hony = {(ei)z’ez S ]RZP VieZ, 0; = Oitm2ts
(2.13)

2l—1

2l -m—1
Z 0; + (Wm,zl—igi + wmyi—(ﬂ—m—l)eﬁm) - 1}
i=0

i=2l—m
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According to Lemma 7 and the discussion following it, the following sets have probability 1
under the DPA prior (resp. CPA):

_ 2L F =S 0H,. (0)ies €M (2.14)
n T /m ) L L Lty i )IEL m, Ly, .
fO n,2*Ln (t)dt [071) iEZ
(resp. = {ff,’.f,ﬂn 0:1)’ f=> 0:;Hyp.i, (0:)icz € Hm,Ln}) :
’ i€Z

In (2.5), the positivity of x ensures that infi<;<;,+1 Wi = w1 = 1/(m+1)! (see Proposition
6.7.1., p.136, in [5]). So, any sequence in H,,, has its coordinates bounded by (m + 1)!
because of their positivity and the constraint from the definition. Then, from Lemma 11 with
M = (m+1)!, g=nand L = L,, there exists an absolute constant C' such that for n large
enough and Bgp(0,7) the L? closed ball in R of radius r,

N (e Fash) < N (€ (22 +m) " & Hn 1)
< N (€ (2 4 m) " B (0T ) 1)

The first inequality is valid in the discrete case since the remainder term from Lemma 11 is of
the order o(e,,) for our values of L,, and the number of trees ¢ = n. It is a general fact that
there exists a universal constant C' > 0 such that

CM )K

N (8, Bae(0.00), |1 12) < (=

Therefore, one concludes that, for any D > ¢, and n large enough

L,
2Ln 25 +m
-1 +m> < eDnen, (2.15)

1
m, 6%

N (én, Fn, h) < (C’w

2) Small ball probability condition: For the last condition of Theorem 7, we introduce the
sequence (7;)<i<orinpm_1 from Lemma 1 such that

2Ln 1 m—1
1= Z i + Z (Wit 1M + (1 = W) Mot 44) -
i=m =0

We define 7; = n; fori =m,...,2*» —1and fori =0,...,m — 1,

i = Tatnyi = W1 + (1 — Winip1)Mazn i = (1 — Winm—i) i + Wi m—iotn i, (2.16)

this being consistent according to Lemma 5. This guarantees that (7};)<;cprn_, € S2 .

First, from Lemma 10, for n and ¢ large enough and C' small enough, depending on p, o and
[ follsy(wy: We have the inequality

Bkr, (f 05 Gn)

following from the fact that the terms depending on L = L,, and the number of 'trees’
g =n in Lemma 10 are of order O(e?). One controls the different random variables from the

IT >1I

max Uiy — 1| < Cen27En
0<i<2Ln tm—1
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sequential definition of our prior in Step 1 so that one obtains a lower bound on the above
event probability. With notation from Part 2.2.3 and «(i) =i + m mod 2%, for any r > 0,
on the event

w2
1 wm r
max ‘@ < Zm, r < r and max 0; — i | < w }
{OSiSQLn 1 - 8 = 2Ln—m§i§2Ln—1| ) 771+m| = m,14 )
we have that max r——r r and, using the periodicity of (u;);cz, for i =
m<i<2Ln4m—1
0,...,m—1,
|ui—m - 77i| = |ui+2Ln - 77i|
= |9z‘+2Ln - 77@'|
o @i+2Ln—m - Wm,mfiei—i—QLn—m _ 771 — Wm,m—iT2Ln 44
1— Wm,m—i 1— Wm,m—i
—1 [ Wm,1 r
< (1 = Wmm—i) ( Tg r+ Wm,m—z‘wm,14>
<r(1/8 + wmm-i/4) <r
This ultimately implies that max |timm — mi] < 7 since w1 < wyyy < 1 for 1 > 1.

0<i<2Ln fm—1
Therefore, it remains to study the factors in the lower bound

W2
1
1| Brr| fo.en || > 1| max \@ Yl oL
0<i<2Ln 1
€ w2
N ~— 1 _
I1 max 10; — Nitm| < Cwppi—275"  max ’@ iy < C—=e,27 |
2Ln —m<i<2ln —1 4 0<i<2Ln —1 8

This translates the fact that, to obtain a good prior mass, it is sufficient to control the mass
of the TPT so that the associated forests are close to the density f, on the interior of {2, and
then control the behavior near the frontier to extend the result to the whole of 2.

Now, for 0 < i < 2% — 1, we decompose O, = H 1 Yor,,ou and 7; = H]LL Yn(Ln,i)lil Where,
forl1 <j < Ly,

257L32j+1_L”Jf:Li2j+1_L"Jf Ns

Yr(Lni)ilo = : Y(Lni)il1 = 1 = Yu(L,.,0)ll0

ZS,LSQj_L7LJf= Lin—L7LJf ﬁs
belong to [0; 1]. Also, yo and y; satisfy the same formula, with j = 0. Withh e; =Y, ;i
and tj =y, 1, i) for sake of clarity, then, as forall j =1,..., L,, |e;| <1 and [t;] <1, we
have

‘@z -1 4 61...€j_1(€j - tj)tj+1...th

j=1
Ln

S |€1...€j_1(€j — tj)tj+1...th|
j=1
Ly

<D les =l
j=1

This finally gives us that, using that the Y''s variables are independent in the TPT,
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Cuwypi6n Cwp €2
IT Lqr%agi 1’@ TIL( < S % 2Ln ] > 11 ﬂ { Y,{(Lmi)[j] = Yk(Ln ()] < 8L2Ln}
T 0<i<2ln, n
1<j<Ln
- H H PXNBeta (aj,a5) l|X yn0| < C zl 2 Ln] .
1 n
J=1kl=j-1

w2 ~
Let's write §, = C'gpte,27 . Since for any j, a;T'(a;) = T'(a; +1) < T(R+1) = R
and I' is lower bounded by some constant i) > 0 on the set of real positive numbers,
['(2a;)T(a;)? > ¢alR™? > R 26°n~2P. Also, for n large enough, if R > a; > 1,

/(yn0+£n)/\1 1( 1 577. 1( ) 1 )R 1 §R €R
£~ 1—t)“j_dt2/ (1 — )% e > (1 — &) > S
(yRO*fn)VO 0 R 2R_1R

while, for a; <1, the bound can just be replaced by &, when n is large enough. Finally, for
some C' > 0, depending on (3, R, and ¢y,

wan’len Ln 32 —2B¢RV1
I [oggi}i 1‘@ My| < 8*2Ln‘| > Hj:l H\n\:jfl " (QR i /\ 1) ’Bfn (2 1 )
52 3 2Ln 1 17
(122 (QR 1R /\ ]-) 2555\/1)
> —Cne

Then, for U, large enough, i.e. n large enough, for any 2bn —m <4 < 2B — 1, the uniform
random variables 6; verify for any C' > 0

2
. m. €n9—Ln M. “m.1 —Ln
11 ‘91 772+m’ < Cwm,l 4 2 OSZ’IQ?L)T(L—I ‘@z nL(l)’ < C ) 6n2
-1

> O; €n9—Ln

- (wm,c(i)) Clomag2 -
> Cwl jen2 Fn /8 > em e,

The first inequality is due to 0 < 9,4, < w, . ()Hm(z) L(i)-‘rl (@i + wan’lenQ‘L”/S) on

the conditioning event, which follows by p05|t|V|ty and (2.16). Finally, we use the conditional
independence of the random variables 6; to obtain the lower bound,

Bgr, (fo; Gn)

We now conclude with Theorem 7 and equations (2.15) and (2.18), recalling that F,, is an
almost sure event under our prior, the constant M > 0 depending on p, , || fol/(,). 8 and
R. O

I > ¢ (CHmCne;, (2.18)

Proof of Theorems 3 and 4. We proceed as in the proof of Theorem 2, with ¢, as in (2.12).
The main difference is that the distributions now allocate positive mass to different depth
values L so that we adapt the sieves. Below, we take the union of sieves similar to those
introduced in the above proof, from low resolution I = 1 up to some threshold. To this effect,

1
we introduce the sequences of depth L, and Ly, such that 2L =< C; (1o§n) T (e, itis
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the closest integer to the solution of this equation) for some constants C; and C, = 1. The
proof then again uses the Theorem 7 with an additional term to be controlled, corresponding
to the prior mass on the hyperparameter L.

1) Complexity of the prior: Let, for 0 < k < 2Ln 1,

7 and 0 < 60; <logn,

it+k+251n

Tien = {(Gl)mzel&, VieZ, 0, =0.

olin g1 olin
Z 97/ + Z (kaI‘l,niei + wk,i(QLl,"kl)ei-‘rk’) - 1

=0 i=2"1n
and define the sieves for the DPA prior (resp. CPA)

L1
‘F U {ffoln)[ f Zelea i ’LGZ GIé‘(ln)n} (219)

=1 1€Z
Ll n
resp. = U

In the definition of the prior, the sequence (u;);cz lies in [0;logn]” almost surely for n large
enough. Therefore, following Lemma 7 and the discussion after its proof, we now have, for n
large enough,

l,n)
fé(

nlog3n,2—1

Jo oo nai ()t

€L

f ZQ Hl27 z ZEZ € If(l n),n }

[0;1)

+oo
MF] =M > Ly, o« Y, 272 gohn2

l:Ll,n+1

LlA, )
— e log(Cin/logn) 22a+71

< O/ (da=2) " Iney, (2.20)

Also, using Lemma 11 with M = logn, ¢ = v,nlog®n, m < £(1,n) <log(n)/2and | < Ly,
we use similar arguments as the ones preceding (2.15) to derive, for C', C’ absolute constants
and D depending on ('} and cy,

Ll n l 2l+£(l7n)
: 2 l 1
N(en, Fa) < (O( £l Og”>
=1 €n
< i (C’(QLL" +log(n)/2) log n>2l+bg(n)/2
= D
=1 €n

I . 2L1,n+10gn
< (C(Q 1 +log2(n)/2) logn) < C'logn2tin - Dnel. (2.21)
€n

In particular, we have used that, with the sequences from the theorem, the term depending on
q in Lemma 11 is of order o(e,,).

2) Prior mass condition: Since &(Ls,,n) = |/, it is possible to use the same arguments
that led to (2.18), for n large enough, ¢, large enough depending on p, o and || fo|y(,) and C
large enough depending on 3, R and ¢y, to obtain
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L n
I [Br(fo, )] Z M [Bir(fo, ) |1 = Loy) 27272
> ¢~ Oneh (/o) e, (2.22)

Indeed, in the argument invoking Lemma 10, the terms controlled with ¢ = v,nlog®n are of
order o(€?).

We conclude using Theorem 7 along with equations (2.20),(2.21) and (2.22), since for C4
large enough, C'(c2/(4a —2))™' > C + (c2/(2a — 1))~! 4 4. Then, the theorem is valid for
M |large enough, depending on p, , || follsy), B and R. O

2.5.3 Approximation theory for periodic splines.

In the constructions of CPA and DPA distributions, the aggregating operation we have defined
transforms a TPT sample into a periodic spline density (or a piecewise constant approximation
of it for DPA). It is convenient as these periodic splines have good approximation properties
according to the following lemma. It is the result of (2.10), Lemmas 6 and 8, and the prior
definitions. Below, we prove that it is possible to approximate any Hoélder density with such a
spline, as long as we focus on an interval far enough from the frontier of 2.

In order to extend this result near the frontier of €2, we also see that we can recover an
approximating spline on the whole of ) from the periodic spline of Lemma 1. Consequently,
CPA and DPA include a stochastic step to simulate the modifications needed to obtain this
last spline density.

In the end, the link with splines explains why the aggregation part of our priors results in the
almost optimal contraction rates that we obtained in Section 2.3.

Lemma 1. Suppose m + 1> a >0 and L > 1. There exists a constant C depending only
on m and « such that for every fy € ¥(o,[0,1)), there exists g € I1,,, .1 5-£7(R) such that

fo‘[2*Lm;1—2*Lm) - g’[QLm;l—QLm)HOO = c2e (HféLaJ)Hoo T HfO”E(a))

for L large enough.
Let fo be a probability density such that fo > p for some p > 0. For L large enough, replacing
the above bound by C2~*! with C' a constant depending on m, «, fO(LaJ)H and || follsy(a)-

we can choose g above of the form, for S; 51 ,,, as in (2.11),

2l—1
g = Z eiSi,2L,m

1=0

with 0 = (8;)o<i<or in the 2L -dimensional unit simplex S*", such that there exists

(Whosicarsms € [0:2( ol + 2 [H] )7

satisfying

g, — ) ifm<k<2l—-1
o Wm k+17k + (1 - wm’m—k)n2L+k if O S k S m— 1
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and
2L 4m—1

fO _ Z nkQLX*(m+1)(2L . —(k _ m)) < C2—aL'

k=0 101 [l og

Proof. Let's introduce the B-spline functions of order m+1 on the interval [-m2~%; 14+m2~%]
corresponding to the knots i2~%, —m <4 < 2L+m, denoted By 41, - - -, Bor y3m.mi1- Figure
2.4 depicts these basis functions in the particular case L = 3 and m = 3.

The Cox-de Boor recursion formula ensures that B-splines whose supports are far enough from
the edges —m2~L and 1 +m2~" are actually Cardinal splines with suitable scaling. As shown
in [46] (Section 10),

Bimir = X" (2 —(k—2m—1)),  m+1<k<2"+2m (2.23)
Also, B .1 is supported in an interval of length at most (m + 1)27% included in [(i — (2m +
1))275; (i —m)271], ie.,
Vo [(i—©Cm+1)275 (i —m)27"],  Bima(z)=0. (2.24)
As fo € ¥(a,[0,1)), according to Lemma 16, there exists a map
h: [—=(m+1)27%1+ (m+1)27%] — R such that,

he (o =m2 14 m2™), Il = Mol 7, = o

Also, for L large enough, Hh(LO‘J)HOO <2 HféLaJ)HOO by continuity. Using Lemma 9 and (2.24),

there exists C' depending only on m and «, and reals 8, m 4+ 1 < k < 2 + 2m, bounded by
(la))
Hfo”z(a) + 2\ fo , such that for L large enough

2L tom

— Y kBim <C27et (Hh(LaDHOO - Hh“E(a)>

<t (| )+ llfolls) - (225)

In addition, thanks to the small support of y*(™*!) (see Lemma 2) and the equality (2.23),
the maps ZZL:J{,?I} 0Bk m+1 and, with l%(k) = (k—2m — 1 mod 2%),

2E+m 25 4m
Z 0, ZX*(m+1) (2L - —(k + 2l —om — 1)) = Z sziLS]};(k)QL?m(')
k=m+1 1EL k=m+1

are equal on the interval [Q_Lm; 1-— 2_Lm). The latter map then satisfies the inequality

in the first part of the theorem according to (2.25) and belongs to I1,,, 1 7,/,(R) following (2.11).

Let's now dwell on the second part of the Lemma. For L large enough, as fy > p > 0, then
h > p/2 > 0 by continuity of h on [—=m27%; 1+ m27%]. Therefore, Lemma 9 also ensures
the existence of a constant c(p) such that 6 > c(p) >0, m +1 < k < 2F + 2m in (2.25)
for L large enough. From (2.23), Lemma 5 and for wy,; as in (2.5), we see that

12h42m 2L 4m 2m
QL/ > 0Brmat)dt= D> 0+ > (Wmicmbi + Wimzmi1—ibiiar) = Q.
0

k=m+1 1=2m+1 i=m+1
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For fo a density, by integration on [0; 1), the inequality (2.25) gives
275, = 1] < 278 ([ Y]+ [ follsgey) -

Define

The two last displays ensure that the 6;'s are all bounded by 2 (Hf0||2(a) +2 HfO(LaJ)H ) for L

large enough. From this inequality and (2.25), we now write, for a constant C' depending on
gwuw and || foll o). that

m,a,’

2lyom 2l +om
fo— > OBrms <|fo— D 6Brmi +
k=m+1 [0;1) 0o k=m+1 [0;1) oo
_q1 |25 2m
‘1 — (Q_LQm) Z Ok Brm+1
<Cc2 (2.26)

since fy is bounded on [0; 1) as a Holderian density, the bound depending on « and || f|ls,,
only (see [157], p. 9). Let's now define

0, if2m +1 <k <2l 4+m,
O = wmk_mgk +(1— Wm,k_m)§2L+k ifm+1<k<2m,

Winatromi1—i0k + (1= Wootsomer—i)0por  if 2L +m+1 <k <28 +2m.

As pointed out in Lemma 5, w,; = 1 — Wy, m41-1 and, as a consequence, for m+1 < k < 2m,
O = Oy, ;. Then, by definition,
—L 2L
(2 @k)2m+1§k§2L+2m )
It remains to introduce the application Z?igl 2710, 9m+15; 21, Which satisfies, using once
again the small support of B-splines (see also Section 2.6.1), that

oLl 1 2L 4om

,L ~
Z 2 @i+2m+1 Si,QL,m = Z ekBk,erl 5
=0 [2=Lm;1—-2—Lm) k=m+1 [2=Lm;1—-2—Lm)

which, along equation (2.26), finally brings about the conclusion

oLl 1

- > 2750 1 9m 115020 m

=0

fol < 2L,

2=Efm;1—-2—Lm

[2=LIm;1-27Lm)||

Therefore, g = Z?ial 27L@i+2m+187;72L7m satisfies all the conditions from the lemma.
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2.6 Supplementary results.

We present here additional elements used in the derivation of the main results in the above
sections. First, we present results on iterated convolutions of 11y and spline functions. At
the end of this section, we expound on the link between these functions and recall a classic
result in Approximation Theory for splines. Indeed, our priors involve iterated convolutions in
their definitions, so that a spline approximation theory is helpful here. This allows us to obtain
simpler conditions for the derivation of posterior contraction rates for the prior presented in
the article. This is the object of additional lemmas that build on a classical result from [64]
that we recall, followed by the proof of Theorem 4. Also available, a numerical study of our
results presents simulations, focusing on a simplified version of the priors we introduced. We
end with some technical results and the presentation of a more flexible extension of DPA.

2.6.1 Results on iterated convolutions of the indicator function
and spline functions.

Iterated convolution of the indicator function.

Lemma 2. Form € N*, ||[x*"| <1 and

VY & [0;m], x™(x)=0.

Proof. For m = 1, it is straightforward. Then, by induction, from the positivity of x, for any
z € R,

OSXW“Wﬁ=Axm@M@—ﬂﬁ

= / Ljogm) (D) 11,01 ()t
R
< Toym1((7)
which concludes the proof. O]

Lemma 3. Let m € N* and s > 0. Then
X:m — Sm—lx*m(‘/s).

Proof. The result is straightforward for m = 1. Now, by induction, assuming that the property
for a given m is proved, for t € R,

wawwz/xmeﬁu—umu
R

t_
=gm! / Xs (u) x™™ ( u) du
R S

t
:sm/x(v)x*m (—v)dv with v = u/s
R s

m *(MT t
=t ().
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Lemma 4. Let m € N* and s > 0. Then
/ (A =1  and 5™ / ()t = 1.
R R

Proof. The result is straightforward for m = 1. For m > 2, by positivity of x and with the
change of variable v =t — u,

/Rx*m(t)dt:/R Mx(u)x*m—l)(t—u)du] dt:/RX(u) M{X*W—l)(v)dul du =1

by induction. Then, from Lemma 3 and with the change of variable u = t/s

sm/RX:m(t)dt:s1/Rx*m(t/s)dt:/)<*m(u)du: 1.

R

]

Lemma 5. Let m € N* andt € R. Then x*"(m —t) = x*(t). As a consequence, for
0 S l S m + 1, W, = 1-— Wm,m+1—1-

Proof. For m =1, x(1 —t) = 1p<1—t<1 = Lo<t<1 = x(t). By induction, if the theorem is
valid until m € N*,

X (m 41— 1)

x(w)x™(m+1—1t—u)du

X(1 —v)x™ (v +m —t)dv with the change of variable v =1 —u

T

X()x ™ (t = v)dv

*(m+1) (t) )

I
>

The second part of the Lemma comes from a change of variable in (2.5) and Lemma 4.

Splines periodicity.

Lemma 6. Let (¢;),., € R?, h=1/N, N € N* and m € N*. The map

e o (i)

1E€EZ

is 1-periodic if and only if the sequence (0;),., is N-periodic.

Proof. With r € R and p € Z,

*x(m T+p . *x(m T .
Z&-X (et ) (h —Z> = ZejerNX fn) (h —J>-

i€Z JEz
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2.6. Supplementary results.

As {X(m“) (hfl : —z)’z S Z} is a basis for the space II,, 111z (R) (see Section 2.5.1), the
above map satisfies

ZQix*(mH) (h — z) is 1-periodic <= 0; = 0,4,n forany i € Z and p € Z.
1EL

Lemma 7. Let m € N, L € N and (@i)?Lal be positive real numbers such that

2Ll 1
> 6,=1
i=0
and introduce, fori =2 —m, ... 2F -1,
O;
0; € [0, 1
Wm,2L—;

where w,,; is defined by (2.5). Then, if (u;)icz is an (2% + m)-periodic sequence, such that

©; if0<i<2l—m-—1
eif'm_ -eif'm . .
- wm,2L+m—z If 2L S 7 S 2L _I_ m — 1
_wm,2L+m7'L

the restriction of the map f7, . on [0;1], with f = ;e uiHyi, is a probability density
function on [0; 1].

Proof. From their definition, the u;'s are positive real numbers such that f and f7', . are
themselves positive as it can be seen in (2.4). It remains to compute the integral. Beforehand,
we recall that for any n > 1, x*" is supported on [0;n], so that x**(2L - —i) is supported
on [2714; 275 (i 4+ n)], for any i € Z. The intersection of this last interval with [0; 1] has its
interior non-empty if and only if —n +1 < i < 2X — 1. Hence,

/ foo-r(v)dv = / 3 w28y tm ) (2Lv — z) dv according to (2.9) and (2.10),
[051] [0:1] icz

2Lk 1
= Z uiQL/ KD <2Lv — z) dv according to the above remark,
i=—m [0§1]
2k 1
= > Y (p)dr o with r = 280 — 4,
i=—m [—4;2F —1]
-1 m+1 2L —m—1 m+1
= > X (rydr+ Y D (1) dr
i=—m —i i=0 0
2k 1 2l —j
+ > D (1) drr
i=2L—m 0

according to the above discussion on the supports,

1 2L _m—1 2Ll _1
= Z wi(l — wm i) + Z u; + Z Uiy, or—;  Using Lemma 4,
i=—m i=0 i=2L —m
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2. SMOOTHING FROM BAYESIAN FORESTS

2L _m—1 2Ll 1 2L4m—1
= Z u; + Z Uiy 9L _; + Z wi(1 — Wyorim—;) by periodicity,
i=0 i=2L _m i=2L
L_m-1 2L 1
SID SRR S
1=2L—m
2L 4m—1
1 @z m wm72L+m—i9ifm
Z ( _wm,2L+m—i> 1
i—oL — Wm2lym—i
2Ll 1 2L 1 2L4ym—1
- Z O; + Z ezwm 2L—¢ — Z wm,ZL—l-m—iei—m
=21 — i=2L
oL _1 oL 1
=1+ Y Owpori— Y Ownor
i=2L —m j=2L—-m

=1.

]

In the above proof, we have also proven that the u;'s from the definition of the DPA and CPA
distributions are such that

2L —m—1 2L 1
Z U; + Z <wm72L—iui + wm,’i—(QL—m—l)ui—i-m) - 17 (227)
1=0 i=2L—m

where we used Lemmas 4 and 5 to express the last terms of the sum.

Definition of spline functions with iterated convolutions.

Lemma 8. Let h > 0 and m € N. Then, if : R — R is a right continuous piecewise
constant map with breaks at points jh, j € Z, then ¢, is a spline function of order m + 1
with knots t = (jh)ez.

Proof. Propositions 6.7.1 and 6.7.2 from [5] show that x*(*1) is a spline of order m + 1 with
knots i = 0,...,m + 1. Also, we write ¢ = 3=,z 0;1jn,(j+1)n)(-) for some sequence (0;);cz.
We conclude the proof with (2.4), Subsection 2.5.1 and

=2 h; {X*m(h_l') * Ljniom | (2)

JEZ.

= o ey e )] @)

_Zeh / ™(h~ts)y (h_l(x—s)—j) ds

=" 0;h D (h_ T — j) with the change of variable v = A7 's.

JEZ
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2.6. Supplementary results.

Spline approximation.

Lemma 9. Suppose k > o > 0 and t is a finite knot sequence of step at most T, included
in a closed bounded interval I C R. There exists a constant C' depending only on k and
« such that for every fy € ¥ (a,I) and T large enough, there exists § € R¥#=1 with

1000 < [[£6], + 1 oll sy and

E+#t—1
> 0B~ fol| < CT ([ + 1l
=1

o0

where the B, ;.'s form the B-spline basis of 11y +(I). Furthermore, if fy is strictly positive, for
T large enough, the vector 6 can be chosen to have strictly positive coordinates. The 0;'s can
indeed be lower bounded by a strictly positive constant depending on the lower bound on f.

Proof. This is Lemma E.4 from [65]. O

Plots.

On Figure 2.5, we see (in the particular case L = 3 and m = 3) that on the interval
[27Em; 1 — 27Em), the basis functions S; oL m are equal to the basis functions B;om1,m+1
from Figure 2.4.

10

08

06

L R - - R R

04

02

0.0

s
04

Figure 2.4: B-splines of order 4 with knots ¢; = i/8 for —4 < i < 8 + 4 as introduced in the
proof of Lemma 1.
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10

Soa3
Si1a3

—= 5223
S3a3
—— Saa3
Ssa3
—-= Soa3
Sra3

Figure 2.5: Base functions .S 3.

Figure 2.6 depicts a 1-step aggregation of a TPT sample as introduced in Section 2.2.3.
One sees that it smoothes the histogram, as it tends to a piecewise linear density. Even
though it remains a histogram function, this added smoothness accounts for better estimation
performance with the priors introduced in the before.

First Tree Second Tree

zo vo 90 80 T T ¥

o 0125 0.25 0375 0s 0.625 075 0,875 1 o 0125 025 0375 0s 0.625 075 0875 1

Third Tree Forest Aggregation

o 0.125 025 0375 0s 0625 07s 0875 1 o 0125 025 0375 os 0.625 075 0875

Figure 2.6: "Naive"” aggregation f§,2,3 where f is the periodic extension of a sample from
TPT3 (A). The first plots represents the shifted trees. The map in red is f010724 when ¢ — o0.
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2.6. Supplementary results.

Forest samples, depth L=3, aggregation order m=2

— Finite forest (q=5) without boundary treatment
1.5 —— Infinite forest without boundary treatment
Finite forest (q=5) with boundary treatment
—— Infinite forest with boundary treatment
0.5

2.5

-

1.5

0.5
0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8

Figure 2.7: Draws from the DPA and CPA priors and their equivalents without the draw of
uniform random variable to modify the behaviour near the frontier of [0;1), with L = 3 and
m = 2.

Forest samples, depth L=6, aggregation order m=2

— Finite forest (g=5) without boundary treatment
— Infinite forest without boundary treatment
— Finite forest (g=5) with boundary treatment
—— Infinite forest with boundary treatment

0

QM

0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8

o

IS

)

o

EN

=]

Figure 2.8: Draws from the DPA and CPA priors and their equivalents without the draw of
uniform random variable to modify the behaviour near the frontier of [0; 1), with L = 6 and
m = 2.

2.6.2 Numerical simulations.

Though sampling from the CPA or DPA posterior may be possible via usual MCMC methods,
the modification of the samples near the frontier brought by the uniform variables makes
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2. SMOOTHING FROM BAYESIAN FORESTS

it difficult to explicitly express the posterior or to come up with more efficient sampling
algorithms.

However, if we discard the uniform variables from the definition of the prior, it becomes
possible to derive an explicit formula of the prior. Namely, for L > 0, ¢ > 0 and m > 0,
let’s focus on the image prior of the TPT;(A) distribution by the map f — Too-t (using
definitions from Section 2.2.3). Then, observing an i.i.d. sample X € [0;1)", n > 0, it is
possible to show that the posterior is the image measure by f — f,_. of a mixture of TPT
distribution, which makes it possible to sample directly from the posterior.

Indeed, for A = (a;)y_;<;, and Y = {Y,0, 0 < |k] < L}, we have that the posterior on Y is

-1
IY[XT o< f (X0, XalY) TT [Yao(1 = Yio)) o7
|k|=0
where the likelihood is
n L
f (Xb s ,Xn|Y) = g™ Z Z ﬂXi—Q_L(j1+~“+jm)/q61~2L H Yff[j]
i=1 (1, )EL05g— 1] 1, RI=L j=1
n L
=q ™ > II > Txorgisimyaen2” T Yo
(J1,150501,m) €[0;¢=1],..., i=1 &, |x[=L J=1

(Jn,1rrdn,m)€[0;g—1]™

For given (Ji1, .-, Jim)s s (Jnyds - - > Jnym), allin [0;g—1]™, let's note Nx ¢, . inm) (Ls) =
Sy Uy, o-r(ji4tjo)/qer, for any &, k[ >0, so that

n

L
H Z ]lXi—27L(]’1-i-“'-|—jm)/q61,€ H Yﬁ[j] =

i=1 i wl =L i=1

Nx (11eerin.m) (Lx0) ) .
H Y(]X (J115--2dn,m) UK (1 —Yﬁo)Nx’On """ Jn,m)(lnl)'

K
k,0<|k|<L—1

Finally, the posterior on Y is proportional to

_ Nx Gi1sees inm) (Ik0)Fa) g 41—1 . . _
g ™" Z H Y oULLdnm) I (1—YHO)NX’(“1 ,,,,, inm) (Te1) 0y 411

0
(J1,15-5J1,m)E[0;q—1]™,..., £,0<|k|<L—-1
(]'n,ly-wjn,m)eﬂ()?q_l]]m

jlla-"vjn,m) -

The distribution on Y is then a mixture of T'PT7, distributions with parameter sets A
{NX,(jn,...,jn,m) (I.) +ap —1, 1 < |k < L} (see [65], Chapter 3).

At the end of this section, we present a theoretical result for this posterior, but we present some
simulations first. The density fo: 2 € [0;1) — 1+ 0.5 x sin (27x) satisfies the assumptions
of the mentioned theorem with o = 1.5. We simulated 10* samples from this density and
drew 10 samples from the posterior, with parameters tuned as in the below theorem. We also
compare these with samples of the TPT posterior with parameters tuned as in [29]. In this
paper, sup-norm posterior contraction rates are proven for a« < 1. On Figure 2.9, we can see
that the modified DPA prior is associated with smoother posterior samples and leverage the
larger regularity of the signal.
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DPA samples, n= 10000

—— True density f_0
Posterior draws of f

1.4

1.0

©
o
T T T T T T
0.0 0.2 04 0.6 0.8 1.0
X
TPT samples, n= 10000
= —— True density f 0
Posterior draws of f

~ 2
©
o

0.0 0.2 0.4 0.6 0.8 1.0

Figure 2.9: Posterior samples for the simplified DPA prior and the TPT prior, with sine
sampling density and sample size n = 10%.

We also studied what happens with a density f; whose behavior near the frontier renders
this simplified prior inadequate. Namely, on Figure 2.10, we analyze the situation where the
sampling density fo is increasing, 3/2-smooth, but has different limits towards 0 and 1 (it was
obtained as the re-scaled exponential of an integrated Brownian motion). With a sample of
size n = 10° from f, and comparing samples from their posteriors, the simplified forest prior
still outperforms the single-tree prior far for the frontier. However, as we did not include a
modification near the frontier, it behaves badly towards 0 and 1.
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2. SMOOTHING FROM BAYESIAN FORESTS

DPA samples, n= 1e+05

—— True density f_0
o Posteriar draws of f
2

o

TPT samples, n= 1e+05

—— True density f_0
o Posterior draws of f
2
//
=
wn
= = //
/
—
—
—
o | __,_,’—/
— e
=
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Figure 2.10: Posterior samples for the simplified DPA prior and the TPT prior, with integrated
Brownian sampling density and sample size n = 10°.

As discussed in the paper, this prior is not well-suited for the estimation of general smooth
densities as it behaves badly near the frontier of {2. However, if we make additional assumptions
on the true densities to be recovered, it is possible to obtain an analog of Theorem 1.

Theorem 6. Suppose fy € ¥(«,[0,1)), a > 0, fo > p for some p > 0 and foi)(O) = féi)(l_)
fori =0,...,|a]. IfL is the probability distribution of f = g(E:J?,Ln, g~ TPTy, ((al)0<l<Ln),
such that for some 3 >0, R > 1,6 > 0, N

1
o g = ()T
logn !
. gy > 2%,

= Yae€ A, ac€r;R] withR>r>0,

Then, for M > 0 depending on p,«,
d(f,g) = h(f,g), asn — oo,

|follz@), B and R, and d(f,g) = |f — gll or

o

logn \ 2+t
E,,II n)

ﬂmﬂ>M< 4—m.

The proof is similar to the one we provide for DPA in the previous sections, although quite
simpler as we do not have to take care of what happens near the frontier.
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2.6. Supplementary results.

2.6.3 Contraction rate derivation.

Theorem 7 (Ghosal, Ghosh, Van Der Vaart, 2000). Suppose d is either the Hellinger or the
Ly distance and 11 is an a priori probability distribution on the space of probability densities.
Also,

Brr(fo.€) = {f 0,1) = R | K(fo, f) /fo log *7

Vi) = [ g <1og K (f f)>2 < }

If the positive sequence (€,),>o satisfies €, — 0, ne2 — +oo and there exist sets JF,, such
that the three following conditions are satisfied for some ¢ > 0, D > 0

2

1. H[BKL(fo,En)] Z €_cn€",
2. log N (€n, Fp,d) < Dneé?,
3 H[Fﬂ < ef(c+4)ne%

it then follows, for a constant M > O sufficiently large, depending on ¢ and D, that the
posterior satisfies, as n — oo,

ld(fo, f) > Men| X] — 0.

2.6.4 Forest priors DPA and C'PA.

Bounds on the Kullback-Leibler divergence.

Lemma 10. Suppose fy € ¥(,[0,1)), a > 0, and fo > p for some p > 0. Form > |«],
take (1;)o<i<oLims1 as the sequence from Lemma 1. Then, for (u;)icz a 2 + m-periodic
sequence satisfying (2.27), L € N,

[ = ZUiHLi7
i€z
we have that there exists a constant C depending only on p, m, « and || fo||, such that,
form > |a],

K (fo 20

—2aL 2L . 2
[0;1)> <C <2 + 2 max |1 — Ui_m| )

0<i<2Ll4m—1

[o;n) vy <f°’ focs

for L large enough and 2" max |ni — wi_m| small enough. Also, if q is a large enough
0<i<2L4m—1

integer,
2
m mw_ 2L
f07 _ Jg2- L < C 2—2aL + 22L ‘max |771 o ui—m|2 + ( m,1 >
fo q2 L ( o 0<i<2L+m—1 q
and
m -1 oL 2
_ mw, 12
fo, L S C 2—2aL —+ 22L max ‘771 — Ui7m|2 —+ (m,l) .
fo g2~ o [0‘1) Osisatimt 4
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2. SMOOTHING FROM BAYESIAN FORESTS

Proof. From Lemma 1, the map fF = Y251 2Ly *(m+1) (QL -—(i— m)) is such that

L
o

with C' depending on m, v and || fo[y;(,). Let’s first write the decomposition, given A and B
exist (it will be shown later),
) e

K (fof2aralyyy) = i folt)iog (72
)dt—l—/ fo(t)lo g( :(;(Lit)>dt.

