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Abstract

Dependence measures based on reproducing kernel Hilbert spaces, also known as Hilbert-Schmidt Inde-
pendence Criterion and denoted HSIC, are widely used to statistically decide whether or not two random
vectors are dependent. Recently, non-parametric HSIC-based statistical tests of independence have been
performed. However, these tests lead to the question of the choice of the kernels associated to the HSIC.
In particular, there is as yet no method to objectively select specific kernels with theoretical guarantees
in terms of first and second kind errors. One of the main contributions of this work is to develop a new
HSIC-based aggregated procedure which avoids such a kernel choice, and to provide theoretical guaran-
tees for this procedure. To achieve this, we first introduce non-asymptotic single tests based on Gaussian
kernels with a given bandwidth, which are of prescribed level « € (0,1). From a theoretical point of
view, we upper-bound their uniform separation rate of testing over Sobolev and Nikol’skii balls. Then,
we aggregate several single tests, and obtain similar upper-bounds for the uniform separation rate of the
aggregated procedure over the same regularity spaces. Another main contribution is that we provide a
lower-bound for the non-asymptotic minimax separation rate of testing over Sobolev balls, and deduce
that the aggregated procedure is adaptive in the minimax sense over such regularity spaces. Finally, from
a practical point of view, we perform numerical studies in order to assess the efficiency of our aggregated
procedure and compare it to existing independence tests in the literature.

1 Introduction

We study here the problem of testing the independence of two real random vectors X = (X W X (p))
and Y = (Y(l), ceey Y(q)). Let us first introduce some notations and assumptions. The couple (X,Y) is
assumed to have a joint density f w.r.t. Lebesgue measure on RP x R?. The marginal densities of X and
Y are respectively denoted f; and fo. We also denote by fi; ® fs, the product of the marginal densities
f1 and f5, defined as follows:

[ ®fa:(z,y) €RP X R = fi(x) fa(y).

The density f is assumed to be unknown as well as the marginals f; and fo. We also assume that
we have an n-sample (X1,Y7),...,(X,,Y,) of independent and identically distributed (i.i.d.) random
variables with common density f. The probability measure associated to this n-sample is denoted Pj.
By analogy, Py, ¢, designates the probability measure associated to a n-sample with common density
[1® fa

We address here the question of testing the null hypothesis (Ho): “X and Y are independent” against
the alternative (H1): “X and Y are dependent”. That is equivalent to test



(Ho): “f = fr®@ f2" against (Hi): “f # fLr @ f”.

Throughout this document, the densities f, fi and f> are assumed to be bounded and M/ denotes the
maximum of their infinity norms: My = max{| f|l., [fill« /2]l }-

Non parametric tests of independence. To test independence between X and Y, many ap-
proaches have been explored in the last few decades. Among them, [Hoeffding, 1948] introduces an
independence test based on the difference between the distribution function of (X,Y") and the product of
the marginal distribution functions. This test has good properties in the asymptotic framework: consis-
tent and distribution-free under the null hypothesis. But, it is only designated to univariate continuous
random variables. The authors of [Bergsma and Dassios, 2014] suggest an improvement of Hoeffding’s
test, which is applicable to discrete, continuous or mixture of discrete and continuous distributions.
Lately, [Weihs et al., 2018] extend Hoeffding’s test to the case of multivariate random variables. Another
classical method for testing independence between X and Y is based on comparing the joint density f
and the product of the marginals f; ® fo [Rosenblatt, 1975, Ahmad and Li, 1997]. For this, an inter-
mediate step is to estimate these densities using the kernel-based method of Parzen-Rosenblatt [Parzen,
1962]. The major drawback of this method is that the convergence is slow for high dimensions i.e. when
p + ¢ is large (this fact is also called the curse of dimensionality, see e.g. [Scott, 2012]). This approach
is therefore not feasible in the case of high dimensions with limited sample size. More recently, many
approaches based on Reproducing Kernel Hilbert Spaces (RKHS, see [Aronszajn, 1950] for more details)
have been developed. In particular, several RKHS-based dependence measures have been considered.
By definition, all these measures characterize the independence once the involved RKHS kernels belong
to a class called universal kernels [Micchelli et al., 2006]. It has been established that the universality
of kernels is a very restricting condition [Steinwart, 2001]. A largest class called characteristic kernels
detecting the independence has been later introduced [Fukumizu et al., 2008, Sriperumbudur et al., 2010].
One of the earlier RKHS measures is the Kernel Canonical Correlation (KCC), introduced in [Bach and
Jordan, 2002]. Unfortunately, the estimation of the KCC is not practical, it requires an extra regulariza-
tion which has to be adjusted. Other dependence measures, easier to estimate have been studied later.
For instance, the Kernel Mutual Information (KMI) [Gretton et al., 2003, Gretton et al., 2005b] and
the Constrained covariance (COCO) [Gretton et al., 2005¢, Gretton et al., 2005b], which are relatively
easy to interpret and implement, are widely used. Last but not least, one of the most interesting ker-
nel dependence measure is the Hilbert-Schmidt Independence Criterion (HSIC) [Gretton et al., 2005a].
The HSIC has a very low computational cost and seems to numerically outperform all previous RKHS
measures [Gretton et al., 2005a]. Furthermore, beyond the good quality of a given dependence measure,
a straightforward interpretation of its estimated value, may not be enough to discern the dependence
from the independence. To further study the independence between X and Y, tests based on these
measures can be used. A first RKHS-based asymptotic independence test is performed using general
large deviation inequalities [Gretton et al., 2005a]. A more optimal asymptotic independence test based
on a Gamma approximation of the distributions of HSIC estimators under (Hy) is developed by [Gretton
et al., 2008]. This last statistical test remains by far the most commonly used kernel-based test for
independence. A generalization of this test for the joint and mutual independence of several random
variables is presented in [Pfister et al., 2018]. We also mention the RKHS-based test [Péczos et al., 2012],
based on a new dependence measure called Copula-based kernel dependency measure. Yet, this test is
more conservative than the test of [Gretton et al., 2008], since it is based on large deviation inequalities
rather than the asymptotic distributions of the estimators under (o). Lately, the distance covariance
which is based on the difference between the characteristic function of (X,Y’) and the product of the
marginal characteristic functions has been introduced in [Székely et al., 2007]. The distance covariance
has good properties and has been used to study the independence between random variables of high
dimensions [Székely and Rizzo, 2013, Yao et al., 2018]. Furthermore, it has been shown that the distance
covariance coincides with the HSIC using specific choice of kernels. We also mention the statistical test
of independence based on the kernel mutual information recently introduced by [Berrett and Samworth,
2017]. This new statistical test seems to achieve comparable results with the classical tests based on
HSIC. In this paper, we focus on HSIC measures to test independence between X and Y.

