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We introduce the concept of shape-regular regression maps as a framework to
derive optimal rates of convergence for various non-parametric local regression esti-
mators. Using Vapnik-Chervonenkis theory, we establish upper and lower bounds on
the pointwise and the sup-norm estimation error, even when the localization proce-
dure depends on the full data sample, and under mild conditions on the regression
model. Our results demonstrate that the shape regularity of regression maps is
not only sufficient but also necessary to achieve an optimal rate of convergence for
Lipschitz regression functions. To illustrate the theory, we establish new concentra-
tion bounds for many popular local regression methods such as nearest neighbors
algorithm, CART-like regression trees and several purely random trees including
Mondrian trees.

1 Introduction

Consider the standard regression problem where the goal is to estimate the regression function
of a random variable Y € R given the covariates vector X € R, defined as g(z) := E[Y|X = z],
z € R% One leading approach, called local regression or local averaging, consists in averaging
the observed response variables, restricted to covariates that lie in a small region of the domain
R?. Local regression methods include kernel smoothing regression [Nad64], nearest neighbors
algorithm [FH51, Cov68| and regression trees or more generally partitioning regression estimator
[BESO84, Nob96]. We refer to the books [DGLI6, GKKWO06] for a complete view on local
regression methods and to [BD15| for a precise account on the theory of nearest neighbors
algorithm.

Concerning the estimation problem, when the error is measured in terms of the mean squared
error (Lg-error), optimal rates of convergence are known [Sto82] and they depend on the smooth-
ness of the regression function g. Achieving or not these convergence rates often serves as a
theoretical baseline to evaluate the accuracy of local regression methods. For instance, a Lips-
chitz function ¢ can only be approximated at the rate n~/(4+2) in general, when n independent
observations are given. Many of the above estimators are known to achieve optimal convergence
rates. The nearest neighbors, the Nadaraya Watson and the fixed partitioning (histogram) re-
gression estimators are all optimal for Lipschitz functions (as well as for twice differentiable
functions for the first two listed methods), as explained in [BD15], [Tsy08| and Chapter 4 of
[GKKWO06|, respectively. Furthermore, the Nadaraya-Watson [EM00, GG02| and the nearest
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neighbors [Jial9, Por21] estimators are both known to achieve a rate of convergence in sup-norm
that is of the same order as the Lo-rate (up to a logartimic term).

Other local regression estimators that are based on purely random trees are of interest [BS16],
despite the independence of the leaves with respect to the original data, because of their abil-
ity to explain certain patterns in the success or failure of different tree constructions and to
illustrate the success of random forest regression. Among purely random trees, Mondrian trees,
as introduced in [LRT14], indeed achieve the optimal rate of convergence [MGS17| for Lischitz
functions while, in contrast, centered trees fail to reach it [Bial2, Klu21l|. We also highlight
that partitioning the space with Voronoi cells allows to attain the optimal rate of convergence
[GW21] (see also [HKSW21]| and the reference therein for more results).

Despite the many existing results available for the Nadaraya-Watson and the nearest neighbors
regression estimators, and also fixed or purely random partitioning regression rules, only few
is known about local regression based on data-dependent partitions such as the well-known
CART regression tree [BFSO84]. Such an algorithm is indeed much harder to precisely analyze
mathematically. First results on data dependent partitions can be found in [Sto77], but they are
restricted to cases where the partition depends only on the covariates, as in nearest neighbors
regression or for statistically equivalent blocks [And66]. More advanced results, that are valid
for general data dependent partitioning estimators, are obtained in [GO80, BFSO84, Nobh96],
where conditions are given to ensure almost sure Lo-consistency. The typical assumptions that
are required in the previous works include (i) large enough points in each partition element and
(ii) small diameter, while having (iii) a reduced complexity on the partition elements. Note also
that Theorem 1 in [SBV15]| can be applied to CART regression algorithm and gives sufficient
conditions for the Lo-consistency.

Beyond consistency, few is known about the convergence rates of data-dependent, CART-
like regression tree estimators. Recent studies [CVFL22, MW24| have obtained convergence
rates for the Lo-error under the so-called sufficient impurity decrease (SID) condition, that is
directly linked to the behavior of the precise splitting rule of CART in the regression context.
The rate of convergence obtained depends on a parameter - denoted A in [MW24] - quantifying
the strength of the SID condition, and it is not a priori easy to discuss the rate optimality.
Nonetheless, it is shown in [MW24] that for a univariate linear regression function, the rate
obtained through the SID condition is actually optimal. A specific class of additive regression
functions achieving a particular smoothness assumption called the "locally reverse Poincaré
inequality" is provided in [MW24|, satisfying the SID condition. In another direction, the
recent negative results in [CKT22] show that CART regression can be sub-optimal, and even
inconsistent, for the pointwise - and also uniform - estimation error. Such phenomenon does
not occur when focusing on the Lo-error, but as highlighted in [CKT22|, pointwise convergence
of decision trees is also essential for reliability of the methodologies developed in some causal
inference and multi-step semi-parametric settings for instance.

In this work, we develop a theory for obtaining pointwise and uniform rates of convergence
for a large class of local regression estimators, that includes previously mentioned partitioning
estimators. More precisely, in a random design regression with heteroscedastic sub-Gaussian
noise framework, the theory allows the localization method to be general as it may depend on a
different source of randomness (as for the purely random tree) or on the covariates sample (as
for nearest neighbors) and even on the full regression sample (as in CART). Instead of studying
the integrated Lo-error, our approach deals with the pointwise and uniform estimation errors
recently put forward in the literature [CKT22|, for which we obtain a sharp probability upper
bound (Theorem 4). To prove such a result, we proceed with a decomposition of the pointwise
estimation error into the sum of a variance term (scaling as the inverse of the square root of the



number of covariates in the partition elements) and a bias term (scaling as the diameter of the
partition elements). We point out that the major advantage of focusing on the pointwise error,
compared to the Lo-error, is that it allows the control of the variance and bias terms though the
use of the Vapnik dimension of a class containing the elements of the random partition, instead
of having to control the combinatorial size of the class of the entire partitions themselves as in
[LN96].

Next, we introduce the notion of shape regularity by imposing a simple relationship between
the Lebesgue volume and the diameter of the localizing set. The major interest of this simple
geometric property is that it turns out to be necessary (Proposition 10) and sufficient (Theorem
12) for obtaining optimal rates in pointwise and uniform estimation error. We then discuss how
several tree constructions, including purely random trees such as uniform and Mondrian trees,
satisfy - or not - the shape regularity condition, allowing to obtain - or not - optimal rates of
convergence. In addition, the shape regularity allows to recover and slightly extend some results
pertaining to the nearest neighbors literature [Jial9, Por21].

Finally, we obtain a deviation inequality on the uniform estimation error of CART-like regres-
sion trees, grown by ensuring a minimal number of covariates in the tree leaves and by following
a simple rule which maintains the shape regularity of the resulting localizing sets. In the case
of partitions made of hyper-rectangles, such as for CART-like algorithms, the shape-regularity
condition reduces to a control of the largest side length of the localizing set by its smallest side
length. Recent results obtained in [CKT22| indeed tend to indicate that such rules addition is
unavoidable to ensure good pointwise convergence rates for CART regression.

It is worth noting that our approach substantially differs from the use of the SID condition
described earlier. The latter indeed ensures convergence rates for the Lo-error and is highly
linked to the precise cost in the splitting rule of CART, defined through the so-called impurity
gain. Moreover, the SID condition is expressed through the behavior of the unknown regression
function and covariates distribution, and cannot hold for any regression function. In contrast,
our shape-regularity condition does not depend on the regression function g, neither on the
covariates distribution, and only imposes restriction that may be effective with any cost function
involved in the splitting rule. This makes our shape regularity condition easy to guarantee in
practice as illustrated in Algorithm 1 (see Section 5.2), where a general cost function is used to
build the tree.

The outline is as follows. We state in Section 2 some necessary background and formulate the
setting of local regression map estimators. Section 3 then gives a first deviation inequality for
local regression map estimators. We introduce in Section 4 the shape regularity conditions and
their properties. Section 5 is dedicated to pointwise and uniform convergence bounds for data-
dependent regression maps, namely nearest neighbors and CART-like trees. Finally, Section 6
includes new positive and negative results about some classical purely random trees. All the
mathematical proofs are given in the Appendix.

2 Mathematical background

2.1 Regression set-up

Let (X,Y) be a random vector with probability distribution P on R? x R, where d > 1 is
the dimension of covariates vector X. Consider the standard regression framework where the
random variable X € Sx C R? is called the covariates and Y € R is the output variable. We
aim at estimating the conditional expectation x — g(x) = E[Y|X = z], x € Sx. The quality of
the estimation of the function g by an estimator ¢ will be assessed with the help of the uniform



norm defined as sup,cg, |§(x) — g(z)|. For a fixed z € Sx, we also address the estimation error
of the value g(x) through the analysis of the deviations of the quantity |§(z) — g(z)].

The following assumption on P will be key in this work and, roughly speaking, amounts to
assume that the noise e =Y — ¢g(X) in the regression model is light tailed.

(E) The random variable ¢ is sub-Gaussian conditionally on X with parameter o2. That is,
E[e|X] = 0 and for all A € R,

Efexp(A)|X] < exp (;0) |

Note that under assumption (E), the noise term € is squared integrable and it is allowed to
depend on the covariates X. In particular, the noise is heteroscedastic, with a uniform upper
bound on its conditional variance: E[¢?|X] < 02 a.s.. A more restrictive assumption is when e
is independent from X and sub-Gaussian with parameter o2,

Associated to the regression model, we consider a sample D,, = {(X;,Y;) : i=1,...,n} of
independent and identically distributed pairs of random variables with distribution P®". Let

also g; =Y; — g(X;) foreach i = 1,...,n.

2.2 Local regression maps

We consider general local regression estimators using the concept of local maps so as to include
regression trees and partitioning estimators but also the nearest neighbors regression rule. Let
B(Sx) denote the Borel o-algebra on Sx.

Definition 1. A local map for a variable X is a mapping V : Sx — B(Sx) such that for all
x € Sx, v € V().

We emphasize here that this work deals with continuous covariates and therefore all local
maps will have their images to sets with positive Lebesgue measure. Also we stress out that
similar maps were introduced in [Nob96|, where they are however restricted to partition based
estimator. For any local map V), the associated regression estimator is given by

Yoy Yilly() (X5)
Vo € Sx, gv(r) = 7In )
( ) Zi:l ]IV(x)(Xz‘)

with the convention 0/0 = 0. Local maps V depending on the sample (X1, Y1),...,(Xp,Y,) are
of particular interest. This is indeed the case for certain adaptive tree constructions as well as
for nearest neighbors regression.