By ( |

Focusing on the first term, we have, as log(1 + u) < u for u > —1,

< 2k (2.28)

HOO

A < fO #?(t)dt
0
fo(t) 3
= fo Wd“rl folfoL(t)dt

fol))—FE ) -
I8 <°(;0>dt 1= S350 e+ 2 (@ + (1= Wm0 ) |
0
2

IN

for L large enough,

L
‘[0;1) o

IN

Co—2al
=9 a’
p

where we lower bounded fF by p/2 on [0;1) for L large enough as fj is lower bounded by
p > 0. On the other hand, since fg* and f2, , have unit integral on [0;1) according to their
definitions, we have the upper bound

N (O R0)
B S fO fo(t) 0 fm 27[12(75)11 dt

L (o, @) (o, o)

= fo = 0 =~ dt

2
o (Bo-r @) (ee-FE o) (-1, o)
= [ e dt + |, G0 dt

2
O)—fm
< %fo Mdt +3 fo ( j(; ) dt using that 2ab < a® + b? for real numbers.
At this point, we develop from (2.10) and the fact that the maps x*(™*1(2F . —k) make a
partition of the unity (see section E.2 from [65])

2L4tm—1

Z (05 = i) 25X D25 - = (i — m))

| = e

[0;1) ‘[0;1) o

(2.29)

oo
<2F  max |9 — Ui
0<i<2l4m—1

Therefore, for L large enough and 2L max  |n; — u;_,,| small enough, we also lower
0<i<2l4m—1

bound f7', . by p/4. Under such conditions, we finally give the bounds

Bﬁi fo—fo‘

0:1) || o 7HfO ~ Jooam

2
S C <2—2aL + 22L max |777, — ui—m|2>
0<i<2l+m—1
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and

K(fo, [5o-1) <C <2_2"‘L + 221 max  |np — ui_m|2> )

0<i<2L4+m—1

For the discrete version,

L (:2 L
fo,L < K(fo, f2yr)+ | folog Z — | d\.
Jo Fr O] oy v (Jo fs-s(0)t)

It then remains to use Lemma 17 to see that for ¢ large enough, since 0 < f < 2Lw;:1 from
2.27) and inf w,,; = W, 1,
( ) 1<i<m m,l m,1

m
00,2~ L

d\

Jolog

[051) q2L(fO q2L ) o

(f:g,QL_ 3.2~ L<f 72 a ) 1>
S/[0;1)f0 - L(fo q20L ) N

= / (fo - fOL + fOL - f(:z’QfL + fO@,QfL — fgfgfL (/ f;’/LQfL (t)dt) )
(0;1) 0

(Q,Q—L_ qu(fo qut ) 1)
2L (fo 4,2~ o )_1

so2-L — fqo-r (/0 f;gdt)dt)

since 2ab < a® 4+ b® and (a + b+ c)? < 3(a® +b* + ),

—1 0L\ 2
mw, 12
<C (2_2aL +22F  max  |n— |t + (m) ) :

dA

—112

< 4= B+ 2 - e 2

o0

0<i<2Ltm—1 q

where we used that for L, q large enough and 2 max |1 — u;_,,| small enough,
0<i<2l4m—1

1 -1
g2t (/0 f(Tz—L(t)dt> > p/8.

On the other hand, f; belongs to an interval of the form [p/2; M| as fy is upper bounded
by a constant depending on a and | o[, only since it is a Holderian density (see [157],
p.9). Also, from equations (2.28) and (2.29), fI1, . € [p/4;2M] for L large enough and

2L max  |n; — ui_| small enough. We then use Taylor’s inequality to write that
0<i<2L4m—1

V(fo, flog-u) = [ fo (logfo—logf;?.},gfL)QdA

2
5 fO - fg,g—L [0:1) .
as well as )
me L L
fo,q— Sl fo— q—
fo goil [0;1) fo i [0;1) o0
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from Lemma 17 and ¢ large enough. We conclude with the triangular inequality, equations
(2.28), (2.29) and Lemma 17. O

Bounds on the Hellinger distance.

Lemma 11. Let (0;),., and (), be two (2L + m) -periodic sequences of real positive
numbers in H,, 1, from (2.13), where L € N*,m € N are such that m < 2L — 1, and verifying

10l V[I¢lloe < M € RY.

If f =%z 0:;Hri and g = Y ;5 G:Hyi, then, for g € N*, ¢ > 2¥TimM,

;ng L 921“2 L
fO q,2— L dt [01 f(] q2 L )dt [0 1)
1/ (9L VA gz g |25 Mm
as well as
m m L 1/2
h(F2a ] 0] ) < (25 m) 0= Iy,

Proof. First, the same computation as in the proof of Lemma 7 shows that

1
|zt =1
0

Then, according to Lemma 17, there exists V' such that |V| < ZLH% and

1
/ flp-t(t)dt =1+V
0

as [ takes values in [0;2E°M]. The same properties are verified with g, which allows us to

write
;12 L g;”Q L
fO q,2— L dt [0;1) fO q2 L )dt [0;1)

1 ) '
) i 4 i
</o A+VIE™ ..o elog—11m 02"

.....

2

1/2
1 i+ i,
_ 7(1—1—‘/’)(1’” | Z g(u_q2L ) du)

(@1,50s0m ) €[0;g—1]™
1/2
du)

s(/ S S A 2 B Ul -9
0
1/2
du)

(1+V)gm (L+V")gm

I(n) — 9(v)

1+V) 1+V)

(i1,0-,0m ) €[0;¢—1] ™
i ttim

1 ! L
< (m > / -
q (i im)€[0;¢—1]™ 7%
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1/2
(- )
T\ e [L4V) (V)
[ 2 1/2y 1/2
O NIC)
<l 9—L\1/2 / B p
< | (1+m27) e \ V) T TV U
[2L4+m—1 0 ¢ 971/2\ 1/2

— 1 + 2—L 1/2 2L i B 5

( m ) ZZ:% (1+V) (1+V’)

1/40L/4 Ly1/4 [2L4m—1 N 2L 4m—1 174 2 9oLim—1 v/ 971/4
< 3/72H5(1 2 0, — ¢, (0> v
< Arm2 S =@t X () + X <1+V/C>

1/46L/4 L 1/4_ 9 vV 2 [2F4m—1 2 V! 2 [9L4m—1 271/4
< 2 1 2~ o — v 0, i
<3/ 0=+ () | 2 +(1+V,> 3

[ 1/4
2L+1Mm 2

1/49L/4 —L\1/4 A2 22 Mmoo )

<372V (1+m27) 16 C|’2+2<q—2L+1Mm> (1+mM)
OL+1 N[,
14 (ok 4 12 | aiya | 2T Mmoo
=31 (25 m) 0 - Iy + 6 \l(q—2L+1Mm> (14 mM).

Above, we have used that, since wy,; = 1 — Wy, m11-; from Lemma 4,

2L4ym—1

2Ll 1

Z =14 > (Wmmii-@i—ibi + Wnorbiim)

i=2L—m

2L 1

<1+ Z (wm,m—i—l—(QL—i) + Wm,zL—z'> M

i=2L—m

<14+mM.

ZQQL *m (2L — 4

I€EZ

1/2
du)

2 1/2
)) du)

1
= / ZQQL *m 2Ly —4) —
0 1€EZ
1
<[ [ |26 - oz (2 -1)
0 liez
1/2
< Z|6—Q|2L/ X (2" — i) du
€L
2L +m—1 1/2
< Z !91—@’)
i=0
g+m—1 1/4
< (2L_|_m)1/4( S !&—Q!Z)
i=0
< (25 +m)" o - ¢l

57



2.

SMOOTHING FROM BAYESIAN FORESTS

2.6.5 Spline prior SPT.
Bounds on the Kullback-Leibler divergence.
Lemma 12. Suppose fy € X(a,[0,1)), for « > 0, is a probability density and f, > p for

some p > 0. Define (1;)o<i<ar_1 as the sequence from Lemma 15. Then, for 7 > 0 small
enough, L € N* large enough, (©;)p<;<2_1 € 52" and

2Ln 1
f:SDT,LaJ,z—L Z ©;Hp; )
i=0

we have that there exists a constant C' depending only on p, o, | foll., and || folls ) such
that

K(fo, ) VV(fo,[)<C <22aL +77+ (2LT?1 v 22LT?2)2 max [1; — @i|2>

0<i<2L_1

for (2L7'*1 % 22LT*2) max |n; — ©;| small enough.
0<i<2L—1

Proof. Let fE be the map obtained from Lemma 15, then

2Ll
foL = SDT,Lan—L (Z UiHLi)

for some (1;)o<i<az_1 € 52" We now give the decomposition, given A and B exist (it will be
shown later),

K(fo, /) = [ folog(%)dx

- [ (B)ars [ s ()

=A =B

Focusing on the first term, the bound log(1 + u) < u for u > —1 results in

A

IA

fo fo & (;0 dA
Jo LN+ 1 = [ S (2.30)
ZHfo fo |2, for L large enough,

IA

where we used that, by construction, fol fE(t)dt = 1. Also, we have lower bounded f& by
p/2 for L large enough and 7 small enough, as a consequence from our assumption on f;

and Lemma 15. On the other hand, using once again that f is a density, we have the upper
bound

L_

B < folfofof Ldx

fo %(D‘

_ L (fe=Hfo—15) Ug=1?

— fO Ofood)‘_kfo f d\

1 fo (fo— fo d\ + 3 fo fO A using that 2ab < a? + b? for a, b real numbers.
(2.31)

IN
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Along with the lower bound on fF, Lemma 14 ensures that there exists a constant C' depending

on p and « only such that, when L is large enough and (QLT_I v 22LT_2) | nax 1|ni — 6,

is small enough,

0<i<2l—1

B < C(Hfo - fOLHQ + (QLT_l \% 22L7'_2)2 max |n; — @i|2>.
In the end, (2.30), (2.31) and Lemma 15 lead to the bound
K(f(], f) S O (2—2aL + 7_2 + (2L7_—1 v/ 22L7__2)2 max |’Ih . @Z|2>
0<i<2L_1

where the constant C' only depends on «, p, || foll, and || follsya)

In a second part, we write that

V(o /) = [ folog () ar

L\ 2
< /folo (’}) d)\+2/folog (Cﬁ) X,

=B

For the first term, introducing the Lebesgue-measurable event G = Sz € [0; 1) ‘ fo(z) > fOL(m)}

we use similar arguments as above to write that

A = foglog<f°) d\+ [, folog (UL>2d>\

fG £ <fo fo) d>\+ch fo (fof;fo) d\ (2.32)
<l

VAN

where C depends on p only and the last inequality is valid for L large enough and 7 small
enough. S|m|IarIy for the second term, introducing the Lebesgue-measurable event H =
{x €[0;1) ‘ fE(x) > f(x )} and using Lemma 14, it follows that

2 B 2
B < foo(fof—f) A\ + [ fo (@y) d\
— C (2L7_—1 _|_ 22L7_—2>2 max |771 o 92‘2

0<i<2L—1

(2.33)
for some C, which is valid for L large enough and (2L7*1 % 22LT’2) max [r; — ©;] small
0<i<2b—1
enough. Finally, we obtain from (2.32), (2.33) and Lemma 15
Vi(fo, ) <C (2_20‘L + 724 (QLT_I Vv 22L7'_2)2 max |n, — ®i|2>
0<i<2b—1

with C' depending on «, p, || foll., and [[follsa)- O
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Bound on the Hellinger distance.

Lemma 13. Let 7 > 0, m € N, L € N* and two density functions gy, g2 on [0;1) which are
piecewise constant on the grid [i27%; (i+1)27%), 0 < i < 2—1. Then, for f; = SD, ,, o-2(g:),

h(fi, f2) <2 (1 + \/1 +2(m + 1)3 61/6(m+1)m> 172 llgr — 92||1/2.

Proof. By definition,
f’ — A’?n,QfL(gl>+ + T
Y Sy (Ao (gi)+ +T)AN

Then the triangle inequality, its reversed version and simple algebra give

VA2, )+ A2 () +7
VAo, [y o]
|22 o elon)s +7 = A2, aloe)s + 7).

H\/A%@,Q—L(gl)-&- 7|, .

The numerator on the right hand side is then bounded by
H1/2

h(f17f2) =

2112

<2

)"

HAan,Q*L(gl)-&- _AgnQ L g2 HAm2 L gl) A11nQ L 92

+ H(Am,rL(gl)Jr - Ain,Q*L(.gl)) - <A72n,2*L(92)+ - A71n2 r(g2 )

as for any a,b > 0, |\/a —v/b| < \/|a — b|. For the first term, with g; the 1-periodic extension
of g;, we develop

)i

HA}TL,Q*L(gl) - Avln,sz(g‘J?)Hl = fo ‘91 o2t g;noo,Q*LOf)’ dt
fo PR (91 - 92)( )| dt

= fo Xoor * (|91 |)( )dt

= e xgo(@) fo ’91 t — x)dtdx
= [oxiu(@) [ | — gl (t)dtdx

= g1 — gll;,

following Lemma 4. Then, according to the link between A}mQ_L(gi) and Afn’z_L(gi), the
square of the second term is equal to

2 1 2 1
f[> Uiz | (s (904 = AL pmi(9n) = (4720 (92)1 = AL oo (01)) N
< HA71n2 L(gl m2 L 92 H + f 7n+l 1 mz1 1) Ail,z—L(gl) - A727172—L(g2> dA.

Now, writing P1, P, the polynomials of degree m such that A} , . (g:)(t) = Pi(t) for t €

[2%; m;{l) The polynomials Q; = P, o (-/™F*) have degree m and, by definition, we have

the two equalities,

m—+41

/2L
0

A5 (g)(t) = A2 5a(g2)(B)| dt = 275 (m + 1) / (@1 — Q2) (),
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m+1

[ )~ 2y sted @] de =2 o4 1) [ 1@ - @a)teae

m _m_
2L mE1

It remains to apply Lemma 18 to obtain

A o) (0) — A2 s ()] d

/
0
m—+1

- L
< 2(m 4 1) V/olmtDm / TAZ e (9)(0) — A2y (o) ()] d
2L
m—41

< 2 (m + 1)* eV/6tntDm / T AL s (90)(0) — ALy (g2) ()] d

<2(m+1)7eVormtim g — gol|, .
Finally, we obtain the bound
1
(14 V15 2+ 1) VS gy — gy
/4% 5e (o) + 7,
1
<2 (1 + \/1 +2(m+1)° 6V6(m“)m> T2 gr — g3

h(fi, f2) <2

Bounds on sup-norm distance.

Lemma 14. Let L € N and (01,) ;<o 1 (©2.:)y<;cpr_, be two elements in S**. Then,
for 0 < m < 2L —1 and € > 0, there exists a contant C' depending only on m such that

SDT,m,Q—L ( Z @1,1'HL1') - SDTJn,Q—L ( Z @2,iHLi)

0<i<2L—1 0<i<2L—1

[e.9]

<C (2’:7'_1 V 22L7'_2) max [01,; — Oq,]|.
0<i<2L

Proof. From (2.4) and Lemma 4, it is straightforward that

A7171,2—L( Z @1,iHLi)_A71n72—L( Z @QyiHLi)

0<i<2L—1 0<i<2l-1 -
(2.34)
<\ > OuHu— > ©O5Hy
0<i<2l-1 0<i<2L -1 -
= 2L max |®1,i - @2,i| .
0<i<2l 1

Now, we point out that, for J # @ an interval in [0; 1),

[flloc,s = suplf ()]
zeJ
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defines a norm on the space of polynomials of degree at most m, which is of finite dimension.
Therefore there exist constants (', ,,, > 1 and C%,, > 1 such that

||'||<>O,[0;1) < CLm ||'||<>0,[0;(m+1)—1) and ||'||oo,[0;1) < CZ,m ||'||OO,[m(m+1)—1;1) :
Also, let's write P; (resp. ();) the polynomial of degree m such that

14;21;( 3 ()Mfﬁﬂ) = P;(25(m+1)71, ) resp. Qj<2LOn~+1)1(~—4-+(Wz+1)2L>)’

0<i<2L -1

on the interval [mQ‘L; (m+ 1)2_L) (resp. [1 —(m+1)2751— m2_L)). These polynomi-
als exist according to Lemma 8. It follows that, by definition,

sup
te[05(m+1)2~L)

0<i<2L—1 0<i<2l—1

A?ng_L ( Z Gl,iHLi) (t) — A?n’z—L ( Z @2,iHLi) (t)

= sup
te[0;(m+1)2-L)

= sup |Pi(t) — Pa(t)]
te[0;1)

<Coym sup  |Pi(t) = Pa(t)]

telm(m+1)~11)

P25 (m +1)7') — P25 (m + 1))

= Chym sup P25 (m +1)7') = P25 (m + 1))

te[m2-L;(m+1)2-L)

== OQ,m sup AzngfL ( Z @l,iHLi) (t) — A,,2n727L ( Z @27Z‘HLZ‘) (t)

te[m2-L;(m+1)2-L) 0<i<2l—1 0<i<2l—1

=Com sup Ain,Q*L ( Z @l,iHLi) (t) — A}n’gfL ( Z @2,iHLi) (t)].

te[m2=L;(m+1)2-1) 0<i<2l—1 0<i<2l—1

Therefore, using the same arguments on [1 — (m+1)27%; 1) and the fact that

0<i<2L -1

A;,2L< > @j,iHLz)

and
Ai,zb( ) GJ,ZHLz')
0

are equal on [(m + 12751 — (m+1)27F),

2 2
Am,Q*L Z ®l,iHL7L - Am,gfL @271‘HLZ‘
0<i<2L -1 0<i<2Ll -1 00

Ain,Q*L ( Z ®l,iHLi> - ArlmgfL ( Z 62,1'HL2')

0<i<2L—1 0<i<2L—1

< max (Crm, Cam)

[e.9]

(2.35)
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Then, from Lemma 4 and the hypothesis on the (Gj,i)0<i<2L71 sequences, we also notice that

< ok,

A%,z—L( > 9j,iHLz')

0<i<2L_1

o

Therefore, the same arguments as above gives

A?n,Q—L( > @j,z'HLi)

0<i<2L—1
1

i= /
0

SDT,m,2—L ( Z @1,iHLi> - SDT,m,Q—L ( Z 62,iHLi)

0<i<2L—1 0<i<2l—1

< 2l max (Crms Com) -

oo

Finally, denoting

),

A72n72_L ( Z ®j,iHLi) + T
+

0<i<2l—1

(2.8) gives

o0

S 7‘_1 A72n72—L ( Z 61,iHLi) — A72n72—L ( Z 62,iHLi>
0<i<2l—1 0<i<2l—1 ~
1 1
+[|A2 . Z O Hp; - = 7 (2.36)
7 0<i<2l -1 o LI
< (T_l + 2L max (Cl,ma Cg7m> T_2>
Ao Y OuHL | — AL, > O.:Hp
0<i<2l—1 0<i<2l—1 ~
Combining (2.34), (2.35) and (2.36) concludes the proof.
O]

Lemma 15. Let f) € ¥(«,[0,1)), for « > 0, be a probability density function such that
fo > p for some p > 0. Then, for L € N large enough, there exists (1;)o<i<or_1 € 52" and a
constant C' depending only on o, || fol|, and || folls,) such that

<C(2f+7)

2l 1
fO - SDT,LaJ,Q—L (Z nzHLz)
=0

for any T > 0 small enough.

oo

Proof. Let's write fOL = E?i&l 1n:iS; 21 o) the application from Lemma 1 such that

o

<02k (2.37)

o0

_ 7L
[laf2= 51— a2 F) Jo [laf2= 51— a2 F)

with (6;)o<i<or_1 € S*°. Then, we see, from definitions (2.6), (2.11) and equation (2.10)
that

foL :Aiajﬁ_L ( Z niHLz)

0<i<2L—1
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and we introduce
fOL = SDT,\_@JQ*L ( Z nzHLz) .
0<i<2L 1

Besides, by construction (see Subsection 2.3.2) and from (2.7), there exists a polynomial P of
degree |« such that

Vi € lo%) Alyja-r ( > mHLZ) (t) =P (LojLiJ' (2.38)

0<i<2L—1

We point out that we also have, for any t € [LQ—J LaJ“),

Alaj ot ( > niHLi) (t) = Alyjo-t ( > mHLZ) (t). (2.39)

0<i<2L—1 0<i<2L-—1

Also, if R|,| [X] is the space of all polynomials of degree at most |« ], it is well-known fact that
there exists a polynomial @1 € R4 [X] such that Vt € [ : LaJH) ’fo Qq(t )’ < 027k,

with C' a constant depending only on a and | fo||5;(,)- Let Q(¢) = @1 (MH ) for t € [0;1).
Let's define on R, [X], for J an interval in [0;1), the norm

19]loc,s = sup [g(@)].
zeJ

By equivalence of norms on R4 [X], [|9]|oc,0:1) < Cl|9loe,[[a)(|a)+1)-151), With C a constant
depending on |« only.

Now, using that, by definition, fOL and @), are both close to f; on some intervals as shown
above, we deduce from the last paragraph, (2.38), (2.39) and the bound (2.37)

1Q = Pllocjon) = sup |Qz) — P(z)]

z€[0;1]
2Lt 2Lt
Q(Laj+1) _P<Laj+1)

f°(”‘P<LajLi1>|

where C' depends on «, || foll,, and || foll5;,) only. Hence, from (2.38),

= sup
te [0; La2JL+1]

< sup  |fo(t) — @Q1(t)]|+ sup
telo; L”‘”1) te[o;%)

§C2 al

sup
refosl95)

2k —1
folt) = Al e (Z 9i2L1[i2L;(z‘+1)2L)) ()] < sup  |fot) — @(t)|+
=0
sup

tE[O;%)
2Lt
Q:1(t)— P
te[o L‘3‘”1)

< 027" +1Q = Pllos,on)
S 02704L

04
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with C' a constant depending only on fy, || fol|,, (which exists as f; is a Holderian density, see
for instance [157], p.9) and || fol|5(,). Using the same reasoning to control the distance on

[1 - LQZJLH; 1) and the equality (2.39), we conclude that

< Cc27F (2.40)

Jo _ATQLQ—L ( Z UiHLi)

0<i<2L—1

(o)

and

fo ALaJ oL (ZOQSQLI niHLi) (u)du’ < 027l For L large enough, as fj is lower

bounded by a strictly positive constant, we thus have that AQL&J,TL (ZOSiSQL_l 77iHLi> is

positive for L large enough, leading to the simplification of the definition (2.8) (we remove
the positive parts from the formula)

fOL = SDT,LaJ,Q—L ( Z anLz) =
0<i<2l—1 1
i

Al ot (Zogi§2L—1 niHLi> +7

Af“J’Z_L (ZOSiS2L—1 niHLi) (u) + T) du

We also have that AfaJ’Q,L (ZOSiSQL_l niHL,) is upper bounded by a constant depending
only on a, || foll,, and [|f|l5, as a consequence from (2.40). Finally,

Hfo - fOLHoo <02l 41y

1
1-— X

fo1 (Afa J2-L (ZOSiszL—l ”iHLi) (u) + 7) du

aJ2L< Z nzHLZ)()+

0<i<2Ll-1

oo

<(C (27O‘L + 7') .

2.6.6 Proof of Theorem 4.

Within this proof, let us set, for ¢y to be precised,

E — CO” 2a+1 10g2a+1+1/2

Let's introduce the sequences of depth L;,, and L, such that 2L < C; (logn) = log!/?n
for some constants C'; and Cy = 1, and introduce the subsets

Lin
Fn = Ul Grem).r,

where

=0

2l—1
Glir, = {S'DTn,k,Ql(g)J g=> O6;H;,(0;)o<ica_1 € Szl} .
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1) Complexity of the prior: On the one hand, we have

3/2 Lin
N[F] =T > Ly, <2752
<e —log™ 1/2210g3/2(01n/ logn) 211-9-7;
Clc 2
< e (4a+2)\/10g2 (241)

On the other hand, Lemma 13 implies

21
N (EnaGl,g(l,n),Tmh) S N ( { Z O, le> O<z<21 1 € 521} h)

where C},, is the multiplicative constant from Lemma 13 when m = £(I,n). For f, g in

21
{ Z O:Hii, (O:)o<i<ai_1 € SQZ};
i=0

we see that

Yo 1/2
- (Z:o 27(\/f(i27) — \/g(i2">>2) =||vE - v,

where f, g € [0, 1]2l are the sequences in S% defining f and g. It follows that

C
C 2

lnnn

N(EnaGl,f(l,n),Tnah) < N(Cln’rn SQ || || ) <N (017_7127'” Rzl( ) ” || ) <

This finally gives, since {(I,n) < &(1,n) <log(n)/2, for C' an absolute constant and using
the explicit formula for Cj,, from Lemma 13,

Ll,n
N<En’ Fn’ h) S Z N(En’ Gl:s(lvn)ﬂ—rw h)
I=1
2\ 2

Lin | 4C <1 + \/1 +2((1,n)+1)° 6\/6(£(l,n)+1)§(l,n)>
<
B =1 TnE?L

2l

Lin [ 8C <1 +(£(1,n) + 1)3 6,/6(§(z,n)+1)§(z,n)>
= 2

=1 Tn€n,

L 1003/2 2!
< tn f9Ce C" log? nlOgTL
4 Tna

Lin
C'VIogn 1ned3 p \ 2 L

< Cn log”n
~ Tn€2
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, Ly, ’ -2, .2
< p2OVIgmRn o 20Oy ?nel, (2.42)

2) Prior mass condition: Lemma 12 ensures the existence of a sequence (7;);coz2m ;| €

S22 such that, with ©; the sequence drawn by the TPT distribution as in (21), max g — 6] <
0<i<al2n_1

(log n);;++21 n~ it and

2L2,n,1 2L2,n,1
K (f()a SDTn,LaJ,QfLQa” ( Z @zHL2nZ)> vV (an SDTH,Lan*LQ«r" ( Z @iHLz,ni>)
=0 1=0

is smaller than €2 if ¢ is large enough, depending on p, «, ||foll,, and [ follsy(a)- Indeed,

under this condition, every term in the lemma depending on L = Ly, and 7 = \/ﬁfl is of
the right order. Consequently,

BKL (f07 en) ‘l - L2,n

The same arguments underlying (2.17) then ensures that, for some C' > 0, depending on 3,
R, o and ¢y, 11 [BKL (foren)|i = LQ,H} > ¢~Cnét Therefore,

a+2

2a+1 _ 3a+3
< ( logn n- 2+l

II > 11 max

o<i<2l2n 1

7 — ©;

= 1)

3/29Ly

I [Bxr(fo,€n)] = T [Brr(fo, en)|l = Lo,] 27 2n
S o-Cn — log¥/? n2k2n //log?

— <C+C21102> ne2
=e oV : (2.43)

We conclude using Theorem 7 along with equations (2.41),(2.42) and (2.43) , since for C;

Crc7? 1 . .
large enough, m >C + N + 4. Then, the theorem is valid for M large enough,

depending on p, a, HfOHE(a)’ HfOHOO' B and R.

2.6.7 Miscellaneous.

Extension of Holderian maps.

Lemma 16. Let E C R be a non-empty interval and let fy € ¥ («, E') where o > 0. Then

there exists a function f € ¥ (a,R) so that f‘E = fo and Hsz(a) = [[follsa)-
Proof. First, let's assume that @ < 1. We use the fact that
’131 - .TQ‘Q < (\xl — .1’3| + |Q?2 — LL’3Da < \xl — .133|a + ’SL’Q — 273‘(1. (244)

First, for fo € X (a, E), we have |fo(z) — fo(y)| < [[flls(a) |z — y|* for all z,y € E and we
define

hz) = int {fo(y) + | folls Iz =9I : y € B}, « €R"

If z € F, then taking y = x we get that h(x) < fo(x). To prove that h(x) is finite for every
x € R" fixyg € E. If y € E then, from (2.44),

fo(y)—fo(yo)+||f0||z(a) [z—y|* = — HfO“z)(a) |?/—yo|a+||f0||z(a) lz—y|* > — ||f0||z(a) E T
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and so
h) = inf { foy) + [ follge o = 91 9 € BY = folu) = follggey I — 90l > —o.

Note that if z € F, then we can choose yy = x in the previous inequality to obtain h(x) > f (z).
Thus h extends fy. Next we prove that

h(r) = b (@2)] < ollgey lor — zal®

for any x1, 29 € R. Given € > 0, by the definition of h there exists y; € E such that

h(z1) = fo(y) + [ follsa [21 — 02" — e

Since h (22) < fo(y1) + || folls(a) 22 — v1[*, we get from (2.44)

h(z1) = h(z2) = | folls@y |21 — 1|* = [ folls(a [22 — 0]* — €

> = [[follsa l21 = 2" —&.

Letting € — 0 gives h(z1) — h (22) = — || follga) |1 — 22|%. It remains to reverse the roles of

1 and x5 to prove that /i is Holder continuous with |[Alls, ) = || follsa)-
Now, if & > 1, we have that fy € ¥ (o, F) implies

[ eSa—1al By, A5y = Mollsw -

The above proof ensures that there exist g € ¥ (o — |, R) such that g‘E = fil*D " As this
last application as well as ¢ are continuous, it suffices to take the successive primitives of ¢
(with equality constraint ensuring that these are also derivatives of f) to obtain the result. [

Control of discretization error.

Lemma 17. Let f be a piecewise constant map on the intervals [i/l; (i+1)/1),i=0,...,1—1,
with | € N*. Let's assume that f takes values in [0;1']. Then, if g is the 1-periodic extension
of f on R, we have

ml'(ls + 1)

oo q

Hg?o,s—g;’fs
formeN,0<s<1/2

Proof. If m = 0, the result is straightforward. Otherwise, we start by noting that, as g is
1-periodic, (2.3) gives that Jro.sr @s well as gi', are themselves 1-periodic. It is therefore
sufficient to control ’ggs(:c) - gg”s(:c)‘ for z in [0;1).

Before going further, let’s first show that for any m > 0, g ; is a function of bounded
variation over any interval [z — s; x], with a bound on its total variation independent of = € R.
This means that there exists a constant V = V/(I',1,s) > 0, such that, for any z € R and
subdivision o ={z —s =21 < xy...2,_1 <z, =2 |n > 2},

S g (i) — g2 ()| < V.

i=1

By assumptions on f, on an interval of length s, g is piecewise constant with at most s + 1
discontinuity points and takes values in [0;1’]. Therefore, g has bounded variation at most
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V =1'(Is +1). Then we show that the convolution of s~ x*™ with g is also a function with
bounded variation on any interval [z — s; 2] with € [0;1). Indeed, for a subdivision o of
[z — s;2] and m such that s(m + 1) < 1, using (2.3) and Lemma 4

Z\ TN g(@i) — 5T x ()

<

<U(s+1) /R s () du (2.45)

n
EE:’gZ;s(xi+1 goos $1
=1

gwﬁrwo—a%—wHFWW?wwdu

Let's assume mm = 1, in which case g, ,(z) is a Riemann sum with converges to g}, (z) =
1 [z . . .. P
s~ [, g(t)dt as ¢ — oo. More precisely, with the bounded variation property above, it is a
common result that in this case
!/
1 1 s _Us(ls+1)
|59 (@) — gy ,(0)| < V= < ———.
q q

This proves the lemma for m = 1.
For the general case, let's assume that the lemma is true for some m € N*. We use the same
argument, since the above equation translates in

I(ls+1)
q )

st~ (o) @) <

q?s

according to (2.45). Also, the property at level m ensures that

. S\ 1y is . is
g%*l( ) (gams> (I) 52475 : g%s<x _'> __gams<x _'>‘
q,s q 1=0 q q

< ml'(ls + 1)‘
q

Using the triangular inequality on ’ggg*;l( ) — gz )’ to obtain a bound from the sum of
the two terms above allows to conclude the proof. O

Equivalence of norms on spaces of polynomials.

Lemma 18. Let R,[X] be the space of polynomials of degree at most n and with real
coefficients. For P € R, [X], let's write

Pl oy = I?%X]P( )|, with J an interval in R.
J c

Then, for all P € R,,[X] and s € [0;1), we have
1Pl oy < €7 1Pl o

as well as

V6s—1in
1Pl oo < €% " IIP o is -

69



SMOOTHING FROM BAYESIAN FORESTS

It also follows that

1. 2
/[ | |P(u)|du < e 6s 17L(n + 1)2/[ | |P(u)| du,
0;1 0;s

S

S

1 2
/ |P(u)|du < e 657 nZ (4 1)2/ |P(u)| du.
[0;1] [1-s;1]

Proof. For n = 0, the result is straightforward. Let's then delve into the case n > 1. First, as

xk__ E:iﬁ k—1—1

for any z,y in [—1;1],
ja* — ¥ < klz —yl.

Then, if P(x) = X7_, apr®, we have
|P(x) = P(y)] < Y lawlla® = y*| < o =yl D Klaul.
k=1 k=1

Before going further, we point out that necessarily a; = P®(0)/(k!). Now, let's recall
Markov's brother inequality (that can be found in [18] for instance) which states that, for
Q@ € R,[X] and any nonnegative integers k

n*(n? —1?)(n* —2%)--- (n* — (k — 1)?)
1-3-5--(2k — 1) uax, Q)]

<
‘max QW ()] <

The constant appearing in the above inequality is equal to 7.?*)(1), where T, is the n-th

Chebyshev polynomial. Let's apply this inequality to ) = P o (g(X + 1)) First, we have

1Pllc o) = 12X [Q(2)]-

—1<z<1

And then, for z € [—1;1],

so that

mas 109 = (2) max P9 @)1 = (3) 1PO0)]

—1<x<1 0<x<s

Combining these results finally gives us, for 0 < z,y <1,

P(2) — P)] < & — o] 3 Kl

k=1

\x—y\Z'P ot
BT (1) [Pl o
<|a:—y|2(> (k—1)!
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It follows readily that

1Pl cgo < (1+Z() — 53t 1Pl

The multiplicative factor above is then bounded by

n 6k —k 2k n /6 —10)\2k
1+ 22 1+ZM
k=1

as k < (3/2)k,Vk > 1. This concludes the proof of the first inequality. For the second
inequality, it suffices to remark that for P € R,,[X],

1Pl sy = MBllc o) Plloo oy = [1Bllc o1y
with R(t) = P(1 —t) for any ¢ a real number, defining R as an element of R, [X].

Finally, for the last claim, we introduce the primitive p(-) = [, P(t)dt which is a polynomial
of degree at most n + 1 verifying

1Pl ooy < /0 |P(t)]dt.

With Markov's brother inequality and rescaling, we have

2
1P o 0.5 < ;(n+ D211l e oss
which allows us to conclude

s—1n s—1n2 °
[Pl S 1P gy < 5 P £ X+ 12 [P
0;1 0

2.6.8 Random shifts for the Poélya forest

As for the question of the addition of random shifts in the DPA prior, it appears that our proof
for the posterior contraction rate doesn't extend well. It mainly pertains to the difficulty of
defining a low-dimensional sieve on which the prior distribution concentrates its mass. However,
the control of prior mass on KL-balls centered on the true density f; can be conducted even
with random shifts in the definition of trees in the prior. This naturally leads to a study of
p—posterior contraction rates, i.e. for some p > 0, a prior II on densities f and observations
X ™) from IP’;Q%” giving the posterior distribution II,,,

Jp Iy f( ) I(p)
J L f7(X)dII(p)
Indeed, according to Theorem 8.43 and Example 8.44 in [65], it suffices to show that

I[f: K(fo,f) <él] > exp(—Cne2) for some C' > 0 to obtain that the p—posterior
concentrates around fj at rate ¢,

0P [h(fo, f) > Mye,] — 0,

VifeB=
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for any M,, — oo and h the Hellinger distance, whenever p € (0,1). This statement is true
for any sequence ¢,, but we use r > 0 and

r

] pram}
() = ( ogn) |

n

as we assume fy € X(r,[0;1)), i.e., it has Holder regularity of degree r.

New prior RDPA.

In this subsection, we define a new prior, similar to DPA, with the exception that the shifts

of the partitions underlying individual trees are random. DPA outputs maps of the form
go-1, With ¢ >0, L >0, m > 0 and [ =>iezu;Hy;. Instead, RDPA outputs a stochastic

transform of f as is made explicit in the below algorithm defining this new distribution.

1. Fix L > 0, parameters set A, m >0, ¢ > 0.

2. Draw g such that g ~ T'PTy, (A). One writes

2l—1
g()= > ©:iHp()
i=0
L— -,
for some sequence (0;)?_; " whose elements are positive and sum up to 1.

3. If m # 0, draw independent random variables U;; s ~ U[0;1], 1 < j<m, 1 <i <
¢ 1<d<q.

4. If m # 0, outputs

-1
1 U'L +".+Umim:m
f%m(.)_( > qj) ( )Z > g<,_ Lirdy - imsd )
1 yeenyim

1<j<m i1yeesim)s 45 €[1;¢7 1] (diseesdim ) E[L3]™
(2.46)

otherwise outputs f,o = g.

Then, we refer to the law of f, ‘ L,A,;m,qas RDPA(L, A,m,q).

N.B.: Above and in the next subsection, the difference in the arguments of maps are to be
considered congruent modulo 1.

p—posterior contraction rate.

Theorem 8. Suppose fy € ¥(r,[0,1)), r > 0 and fo > p for some p > 0. Let us endow f
with a RDPA(L,, A, m,q,) prior which we write 11,,, such that for some § > 0, R > 1,6 > 0,

5 <logn>ﬁ;R
n

Ly = (n/logn)"® ™ m = |r| and g™ = Cn2/@r+1) 16g>" /1) p for C' large enough. Then,
for any M,, — oo and h the Hellinger distance, as n — oo,

P [h(fo, f) > Maen(r)] — 0,

Yae A, ac€

Y

whenever p € (0,1).
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Proof. As stated above, it suffices to control the prior mass of the ball {K(fo, f) < €,(r)*}.
In the following, we simply note €, = ¢€,(r).

According to the proof of Theorem 2, there exists an event B, 11 [B,] > exp(—Cjne?), on
which (@)1.207__72% is such that

K(fo,go"gQ_LO < ce?

with ¢ > 0 a small constant and 220, < C/, for any i = 0,--- , 2L, where C, is a constant
depending on the sup-norm and the Hoélder norm of fj. Also, replacing

g;n—nﬂan
1 m
fO gqn72*Ln (t)dt

by fg..m in the proof of Lemma 10, we prove that on B, if qumm — g% o
¢ > 0 small enough, then

< de, for
o0

K (fo, fgum) < €2.