Review on HSIC measures. The definition of the HSIC is derived from the notion of cross-
covariance operator [Baker, 1973, Fukumizu et al., 2004], which can be seen as a generalization of the



classical covariance, measuring many forms of dependence between X and Y (not only linear ones). For
this, [Gretton et al., 2005a] associate to X a RKHS F composed of functions mapping from R? to R
(F is a set of transformations for X), and characterized by a scalar product (.,.) . The same operation
is carried out for Y, considering a RKHS denoted G and a scalar product (.,.)g. The cross-covariance
operator Cx y associated to RKHS F and G is the operator mapping from G to F and verifying for all
(F,G)e Fx4g,

(F,Cx.y(G)) > = Cov (F(X),G(Y)).

Designating by (u;); and (v;); respectively orthonormal bases of F and G, the HSIC between X and YV
is the square of the operator’s C'x y Hilbert-Schmidt norm [Gretton et al., 2005a] defined as

HSIC(X,Y) = [[Cx.vllfis = D (uis Cxy (v;))5 = Y Cov (us(X), v;(¥))".

(2] .3

The fundamental idea behind this definition is that HSIC(X,Y") is zero if and only if Cov (F'(X),G(Y)) =
0 for all (F,G) € F x G. Furthermore, we already know (see e.g. [Jacod and Protter, 2012]) that X
and Y are independent if and only if Cov (F(X),G(Y)) = 0 for all bounded and continuous functions
F and G. It follows that, for well chosen RKHS, the nullity of the HSIC characterizes independence.
Before giving such a condition, we recall that [Gretton et al., 2005a] express the HSIC(X,Y") in a very
convenient form, using kernels k and [ respectively associated to F and G,

HSIC(X,Y) = E [k(X, X)I(Y,Y")] + E[k (X, X)| E[1(Y,Y")]
—2E[E[k (X, X') | XIE[(Y,Y") | Y]], 1)

where (X’,Y”) is an independent and identically distributed copy of (X,Y"). Note that HSIC(X,Y") only
depends on the density f of (X,Y). We thus denote it HSIC(f) in the following.