The local regression map framework is particularly interesting because it includes a variety of
different methods, e.g., fixed partitioning, purely random trees, nearest neighbors, and CART-
like constructions, and each method induces a particular dependence structure when creating
the partition.

Example 1 (fixed hyper-rectangles partition). The most simple case for the dependence struc-

ture of the local map is when the partition is fixed, not random. Suppose Sx = (0,1]¢. For each
coordinate k = 1,...,d, consider the collection 0 = u(()k) < ugk) <... < ugl\?]z = 1. This allows to

introduce a partition of Sx made of ngl Ny, elements defined as V5, i, = szl(ugf),ugﬂl]

for each d-uplet (i1,...,iq) satisfying iy € {0,..., Ny, — 1} for £ € {1,...,d}. Note that each

() Ry,

L. d
Vii....i, has a positive Lebesgue measure ]_[k:l(uikJrl i



Example 2 (purely random trees). In contrast with Example 1, purely random tree con-
struction, as described in [AG14] and initially introduced in [Bre00], follows from using some
randomness that is independent from the observed sample. It includes centered (resp. uniform)
trees, for which the split direction is uniformly distributed along the space coordinates and the
split location of the selected side is at the center (resp. uniformly distributed). It also includes
Mondrian trees [LRT14| where the split direction is selected at random depending on the shape
- i.e. side lengths - of the leaf.

Example 3 (nearest neighbors regression). Nearest neighbors algorithm induces a Voronoi-
like partition which dependence structure is different from the one of purely random trees, since
the resulting partition depends here on the data through the location of the covariates in the
space. The k-nearest neighbors (k-NN) estimator (see [BD15]| for a recent textbook) is defined,
for each x € Sx, as the average responses among the k-nearest neighbors to point z. As such,
we have

. 1 ¢
gnn(T) = Z Z YilB(a sy (2)) (Xi)s
=1

where 7i(x) is the so-called k-NN radius defined as the smallest radius 7 > 0 such that
>ic1 gz (Xi) > k. Note that here the local map is V(z) = B(x,7(r)) and therefore
depends on X1,...,X,,.

Example 4 (CART-like trees). Regression trees are a class of partition based estimators where
the partition is recursively built, and made of hyper-rectangles. Therefore, they are part of
the local map framework, just as example 1 and 2 above. Usual regression trees are grown
sequentially by splitting stage-wise each (adult) leaf into two (children) leafs. In most cases, as
in CART regression [BFSO84], each cell division results from splitting along one single variable
according to a data-based criterion. This precise step is crucial as it allows to adapt the partition
to the prediction problem. For instance, if one variable is not significant then it must be better
not to split with respect to it. This enables to obtain a flexible regression estimator which
behaves well in many problems even when the dimension d is rather large. The fact that the
resulting partition depends on the full data (including the response) is however problematic
for the theory since in this case, the local averaging estimator is not a sum over independent
random variables, thus prohibiting a direct application of concentration inequalities for sums of
independent observations. Finally, it is worth mentioning that CART regression trees are the
ones that are usually combined in the standard random forest regression algorithm as introduced
in [Bre0O1].

3 A deviation bound for local map estimators

The section is divided into two parts. We first give some preliminary concentration bounds that
are free from any restriction on the probability distribution of the covariates. Then we use them
in the regression framework in order to have some concentration bounds on the estimation error.

3.1 A deviation bound for the variance term

The shattering coefficient, as introduced in Vapnik’s seminal work [VC15] and detailed for in-
stance in [VDVWO6], is key to obtain upper bounds on certain empirical sums indexed by
sets or functions. Let A be a collection of subsets of a set S. Given an arbitrary collection



z = (z1,...,2n) of distinct points in 5, consider the collection of R™-points 1 4(z) defined as
{(La(z1)...,14(zn)) : A€ A} C {0,1}". We have that |1 4(z)| < 2™ and when |1 4(z)| = 2"
we say that z is shattered by F. An important quantity is then
Sa(n) := sup [14(z)|
z€R®

which is called the shattering coefficient.
We now provide a VC-type inequality tailored to local regression maps. This will be key to
the analysis of the variance term of local map estimators.

Theorem 2. Let n > 1 and § € (0,1). Suppose that (E) is fulfilled and that {V(z) : € R4} C
A, a deterministic collection of sets in R:. The following inequality holds with probability at

least 1 — 9,
l X;
sup iz 18 V(z )( i) <\/2U210g <SA5(TL)>‘

Note that in Theorem 2 above, only an upper bound is given but a lower bound is also
valid, since the same holds true when each ¢; are replaced by —e;. Moreover, combining such
inequalities through a union bound gives a result for the supremum of the absolute value.

3.2 A pointwise error bound

We now state a general deviation bound on the uniform error of local regression map estimators
with finite Vapnik-Chervonenkis (VC) dimension. The VC dimension is defined as

ve(A) = max{n >1: Sy(n) =2"}.

As a consequence, the fact that all given zq,--- , 2,41 points cannot be shattered is equivalent
to the fact that the VC dimension is smaller than v. The reason why the VC dimension is
appropriate to control the complexity of classes of sets is perhaps explained by the Sauer’s lemma
(see [Lug02] for a proof) which states that S4(n) < 305 (4) (). An interesting consequence of
Sauer’s lemma is that Sq(n) < (n + 1)*A),

As established in [WD81]|, previous examples include the class of cells (—oo,t] C R%, having
VC dimension equal to d, or the class (s,t], s,t € R%, of VC dimension equal to 2d. In addition,
the class of balls in R? has dimension equal to d + 1.

Definition 3. A local map V is said to be VC whenever {V(z) : v € Sx} C A, a fized VC
collection of sets in R?.

Let us further define some quantities that will be instrumental in our analysis. For any set V',
its diameter is given by the formula
diam(V) = sup ||z —y|2,
(z,y)eV XV
where ||z||3 = Zgzl z%. A real function g on Sx is called L-Lipschitz as soon as |g(z) — g(y)| <

L|jz — y|2 for all (z,y) € S%. Define also the local Lipschitz constant L(V) of g on V C Sx as
the smallest constant L > 0 such that, for all (z,y) in V2,

l9(z) — g(y)| < Lljz — yl2.

For a L-Lipschitz function, it holds L(V) < L for any set V C Sx.
The next probability error bound is valid for local map estimators, with a general VC local
map, that may for instance depend on the sample.



Theorem 4. Letn > 1 and § € (0,1/2). Under (E), suppose that g is Lipschitz on Sx and that
the local map is VC with dimension v. We have, with probability at least 1 — 29, for all x € Sx,

(n+1)v
202 log (%)
nP,(V(z))

lgv(z) — g(z)| < + L(V(z)) diam(V(z)).

An alternative approach proposed in [LN96, Nob96| as well as in [DGL96|, see Theorem 21.2
therein, follows from a uniform control on all resulting partitions, implying consistency results
for sums over all partition elements. In Theorem 4, our approach is substantially different, since
by considering the pointwise or sup-norm error, the complexity term comes from the elements
of the partition only. In addition, Theorem 4 above might be compared with Theorem 6.1 in
[DGLI6|, which is suitable to either non-random or purely random (i.e., independent from the
sample) data partitioning ([BDLO8]). While Theorem 4 is valid for data dependent partitions,
we recover almost sure consistency by imposing two conditions that are similar to those required
in Theorem 6.1 of [DGLI6], namely diam(V(x)) — 0 and nP,,(V(x))/log(n) — 0. Depending on
whether the previous conditions hold uniformly in « or for a given x, the consistency, uniform
or pointwise, of the local map regression estimator can thus be obtained.

4 Shape regularity

We describe here the minimal mass assumption, which deals with the distribution of the covari-
ates P. We then introduce the concept of shape regularity for local maps.

4.1 Minimal mass assumption

The next minimal mass assumption allows to obtain an estimate for P, (V(z)), which appears
in the upper bound stated in Theorem 4.

(X) For a local map V on Sy, there exist a constant £ > 0 and a density function fx such
that, almost surely, for all x € Sx,

PV (2)) = fx (@) A(V(x)),
where \ stands for Lebesgue measure on R

The minimal mass assumption is quite general as it allows to include k-NN regression estimators
as well as partitioning estimators on [0, 1]¢. In the first case, V(z) is a (small enough) ball with
positive (random) radius. As shown in [Jial9], such assumption is satisifed by bounded from
below density on smooth sets Sy, as well as Gaussian or Laplace variables on R? (JGKM16]).
Some further details will be given in Section 5.1. In the second example V(z) is an hyper-
rectangle included in Sy = [0,1]¢ and therefore lower bounded densities on Sy easily satisfy
(X).

The following definition is now required to ensure that enough points are lying within each
element of the local map.

Definition 5. A VC local map x — V(x) with dimension v > 0 is called (9, n)-large whenever,
for all x € Sx, almost surely,

nmax(P,(V(z)), P(V(x))) > 8log (A‘@”“)) .

4]



Note in particular that the latter inequality is easy to check in practice as it suffices to make
sure that enough points are in each element of the local map.

Theorem 6. Let n > 1 and § € (0,1/3). Under (E) and (X), suppose that g is L-Lipschitz on
Sx, that the local map is VC with dimension v and is (0, n)-large, then we have with probability
at least 1 — 30, for all x € Sx,

352 log ((”T;””)
nkfx(z)A(V(x))

+ L(V(x)) diam(V(x)).

The previous result is different from the one of Theorem 4 as the bound no longer depends
on the number of points in the associated sets but instead on the volume. Together with the
diameter, these two quantities will be appear in the definition of the y-shape regularity, so as to
minimize the latter upper bound and therefore, to attain optimal rates of convergence for the
underlying regression problem.

4.2 Shape-regular sets

A key concept, which will help us to characterize the rates of convergence of the local map
regression estimators, is now introduced. As established in Theorem 6, under the minimal mass
assumption, the quantity |gy(x) — g(x)| is bounded by /1/(nA(V(x))) + diam(V(x)), up to
constants and log terms. Theorem 6 allows to understand that a trade-of between the volume
and the diameter must be achieved in order to reach optimal rates. In this regard, first note that
the volume cannot be larger than the diameter to the power d, as A(V(x)) < diam(V(z))?. Then
optimizing the previous bound with respect to A(V(z)) and diam(V(z)) under constraint that
AV(z)) < diam(V(z))¢ leads to A(V(z)) = diam(V(z))¢ = n~%(4+2) which leads to optimal
rate. On the contrary, if diam(V(z))? = v, A(V(z)) with 7, — 0o, then the rate of convergence
is suboptimal. This reasoning motivates the introduction of the following notion of shape-
regularity.