Consequently,

[ Ko ) < ) 2 B[ fym — e .| (2.47)

> exp(=Cane)I || o = 92220

< de,
o0

< de,
o0

Bn} . (248)

Since the law of Uy, 4, + -+ + Upn,
fam(2) has expectation

d,, 1S the one with density x*, for any = € [0;1),

sty

Eprem gl —1277)] = / g (2 — 1270 ()t = 27 (2w g(a) = gy ().
R

Then, f,. m(x) is the expectation of the same quantity as above w.r.t. to the empirical
measure &, , associated to 3 1<;<,, ¢}, < ¢,;' independent random variables with probability

density x*™. Consequently, for the family of maps F = {g(:z: — 27y e [0; 1)}

qun,m - g;no,Q—Ln o sup |5t~x*m[f] - gqn,m[f” = Heqn,mH]:v

feF

where e, = &\ +m — &,, m above is the empirical process indexed by F.

Now, we would like to upper bound £ [||e,|| z] by mean of Theorem 10. It is possible to replace
F by O F as it only increases the expectation of the supremum. An enveloppe F' such that
|fl < F.VfeFis F(-) =2"sup,_y _yr._, ©;. Then, forany f = g(z —27".) e F, we
have like above that

Epreom | F2(1)] = Evoor [ @7 (2 — 12757) | = 27 By (270m) s g2 (),
Therefore, using the fact that the S, 5., ,,, do a partition of the unity, up to a constant,

2Ln 1
2 —sup E |fAX)| = 7S, 2Ln m
o7 = sup 2] ; $Siatn,

L 2
>0kt sup  ©7,
i=0,...,2L=1

o
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where the last inequality comes from Lemma 5 in [65] This Lemma also proves that

.....

19 ensures

log (@) . ifri>1

2 -y —
1%@M£L@Mﬂﬂmwngﬂh)_ﬁ%z if 7l <1

for discrete measures () with finite number of atoms and rational weights and N the covering
numbering of a set. Then, according to Lemma 20 and Theorem 10 with U = CY,, for n large
enough and some constant C' depending on the sup-norm and the Hoélder norm of fy,

H (2Ln/2
€ |:H€(In7mH]—':| = \/7 < O(]_m/2 1Og( 23L”/2) < /e /2

Now, this implies, along with Theorem 9 applied to {f — o\ «m[f] : f € F} and the Uy, 4, +
-+ Upmi,,.d, random variables, with U = F' defined above,
B,|

2m 2
< exp | — 4 €
AFE|||equmll 5] + 200 F? + 2q7en F /3
< exp( Cq,'e ) — 0.

Bo| <10 |leq,mlly = E[lleqmll ] + Cenf2

I gl = e

We conclude with 2.47. O
Lemma 19. For L > 0, (ax)r—o

.....

Then, for F = {g(x — 27k, z e [0 1)} and F(-) = 2L sup ay,
k
%, ifr <1

N(F, LXQ), T |F|,2.0,) <
( (@), T[IF, (Q)) > {17 ifr>1

for any discrete measure () on R with finite number of atoms and rational weights.

Proof. Given the assumptions on the a;'s, it is clear that the set { f} covers F for any measure

() whenever 7 > 1. Otherwise, if 7 < 1, let's define v; = inf {l/ €[0;1]: Q(Unez[n; n+ 1/]) > ir}
fori=0,...,[77']. One notes that Vi,; < 1 as Q has a finite number of atoms. Then for

x € [0;1)], take i such that v; = sup{y; : 27 %(|2z] +v;) < 2} and y = 275(|282] + 1y).
Then, with ayc_y =a_y and v|;-1) 41 =1,

2

() < Y ag — apa]?22Q ((2Ly — k;2kx — k])

0<k<2L-1

§F2Q< U (2Ly—k‘;2Lx—k]>

0<k<2l 1

lg(z —27") —gly —27")
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= Flp@| U @vy-k 2Lw—k})

<IFEge| U (2Ly—k;2Lx—k:]>

0<k<2l 1

< FI2 @ | U (n+wisn + 282 — LQLCUJ])

nel

< ||F||i2(Q) [Q (U [n;n + Vz’+1)) - Q (U [n;n + Vz])

nez neZ

2
< 7[Fll7200)

The last inequality comes from the fact that since () is discrete with finite number of atoms,
there exists v < ;41 such that @ (U,cz[n;n + vit1)) = Q (Unez[n; n + v]), and by definition,
Q (Upezln;n+v]) < (i+1)7 A L. Also, by continuity, @ (U,,cz[n;n + v;]) > iT. Therefore,

F={g@ m+w)-27"), m=0,... 2" -1, i=0,..., 7]}

is a covering of size 28| 77| < 2br7L, O

Lemma 20. For any A > 2, the application

1 ] <
o og 2, ifo<x <1
log (Az), ifx>1

satisifies the conditions of Theorem 10 with C'y = 1.

Proof. The two first points of Theorem 10 are clear. When it comes to the third one, for
O0<e<1,

/ VH(1/x)dx :/ V0og (A/x))dx
0 0
oo 2 A
= /\/7 2Au% e du with change of variable u = {/log ()
bg T

: A\/bT/F

Useful results.

Theorem 9 (Talagrand's inequality, Theorem 3.3.9 of [69, p.156]). Let (S,S) be a measurable
space, and let n € N. Let (Xy,...,X,) be independent S—valued random variables. For
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F a countable set of measurable real-valued functions on S such that |||, < U < oo and

E[f(X))]=---=E[f(X,)] =0 forall f € F, let
Sp = $up kZ::lf(Xk)

and parameters o2 and v, be defined by

1 n
- E|f2(X.)] < o2 < U2
nk§:1ﬁ§1€1§g [f( k)}_an_

and
v, = 2UE[S,] + no?.
Then, for any x > 0,
2

X
P[Sn > E[S)] + 2] < exp (‘2u+2xU/3> |

In the preceding subsection, we have interest in the empirical process indexed by a set of
functions F defined by

where Qf denotes the expectation operator under the distribution (), P is a probability

measure and P, :=n"! 37, dx, is the empirical measure associated to (X1, ..., X,,) ~ P®".

Also, in order to apply the preceding theorem to this setting, one needs to bound
lenll 7 = sup [en(f)] -
feF

Theorem 10 (Theorem 3.5.6 of [69, p.189]). Let F be a countable class of functions

with 0 € F and F measurable be such that |f| < F for all f € F. Also, let's write

o? =sup E[f*(X)] and U = max F° (X:). Then, let H : R — R* be a function such that
fer SN

= H(z)=log2 for0 < x <1,

= H is nondecreasing for x > 0, and so is v + xH'?(z) for 0 < 2 < 1;

= There exists 0 < C, < oo such that [ \/H(1/x)dz < CycHY?*(1/c) for all
O0<cec<1.

Assume that

1
suplog (2N(F, L2(Q),7 [ Fll o)) < H ()  forallT >0,
Q T
where the supremum is over all discrete measures () with finite number of atoms and rational
weights. Then,

E[|vn(P - Pn)HF] < max [8\/66’HU\/H (IF1 g2y /).

25 U 3y P /)
Vi |
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CHAPTER

Optional Poélya Trees

We consider statistical inference in the density estimation model using a tree—based
Bayesian approach, with Optional Pélya trees as prior distribution. We derive near-
optimal convergence rates for corresponding posterior distributions with respect to the
supremum norm. For broad classes of Hélder—-smooth densities, we show that the method
automatically adapts to the unknown Holder regularity parameter. We consider the
question of uncertainty quantification by providing mathematical guarantees for credible
sets from the obtained posterior distributions, leading to near—optimal uncertainty
quantification for the density function, as well as related functionals such as the
cumulative distribution function. The results are illustrated through a brief simulation
study.
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3.1 Introduction

Tree—based methods are among the most broadly used algorithms in statistics and machine
learning. This goes from single tree algorithms such as CART [20] or Bayesian CART [39, 49],
to the use of random forests [13, 38], that is ensembles of trees. Due in particular to their
ability to quantify uncertainty, there has been much interest in Bayesian tree-based methods.
While for frequentist methods there is a by now well-established theory in quadratic loss
for CART and related algorithms, advances on the mathematical understanding of Bayesian
counterparts are very recent. In [145, 107], L?—posterior contraction rates are obtained for
both trees and forests in a regression setting. Still in regression, the work [34] addresses
the case of the stronger supremum norm loss for Bayesian CART—-type priors. The present
chapter can be seen as a continuation of [34], investigating the density estimation setting. In
Bayesian density estimation, a classical tree-method is that of Pdlya trees (henceforth PTs,
see e.g. [65], Chapter 3). For well-chosen parameters, PTs" samples are random densities, and
contraction rates for the corresponding posterior densities have been obtained in [29]. The
idea behind Pdlya tree is to grow a fixed, infinite, tree; this is typically not flexible enough
to address refined statistical goals such as adaptation. Notably, Wong and Ma introduced in
[173] a flexible alternative to standard PTs that they call Optional Pélya Trees (OPTs in the
sequel), which have been successfully extended and applied to a number of settings in e.g.
[114, 83, 113, 110, 42]. Yet, from the theoretical point of view, only posterior consistency
was established in [173] and follow-up works. Not based on (flexible) trees, we also note the
different construction of spike—and-slab Pdlya trees introduced in [31].

There are two main goals in the present chapter. The first is to continue the investigations of
[34] for tree—-methods in order to obtain inference in the practically very desirable supremum
norm loss, but in the model of density estimation, and the second to elaborate a theory for
rates and uncertainty quantification (henceforth, UQ) for Optional Pélya Trees. In fact, our
methods enable to cover also more general priors, although for simplicity we will mostly stick
to OPTs in this work. We now briefly review a number of related results. While the use of a
general theory based on prior mass and testing [64, 65] made a relatively broad L?*-theory
possible [107, 145], results for the supremum norm are typically more delicate, as uniform
testing rates required in [64] appear to be slower [68]. Recent advances on this front include
[28, 78, 125, 122, 177]. The first supremum norm posterior rates for tree methods, optimal
up to a logarithmic factor, were obtained in [34] in regression models; we refer to [34] for
more context and references on rates for tree—based methods.

The main results of this chapter are as follows

1. we prove that Optional Pdlya Trees (OPTs) achieve optimal supremum—norm posterior
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contraction rates (up to a logarithmic factor) in density estimation: this provides an
optimal rate—theory for the consistency results of [173], who introduced the OPT prior,
for the computationally efficient case of dyadic splits.

2. we show that tree—based inference with OPTs leads to (near—) optimal uncertainty
quantification in terms of confidence bands, both for the density f and the distribution
function ' = [/ f, in an adaptive way.

Those constitute the first results, to the best of our knowledge, showing that tree—based
methods in density estimation lead to near—optimal uncertainty quantification in terms of the
supremum norm. Apart from making the consistency results of [173] precise, this work shows
that the programme for inference with tree—priors outlined in [34], who considered regression
settings only, carries over to density estimation; the techniques presented could also be used
for other tree priors beyond OPTs.

The chapter is organized as follows. Section 3.2 introduces a class of tree—based priors on
density functions, of which OPTs are a special case. Section 3.3 states our main result on tree—
based supremum norm contraction, while Section 3.4 focuses on Uncertainty Quantification,
both for the density function and smooth functionals thereof. Section 3.5 illustrates our
findings numerically through a simulation study. Section 3.6 briefly summarises and discusses
the results and future research directions. Proofs are gathered in Sections 3.7 and 3.8.

3.2 Dyadic tree—based random densities and Optional
Pélya trees (OPTs)

3.2.1 Bayesian framework

Adopting a Bayesian point of view, the density estimation model on [0, 1) consists in observing

X =(X1,o. Xo) | [~ P§"

o (3.1)

where P is the distribution on [0,1) with density f with respect to Lebesgue measure:
dPy = fdu, and where 11 is a prior distribution on densities f to be defined below. The
posterior distribution is then the conditional distribution of f given X and is denoted II[- | X].

Frequentist analysis of Bayesian posteriors. To analyse mathematically the behaviour of the
posterior distribution II[- | X|, once the posterior is formed using the Bayesian model, we
make the frequentist assumption that the data X has actually been generated from a ‘true’
parameter value fy, that is, in the density estimation setting, X ~ Pfi”. In the sequel, we
thus study the behaviour of II[- | X] in probability under P, = P;". For more details and
context, we refer the reader to the book [65].

Motivated by recent work [34] on Bayesian CART in regression settings (see e.g. the discussion
in Section 5 of [34]), we introduce a family of tree-based prior distributions on density functions.
For simplicity, we mostly consider the case of densities on the unit interval, but our results
could be extended to higher dimensions up to using slightly more complex notation, which we
refrain to do here — see, though, the discussion in Section 3.6 for more on this —.

Informal prior description. The prior on densities is defined in three steps, which will be more
formally introduced below
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Step 1 a random tree T is sampled from a prior Il on trees;

Step 2 given T, a partition I+ of the unit interval is produced, built recursively in a tree
fashion ‘along’ 7" with breakpoints placed at midpoints of the successive intervals;

Step 3 given I, the output density f is a histogram with random heights whose distribution
follows a Pélya tree—type law.

3.2.2 Priors Il on full binary trees

Definition 3. A full binary tree is a set of nodes T = {(l,kz), 1>0, 0<k<2 — 1}
verifying the condition

(LK) eT = ifl>0, (l—l, W2J) €T and (Lk+ (-1 €T,

One then says that <l —1,|k/2] > is the parent node of its children (I, k) and (l, k + (—1)’“),

and a node with no children is called an external node or leaf; (0,0) belongs to every non-empty
tree and is called the tree root. We denote by T;,: the set of non-terminal — or ‘internal’ —
nodes in T (i.e. those with children), and Te: = T \ Tine the set of ‘leaves’ — also called
‘external’ nodes —.

The parent-child relationship of the pairs in a tree gives rise to the tree representation depicted
on Figure 3.1a. This justifies the following terminology as we define the depth of T as the
integer

d(T) = max .
(Lk)eT

One further denotes by T the set of all binary trees and, putting a slight restriction on the
maximum depth,

T, ={T €T: d(T) < Lma} with Liyax = {log2 (n/ logQ(n)) J (3.2)

The prior distributions considered below put mass 1 to the subset T,, of T.

0.0

Ino = [0;1)

1,0 Wy / \

Lo =[0:1/2) || I;; = [1/2:1)

(2,2) (2,3) / \\

Lo = [1/2:1/4) || Iy = [1/4; 1)

(a) Tree pairs. (b) Tree partitioning I7.
Figure 3.1: Tree 7 = {(0,0),(1,0),(1,1),(2,2),(2,3)}.

Next we give two examples of priors IIt on full binary trees. Both are actually considered in
actual Bayesian CART implementations [40, 49].
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Example 3 (GW(p) Markov process on tree). A random tree is recursively defined by the
following process. First, let us attribute to each possible pair (I, k) a deterministic parameter
pue € [0, 1]. Starting at the root node (0,0), either the tree with only (0,0) as node is returned
with probability 1 — pog, or there is a split and the tree contains not only (0,0) but at least
also (1,0) and (0,1). The construction process then continues recursively until either there
are no further nodes to split, or a maximum depth L,,.. is reached, after which (i.e. for
[ > Lyaz) we do not further grow the tree. More precisely, the recursion is from up to down
(I grows) and left to right (k grows), as follows: given the tree contains (l, k), with probability
1 — py the node (1, k) is a leaf; and with probability py, the tree further has a split at (1, k),
i.e. the node (I, k) has (I +1,2k) and (I 4+ 1,2k + 1) as children in the tree.

The process producing such a random tree T is Markov (along the complete dyadic tree) in
the sense that the probability that a node (I, k) further splits only depends on the fact that
the node is present or not and on the parameter py., but not on the rest of the tree built so
far (above and to the left of (I, k)). By analogy to Galton-Watson processes, with here nodes
having either two or zero children with probabilities p;. and 1 — py. respectively, we call Il as
above a GW(p) prior, with parameters p = (pi.) = (p.) (we define the link between ¢ and
(I, k) below, in Section 3.2.3), pr,.x = 0.

Example 4 (Conditioning on the number of leaves). In this construction, one samples first a
number K of leaves according to a prior on integers and given K one then samples uniformly
from the set of all full binary trees with K leaves and depth at most L.

3.2.3 Partitioning [

Let us first introduce notation on dyadic numbers and intervals. For any binary sequence

¢ € {0,1}, its length is |¢] = [ > 0. For any dyadic number r = k/2' in [0,1) with

0<k<2 1>0, onewrites e(k,1) = €,(r) - (r) € {0,1}!, such that r = >0 _, e (1)27F,

its unique decomposition in base 27! with |e| = I. Accordingly, one introduces the dyadic
intervals, for € = ¢(k, 1),

k k+1

Ie = Ilk = [2” 2!) s

and one sets I, = Iy = [0,1). In addition, for any e and 0 < i < |e|, one writes €l!l = ¢; .. . ¢;.
Also, we introduce £* = U, {0; 1} where {0;1}" = {&}.

To each full binary tree encoded as above as the collection of its nodes ([, k), we associate a
partition I of the unit interval given by, with 7.,; the external nodes of T as in Definition 3,

[0,1) == U Ilk-

(lak)€7-emt

Such a tree-based recursive partitioning of [0, 1) is illustrated on Figure 3.1b. The deeper
the tree locally, the more refined the corresponding partition becomes. By definition of I,
note that the partition has split-points at dyadic numbers. The final partition /7 can also be
seen as being obtained from recursively splitting [0, 1) in halves, continuing to split locally
only if the tree continues further down at that location. For this reason we talk about
splitting at midpoints. Note that, still using full binary trees 7, one could make splits at a
different, possibly random, location. Although this makes the construction even more flexible,
we shall not consider this here for simplicity (we note in passing that computationally the
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split—at—-midpoint construction appears often to be among the easiest to simulate from, as it
does not require to draw split locations; we refer to [34], Section 4, for more on ‘unbalanced’
splits).

3.2.4 Prior values given tree and partitioning

Once a tree T and partitioning I are given, we draw a random histogram over the partition
given by I by sampling heights over each sub-interval in such a way that the overall histogram
is a positive density f (i.e. f > 0 and fol f=1). To do so, we use a mass—splitting process
along the tree 7, which actually coincides with that of Pdlya trees — we refer to the Appendix
3.8.1 for more on those —. This choice is for simplicity but we could consider other choices
too (in this vein, the Beta(a, a) law at the end of Definition 4 could be taken to depend on
(I, k) or be a different distribution).

Definition 4 (Prior I1). Let Iy be a prior on full binary trees. Let (Y.) be a sequence of
independent variables of distribution Beta(a.g,a.1), for some a.,a. € [0,1], indexed by
e € & . The prior 11 draws a random tree—based histogram f as follows

T ~ Ty (3.3)

l
T~ >  hdy, with he = 2' ] Yau. (3.4)

e=(l,k)EText i=1

The distribution f |T =T for a given T € T is called a T-Pdlya tree with parameters (a.).
In the sequel we set a. = a for some fixed a > 0, in which case the distribution is denoted as

T-PT(a).

It results from the definition that the overall prior II is a mixture of T—Pdlya trees. When the
mixing distribution It is a GW(p) prior, it turns out that IT coincides with Optional Pélya
trees introduced in [173], in the case of splits at midpoints.

Proposition 1. Let II be the mixture distribution induced on densities f constructed as

T ~ GW(p)
f|IT ~T-PT(a).
Then 11 coincides with the Optional Pélya tree of [173] corresponding to the recursive

partitioning {1, ¢ € £*} with splits at midpoints and parameters M (1.) = X\(I.) = 1, K1 (I.) =
2, stopping probabilities p(I.) = 1 — p. for any e € £* and parameters for mass allocation
al =a? = a.

The proof of Proposition 1 is presented in Appendix 3.8.2. Our notation differs slightly from
[173] (which does not make the tree connection) for two reasons: first, the tree—setting enables
one to use the framework of [34] and second, although in what follows we stick to OPTs for
simplicity, the same proofs work nearly unmodified for other tree—priors, such as the one in
Example 4.

3.2.5 Posterior distribution

Let us recall that the prior II in Definition 4 is the mixture

T ~ IIr

FIT ~ 1| T), 52)
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where II(- | T) is, given T, a T—Pdlya tree. For a given dyadic interval I, let Nx(I) denote
the number of points X; that fall in /. The next result is proved in Appendix 3.8.3.

Proposition 2 (Posterior given 7). Suppose the prior is given by (3.5), where the prior given
T is a T—-Pdlya tree with parameters (a.). Then, in the density estimation model (3.1), the
posterior I1[- | X, T| is a T—Pdlya tree with parameters (aX) given by, for any € € £*,

a’ = a. + Nx(I,).
Let us now move on to describe the posterior induced on trees. We denote
Nr(X) = [ [T f(X)dII(f [T =T) (3.6)
i=1

the marginal distribution of X given 7 = T. It follows from Bayes' formula that II[- | X]
induces a posterior distribution on trees given as: for any 7' € T, and Np(X) as in (3.6),

[T = T|Np(X)
S y[T = TINp(X)

TeT

[T =T|X] = (3.7)

This is in general a fairly complicated distribution with no closed—form expression. In case the
prior I on trees is GW(p), it turns out that the posterior on trees is GW(p*) for updated
parameters pX. Let, for a > 0,

x _ oNx () Blat Nx(lo), a+ Nx (L))

3.8
g B(a.a) 3
Let us now consider parameters (pX) given by the equations
P X X Pe X
— < =po)(L—p3) = (1= peo) (L = par)ve’ (3.9)
1 —pZ 1 —pe

Equations (3.9) together admit a unique solution (pX) obtained by a bottom—up recursion
noting that for |¢| = L., pX = p. = 0. This is verified along the proof of Proposition 3
below.

Proposition 3 (Special case of OPTs). In the setting of Proposition 2, suppose further
that the distribution Tt on trees is GW (p) with split probabilities (p.). Then the posterior
distribution can be described as

o7 =] X] ~ GW(p)
O[- | X, T] ~ T-PT(aZ)
with splits probabilities (pX) verifying the recursion (3.9) and aX as in Proposition 2. In
other words the posterior follows an OPT distribution with corresponding hyperparameters as

specified in Proposition 1.

The proof of this proposition is presented in Appendix 3.8.3.
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3.2.6 Notation and function spaces

Below we shall consider the Holder class of functions with support in [0,1) and smoothness
parameter 0 < a < 1, defined as

Cce[0,1) = {f :[0,1) = R, supM < —i—oo}
sty T —yl®

and we similarly define Holder balls with parameters o > 0 and K > 0 as

(o, K) = {f :[0,1) = R, supM < K}.
sty T =yl

Bounded Lipschitz metric. Let (S, d) be a metric space. The bounded Lipschitz metric s on
probability measures of § is defined as, for any pu, v probability measures of S,

Bslpov) = sup | [ Pla)(dutz) - dv(a), (3.10)
Fi||F|lgr<1l|JS
where /' : S — R and
1Pl = sup | ()] +§£w (3.11)

This metric metrises the convergence in distribution, see e.g. [55], Theorem 11.3.3.

As shown in [29], it is also useful to introduce the Haar wavelet basis to carry out an analysis
of Pdlya tree-like posterior distributions. Indeed, one can relate the inclusion of a node (I, k)
in a tree 7 to the fact that the coefficient corresponding to the Haar wavelet function vy, in
the decomposition of f ~ II[-|T] is non-zero almost surely. More precisely, the Haar basis of
L?[0;1) is the family composed of the mother wavelet ¢ = 1}y.;) and the functions

Yu(-) = 2292 k)

for i >0and 0 <k < 2!, where ¢ = 1j1/2:1) — Ljo;1/2). However, as we consider the problem
of density estimation, maps f under scrutiny all verify (f, ) = fol f(t)dt =1, so that we only

focus on the wavelets vy, and the corresponding coefficients fi := (f, ) in the following.
As for the true density, we define fo 1 == (fo, Vi)

3.3 Posterior contraction rates for OPTs

For any a > 0, u > 0, K > 0, we define the regularity class of densities

1
meﬂo:{fZMthzl,feﬂmKﬁ,

as well as the sequence
en() = (n’l log® n)m : (3.12)

Up to a logarithmic factor, this corresponds to the minimax supremum norm rate of estimation
over the class F(a, K, ), which equals (n/logn)~*/(1+2%) yp to constants [80].
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3.3.1 Supremum norm convergence for the whole posterior
distribution

We now show that the posterior distribution II[- | X] asymptotically concentrates most of its
mass on a || - ||—ball of optimal radius.

Theorem 11. Suppose that fo € F(o, K, ) for some p > 0,0 < a <1 and K > 0. Let II
be an OPT prior with split probabilities py, =T, 1 >0, 0 < k < 2!, T > 0, and parameter
a > 0. Then, for I large enough, any sequence M, — oo, as n — oo, and €, = £,(«) as in
(3.12),

EpTIf = foll > Muen | X| — 0.

Theorem 11 shows that an OPT posterior with split probabilities decreasing exponentially fast
with nodes depth concentrates most of its mass in a supremum norm ball of (near—) minimax
optimal radius, whenever the signal has regularity a < 1. Some comments are in order. First,
the regularity requirement o < 1 is typical and expected for ‘hard trees’, which produce
histogram-type estimators. An alternative would be to use ‘soft trees’, where individual learner
are smooth [107, 34], see also the discussion in Section 3.6. Second, the slight loss of a
logarithmic term in the convergence rate can be shown to be intrinsic to trees and is not due
to a possible suboptimality of our rate upper—bounds: this has been formally shown in [34],
Theorem 2, in a regression context; an analogous result could be shown in density estimation
in a similar way.

A consequence of Theorem 11 is that a posterior draw is close with high probability to the
true unknown density function of interest. This settles the estimation problem, but it does
not yet say much about the quantification of uncertainty, i.e. the construction of confidence
sets, a question addressed in Section 3.4.

3.3.2 Convergence rate for the median tree

While Theorem 11 entails convergence in probability of a draw from II[- | X|, one may ask
what happens for aspects of such distribution, e.g. point estimators derived from it. A natural
such estimator from the point of view of tree priors is the median tree estimator defined below,
since there is a natural tree associated to it. Such an estimator will also turn helpful for
uncertainty quantification as considered below.

The median tree is defined as the tree 7* whose interior nodes are
T = LK) = T[(1 k) € Tt X] > 1/2}, (3.13)

and which is actually a tree as defined previously (see [34], Lemma 13). One associates to it
the median tree density estimator

(I(l+1)(2k+1)) — Nx (I(l+1)(2k))
n

. Nx
fre=1+ > 22
(Lk)ET™

int

Gir. (3.14)

Lemma 27 in the appendix shows that this estimator converges in probability to the actual
density fy at the same almost-minimax rate ¢,, in supnorm as in Theorem 11. In Section 3.5,
examples of 7" and f7- are presented in Figures 3.2 and 3.3.
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3.4 Uncertainty quantification for OPTs

In nonparametrics the problem of uncertainty quantification is well-known to be more delicate
than the one of estimation: first negative results to the ambitious goal of constructing
confidence sets that both cover the unknown truth and have a diameter that adapts in an
optimal way to the smoothness of the unknown function or density were due to [105] and
[112]. The general picture that emerged in recent years following these early works is that the
difficulty of the problem depends on the considered loss function and on certain testing rates
of separation, see [69], Chapter 8. Notably, for the supremum norm, contrary to L?—losses
for which some ‘window’ of adaptation is possible, constructing adaptive confidence sets in
full generality is impossible unless one restricts the set of possible functions by assuming e.g.
self—similarity conditions. Such conditions can be shown to be essentially necessary; they
are also fairly natural from the practical perspective given that self—similarity is itself quite
wide—spread in natural phenomena.

Let us briefly describe the uncertainty quantification results we derive. A first confidence band
based on the posterior median and using self-similarity is built in Section 3.4.2. Next, we
prove in Section 3.4.3 that the quantile posterior credible set for the cumulative distribution
function leads to optimal UQ; this is a consequence of a more general result, an (adaptive)
nonparametric Bernstein—von Mises theorem, proved in Appendix 3.8.5. Finally in Section
3.4.4 we construct a confidence band integrating further information from some functionals
that is less conservative than the simple band constructed in Section 3.4.2 and achieves a
target confidence level. Our results can be seen as counterparts in density estimation and for
tree priors of the results in [139]. Another approach in density estimation would be to use
spike—and-slab Pdlya priors as recently considered by the second author in [31]. Nevertheless,
the latter are expected to be less efficient to compute in high—dimensions (as they, e.g.,
require to explore all wavelet coefficients in the different dimensions), a setting that, while not
investigated in the present chapter, is particularly promising for OPTs, see also the discussion
in Section 3.6.

3.4.1 A self-similarity condition

Here we take the same condition as in [139] (see also [69]). It is fairly simple to state, and
can be only slightly improved (see [22]).

Definition 5 (Set S of self-similar functions). Given an integer jo > 0 and « € (0, 1], we
say that f € X(a, K) is self-similar if, for some constant n > 0,

1K (f) = fll, = n277 for all j > jo,
where K;(f) = ><; 2or(f, V). The set of such f's is denoted S = S(a, K, 7).

The condition assumes that at each resolution depth j > jo, the overall ‘energy’ (measured in
terms of supremum norm) of the wavelet coefficients at levels larger than j is lower bounded by
a typical amount for a—Hélder functions. Indeed, for any j > jo, the quantity || K;(f) — fl| .
is itself also upper—bounded up to a constant by the same quantity (this follows from standard
bounds on the supremum norm and the definition of the Hélder class).

3.4.2 Simple confidence band

A first construction consists in defining a band from a centering function and a radius. A first
and simple possibility consists in defining those using the median tree (3.13): the resulting
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median tree estimator (3.14) can serve as center, while a radius can be defined as

o = vy | 108 gd(T)2 (3.15)
n

where d(7*) is the depth of the median tree 7*, for some slowly diverging sequence (v,,) as
specified below. This allows us to define the confidence band, for f7- as in (3.14),

Qz{ﬂ(“—ﬁﬂwg%} (3.16)

Under self-similarity as in Definition 5, the median tree can in particular be shown to have a
depth of the order of the oracle cut—off 25n ~ n!/(22+1) (up to a logarithmic factor, see the
Appendix for a precise statement in Lemma 25) which in turn implies desirable properties for
the band C,, as is made explicit in the next theorem.

Theorem 12. [et 0 < ay < g < 1, K >0, p > 0 andn > 0. Let Il be the same
prior as in Theorem 11, C, as in (3.16) with v,/log"?*n — oo, then uniformly on f, €
Sla, K,n)NFla, K, 1), a€ lag,as),

a/(2a+1)
logn
n >

|Cn|oo :OPO U”(

and
Py[foeC)=1+0(1), H[C, | X] =1+ op,(1).

For a slowly diverging sequence (v,,), the diameter of C,, is then within a logarithmic factor
of the minimax rate of estimation on X («, K') with high probability. It is attained adaptively
(the definition of C,, does not depend on «) for any window [a; an]. The set C,, allows to
quantify uncertainty on f; as it is an asymptotic confidence set, and it is also a credible set of
credibility going to 1.

3.4.3 UQ for functionals: a Donsker—type theorem

OPTs with flat initialisation. Let us introduce a slight modification of the OPT prior where
trees from the prior distribution are constrained to include all nodes of depth less than some
number [y = ly(n), slowly diverging to oc.

Definition 6. A prior on densities I1 of the type (3.5) is said to have flat initialisation up to
level lg = lo(n) if the prior on trees Il verifies

Iy

N {(Lk)e T}] =1

1<lo(n),k

The next result considers the behaviour of the induced posterior on F/(-) = [ f, that is on

the distribution function for an OPT prior on f. Let us also define, for ffr* the median tree
estimator,

F7T€d(t):/0 Fr(u)du. (3.17)
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Let us recall that for () a probability measure on [0, 1] of distribution function H, a Q-
Brownian bridge is a centered Gaussian process Z(t) with covariance function E[Z(s)Z(t)] =
min(H (s), H(t)) — H(s)H(t) and 0 < s,t < 1.

Theorem 13 (Donsker’s theorem for OPTs). Let X = (X1,...,X,,) be i.id. from law P,
with density fy. Let fo € F(a, K, ), for some o € (0;1], K >0, u> 0. Let II be an OPT
prior with flat initialisation up to level ly(n) that verifies \/logn < ly(n) < logn/loglogn,
and other than that for | > ly(n) with same parameters as the prior in Theorem 11.

Let G'p, be a Py-Brownian bridge Gp,(t),t € [0,1). For ™™ as in (3.17), as n — oo,

Bt (LW/(F = E*) | X), £(Gr,)) =" 0.

Furthermore, for F,, the empirical distribution function, as n — oo,

Brepo) (LVR(F = F,) | X), L(Gr,)) =" 0.

This implies that the induced posterior distribution £(y/n2||F — E¢4|| . | X) converges weakly
in probability to L(||Gp,||). Furthermore, for 0 < v < 1, the credible set

Fo={F: |F~ B < oY,

with pX chosen such that TI[F, | X] = 1—+, is an asymptotically optimal (efficient) confidence
set of level 1 — ~y. We refer to [33] for more details on this; note that in the latter paper
the results are for priors of fixed regularity only, whereas here the prior additionally enables
adaptation to the smoothness of f. The behaviour of the credible set F,, is illustrated in
Figure 3.5.

3.4.4 Multiscale confidence band

Here we follow the approach introduced in [32, 33] and first briefly recall the idea. One wishes
to define a ‘multiscale’ space (i.e. defined from wavelet coefficients) with an associated metric
that is weak enough so that convergence of the posterior distribution for f in that space
converges at rate 1/,/n, instead of the slower nonparametric rate of order n=®/(2%+1) " |n such
space one can then formulate a convergence of the posterior to a Gaussian limit, namely a
nonparametric Bernstein—von Mises theorem. Below we only define the multiscale space as it
is used in the definition of the credible band and postpone details on the precise statement of
convergence to Appendix 3.8.5.

Let us call the sequence w = (w;);>o ‘admissible’ if wl/\/z — 00 as | — o0o. For such a
sequence, let us define

MO = MQ(U)) = {QE = (a:lk)hk, lhm max @ = } . (318)

—o00 0<k<2! Wy
Equipped with the norm ||z s, = sup max |zy|/w;, this is a separable Banach space [33].
1>0 0<k<2

In a slight abuse of notation, we write f € M, if the sequence of its Haar wavelet coefficients
((f, %)) belongs to that space.

Let us consider a credible ball in the space M: recalling the definition (3.14) of the median
tree estimator fr«, let us choose R, = R,(X) in such a way that

| f — fr Mow) < Ro/vVn| X]=1—~ (3.19)
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(or possibly > 1 — v if the equation has no exact solution, in which case the limit in the
confidence statement of the next proposition is replaced by a liminf and equality by >).

Let us define, for R, asin (3.19), 0,, as in (3.15) and f7+ the median tree estimator (3.14),

it ={f 1 = Frele < ou} O {7+ 1F = Frollanu < Ra/vR}. (3:20)

The next result states that C is under self-similarity asympotically a confidence band of
prescribed level 1 — ~.

Proposition 4. Let 0 < a; < a, <1, K >0, u > 0 andn > 0. Let C* be defined by
(3.20), for v,/log"?n — oo, and I an OPT prior with flat initialisation up to level ly(n)
that verifies \/logn < ly(n) < logn/loglogn, and other than that for | > ly(n) with same
parameters as the prior in Theorem 11. First, the set C is a (1 — y)—credible band as,
uniformly on « € [y, ] and fo € S(a, K,n) N F(a, K, p),

MCM | X]=1—v+op(1).

Further, under the same conditions,

e -onuftz2)"
n oo: Py | Un n )

Py [foecyjﬂ =1—-7y+o(1).

Proposition 4 quite directly follows from combining Theorem 12, which concerns C,, and the
nonparametric BvM Theorem 14 proved in the Appendix, which concerns the second part of
the intersection in (3.20). Compared to C, the advantage of C;*! is that it uses more ‘posterior
information’ by intersecting with the M (w) credible ball, resulting in a credible ball with both
credibility and confidence close to a given user—specified confidence level 1 — . By contrast,
C,, was more ‘conservative’ in this respect, having credibility and confidence both going to
1. The behaviour of the credible band CM, in particular in comparison to C,, from (3.16), is

illustrated in simulations in the following Section 3.5.

3.5 Simulation study

We consider the credible sets C,, and C* defined in (3.16) and (3.20) respectively and illustrate
their coverage and diameter properties numerically through a simulated study.

We focus on a prior as in Proposition 4, with parameters I' = 1.1, a = 1 and ly(n) = v/logn.
We take four fairly different densities f, illustrating different aspects of inference and UQ
with Optional Pdlya trees:

= The triangular density  — (.5 + 2 % x)1p<z<05 + (1.5 — 2% (x — .5))1p5<4<1 that is
Lipschitz regular.

= The density

eV

fol eWsds

where (W});c(0,1) is a Brownian motion that is almost surely (1/2 — ¢)-Holder regular
forany 0 <6 < 1/2.

t—
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» The density
t—C <€Wt10§t<0.5 + 010_5§x<1}

for (W4)iej0;1) @ Brownian motion and C, ¢ real numbers such that this actually defines
a continuous density function. In this case, the regularity is different and of a higher
order on the second half of the interval.

= The sine density ¢ — 14 0.5 *sin(27z) € C*([0;1)).

Figure 3.2: Interior nodes T.*, of the median tree - n = 10°.
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We first illustrate the behaviour of the median tree 7* and the associated estimator fT*
defined in (3.14) in these different situations. In Figure 3.2, we observe how this tree adapts
to the regularity of the underlying sampling density f, via the interior nodes it selects. First,
in the case of the smoother sine and triangular densities, fewer nodes are included, while the
tree grows deeper with the other two more irregular signals. Indeed, as mentioned before and
explicited in Lemma 25, the median tree can be shown to have a depth close to the oracle
cut-off L7, satisfying 25n a2 n!/(22+1)  However, although the sine density is even more regular
than the triangular one, their respective median trees have a similar behaviour and grow at the
same pace. Indeed, since we use a piecewise constant tree estimator which relates to the Haar
wavelet basis, our method cannot leverage additional regularities, beyond C'[0,1). Finally,
when it comes to the mixed density, the median tree has a spatial-dependent behaviour. It
includes much more nodes in regions that corresponds to the first half of the sampling space,
where the target regularity is that of the exp-Brownian density. As for the other half of the
sampling space, it doesn't get deeper than [y(n). It highlights a desirable feature of tree-based
methods, that is their spatial adaptivity. While we consider adaptation to global regularity in
our theoretical results, one could also consider local adaptation, as was recently considered in
[142], where results on local adaptation for tree—based priors (among others) are obtained in a
regression setting.

In Figure 3.3, for the four sampling densities, we illustrate the estimator ffr* (orange) and the
bounds of the credible set C,, (red), where we took v, = (logn)®%! in (3.15). The estimator
(3.14) struggles to approximate the 'spiky’ portions of the most irregular signals. Still, in any
case, the credible band covers the true density f, as expected.

Then, to illustrate the intersected set C{L‘", defined in (3.20) via a multiscale condition, we
sampled 10000 draws from the posterior and plotted, in Figure 3.4, 100 of those belonging to
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3.5. Simulation study

Figure 3.3: Median tree estimator fAT* and credible set C,, - n = 10*

— Triangular density
Median tree estimator
Supnorm confidence set
Exp-Brownian density
Mixed density
Sine density
X X
’ Chosen significance ~y 0.99 \ 0.95 \ 0.9 \ 0.85
n=10%
Credibility of Cf;‘ 0.99 0.95 0.9 0.85
Credibility of C{LV‘ 0.99 0.95 0.8981 | 0.85
Credibility of C’f N C,/l‘/l 0.9801 | 0.9029 | 0.8108 | 0.725
Credibility of the intersection if independence | 0.9801 | 0.9025 | 0.81 0.7225
n=10°
Credibility of CL 0.99 0.95 0.9 0.85
Credibility of Cé\" 0.9894 | 0.9494 | 0.8994 | 0.8494
Credibility of C’ﬁ N Cé"‘ 0.9801 | 0.9028 | 0.8118 | 0.7254
Credibility of the intersection if independence | 0.9795 | 0.9019 | 0.8095 | 0.722

Table 3.1: Credibility of sets C£™ and CM for the triangular density fo.

the confidence band (blue), for v = 0.05. Most of those samples do not seem to lie close to
the bounds of C,, which is consistent with the fact that C,,, resp. C{L"‘, has a posterior mass
close to 1, respectively 0.95. Though our illustrations concern the intersection of C! with the
support the posterior, via the representation of posterior draws, it appears that C;*! is actually
smaller than C,,.

As for the confidence sets F;, on the cumulative distribution function Fy(-) = [, fo(t)dt, we
illustrate an example in Figure 3.5 for a smaller sample size of n = 10% and v = 0.95. The
bounds of F,, follow tightly the true signal and the set covers it, in spite of the fewer number
of observations available compared to previous plots. Indeed, following the discussion after
Theorem 13, F,, has a radius decreasing at the parametric rate \/ﬁfl

We end this section with an illustration of a phenomenon that was noticed and established
in [139] for a spike-and-slab prior in a regression setting. Namely, since we constructed an
adaptive (1 — 7)-confidence bands whose diameter in supnorm shrinks at an almost optimal
rate, one may wonder how much it differs from the (1 —y)-credible band in the supremum norm

CL™ = {f : Hf — fre < Qn(ﬂy)}, where Q,,(7) is chosen such that II {C£W|X} >1—7.
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Figure 3.4: Posterior sample in the confidence band CM - v = 0.05 and n = 10%.

—— Triangular density

Sup-norm bounds (Median tree)

Samples - Confidence Sets

Exp-Brownian density
——— Mixed density

——— Sine density

Figure 3.5: Posterior samples in the confidence set F,, - n = 10°.

: True CDF
Sup-norm bounds
0.8] Triangular density
0.6|
0.4
0.2]
0
1
0.8 Exp-Brownian density
0.6|
0.4
0.2]
0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

In a white noise regression setting, [139] proved that these two sets are asymptotically

- P
independent (see Theorem 5.3 therein), in the sense that II [C’,f N Cfl"‘\X] L (1—7)2 As
above, we sampled 10* draws from the posterior to estimate de posterior credibility of the
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different sets, which we present in Table 3.1. The results seem to indicate that the independence
phenomenon of the credible sets as described above still hold in the present density estimation
setting, as the margin of difference observed is of the order of the Monte-Carlo error. Intuitively
speaking, this independence under the posterior if true (at least asymptotically) would mean
that the two credible sets reflect different aspects of the posterior distribution. Although this
result from [139] is seemingly verified in density estimation with an OPT prior, we did not
investigate this question from a theoretical point of view in the present chapter; we expect the
proof to be significantly more involved than in the (conjugate) Gaussian white noise setting
and we leave this point for future work.

3.6 Discussion

In the present work we establish an inference theory for Optional Pdlya trees introduced in
[173] by deriving posterior contraction rates as well as confidence bands for the problem
of uncertainty quantification. By contrast, only posterior consistency had been previously
obtained until now for such priors. Although we focus on this class of prior distributions,
we point out that our proofs and results also apply to different tree priors, such as ones
conditioning on the number of leaves as in Example 4. The results and proofs highlight how
beneficial a multiscale approach to study tree-based methods, as introduced in [34], can be.

As for related priors in density estimation, non-adaptive contraction rates were obtained in
[29] for Pélya trees for carefully chosen regularity-dependent parameters of the Beta random
variables. The addition of a hyperprior on the tree structure in OPTs allows for adaptation, so
that the Beta parameters can be set as an arbitrary constant (a similar comment can be done
about Spike-and-slab Pélya trees [31]). The Beta variables in the Pdlya-like mass allocation
mechanism could be replaced by another distribution, but we stuck to them for simplicity of
analysis and presentation.

In Section 3.5, we mentioned some further results on OPTs to be investigated. First, tree-
based methods have a natural ability to adapt to the local regularity. While this has been
proved in [142] in a regression setting, this should also be the case with OPTs in density
estimation. Another expected advantage of trees is that in high-dimensional settings, they
induce a ‘tree—structured’ sparsity, which could help in addressing the curse of dimensionality.
As original OPTs [114] have been introduced in arbitrary dimensions, it is natural to further
our theoretical analysis in this direction, Also, the interesting alleged posterior independence
of sets CL™ and CM sitill needs to be proven and would confirm that the two constructions
rely on somewhat different aspects of the posterior distribution in density estimation too.

Finally, the almost-optimal rates we obtain are valid for Holder regularities up to 1. This is
related to the fact that samples of OPTs are piecewise constant on some random partition. In
order to achieve faster rates for smoother densities, one possibility explored in [107] consists in
replacing ‘hard’ (histogram) trees with ‘smooth’ trees. Another promising possibility is to look
at forests priors. Indeed, the aggregation of many trees tends to result in estimators that are
more ‘regular’ and thereby more suitable to the estimation of smoother objects: for frequentist
estimators in regression, this was noted in [3, 121] for regularities &« < 2. The recent work
[137] establishes that, when an L' or Hellinger loss on densities is considered, forests of Pdlya
trees enable adaptation to arbitrary regularities a.. This will be investigated elsewhere.
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3.7 Proof of the main results

Below, the depth L,, = L, («) defined as
2ln = ¢o(n/ logn) T, (3.21)

for some ¢y > 0, will be helpful in our theoretical analysis. Also, in the below proofs, C' stands
for a generic constant whose precise value we do not track and can change from line to line.

3.7.1 Proof of Theorem 11

Let's write T, = {7 |d(T) < L., S(fo,7) C T}, S(fo,7) as in Lemma 22, and &, = {f :
3T € T, f piecewise constant on I7}. Moreover, we write, for L,, as in (3.21) and any tree

T € T,, the following othogonal projections of fy: fJ onto the span {vy.|(l,k) € T}, fon
onto {ty, |1 > Ly}, and fJ """ onto the orthocomplement of the union of the two last spans.
For fo € C*[0,1), 0 < « § 1, we have in particular that

1o lloo < 37 2% max | foul S 3 27 S (n”" logn) T, (3.22)

l
I>L, 0<k<2 I>Ly

(see for instance [29]). Then, for any density fy, we have the upper bound, for 5, as in
Lemma 28,

IL[[[f = follo > Mpep | X]
< H[(Sﬁ’X]]lBM + 11 [Hf — fOHOO > MnGn, f € Sn | X] ]lBM + ]lecw'

On one hand, Lemma 28 guarantees that Py (BS,) = o(1) for M large enough and Lemmas
21 and 22 ensures that
Ego T [€; | X]1s,, } = o(1).

On the other hand, we also have the inequality || f — fol, < Hf — foTH
|75

Markov inequality:

HTLn

_|_

. This allows us to control the last term in the above upper bound by mean of the
oo

H[f €& If—foll. > Mnen|X]]lBM < (Myen)™! 1S = oll anlf. T X1,

< (Myeo) | / | = 7] dnir. 71 x)1s,

TLn

dH T‘ X ]13M + Hf(]

y!

and (3.22) ensures that the last term above is o(1). Similarly, for the second term, using the
definition of £, and denoting L* the largest integer such that 2757 (@+1/2) > n=1/2]og p,

n

(3.23)

1T oo < 32272 max [foul S 32 27 (J“ax [foul Alogn / f)

I<Ln k:(LR)ET I<Ln

< Z 21/210gn 4 Z ol/29-1(1/2+a) < 2L*/210gn o Lla g glia
I<L* vn L*<I<L, n
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This allows us to conclude that the second term in the bound (3.23) is also of the order o(1).
It remains to bound the first term in the bound that is also of order o(1) according to Lemma
23. This concludes our proof.

It remains to prove the different lemmas we used to upper bound the different terms above.

Lemma 21. Suppose fy € F(a, K, ), for some >0, 0 < a <1, K > 0, and assume f
follows a prior as in Theorem 11. Then, for any M > 0 as in Lemma 28 and I" large enough,
on events By, we have, as n — oo,

[d(T) > L, | X] — 0,

where L, is as in (3.21).

Proof. Let T be a tree of depth L, < d(T) =1 < Lmax. Then, for

k= min k, eze(l;:,l—1>,

(2k,1)ET

let 7~ be the corresponding tree whose nodes (I, 2k) and (I, 2k + 1) have been removed, i.e.
T=T U {(l, 2k), (1, 2k + 1)} From (3.8) and (3.9), we have

T x) = 17 | X2 (1= ) (1 )

1—pX
. _ (1_p60) (1_]751) X
=TT | X]pm—m ==y, (3.24)
-l 3 oNx (Ie) B(a+ Nx(I.),a+ Nx(I.1))
o1y i g e Nl )
—Q

Then, from Lemma 30, we have for g = Nx (I9), 71 = Nx (l1) and 2 = Nx (I.), that

o < (20 —1/2)" (at ity —1/2)" (2a-+ i ~ 1/2)7 2 (20 + 7y — 1/2) V2
~ (2a +7—1/2)" (20 +7—1/2)*
=Q1 =Q2

Under our assumptions on fj, on the event B;; and for n large enough,
nx (L) > gn2’l — 00
for any [ < Lyax. Under the same conditions,
7y — o <1 |Po(leo) — Po(Io)| + 2M M, < nK27'04) 1 oMM,

The last inequality stems from the fact that f; is a-Holder regular. Therefore, on B,,, for n
large enough, if we note vz, 7, = My — N, since . = Ny + N2 and log(l + ) < z for x > —1,

- 1 ny—ng+2a—1/2 - 1 7ny—ny—2a+1/2
leexp<n110g<+ ! 2 />—|—nglog<— ! 2 />>

2 2(2a—1/2+ ) 2 2(2a—1/2+ )
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1 e 20— 1/2 ~ i in — 2 1/2
= — (ﬁllog(1+vl’2+ a ~/ )—f-nglog(l—vl’2 ot />>

2 20 —-1/2+n 20 —-1/2+n

1 V2 fi(2a — 1/2) C 8K 222~ 2A+e)  16M2M?,
< —exp L — | < —ex + )

27 20—1/2+n 2a—1/24+n 2n pun2" pun2

<

C
o7 OXP <(8K2u Leg 172 4+ 32M? (plog 2)_1) log n) .

The last inequality stems from [ > L,, and the definition of L,,. The last factor is even easier
to control as, on By,

|7 < e logn) s,

Q2 S [”TZ

Finally, this leads us to

(BKZu~teg 720 432M3 (ulog2) "' = 57 )

_ n
H[T|X]:0(H[T | X T
uniformly on 7 such that L,, < d(T) =1 < L. The application T — T~ defined above
is surjective and is such that each tree 7~ is the image of at most 2/~! trees 7. Then, the
event of interest verifies for ' > 2 and C' = 8K?u ey '™ + 32M?(ulog?2) ! — 2

T+2a
Limax Limax
Md(T) > L, | X] = Y Od(T)=1|X]= Y Z HT|X
I=Ln+1 I=Ln+1T:d(T
L L 1, C Lyny,C
max max 2 2 nn,
(Z Z [T~ | X] ): (ZZHT’X FZ)ZO<FL">
I=L+1T:d(T)=l I=Ln+1 T-
(3.25)
which is o(1) whenever {logT'/log2 —1}/(1 + 2a) > C, that is, if T' > 21+C(1+20) O

Lemma 22. Under the same assumptions on fy as in Lemma 21, for 11 as in Theorem 11
and on the events By, from Lemma 28, for T > 0 large enough and L,, as in (3.21), the set

S(fo,7) = {(u k) < | fou] = Tl‘fﬁ”}

satisfies, as n — o0,

IHT = S(fo,7) & Tine} | X] = 0

Proof. First, since fy € X(«, K) for some a, K > 0, there exists C' > 0 such that, for any
1>0,0<k<2, |fou] <C271F/2) Thus, for 7 large enough, (I,k) € S(fo,7) implies
[ < L,.

Now, let's take (ls, ks) a node in S(fy, 7). Then, let's define

Trasks) = 1T € T | (Is, ks) & Tint},

the set of trees in the support of our prior distribution on tree structures that do not have
(s, ks) as an internal node, and € = € (kg,ls). To any tree T € T, (4 k). it is possible to
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associate the full binary tree 7+ which is the smallest extension of 7 with (Ig, ks) as an
interior node,
TH= arg min 7’|
T'€Tyn: TCT, (Is,ks)ET,
This new tree is realized with the completion of the route from the root to the node (I, kg),
starting from the leaf node (lo, ko) of this route which is included in 7. Then, as in (3.24)
and using Lemma 30, we now have for some constant C' > 1,

-1
071 xi 12 1T [gnx (1)
e x] < ¢ L[O 2B {0+ nx o) oot (L)
152 (2a +nx (Iy) —1/2)%¢~1/2
=¢ H (a+nx (L) = 1/2)* 1/?( a+nx (Tany) = 1/2)7 (3.26)
= Q1
ﬁ (2a + nx (L) — 1/2)"x (L)
i1, 2V (@ + nix (Lno) = 1/2)"*Uet00) (a4 iy (Lny) = 1/2)"> )
= Q2

where we recall that ¢! denotes the [ first elements of the sequence €. On the event ,,, for all
| < L, +1 and possible k, we have, using that fo > > 0, Nx (I;) 2 n27' 2 n27t — oo
asn — o0o. Since it is also upper bounded (as fj is a Holder density), we have Ny (I;;) < n27.
Therefore, since these bounds are uniformon [ < L,, + 1,

ls
0 < TLC (2 )" < cts i
I=lo
Also, in @), the factor at index [ is equal to, writing 79 = Nx (Lug) ,71 = Nx (L), 7 =

Nx (Lw),
- 2a —1/2+n A 20 —1/2+n
FPAB N S T o, ) T 20— 1 1 2my

If we write K L(a;b) the Kullback-Leibler divergence between Bernoulli distributions of param-
eters 0 < a,b < 1, then, for n large enough, on B,,, this is bounded by

- a—1/2+ﬁ0 - 1
Rk (A2 g log (1+——— ).
eXpl " <2a—1+ﬁ’ /)]GXP{" Og( +4a—2+2ﬁ>}

The second factor can be bounded by a constant, uniformly on [ < L, + 1. The first
factor can be bounded by 1 for [ < lg, while for [ = lg, we can use the bound K L(a;b) >
IBe(a) — Be(b)||7 /2 to write

a—1/2+ fig

_CRKL
eXpl cn (2@—1—|—ﬁ

; 1/2)] < exp [—Ci (g — 1)?]

By definition | fo sk | = 2572 ‘P0(1<ls+1>(2k+1)) - Po(f(ls+1>(2k))" so that on By, |fig — 71| =
7| forsks] 2 ls/2 _ 2M M, 1441, hence the upper bound for 7 large enough:

exp [—C’(Tlogn —2M\/ls + 1+ Ln)z} < exp [—CT2 log? n} :
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where we used the definition of S, M, ;,41, L, and lg < L,,.

Finally, for 7 large enough and using that Is < L,, < logn, we can conclude that there exists
constants (1, C5 > 0 such that

H[Tl X] 12 _ 2 _ 2_1/9_

< (5 (Car2—1/2)logn <n (Cor2—1/2 logCl)logn. 3.27
m7+|x) - ! - (3:27)
Since any tree verifying (lg, kg) € T is the image of at most /g + 1 trees by the map

T”v(ls,ks) - {T/ €T, : (lSa kS) € 7Tr/1t}
T—=T" :

as it is the length of the path from the root to the node (Ig,kg) in a tree T € T,
7] X]

[(ls, ks) & T X] = e x|
T:(&%)%TH[THX]
< n_(0272—1/2—10g01)10g”<ls +1) > HT|X]

T:(ls,ks)ET
< n—(CgTz—l/Q—logCl

)logn logn,
which allows us in conjunction with the definition of L, to conclude that
{7 :S(fo,r) ¢ THX]< > (LK) ¢ T|X]

(L,k)eS(fo,T)
< 2Ln+1n—(027—2—1/2—10g Ci)logn IOg n

—0

as n — oo for 7 large enough. O

Lemma 23. Let T, ={T €T, : d(T) < Ly, S(fo,7) C T} for L, as in (3.21), co > 0
small enough, and 7 > 0 as in Lemma 22. Then, under the conditions of Lemma 21 and
on the event By, for M > 0 large enough, there exists a constant C' > 0 such that for n
sufficiently large, uniformly on T € T,

[logn
(Z%EQ%JM - fo,lk| dilff |T,X] < C i .

Proof. Given a tree T, let us define the map f7 such that, for each terminal node (I,k) in
Text and x € Iy,

fr(z) =2 HYEM, e=ec(k,1),

where

a+NX(]€0)

2@+Nx(15)'

This defines the mean posterior density given the tree structure 7. Similarly, for each (I, k) € T,
with € = € (k, 1), the mean probability measure of I, is

Ye=E[Y |X,T]=

_ ldl _
P([e) = H Y. = pe.
=1
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Then, expressing the coefficients of the decomposition in the Haar wavelet basis of this mean
posterior density, we obtain that for each (I, k) € Tint, € = € (k, 1),

Fran = {fr,vuw) = 2 (b — 2b0) = 2"/*pe (1 - 2?20) ,

while fmk =0 for (I, k) & Tint. When it comes to the true sampling density fj, we obtain the

similar expression, denoting po . == Fy(I.) and y = %,

foar = 2"po(1 = 2y.),
and, for densities f sampled from the posterior distribution given 7T, with p, := HL€=|1 Y.,

f = 21/2256 (1—2Y,) Lketn-

From now on, for simplicity of notations, € = ¢(k,[) as the context will make it clear what

the pair (l, k’) is. For any T c Tn, one can bound ’flk — fO,lk' S ’flk — f_'T,lk‘ + ‘f_’T,lk — fO,lk’-
Using the above expressions, the second term is rewritten as

‘fT,lk - fO,lkz’ -

De S
fo.k [po - 11 + 212 (y o — Yig)

Then, as we are on the event B,;, we bound the two terms above by means of Lemmas 1 and
2 from [29] (which are valid for some ¢y small enough) and the bound po. < 271 (as fy is
upper bounded), which give uniformly on 7 € T,, and (I, k) € Tin,

_ o 1,2 a2 L,
‘f'ﬁlk—fo,lk‘ 5 |f0,lk| ag"‘ T -+ ‘fO,lk|7+ ?
- = (3.28)
2 L,2! |
S [foul ja—+ \/ + \/ % as L, Slogn.
n n n

Since fo is a-Holder, |fox| < 27/1/2%%) and the last quantity in the above inequality is
smaller (up to a constant) than /n~=!logn as [ < L,,. It then remains to bound the term

max
(1K) E€Tint

To do so, let's first define the event

foe = Frae| dU[f| T, X].

- L
A= N Yo— Yol <M | —"—
e:|e|<Ln {| 0 0| - nP0<I€Q) }

for M’ > 0. By Lemma 29, it follows that, for d a small constant,

AT, X] S Y 2 exp(—C M logn) < 25 exp(—CM" logn), (3.29)

I<Ln

which is smaller than (n/logn)" 2 p=CM"  Then,

’flk - ]ET,lk‘ = 2/2T1p, (3750 — Yeo) + [pg —1

€

(fT,lk + 225 (Yeg — Yeo)) ‘
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Applying Lemmas 2 and 3 from [29] (valid once again for some ¢q small enough), on the
events By, and A, uniformly on € such that |¢| = [ for some | < L,

Z [ L, 2l
nPO
Therefore, we directly have that on the events B;; and A,
L,2!
_ < + 2/2p,
[Foe— Fran| € [Fran] |72 ,@%60 %60
L,2!
‘fT lkz‘ (T \/

where we used that on By, p. < 271 for n large enough as f is upper bounded, and
Py(I1) 2 271, Finally, with ‘fT,lk:‘ < ’f”k — fo,m‘ + | foux| and using the same computation

as for (3.28), we have }flk — fmk’ < \/lo%. This gives

logn ~
(l,%g}%nt i = Jour AL [T, X] S \/? e z?%’%m fie — fT,lk‘ diI[f | T, X]

a/2 1
1 1 2a+1 T+2a ,
< /Ogn+2Ln/2H[AC|7—X] logn+<1n ) <1n > M
n n ogn ogn

logn

Pe 4] <

Pe

(3.30)

for M’ large enough,

~Y

n

(3.31)
where the second inequality comes from the fact that, for a density f, |(f,¥u)| < 2/2. This
concludes the proof as this bound holds uniformly on T € T,. O]

3.7.2 Proofs for confidence bands

Proof of Proposition 12. On the event £ from Lemma 24, the bound on the median tree
depth implies that for any h, g € C,,,

1 =gl < lh = fr-
< 20,

< 2A1/2'U [1Ogn2L /2 < <10gn> 2a+1

Also, Lemma 27 ensures that

Wp—mu:om<0§”yMj.

Then, according to the proof of Proposition 3 in [77], for any fy € S(«, K, 1) and [; large
enough

sup | (fo, thue)| > €271+,
(Lk): 1>l
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For A,, > 0 and ¢ > 0 such that
1/(2a+1) 1/(2a+1)
¢ <ot <o ,
log”n log“n

logn
sup , > o
(Lk): zzA,,,|<fo Y| ¢ vn

Therefore, if ¢ is small enough, there exists [ > A, and 0 < k < 2! such that |[{fy, ¥u)| >
Alogn/+/n, and then (I,k) € T* on £ according to Lemma 24. As a consequence,

logn v log®n o/ (Zat+l)
Op 2 Untf 2 T9An/2 > o 172 < ) ’ (3.32)
n log’“n n

and since log'/>n = o(v,), || fo — fr
conclude that

this implies that

< 0,/2 for n large enough. This allows us to
Polfo€Cal =P [{fo € Cu} NE]+0(1) =1+ 0(1).

It remains to determine the credibility level of the set C,,. From Theorem 11 and Lemma 27,
the posterior contracts towards f; and the fT* converges to fy on an asymptotically certain
event &, both at a faster rate than o,, (see (3.32)). Therefore, an application of the triangular
inequality gives

IC, | XT = T[If = foll o < on/2[ X] L +TT[Cp [ X] Tge = 1+ 0p, (1)

]

Proof of Proposition 4. The credibility statement follows from the fact that C,, (respectively
the multiscale ball) has credibility 1 (respectively 1—-) asymptotically. The diameter statement
follows from the inclusion C C C,. For coverage, one combines Theorem 12 which gives
that C,, has asymptotic coverage 1, with Theorem 5 in [33] which from the nonparametric
BvM (Theorem 14) enables to deduce frequentist coverage of || - || x4y (w)—balls (hence the
multiscale ball in the intersection defining C has asymptotic coverage 1 — 7). [

3.8 Supplementary elements

3.8.1 The classical Pélya tree and T—Pélya trees

Let us partition the sample space I, = [0,1) as ;9 U I; 1, these two subsets being the level-1
elementary regions. These can in turn be partitioned as I,y = I, 0 U o and [ = Io o U I5 3,
involving level-2 elementary regions. Continuing this partitioning scheme gives the general
level-k elementary region, k& > 1, whose set will be written as A*. More precisely, we partition
Ly = D10k U pg 2641, 1 > 0,0 < k< 2! — 1. From this recursive partitioning scheme, one
defines a random recursive partition of I and an associated random density.

The Pélya Tree prior corresponding to the partitioning U, A’ is the distribution on probability
measure on [0; 1), whose samples are defined by the conditional probabilities

€€ 5*, P (I€0|]€) = V;o ~ Beta(ueo, 1/60). (333)
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For an appropriate choice of Beta parameters v, € € £*, samples from this prior actually
extends almost surely to an absolutely continuous measure, so that it can be seen as a prior
on densities. The Beta random variables V,q then corresponds to the share of the mass on I,
that is allocated to I. This mass allocation scheme is illustrated on Figure 3.6: the random
mass of each interval I, is the product of Beta variables on the edges of the path from the
root to the corresponding node. As a consequence, the random mass on I, € € £*, is equal
to [1I, Vi,

Yy ~ Beta (Vo, Vl)

[Too = [0:1/4) [ Tor = [1/451/2) ] (Do = [1/2:3/4) || 1 = [3/4:1) |

)
I\ I\ Y I\

Figure 3.6: Pdlya Tree process on the dyadic recursive partitioning, with splits at midpoints.

A simpler related prior on densities, the truncated Pdlya Tree prior, stops the splitting of the
mass at some level L < oo and has sampled densities which are constant on each set I, in
AL, with value p (Ie)_1 HLil V.. If one introduces the tree T as

T={(k1), ISLO<k<2},

that is the complete binary tree of depth d(T") = L, it corresponds to a T-Pdlya tree distribution
with H']I‘ = 5T-

3.8.2 Tree posteriors: the Galton—Watson/Pdlya tree case

As shown in Subsection 3.2.3, the Markov process on trees GV (p) can be seen as a distribution
on partitions. We first show that it corresponds to the distribution introduced in [173].

In the Optional Pélya Tree (OPT) construction, different recursive partitioning mechanism are
allowed: each level-k elementary region A € A* can be split in M (A) different ways, the j-th
being written as

A= gl (3.34)

where the Ai are level-(k + 1) elementary regions (see Appendix 3.8.1). Then, a random
partition of the sample space [0; 1) is produced recursively. For 0 < p([0,1)) < 1, the partition
is the sample space itself with probability p([0,1)). Otherwise, one of the M ([0, 1)) partitions
are drawn according to probability vector A([0; 1)) = (/\1, ce )\M([O,l)))- The partitioning then
continues: each elementary region A stays intact with probability p(A), otherwise it is split
(a decision encoded by the variable S(A) ~ B(p(A))) and its partition is chosen according
to probability vector A\(A). Following the discussion in Subsection 3.2.3, the GW (p) is a
particular case, where M(A) =1, A(A) =1 and K;(A) = 2, as the intervals are only ever
split at their midpoints,

L= Dipron U D kg (3.35)
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The level-k elementary regions are the I, with |¢| = k. Also, it corresponds to the choice of

p(Lir) =1 — pi, 1 < Lima, P(ILpp k) = 0.

Given a partition Z, in OPT, a probability measure () is defined by the conditional probabilities,
for A an elementary region split as in (3.34),

(QUATIA), ..., QA (] A)) = Q(A)B(A),  6(A) ~ Dir (af(A),..., a4 (4)

with Dirichlet random variables # mutually independent and independent from the variables
S(A") for A ¢ A, and Q([0,1)) = 1. For M(A) = 1 and K;(A) = 2, it is similar to the
mass allocation mechanism in (3.33) when af = o} = a. However, whenever the recursive
partitioning stops and gives a finite partition, these equations do not completely characterize
a measure on Borelians of [0, 1), so that the measure () is defined on Borelians B as

w(ANB)
=2 QM) ————
AeT ( )
This corresponds to the absolutely continuous measure with density constant on the elements
of Z. Therefore, the distribution from Proposition 1 is actually a special case of OPT.

3.8.3 The OPT posterior on trees

In the following, we prove Propositions 2 and 3. We first obtain a general formula for the
posterior on trees, which implies an explicit formulation of TI[- | X, 7], and then focus on the
OPT prior. The posterior distribution on trees is given for T' € T,, by Bayes’ formula as

JIX, T f]dIT [f]

M= an g

Since I [ X, T'|f] = Lr=r IT7-, f (X.), the numerator is equal to

S O[T =T 17—r Hf D dIL[f|T) = Hf D dIL[f|T).
TIGTTI
Writing Np(X) == [ 117, ;) dIL[f|T] the marginal likelihood, the denominator can be

expressed as
S H[T =T /H X, T =T|f]dI[f] = 3 T[T = T'] Ny (X).
T/ET, T'ET,
Let's compute N7 (X). By definition, for any i =1,...,n
I Ix;er,,
(Lk)ETwe \J=1
and

n Nx(Lik)
[Irx)= 1I (H2 (kD) )

1=1 (l,k’)eText j=1
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Nx (Iix)
_ H (2Ye(kz,l)) x ik
(L,E)ET\{(0,0)}

Nx (L. Nx (I
= ] <2Ye(k,l)o) x(Teuin) (2(1—Ye(k,l)o)) x( W)l)-
(l’k)eTint

On the one hand, we obtain that

H[f| X, T) = Np(X)T'I[f, X | T] = Np(X)T'TIX | £, T[] 7]
=C(X,T) ﬁ FX) 1T T Y (1 - Ye(k,z)m)a

i=1 (1,k) €T =1
a+Nx (Lek, a+Nx (Lek,
=X, 1) I Ye(k,l)(;{< o) ((1 - Ys(k,l)O)) x{lewn) )
(1K) €Tt

for C(X,T) a constant depending on X and T only, which proves the claim of Proposition 2.
On the other hand, for any variable Y ~ Beta(a, a), one obtains

R O R e

Therefore,

B (CL + NX (]s(k,l)0>va + NX (]e(k,l)l))
B(a,a) '

Np(X)= [ 2¥(aw)

(l,k)ETint
Let's now focus on the special case of the GW(p) tree prior, as in Proposition 3. For any
possible pair (I, k), take T' € T,, such that (I, k) € Twy and let
TH=TuU{(l+1,2k),(I+1,2k+1)}.

Then,
DPik

I — pi

[T"] = TI[T] (1 = pre12e) (1 = Prs12n+1), (3.36)

and
H[T*|X] [T =T%] Ly+(X)
U[TX] ~ [T =T] Lp(X)
Pk

- m(l — Prv1,26) (1 = P ,241) (3.37)
B(a,a) '

This last quantity is independent of T and T and depends only on (I, k). Therefore, if we
can find pjX, pi' 1 0 Pit 12641 Such that the last quantity in (3.37) is equal to
pik X X
X (1 - pl+1,2k>(1 - Pz+1,2k+1)7
L= pi,

for any appropriate ([, k), we obtain a formula similar to (3.36) and the posterior on trees is a
GW(pX) process. This defines a set of equations that has a solution, as for any 0 < k < 2Fmax
we necessarily have pr__» = 0 and the equations can be solved to obtain p*, starting from
I = Lpax and solving the successive equations in a “bottom—up” way up to the level [ = 0.
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3.8.4 Maedian tree properties

Lemma 24. Under the same prior and assumptions as in Theorem 11, there exists an event &,
such that Py [E] = 14 o(1), on which the following is true: for some constants A > 0, B > 0,

s 20T < A2Ln < (n/logn)/ ™) L, asin (3.21),

= For any (I, k) such that |fou| > Bn='?logn, (I,k) € T;,.

Proof. On the event B, from Lemma 28, Lemma 22 shows that the set T(?) of trees satisfying
the second condition in the lemma, for B large enough, is such that IT [T(2)| X} — 1. Therefore
the event )

£ ={n[1®| X| > 3/4} > By
is asymptotically certain.

For any node (I, k) such that |fy .| > Bn~'/2logn, since it belongs to the interior nodes of
any tree in T by definition,

M[(Lk) €Tl X]= > H[T|X]>11[T®| X].
TETn: (L,k)ETint

Then, on &, (I,k) € T* by definition and T* satisfies the second condition of the lemma.
Let's now turn to the set T™) of trees satisfying the first condition in the lemma. Using the
same arguments as for (3.25), there exists C' > 0 such that for any [ such that 2! > 2L and
I' > 0 large enough,
m[d(T)>1] X] <n®(2/T),
which holds on the event B;;. Then, since
I[(1, k) € Tine| X] <IL[d(T) > 1] X],

Markov's inequality implies

P [{{T ¢ TO N By| = B [{30 k)« 2 > A2k, (1,k) € T} N By

< Y S R[{1l -1, [k/2)) € T | X] > 1/2} 0 By
I: 21> A2Ln 0<k<2!—1

< Z 2 Z EO [H[(l - 17 Lk/ZJ) € 7i—nt | X]]]'BJ\/I]

I: 21>A2Ln  0<k<2!-1

= o(1) for I" large enough.

One concludes by noting that B,, is asymptotically certain according to Lemma 28, and
E= {T* € ']I‘(l)} N B, satisfies the conditions of the lemma. O

Lemma 25. let 0 < a <1, K >0, u > 0 andn > 0. Let Il be the same prior as in
Theorem 12, then for fo € S(a, K,n) N F(a, K, 1),

)1/(2a+1)

(n/ log®n < 24T < (n/log n)Y/ )

on an event of probability converging to 1.

)
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Proof. Using the same argument as above (3.32), we obtain the lower bound. Lemma 24
gives the upper bound. O

Lemma 26. Let f, and {y be as in Theorem 14, 11 as in Proposition 24 and fT* as defined
n (3.14). The median tree estimator then satisfies

logn
lg%a(x) ml?X |fT Ak — fo lk’ = OPQ <\/ﬁ> .

Proof. Let Q = max;-(,) maxy |fT*7Zk — foux|- On the event £ from Proposition 24, one
has for B as in the proposition,

logn
Q< (8%

Indeed, for (I,k) & T;,, we necessarily have fr-; = 0 and |fou| < Bn~'/2logn on £. From
(3.41), it also follows that for A as in the proposition and L,, defined in (3.21)

max . 7p — < max P — P, = .
e, |fT 1 — ol . Qeo(n><21<A2Ln| Uik 0| = Qn

int?