Definition 7. Fory >0, a set V is called y-shape-regular (v-SR) if diam(V)? < yA(V).

The previous condition can be interpreted as a volume condition: the volume of V' should be of
the same order as the volume of the smallest ball containing V. Roughly speaking, the shape
of V' is not that different from that of a ball. Moreover, it does not depend on the covariates
density, making it easy to check in practice.

We provide now an alternative to Definition 7, specifically designed for local maps valued in
the set of hyper-rectangles. For any hyper-rectangle A C Sx, let h_(A) and hy(A) denote the
smallest and largest side length, respectively.

Definition 8. For 8 > 0, a hyper-rectangle A is called B-shape-reqular (B-SR) if hy(A) <
Bh_(A).

It is easily seen that when a set V' is an hyper-rectangle, the v-SR. property is related to 8-SR.
This is the subject of the following proposition.

Proposition 9. A 3-SR hyper-rectangle is v-SR with v = f%d%?2. Conversely, a v-SR hyper-
rectangle is B-SR with 5 = 7.



The two definitions of shape regularity, v and 3, are therefore equivalent in the case of hyper-
rectangles. More precisely, the first implication from above will be of particular interest for us,
as it will allow to show that some regression trees are y-shape-regular. In practice, one way to
obtain a 3-SR (and therefore v-SR) tree is to allow only for 3-SR splits when growing the tree,
i.e., valid splits in light of Definition 8. This is easily imposed as it only requires to restrict the
optimization domain when finding the optimal split. We further develop this aspect in Section
5.2 below.

Note that, in dimension d = 1, trees are necessarily shape-regular for y =8 =1as h_ = hy.
From this perspective, dimension 1 plays a special role and might exhibit convergence properties
that would not generalize to larger dimensions.

Let us now formalize a bit more on the idea that a non-shape-regular set would lead to a
suboptimal convergence rate, at least for some regression functions that are sufficiently varying.
Consider indeed the function ¢ : x — Zzzl r defined on [0,1]%. Set d > 1 and assume that
X ~ U0, 1]d. Since g is Lipschitz - note that each partial derivative of g is actually equal to one
pointwise - optimal rates are of order n=1/(4+2) Consider estimating g at 0 using a rectangular
cell such that diam(V)?/\(V) > 7 where 5 > 0. Next we show that, under standard conditions,
the optimal rate cannot be achieved when 4 grows with n. This is important as it means that
the optimal rate cannot be attained except when % is bounded, meaning that trees need to be
shape-regular for being optimal.

Proposition 10. Let n > 1 and d > 1. Suppose that X ~ U[0,1]¢ and that (E) is fulfilled
with g(x) = Y4_, x. Consider a localizing map V such that V(0) = [[,.[0, hx]. Let 5 be such
that diam(V)4/\(V) > 7. Whenever 29+41og(2) < nHZZl hi, there exists a constant Cq > 0
depending only on d such that

2o2\ /(@+2)
Elav(0) - 90> ¢ (1)

More generally, the latter result still holds g(z) > Zizl zr—g(0) on V(0). An example of such
function is for instance g differentiable, Vg(0) = (1,...,1)T and g convex. But many non-convex
functions satisfy this condition of course. Note also that the previous result can be extended
to covariates X having a density uniformly bounded from above and from below. Note finally,
that the lower bound provided in Proposition 10 is also valid when for the Lo(P®")-norm of the
sup-norm estimation error ||gy — g||loo , since the latter quantity is bounded from below by the
pointwise estimation error.

4.3 Shape regularity of local maps

Let us now introduce the following definition which requires that all elements of the localizing
map are y-SR.

Definition 11. A localization map x — V(x) is v-SR if all elements in {V(x) : © € Sx} are
~v-SR.

We stress that for most trees, the randomness of the construction will require to study the
stochastic variability of  (see Section 6 where uniform, centered and Mondrian tree are consid-
ered). To validate the 4-SR condition, we now provide an optimal error rate for such v-SR local
maps when choosing a good value for the volume. In the next statement, we use the notation
f < g when there exists a universal constant a > 0 such that f < ag. We write f < g whenever

fSgandg S f.



Theorem 12. Under the assumptions of Theorem 6, if the local map is v-SR and if for all
z € Sx, \V(z)) =< (log((n +1)?/8)/n)¥4+2) we have, with probability at least 1 — 36, for all
r € Sy,

(n+1)”> 1/(d+2)

lo
iv(z) — 9(@)] S g(n‘s

where ¢ = \/302/(kfx(x)) + L(V(x))yY% In addition, whenever Sx is bounded and fx(x) >
b >0 for all x € Sx, we have, with probability at least 1 — 36,

log < 5
sup |gy(z) —g(x)| Se| ——F
TESX n

where ¢ = \/302/(kb) + Ly

5 Data-dependent local regression maps

In this section, we show that shape regularity is useful to analyse local regression maps that are
data-dependent. The first example is the nearest neighbors regression estimator and the second
one is a modified version of the CART-like algorithm.

5.1 Nearest neighbors regression

Nearest neighbors regression estimators are local maps estimators for which V(z) = B(z, 7, x(z))
where 7,, () has been defined in Section 2, Example 3. Using the standard index order to break
possible ties, we have P,,(V(x)) = k/n and, by relying on Theorem 4, we obtain the following
result.

Theorem 13. Letd € (0,1/3), n>1,d > 1 and k > 8log(4(2n+ 1)\ /§). Let V be obtained
from nearest neighbors algorithm as detailed in Example 3. Suppose that (X) is valid for all balls
with radius smaller than Ty > 0. Suppose that (E) is fulfilled, and that g is L-Lipschitz on Sx.
We have with probability at least 1 — 36, for all x € Sx such that 2k < Tdnr fx(z),

202log((n + 1)4+1/5) < 2k

1/d
i) - 9ol </ : o) L),

Note that the conditions on the value of k are satisfied for n sufficiently large and k =< n®, for
any a € (0,1). The assumption that (X) is valid for all balls with radius smaller than T > 0 is
easy to check when the density is lower bounded by a constant b > 0 on Sx (in which case Sx
must be compact) and when Sx satisfies fSXﬂB(:c,T) > ko7? for all T < Ty, for some ko > 0 and
Tp > 0. This is done in [Jial9, Por21| and extended to unbounded sets Sx in [GKM16].

To our knowledge the above result is new among the nearest neighbors literature, in which uni-
form deviation inequalities are provided, to our best knowledge, for densities uniformly bounded
away from 0. Such results have been investigated recently in [Jial9] and [Por21] for compactly
supported covariates. In contrast, the above upper bound is valid for all x in any domain Sx,
at the price of accounting for regions with low density value that may deteriorate the accuracy.
We have the following corollary in which we consider an optimal choice for £ as well as a lower
bounded assumption on the density.

10



Corollary 14. Assuming that n is sufficiently large, then choosing the integer k < n?/(@+2) log((n+
1)4+1/8)4/(d+2) in, Theorem 13 yields the following inequality with probability at least 1 — 38, for
all x € Sx,

)

log((n + 1)*1/6) ) V)

n

av(e) — g(@)] S (

where ¢ = V202 +2L(V(x)) [2/(f<afx(a:))]1/d. In addition, whenever Sx is bounded and fx(x) >
b >0 for all x € Sx, we have, when n is sufficiently large, with probability at least 1 — 34,

)

log((n + 1)*+! /5))1/ (2

sup (o) — gfa)] S e (2

TESx
where ¢ = /202 + 2L [2/(kb)] /7.

We note that the convergence rate is the same as in Theorem 12. However, the constant ¢
differs significantly in the two results as when fx(x) is small, the constant in Theorem 12 is of
order (rfx(x))~1/2, whereas in Theorem 13 it scales as (kfx (x))~'/<.

5.2 CART-like regression tree

We now consider general local regression trees for which each split is selected using a general
cost function. In particular, the deviation inequality obtained below is valid for local regression
maps that may depend on the whole dataset (X;,Y;)i=1,..» and not only on the covariates as
in nearest neighbor algorithm. We call these trees "CART-like", since the CART algorithm is
arguably the most important instance of such data-dependent regression trees, due to its wide
fame and use in practice.

Let us introduce a general class of recursive data dependent trees. For a given cell V', a split
is characterized by two parameters (p,u) € S :={1,...,d} x (0,1). The resulting left and right
child cells, V(I) and V(r), are such that for any k # p, hi(V (1)) = hp(V(r)) = hi(V), and
for k = p, hx(V(1)) = hx(V)u and hx(V(r)) = hx(V)(1 — u). We also recall that h_(V) =
ming—;  4hr(V) and hq (V) = maxg=1,._qhi(V). With this notation, the split condition for V'
to be f-shape regular can be expressed with the help of a restriction on the set of valid splits.
Given V, let us define the set of S-shape regular splits as

S5(V) = {(pu) € S : ha(V(s)) < Bh_(V(s)), Vs € {L.7}}.

We note that when 3 > 2, the S3(V') cannot be empty. Splitting the largest side in the middle
is always in Sg(V'). Another restriction on the splits is needed to ensure a sufficient number of
points. It is given by

Sm(V) :={(p,u) € S : nP,(V(s)) >m, Vs e {l,r}}.

We do not need to fully specify the splitting criterion. When S,,,(V) # 0, the split in the cell V
is defined as a minimizer on Sg(V') N.S,,(V), of a cost function M, given by

M, : S xR([0,1]%) =R
((p,w),V) = Mn((p,u),V),

where R ([0, 1]¢) is the set of hyper-rectangles in Sx. In case S,,(V) = 0, no split is performed
and the cell V remains unchanged. The main strength of our analysis lies in the generality of

11



the cost function, which can actually be any function that may depend or not on the sample.
For instance, in CART-regression, the cost function depends on the sample and is defined as

Yixev(Yi = Y(V(D)? N Yixievin(Yi =Y (V(r)))?
nP(V (1)) nP(V(r))

where Y/(V) = ..« oy Yi/ (nP(V)) for any cell V.