’fT* lk— fOlk|

) v
@ k)eT,* 1>eo

We have that

|Potby, — Potbu] < 220"V (IN(Ig1ox) — nPo(Lg1ok)] + IN(Ti10n01) — nPo(l1ox11)]) -

Therefore, on the event B); from Lemma 28, for some constant C' depending on M, A, ¢y and
« only, and any [ as in the above supremum,

logn
|\ Pobu. — Potbu| < C\/ i . (3.38)

It follows that @ < n~'/?logn on the event £ N By, that is such that Py (N By) =
1+o0(1). O

Lemma 27. Let T* as in (3.13) and fr- as in (3.14). Then, for fy € F(a, K, 1),

A log?n ) T
||fT*—fo||m:opo<< o) )

Proof. Let £ as in Lemma 24 and B, as in Lemma 28. On £ N By, for M large enough,

— [ < 2!/ max max — fo=, , max ,
1fo = frlls ) 2l§2Ln [0<kz<21 e (fo = fr Yu)| o<k B o (fo ¢lk>|]
+ Z ol/2 maX |{fo, Yue)|,
I 2> Agkn  OSKS

using the usual inequality for densities &, g, ||h — g||., < Y5022 max, |(h — g, ¥)|. Since
- 0<k<2

fo € B(a, K), the second term is smaller than 274 = O ((n/ logn)_c“/@a“)) (up to a
constant depending only on «, K and the constant A from Lemma 24). Then, the first term
can itself be upper bounded by the sum of

logn log? n\ @/ (2a+1)
o272 max  [(fo— frevhu)| S 28 /2\/ ; :O<< ; ) )7
0<k<2l, (Lk)eT:, n n

I: 2l<A2Ln
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where we used that the argument of 3.38 can be extended to | < {y(n) on £ N By, and the
term

> 27 max ol

l: 21<A2Ln 0<k<2l, (LR)¢
It remains to upper bound this last quantity. Let's introduce

L* = max {l - max |(fo, )| > Bn /2 logn}

0<k<2!

. 1/(a+1/2
which is such that 28" < (n1/2> /(a+1/2)

logn

since max [{fy, )| < 2710/27) Then, on the
0<k<2!
event &, the term in the above display is bounded by
logn logn
21/ (B )/\ max |{fo, V)| < 21/ (B) +
L 21§2Ln Vn 0<k<2l L ;L Vn

Z 2'/2 max | (fo, V)|

I oL* Sl poln  OSK<Z

9 a/(2a+1)
2L*log n ool < <log n) ‘
n n

Combining the previous bounds leads to, on £ N By,

a/(2a+1)
1fo = frlloe < C (log”n/n) .

3.8.5 Nonparametric BvM theorem
Space M, and limiting Gaussian process N\

Recall the definition of the space M, from (3.18), using an ‘admissible’ sequence w = (w;);>¢
such that wl/\/f — 00 as | — o0,

Moy = Mp(w) = {x = (xy)rx ; lim max @ = 0} .

l—o0 0<k<2t Wy

Equipped with the norm ||z||rq, = sup max |z | /wy, this is a separable Banach space. In a
>0 0<k<2

slight abuse of notation, we write f € M, if the sequence of its Haar wavelet coefficients
belongs to that space ({f,¥u))ix € My and for a process (Z(f), f € L?), we write Z € M,
if the sequence (Z(vix))1r belongs to My(w) almost surely.

White bridge process. For P a probability distribution on [0, 1], following [33] one defines
the P-white bridge process, denoted by Gp, as the centered Gaussian process indexed by the
1

Hilbert space L*(P) = {f : [0,1] — R;/ f?dP < oo} with covariance
0

EGr(f)Gp(g)] / / FdP)(g / gdP)dP. (3.39)

We denote by N the law induced by Gp, (with Py = Pp) on My(w). The sequence
(Gp(¢uk))ik indeed defines a tight Borel Gaussian variable in Mg(w), by Remark 1 of [33].

107



3.

OPTIONAL POLYA TREES

Admissible sequences (w;). The main purpose of the sequence (w;) is to ensure that
(Gp(tYik))1.k belongs to M. We refer to [33], Section 2.1 and Remark 1, for more background
on the choice of (w;) in the present multiscale setting, and to [32], Section 1.2, for a similar
discussion in an Hilbert space setting where the targeted loss is the L2-norm.

To establish a nonparametric Bernstein—von Mises (BvM) result, following [33] one first finds a
space M large enough to have convergence at rate /n of the posterior density to a Gaussian
process. One can then derive results for some other spaces F using continuous mapping for
continuous functionals ¢ : My — F.

Recentering the distribution. To establish the BvM result, one also has to find a suitable way
to center the posterior distribution. A possible centering is the median tree estimator f7+ as
in (3.14). Other centerings are possible, typically appropriately ‘smoothed’ versions of the

empirical measure P, associated to the sample X1,..., X,
1 n
P, ==Y 6x,. (3.40)
iz
Let us now also note that another way to write the median tree estimator (3.14) is
fre=14+ Y (Putu) - thu (3.41)
(LR)ET

where Py, = n~ '3 ¢ (X;) are the empirical wavelet coefficients, and only terms
corresponding to interior nodes ([, k) in the median tree 7* are active in the sum from the
last display. From this we see that the median tree estimator (3.14) can also be interpreted as
a smoothed (or ‘truncated’) version of the empirical measure P, in (3.40), with truncation
occuring along the median tree 7*. Note also that if the prior II has flat initialisation up to
level [y(n), then all nodes (I, k) with I < y(n) are present in the above sum over (I, k) € T}

Nonparametric BvM: statement

For the following result, we work with OPTs with flat initialisation as defined in Section 3.4.3.
This is discussed below the next statement.

We have the following Bernstein-von Mises phenomenon for f in Holder balls. For C,, a
function to be specified, we denote by 7o, the map 7¢, : f — /n(f — C,).

Theorem 14. Let N denote the distribution induced on Mg(w) by the Py—white bridge G p,
as defined in (3.39) and let C,, = fr. the median tree estimator as in (3.14). Let II be an
OPT prior with flat initialisation with lo(n) that verifies \/logn < ly(n) < logn/loglogn,
and other than that for | > ly(n) with same parameters as the prior in Theorem 11. Then for
every a € (0,1], forp >0, K >0 andn >0,

sup By [ Bt (|1 X) 0 76, )] = 0,
foe]:(aval")

as n — oo, for the admissible sequence w; = 1219 for some § > 0.

Remark 1. Recalling that the typical nonparametric cut—off sequence L verifies 2~ =< n'/(1+22),
assuming (o(n) = o(logn) amounts to say that {y(n) does not ‘interfere’ with the nonpara-
metric cut-off L. Similar choices are made in [139], Corollary 3.6. Other choices of sequence
lo(n) would also be possible, up to adjusting the sequence (w;) — one can check that it suffices
to have an increasing sequence (w;) such that wy,(n)/logn — oo (see, e.g. Theorem 5-3 in
the Supplement of [34]) —; we do not consider these refinements here.
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Theorem 14 states that the posterior limiting distribution is Gaussian after rescaling; note
that, similar to the first such result recently obtained in [139], one slightly modifies the OPT
prior to fit the first levels by assuming a flat initialisation. This is in fact necessary for the
result to hold, as otherwise the posterior would not be tight at rate 1/4/n in the space
Mo(w), as was noted in the white noise model in [139], Proposition 3.7. Let us also briefly
comment on the recentering C,: as follows from the proof of Theorem 14, one can replace
C, = fT* by another estimator that fits all first wavelet coefficients up to ¢y(n) and such that
1Cr — follmo@) = Op,(1/4/n), for w as in that proof, see also Remark 2 for more on this.

Nonparametric BvM: implications

Using the methods of [33], this result leads to several applications. A first direct implication
(this follows from Theorem 5 in [33]) is the derivation of a confidence set in Mg(w). Setting

D= {1 = ) 17 = Gl < 221, 342
where R,, is chosen in such a way that II[D, | X] = 1 — ~, for some v > 0 (or taking the
generalised quantile for the posterior radius if the equation has no solution) leads to a set D,
with the following properties: it is a credible set by definition which is also asymptotically
a confidence set in My(w) and the rescaled radius R,, is bounded in probability. Other
applications are BvM theorems for functionals, as given a continuous map ¢ : My(w) — &
for some metric space &, convergence results in My(w) can be translated into convergence in

& via the continuous mapping theorem, see [33]. This is also at the basis of the proof of the
Donsker Theorem 13.

3.8.6 Proof of limiting shape results

In this section we prove the nonparametric BvM Theorem 14 and, as a fairly direct consequence
given the results of [33], the Bayesian Donsker Theorem 13.

Proof of Theorem 14. The proof is similar to the corresponding proofs for Pélya trees or
spike—and—slab Pdlya trees, so we highlight only the few differences. The proof consists in
two steps. First, proving convergence of finite—dimensional distributions and second, showing
tightness of the rescaled posterior in a slightly smaller space.

Regarding convergence of finite—dimensional distributions, it suffices to note that for a fixed
depth L > 0, the prior on wavelet coefficients of levels [ < L (for large enough n so that
ly(n) > L) coincides with the prior induced by a standard Pdlya tree, for which the convergence
of finite—dimensional distributions is shown in [29].

Regarding tightness, let w = (w;) be the sequence w; = w;/1°/? = [>7%/2. This sequence is
increasing in [ and verifies w; 2 VI, w; = o(wy) as I — oo, and Wey(n) = logn, using the
assumption on {y(n). Now by the same argument as in the proof of Theorem 3 in [31], to
establish the nonparametric BvM it suffices to prove that the distribution £(v/n(f — C,,) | X)
is tight in Mo (w), which is true if both laws L(y/n(f — fo) | X) and L(\/n(fo — C,,)) are
tight.

Focusing first on the tightness of L£(v/n(f — fo)| X), we wish to show that for any n € (0, 1),
one can find M = M (n) large enough such that

Er I f = follmo > M/v/n| X] <. (3.43)

109



3.

OPTIONAL POLYA TREES

We split, for g = f — fo,

loll o < s lgul/an-+ wmax |gul /= (1) + (1),

For the term (I), as noted above, since the prior has a flat initialisation up to level ¢5(n), the
induced prior and posterior on the first layers [ < ¢5(n) of wavelet coefficients coincide with
the prior/posterior of a standard Pdlya tree, for which the corresponding tightness is proved in
[29] (proof of Theorem 3). For the term (ll), it follows from the proof of Theorem 11 (noting
that the proof goes through with a prior with flat initialisation) that for 7;, as in that proof
and given [ > {y(n), for any T € T,, and on the event By,

logn
_ dIl x)<cC
o e | fir — fourldII(f| T, X) < \/7

logn
| foarl <

T “m

Since Wy, () > logn as verified above, one deduces that for any 7 € T}, and on B, the term
(I1) above is O(1/+/n). Putting pieces together what precedes implies, with & = {fr, T € T,,}
as in the proof of Theorem 11,

and

/5 1 = Follato(oydIL(f | X) = Oy (1/v/).

which in turn implies (3.43) using I1[€¢| X]| = op,(1).

It remains to prove tightness of L(y/n(fo—C,)) in Mq(w). Again, one splits along indices: for
[ < lo(n), the posterior median tree estimator has same wavelet coefficients as the empirical
measure F,,, and the estimate

B, Wax max [(Po = P, thu)| /wr < C/v/n
on
follows from the proof of Theorem 1 in [33] (see equation (36) there and lines below). For
[ > ly(n), one invokes the properties of the median tree estimator, namely

logn
“lk — O 3.44
lgéa(x) max|fT ik — fouxl = Op, ( NG ) ) ( )
as in Lemma 26, noting that the argument in that proof is unchanged for a prior with flat
initialisation. This gives, using again wy,(,) > log n, that

max max ]ffr* ik — fourl = Op,(1/v/n),

l<€0(n)
which gives the desired tightness property and concludes the proof. O]

Remark 2. It follows from the proof of Theorem 14 that there is quite some flexibility in the
choice of the centering C,,. For instance, the projection P,(L,) of the empirical measure P,
onto the first L,, levels of wavelet coefficients, with L, the oracle supremum—norm cut—off
(n/logn)Y/ 2+ can be used. This is because for | < y(n) the projection P,(L,) has by
definition same wavelet coefficients as the empirical measure P,, while for | > {y(n) equation

(3.44) holds for (P,,(Ly,),Yw) instead of fr« . (with the even better bound Op,(y/logn/n)),
as in the proof of Theorem 1 in [33].
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Proof of Theorem 13. The results follows by applying Theorem 4 in [33]: since the posterior
distribution on f satisfies the nonparametric BvM theorem 14, it suffices to check that the
sequence (w;) satisfies the condition 3=, w;27"/? < oo, which clearly holds, and to note that
the centering C,, = fr- belongs to L2. This shows that the Bayesian Donsker holds with
centering F[[wd = fo f7+. By using remark 2, the same result also holds with F;de replaced
by the primitive, say Z,(-), of P,(L,). But as noted in the proof of Corollary 1 in [33] (see
also Remark 9 in [66]), we have ||Z,, — F,||cc = 0p,(1/y/n), which implies the result with
centering at F,. O

3.8.7 Miiscellaneous

We quickly remind that

— n G+Nx(I€0)

and we define L,, as in (3.21).

Lemma 28. Let a > 0, K > 0 and F, be a distribution with a bounded density fy € ¥(a, K)
w.r.t. Lebesgue density. Then, for any

1
M > 3 (\/logQ\/18||fg||OQ +log2—|—log2) :

the event
BM::{\ﬂzo, VO<k<2—1,
n(l+ Ly,)
9l
is asymptotically certain under the law P, of the observations, i.e.

Py (B5,) = o(1).

M—1|NX([l,k) — nPo(Il7k)| S V (l + Ln> = Mn,l}

Proof. According to Bernstein’s inequality, for any [ >0, 0 < k <2/ — 1,

MEME, /2
nPy(L11)(1 — Po(L1x)) + MMn,l/?)) '
By assumption, Py(1x)(1 — Po(L1k)) < |Ifollo. 27" Then, whenever M, ; = [ + L, (which

is equivalent to [ + L, > n27') or M,,; = \/%, we can further upper bound the above
quantity as

Po ([Nx (L) — nBo(Li)| > MM,;) < 2exp <—

2
Py (|INx (i) — nPo(L1x)] > MM,,;) < 2exp (—2 Hf0’|oi\/[+ 2M/3(l + Ln)> .
Therefore,
P (B3 <232 e <_2 Hfoufj st Ln)> 02 =0 ((loi”) *) ,
the latter equality being true whenever
M2
T R
ie. M > 1 (Iog2\/18]|foll,, +log2 +log2). 0
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Lemma 29. Suppose fy € X(K, ), with 0 < o < 1. For M’ > 0, on the event BBy, from
Lemma 28, the set

- L
A= 0 AVe—vol<m |t
e:|e|<Ln {| 0 0| TLP()(IG(]) }

is such that ,
H[AC|X} 5 Z 216—M’ logn/4

I<Ln

Proof. This proof comes from Lemmas 4 and 5 of [31]. For completeness, we give here some
details of the proof. We have already explained that

Y;O ~ Beta(a + ]VX(IE())7 a + Nx(IE())).

We also noticed that on the event By, Nx(I.) — oo uniformly for all |¢| < L,, for n — oo.
Therefore, for n sufficiently large, a + Nx (1) A a+ Nx(Io) > 8 for |¢| < L,,. Also, under
our assumptions, Lemma [2] from [29] allows us to say that, for n large enough, there exist
1, v such that

a—i‘NX(Ieo)
O<u<
=50+ Nx(Io) + Nx (1)

<rv<l

uniformly on all |e| < L,,. In addition, if i = |¢|, we have that

2a + Nx<I€0> + Nx(151> > NX([eO) > TLP()(Ieo) — M\/ 27’LLn2_z

Under our assumptions on f and L, the last bound is itself lower bounded by nFPy(I.0)/2
for n large enough. As a consequence, an application of Lemma 6 from [29] gives, for
v =MLY?/2,

IT | [V — Yio| > X| < De ™/

npo(jeg)
for some constant D. Finally, a union bound helps us to conclude that

M[A| X] < Z 2l671\/1/210gn/4.

I<Ln

Lemma 30 (Theorem 1.5 of [7]). For any x > 0,

x+1/2 z+1/2
a<$+1/2> SF(x+1)§b<x+1/2> |

€ (&

where I' is usual Gamma function, and a = \/2e and b = /27 are the best possible constants.
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CHAPTER

Adaptive Wasserstein confidence sets

In the density estimation model, we investigate the problem of constructing adaptive
honest confidence sets with diameter measured in Wasserstein distance W), p > 1, and
for densities with unknown regularity measured on a Besov scale. As sampling domains,
we focus on the d—dimensional torus T%, in which case 1 < p <2, and R<, for which
p = 1. We identify necessary and sufficient conditions for the existence of adaptive
confidence sets with diameters of the order of the regularity-dependent W,-minimax
estimation rate. Interestingly, it appears that the possibility of such adaptation of
the diameter depends on the dimension of the underlying space. In low dimensions,
d < 4, adaptation to any regularity is possible. In higher dimensions, adaptation is
possible if and only if the underlying regularities belong to some interval of width at
least d/(d —4). This contrasts with the usual L,—theory where, independently of the
dimension, adaptation occurs only if regularities lie in a small fixed-width window. For
configurations allowing these adaptive sets to exist, we explicitly construct confidence
regions via the method of risk estimation. These are the first results in a statistical
approach to adaptive uncertainty quantification with Wasserstein distances. Our analysis
and methods extend to weak losses such as Sobolev norms with negative smoothness
indices.
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4.1 Introduction

The construction of confidence sets is one of the fundamental problems of statistical inference,
along with parameter estimation and hypothesis testing. Consider a model {P : f € F},
indexed by a family of functions F, and observe (some quantity n of) data from the true
distribution Py, where f, € F. For most applications, having a single point estimate fn of
the true parameter f; is not enough, and one desires to evaluate its performance in terms of a
loss function, that is, to know how far it lies from f;. Producing a random set C,, C F from
the data containing f, with a prescribed high probability 1 — « achieves this aim. In this work,
we investigate the existence of adaptive honest confidence sets. Since fy is unknown, we must
insist that ), possesses the previous property not just for fy, but for all f € F: we say that
the confidence set C,, is honest if, at least for all sufficiently large n,

inf Pr(feCr)>1-a

Furthermore, we desire the diameter of the set C), to shrink in n as quickly as possible; however,
typically the precise speed of this shrinkage depends on aspects of the unknown density fj
such as its regularity, and so we find ourselves in an adaptation problem.

We work in a density estimation model: consider observations X, ..., X,, independent and
identically distributed (i.i.d.) from a probability measure Py, with probability density f;. The
sample space of the X;'s will either be the d—dimensional torus T? or R?. We then study
procedures in a representative ‘two-class adaptation problem’, where f; belongs to one of
two classes F(r) and F(s) (to be precisely defined below), indexed by regularity parameters
r < s, such that F(s) C F(r). An adaptive honest confidence set C,, should satisfy the
above honest coverage condition, and also have a diameter that shrinks at the minimax
estimation rate of whichever class f; belongs to (typically the rate is faster for the smaller
class F(s)). The construction of such a confidence set involves assessing the accuracy with
which one can estimate fj, which turns out to be more challenging than point estimation, as
qualitative aspects of the parameter need to be identified. This problem has primarily been
studied for L, or related distances [23, 24, 25, 77, 85, 112, 140]. In L, loss, adaptive honest
confidence sets exist only if the regularity parameters of interest lie in some ‘small’ interval
([23, 24, 85, 140]). More troublesome is the case of pointwise or L., loss, where no such
procedures exist ([77, 112]). This starkly contrasts the situation of adaptive estimation, where
(perhaps at the cost of a logarithmic factor) it is possible to construct estimators which adapt
to any regularity parameter ([53, 103]). Informally, these negative results come from the fact
that, in L, loss, a related testing problem is easier (admits a faster convergence rate) than
estimation, whereas for L., loss, the testing and estimation problems are equally difficult
([23, 77]). This distinction highlights how the existence of adaptive honest confidence sets

114



4.1. Introduction

depends on the geometry induced by the loss function (see [69, Chapter 8] for an overview of
these results).

Arising from the ideas of Optimal Transport [87, 120], Wasserstein distances W,, p > 1,
between probability measures have recently been studied in a wide array of fields such as
optimization, machine learning, and statistics. For p > 1, the p—Wasserstein distance between
i and v, probability measures on a metric space (X, d), is defined as

1/p

Wy(v,p) == inf (/ d(z,y) dn(z, y)) :
well(v,u) XXX

with the infimum ranging over the set I (v, 1) of measures on X x X’ with given marginals v

and p. It quantifies the minimal cost, as measured by the metric d, to morph the distribution

i into v. For measures Py and P, dominated by a common measure and with densities f and

g, this also entails a distance between those densities, with W,(f, g) == W, (Pf, P,).

Not only do these distances possess desirable theoretical properties ([166]), as they take into
account the geometry of the underlying sample space, but recent numerical developments
([131]) have led to increased use in practical applications. They therefore now play a prominent
role in statistics (see, for example, the review [129]). The convergence of the empirical
distribution in W,-distance is a well-studied problem (it stretches back to [54], with definitive
results on limit theorems for the R sample space in [47]; for state-of-the-art results, see
[60, 170]). In dimensions d > 3, the convergence rate of the empirical distribution (without
further structural assumptions) is n /¢, demonstrating that convergence in W, suffers from
the curse of dimensionality. When measures have densities, a result in [171] states that, for
certain classes of densities, 1V, compares with Besov norms of smoothness —1, a classical
result for the W, distance due to the Kantorovich-Rubinstein duality formula. The convergence
rates they obtain for regular densities using this comparison result, which lie closer to the
parametric rate n~'/2, highlight the importance of regularity of the signal in high-dimensional
settings: to some extent, the curse of dimensionality can be mitigated by smoothness.

In addition, these rates are faster than the standard s-smooth nonparametric convergence
rate n~Z+d for L, loss, 1 < p < oo, reflecting the fact that Wasserstein distances are weaker
than L, distances. In this chapter, we obtain similar quantitative improvements for testing
separation rates of nonparametric statistical hypotheses. From this, on the bounded sample
space T¢ we deduce new qualitative phenomena regarding the existence and non-existence of
adaptive honest confidence sets when using the loss functions W,,, 1 < p < 2. Surprisingly,
in dimensions d < 4 we construct confidence sets that can adapt to any set of regularities.
This contrasts significantly with the fundamental limitations of adaptive confidence sets in L,,.
In higher dimensions d > 4, adaptation is still possible for regularities belonging to a certain
interval, which is wider than in the L, case. The reason for this phenomenon is that while
both the testing and estimation rates are faster than for L,, the testing rate accelerates more,
leaving ‘more space’ for adaptation to occur than in the analogous problem for L, loss. As for
densities on an unbounded sample space such as R?, the same phenomenon occurs, though
we currently only have results for the 1/ distance.

From the general theory of confidence sets, it is known that such impossibility results may
be circumvented if one is willing to remove certain ‘troublesome’ portions of the parameter
space ([69, Proposition 8.3.7]). Recent works have focused on describing maximal sets of
densities for which adaptation is possible, by introducing further structural constraints on the
model. In [23], an Ly-adaptative confidence set is shown to exist if one discards all densities
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4. ADAPTIVE WASSERSTEIN CONFIDENCE SETS

within some positive radius of the smoother subclass; this radius converges to 0 as n — co.
Self-similarity conditions, which roughly speaking describe functions that are as regular at small
scales as at larger scales, have been employed in the regression setting in [126, 132], as well
as in density estimation [22, 36, 67]; see also [4]. In the study of adaptive Bayesian credible
sets, self-similarity conditions were deployed in [139], and slightly more general polished tail
assumptions were used in [143, 153]. We refer the interested reader to the review [117] for a
more complete picture of the literature on uncertainty quantification in density estimation.
In this chapter, we do not pursue such a programme for the Wasserstein distances, instead
leaving this problem for future work.

The chapter is organized as follows. Section 4.2 formalizes our problem on the potential
existence of adaptive honest confidence sets, and states our main results. The construction of
such sets, whenever possible, and non-existence results are presented in Section 4.3 for the
bounded sample space T¢ and Section 4.4 for the unbounded sample space R%. Proofs are
deferred to Sections 4.6 and 4.7.

4.2 Main Results

4.2.1 Setting and Definitions

Initially, we assume that f; is a density on the d-dimensional torus, T¢, which may be identified
with (0,1]%. Our results also apply to the case of the unit cube [0, 1]¢ (and hence any bounded
rectangular subset of R?), which is the focus of [171]; see Section 4.5.3 below. For our loss
function, we take the distance W5; as described in Remark 4, this distance dominates W/, for
1 < p < 2, in particular the important case of WW,. Later, we consider the situation where
fo is a density on the whole of RY; while a study for W,,p > 1 is beyond the scope of the
present work, we obtain some definitive results for the loss function W; in Section 4.4.

Parameter Spaces

Here we define the classes of probability densities on T¢ we consider; definitions for R? are
similar but deferred to Section 4.4. Let {d) =1,Yp:0>00<k< 2“} be an S-regular

periodised Daubechies wavelet basis of L,(T?); see Appendix 4.5 for further details. We
denote by (f,g) = [;. fg the usual inner product on Ly. For any f € L,(T%),1 < p < o0,

the wavelet expansion
2td_1

F=0+>0 > (f vw)tw (4.1)
1>0 k=0
converges in L,, and if f is continuous then the expansion converges uniformly on T¢. We
write K(f) for the projection of f onto the first j resolution levels, i.e.

2ld—_1

Ki(f) = (1) 4+ > (f u) - (4.2)

I<j k=0

To define the parameter classes, we use the scale of Besov spaces, B, ,1 < p,q < 00,5 >0
as defined in Appendix 4.5. The index s should be interpreted as a smoothness or regularity
parameter. Using the definition of the Besov norm (4.32) and the embedding ¢, C (., for
f € B;,(T%) we have that

I ), < I1f s, 27 20, (4.3)
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Thus f € B, if its wavelet coefficients decay sufficiently fast as [ grows, as measured by s.

The use of subsets of Besov spaces as parameter spaces in nonparametric statistics is well-
established, and the scale contains several of the regularity classes usually considered in
such settings: for example, the Sobolev spaces (H® = Bj,) and the Holder spaces (for
s¢N,C* =B, and for s € N,C* C B2 ). See [69, Section 4.3] for further discussion

on this subject.

In standard loss functions such as L, or L, it is typically assumed that f lies in some norm-ball
in B, for some choice of s,p,q. Here we slightly restrict the function class, insisting that the
densities under consideration are bounded and bounded away from 0. In particular, the lower
bound condition facilitates the faster minimax estimation rates of Proposition 6; it is shown in

[171] that removing this condition results in slower rates for most parameter configurations.

Definition 7. Let1 <p,g<o00,s>0, B>1, M >1>m > 0. Define the function class

rq —

FS’qu(B?m’M>:{f€B§qi/ f=1 \flss, < B, meSMa.e-}; (4.4)
Td

Note that we always have 1 € F; , ,(B;m, M), and so the class is non-empty. Henceforth we
fix p = 2 and consider q, B, m, M to be given. Define

F(s):=Fsoq(B;m,M).

For large s and smaller values of B > 1, the condition f < M is superfluous. However, the
imposition of the uniform lower bound f > m > 0 means that F(s) is a strict subset of the
more typical parameter space {f € B35, : f >0, [ =11/l B;, < B}. Also, it is clear from
the definition (4.32) that the continuous embedding B;, C BJ, holds with operator norm 1,
so F(s) C F(r) forr <s.

Notation

For a probability density f, let Pr and E denote respectively the probability and expectation
when Xi,.... X, Lig- f. For real numbers a,b, we write a A b = min(a,b) and a V b =
max(a,b). Given sequences (a,) and (b,), we write a,, < b, if there exists a constant C' > 0
that is independent of n such that for all n, a, < Cb,; we also write a,, ~ b,, if a,, < b, and
b, < ay,. Given any subset A of a metric space (A, d), we write |A|; for the d-diameter of A,
defined by
Ay = sup d(z,y).
z,y€A

Given a subset B C A and a point a € A, we define the distance of a to B as

d(a,B) := l}gg d(a,b).

4.2.2 Description of the Problem

Suppose initially that f € F(r) for some given > 0. We wish to construct a confidence
set C,, for the unknown density f; informally, we would like C), to contain f with (some
chosen) high probability. Specifically, given o € (0, 1), we require any confidence set C,, =
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4. ADAPTIVE WASSERSTEIN CONFIDENCE SETS

Cp(a, X1,...,X,) to have honest coverage at level 1 — a over the class F(s), that is, there
exists ng € N such that for all n > ny,

inf Pr(feC,>1-a. 4.5

ot PfeC)> (@5)

The ‘honesty' refers to the uniformity over F(r). We remark that in the minimax paradigm, one
must necessarily insist on honesty, since the true density fj is unknown: ‘dishonest’ adaptive
confidence sets exist (see [69, Corollary 8.3.10]), but the index n from which coverage is valid
depends on the unknown f, so such procedures produce questionable guarantees in practice.

It is clear that the smaller the set C),, the more informative it is; otherwise one could just take
C,, to be the whole parameter space F(r). Thus we desire the WW-diameter of our set C), to
shrink as quickly as possible in n. Suppose C,, satisfies the honest coverage condition (4.5)
for some v € (0,1), and let 7, be a positive sequence such that for some 5 > « and every
n > ng, we have

inf sup Pf<W2(fn,f) > rn) > f. (4.6)
fn fEF(r)
Here, the infimum is taken over all estimators (i.e. measurable functions) f, = f,.(X1,..., X,).

Then by Lemma 2 in [140], the Ws-diameter of C,, satisfies, for n > ny,

sup ‘Pf (|CTL’W2 Z Tn) 2 6 —
feF(r)

in particular, its diameter cannot shrink faster than r, with high probability. We define the
minimax estimation rate (in probability) over F(s), denoted 7 (s), to be the ‘slowest’ sequence
(i.e. the largest such sequence up to a multiplicative prefactor) r, such that (4.6) is satisfied
for some 5 > 0 and some ng > 1. Usually this rate depends on the smoothness parameter s.

Remark 3. The term ‘minimax estimation rate’ is often reserved for any sequence 7, such
that )

inf sup EWa(fn, f) > 7y

fn feF(r)
By Markov's inequality, we have that v < r,. In fact, as shown by Proposition 6 below, in
this problem the rates r* and 7, coincide (possibly up to a logarithmic factor when d = 2).

In general, it is unrealistic to assume that the regularity r is known. Thus we find ourselves
in an adaptation problem, where we wish to construct procedures that do not depend on
the unknown smoothness 7, but which result in (near-)optimal performance for a range of
values of r. In order to highlight the main ideas, let us consider the two class adaptation
problem, where for some fixed s > r > 0 we consider the model F(r), but also seek optimal
performance over the smoother subclass F(s) C F(r). We discuss after Theorem 18 how one
might construct confidence sets adapting to a continuous window of smoothnesses [r, R| or
even all » > 0 simultaneously.

Definition 8. We say that C,, = C,(a,d/, Xy,...,X,,) is a near-optimal adaptive W,
confidence set over F(s) U F(r), s > r, if it satisfies the following properties, for given
a,a’ € (0,1):

i) Honest Coverage: for all n sufficiently large,

inf Py(feC,)>1-a 4.7
(f Pr(f €Ch) a (4.7)
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i) Diameter Shrinkage: there exists a constant K = K (') > 0 such that

sup Pr(|Culw, > KR, (1)) < o (4.8)
fEF(r)
and
sup Pr(|Chlw, > KR,(s)) < o/, (4.9)
FeF(s)

for n large enough, where the rate sequences R, (r) and R, (s) satisfy
R,(r) <apri(r) and R,(s) < a,r;(s),

for a,, some power of logn, and r*(r) and r}(s) the minimax rates of estimation over
F(r) and F(s) respectively (these are given in Proposition 6 for the case of T¢ and
Theorem 20 for the case of R?).

Typically, for optimal adaptive confidence sets one insists that the rates R, (r), R,(s) in
(4.8) and (4.9) are equal up to constants to the minimax estimation rates 77 (), 77 (s). Our
definition of ‘near-optimal’ allows for R, (t) to equal 7% (t),t = r,s, up to a logarithmic factor
in n, and is thus a slight relaxation. Admitting this relaxation does not alter the (existence
and) non-existence results of [23, 25, 69, 77], since these results are due to a polynomial

discrepancy between minimax estimation and testing rates; see Section 4.3.3 below.

We only consider the problem of adaptation in the smoothness parameter and do not address
the question of adaptation to other parameters in the definition of the class F(s), such as the
Besov norm bound B. See Remark 7 below for a discussion of this issue.

4.2.3 Adaptive W, Confidence Sets on T

Our first theorem exhaustively classifies the parameter configurations for which adaptive honest
confidence sets exist for W5 loss; in the cases where such confidence sets do exist, an explicit
construction is given in Theorem 18 below.

Theorem 15. Fix1 <g<oo, B>1, M >1>m > 0. Consider the two class adaptation
problem for confidence sets as defined by (4.7)-(4.9).

i) Let d <4 and s >r > 0. Then for any o, > 0, there exists a near-optimal adaptive
W, confidence set.

i) Letd >4 and 0 < r < s < Qdd%fr + ﬁ‘ Then for any o, ' > 0, there exists a

near-optimal adaptive Wy confidence set.

i) Let d > 4 and 0 < r < s with s > %7’ + d%dzl' Then for any o, o/ > 0 such that

2a+ ' < 1, no near-optimal adaptive W5 confidence set exists.

Remark 4. We have focussed on the particular choice of W5, by Jensen'’s inequality, this
distance dominates W, for 1 < p < 2. Since the minimax estimation rates in these problems
are independent of p (c.f. Proposition 6), this means that the above existence results hold for
W,,1 < p <2, in particular for the important case of W;. Moreover, in the case of W, one
may remove the lower bound condition in the definition of F(s),; see Remark 5 below.
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Theorem 15 says that in low dimensions, d < 4, there exists a confidence set which adapts
optimally in Ws-diameter to any two smoothnesses s > r > 0. As the construction does
not depend on s, in fact adaptation occurs simultaneously for all s > r (strictly speaking,
r < s < S where S is the regularity of the wavelet basis used), where r is a chosen ‘baseline’
smoothness. Contrast this to the case of L, loss, 2 < p < oo: for p < oo, in any dimension,
there exists a (near-)optimal adaptive confidence set if and only if s < -1 [23, 25]; for Lo
loss, adaptive confidence sets do not exist for any choice of s > r > 0 [77, 112]. See [69,
Section 8.3] for a complete account of the Ly and L, theory.

In higher dimensions d > 4, Theorem 15 (together with the same confidence set as constructed
in the case d < 4) gives a continuous ‘window’ of smoothnesses for which adaptation occurs
simultaneously, in a similar vein to the case of L,,, p < oo. However, for the W5 loss this window
is significantly wider; moreover, regardless of how small we choose the minimal smoothness
r > 0, this window has width at least d%‘lél, whereas for L,,2 < p < 0o, the window is of

width pfl < r, which will be very narrow for small values of r.

These results are related to the fact that IV, is a weaker loss function than L,: specifically,
Proposition 5 and (4.12) show that on the class F(s), W, is comparable to a Sobolev (or
Besov) norm of smoothness -1. In very low dimensions d = 1,2, the estimation rate is
independent of the smoothness parameter s, meaning that any confidence set satisfying (4.8)
automatically satisfies the faster shrinkage condition (4.9) (with a possibly enlarged constant
K). In low dimensions d = 3,4, one finds a very fast minimax testing separation rate, which
is at least as fast as the parametric rate of estimation n~'/2 (this is implied by the above
existence results and Lemma 32 below). Even in higher dimensions, there is a substantial
acceleration in the testing separation rate as compared to L loss. Meanwhile, although there
is also some acceleration in the estimation rates, the effect is not so pronounced. This explains
the wider window of adaptation seen in Theorem 15 for W5 loss, as compared to L, loss: the
greater discrepancy between testing and estimation rates gives more room for adaptation to
take place.

Theorem 15 is proved in Section 4.3; we outline the arguments now. For the existence result,
we use the method of constructing confidence sets via risk estimation as in [24, 85, 140];
see [69, Section 6.4] for a concise summary of these ideas. These methods require the loss
function under consideration to be a Hilbert space norm. Accordingly, we upper bound W; by
a suitable Sobolev-type norm for which one can perform risk estimation with fast convergence
rates; moreover, the estimation rates for this dominating norm differ from those for W5 by
only a logarithmic factor. In particular, the notions of near-optimal adaptive confidence sets
for these two loss functions are equivalent. The non-existence result is obtained using a testing
argument as in [23], [77] and others, together with a lower bound for the minimax separation
rate in a related testing problem. Moreover, the precise characterisation of the separation
rate identifies a certain small subset of F(r) consisting of ‘problematic’ densities which, once
removed, permit the existence of confidence sets (with honesty relative to a smaller set of
densities), as in the previous two references. We discuss the existence of these more general
confidence sets after Theorem 19. These theoretical results and constructions extends more
generally to the study of adaptive honest confidence sets with negative Sobolev norm distances,
and we discuss them in Section 4.2.5. For p > 2, [25] develops a construction of adaptive
L,—confidence sets whose radii are selected via testing. Though an extension of these ideas
to W-confidence sets should be possible, we do not pursue it here as the methodology greatly
differs from the one used in the present chapter.
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4.2.4 Adaptive W, Confidence Sets on R’

The case of densities on R? is also of great interest; there are several situations in which it is
unrealistic to assume compact support of the density f. Accordingly, let X;,..., X, be ani.i.d.
sample drawn from some unknown density f on RY. We take the Wasserstein-1 distance W,
to be our loss function. We generalise our methods from the case of T¢ to produce adaptive
confidence sets for f which adapt over similar function classes G(s), defined in (4.21) below
and involving a constant L which uniformly bounds the exponential moments of the densities
in G(s). The discussion following Theorem 15 is relevant in this context as well: in particular,
since the confidence sets constructed in cases (i) and (ii) do not depend on s, adaptation in
fact takes place for the full range of possible values of s (i.e. s > r when d < 4 and s in some
given window when d > 4).

Theorem 16. Fix 1 < ¢ < oo, B>1, M >1 > m > 0. Consider the two class adaption
problem for confidence sets defined by (4.7)-(4.9), with function classes F replaced by G and
Wy in place of Wj.

i) Let d <4 and s >r > 0. Then for any o, > 0, there exists a near-optimal adaptive
W1 confidence set.

i) Let d >4 and 0 < r < s < 2=dy + -4 Then for any a,o/ > 0, there exists a
near-optimal adaptive W confidence set.

iii) Let d > 4, L be large enough and 0 < r < s with s > %r + ﬁ. Then for any

a,a’ > 0 such that 2a + o' < 1, no near-optimal adaptive W, confidence set exists.

The bound L on exponential moments in (4.21) is a technical condition which allows us to
construct adaptive estimators and confidence sets via the method of risk minimization (see
Section 4.4). We are naturally interested in the existence of confidence sets for large L, i.e.
on larger classes of densities. Moreover, small values of L may lead to empty classes (see the
discussion after Definition 10 below) for which the theory of confidence sets is superfluous.

4.2.5 Extension to negative Sobolev norm distances

To better understand the phenomena in Theorems 15 and 16, it is elucidating to consider
negative order Sobolev norm loss, H~! = B;,,t > 0 (see Appendix 4.5 for definitions), since
the W, distance is dominated by such a norm (see (4.12) below). One finds that the minimax
estimation rate for t > d/2 is (up to a log factor) n~'/2, so no meaningful adaptation is
required and one constructs a confidence set which ‘adapts’ over all smoothnesses as in
Proposition 7 below. When ¢ < d/2, computations analogous to those in Section 4.3 show
that the gap between testing and estimation rates are wider for larger ¢, enabling adaptation
over a larger window of regularities (see Remark 10 below). Here, one finds a continuous
transition as t increases from 0 (which is the L, case) to d/2, at which point confidence sets
can adapt to any two smoothnesses. However, the specific geometry of the parameter space
induced by the loss function is crucial, rather than how weak the loss function is per se: if
instead we consider B3’ loss, when ¢ < d/2 the minimax estimation and testing rates can be
shown to coincide; meanwhile, the estimation rate is independent of the smoothness parameter
when t > d/2. So in the case of B loss, when ¢ < d/2 no adaptive confidence sets exist
for any two smoothnesses by Lemma 32 below, but for ¢ > d/2 they trivially exist.
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4. ADAPTIVE WASSERSTEIN CONFIDENCE SETS

Whenever they exist, the construction of confidence sets in Section 4.3 below extends easily
to the case of negative order Sobolev norms H~*,¢t > 0, and other Besov norms using norm
embeddings as in [69, Section 4.3]; see Remark 10 below.

4.3 Proof of Theorem 15

4.3.1 A Hilbert Norm Upper Bound for 1V,

We wish to construct confidence sets by performing risk estimation. The inner product
structure of Hilbert space norms makes them particularly amenable to risk estimation, and so
we seek some Hilbert norm which upper bounds the W5 distance.

For this, we introduce the logarithmic Sobolev norm ([69, Section 4.4]; see [32, 33] for another
statistical application of such norms).

Definition 9. Define the H=° norm of f € Ly(T?) as

1/2
[l z-rs = [(F, D]+ (ZT” maX(l,l)%I!(f,m)!I%) :

1>0

Note the similarity to the definition of the By = H™' norm given by (4.32); indeed, when
0 = 0 the two norms coincide with the Sobolev norm of regularity -1. We refer to this as
a ‘logarithmic’ Sobolev space because the parameter 6 measures the smoothness of f on a
logarithmic scale.

We require the following comparison inequality from [171].

Proposition 5 (Theorem 3, [171]). Let 1 < p < co. Let f, g be two densities in L,(T?), and
assume that for almost every x € T¢, M > max(f(z), g(z)) > m > 0, for real numbers M
and m. Then

MY =gl S Wolf,9) Sm™Nf = gllp, (4.10)

where % + 1% =1, and the constants depend only on d,p and the wavelet basis. Moreover,
when p = 1, one may choose m = 0 (with the convention 0° = 1).

This result is an extension of the celebrated Kantorovich-Rubinstein duality formula, which
states that for two probability measures ji,v on T¢,

Wi(u,v) = sup )/h d(p —v), (4.11)

h€Lip, (T4

where the supremum is taken over all functions h : T — R with Lipschitz constant bounded
by 1. We may relate this to (4.10) using the sequence of norm-continuous embeddings ([69,
Section 4.3])

B ¢ (BL.) < BL(TY" ¢ (BL,) < Bk,
where BL(T?) is the space of bounded Lipschitz functions on T? (note that any Lipschitz
function on T is bounded, so BL(T?) and Lip,(T¢) coincide). However, in order to generalise

this to W, p > 1, one must impose that the probability measures have densities which are
bounded and bounded away from zero; indeed, for densities not bounded below, no norm
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provides a similar comparison to W, ([171, Theorem 7]), and convergence rates are slower
than those in Proposition 6. Thus the restriction from the usual choices of Besov norm-balls
to the classes F(s), s > 0 is necessary.

A simple application of the Cauchy-Schwarz inequality confirms that H~% C By;' as soon
as 0 > 1/2. Thus in conjunction with the upper bound in Proposition 5, we have that, for
r >0, f € F(r) and f, any estimator of f,

Walf, fa) SIS = Fallggr S 1F = Falla-s, (4.12)

where the first constant depends on the parameters of the class F(r), but the second constant
depends only on the wavelet basis and d.

Remark 5. When using W loss, one may consider the class F(s) with the choice m = 0,
i.e. densities are not required to be bounded away from zero. Then the H="° norm still
provides an upper bound for Wy for densities in F(s) due to the upper bound in (4.10) and
the sequence of continuous embeddings H='% C B,' C Bi}', where the second embedding
follows from Jensen's inequality (with operator norm 1).

For the remainder of this section, we work in H 1 risk; as soon as § > 1/2, this provides a
Hilbert norm upper bound for the W risk. In particular, any coverage guarantee for a H 9
ball is automatically inherited by the W5 ball with the same centre and radius scaled by the
embedding constant from (4.12). Of course, by constructing confidence sets for a stronger
loss function, we may not be able to attain near-optimal diameter shrinkage, but we shall see
that this is not the case.

4.3.2 Construction of Confidence Sets

We first give the minimax estimation rates for the problem under consideration. These are
important for two reasons: firstly, they provide the benchmark for the ‘size’ of an optimal
confidence set. Moreover, our confidence sets are centred at a suitable estimator of f, which
must perform well for the resulting confidence set to also have good performance. In the
density estimation problem, the estimation rates for W, loss are as follows:

Proposition 6. Let s > 0 and let r(s) denote the minimax rate of estimation over F(s).
Then

n=1/2, d=1,

ri(s) SAn"Y?logn, d=2,
s+1

nfﬁ, d> 3,

where the constant depends on the parameters of the class F(s) and the wavelet basis.

Moreover, for any s > 0,
n Y2 d=1,2
re(s) 2 { i1

~lnT=r, d>3

- )

where the infimum is over all estimators f,, based on a sample of size n.

The upper bounds follow from Theorem 1 in [171] and Remark 3. The lower bounds are
proved as in Theorem 6.3.9 in [69], where one ensures the existence of a suitable 1W,-separated
set using the lower bound in Proposition 5. See also Theorem 2 in [171].
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4. ADAPTIVE WASSERSTEIN CONFIDENCE SETS

We centre our confidence sets at an estimator fn of f which has near-optimal convergence
over the classes F(s) and F(r). The theory of adaptive estimation is relatively complete, and
in the vast majority of cases it is possible to construct adaptive estimators which converge
at the minimax estimation rate (perhaps up to a logarithmic factor) over a wide range of
smoothnesses - we mention only the classical references [53] and [103].

The choice of Wasserstein loss adds a minor complication to the usual case of ‘norm-type’
loss functions. The Wasserstein distance W,(f, fn) is only well-defined if f, is also a density,
and thus we ought to insist that any estimator we define is indeed a density almost surely. To
achieve this, given any wavelet-based estimator of the form

old_1

= f—1 + Z Z ﬁk¢lk

>0 k=0

where flk are the wavelet coefficients of the estimator, we insist that f_; = 1. This ensures
that de f, = 1. The problem of non-negativity is more subtle. In [171], |t was addressed
by projecting f, onto the class of densities F(r) with respect to the B norm, where r
is the smallest regularity to which we want to adapt. However, this prOJectlon step makes
the estimator essentially intractable. Instead, we use the well-known L, consistency of the
adaptive estimators considered below (c.f. [53], for example) together with the fact that the
densities in F(r) are uniformly bounded away from 0 to conclude that for sufficiently large n,
with high probability f, is in fact a probability density. Whenever f,, fails to be non-negative,
we simply replace it with an arbitrary choice of density (e.g. uniform); as n — oo, this event
occurs with vanishing probability.

Theorem 17. Let d > 2. Then there exists an estimator fn of f such that for all n > ny(B)
and all s > 0,

_2(s+1)

BAlf = Fullys < 0 W( " )
sup — full3-15 < (logn :
FEF(s) / = logn

where the constant depends on B, d and the wavelet basis.

The definition of fn and proof of Theorem 17 can be found in Appendix 4.6, and follows from
the classical ideas of [53].

Next, we introduce a U-statistic to perform risk estimation. Recall that given any estimator
fn of f such that (f,,1) =1, the H~1 loss can be expressed as

If = Falli-rs = 32272 AV D) > (f = fo, )’
>0 k=0

To estimate this loss, we use the approach of sample splitting. Suppose we have a sample
of size 2n which we divide into two subsamples: S* = (X1,...,X,,), 8% = (Xpy1,. .., Xon).
Denote expectation with respect to sample ¢ by E®: we denote variances and probab|||t|es
accordingly. We compute our estimator f, = fn(Xl, ..., X,) based on 8! and, for j > 0,
define the U-statistic based on the sample S? as

Unj(fa) = n(n2_1) > ZZQ_ZZ(WU% kZ (e (Xi) = (ks o)) (ur(Xir) = (urs f)) -
i<i!,i,i' €S2 1<j =0

(4.13)
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Since the sample is i.i.d., we see that

~ 2ld_1 ~ ~
EPUni(f) = ;2*”(1 v 1)» ;O W f = fa)? = [1KG(F = F)llGg-1s-

Thus Und-(fn) is an unbiased estimator of the j* resolution level approximation of the loss
I = fullu-1s. The key idea behind the U-statistic is that the removal of the diagonal in
the outermost sum in (4.13) eliminates the highest variance terms. Thus by averaging over
O(n?) terms with small variance, we expect the U-statistic to have very small variance (as in
Theorem 6.4.6 of [69]). This is confirmed by the next lemma.

Lemma 31. Assume f € L(T¢) is a probability density, and f, is an estimator for f based
on the subsample S*. Then

Var(2) (Un,j(fn)) <

Al f Nl <

n

max 47 (1Y 1P ) G = F)lys

1>-1

20 /|1 i
[e'e) 2(d 4)(lv 1)45
n(n —1) ZSJZ;

= i 55(f)- (4.14)

This result is analogous to Theorem 4.1 in [140]; for completeness, we give a proof in Appendix
4.6.

With the adaptive estimator fn and the U-statistic Un,j(fn) in hand, we are now ready to give
the construction of optimal confidence sets for the two-class adaptation problem.

We first note that for d = 1,2, the minimax rates of estimation from Proposition 6 do not
depend on the smoothness parameter s; in particular, the two diameter shrinkage conditions
(4.8) and (4.9) become a single condition. Thus in these dimensions, defining an adaptive
confidence set is very easy; indeed, there is no meaningful adaptation which needs to take
place.

When d = 1, the empirical measure is a minimax optimal estimator of the sampling measure
(see, for instance, [60] or [170]). When d = 2, we centre at the adaptive estimator from
Theorem 17 in place of the empirical measure P,, as P, is no longer minimax optimal, and
standard kernel or wavelet projection estimators require choices of tuning parameters depending
on the smoothness parameter to attain optimal rates.

Proposition 7. i) Letd = 1. Consider the two-class adaptation problem over F(s)UF (r)
where s > r > 0,q € [1,00],B>1,M > 1> m > 0 are all fixed. Then given any
a € (0,1), the confidence set based on a sample X1, ..., X, defined by

Co ={g € F(r) : Wa(P,, P,) < Do~ 1/}

is an optimal adaptive W, confidence set, where P, = n™' 3, x, is the n-sample
empirical measure and the constant D depends on B, m and the wavelet basis.

i) Let d = 2. Consider the two-class adaptation problem over F(s) U F(r) where
s>r>0,qg €[l,0],B>1,M>12>m >0 are all fixed. Then given any
a € (0,1), the confidence set based on a sample X1, ..., X, defined by

Co={g € F(r): Walg, fa) < Da™"n""(logn)***}
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4. ADAPTIVE WASSERSTEIN CONFIDENCE SETS

is a near-optimal adaptive Wy confidence set, where fn is the adaptive estimator from
Theorem 17 and the constant D depends on B, m and the wavelet basis.

The diameter shrinkage conditions are met trivially, while honest coverage follows from
Chebyshev's inequality in a standard fashion.

When d > 3, the minimax rates depend on the smoothness parameter and so the diameter
shrinkage condition differs between F(r) and F(s), r # s. In particular, this precludes any
confidence set C),, with deterministic radius, as used above. Instead, we centre at the adaptive
estimator fn from Theorem 17, and use the estimate of its loss provided by the U-statistic
Ui (/) as defined in (4.13) to determine the radius. We write U, := U ,(f,) in the sequel.

Theorem 18. Letd > 3. Fix B>1,M >1>m >0,1<¢g<o0, and let s >r > 0. If

d > 4, assume additionally that s < 2=y + -4 Fix a € (0,1), and § > 1/2. Consider the

confidence set based on a sample of size 2n, S' U S? given by

Co= {9 € F) g = Il 16 < \oarngusle) + U + GG} (415)

where fT is computed on S', U, is computed on S* and:

4lglloc P = - :
" “qzz,j,a(g) = %HKJ‘(Q — fa -1 + syﬂl) 2 1<j-1 2= (v 1)*;

1
Jn is such that Qin ~ (@) 2r+a7a

= G(jn) = 22720+ logn,

Zo = (a/2)7Y2,

Then for all n > ny(B), C,, satisfies (4.7), as well as (4.8) and (4.9) for a suitable constant
K > 0 depending on r,s,«, o’ and the parameters of the class F(r) with the rates

R,(r) = (log n)‘”ﬁn* {rfd, R,(s) = (log n)H%ﬁ[m* Sord

In particular, C,, is a near-optimal adaptive Wy confidence set over F(s) U F(r).

Remark 6 (Adaptation over ranges of classes). Note that the construction of C,, is completely
independent of s, and fn adapts simultaneously over all s > 0. So when d < 4, C,, adapts
simultaneously over all s > r, and when d > 4, C,, adapts simultaneously over the full window
of admissible values of s.

Remark 7 (Adaptation to other parameters). We note that the construction of the confidence
set in Theorem 18 does not depend on B or m, and so in fact this particular confidence set is
also adaptive over B > 1 and m > 0, in the sense that any dependence of the minimax rates
r¥(r),r5(s) on B or m are eventually accounted for by the logarithmic term in R, (r), R,(s).
(Note however that the constants in our theoretical guarantees explode as B — oo orm — 0.)
However, the construction of C,, does depend on M. See [23] for more discussion on the role

of M.
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Remark 8 (Adapting to wider ranges of smoothnesses in high dimensions). In the d > 4
case, following the ideas in [23], one may still obtain adaptation over a window of the form
[0, R] for arbitrary R > 0 at the cost of removing certain troublesome portions of the classes
F(r),r € [0, R]. In this restricted model, one can identify the smoothness of the unknown
density within a window of the form |r, %=1y 4 ﬁ} using tests as in [23] or [126]. Once
this window is identified, in particular the relevant value of r, one can use the associated
confidence set as constructed in Theorem 18.

Remark 9. (Necessity of log-factors) One may ask whether it is possible to remove the log-
factors in the shrinkage rates and construct a confidence set with R,,(r) = r:(r), R, (s) = 75 (s).
These log factors fundamentally arise from the use of the embedding H—9 < By,' ford > 1/2.
For confidence sets constructed via risk estimation we conjecture that this is a necessary step,
as it is precisely the accelerated risk estimation for Hilbert space norms which enables the
adaptivity of the confidence set. However, it is conceivable that another approach, such as the
testing method of [25], could be used to construct Wy confidence sets with sharp diameter
shrinkage rates (although such an approach will not generalise beyond the two class problem).

Remark 10 (Weak Sobolev norms H~* t > 0). Our methods extend to the use of negative
order Sobolev norms H=! = By}, t > 0 as loss functions in place of H=° (see Appendix
4.5 for definitions). The analysis of the estimator fn is completely analogous, and one must
suitably augment the U-statistic U, ; to estimate the H™" loss. One finds that the resulting
confidence set C,, adapts to any two smoothnesses 0 < r < s < co when t > d/4; if instead
t < d/4, adaptation is possible over a window of smoothnesses 0 < r < s < ﬁt + ijﬁr.
Moreover, in this latter case, the arguments of Section 4.3.3 below can be augmented to show
that if s does not lie in this window, then no such confidence set can exist.

The proof of this theorem proceeds similarly to that of Proposition 2.1 in [140], and is given
in Appendix 4.6.

The confidence sets constructed above prove statements (i) and (ii) of Theorem 15.

4.3.3 Testing rates and non-existence of Confidence Sets
We turn now to proving the impossibility result (iii) in Theorem 15.

The question of existence of adaptive confidence sets is closely related to a composite hypothesis
testing problem. This connection was identified in the first works on adaptive confidence sets;
for a complete decision-theoretic overview, see [69, Chapter 8]. For p > 0 and s > r > 0,
define the separated function class

F(r,p) = A{f € F(r): Wa(f, F(s)) = p}

We may have p = 0, in which case F(r,0) = F(r). However, if p > 0 then F(r, p) is a strict
subset of F(r), disjoint from F(s). The testing problem we consider is

Hy:feF(s) vs. Hy:feF(rp). (4.16)

As the usefulness of a test is naturally assessed by the sum of its Type | and Type Il errors, the
minimax rate of testing for the problem (4.16) is defined as any sequence (p},),,~, such that
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= For any 5/ > 0, there exists a constant L = L (') and a measurable test U, :
(’]I‘d)n — {0, 1} such that

sup E¢ [U,]+ sup Ef[1-7,]<p. (4.17)
FEF(s) fEF(r.Lpy,)

= There exists some 5 > 0 such that for all p, = 0 (p}),

liminf inf| sup E; [V, ]+ sup E;[1—-V,]| >3, (4.18)
nTee e LreF(s) FEF(r,on)

where the infimum ranges over the set of tests U,,.

The following result characterises the role of the minimax testing rate p; in the existence and
non-existence of confidence sets. Essentially, it says p; provides a ‘speed limit' on how quickly
the confidence set can shrink when f is in the smoother submodel F(s):

Lemma 32 (Proposition 8.3.6, [69]). Let p} be the minimax testing rate for (4.16), and
Tn($), 7 (1) be two sequences such that 7,(s) = o (p}) and 7,(s) = o (F,(r)). Let a,a’ > 0.
Then, for any p, = o(p) and L > 0, there does not exist any set C, (o, X1,...,X,)
satisfying

e liminf, oo inf e 7, Pr(f € Cn) 21— a,
» lim sup,,_, oo SUP fe 7y ) pf(’Cn‘WQ > Lfn(r)) <,
» limsup,,_, SUP ez (s) Pf<|C’n|W2 > Lfn(s)) <,
as long as «, o' are such that 0 < 2ac + o/ < 3, with (5 as in (4.18).

This non-existence phenomenon occurs because any C,, satisfying the conditions of the Lemma
induces a test

v, = 1{C, N F(r,p,) # &}

which is uniformly consistent for the separation rate p/, in the sense of (4.17) whenever
pn = 0(pl,). If we were able to choose p!, to be o(p}), this would contradict the definition of
the minimax testing rate p); thus no such confidence set can exist. Note that the argument
works for any rate 7,(s) = o(p}), not just the minimax rate of estimation; in particular, we
can multiply the minimax estimation rate by a poly-logarithmic factor so long as there is a
polynomial gap between the testing and estimation rates.

It remains to determine the minimax rate of testing for the problem (4.16); this is done in the
following theorem.

Theorem 19. Assume s >r > 0 and d > 4. Let p; be the minimax rate of testing for the
problem (4.16). Then there exists a constant ¢ > 0 depending on the parameters of the class
F(s) and the wavelet basis, and ny = no(B, M) such that for all n > ny,

__r+1
p:L Z cn 2r+d/2

Also, (4.18) holds for any < 1.
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The proof of Theorem 19 is given in Appendix 4.6, and follows a multiple-testing lower bound.
Assume now that d >4 and s > 21y 4+ -©. Then the minimax rate of testing p}; is slower
than the minimax estimation rate r(s) by a polynomial factor; in light of Lemma 32, this
means there is no near-optimal adaptive W5 confidence set over F(s) U F(r) for any practical
choice of o, &/ (for such a set to exist, we would require 2ac+ o > 1). This proves statement
(iii) of Theorem 15. However, this does not rule out the existence of confidence sets satisfying
weaker conditions than those in Definition 8, namely those listed in Lemma 32 for some
pn > Lpk, L > 0. Such sets actually exists in view of Proposition 8.3.7 of [69] and Theorem
17.

Moreover, the confidence set C,, constructed in Theorem 18 in conjunction with the argument
used to prove Lemma 32 shows that the lower bound of Theorem 19 is sharp up to a
poly-logarithmic factor.

4.4 Extension of the Theory to R

Having provided a fairly complete resolution of the problem of adaptive W, confidence sets
when the sample space is T¢, we extend our results to the case of the unbounded sample
space R? with 1/, loss. The key tool is the Kantorovich-Rubinstein duality formula ([86])

Wilt.g)= s [ b)) o) de, (4.19)

heLip, (RY)

where Lip, (R?) is the set of 1-Lipschitz functions on R

Our techniques do not extend to the distances W), p > 1, due to the dependence on the
lower bound m in Proposition 5 (which is the analogue of (4.19) for p > 1): any density on
R? must decay to 0 at infinity, so using this result yields suboptimal convergence rates, even
under favourable tail conditions.

In this section, it is assumed that we observe X,..., X, Lig fo for some density f; on RY,

and we wish to perform inference on f; using W as the loss function.

4.4.1 Parameter Spaces

We use an S-regular tensor product wavelet basis of L?(R?) of the form

{Cbkﬂvak ke Zd,l > O}

as introduced in Appendix 4.5 (we index the 1)y, using only k, [ by a slight abuse of notation).
We write K;(f) for the projection of f onto the first j resolution layers, as in (4.2). Besov
norms on RY also defined in Appendix 4.5, are defined analogously to those on T?, and the
relation (4.3) holds.

Our goal is to construct an adaptive confidence set for the true density fy using risk estimation,
where the adaptation occurs with respect to the smoothness parameter s. We shall consider
functions in B3, . Unlike our previous classes F(s) on T?, we need not assume that our
densities are bounded away from zero, or something analogous such as sufficiently slow decay
in the tails. However, in order to deal with the unboundedness of the sample space R?, we
must impose a moment condition.
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For a, 8 > 0, define the «, S-exponential moment of a density f as

Eap(f) = / Cexp (Bl f(x) da = By (7). (4.20)

Definition 10. Let 1 < p,g < 00,5 >0,B>1,M > 0,a,8 > 0 and L > 1. Define the
function class

B, <B,0< f<Mae, Eap(f) <Ly
(4.21)

gs,p,q<B,M;a,5,L>={feBS ®): [ r=1l

Henceforth, we fix p = 2 and consider q, B, M, o, 3, L to be given. Define

g(S) = gs,2,q(B7 M7 «, 67 L)

Observe that for M close to 0 and L close to 1, the class G(s) is empty. We therefore assume
in the sequel that L is sufficiently large (depending on M, B) for G(s) to be non-empty.

The focus on p = 2 is quite natural in view of the material developed in the previous
section, relying on risk estimation to compute the diameter of confidence sets. Combining
the exponential moment condition and the bound on the ng—norm, we prove in Lemma 38
that densities in G(s) also have their B -norm bounded by a constant depending on the class
parameters.

4.4.2 Estimation Upper Bounds for W

As before, we should insist on our estimator f, being a density almost surely. Indeed, the fact
that fn has total mass 1 is vital to the proof of Proposition 8 below. However, we note that
there is no intrinsic requirement in (4.19) that f and g should be nonnegative, and so we will
allow our estimators to take negative values. If a genuine density is required, one can just
take the positive part of the estimator and renormalize.

The following proposition gives an upper bound on the W, distance which is convenient for
wavelet estimators.

Proposition 8. For any probability density f with a finite first moment and any estimator f,,
of f which has a finite first moment almost surely, we have that

Wi(Fur 1) S S NRING = Fr i)+ 30271+ ST (0 = Foy )], (4.22)

kezd >0 kezd
where the constant depends only on the wavelet basis.

Remark 11. Let fn be some estimator of f, not necessarily with total mass 1. We obtain
an estimator which integrates to 1 almost surely, which we call f,,, by renormalising the first
wavelet layer of f,, that is, renormalising fo := Ko(f,). Then we set

/\

Jn = +Z Z fml/)lk Ui

ffo dw 1>0 kezd

Note that while one can perform this procedure for any estimator fn, it is particularly
simple for wavelet-based estimators. Assuming L.-consistency of fn, fo — Ko(f) and thus
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Ko(fn) = Ko(f) in Li. Moreover, for the wavelet estimators we use below, this convergence

S
occurs very fast, at the rate n~ 25+, where S is the regularity of the wavelet basis. Thus
it suffices to consider the un-normalised estimator f,, in the decomposition (4.22) whenever
s < S —1, which we do in the sequel.

We first establish an upper bound for the estimation rate over the class G(s).

Theorem 20. For any s > 0, there exists an estimator fn such that for all sufficiently large n,

sup B Wi(fn, ) <
feg(s)

~d

(logn) ¥ +n=1/2 =2,
(logn)Tn_%, d>3.

where «y is a constant depending on o and [ only, and the constant depends on the parameters
of the class G(s) and the wavelet basis. For d = 1, the empirical measure P, satisifies

sup Ef Wy (P,, Py) <n'/2
f€g(s)

Remark 12. These rates are sharp up to a logarithmic factor so long as L is sufficiently large:
one uses a reduction to a multiple testing problem as in the proof of the lower bounds in
Proposition 6, and then uses an analogous collection of well-separated densities defined on
some common compact set. For large enough L, the compact support ensures that these
densities have suitable exponential moments and so belong to G(s).

Remark 13. An inspection of the proof reveals that in fact it suffices to assume a suitable
polynomial moment, depending on s; however, for convenience we assume an exponential
moment which works for all s > 0.

The proofs of Proposition 8 and Theorem 20 are given in Appendix 4.7. The estimator fn is
simply a wavelet projection estimator which is zero outside of a growing compact set; the risk
outside of the compact is controlled using the moment assumption.

As in the case of T¢, we require an adaptive estimator.

'I:heorem 21. Letd > 2, and let v > 0 be as in Theorem 20. Then there exists an estimator
fn of f such that for all n > ny(B) and all s > 0,

s+1

Ef Wi, f) S (1 )W< - )_M
sup ns ~ Ogn 2 s
FEG(s) F logn

where the constant depends on the parameters of the class G(s) and the wavelet basis.

The definition of fn and proof of Theorem 21 are given in Appendix 4.7.

4.4.3 Construction of Confidence Sets

Let us now concretely state the two-class adaptation problem we wish to solve. Fix two
smoothnesses s > r > 0 and consider the model G(r) = G(r) U G(s). Given a € (0,1), we
seek a confidence set C,, which has honest coverage at level 1 — «, that is, for all n sufficiently
large,

inf Pr(fe€Cy)>1-a, 4.23
(b (Py(f € Cu) a (4.23)
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as well as the two diameter shrinkage conditions: for all o/ > 0 there exists a constant
K = K(a/) > 0 such that

sup Pr(|Cnlw, > KR, (1)) < &/, (4.24)
feg(r)
sup P¢(|Cnlw, > KR, (s)) < o, (4.25)
feg(s)

where R, (r) and R, (s) equal the convergence rates in Theorem 20 up to a poly-logarithmic
factor.

As discussed previously, the d = 1 and d = 2 cases are straightforward given the existence
of the estimator from Theorem 21, since here the convergence rates do not depend on the
smoothness r. We thus restrict our attention to the case d > 3.

Let Xy,..., Xy, be an i.i.d. sample from the unknown f € G(r). We split the sample as
before into two equal halves, indexed by S' = 1,...,n and S? = {n+1,...,2n}, and denote
by P, E® probabilities and expectations taken over S’. We wish to construct a confidence
set via risk estimation, centred at the adaptive estimator fn from Theorem 21, which we
compute using S'. Proposition 8 provides a natural upper bound for Wy(f, fn)Z which we
then decompose into several terms. Define the thresholds r_1, = ko, =~ (logn)?, ki, = 2'kon
for v chosen as in Theorem 20. Applying the Cauchy-Schwarz inequality several times, we
obtain the bound

Wi(f, fu)? §3<(10gn>v<d+2>[ o (- fuon?Hid 2 Y <f—fn,wlk>2]

[[Elloo <k—1n I<j llklloo <kin

+ ZQ*Z(%“) > |<f—fn,1/JZk>|]

127 [[Elloo <kin

1S R e+ 27 E) S |<f,¢u€>\} ) (4.26)

Ll klloo>K—1n 1>0 1k lloo>Kin

The final term is controlled using the moment assumption on f € G(r); indeed, from the
proof of Theorem 20 we have that for all f € G(r), this term is bounded above by

A, = C(d)L*(logn)*'n™ ", (4.27)

where C(d) is a constant depending only on d and the wavelet basis.

We next consider the remaining terms in (4.26). We introduce pseudo-distances W (™9 ( f, g)
defined as

1/2
Wm(f,g) = SN fgd)?Hid 27 > (f—g.du)’
lloo <1 I [klleoZrin
+3027 6 S (- gl (4.28)
= llooSrtn

Observe that for f,g € G(r),
WA(7.0) < /3l ) 953 TV09(1. ) + /30
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this is true uniformly over » > 0. Since \/A,, converges (up to a logarithmic factor) at the
parametric rate, this means that any diameter shrinkage condition with respect to W (™)
provides an analogous shrinkage condition for Wi, with only a slightly worse rate. Moreover,
the first part of W9 (f, g) is well-suited to estimation using a U-statistic. To this end, define
the U-statistic

Vi = Vo (fu) = > S (6r(X0) = {Fur0n)) (0(Xir) = (Fu )

n(n —1) i<i’ii' €82 | ||klloo<F—_1n

+52027 3 (X0 = (s vu)) (u(Xir) = (Fo ) |-

I<j %l oo <kin

(4.29)

Clearly we have that E}Q)Vnyj is equal to the square of the first term in (4.28) with f, f in

place of f,g. Analogously to Lemma 31, one shows that V}, ; has small variance.

Lemma 33. For f € Lo, (R?), we have that, for some constant C,; depending only on d and
the wavelet basis,

Ca ( 4IIf 113 (og n) -
Vi (2) V,) < =2 &S] 2l(d 4)
al"f ( :J) = 9 ( n(,n - 1) %

._.+“f”°o[ S o fea Y2 Y <f—fmwzk>2])

n .
”kHooS/ffln l<.7 HkHOOSHZn

.9 2 d
<c, (Q Il f 15 (logm)Y Z2l(d—4) + VNV(n,j)(f7 fn)z)

n(n—1) <

For the second part of W(”’j)(f, fn) we use the concentration arguments from the proof
of Theorem 21 to show that this term is suitably small with high probability uniformly over

feagir).

Given a sequence (j,), we write W for W (in) and Vj, for V,, ;. .

Theorem 22. letd > 3. Fix B> 1,M > 0,a,5,L > 0,1 < g < o0, ands >r > 0.

Let v > 1 be as in Theorem 20. If d > 4, assume additionally that s < 2;%447“ + d%z. Fix

a € (0,1). Consider the confidence set based on a sample of size 2n given by

€. ={9€60): W0, ) < ClN s () + Vi +Ca ) (430)

where f, is computed on S*, V;, is computed on 82, C(d) is a constant depending on d and
the wavelet basis, and:

= N\, (g) is as in Lemma 33;

1
. jn is such that 29 ~ ( n )27‘+d/2 .

logn

- Gjn — (IOg n)yd+12—2jn(7’+1)’.
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. 2y = (a)2)7V2

Then for all n > no(B), C,, satisfies (4.23), as well as (4.24) and (4.25) for a suitable constant
K > 0 with the rates

s+1

_r+l _
2r+d n 2s+d
R,(r) = (1 ya+1) (" R,(s) = (1 y(d+1) [ 2 )
(r) = (logn) logn ) (s) = (logn) log n

In particular, C,, is a near-optimal adaptive W, confidence set over F(s) U F(r).

The proof is almost identical to that of Theorem 18; a more detailed argument can be found
in Appendix 4.7. In particular, this proves statements (i) and (ii) of Theorem 16.

4.4.4 Non-Existence of Confidence Sets

We now turn to the non-existence result (iii) in Theorem 16, a consequence of Lemma 32
(which holds in a general decision theoretic framework). We therefore require a lower bound
on the minimax separation rate in the testing problem

Hy: fe€G(s) vs. Hi:feGrp), (4.31)

where the separated alternative G(r, p) is defined analogously to before:

G(r,p) == A{f €G(r): Wi(f,G(s)) = p} -

Theorem 23. Assume thatd > 4 and s > r > 0. Let p;, be the minimax rate of testing
for the problem (4.31). Then, for L sufficiently large in (4.21), there exist a constant ¢ > 0
depending on the parameters of the class G(s) and the wavelet basis, and ny = no(B, M)

such that for all n > ny,
r4+1
p;‘; Z Cn_ 27‘1_d/2 .

Also, (4.18) holds for any < 1.

The proof is given in Appendix 4.7, and is similar to the proof of Theorem 19. As before, this
implies statement (iii) of Theorem 16.

4.5 Wavelets and Besov Spaces

Here we introduce the wavelet bases we use, and define the various norms and spaces used in
our analysis.

4.5.1 Wavelet Bases of R? and T¢

Let S € N. We begin with an S-regular wavelet basis of Ly(IR) generated by scaling function
® and wavelet function ¥,

O = O(-— k), Uy = 22W(2() — k) : 1 > 0,k € Z}.

Concretely, we take sufficiently regular Daubechies wavelets: see [45], [69, Chapter 4] , [119]
for details. Such a wavelet basis has the following properties:
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= O, U are in C%(R), qu) =1, and VU is orthogonal to polynomials of degree < S.
w1 1Pl S 1, and||[ Sk [Pk ]] ., S 2Y/2 for a constant depending only on .

» Letting V; = span(®y, ¥y, : [ < j), for any f € V; the following Bernstein estimate
holds:

VAL < 271

for a constant depending only on the wavelet basis.

» & U are compactly supported.

We then form a tensor product basis of Ly(R?) as follows. Let Z = {0,1}¢\ {0}. Define
o(z) = B(zy) - ®(24), x€R?
and, writing ¥° = &, ! = ¥,
Y= () U (2g), €T
Then ([69, Section 4.3.6])
[ = 0 — k), ey = 2% (2 — k) : 1> 0,k € 2%, € T}

defines a wavelet basis of L,(R?). We omit ¢« from our notation and simply write 1, with k&
now implicitly taking values in Z¢ x Z; any sum over k is to be understood as over all . € T
as well.

i) ¢, are in C%(T?), [L.¢ =1, and ¢ is orthogonal to polynomials of degree < S.
i) |12k [0l S 1, and||S [Yu]] o, S 292 for a constant depending only on 4.

iii) ¢, are compactly supported.

These properties follow elementarily from the previously stated properties of ® and V. Property
3) is used crucially in our analysis on R?. Notably, this precludes certain common choices of
wavelet basis, such as the Meyer basis.

These properties imply the following relationship between L,-norms of functions and the
¢,-norms of their wavelet coefficients (by an abuse of notation we denote both of these norms

by [ 1[,)-

Lemma 34. Forany ! >0, any p € [1,00] and any c € RZ we have that

~ Q2D ],

Z ik

kezd

p

where the constants depend on 1) and p only.