My((p,u),V) =

Algorithm 1 CART-like regression tree

Input: Sample (X;,Y;)i=1..n C [0,1]% x R, minimal number of points m € {1,...,n},
shape-regularity 8 > 2, cost function M, : S x R([0,1]%) — R. Let V(© = {[0,1]¢} be the
initial partition, made of one element (i.e. |V(O| =1).
for j=0,1,... do

Let VU+D = ) denote the partition at step j + 1. The update is as follows:

for k=1,2,...,|VY| do

(a) Whenever Sm(Vk(j )) # (), define two children, V(1) and V(r), according to

arg min M, ((p, u), Vk(j))
() €85 (VE)NSm (V)

If the above optimization problem has no solution, just pick p as the largest side
and u = 1/2. Set ' '
VU = (VU v (), V()

(b) Whenever Sm(Vk(j )) = (), child is same as parent. Set
yUth — [y G+, Vk(j)}

end for

STOP if VU+D = V) (no valid split exists)
end for
Return the final partition elements V(+1)

By splitting on Sz and Sy, Algorithm 1 ensures that two conditions are met when growing the
tree. The first growing condition, that is the 8-shape regularity of the cell, may not constitute
a stopping criterion. Indeed, because 5 > 2, one can always split at the middle the largest side
of the considered cell. The other growing condition on m is easy to check in practice since it
amounts to keep a cell as a leaf if and only if the number of data points belonging to that cell
is greater than m and strictly smaller than 2m. As a consequence, one might modify classical
algorithms, in the case precisely where the split proposed by the algorithm does not respect the
B—shape-regularity condition for a prescribed value of 5 or the other growing condition asking
for sufficiently many points in the cells. The next theorem gives a deviation inequality for the
associated regression map.

Theorem 15. Let Sx = [0,1]¢, 6 € (0,1/3), n>1,d>1, 3> 2 and m € {1,...,n} such that
m > 4log(4(2n + 1)2?/8). Suppose that (X) and (E) are fulfilled and that g is L-Lipschitz. Let

V be the local regression map obtained from a CART-like tree with input parameters B, m and
cost function My, then we have, with probability 1 — 36, for all x € Sx,

o2 log((n m 1/d
via) — o)) <\ 22OV |y ayyava (B )

m nfx(z)r

12



Note that the conditions on the value of m are satisfied whenever n is sufficiently large and
m =< n®, for any a € (0,1). Notice that taking m = n2/(d+2) i the estimation bound of Theorem
15 gives the optimal convergence rate n~1/(@+2) yp a multiplicative logarithmic term. Moreover,
such a value of m allows the bound to be valid with a probability that grows to one polynomially
in n, since the constraint m > 4log(4(2n+1)%¢/5) will be then satisfied. In addition, such results
and comments remain valid for the rate of convergence in sup-norm whenever the density f is
uniformly bounded from below by a positive constant independent of n. This is stated in the
subsequent corollary.

Corollary 16. In Theorem 15, if the integer m is chosen as m = n?/(@+2) log((n+1)2/§)4/(d+2),
then we have the following inequality for n sufficiently large with probability at least 1 — 36, for
all x € Sx,

)

log((n + 1)21/4) ) V)

av(@) — 9(a)| S c (

where ¢ = V202 + BL(V(2)\WA[5/(kfx (@)Y In addition, whenever Sx is bounded and
fx(@x) > b >0 for all x € Sx, we have for n sufficiently large and with probability at least
1 -39,

9

<log((n +1)%4)6) > 1/(d+2)

sup [gv(2) — g(@)] 5 ¢ .

T€SX
where ¢ = \/202 + BLVA[5/ (k)] Y%

The previous result shows that CART-like regression trees are able to attain the optimal rate
of convergence as soon as a simple constraint - restricting acceptable splits by a simple rule - is
imposed during the tree construction.

Interestingly, results presented in [CKT22] tend to indicate that such modifications are in
general necessary for the classical CART algorithm to achieve a good pointwise - or uniform
- behavior. More precisely, it is shown in [CKT22] that the use of CART is problematic for
the estimation of a constant regression function, measured with the sup-norm error. Indeed, its
rate of convergence in dimension one is slower than any polynomial of the sample size n, with
non-vanishing probability. In addition, the honest version of CART - i.e. when the prediction
values among the cells use data that are independent of those used to construct the partition,
see Definition 5.1 in [CKT22]| -, is proved to be inconsistent with positive probability as soon as
the tree depth is of order at least log(log(n)). This is due to the fact that the splitting criterion
produces leaves that are too small.

Our results complete the picture drawn in [CKT22| by putting forward the fact that producing
too small cells is the only problem that can occur with the use of CART in dimension one. Indeed,
any cell being [-shape-regular in dimension one, with § = 1, Theorem 15 shows that the only
problem must come from the amont of data m in the least populated cell. Indeed, if m is of
order log(n), then our deviation does not converge to zero when ¢ is fixed and the sample size
goes to infinity. This is basically what happens in [CKT22|. In such case, we are indeed not
able to prove the consistency of CART. On the contrary, when m is of order n?/(4+2) Corollary
16 shows that our modified version of CART is rate optimal in sup-norm.

6 Purely random trees

We consider now purely random trees (PRT), that are built by successively refining a partition
of the space, in a way that is independent from the initial sample D,. Before considering
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uniform, centered and Mondrian trees, we start by studying a key property of Lebesgue volume
invariance which will be satisfied for the trees of interest. In this section we assume, for clarity,
that Sx = [0,1]¢ and we always take z € Sy.

6.1 Lebesgue volume invariance

To set up notations, let us describe a PRT locally around a point x using the local maps
framework introduced before. The tree is generated iteratively, and at each step ¢, for the cell
V(x) containing x, a coordinate is selected according to a random variable D; € {1,...,d} and
then the side of the cell in direction D;, that we write (a,b), a < b, is split into two intervals
(a,a + (b—a)S;) and (a + (b — a)S;,b), thus defining two new cells C; and C3. Consequently,
each step ¢ consists in splitting a cell and depends on a pair of random variables (D;, S;), that
is independent from the dataset D,,. After N steps, we denote V(z) = V(x, (D;, S;)X,).

In the following proposition, we state the remarkable fact that the Lebesgue volume of the
cell can be expressed independently from the successive coordinate choices. We denote S; the
length reduction of the side D; of the considered cell at step %, that is either equal to .S; or 1 —5;
according to the fact that the coordinate xp, is smaller or greater than a+ (b— a)S; respectively.

Proposition 17 (Lebesgue Volume Invariance). With the notations above, the following formula

holds
N

i=1
Assume in addition that for any i, the distribution of S; is symmetric around 1/2, that is,
S; ~1—8;. Then we get the following equality in distribution,

N
=1

Note that for centered or uniform random trees, the distributions of the S;’s are indeed
symmetric around 1/2. Furthermore, for centered trees, S; = 1/2 almost surely, the Lebesgue
volume of the cell containing = after N steps is equal to 1/2%V.

It is worth also noticing that actually, the formulas of Proposition 17 are valid even if the
random variables D; and S; depend on the dataset. Thus, the Lebesgue volume of the cell
containing x is independent from the direction choices as soon as the random vectors (D;)N
and (S;); are independent from each other, but not necessarily from the dataset.

6.2 Uniform random trees

Let us first provide some deviation bounds for the diameter and volume of the localizing map
built with uniform random trees.

Proposition 18. Consider that S; = U; are independent and uniformly distributed over (0,1)
and that D; are independent from each other and from the U;’s and uniformly distributed over
{1,...,d}. Then, for V(z) = V(x,(D;, S;)Y,) and for any 8 >0,

P(diam(V(z)) > Vde NFNBY < ge= N /1,
Moreover, for all p € (0,2/d) we have,

P(diam(V(z)) < Vde N/4=N8) < de—NdB*/8.
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Proposition 19. Consider that S; = U; are independent and uniformly distributed over (0,1)
and that D; are independent from each other and from the U;’s and uniformly distributed over
{1,...,d}. Then, for V(z) = V(x,(D;,S)¥,) and for any a > 1,

POV(x)) < e7) < (aet=)™
In addition, for any o € (0,1),
POA(V(z)) > e ) < (aelfa)N

Corollary 20. When the number of splits goes to infinity, it holds that, almost surely, there
exists ng > 1 such that for all N > ng,

\/gefN/dféh/Nlog(N)/d < dlam(V(x)) < \/gefN/d+2\/2Nlog(N)/d

and

e—N—Z«/Nlog(N) < )\(V(.ﬁlﬁ))) < e—N+2«/Nlog(N).

Moreover, if we denote the normalized diameter diam™ (V(z)) := diam(V(x)))/Vd, we obtain
for N large enough,

2y/Ngmaava) o dam® V@) o memiavas)
T V@) T
The previous results are valid in any dimension d > 1, but it is worth noting that in dimension
one, the (normalized) diameter of any cell is always equal to its Lebesgue volume, diam(V(z))) =
diam® (V(z)) = A(V(z))).
We deduce the following high probability upper bound on the pointwise error of the resulting
local map regression estimator.

Corollary 21. Letn > 1,d > 1, x € Sx and N = dlog(n)/(d + 2). Suppose that V(z) =
V(z, (Dy, Si)N.,) is obtained from a uniform random tree as described in Proposition 18. Under
(E) and (X), suppose that g is Lipschitz on Sx. Then there exists C > 0, that only depends on
the parameters of the problem but not on n, such that with probability 1, there is ng such that
for all n > ny,

\Qv(:l?) _ g(l‘)’ < Cnfl/(d+2) /log(n) eQ«/log(n) loglog(n)_

From Corollary 20, we see that the local regression map estimator based on the uniform
random partition achieves with probability tending to one an estimation error on a fixed point
of the covariates space that is close to - but a priori greater than - the optimal one, in the sense
that for any e > 0, the estimation error is negligible compared to n=1/(@+2)+¢ for n sufficiently
large.

The following negative result establishes that uniform trees are not shape-regular, thus indi-
cating that the optimal rate of convergence may indeed not be achieved by the local estimator
based on a uniform random tree.

Proposition 22. Uniform trees are not 3-SR, i.e., for any N > d and any hyper-rectangle
V(z) = V(x, (Dy, S;))X.,) obtained from a uniform random tree as described in Proposition 18,
we have, with probability at least 1/11,

hy(V(2)) eV N/d
UG

While, in the above, the value 1/11 can certainly be improved, we stress that our result implies
that shape-regularity fails to happen on an event having positive probability (independent from
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6.3 Centered random trees

In the case of centered random trees, the volume of the cell V(z) after N steps is simply
A(V(x))) = (1/2)N. The diameter of the localizing map behaves as follows.

Proposition 23. Let d > 2 be an integer. Consider that S; = 1/2 almost surely and that D;
are independent from each other and uniformly distributed over {1,...,d}. Then, for V(z) =
V(z, (D;, Si)X.,) and for any o € (0,1/d),

P(diam(V(z)) > Vd2~N) < d (1 _ 1;6)]\[50‘]\7,

where = (d — 1)a/(1 — «). Moreover, for any o € (1/d, 1), we have for the same [

P(diam(V(x)) < Vd2~N) < d (1 - 1;5>N gon,

We have the following corollary about the shape regularity of centered random trees.

Corollary 24. When the number of splits goes to infinity, it holds that, almost surely, there
exists ng > 1 such that for all N > ng,

\/a2—N/d—2\/(d—l)Nlog(N)/d2 < dlam(V(.ﬁ)) < \/;i2—N/d+2\/(d—l)Nlog(N)/dQ_

Moreover, if we denote the normalized diameter by diam® (V(x)) := diam(V(x)))/vd, we obtain
for N large enough,

9—2y/(d—1)Nlog(N) dian(l#gv)(;))d < 92¢/(d-1)Nlog(N)
- AV(zx -

In the same spirit as for uniform random tree, we give an upper bound on the pointwise error
of the resulting local map regression estimator.

Corollary 25. Letn > 1,d > 1, x € Sx and N = dlog(n)/{(d + 2)log(2)}. Suppose that
V(z) = V(z, (Di, S;)X.,) is obtained from a centered random tree as described in Proposition 23.
Under (E) and (X), suppose that g is Lipschitz on Sx, there exists C' > 0, that only depends on
the parameters of the problem but not on n, such that with probability 1, there is Ny such that
for all n > Ny,

’gl}(l’) N g(a:)| < Cnfl/(dJrQ)eQ\/log(n) loglog(n).

As for uniform random trees, the convergence rate is close to - but greater than - the optimal
one, in the sense that for any e > 0, the estimation error is negligible compared to n~1/(d+2)+e
for n sufficiently large.

We also include a negative result which establishes that centered trees are not shape-regular.

Proposition 26. Centered trees are not 5-SR, i.e., for any N > d and any hyper-rectangle
V(z) = V(x, (Dy, Si)X.,) obtained from a centered random tree as described in Proposition 23,
we have, with probability at least 1/14,

hy(V(z)) > oV/N/d.
h-(V(z))
As for Proposition 22 above, the precise value 1/14 does not play any crucial role here. The
important fact is that Proposition 26 shows that shape-regularity is violated on an event having
positive probability (independent from n).
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6.4 Mondrian trees

A Mondrian process MP is a process that generates infinite tree partitions of Sx = [0, 1]¢. These
partitions are built by iteratively splitting the different cells at random times, where both the
timing and the position of the splits are determined randomly. Additionally, the probability that
a cell is split depends on the length of its sides, and the probability of splitting a particular side
is proportional to the length of that side. Once a side is selected, the exact position of the split
is chosen uniformly along that side. We can then define the pruned Mondrian process MP(\).
This version introduces a pruning mechanism that removes splits occurring after a specific time
A > 0, which is referred to as the lifetime.

Mondrian trees are studied in details in the paper [MGS19|, along with various properties
that help demonstrate that Mondrian trees are 8-SR in probability.

Proposition 27. Mondrian trees are 3-SR in probability. More precisely, for any x € [0, 1]d,
let V(z) be the hyper-rectangle containing x obtained from a MP(\) tree. For§ <1—(1—e )9,
we then have, with probability at least 1 — 24,

he(V(x)) _ 5dlog(s/d)
(V@) = Tog(1—0)

This implies that there is a constant Ks > 0 such that hy(V(z)) < Ksh_(V(x)) and thus
hy(V(x))/h—(V(x)) = Op(l). As a consequence, we obtain optimal rates in probability - that
is, that hold with a fixed positive probability - for Mondrian trees.

7 Proofs

Proof of Theorem 2

Let Pxn denote the conditional probability given X,...,X,. Let V = {V(z) : = € R?} and
define
G={(1a(X1),...,14(X,)) : A€ A}

With this notation we have

2z Cilye) (Xi) St Eigi

sup = sup
vkt \ S Ty (X)) (€6 \ [T g5

Consequently, for all ¢ > 0,

" gl X; no
Pxp | sup 2z filvw () < Pxyp U 2isii%i
n n
ek \/ijl Ly (X;) (91,90 €G > i-19j
< Z ]P)X{L 2171 €igi > ¢
n
(915---,9n)€G Z]’:l gj
Moreover, since the conditional law of ; with respect to X7, ..., X,, is sub-Gaussian with param-

eter 02, then €;g; is sub-Gaussian under P xp, with parameter o? gi2. Hence, > 7" | €igi/ 2?21 9j
2

is sub-Gaussian with parameter 02" | g2/ > j-19; by independence. Moreover, 3 7, g2 =
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>iz1 9i because g; € {0,1}. Hence, 37 ig:/4/> 7 g; is sub-Gaussian with parameter o?

under Pxr. Therefore, we obtain

n g1l z Xz' —t2 —t2
PX{L sup Zz_l V( )< ) >t] < Z exp <22> < Sy(n)exp <22> .
z€R? \/Ej:l ]lV(z) (Xj) (g15---,9n)EG 7 g

If we set 6 = Sa(n)exp (—t?/(20?)), we have t = \/202log (S4(n)/d). Finally, with probability
Pxr at least equal to 1 — 4, we get

> i Eilly() (Xi) Sa(n)
féluWZl Ty (X)S\/%%g( 5 )

Since 0 is independent of (Xi,...,X,), we obtain the result by integrating with respect to
(X1,...,X5). O
Proof of Theorem 4

Let z € Sx. We write the bias-variance decomposition gy(x) — g(x) =V + B, where

>oi Eilly(g) (Xi) and B o= i1 (9(X5) = g(2)) Ty (X3)
> i1 Ty (X5) ' > it Ty (X)) ‘

The inequality from Theorem 2 gives, with probability at least 1 — 24, for all x € S,

V.=

-1

Yic1Eilv )(X )
sup

eR? | /3751 Ly v \/

Using the inequality S 4(n) < (n+1)" we recover the first term of the stated bound. Furthermore,
using the triangle inequality, we obtain that

> ie l9(X ) 9(2)| Ty(z)(Xi)

Vi<

202 log A(n) > .

> (X))
j=1

|B] < ST T ()
D ie supyewz \g( ) = 9(2)|Ly@) (X))
: 1 > =1 Ly (X5) - yzg?x) lg(y) — g(z)].

Moreover, using the Lipschitz assumption, it follows that

9(y) — g9(z)| < LV (2))[lx = yll2 < L(V(2)) diam(V(z)),

which concludes the proof. O

Proof of Theorem 6

Assume that the maximum of P, (V(x)) and P(V(z)) is P(V(z)). We have, by assumption, for

all x € Sx, (V( )) 4( )
nP(V(x 2n+1)Y

AT s )

5 4log< 5 )
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Using that 1 — 1/4/2 > 2/3, we deduce that

4log (4(2n; 1)v>

nP(V(z))

<1-

Wl N

Hence, using Theorem 29, we obtain that with probability 1 — ¢, for all z € Sk,

POV(@)) > 2k fx(@)AV(x).

4log(4(2n+1)v/6) 2
3 =3

P,(V(z)) > P(V(x)) (1 - \/ nP(V(z))

Now, if the maximum of P, (V(z)) and P(V(x)) is P,(V(z)), then we have
Pn(V(2)) = P(V(2)) = rfx(2)A(V(2)).

Using Theorem 4 and the previous inequality on P, (V(z)) yields the result. O

Proof of Proposition 9

Let A be a hyper-rectangle. We use the shortcut h_ and hy for h_(A) and hy(A), respectively.
The first statement is a consequence of diam(A) < V/dh, and M\(A) > h%, as using S-shape
regularity, we obtain

diam(A) < VdBh_ < VdBA(A)Y/.

The second statement can be obtained as follows. Since diam(A) > h; and A\(A)Y/4 < hrl/ dpl/d
we find

ao diam(4) by (b 1/d
=MV T T )

Proof of Proposition 10

Let Vo = V(0). Define

> i1 (Vi — g(X6)) 1y, (X3)
Z?:l Ly, (Xl>

Yoy 9( X)Ly, (X5)
Z?:l ]lVo (XZ)

W =

and
B =

We have, since g(0) = 0,
9(0) = 9(0) = W + B,

and by conditional independence
E[(gv(0) — 9(0))*] = E[W?] + E[B?].

The lower bound for W can be obtained relying on (E). We have

0.2

EW? X1, ..., X = =<+
[ ’ ] Zi:l]lVO(Xi)
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and then, taking the expectation and using Jensen’s inequality, we get

-1

n
EW?] > o°F [Z Iy, <X¢>] = 0> (nA(10)) ™.

i=1
To obtain the lower bound on B, we make use of (X). Let V} = szl[hkﬂ,hk] C Vo. We
have, ap = > 1 Ty (X;) > D7 1y, (X;) = a1. We are looking for a constant ¢ > 0 such that
a1 > cap in order to have
>ic1 9(Xi) Ly, (Xi)

B > o
Zi:l ]1V0 (Xz)

This implies that
2

E[B? > E[14,5ca B > CZ diamy (Vo)?P(ay > cap).

Let us look for such a constant ¢ > 0. From Theorem 30, one has that with probability at least
1-26=1/2,

o _ e (1 V2Iog@/(P()))

= > ]

a0~ B0 (14 /8log(4)/(nE (1)) )
Furthermore, note that A(Vy) = Hi:l hi/2 = 274 szl hi = 279\(Vp) and P(Vy) = A(V},) for
cach k € {0,1}. Note also that we necessarily have n [[{_, by > 23 log(4) > 3 x 2¢+110g(4) >

3 x 4log(4). This ensures also that the numerator is positive. As a consequence, we find that,
with probability at least 1/2

) 24+ 1 og(4)

o d _
ﬂ>2_d nszlhk >2_d1_1/2:2—d::c.
ap 3log(4) 1+1/2 3

1+ ——a
nHk:l hy,

Thus, we have obtained that
E[(v(0) — 9(0))’] = E[W?] + E[B’]

N

>
= A(o) 8

where v = 7% Let a1 and as be positive real numbers. By studying the function ¢ : x +—
a1z~ %+asz? on Rs g, we notice that 1 has global minimum achieved at z,, = (ald/(2a2))1/(d+2).
This implies that

1/d.