When working on T¢, we use the tensor product wavelet basis induced by the periodisations of
P, U; see [69, Section 4.3.4] for details. This produces a basis of Ly(T?) with the following
properties:
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i) Y(z) = [1%, v@(x;) for some univariate functions ¥(®.

i) Setting Yy (+) = 219/24p(- — 27k) for 1 > 0,k € Z4 N[0, 29, the set
{¢,wlk 1>0,keZ'n|o, zl)d}

forms an orthonormal basis of L(T?). By an abuse of notation, we re-index in k such
that k& € Z varies between 0 < k < 24,

iii) ¢ isin C5(T9), and is orthogonal to polynomials of degree < S.
iv) (|52 [l < 2972, for a constant depending only on .

v) Letting V; = span(¢, ¢, 1 I < j), for any f € V; the following Bernstein estimate
holds:

VAL < 27 N1,

for a constant depending only on the wavelet basis.

Again, these are basic consequences of properties of ®, ¥, and enable the proof of Proposition
5; compare to Appendix C of [171].

4.5.2 Besov Spaces

In this section, we let (¢, 1yx) denote either the S-regular tensor product Daubechies wavelet
basis of Ly(R?), or the S-regular tensor product periodised Daubechies wavelet basis of Lo (T?).
It should be understood that any summation is over the full range of indices, for example
>k e denotes 3pcza Wy, in the R case and Zil:dal Yy, in the T¢ case. We further let D be
either the class of tempered distributions on R?, or the class of periodic tempered distributions
on T

Let 1 <p<o0,1<g< 0, seR,s<S§. For f €D, we define the Besov norm

1/q
1.1 q
1£1 3, = 1 D, + (Z [2152”(2 2 H(f,zpl_)Hp} ) , (4.32)
1>0
where || - ||, is the £,-norm. When ¢ = 0o, the norm is defined as
£l = 167,61, + sup 225 ) (£, 4), (4.33)

We then define the corresponding Besov space B, as

By, ={feD:|fls, < oo} (4.34)

We will write Bs (R?) or B3, (T?) to remove any ambiguity over the choice of domain, whenever
it arises.

The definition of B) is independent of the wavelet basis used, that is, using a different
(sufficiently regular) basis in the definition (4.32) produces an equivalent norm. Moreover,
using a C basis such as the Meyer basis enables us to define B, concurrently for all s € R.
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4.5.3 The Case of the Unit Cube

We can also define a ‘boundary-corrected’ wavelet basis of L,([0,1]¢) based on ®, ¥ as in
[43]; see also [69, Section 4.3.5]. Such a basis possesses completely analogous properties
to properties 1)-5) of the periodised basis of Ly(T?); moreover, all Besov spaces defined on
T? are defined on the unit cube [0, 1]¢ by replacing the periodised wavelet basis with the
boundary-corrected wavelet basis (as used in [170]). Thus all of our results for T hold also
for the case of [0, 1]¢.

4.6 Proofs for Section 4.3

We first give the definition of our adaptive estimator. The estimator is based on the empirical
wavelet coefficients, defined as

A 12
S == Yu(Xi).
i
We also write f;. and f;. for the vectors of coefficients (fi, : 0 < k < 2'4) and (f, : 0 < k < 214

respectively.

Next, define the truncation point [, such that

1/d
2lmax ~ n
logn ’

and for 0 <[ < [,.x, define the thresholds

1/2
T = 2% (logn) ,
n

for some 7 > 0 to be chosen below, depending only on B,d, M and the wavelet basis. We
then define

lmax old_q

foi=1+ ; ]I{Hfl_”gy;} kz:% Fusthu- (4.35)

To prove Theorem 17, we must first collect some results on the expectation and concentration
of the empirical wavelet coefficients fi.

Lemma 35. Let f € F(s) and let flk be the empirical wavelet coefficients of f based on a
sample of n observations. Then for every t > 2 there exists a constant C; depending only on
t such that for all | > 0 satisfying 2!% < n,

A~ t
E|fu— fu < M),

For t = 2, the proof is immediate from the i.i.d. assumption on the data, the orthonormality
of the wavelets and the bound ||f|lcc < M. For ¢ > 2, the result follows from the ¢ = 2
case and Hoffmann-Jgrgensen'’s inequality ([69, Theorem 3.1.22], [79]). We also require a
concentration result for the fy; for this we use Bernstein's inequality ([69, Theorem 3.1.7]).

Proposition 9. [Bernstein’s Inequality] Let Y1, ...,Y,, be independent centred random vari-
ables which are almost surely bounded by ¢ > 0 in absolute value. Let 0> =n=' Y | EY?
and S, = >_i—, Y. Then for all u > 0,

u2
P(Su| > ) < 2exp <_>

2no? + ZCT“
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For fixed [, k and f € F(s), the random variables (¢;(X;) — fix) are i.i.d., centred, bounded
by 2/4/2||1)||oc =: ¢;, and have variance bounded by M. Thus from Bernstein's inequality, we

deduce that )

» nu
Py (|flk — fuel > U) < 2exp <_2M+2””> : (4.36)
3

We also need a result on wavelet approximations in the H~%% norm to control bias terms.
The following lemma about the error of j-level approximations to Besov functions is standard;
see Propositions 4.3.8 and 4.3.14 in [69], for instance.

Lemma 36. Let 0 <s < S and1<qg<oo,d €R. Then for f € By, we have that

|G (f) = flla—s < Cslgp (2—z<s+1>ga) 1£155,. (4.37)
27

where the constant C' depends only on the wavelet basis. In particular, for j > 1V S_%l we
have that ‘
1K (f) = fllz-1s < C277C70 50| |

s
qu

Proof of Theorem 17. Fix f € F(s). Define [,,(s) such that

- logn ’

for all sufficiently large n depending on B, we have that [,,(s) < lyax. We then decompose
the risk as follows:

lmax

A 1) ) A

If = fallirrs = D 272AV P I(f = fas )3+ D 27 — fus )3
1=0 I=ln(s)+1
+ 3 27N (f )3

l>lmax

— [+ IT+1II (4.38)

This is a bias-stochastic decomposition, where we have further divided the stochastic term
into terms [ and 1.

We first deal with the bias term I11: a direct application of Lemma 36 gives

‘[I] - ||Klmax(f) - f”?{—l,é
< l26 2—2lmax(s+1)

~v “max
_2(s+1)
n 2s+d
=0 | (logn)® (

logn

for a constant depending on B and the wavelet basis.

Next, we deal with term [. For any [ > 0, by the triangle inequality we have that
R . N A logn
ICF = Fas edllz < Vo = fellz + M fell2L gy o<y < e = fulla + 7292 -
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Using Lemma 35 to control the expectation of the square of the first term, we see that

In(s)
Ep(I) <Y 2721V 1)* |29+ 772
=0
< 7_2 logn(ln(s))% Z 2l(d72)7

~Y

logn
n

for n large enough. Note that [,,(s) < logn. Thus when d = 2, the sum contributes at most
some power of logn, and so Ef(I) is clearly sufficiently small. For d > 2, the final term
dominates the sum and so using the definition of [,,(s),

2(s+1)
n T T2s+d

Ey(1) < 7*(log n)? (

logn
as required.

Lastly, we must analyse term 1. Since we consider resolution levels [ > [,,(s), we have that

< Bols « pon(s o [ D S
[ fill2 < < ~ 1 :
ogn

for a constant depending only on B. Moreover,

~1/2 ~1/2 -
= 72/ o > 7oln()d/2 o > T n o ,
logn logn logn

and so for 7 chosen sufficiently large depending only on B, we have that || f;.||2 < 7;/2. Define
events

Al,n = {HleQ S Tl}; ln(s) < l S lmax-

Then by the above observations, the triangle inequality, a union bound and the bound (4.36),
we have that

Pr(A7,) < Pi(llfi — filla > m/2)

201 A T [logn
<> P ‘flk_flk|>§ -
k=0

2nlogn/4
< 2.9 — Tt
- exp( 2Mn + Tc/nlogn/3
< Tog exp (—CTlogn), (4.39)

for 7 large enough depending on M and the wavelet basis, as [ < [, and so 2! < (n/logn)"/<.
Here, C' is an absolute constant. Note that on the event AY ., (f., V) = fi, whereas on

l,n
A, (Fosthi) = 0. Thus for 1,(s) < I < lnax,
Efl{fa = o) 504, < IFtn )5 S 272 (4.40)

for some constant depending on B, using (4.3). Next, using Cauchy-Schwarz in conjunction
with (4.39) and Lemma 35,

old_q

EA(f = fo) 3l = > Eflfu— furlPLag,
k=0
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2ld 1
. 1/2 . W\ 1/2
< Y (Bilfu— ful') " (Pr(A7)
k=0
< 2¥(nlogn)~M2n 072, (4.41)

Combining the estimates (4.40) and (4.41), we may bound I as follows:

lmax
Ef(I[) < Z 9—21]26 [2—215 + 2ld(n log n)—l/Qn—CT/2:|
I=ln(s)+1

§(logn)25 2—2(S+1)ln(8)+(n10gn)—1/2n—CT/2 Z ol(d-2) |

lglmax

By the definition of [,(s), the first term is of the correct order. It remains to consider the
second term. When d = 2 the sum contributes a logarithmic factor and so the second term
is clearly sufficiently small. When d > 2, the sum is dominated by its final term and so the
second term inside the brackets is of order

(nlog n)~/2p=Cm/20lmx(d=2) ~ g 12035

by choosing 7 sufficiently large, we can make this term sufficiently small for all s > 0. This
concludes the proof. O

We will also later require the following lemma, which gives control of the B3 norm of the
estimator fn

Lemma 37. Under the hypotheses of Theorem 17, given o € (0, 1) there exists ng = no(«)
such that for all n > ny and any f € F(s), with Ps-probability at least 1 — «,

1fol

where the constant depends on d, q only.

Bsq 5 B+7Bd/28,

Proof. Let l,,(s), A; be as in the previous proof. Further define events B, ,, = {||fl —fill2 <

Tl}, and
An = ( ﬂ Bl,n) m ( ﬂ Al,n) .
0<I<ln(s) In(5)<l<lmax

We have from (4.39), which holds with B;,, in place of A;, when [ < ,(s), and a union
bound that

P(A5) S lmaXlL exp (—C1logn) < nexp (—CTtlogn)
ogn

and so by choosing 7 > 0 sufficiently large (independently of o), we can make this smaller
than « for all sufficiently large n. Then on the event A, using (a + b)? < 297 (a? + b7),

lmax

q — lgs 2 g
=14+ 32 A
=0

In (S) In (3)

ST+ Y 2900+ Y 2| i — fiulls
=0 1=0

1fal
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In(s)
by + Z 2/l

Q/ ln(S
= B7 41 (k)gn) Z 2lals
n

< BY + 71B%/%

< |I£1I%

by choice of [,,(s), since the sum is dominated by its largest term. O

Proof of Lemma 31. The kernel of the U-statistic is

2ld_q
R(z,y)= > 27%1v1D* Y [(Wk(x) — (i fo)) (Wuly) — <¢lk,fn>)}
1<j—1 k=0
which is symmetric, and so has Hoeffding decomposition (see Section 11.4 of [162])
U(7) — BERUL(F) = 2 RY(X) 4+ — 2 R)(Xi, Xy
) = BPUE) = 2 S P + oy 3w
=: L, + Dna
with linear kernel
2ld—1 _
(mRB)(z) = Y 270V ) 3 (W) = s ) s f = )]
I<j-1 k=0
and degenerate kernel
2ld_q
(maR)(,y) = > 27201V D? Y [(Yulw) — (Wi, ) (e (y) = (W, £))]-
1<j—1 k=0

One checks that L, and D, are uncorrelated. It thus remains to bound their variances
separately. For Var(Q)(Ln), we use the uncentred version of the kernel 71 R and orthonormality
of the wavelet basis

ld 2
Var®?(L,,) n/ ( > 27V 221 V(@) (Y, [ — fn>) f(z) dx

1<j—1

4HfHoo( ax 47(1V D) 25) 3o lv1)2522_1<¢m,f—fn>2

1<j—1 k=0
4] flle PR .-
= S (e 471V 0P ) G = Fo) s

We next bound Var(Q)(Dn). By the degeneracy of the kernel, the summands are uncorrelated.

So

Var(2)(Dn) < E@ (n(nQ—l) Z (W2R)(Xi’Xi/>)

i<i’ i,i' €S2

< Q)Ej(?) ( ST 27(iv ¥ 221[1/1Zk(Xi)¢lk(Xz")])

1<j-1 k=0
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2|1 £112, g
Sn(n—1)224l\/14 /@Dm

1<j—1

2

N n(n 1) el

using the orthonormality of the wavelet basis. Combining these two estimates concludes the
proof. O

Proof of Theorem 18. We first establish the coverage condition (4.7). By Lemma 37, for all
n sufficiently large we have with Pj-probability at least 1 — a/2 that fn is in a B3 -norm
ball of constant radius. Thus for any f € F(r), with P-probability at least 1 — a/2, for
n > no(B, ) we have from (4.37) that

1, (f = fu) = (f = Fdllf-15 < G(Gn)-

By conditioning on this event, we have that
Py(f € Co) = Py (Unj(fa) = If = Fullfi1s = =G () = 2atina(f))
(6% A
) B (Ung () = S = s = —2arinss(1)

o ) (Uny ()
;) (1 - V(zfﬁn,[;(f»? )
)

by Chebyshev's inequality and Lemma 31.

v

> (1—
> (1—
v

v

We now move on to checking the diameter shrinkage conditions (4.8) and (4.9). Writing
Si =Y 21@=4)(1\V1)* and using the fact that for positive numbers a, b, va + b < \/a+/b,

for g € F(r) we have that &, ;, 5(9) < 2V Mn~2||g— full g-15+2M,/S; n ' and so g € C,,
if and only if

lo= Fulln-vs <2022 55, 40, + G+ 1 22 T T = Tl o

For positive numbers z,a,b, the inequality z < b + a+/z implies that * < 2b + 2a°.

Applying this inequality with the values & = |lg — fullg-15,a = nY4\/2z20v/M,b =

\/za ZTJ‘LJ S;, + U;, + G(jn), and further using that for any positive numbers z,y we have
that /o +y <z + /Y, one sees that the diameter of C,, is bounded by a multiple of

nT 2SI U 4G AT
We consider each of these terms separately; note that the final term is always sufficiently
small.

First, consider G(j,,): this is deterministic, of order

2(r+1)
n T 2rFd/2

Gin) < (log ) () — o(Ru(s)?) = o Ba(r)?).

logn
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(When d < 4 this is trivial; for d > 4, it necessitates the assumption on s.)

Next, n=2S;, is of order
n=2 Z 2l(d—4)(l\/ 1)45'
1<jn—1
When d < 4, this contributes at most a logarithmic factor in n times n=2, so this is clearly
o(R,(s)") and o(R,(r)*). When d > 4, the final term dominates the sum and so the
contribution is of order

d—4 4(r+1)

(10g n)46*2T+d/2 n_ 2r+d/2 = O(Rn(8)4) — O<Rn(7”)4),

again by the assumption on s.

Finally, since Var(U;,) — 0 as n — oo, we know that
U, = Op (EyUs,) = Op (EllK;(f = fa)llii-10)) = O (Egllf = fullig-1s).-

As f, converges at the rates R, (s) and R, (r) uniformly over F(s) and F(r) respectively, U,
is of the correct order in probability in both cases. This concludes the proof. O

Proof of Theorem 19. For some sequence L, — oo, to be defined below, and any w €

d
{—1; 1}de[0’2Ln) , we define for some ¢ > 0,

fn,w =1 + 627Ln(r+d/2) Z wkw[m,k-
kezn[0,2Ln)4

Provided that B > 1,
1/2

||fn,wHB§q =1 + 2Lnr Z |<fn,w7 wLn,k>‘2

kezn[0,2Ln)?
=14+ 62Lnr2—Ln(r+d/2)2dLn/2

=1+e¢,

ensuring that f,, ., isin the HHBg -Besov ball of radius B for € small enough. Also, de frnw(t)dt =
q
1 and, as the tensor product wavelet basis is assumed to be S—regular (cf. Appendix 4.5),

> L,k
k

5 2dLn/2,

o0

for some constant depending on the basis only. Therefore,
an,w - 1Hoo < 662_TL"7

so that, forany M > 1>m >0, f,,, € F(r) for n large enough (or € small enough if r = 0).
Finally, for any p, = o (nerde/“’), Jnw € F(r, pn) if, for any g € F(s), Wy (fows9) 2 P
By definition of F(r), F(s) and Proposition 5, we have, for n large enough
Wa (frw: 9)* 2 |l faw = 9510
Z 2_2Ln ”(fn,w - gwan,?Hg
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oLnd_1 1/2 2lnd_1 122
> 920 ( > |<fn,w,¢L,,L,k>|2) —( > |<g7m>l2)

k=0 k=0
2
2 272Ln |:€27Lnr o B27Ln8:|
2
> & 9-2La(147)
- 2
Therefore, if L* is such that 272n(147) < n722T1++dT/2, it is possible to find L,, > L* such that

_o_14r . . ~
P2 < %2‘%"(1*’”) =0 (n 22T+d/2). This choice ensures that, for any w, fn. € F(r, pn).

Note also that the density fo := 1 naturally belongs to F(s).

d
Re-index {—1; 1}de[0’2Ln) as {w(i) ci=1,.. .,22dL”} and denote by P; the distribution

92tn

d
with Lebesgue density f; .= f, ,, @ := g-2n Y1 P and P, the distribution with density
fo- Then, with 1 the Lebesgue measure and for any test ¥,,,

g2lnd

SupEy [W,] + sup Ep[1—W,] > By, [W,] +2727" Y B [1 -0,
feXo €% (pn) i=1

> /(\Ifn(xl,‘..,xn) + 1=V (21,...,2,))

n 22Lnd n
H fo(.’L’j) A 272dLn Z H fl(l'J) d/L@n(.Tl, Ce >$n)
7=1 i=1 j=1

1 n n
:1_§HPS§ —Q° H1
> 1 v (@, B).

where x*(Q, P) = [(dP/dQ — 1)%dQ if P < Q, x*(Q, P) = +oco otherwise. Also, for any
1<vk< 22" the orthonormality of the wavelet basis gives

/ dPS" dpen

——en pe A"
APy dPy"

n

=11 / [1 + e i)y w,i%Ln,m)] [1 + 2 () Zw,i“wLn,k(xi)] dz;
Td k k

=1

— <1 + 622—Ln(27“+d) ZWIE:’Y)WIEH)) .
k

Then, for 7, = ne?2=t2(r+d) (0 and Ry, R, i.i.d. Rademacher random variables,

X (QF Pem) = 272 3 (14 @27 B @t () )" — 1
VK

AN

E

exp <n622_L”(2r+d) > RkRﬁc)] -1
k
=E lexp (neQQ_L"(Q”d) > Rk)] -1
k
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2Lnd

= cosh(~,) -1,

where we used that 1 + 2 < e” for x € R in the second line and that Ry R}, is distributed as

Ry in the third. Using that cosh(z) =1+ 2%/2 + W 0(22) and 1 + z < €® once again, for
Z|—
any 6 > 0,

2dLn

(cosh(ya))?"" =1 = (1 gy o<1))> —1 <exp (2257 (1 +0(1)) — 1 < 82

for n large enough, since 72245 = o(1). We have proven that, for any 3 < 1 and p,, = o (p?),

liminf inf| sup E;[¥,]+ sup Ef[1-— \Iln]} >,
" Walrer(s) FEF(rpn)
which concludes the proof. O]

4.7 Proofs for Section 4.4

Proof of Proposition 8. As f and f, have the same total mass, we may without loss of
generality take the supremum over functions h € Lip,(R?) for which 2(0) = 0; observe that
z + ||z is an envelope for this function class. Since both f and f, have finite first moments
(almost surely), the wavelet expansion of any & in this class converges in Li(f) and Ly (f,)
and so

/h(f—ﬁ»: S S = For ) 33 o) (F = o ).
R4 kezd 1>0 kezd

As the father wavelets ¢, are compactly supported in some interval about k,

({7 )| S [R(R)] < (K]

for some constant depending on the wavelet basis. Moreover, h—K (h) = 2150 Y reza(h, Vi) Vi
is in a BL__-ball of radius depending only on the wavelet basis, and so by (4.3),

sup |(h, )| < 271+,
keza

Plugging these uniform estimates for the wavelet coefficients of h into the first equation gives
the result. n

Proof of Theorem 20. When d = 1, the empirical measure achieves the stated rate ([60]).
Thus we assume d > 2.

The estimator we use is

A

o= Y fuoet+ XY futw,

1klloo <K—1n 1<Un(s) |kl <rin
where fj; are empirical wavelet coefficients and the cutoffs xy,, [,,(s) are chosen such that
1

2ln(8) ~ n2s+d s K_1n = Kon = (log n)’y’ Rin = 2[/{07“
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where v is to be chosen below. We then use the decomposition in Proposition 8, which we
further split to obtain six terms:

Wl(ﬁfn)s Z Hk’||f—1k_f—1k|+ Z 15l f -1kl

klloo<t—1n lklloo>K—1n

o Y 27 S =l 276 STy
1<ln(s) [1&|loo <Kin I<ln(s) 1 |loo >FKin

oo+ Z 2—1(%—&-1) Z ‘flk’+ Z 2_l(g+1) Z ‘flk‘
[>1n(s) 5lloo <tin [>ln(s) &l oo >t

= I+ 1T+ 1[T+1IV+V+VI.

We first consider the bias terms [1, IV, V' I. For term II, we have that
o k-l < Y Ellew()]f(2) da.
Iklloo>K—1n R |1klloo>K—1n

Since each ¢y, is compactly supported in some interval about k, and > ;74 |¢k| is uniformly
bounded on R?, we have that

> lEgk(@)] < llll

[Elloo>r—1n

for some constant depending on the wavelet basis. Moreover, the integrand is supported for
all large enough n in ([—K_1,/2, k_1,/2]%)¢ =: D,,. Thus, for n large enough,

II < /Dn |lz]| f(x) de < &, p(f)k_1n exp (—B (K;")a> ) (4.43)

Since Y jcz4 || is uniformly bounded by a constant depending on the wavelet basis times
2ld/2 e analogously have

S Iful S 2% e (-0 (2)). (4.44)
%ll oo >kin
Thus N
IV + VI < Eaplf)exp (—5 (’f;”‘) ) .
Choosing v > 0 sufficiently large depending on o, 3, these terms converge faster than n=/2,
Next, we deal with the final bias term V. By Cauchy-Schwarz and the fact that || f]| B;, < B,

Z | fu] < \/:ldanlHQ < (logn)Wd/QQI(%—s)’

1lloo <kin

and so
V< Z 2*1(5+1)(10g n)vd/2 ~ (log n)vd/224n(s)(s+1)
1> (s)

which is of the correct order by the definition of /,,(s).

To bound the stochastic terms I and 11, we use the expectation bound Lemma 35, whose
proof generalises naturally to the case of R?. We have for all [ > —1 such that 2! < n and
k € 7% that

Eflfus — fu] Snt2
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for some constant depending on M and the wavelet basis. So
Ef(1) S (korn) ™02

and
E;(IIT) < (logn)n/2 S 2l
I<ln(s)

When d = 2, the sum contributes an extra logn factor as in the statement. For d > 3, the
final term of the sum dominates, and so

Ef(I11) < (logn)¥2p =25

as stated. O

Proof of Theorem 21. Define the thresholds k_1,, = ko, =~ (logn)?, ki = 2'kq, for v chosen
as in Theorem 20. As before, let [ be such that 2mmax ~ (n/logn)Y?; for 0 < I < lyax,
define the thresholds 7; via

. 1/2
where 7 > 0 is to be chosen below. For any sequence (a)gcza, set ||a. |2, = (lekllooémn a%) :
The thresholded estimator is then defined as

mdx
A

fa= > Forndn + Z ]l{”fl . > Futbu.- (4.45)

[klloo <r—1n llkllco <kin

We perform a decomposition of the risk similar to that in the previous proof:

Wl(fafn)§ Z “kH|f—1k—f—1k|+ Z [l

1Elloo <K —1n [1k]loo>K—1n
(24
* Z 2 (341 ‘ {Il. |\2nln>7'z}flk Juk
I<lmax ||k||oo Rin
_i(a
+ > 2!
I<lmax ||k||oo>/€ln
_i(a —i(a
+ D2 (z+1) S ful+ D 2 (5+1) > | ful
I>Imax 1kl oo <rin I>lmax l1~lloo>rin

= [+ 1T+ 1IT+1IV+V+VI

We treat terms [, 11, IV and VI identically to before. Term V' is also dealt with as in the
previous proof, noting that for all n sufficiently large, 2imax > n!/(25+4) |t remains to deal
with term I11; by Cauchy-Schwarz and the definition of x;,, we have that

lmax

HI'S (log n) H]l{||fz ll2,5,, >Tz}fl fi

Y
2,Kin

where the constant depends on d. By splitting this sum into two parts at [,,(s),
2ln(s) ~ Bl/s(n/ log n)l/(23+d)’

one can bound it exactly as in the proof of Theorem 17 O

147
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Proof of Theorem 22. \We first establish coverage. Define the thresholds x;,, as in the previous
proof. Given f € G(s), as in the proof of Theorems 17 and 21, on an event of probability tending
to 1, for all [ such that [,,(r) <1 < lax, <fn,1pl.> = 0. Note that lyax > Jn > Lu(s) > 1,(7).
So on this event, by Cauchy-Schwarz,

(Z 9~i(5+1) > |<f—fn,@/)m>|) (logn)? (ZQ K7, ¢l>||2)

1>jn [ I>jn
< (logn)¥4B2=%n(r+D)

< Gj,

for all n sufficiently large, i.e. this quantity is Op(G},). The other term in W™ (f, fn)?
precisely E}Q)V}n; by Chebyshev's inequality we obtain condition (4.23).

It remains to confirm the diameter conditions (4.24) and (4.25) with the rates R, (7), R,(s) as
given in the statement of the result. As the remainder term |/r,, converges up to a logarithmic
factor at the rate n='/2, it is dominated by W) for diameter considerations. As observed

previously, we may instead prove the diameter conditions for the W™ distance with the
augmented rates

_ s+1

D _% — 2s+d
Ratr) = oy (2) 7 R = oy () T

logn logn

By the same argument as in the proof of Theorem 18, the TW("-diameter of C, is bounded
by a constant multiple of

1/4
(log n)Y¥/4+1/2=1/2 (Z2l(d—4)) + Vi +.4/G, V2

1<j

The final term is dominated by the first, and (using the condition on s when d > 4)
/G, = O(R.(s)) = o(R,(r)). One checks the first term is of the correct order as in
Theorem 18. Finally, since Var}z)(‘/}n) — 0 (one shows that T/ (™) (£, fn) — 0 analogously
to the proof of Theorem 17), we have that

as in the proof of Theorem 21, this expectation is of order R,,(r) or R, (s) when f belongs to
G(r) or G(s) respectively. O

Proof of Theorem 23. For some o > o, D > 0 and a(x) = o/e_l/(”x\b—D)]13(07,3)6(1’), the
density f defined by

@) oc e=Bllells™

is such that E; [eﬂ”x”a} < +oc. Then, for 0 > 0, if X ~ P;, 0X has density g : z

o~lf(oc~1z) satisfying
£ o] <] oo
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4.7. Proofs for Section 4.4

Then, we verify that f € H3*(R?) C B3 (R?) C B3, (R?), for any m € N and s < m. Also,
lgll, = o—d(1=1/p) | f]l, and, the moduli of continuity of g satisifies, for ¢ > 0 and an integer

r > S,

wr(g,t,2) == sup

ZT: <T> (=1)"* o= (o' +ko 'h)

o<lnli<t lizo \F )
=0 % sup > <T> (=)ol f(o™t - +kh)
o<llnl<o—1¢ |[i=o \F )

= o 0. (f, 07, 2).

Wr (fvtvp)

tS

q 11/q
dt

Therefore, with | f t} , we have

By, = [fooo

lgl s, =0 TP, A oY (4.46)

Bs, = llgll, + g

so that ||g| B, < B for o large enough. Also, since f € L. (R%), g < M for o large enough.

So, for some large L, g € G(s).

zn[0,25m ) x

For some sequence L,, — oo, and any w € {—1;1} I, we define for some € > 0,

fr= g+ e tnlrrd/2) S w L
kezn[0,2En)¢ e

Assuming that the scaling and mother wavelets functions are compactly supported (as assumed

d
in Appendix 4.5), the W} ;. for k € Z N [0,2Ln> ,L € L, are supported on a compact set K
independent of n. Then, since

||f£||ng < ||9||ng + €27 En(rd/2) Z Wk, LLnk
kezn[0,2Ln)? 1eT B
q
< Nyl +Ce,
for some C' > 0 depending on d only, reasoning as for (4.46), and since B5, C Bj,, fI is the

H.||B§ -Besov ball of radius B for € small enough and o large enough. Then, by assumption,
Jga f2(t)dt =1 and, since

9—Ln(r+d/2) Z ‘quLnk‘ 524%’

kER4 €T

[e.9]

0 < f* < M for n,o large enough (or € small enough if » = 0). Indeed, g is lower bounded
by a some positive constant on K, So, f! actually is a density function.

For these to belong to the alternative hypothesis, it remains to check that these are well
separated from the null hypothesis. For any h € G(s), the reversed triangular inequality gives
Wi (f5.h) 2 15— h”)f;;i>
R I DR (/R F]

kezn[0,2n) 1eT
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> o Lnld2ED AN (g W N =S [(h— g, WY L))

k. ky
_ —Ly(d/2+1) —Lyp(r—d/2) _ Weo—Lp(s—d/2)
2 C2 "2

> 2—Ln(1+7’) ,

for constants independent of n. Above, we used that s > r and that, for any s > 0,
G(s) C {f ] B < B’} for some B’ > 0 according to Lemma 4.20.

The last inequality holds for n large enough. Therefore, if L* is such that 27Fn0+7) =< ¢ |
it is possible to take L, > L; such that p, < C'27 141 — 5(¢,), so that, for any w,
f5 €G(s,pn).

d
For N, = 22" (2"°1) let’s index w € {-1 1}7/;(7[0,2%) * = {’w(m) tm=1,.. '7Nn} and
denote P, = Ps - Then,

1
limninf inf[sup Ef[V,]+ sup E;[1-— \Ifn]] >1— 2\/X2 (Qean7 Po®n>7

n LfeHy feH:(rn)

where () = Nn_1 Z%":l P,, and Py has density g € Hy. Then, for any 1 < m,q < N, one
has by properties of the wavelet basis, denoting v,,, = f,,m) — g,

/ APy AP e
AP dPy" "

= /[;] e g(xz) + 62_Ln(r+d/2) Zwl(:z)q”[,nk(zz)]
i=1J10,

ki,
[gm) + 270 S D ()
ki,

(o)

For o large enough, g is constant on the compact support of v, and v,, equal to ¢g(0). Hence,
following the same arguments as above,

g_l(.ri)d:vi

(0% ) = st ) 1,

where v, = ne?g(0)~127L2(+d) “and for any § > 0, > (Q®”, P0®”> < §2 for n large enough.
This concludes the proof. O

Lemma 38. Let B>1,M >0,aa>0,8>0,L >0,1<q¢g<o0, ands > 0. Then, there
exists a constant B’, depending on the class parameters, the wavelet basis and the dimension
d, such that

Gs2.4(B, M;a,8,L) C Gs14(B', M;a, (3, L).

Proof. Let f € Gs04,(B,M;a,3,L). All we have to prove is that

1.f1

>0

1/q
s, = (£, 000+ (Z 22|, zmul]q) 2
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for some B’ as in the lemma. Let x > 0. Then,

ICF o= > Kfioudl+ >0 [(f ol

k]l oo <r Ikl oo >r

For the second term, the same arguments as the one used to obtain (4.43) give that it is

bounded by &, 5(f) exp (—5 (g)a) up to a constant depending on the wavelet basis. The
first term is controlled via the Cauchy-Schwarz inequality

1/2
> !<f,¢k>|§(2f<~'+1)d< > ‘<f7¢k>‘2> < @26+ D0,

]l <r &l oo <k
for a constant depending on d only.

Next consider, for [ > 0, || (f,%1.)||,. As before, letting r; = 2/2, we have

Il = Y Khvwl+ D [ dw)l-

l15ll oo <kt 1/l o >r2

Arguing as with (4.44), the second term is bounded by 2!%/2&, 5(f) exp (—6 (%)a> up to a

constant depending on the wavelet basis. The first term is controlled as above. Then, using
the [? triangular inequality,

>0

1/q
(Z 2121 f )y }q)

1/q

S (Z 26012 |02, y(rexp (=6 (5) ) + @+ DI, wnnﬁ)

1>0

1/q 1/q
< (Z [2“€a,ﬁ(f) exp (—2%2“/2)] ) + (Z {2“ IKf, m)lb} ) :
1>0 120

for a constants depending on the wavelet basis and d. The first term is upper bounded by

1/q
5&,,3(f) (Z Qle exp (_q2—a52ltx/2)> 5 ga,ﬁ(f)»

>0

as the series converges.

In the end, following our assumptions on || f| 5 .
2q

/]

i, S @ DU 0] + (Z 21, wz.>u2}q) e (-2(3))

1>0 2
+ Eap(f)
§B+5a,/3(f> §B+L>

where the constants depend on the wavelet basis, d, the arbitrary x > 0 we took, s, «, # and
q.
O
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CHAPTER

Deep Horseshoe Gaussian Processes

This work is concerned with the study of theoretical properties of deep Gaussian
processes, which have recently been proposed as natural objects to fit, similarly to deep
neural networks, possibly complex features present in modern data samples, such as
compositional structures. Adopting a Bayesian nonparametric approach, it is natural to
use deep Gaussian processes as prior distributions, and to use the corresponding posterior
distributions for statistical inference. We introduce the deep Horseshoe Gaussian process
Deep—HGP, a new prior based on deep Gaussian processes with squared-exponential
kernel, that in particular enables data-driven choices of the key lengthscale parameters.
For nonparametric regression with random design, we show that the associated tempered
posterior distributions recovers the unknown true regression curve optimally in terms
of quadratic loss, up to a logarithmic factor. At the same time, Deep—HGP are
conceptually quite simple to construct. One main idea is that the horseshoe prior
enables simultaneous adaptation to both smoothness and structure.
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5.

DEEP HORSESHOE (GAUSSIAN PROCESSES

5.1 Introduction

5.1.1 Gaussian processes

Gaussian processes (henceforth GPs) are among the most used machine learning methods, with
applications ranging from inference in regression models to classification, see e.g. [138] for an
overview. Due to their flexibility, in recent years GPs have been used as tools for geometric
inference and deep learning.

A particularly natural field of application where there now exists at least partial theory to
explain and validate practical successes of GPs is that of Bayesian nonparametrics, where
the posterior distribution can also be used for the practically essential task of uncertainty
quantification. In regression settings, it is particularly natural to use a GP as a prior distribution
on the unknown regression function. The corresponding posterior distributions can often be
efficiently implemented (in particular for regression with Gaussian noise, for which GPs form a
conjugate class of prior distributions) and come with theoretical convergence guarantees: the
works [163, 160, 27] indeed show that the convergence rate in typical metrics of the posterior
distribution is completely determined (both upper and lower bounds) by the behaviour of its
concentration function. Shortly thereafter, van der Vaart and van Zanten also showed that
statistical adaptation to smoothness was possible with GPs with optimal minimax contraction
rates by simply drawing at random its scaling parameter [165] in fixed design regression; see
[161, 130] for extensions to random design regression and [155] to inverse problems.

Let us mention a few applications of posterior distributions arising from GPs that are related
to the setting considered below.

GPs flexibility: geometric setting. In modern statistical settings, it is frequent that data
naturally sit on a geometric object such as a compact manifold (e.g. a sphere, swissroll
etc.). It is tempting to use GPs in this setting as well, although some care is needed in their
construction. For instance, the celebrated GP with squared—exponential kernel (thereafter
SqExp) has no immediate analog in a manifold setting, as replacing the euclidian metric in the
exponential defining SqExp by the geodesic distance does not form a covariance kernel. This
can be remediated by using a kernel coming from heat equation solutions on the manifold [30],
and this kernel can be shown to be a natural geometric analog of SqExp. Alternatively, one
may put a prior directly on the ambient space equipped with the standard euclidean metric:
the authors in [174] obtain a posterior rate that under some (smoothness) conditions adapts
to the unknown dimension of the manifold with a rescaled SqExp exponential GP, when the
loss function is the quadratic loss but restricted to sit on the manifold.

GPs and adaptation to anisotropy. By drawing independent lengthscale parameters along
different dimensions, [9] show that posteriors arising from SqExp GPs contract at near-optimal
minimax anisotropic rates. A related problem is that of variable selection in (possibly high-
dimensional regression). The unknown regression function may indeed depend only on a few
coordinates (although these are not known in advance).

GPs and variable selection. By considering variable selection type priors and then drawing
lengthscale parameters of SqExp GPs, [176] and [84] provide theory for this setting and
respectively investigate optimal rates and variable selection properties for the corresponding
posterior distributions.
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5.1.2 Deep Gaussian processes

Recent years have seen a number of remarkable applications of so—called deep learning methods,
where ‘deep’ typically refers to a certain (often compositional) structure in terms of a number
of layers (for instance, deep neural networks).