. 2 ai
min ¢ (x) > ;a2 <ad+2 + 1)

x>0
B &d 2/(d+2) g o
- 2a2 42 d

2/(d+2
— ag/Qald e 2 +1
B 2 d
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Now, setting a1 = o?n~!, ay = (¢y)?/8, we find

2 (e)d \ 2/ (@+2) o2\ 2/ (+2)
E[(gv(0) — 9(0))°] = »(A(V) /%) > < (2%” ) <1+Z> = C (771>

2 d 1/(d+2) 1 d/(d+2)
o 3 )
d\2 24./72

Proof of Theorem 12

where

By assumption, there is (a_,ay) such that 0 < a_ <1 < a; < 400 and for all z € Sy,

log ((n + 1) /5)>d/ d+2)

n

<azA(V(z)).

A(V(@))a_ < <

According to Theorem 6, the v-SR assumption, we obtain with probability at least 1 — 36, for
all z € Sx

) 3J2log( )
)~ 9(o)] £\ T x)) )) diam(V(2))
302log( J1/d 1/d
SN\ nefx @A @) V(=)

+ LOV(@)y AV ()4

\/30—2)\(1/( ))(d+2)/d (d+2)/d
Kkfx(z)A (V(az))

30244+
< W + LY@ | AV ()M

(nt1)? 1/(d+2)
302a(d+2)/d log <75 )
< =+ .1 1/d o\ 0 ) —l/d'
( ey @ . -

The result follows by taking care that a(d+2)/ < ai and ail/ d < a~' which means that the

universal constant in the upper bound can be taken as ai/ 2 Ja_.
O

Proof of Theorem 13
For any z € Sx, define 7(x)? = 2k/(nkfx(x)) and check that 7(z)¢ < T. Using (X) we obtain

Vo e Sy, nP(B(z,7(x))) > nkfx(z)r(x)? = 2k.

Next from Theorem 29, and using that the set of all balls in R?, denoted by A, has Vapnik
dimension d + 1 so that S4(2n) < (2n + 1)@ we deduce that with probability 1 — 4,

Vx € Sx, nlPp(B(z,7(x))) > nP(B(z,7(x))) — \/nP(B(x,T(:E)))4log(4(2n +1)(d+1) /5).
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Note that = — = — v/2/ is increasing whenever z > ¢ /4. Since, by assumption on k,
Ve e Sx,  nP(B(x,7(z)) > 2k > 161log(4(2n + 1)V /§) > log(4(2n + 1)1 /).

We obtain that, with probability 1 — 6,

Vo€ Sx,  nPu(Bla,7(2))) > 2k — \/8klog(4(2n + 1)@+ /5),

Now using again the assumption on k, k > 8log(4(2n + 1)(@*+1D/§), which implies that with
probability 1 — §
Vx € Sx, nP,(B(z,7(x))) > k.

However, for each z € Sx, 7, () is defined as the smallest such value of 7. Therefore, we
obtain that for all x € Sx, 7, k() < 7(z) then, with probability 1 — ¢,

< 2k
~ nefx(x)

The result then follows from applying Theorem 4. The variance term is obtained just noting
that nP,(V(z)) = k and v = d + 1 because the local map is valued in the collection of balls
which VC dimension is given in [WD81]. For the bias we use the Lipschitz condition and the
inequality above since the ¢2-diameter is twice the radius Tn,k(x), which gives the upper bound
with probability at least 1 — 34.

Vr € Sx, 7A'n7k($)d

Proof of Corollary 14

By assumption, there is (a_,ay) such that 0 < a_ <1 < a4 < 400 and
ka. < n?/(d+2) lOg((TL + 1>d+1/5)d/(d+2) < ay k.

According to Theorem 13, we have the following inequalities with probability at least 1 — 34, for
all x € Sx,

|9v(@) = g(2)]
202 log((n + 1)d+1/6)a 202/ (d+2) 16 (n+ 1)d+1/5)d/(d+2) 1/d
< \/nQ/(d+2 1Ogg((n+ 1)d+1/5)d7(d+2 +2L(V(z)) ( iﬂfx(@a_ )

<log ((n +1)41/6) )1/ (d+2)

where ¢ = V202 + 2L(V(z)) [2/(kfx (x))]"/?. This choice of k is valid for applying the theorem
as long as 8log(4(2n+ 1)\ /§) < k = n? (442 log((n+4 1)1 /5)¥/(4+2) < Tdnk fx (2)/2, which
is satisfied for n sufficiently large. Moreover, if f is bounded below uniformly on Sx and n is also
sufficiently large, we can uniformly bound the upper bound v202 + 2L(V(z)) [2/(k fx (z))]/?

by V202 + 2L [2/ (k)] V7. O

Proof of Theorem 15

The proof follows from an easy application of the next result which is stated for general local
regression maps.
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Theorem 28. Let Sy = [0,1]¢, § € (0,1/3), n > 1, d > 1, and m > 4log(4(2n + 1)%4/5).
Suppose that (X) and (E) are fulfilled and that g is L-Lipschitz. Let 8 > 2 and suppose that
V is a local regression map valued in the set of hyper-rectangles contained in Sx, for all V €

V() : 2 e R},
hy(V) < Bh_(V) and nP,(V)>m,

then we have, with probability 1 — 39, for all x € Sx,

o2 log((n m 1/d
vie) — o)) <\ 22OV |y yava (B )

m nfx(x)k

Note that, when growing the tree, the constraint h4 (V) < Sh_(V') can never be a stopping
criterion because one can always select the largest side and split it in the middle. When the
tree is fully grown according to the prescribed rules, acceptable splits are no longer possible.
Therefore any V' satisfies

2m > nPp(V) > m.

Since the Vapnik dimension of hyper-rectangles is v = 2d, using Assumption (X) and Theorem

29, we obtain with probability at least 1 — 4,

4(2n + 1)%4
)

>+2IP’n(V)§m+4m:5m.

n n n

(et < B() < og

In addition,
5m, 1/d
diam(V) < Vdhy < VdBh_ < Vdp <) .
nfx(x)k
It remains to apply Theorem 4 and to use that nlP,(V) > m for the variance term to get the
stated result. O

Proof of Corollary 16
It is sufficient to reason as in Corollary 14 by applying Theorem 15 and by bounding fx from
below by b > 0. ]

Proof of Proposition 17

Recall that Sx = [0,1]%, so each side length of the initial cell is equal to one. For any
k € {1,...,d}, we have the following formula for the length hj of the side k of the cell
V(l’, (Div Sl)iil)y

n (%)

hy, ZHSfi ,
i1

where Bi(k) = I[p,—;. Taking the product over k gives

d d n ) [ )
IS 01 CA ICESE
k=1 k=1i=1 =1

The result follows by noting that A(V(z, (D;, S;)X.,)) = szl hi and that for any i, Ei:l Bi(k) =

1, the latter identity simply corresponding to the fact that exactly one side of the cell is split at
each step. ]
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Proof of Proposition 18

First notice that, by a union bound and symmetry in the directions, we have

P(diam(V(z)) > t) < dP <h1 > \%) .

)

Furthermore, by denoting Bi(1 = 1 p,—1 as in the proof of Proposition 17, we get for any r € (0, 1)

and A > 0,
N
N BV N
P(hy > ™) =P ([T >r
i=1
N
N Jae) A E |:U1)\B§1):|
cg | [z Ui _
= rN )
It holds 0 . .
AB
E|\U7 | = -
[ ! ] d(1+ ) d
Hence,

P > ™) < (-1 Nr—AN
== \dia+ d '

First note that it suffices to optimize the bound for N = 1. Let us denote

1 1
QW = gy T

and

h(X) = Q\)r.
Denote 7 = (1/e)Y/4=# for 8 > 0, then

|
=

AN
o
¥
ko
N
>
Vi N Y
QUl— - -
|
o)
N N~
|
=8
—
—
+
>
S~—
~~_

By taking A = df3/2, we get
P(hy > NE-1/d)y < (=dBN/4,

Then for all 8 > 0, we obtain

P(diam(V(z)) > VdeNP-YD) < gp (h1 > eN(ﬁA/d)) < de—IN/A,
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We now consider the lower bound. We proceed in the same way as before. By a union bound
and symmetry in the directions, we have

PﬁhmnO%mD)ﬁt)ﬁdP(hlg}ja>.

Furthermore, for any (r, \) € (0,1)2,

N " B N al _ABW
P(hlgr ):P HUll ST‘ =P HUZ i Zr—)\N
i=1

i=1

_ B M N
) ][
<E =2 ¢ = .

It holds ) o ) )
—)\B
E|U Ll = 1—-=
o } d(1—)\) Ty
Hence,
P(hy <rV) < ;qul—1 NMN
- —\d(1 =) d '
Without loss of generality, we can optimize the bound for N = 1. Define
1 1 A
N)=———+1—-==14+ ——-
CV=ga—y Tl aaowy
and

h(A) = Q).
Set r = (1/e)/4P for B > 0, then for all X € (0,1/2),

h(\) = exp <—>\ Cl + ,6’> + log <1 + M))

on (i)
oo 34) 2052
- (5(-2))

where in the second inequality we used the fact that (1 — A\)~™! < 142X for A € (0,1/2). By
taking A = dp/4 € (0,1/2), we get

P(hy < efN(BJrl/d)) < e—dB*N/8
Then for all 8 € (0,2/d),

P(diam(V(z))) < Vde NB+HV/y < gp (h1 < e_N(ﬁJrl/d)) < de~WN/8,
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Proof of Proposition 19

As in the proof of Proposition 18, we optimize along some polynomial moments controlling the
deviation probability of interest. We have A\(V(z)) = sz\il U;, which gives, for any a > 1,

A€ (0,1),
e—No&\_ eiaA N
IRVEDY
By taking A =1 —1/«, we get

P((A(V(2))) " 2 ") < (ae' ™).

N

[[v

1=1

P(A(V(2))"! > V) <E

Moreover for any A > 0, « € (0,1),

N ea)\ N
—Na | | A NaX __
A = e )=F i=1 e a <1 + )\>

Proof of Corollary 20

We will use the Borel Cantelli lemma together with the inequalities obtained in theorems 18 and
19. To prove the upper bound on the diameter, we provide values Sy leading to small enough

probabilities. More precisely, by taking By = 21/21og(N)/(dN), we get e Ndx/4 = N=2_ Then

d

P (diam(V(ac)) > \/&eNH/MN)) <5

The Borel-Cantelli lemma then gives

P <liminf {diam(V(x)) < \/geN(l/dJrﬁN)}) =1.