Deep Gaussian processes correspond to iterated compositions of Gaussian processes and broadly
speaking can be seen as (one possible) Bayesian analogue of deep neural networks. There is a
lot of recent activity for providing efficient sampling methods for deep GPs. Yet, theory is just
starting to emerge.

Focusing on compositions of constrained GPs (with bounded sample paths and derivatives),
the recent paper [6] introduced a new concentration function for deep GPs, extending the GP
contraction rate theory. The contraction rates they obtain via this method are shown to be
minimax optimal for a variety of kernel choices and models.

Another recent work by Finocchio and Schmidt-Hieber [59] shows that using a model selection
prior to select variables, and conditioning individual Gaussian process sample paths to verify
certain smoothness constraints, the induced posterior distributions contract nearly optimally
in quadratic loss for compositional structures. This work follows their footsteps and aims at
answering the following question. Is it possible to simplify the prior construction to make
it close to what is actually used in practice, while at the same time keeping similar optimal
theoretical guarantees? While the prior proposed in [59] is completely natural and ‘canonical’
from the theoretical perspective, both the conditioning step (to match smoothness constraints)
and the model selection prior (for which the posterior on submodels is often expensive to
compute) make posterior sampling more involved in view of practical implementation. One
main aim here is to try to simplify the construction of the prior as much as possible while
keeping optimality, and thereby come closer to the practically used deep GPs, for which
lengthscale parameters are often kept free and then adjusted empirically [44].

Figure 5.1: Composition of two Gaussian processes with SqExp covariance kernel K(s,t) =
—(s—t)?
e .

— First GP

/ —— Second GP
2 Composition of GPs

155



5.

DEEP HORSESHOE (GAUSSIAN PROCESSES

5.2 The setting and a novel prior

Consider the nonparametric regression problem with random design, where one observes
(X,Y) := (X;,Yi)1<i<n, with X, ..., X, independent identically distributed design points
sampled from a probability measure p on [—1, 1]d and

Y = fo(Xi) + &, (5.1)

for fo : [-1,1]¢ — R an unknown regression function and ¢; independent A/(0, o) errors, with
0o assumed known for simplicity. We consider estimation of f, with respect to the integrated
quadratic loss

1fo = Fllz2q = /(fo — £)%du.

For a given regression function f, let P; denote the distribution of one observation (X;,Y;)
under model (5.1), which has density

_ (y—f(@)?
20‘2

ez, y) = (27r0§)71/2€

with respect to u ® A, for A the Lebesgue measure on R.

For a real 3 > 0 and r an integer, let C°[—1,1]" denote the classical Hélder space equipped

with the norm || ||5 . It consists of functions f : [~1,1]" — R whose norm defined as
o - 0% f(x) — 0 f(y
=20 ¥ 0ofl 4270 Y sy TS @IZOTW)
arlal<|5] ailal=|g) owel-LI 2ty @ =Yl
is finite, with the multi-index notation @ = («,...,a,.) € N, |a| = |a|; and 0% =

0% ...0%. We note, for ' < 3, that || f|[5 o, < [|flls. according to Lemma 10 of [147].

5.2.1 Structural assumptions for multivariate regression

In order to assess the performance of machine learning methods, a popular benchmark is the
regression setting (5.1) equipped with some ' structural’ assumptions. In the unconstrained
case where only smoothness is assumed on f, rates for S—Holder smooth functions are typically
of the form n=%/(25¥4 and so are prone to the curse of dimensionality (the rate becomes
extremely slow for large d). A common approach is to assume that the multivariate regression
function fy admits a certain unknown ‘structure’, possibly of ‘dimension d*' and possibly much
smaller than d. For instance, in the simplest setting considered below, f; may only depend
on a small but unknown number of coordinates. The goal is then to find algorithms that are
able to achieve optimal risk bounds that adapt to the unknown underlying structure, and that
therefore scale with d* instead of d.

A first basic setting: shallow variable selection. Let us first consider the simple setting where
fo: -1, 1]d — R only depends on d* < d variables, that is

folxr,...,za) = gz, 24,.),
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for some g € C#[—1,1]%", for some 3 > 0. The subset of indices iy, ...,ig is unknown to
the statistician and the target convergence rate in quadratic loss is n=?/(2#+4") "which can be
much smaller than n=8/(28+d)

Compositional structure. Following [147], suppose that f can be written as a composition
[ =hygooho,

with h; @ [—1,1]% — [—1,1]%+, for (d;) a sequence of integers such that dy = d and d,1 = 1.
Since h; takes values in R%+! one may write h; = (hij), where h;j for j =1,...,d;4; are its
1-dimensional components. Let us further assume that these only depend on a subset S; of at
most t; < d; variables, and h;; restricted to S; belongs to C%[—1, 1] as defined above and
suppose, for any i, 7,

11235

HB,L7QO S K’

for some unknown K > 0.

The compositional class F(\, 3, K). In the setting of the previous paragraph, we denote by
A= (q,dy,...,dgto,...,t,) the parameters describing this compositional structure and, for
B = (Bo,...,0,), welet F(A, 3, K) denote the set of densities verifying the above conditions.

Minimax optimal rate. The minimax rate of estimation in quadratic loss over this class

()P =inf s BT f,
FEF(AB,K)

for T an arbitrary estimator of f, is, up to logarithmic factors, see [147],

. _ By 1
T max n 2Bioitt; where o; == | I (B A D).
=0u,..., [=i+1

5.2.2 Key ingredients

Posterior distributions: frequentist analysis. Given a prior distribution IT on regression functions,
the posterior distribution is II[- | X, Y] is given by Bayes' formula: this is the next display for
p = 1. More generally, one may set, for any p € (0,1) and a measurable set B,

S hicicn pp (X5, Y2)PdII(f)
B Y] = fnlsiSnPf(XuYi)de(f) .

When p = 1 this is the usual posterior. If 0 < p < 1, this quantity is called p—posterior (or
tempered posterior). lIts use is very much widespread in machine learning, in particular in
PAC—Bayesian settings. We will use the tempered posterior in our main result, and discuss in
more details its links with the case p = 1 in Section 5.4, but already note that computationally
p—posteriors do not bring difficulties, and theory is similar (even simpler).

Gaussian process (p—) posteriors: theory. For any Gaussian process W on the Banach space
of continuous functions equipped with the ||-|| ., norm, the probability measure of any ball
{f:1lf =gl <e} islower bounded by a quantity depending on the mass of the centered
ball of radius € and on how well g can be approximated by elements of the RKHS (H, ||-||y)
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corresponding to the covariance kernel of the process. More precisely, according to Proposition
11.19 of [65], we have

P|W — gl <e] = e,
pqle) = inf -~ ||hlly —log P[IW]| <c¢]. (5-2)

heH: fh—g] . <

In nonparametric regression with fixed design, [165] proved that adaptive posterior contraction
rates are achievable for stationary Gaussian process priors, with a dilatation parameter of the
sample paths distributed as a Gamma variable. As a particular case, consider the squared
exponential process SqExp defined as the zero-mean Gaussian process with covariance kernel
K(s,t) = exp(— ||t — s||*) (and || - || the euclidean norm) on [—1,1]%. Next, for k,6 > 0, one
sets

A% ~ Gamma (k, )
flA~{Wa: telo ).

This construction induces a prior on the Banach space of continuous functions for which the
posterior concentrates as in the empirical Ly—norm at rate g, =< n~?/25+4) (up to a log
factor) whenever fy is 5-Holder regularity, 5 > 0.

Although this rate coincides with the minimax estimation rate over a ball in C?[0, 1]¢, it may be
quite slow for large d. However, if the fixed design is located on a d*-dimensional Riemannian
manifold, d* < d, of the ambient space [0, 1]¢, we expect the faster rate n=%/2#+4") o be
attainable. The work [174] achieves it with a dilated Gaussian process as well, the dilatation
factor A being distributed as A" ~ Gamma (k, ). A first remark on this method is that it
needs an estimate of d* to be applied. Secondly, the posterior contraction rates are obtained
for local distances on the manifold (such as the empirical Ly-norm) only, but not on the
ambient space.

When the regression function f; depends on a small number of variables d* only, a simplified
version of the add-GP prior from [176] gives optimal posterior contraction rates n~7/(26+d")
without the need to estimate d*. This is achieved by the introduction of an additional layer in
the prior, drawing via Bernoulli random variables in which direction the Gaussian sample paths
have to be dilated (the sample paths being constant in the other directions). From a practical
point-of-view, this 'hard’ selection of variables adds a combinatorial complexity to posterior
sampling.

Below, we introduce the Horseshoe Gaussian process prior to answer the question of variable
selection and posterior contraction rates for the most natural global L? loss (in contrast to a
loss e.g. restricted only on active directions) via a soft selection of dilated variables.

5.2.3 Deep Horseshoe Gaussian Process prior

We introduce a Gaussian process prior with independent lengthscales distributed following
a half-horseshoe distribution. This distribution possesses two interesting properties for our
goals. Its density has a pole at 0, which allows to ‘select’ irrelevant dimensions, drawing small
lengthscales with high probability. It also has heavy Cauchy-like tails, so that it performs an
adequate scaling on the ambient dimensions with sufficiently large probability. This distribution
is then a favorable one for high-dimensional settings where d can be much larger than n.
Although we do not tackle this setting in this chapter, we keep this for future works and we
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explicit the dependence in the dimension in the proofs of our main results in preparation for
these applications.

The single-layer case. Define the Horseshoe Gaussian Process prior HGP as the prior II on
regression functions f of the form

A R (5.3)
fl(A, ... Ay ~ WA

with 7 the horseshoe density on R% and W4 = {W(Altl ,,,,, Agty) - t=(t1,...,ta) € [—1, 1]d}
for W a squared exponential process.

We set m = 7, as the horseshoe density (see, e.g., [26, 159]), i.e. the density of a random
variable X distributed as

A~ CT(0,1)
X: | A ~NT(0,720%),

with C*(0, 1) a standard half-Cauchy distribution and N""(u, o) is the half-normal distribution
of | X, X ~ N (p, 0%).

The multi-layer case.

In order to perform some inference in this model, we introduce a Deep Gaussian Process-
type prior, mixing ideas from [59] and the above introduction of the horseshoe distribution.
We first place a prior II on some parameters of the compositional structure such that
g, dy, ..., d,] =11,[q|Il[dy, ..., d,|q]. Given these parameters, we define a random regression
function f = g,0---0 gy where, fort =0,...,q, j = 1,...,d;+1, the applications g;; are
to 1 A (hy; V —1) =: W(h;;) with h;; independently distributed as in (5.3). Constraining the
sample paths between —1 and 1 ensures that the composition is well-defined.

The Deep Horseshoe Gaussian Process Deep—HGP is defined as the hierarchical prior

q I,
di,....dy | q ~I[-g]
Ayl q.dy, ... d, g e

Flad... dg gy =W(g) 00 W(go).

for 7 > 0.

5.3 Main results: deep simultaneous adaptation to
structure and smoothness

5.3.1 Single layer setting: shallow horseshoe GP

The first theorem below is a special case of Theorem 25 and we present it to facilitate the
reading of this chapter. We keep it to better emphasize the ability of HGP the assumption of
smaller dimension than the ambient sampling space and to motivate future works on potential
applications to high-dimensional settings (with d potentially greater than n).
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Theorem 24. Suppose f, is as in the first setting described in Section 5.2.1, for d* < d
fixed. Let II be the hierarchical distribution (5.3) with m = w,. Then, there exists k > 0,
depending on d, such that for any 5 > 0 and 0 < p < 1, II?[-| X, Y] contracts to f, at the

B .
rate r, = n_ 25+& log" n.

5.3.2 Multilayer setting: deep horseshoe GP

The following results shows that the multilayer version of our prior adapts to the unknown
compositional structure of the regression function. The fractional posterior attains the minimax
rate of contraction, up to some polylog factor.

Theorem 25. Suppose fy € F(\, B, K), with unknown parameters \, 5, K. Let Il be the
Deep—HGP prior for arbitrary 7 > 0. Then, there exists a constant k depending on the
model parameters such that, for any 0 < p < 1, II?[-| X, Y| contracts to f, at the rate
rn = T, log" n.

5.4 Discussion

The use of fractional posteriors. \We obtain our main results for fractional posterior distributions,
where the parameter p can be taken to be any constant in (0,1). Two natural questions are:
a) what is the interest in doing this; and b) what do we lose with respect to the usual posterior
p = 17 The answer to a) lies in the need, when using the general theory of [64], to build sieves,
capturing most prior mass, whose entropy or ‘complexity’ is well controlled. However, sieves
are sometimes difficult to construct, especially if the probability of the complement of the sieve
has to have a form of exponentially fast decrease. This difficulty leads [59] to condition sample
paths of Gaussian processes to verify certain smoothness constraints. Although we do not
have an answer to this specific question for p = 1, we note that this condition is not present to
guarantee the convergence of the p—posterior, so we do not need to condition on boundedness
of derivatives in our prior construction. This is an advantage also computationally, as adding
more conditioning constraints may typically slow down MCMC samplers.

On the other hand, we argue that, at least for the set of applications of Bayesian (possibly
tempered) posteriors considered here, one does not loose much, except perhaps in the constants
in the convergence rate, but the latter is typically stated up to a large enough constant, so
is not a concern at least for the theory. First, regarding sampling algorithms in practice,
most sampling methods such as MCMC are of similar difficulty with the fractional or the
original likelihood, so this is not a major concern computationally. One looses, though, the
interpretation of the posterior as a conditional distribution, as well as the decision—theoretical
back-up that comes with it, but also efficiency for y/n—estimable parameters, that comes with
the Bernstein—von Mises theorem, that will not hold as such for p—posteriors (this can be
remedied under some conditions though, as investigated in [104]). However, again, this is not
a main concern here, as we are mainly interested in nonparametric convergence rates up to
constants.

Simulations. Although the computational aspect is not the focus of the present work, one main
aim here is to provide (near)—optimal theoretical guarantees for a prior as simple as possible.
We note that the prior distribution considered comes already fairly close to what is used in
practice: indeed, note that given the lengthscale parameters, the deep GP prior corresponds
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to the one considered in the original paper [44], where the kernel is termed ARD (Automatic
Relevance Determination) and the lengthscales are called weights. In [44], the weights are
then calibrated using a variational approach. Adapting this computational approach to the
Deep—HGP is an interesting avenue for future work.

Work in progress and open questions. A natural open question of mathematical nature is
whether the results obtained above carry over to original posteriors p = 1. As we have
seen, this has no immediate consequence on simulations, but a positive answer would be
particularly satisfactory. In addition, there is hope that HGP can provide near optimal results
in a high-dimensional setting, with d much larger than n, which is an idea currently under
investigation. Also, regarding the multilayer setting and Deep~HGP, an extension of the
theory presented here to the case where dimensions and at least one of the layer dimensions
are allowed to grow with n is currently work in progress.

5.5 Proof of the main results

Reducing the problem to a prior mass condition.

Let us recall the definition of the a—Rényi divergence

Ro(f,9) = Ra (P, Py) = —log/p?p;_adu, a > 0.

By Jensen's inequality, it follows that

azo? (f_g)? «

Ra(f.g) =—log [ " au <

2
202 1/ —9||L2(M)~

According to Theorem 3.1. in [93], the discussion below it and Example 8.44 in [65], for
KL(f,g) = KL(Py || P,) the Kullback-Leibler divergence between P; and P,, it is sufficient

to have
2

11 [f : KL(f, fO) < gi} > e_C”En’

for some C' > 0 to ensure that ¢, is an R,-posterior contraction rate for II?) in the sense that

EfOH(p) [f : Ra(f> fO) > Mngn

X,Y}—m

for any M,, — co. As explained above, this also translates into Ly(/)-contraction rates.

Since the supremum norm is a stronger metric than the Kullback-Leibler divergence and the
standard theory for GPs considers more naturally this metric, we translate the above small
ball condition. Standard arguments (see Section 8.1 of [59] for instance) indeed show that

{F2 17 = ol <V2e} C{f+ KL(f. fo) <)

so that in the following, we aim at finding lower bounds on

I[f = I = follo <enl
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5.5.1 Lower bound on the small ball probability.

Denoting by gog‘ the concentration function corresponding to the process W4 from Section
5.2.3 and its RKHS H#, we have

R d
P.,=11[f: ||f— follo, <e&n] > /.../ewfo(s") [T 7(A)dA(Ay) ... dA(Aqg).
i=1

According to Lemma 40, for A := max A; > 0 large enough, there exists absolute constants
1

C, gy such that whenever ¢ < &,

<\ 1+d
A
—bngme<4f§O%mmkgH%®<bg> [TV A). (5.4)
€ i
Also, Lemma 39 ensures that, for fy f-Holder, if A; =a > 0 for i € {iy,... i}, for some
absolute constant C' > 0, D > 0 depending on «, and any € > Dd*a™? and 4;,,..., A;,.
large enough,
d
Jnf Al < O TTA:foll>- (55)
lIh=follo <& =

Let's now write, for some T > 0,

. {T, ifi¢ {ir,... . 00}
a; =

1 — .
n2+d  otherwise.

Combining (5.4) and (5.5), for some ¢,, to be characterized, we lower bound F., by

24 2y d
/ / "R E [T (A dA(AQ) - dA(AY),
ajy ay i=1

and on the domain of integration, (5.4) and (5.5) give, for C' absolute constant,

121 1+d
o) < 01 T[( v ai) [d“d/? o) (1og 2) 4 ufor@]

n

n

1 1+d
< (ZC)d(l V T)d_d nwid* Jqi1d/2 log1+d(d) (10g n ) + ||f0||§
19

__B
for any ¢, > Dd*n" 23+@ and n large enough.

: i . __B
For d and d* fixed, it is possible to take 1" constant and ¢, = Mn™ 25+& log“n, M,c > 0
large enough, to verify 7 (e,) < nel.

Dimension-dependent upper bounds on the concentration function.

In order to prove posterior contraction rates for the GPs, we need to obtain upper bounds on
the terms in the concentration function (5.2). The results below are essentially corolaries of
Lemmas 4.2 and 4.3 from [9], with explicit constants depending on the ambient dimension
d in the result. We indeed plan to apply the Deep-HGP prior in a high-dimensional setting
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in future works, which requires to explicit the dependency on d of any quantities involved.
As opposed to [9], we do not consider the anisotropic case, in which the function f, has
different regularities depending on the direction. We focus on the variable selection aspect of
the problem, assuming the same regularity for the directions on which f; depends.

Let's take W the squared-exponential stationary Gaussian process with covariance kernel
K(t) = [e"Ydy(u) and spectral measure v that is the distribution of d—dimensional
Gaussian random vector, with independent marginals of variance 2. We denote g the density
of a standard random variable. The following lemma deals with the decentering part of the
concentration function.

Lemma 39. Suppose fy is as in the first setting of Section 5.2.1 and A = (A, ..., Aq) is
such that A; = a >0 fori € {iy,...,iq-}. Let 1) be a higher order kernel such that

. [W(t)dt =1;
[ tR(t)dt =0 fork =0,...,|B];
= [P0 (t)|dt < oo,

and its Fourier transform @Z is compactly supported. Then,

d

2
1 foll5 -

d
inf Al < 1T A

hEHA: i=1
Ih=foll<d* [ s|%%(s)ds a="

[

Proof. We follow the lines of the proof of Lemma 4.2 from [9], giving the main elements.

Define U : R? — C by W(t) = o)(t1)---1b(ty) and Wa(t) = WALy, ..., Agta) [I%, As. From
the proof of Lemma 4.3 in [165], on which Lemma 4.2 [9] is based, the convolution W 4 * fj is
L2
g
of a multivariate standard normal gaussian vector. We note that

an element of H* with its square norm bounded by [T, A; | foll» with g the density

Ik !
e < 0
g

712
s
g

using the compactness of the support of @Z It remains to show that this element approximate
fo well enough, which follows from

-
"i’A * fo(t) — fo(t)‘ <D0 [ w(s) Sty 50, /A dsi |t € [0,1)%

with |S;. (ti;, 85, /Ai;)| < K Ba*'B and K independent from the dimension d, as proved in

the proof of Lemma 4.2 [9]. Then, we have proved that H\I/A * fo— fOH <d* [|s|P(s)dsa"
which concludes the proof. O

Sij

We now deal with the small ball probability in the concentration function and bound it. In the
following, we note the e-covering number N (g, S, D) of a semimetric space S equipped with
a semimetric D as the minimal number of balls of radius £ needed to cover S.
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Lemma 40. For any A = max A, greater than an absolute constant, there exists an absolute
(2
constant C, ey > 0 such that for 0 < & < &,

[I1v A).

2

1V A>1+d

@i (e) = —log P [|W|| < ] < C'd"/?1og"(d) (log -

Proof. We follow the proof of Lemma 4.6 in [165]. We start with formula (3.25) in [94] which
states that, for any £, A > 0,

£ (22) +1og @ (A+ &7 (e7#0 ) <log N (e, H, | ll.,)

with HZ' the unit ball of H* and ® the standard normal distribution function. For the choice
A = /24! (¢) and with the inequality (see Lemma 4.10 in [165]) ® <\/2x + <I>_1(e_x)) >1/2,
for any x > 0, we get

#0i22) +log(1/2) < log N (=//2¢01(0), B 1) (56)

Before going further, it is necessary to prove a crude bound of the form ¢{!(e) < (max A;/e)",

for some 7 > (. Let u4 be the mapping associated to W considered in [106] and, as in this
article, set

en (uyg) = inf {n >0: log N (n,Hf, ||Hoo) <(n-— 1)log2}.
Lemma 41 implies that, for ¢ > 0,
1\ 144 _
log N (£, H{,|||..) < Calog () (1v A,
€
with C' an absolute constant and
Cy = Cd*? log (d)' 1

1+d -
By definition, e, (u4) is smaller than the solution n* of Cylog (ni) " (1VA)? = (n—1)log?2,
that is

1 1 1 d

= efcﬁnﬁcd_mg_m.
We rewrite the first equation of [156] as sup k%, (u%) < 32 sup k%, (ua) for any n >
k<n k<n

_1
1,a > 0. Also, for any k > 1, since  — ze~*""" is upper bounded by (1 + d)'*4e~0+4 on

R,

This implies that, for n > 1,

ne, (uy) < sup ke, (u%)
k<n
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< 32 sup ke, (ua)
k<n

\d 14+d
§32Cd(lgA) <1+d> |

(&

From Lemma 2.1 [106], itself cited from [133], and this last upper bound, gives the following
upper bound on ,,(u4) (defined in Section 2 of [106]): for ¢y, co absolute constants,

Lua) <er Y en(uhy) k712 (1 +logk) < CCuA Y2,

k>can

for C' an absolute constant independent.
From the proof of Proposition 2.4 in [106], we find that, for ¢ > 0, 0 = IE[HT/VAH2 ]/% and
na(e) =max{n: 4l,(us) > e},

the following bound stands

3 na(e)
Plw <<l =3 (607;(5)> !

which implies

PA(e) < n(e) log (8””(5>> | (57)

€

We note that n4(e) as long as ¢ is smaller than an absolute constant: indeed, [,,(u ) decreases
with n and I(us) = o > E[W?]Y2 = 1. The above bound on I,(u4) ensures that

na(e) < € (Ca1v A)) 2.

Since 0% = E[HWAHOO]Q—i—V[HWAHOO], we bound these two terms. Since sup,c(o ¢ EWZ, = 1,
Theorem 2.5.8 [69] gives the bound on the tail probability P (| |[W4| —E w4 |>u) <

2¢%*/2 and then

i) )= [T aep (W] <B[WA | > a)de <4 [ oo i -

]
0 0 0

We control the other term via Theorem 2.3.7 of [69]:

JE[HWAHOO] <E|X|+ wifm Vlog (2N (e, [0, 1)4, D))de

for X ~ N(0,1), D(s,t) =2 (1 — e‘ZiA?(t"_Si)Q) and M = sup {S,t e[-1,1)%: D(s,t)} =
2 (1 — 6_421'14?). We note that ||s — t||, < \/— log(1 —£/2)/Aimplies D(s,t) < ¢ fore > 0,
so, for By(r) the euclidean ball of radius r > 0 around 0,

3v/dA )d
\/— log(1 —¢/2)

by standard arguments (see Proposition C.2 in [65]). The above integral is then bounded by,
with the next inequalities involving absolute constants only,

| Vs @NE DD < Vdlog(ad) | \Ilog( y 1 ))ck

N (5’ [_1’ 1]da D) S N <\/_ log(l - 5/2)//_1730(\/8)7 “”2) S (

l_e—4d/i2

0
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< \/dlog(d(1 v A)).
We conclude that o2 < dlog(d(1V A)).

Going back to (5.7), we conclude this proof with the bound, for A > 1,

oi(e) < (Call v A)Y)’ e log <\/d log(d(1 v A)) (Ca(1 v A))’ g—3>
< 041 v A)*log (d)* T log(1 Vv A)e 3,

which we plug into (5.6) with Lemma 41, and C' an absolute constant:

n 14+d
1VA
9064<5> < Ol g11d/2 log1+d(d) (10g (\;>> H(1 VA,
for e > 0. ]

Lemma 41. For £ > 0 smaller than an absolute constant, and H{‘ the unit ball of H*, there
exists absolute constants C,Cy > 0 such that

[TV A).

i

d Cod dd1/4
log N (£, HL [1..) < CEa™2 [ v log((Cad)/2)] (log (”)

Proof. We first note that v has exponential moments, [ €’ll!l2dy(t) < oo for § > 0. More
precisely,

“+o00
lell/2 _ (9drd/2\ T [ il 2112/ __ 1 d=1_r/2-r/4
/e dv(t) = (2 ™ ) /e dA(t) = 2 (d)2) /0 ‘e dr,

by change of variables in the integration of a radial function. The above integral is equal to

too (r=1)2
61/4/ r* e 1 dr,
0
(r—=1)2

and, splitting the domain of the integral, this is bounded by the sum of e!/* fol rd=le=—7 dr <
e'/* and

+0o0 (7‘71)2 +oo r2
61/4/ rilem 1 dr < 61/4/ (r+ 1) te Tdr
1 0
d—1 400
d - 1 ; 'r2
< el/t Z < _ ) / rle” T dr.
i=0 t 0

The integrals in the above sum are, up to a universal constant factor, equal to the ith absolute
moment of a truncated gaussian. As this distribution has subgaussian tails, these moments

are upper bounded by (K\/E)l, for K a universal constant. So, via Stirling’s formula,

C? = /entg/zdy(t) - (56\1//32); CRiva

where K is a universal constant.
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Let k € N*. Adapting the proof of Lemma 4.4 in [165], a covering of HZ is build in the proof
of Lemma 4.5 in [9], with less than, for ¢; an absolute constant,

d
T1(A: v 1) (erd)™? k?log (2C/¢)
i=1
elements and ||-|| _-radii
) ld 1 k ja-1
C Y —+ed —r
I=k+1 = 2
We note that lz—;l < (2/3)Vif 1 > (d/log(4/3))*, so that 32, ., 12—;1 < 2(2/3)% < 2¢, the

1d—1

last inequality being true for k > log(3/2) 'log (¢') V (d/log(4/3))*. Also, >, Lo <
SR +1)...(I+d—-1)27" < (d—1)!2¢, so that, for k as above, we have a covering with
radius, for co an absolute constant independent of d,

e (20 + (d—1)127) < (2K + (d — 1)12%) < £(cod)”.
We conclude that, for £ small enough, and c3 an absolute constant,

2(c2d)df(dd1/4>
£

HA’i7

7

d
log N (g, H{\, ||]l.) < c4d®? [d* v log(cad)"/¢] " log (
which proves the assertion in the lemma. O

5.5.2 Proof of Theorem 24.

Given the developments at the beginning of Section 5.5 the discussion at the beginning of
Section 5.5.1, it remains to bound the following volume for some 7" > 0

2T d n PER -
[/ WT(t)dt} / . m(t)dt| .
T n 2B+d*

A lower bound is obtained with (5.9), which is for n large enough

—d*

G_Cd log(n/T)

for C' an absolute constant. This implies that,

n

d*
T 1 d* log (nL“Cldl*ogcz’ n) o
> eanr

T I - foll <rn1_e_0(

which concludes the proof.

5.5.3 Proof of Theorem 25.

We follow the same arguments as in the above proof. When it comes to the prior mass, for
any fo € F(\, B, K), we now have

Il = folloo < el 2 {3 d, .. ., dy}] g]
1 [[[W(gg) 0+ 0 W(go) = hgo---o0holl, <enladi,. .. dy.

167



5.

DEEP HORSESHOE (GAUSSIAN PROCESSES

Given the arguments from Section 5.5.1 and the fact that according to equation (5.9)

d*

2T d—dr on TFHT
[/ W(ﬂd’fl / . w(t)dt| > e Ot/
T n

2B+d*

Bi
we know that for ,(5;) = Mn i+t log™ n, M,c > 0 large enough,

_ 2B
28;+t; 10g2c n

Y

B Cn<n
H |:ng . ||\I[(g”) — h’]”oo < Mn 2B+t IOgCTL | q,dl, e ,dq:| 2 €
where we used that ||U(g;;) — Ryl < llgij — hisll, as [|hijll, < 1. An application of
Lemma 42 ensures that, for () large enough,

q dit1

__ b
H 11 l:g” . ”gU — hZ]HOO < Mn 2Pt logcn ‘ q,dl,. .. ,dq:|

i=0 j=1

As a consequence, for C, k large enough,
II [f : Hf - fOHOO < CTn* log"™ n} > e*C”Tf?QlOg“n’

and the p—posterior achieves minimax posterior contraction rates (up to some logarithmic
factor).

Lemma 42. Let hy; : [—1,1]% — [—1,1] be a function that depends on a subset S;

of t; coordinates and such that the restriction h;; S satisfies | h;; < K for some
ij i 11 8,00
P .. T | 7 ., — 7 .. T |
?i >0, K > 1. Then, the maps h; = (hzj>j:17~--,di+1 satisfy for any h; = <hw)j:1,--~7di+1, with
hij : [_L 1]dl - [_17 1],
~ ~ g ~ o
|hgo. ho—hgo . hof e < KOS |[hi =Rl |
i=0

with a; = [T)_; ;1 A1 A1 (and ag = 1 by convention).

Proof. We follow the proof of Lemma 11 in [59] and prove the assertion by induction. For
q = 0, this is trivially true. For ¢ = k 4+ 1 > 0, assume that the statement is true for the
positive integer k. We write Hy, = hy o ...hy and E[k = ﬁk o... BO and use the triangle
inequality so that

s 0 Hi(w) = b 0 Hile)|
< ‘hk-&-l o Hy(x) — hpy1 0 I:—,k(x)‘oo + ‘hk+1 o Hy,(x) — hiy1 0 lffk(x)’

Br+1/1

[e.9]

e}

< K |Hy(x) — Hy(x)

+ |hisr 0 Hy(w) = higr 0 i)
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5.6. The horseshoe density

Brs1Al
< o (5 AT s )
i=0
2 N e N
o |
:KkHZH hi_ﬁioo :;
i=0
where we use that Hh(kﬂ)jHﬁ . < K according to Lemma 10 of [147] and (y + 2)* <
ya—i—xo‘fory,ZZO,OéG[O;lﬁ-l ’ -

5.6 The horseshoe density

Recall that 7, denotes the horseshoe density defined in Section 5.2.3. Then, for any ¢t > 0,

2 1 1 £2
T (t) = — /R+ N e D22 d\

T A 27T

1 1 2
= / e 22%dvy
v=x"2 /27137 Jr+ U+ 1

etQ/(27'2) /+OO 1 _%vd
= —€e 27 V.
V2wt J1 v

2
-ni(3%)

It is known that (see Chapter 5 in [1]), for x > 0,

1 2 1

—e “log (1 + ) < Ey(x) < e "log (1 + ) ;

2 T T
so that we have the bound, for ¢t > 0,

2

1 4T 1 72

We refer to the prior I1. from (5.3) with 7 = 7, as the Horseshoe Gaussian process in the

following. From (5.8), we can lower bound, for n large enough and some absolute constant
C >0,

d*

Qnﬁ
/ T (t)dt| > e G4 losn/T), (5.9)

1
2B+d*
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CHAPTER

Conclusion and perspectives

Concerning the questions laid out in 1.4, this thesis brought numerous parts of the solutions.
The theoretical study of Bayesian tree-based methods carried out in Chapters 2 and 3
underlined their potential and flexibility. Despite their seemingly rough piecewise constant
nature, ensembles of trees appear to provide optimal adaptive estimations in Hellinger distance
for any regularities in density estimation. As shown in Chapter 2, forests can potentially
outperform single-tree estimators as previous theoretical results limited themselves to optimality
on classes with at most Lipschitz regularity. We drew a new connection with spline priors
to demonstrate that these aggregation procedures can enjoy ‘hidden’ regularity structures.
In Chapter 3, we showed that the OPT prior, based on a single tree structure, is enough to
obtain optimal adaptive rates in the stronger supremum norm distance. In addition, we also
built adaptive confidence sets of optimal radius in this norm, under additional self-similarity
conditions on the signal. This answer to the question of uncertainty quantification for OPT
posteriors advocates for using tree-based methods as full inferential machines. Then, as opposed
to the supremum norm, we proved in Chapter 4 that the construction of confidence sets
with optimal radius in Wasserstein distance, adapting to any regularities, exists in dimensions
smaller than 4, without the need for additional qualitative assumptions (such as self-similarity).
In higher dimensions, it is necessary to consider only values of regularity that are close enough
but lying in a large window. Chapter 5 focused on Gaussian processes and their deep version
and proved that optimal contraction rates could be achieved under structural assumptions of
the signal.

The perspectives for the projects presented in this thesis include:
= obtaining optimality results on forest priors that are closer to the ones used in practice

(e.g., BART);

» assuming the signal is more regular than Lipshitz, obtaining supremum contraction
rates for forest priors, possibly via the definition of forests of OPTs, and developing
results on uncertainty quantification for these priors;

= developing a construction of adaptive confidence sets in Wasserstein distance via
Bayesian credible sets, as an alternative to the sample-splitting and risk estimation
method:;

» identifying the information-theoretic limitations of adaptive confidence sets in Wasser-
stein distances W, for p > 2;
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6. CONCLUSION AND PERSPECTIVES

= extending the results on the (Deep) Horseshoe Gaussian process to high-dimensional
settings.
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Contributions to the theoretical analysis of statistical
learning and uncertainty quantification methods

Thibault Randrianarisoa

Abstract

Modern data analysis provides scientists with statistical and machine learning algorithms with
impressive performance. In front of their extensive use to tackle problems of constantly growing
complexity, there is a real need to understand the conditions under which algorithms are successful
or bound to fail. An additional objective is to gain insights into the design of new algorithmic
methods able to tackle more innovative and challenging tasks. A natural framework for developing
a mathematical theory of these methods is nonparametric inference. This area of Statistics is
concerned with inferences of unknown quantities of interest under minimal assumptions, involving an
infinite-dimensional statistical modeling of a parameter on the data-generating mechanism. In this
thesis, we consider both problems of function estimation and uncertainty quantification.

The first class of algorithms we deal with are Bayesian tree-based methods. They are based on
a ‘divide-and-conquer’ principle, partitioning a sample space to estimate the parameter locally. In
regression, these methods include BCART and the renowned BART, the later being an ensemble of
trees or a forest. In density estimation, the famous Pdlya Tree prior exemplifies these methods and is
the building block of a myriad of related constructions. We propose a new extension, DPA, that is a
‘forest of PTs' and is shown to attain minimax contraction rates adaptively in Hellinger distance for
arbitrary Holder regularities. Adaptive rates in the stronger supremum norm are also obtained for the
flexible Optional Pélya Tree (OPT) prior, a BCART-type prior, for regularities smaller than one.

Gaussian processes are another popular class of priors studied in Bayesian nonparametrics and
Machine Learning. Motivated by the ever-growing size of datasets, we propose a new horseshoe
Gaussian process with the aim to adapt to leverage a data structure of smaller dimension. First,
we derive minimax optimal contraction rates for its tempered posterior. Secondly, deep Gaussian
processes are Bayesian counterparts to the famous deep neural networks. We prove that, as a building
block in such a deep framework, it also gives optimal adaptive rates under compositional structure
assumptions on the parameter.

As for uncertainty quantification (UQ), Bayesian methods are often praised for the principled solution
they offer with the definition of credible sets. We prove that OPT credible sets are confidence
sets with good coverage and size (in supremum norm) under qualitative self-similarity conditions.
Moreover, we conduct a theoretical study of UQ in Wasserstein distances W, uncovering a new
phenomenon. In dimensions smaller than 4, it is possible to construct confidence sets whose W)-radii,
p > 2, adapt to any regularities (with no qualitative assumptions). This starkly contrasts the usual
L,, theory, where concessions always have to be made.

Keywords: Bayesian nonparametrics, Tree-based methods, Uncertainty Quantification, Wasserstein
distance, Gaussian process
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