N—+400

This means that almost surely, beyond a certain rank, we have
diam(V(z)) < VdeN(—1/d+8N),

For the lower bound on the diameter, we proceed in the same way with the choice BN =
4./Tog(N)/(dN), or equivalently e NV4%/8 = N2 We deduce that, almost surely, beyond a
certain rank,

diam(V(z)) > de=N(/d+BN)
Now regarding the volume, we set ay = 1+ 24/log(N)/N and we obtain

(ane! M) = exp (—2\/Nlog(N) + Nlog (1 + 2\/log(N)/N)> .
As log (1 +2./Iog(N) /N> — 2,/log(N)/N — 2log(N)/N + O ((log(N)/N)3/2), we get

(aNelfaN)N = exp (—2log(N) +0 (log(N)B/Z/\/N>) ~1/N?.
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The Borel-Cantelli lemma gives us that almost surely, beyond a certain rank ng, we have

AV (2)))
VN > ng, > 1.
= "o efoQN/Nlog(N)

For the upper bound on the volume, we set for N > 9, ay =1 — 24/log(N)/N € (0,1) and we
obtain N
(ane )Y = exp (2\/Nlog(N) + Nlog (1 —9 log(N)/N)> .

As log (1 — 2,/Tog(V) /N) — —2,/log(N)/N — 21og(N)/N + O ((log(N)/N)3/2), we get

(anet=5)Y = exp (—21og(N) +0 <1og(N)3/2/\/N)) ~1/N2.
The Borel-Cantelli lemma gives us that almost surely, beyond a certain rank ng, we have

AV(z)))
VN > ny, <1
=0 e*N‘FQ\/NlOg(N)

Finally, the last inequality stated in Corollary 20 comes readily by using the two previous
inequalities on the diameter and the volume. O

Proof of Corollary 21

Firstly, since the local regression map is obtained from a tree construction, each element in
V(z) := V(z, (D;, S;)Y,) is a rectangle. Hence, in light of [WD81], it holds that the image of the
resulting local map is included in the set of rectangles, that has VC dimension v = 2d. Hence,
the local map is indeed VC.

Secondly, according to Theorem 6, applied pointwise for 2 € Sy and with 6§ = (n + 1)72, we
find that whenever nP(V(x))/log(n) — oo, it holds that

> Pgv(x) - g(@)| > vn) < oo,

n>1

where

vn = /302 log((n + 1)"+2) / (nk fx (2)A(V(@))) + L(V(2)) diam(V ().
Applying the Borel Cantelli Lemma, we get that with probability 1, for n large enough,

9v() — (2] < \/ i)+ L) diamn(V(2))

Thirdly, from Corollary 20 and using that N = dlog(n)/(d + 2), with probability 1, for a
sufficiently large n, we have

)\(V(.T)) > efoQ\/W(N) > n*d/(d+2)672 log(n) log(log(n))’
where we have used that N < log(n). Using (X), it follows that
P(V(z)) > kfx (@)AV(2)) > kfx (x)n~ ¥ (4+2)=2log(n)logllog(n))

As a consequence,
nP(V(x)) > kfx (z)n? (@+2)e=2v1os(n)log(log(n))
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Hence, we get that with probability 1, nP(V(z))/log(n) — oco. This ensures the (§,n)-large
hypothesis, in order to apply Theorem 6.

Fourthly, by putting together the second and third point from above, we have the following
inequality, with probability 1, for n large enough and § = (n 4 1)72,

av() — 9(a)] < \/ s+ LYV(o)) diam(V(2)

This gives in virtue of Corollary 20

N o 3021og ((n + 1)v+2) . o~ N/d+2,/2N log(N)/d
iv(z) — o )'S\/fo<x>efv2 D L)V o]

Recalling that N = dlog(n)/(d + 2), we obtain

|9v () — g(2)|

< = 1/(d+2) ,/Nlog(N) \/3J log ((n + 1)v+2) bY@ () (a))de2 V2V e/,
K fx ()

Then

9v(@) — 9(z)| < 0V @D Lay/NToal) ( \/ 322 log (f(::(—;lw”) ; L(V(:c))\/&> |

where Cy = max(1, 1/8/d). But since log(n + 1) < 2log(n) for n > 2, we have

\/302 log ((n+1)"+2) \/302@ +2)log(n+1) _ \/602(v +2)log(n)
K fx () a K fx(z) - K fx(z) '

Then we set

602(v + 2) Ll _ 602(d+1)

Additionally, since N < log(n), we have

d
Nlog(N) < ——— log(n) log(log(n)),
S0 we set ¢g = d%izcd = max (\ / ﬁ, v/ %) < 2 to obtain the desired inequality. O
Proof of Proposition 22
At each stage, for each terminal leaf, draw uniformly D; in {1,...,d} as well as a uniform

random variable U;. Then we divide the cell according to coordinate k = D;. The corresponding
length hy(V(x)) is then updated into hy(V(z))U; and hi(V(x))(1 —U;). Note that 1 — Uj is still
uniformly distributed. As a consequence, for a given leaf, after N stages, the k-th length has
the following representation

N

(k) (k)
he(V(@) = UDY x ... x UBN = exp (Z B log(Ui)>

i=1
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where Bi(k) = 1p,—. It follows that

and the expression of the ratio is

N
he(V(z))/h—(V(z)) = exp <1£%§d (Bz'(k) _ BZ(J))Ei>
== =1

where E; = —log(U;) follows an exponential distribution with parameter 1.
By denoting Vik’j = BZ-(k) - B(]) we get

1 with probability 1/d
Vv = {0 with probability 1 — 2/d .
—1 with probability 1/d

Note that the variables (V g )N, are mutually independent because the (D;)}; are independent.
Furthermore, since the U;’s are independent of the V;’s, the V; ok

Let Zy j = 22:1 V. *J B, such that

hy V(@) |
V) — P <“%Xd Z’”) '

Note that Z ; = —Z; and Z, = 0, which gives

s are independent of the E;’s.

(B Zeg = | max |2l
and thus the formula b V()
+ XT
DAY A
h_(V(z) P <1<Ii13§‘<d| J')

By using the Paley-Zygmund inequality to Z,i ;» we get for all 6 € (0,1),

Zyi| > VO, /E(Z2 ) (Z%’J)Q
(| k]| k.j ) (Z4 )

We therefore seek to calculate the 2nd and 4th moments of Zj, ;. Since Z? =iz Vi ’]Ve I BBt
SV V]w ’E2 E (Vlk] ) = 0 and by independence along the subscripts, we obtain

E(Z} ) ZE (VFYE(E?) = Nx%xZ:

g -

Moreover, according to Lemma 31 applied to M; := Vik’j E;, we obtain

E(Z;;) = NE(M*')+3N(N - 1)E(M?)?
= NE((V)HE(E + 3N (N — DE((V;)?)2E(E2)2.
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Indeed, it is easily checked that the variables (M;)Y , are centered and independent, due to the

independence between the elements of the collections (Vlk] )N, and (E;)Y, and the fact that

the VZ]” are centered. Basic calculations then give

E(Zi;) = NE(VHE(E) +3N(N - DE(V*) E(E?)?

7

2 2\?

= Nx&x4!+3N(N—1) 7 X 2
48N

Consequently, we get

E(Z.;)” _ 16N? a2 B N
E(z{;) d " 48N@+N-1) 3(d+N-1)

and thus, for all 6 € (0,1),

N
('Z’”D\[\/») AN 1)

In particular, for N > d, we have 3(d + N — 1) < 6N, which gives

(yz,wp\f\/»)

With the choice § = 1/4, it holds

N 9 1 3 1
Pl|Z >\ —|>—=x-=—>—.
(' ’”|—\/d>—16X6 32 = 11

Finally, by the following lower bound,

+(V(@))

h
L o . S . >
V@) P <1§r}€1§;¢§d\2k,ﬂ> > exp(|Z12]),

we get, for any N > d,

he (V(2)) N Y N
P (}M > exp <\/;>> >P (exp(\Zm\) > exp (ﬁ)) =P (!21,2! > \/;) > o
0

Proof of Proposition 23

As in the proof of Proposition 18, notice that

P(diam(V(z)) > ¢) < dP <h1 > t) .
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Then, for any r € (0,1) and A > 0,

It holds

Hence,

Let us set » = 2% and define

with
S S
42X d’

By differentiating in A, we get

() = log(2)2° (aQ()\) - d;) .

Hence, h'(A\g) = 0 for A such that 27 = 8 = a(d — 1)/(1 — a) and a € (0,1/d). With this
choice of A,

N
P(diam(V(z)) > Vd2~*N) < d <1 — 1;5) BN,

We proceed in the same way as before for the diameter upper bound. By a union bound and
symmetry in the directions, we have

P(diam(V(z)) <t) < dP <h1 < \%) .

Then, for any r € (0,1) and A > 0,

It holds

Hence,
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Let us set r = 27% and denote

with

By differentiating in A, we get

A
B(2) = log(2)2 <2d - aQ(A)) .

Hence, h'(\g) = 0 for \g such that 2" = 8 = a(d — 1)/(1 — @) and « € (1/d,1). With this
choice of A,

P(diam(V(z)) < Vd2=*N) < d (1 - ;B) BN,

Proof of Corollary 24
According to Proposition 23, for any a € (1/d, 1), we have for § = a(d—1)/(1—«) the inequality
: —aN 1- B N —aN
P(diam(V(x)) < Va2~ <d (1-—=) g~V
Take now o = ay = 1/d + yn, with Yv =N +00 0. In ths case,
aN(d — 1) 1+ d’yN

S

1 =1+ agyy + bavk + O(v3),

where ag = d?/(d — 1) and by = d/(d — 1)%. This gives

1-p aq ba o (12
log<1—d>— p N+d'm QdQ'YN"‘O('YN)

Futhermore )
a
log(8) = —aay +bar} — SR + O(R)
SO )
d
alog(f) = d N+ SN - d'VN +agvi + O(7)-
Then
1-p a? a2
log (1 — d) —alog(f) = 252%\/ + deN agvi +O(7v)
— 14 % _ 7)
Moreover ] J ] 1
aq aq
14 d %y - 1=
Toe T T o) T aa— 272
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Finally

N
<1 - 1_615) BN = exp <N10g <1 - 1;6> — Na 10g(ﬁ))

a
= oxp (~ 5N+ O(VAR)) -
Choosing yny = 24/log(N)/(agN) € (0,1 —1/d) for N large enough, gives
1-8\" _an _ 3/2 —2
<1d) 64 = exp (—2log(N)+O(log(N) /\/N>> N_;FOON

and concludes the proof via the Borel-Cantelli lemma. Moreover for the upper bound of the
diameter we use also Proposition 23. For any « € (0,1/d), we have for 8 = a(d —1)/(1 — ),

P(diam(V(z)) > Vd2=*N) < d (1 - T)N g,

Let us take here a = ay = 1/d — vy, with Yy =N 100 0. In ths case,

_ _ (d—l) 1—dyn
ﬁ_ﬁN_ 1—an d—14dyn

where aq = d?/(d — 1) and by = d®/(d — 1)%. This gives

=(d-1) = 1—agyv +bavk + O,

- B aq by a2
10g<1—d>=—d7N+d’YN d2 v+ O(R)-

Futhermore )
a
log(B) = —aayn + bavi — ?d’Y]QV +O0(7v%)
SO
aq by
alog(B) = — N + Eﬁv dVN + agvy + O(7%).
Then
1-p a? a2
log <1 - d) —alog(pB) = 2;2 i+ QdVN adWQ\/ +O0(73)
Moreover 1 d 1 1
aq aq
1+ ——-——=1 - =1—--=—.
Yo T T o= T 2a-y) 272
Finally

N
<1 — 1_d6> BN = exp <N10g <1 — d6> — Na log(ﬁ))

a
— oxp (~ 5N+ O(VAR)) -
Choosing yn = 24/log(N)/(aqN) gives
1-8\" v _ 3/2 -2
<1—d> B = exp (—2log(N)—|—O(log(N) /\/N>> N—r:s-ooN

and concludes the proof via the Borel-Cantelli lemma.
The last inequality follows directly by invoking the two previous inequalities on diameter and
volume. ]
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Proof of Corollary 25

The proof follows the same steps as the one of Corollary 21. First, since the local regression
map results from a tree construction, each element in V(z, (D;, S;)Y,) is a rectangle. Hence, in
light of [WD81], it holds that the resulting local map has dimension v = 2d.

Second, according to Theorem 6 (applied pointwise for x € Sx), we find that whenever
nP(V(x))/log(n) — oo, it holds that ) -, P(|gyv(z) — g(z)| > v,) < co where

vn = v/302log((n + 1)"*2)/(nk fx (£)A(V(x))) + L(V(z)) diam(V(z)).

Note that we have set § = (n + 1)~2. Making use of Borel Cantelli Lemma, it implies that with
probability 1, for n large enough,

o [aetleg (e ey
Iw@)g(ﬂé¢7mk@AW(» + L(V(@) diam(V()).

Third, using (X), it follows that
P(V(2)) = rfx(@)A(V(2)) = rfx(@)27 = 0V 2k fx (2)

then
nP(V(z)) > n?/ 2k fx ().

Hence, we get that nlP(V(z))/log(n) — oc.
Fourth, by putting together the second and third point from above, we have the following
inequality, with probability 1, for n large enough,

o [aetleg (e ey
Iw@)g(ﬂé¢7mk@AW(» + L(V(@) diam(V(a)).

Now, from Proposition 24, for a sufficiently large, we have

dlam( ( )) < \/&27N/d+2\/(clfl)Nlog(N)/d27
AV(z)) =27,

Hence, we get, with probability 1, for n large enough,

v () — g(2)] < \/ 3"2;;?((? ;‘21 V) 4 LV ())Vd2 Ve AN s,
X

Because N = dlog(n)/(log(2)(d + 2)), we obtain

|gv(x)_g(x —1/ d+2)\/30 Ing )v—l—?) —i—n_l/(d"_?)L(V(x))\/geQ (d—1)Nlog(N)/d?
R X
J(dt2) [60%(v+2) 10%( )+n_1/(d+2)L(V(x))\/g€2 ([@-D)N log(N) /&2
Kfx (@
< n W d+2)\/120 I log( )+n’1/(d+2)L(V(x))\/Ee\/m
kIx\x

34



where we use v = 2d and the inequality 21/(d — 1)/d? < 1 since (d — 2)? > 0.

For n large enough, we have N = dlog(n)/(log(2)(d 4+ 2)) > 8. Thus, this implies that
log(n) = d%‘lzlog@)N < 3log(2)N = log(8)N < log(N)N. Moreover N < 2log(n), and
for n large enough N < log(n)? then log(N) < 2loglog(n). Finally log(n) < log(N)N <
41og(n)log(log(n)). We conclude by using the inequality /z < eV? for z = log(n) and setting
C = /1202(d + 1) log () (= fx (@) + LOV(z))Vi 0

Proof of Proposition 26

We follow the proof of Proposition 22, with similar notation, but this time the variable F; :=
—log(U;) is replaced by E; :=log(2). By performing the calculations again, we find the moments
with lemma 31,

E(Z;;) = 2Nlog(2)*/d.
E(Zi;) = NE(VHE(E}) +3N(N - DE(V*)’E(E?)?

2 2\°
= Nx 7% log(2)* + 3N(N — 1) (d) x log(2)*

2N
= = log(2)*(6N — 6 + d).
The Paley-Zygmund bound becomes
E(Z};)?  4log(2)*N? y d? 2N
E(Z},) d? 2N log(2)4(6N —6+d) 6N —6+d’

Thus, for all § € (0,1) and N > d,

P(IZk,j|z\/§ 2N10g(2)2>2(1_9)2 2N 21-6)?

d

Let us choose § = 1/2 to obtain

N 1
P <|Zk,j| > log(2)4/ d) > 7

hy (V(x)) |
(o =) =

Thus, with probability at least 1/14, the ratio hy(V(x))/h_(V(x)) is bounded below by a quan-
tity that grows exponentially towards infinity. This means that uniform trees are not regular. [

and thus for N > d,

Proof of Proposition 27

According to the paper by [MGS19| (see proposition 1), we know the distribution of the
largest and the smallest side. In fact, we have h_(V(z)) ~ min(Xy,..., Xy) and hy(V(x)) ~
max(Xi,...,Xq), where the X; are i.i.d. and follow the Gamma distribution X ~ I'(2,\). We
have for all © > 0

+oo
P(X >u) = / Nte Mdt = e M (14 u)) > e M
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Moreover,
P(h_(V(2) > u) = P(X > u)l > e =1

for u = —log(1 — 9)/(Ad). Then with probability at least 1 — ¢,
log(1—46
ho(V(a)) > 8 =9)

Ad
We focus now on hy(V(x)). We have for all ¢ > 0,
P(hy (V(2)) < 1) = P(X < )

Let Y := X — E(X). Since X follows a Gamma distribution, Y is Sub-Gamma. According to
[BLM13] (page 29),
Vt >0, POY >2Vt+t)<e

Thus,
d
P(Mry < 2vE+ 1+ AE(X)) = POY <2vi+t)l= (1 —POY > 2V + t))
> 1—eH=1-46
with t = —log(1 — (1 — §)'/4). Therefore, with probability at least 1 — 4,

“loo(1 — (1 — /) — loe(1 — (1 — §)1/4
h+(v(x))§2+2\/ log(1 — (1 5);) log(1 — (1 —4) ).

In particular, for 6 <1 — (1 —e™ 1),

b (V(a)) < —51log(1 —A(1 —5)1/dy - —510§(5/d)

where the last inequality comes from the inequality 6 /d < 1—(1—06)*/?. Hence, with probability
at least 1 — 28 for 6 <1 — (1 —e1)?

he(V(x)) _ 5dlog(s/d)
(V) = log(1—0)

8 Auxiliary results

Let us state the following Vapnik-type inequality [VC15], which involves some standard-error
normalization. The first inequality in the next theorem is Theorem 2.1 in [AST93] (see also
Theorem 1.11 in [Lug02]). The second inequality can be obtained from the first one.

Theorem 29 (normalized Vapnik inequality). Let (Z,Z1,...,Zy,) is a collection of random
variables independent and identically distributed with common distribution P on (S,S). For any
class AC S, 6 >0 and n > 1, it holds with probability at least 1 — §, for all A € A,

4log(4S4(2n)/6)
P,(A) > P(A) (1 — \/ P (A4) ) .

In particular, with probability at least 1 — § we have, for all A € A,

M@S?%«&¥M>MMM)
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Proof. The first statement is proved in [AST93|. Let us prove the second statement. According
to the first point, with probability at least 1 — §, we have for all A € A

nPp(A) — nP(A) > —/4nP(A) log(48 4(2n) /),

equivalently,

nP(A) — \/4nP(A)log(4S 4(2n)/6) — nP,(A) < 0.

Setting x = \/nP(A), a = \/41log(4S4(2n)/8) and B = nP,(A), we have that 2% — ax — 8 < 0.
Solving the inequality, we find

(a—va2+48)/2 <z < (a+Va?+4p5)/2.

By using the fact that z is positive and squaring both sides, it follows that 22 < («
Va2 +46)?/4. And by using the inequality (a + b)? < 2(a® + b?), we obtain nP(A) = 22
a? + 28 = 4log(4S4(2n)/d) + 2nP,(A) which is the desired result by dividing each side of the
inequality by n.

IN +

O

For more details, one can also refer to the book by [BLM13|, especially chapters 12 and 13,
as well as [DGLI6|.

The following result is standard and known as the multiplicative Chernoff bound for empirical
processes. The following version can be found in [HR90].

Theorem 30. Let A be a set in R%. For any 6 € (0,1) and all n > 1, we have with probability
at least 1 — §

21og(1/9)
P, (A) > (1 — n]P(A)) P(A).

In addition, for any § € (0,1) and n > 1, we have with probability at least 1 — §

P, (A) < <1+ W) P(A).

This lemma is useful for proving Propositions 22 and 26.

Lemma 31. Let M, (M;)i=1,..n be a collection of independent and identically distributed random
variables such that E[M*] < oo . It holds

N 4
E <Z MZ») = NE(M*) + 3N(N — 1)E(M?)2.
=1

Proof. We have
N 4 N
(ZM) = Y M;M,M,M,.
1=1 ,p,q,r=1

Since the M; are independent and centered, the expectation of each product M; M,M M, will be
zero if at least one of the indices is distinct. This restricts the analysis to cases where all indices
are identical or two pairs of indices are identical. If all indices are identical, i.e. i=p=q =1,
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then the expectation of M} contributes to the sum: Zf\il E(M}) = NE(M*). When two indices
are identical and the other two are also identical, i.e. ¢ = p # ¢ = r, we get a product of the
form MZ-QM(?. We have 3 choices either i is equal to p, ¢, or 7). The remaining two indices must
necessarily be equal. This yields: 337, ., E(M?) E(MqQ) = 3N(N — 1) E(M?)%2. Combining the
two terms, this proves the result. ]
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