Authors of [Gretton et al., 2005d] show that a sufficient condition so that the nullity of the associated
HSIC is characteristic of independence is that the RKHS F (resp. G) induced by k and (resp. 1) is
dense in the space of bounded and continuous functions mapping from RP (resp. RY) to R. These
kernels are called universal [Micchelli et al., 2006]. However, the universality is a very limiting condition
and only adapted to compact domains. Recently, a wider class of kernels called characteristic kernels
has been introduced in [Fukumizu et al., 2008, Sriperumbudur et al., 2010]. These kernels characterize
independence on compact as well as non-compact sets. Among them, the most commonly used are
Gaussian kernels [Steinwart, 2001]. We consider in this paper Gaussian kernels. Let us introduce some
notations. We denote by g5 the density of the standard Gaussian distribution on R?® defined for all x € R®

by
1 1 5

For any bandwidths A = (A1,...,Ap) € (0,400)? and p = (@1, ..., ftq) € (0,+00)?, we define for any
z € RP and y € RY|

_ 1 1 Tp
(p}\(x)_ Al--.Apgp ()\1’...7)\1)), (3>
1 Y1 Yq
uly) = ——g ( : 4
o) = g (2 2 (4)

Finally, we define the Gaussian kernels, for z, 2’ € RP and y,y’ € R,
ka(z,2') = pa(e =), u(y,y) = ouly —y).

We denote by HSIC}, ,, (f) the HSIC measure defined in (1), where the kernels k and [ are respectively
the Gaussian kernels ky and /.

In practice, the computation of HSIC, ,, (f) is not feasible, since it depends on the unknown density
f. Given an ii.d. n-sample (X;,Y;)i1<i<n, with common density f, HSICy , (f) can be estimated by



estimating each expectation of Equation (1). For this, we introduce the following U-statistics, respectively
with order 2, 3 and 4,

—(2) 1
HSIC, , = w1 Z Fx (Xi, X5) 1, (Yi,Y5)
(i.j)€ig
Asic) - 1 STk (X0, X)L (Y5, V)
A’”in(n—l)(n—Q) . ' A iy g)lp \Lgydr),
(4,3,m) €1y
and @ )
HSIC, ), = S k(X X)) 1 (Ye, V),

n(n—1)(n —2)(n —3) i
where i’ is the set of all r-tuples drawn without replacement from the set {1,...,n}. We estimate
HSIC,, ,, (f) by the U-statistic

=) () __——(3)
HSIC,, = HSIC, , + HSIC, , — 2HSIC,, . (5)

Such estimators of the HSIC have been used to construct independence tests. A first asymptotic test of
level o € (0,1) has been introduced by [Gretton et al., 2008]. For this, the authors show that under (Hg),
the asymptotic distribution of the HSIC estimator can be approximated by a Gamma distribution with
parameters which are easy to estimate. Furthermore, [Gretton and Gyorfi, 2010] also show the asymptotic
consistency of the test (the convergence to one of the power under any reasonable alternative). However,
there are two main disadvantages of this testing procedure. Firstly, it is purely asymptotic in the sense
that the critical value of the test is obtained from an approximation of the asymptotic distribution under
(Ho). In particular, the first kind error is controlled only in the asymptotic framework. Secondly, only
an heuristic choice of the bandwidths A and u is considered with no theoretical guarantees. One of the
main contributions of this work is to introduce a testing procedure which avoids such an arbitrary choice
with theoretical guarantees in terms of first and second kind errors.

Adaptive HSIC-based independence tests. To avoid the unjustified choice of the bandwidths
A and p, a first step is to define a criterion allowing to compare the performances of the HSIC-tests
associated to different bandwidths. For this, we consider the wuniform separation rate as defined in
[Baraud, 2002]. For any level-a test A, with values in {0,1}, rejecting independence when A, = 1,
the uniform separation rate p (A4, Cs, ) of the test A,, over a class Cs of alternatives f such that the
difference between f and its marginals, namely f— f1 ® fs, satisfies smoothness assumptions, with respect
to the Lo-norm, is defined for all 8 in (0,1) by

p(Da,Cs,B) =inf ¢ p>0; sup Pr(An=0)<B;, (6)
FEF,(Cs)

where F,(Cs) = {f; f— 1 ® f2 €Cs,||f — f1 ® fa]l, > p} and ||-||, designates the usual Lo-norm. To
avoid any misunderstanding, let us highlight that f; and f> always denote the marginals of the function
f and are not fixed a priori.

The uniform separation rate is then the smallest value in the sense of the Ly-norm of f — f1 ® fi
(the difference between the joint density and the product of marginals) allowing to control the second
kind error of the test by B. This definition extends to the non-asymptotic framework, the notion of
critical radius introduced and studied for several examples in a series of Ingster papers (see e.g. [Ingster,
1993a, Ingster, 1993b]). A test of level a having the optimal performances, should then have the smallest
possible uniform separation rate (up to a multiplicative constant) over Cs. To quantify this, let us
introduce, as in [Baraud, 2002], the non-asymptotic minimaz rate of testing, defined by

p(Cs,a, ) :iAHfP(AmC(S,ﬂ), (7)

where the infimum is taken over all a-level tests of (Ho) against (H1). If the uniform separation rate
of a test is upper-bounded up to a constant by the non-asymptotic minimax rate of testing, then this



test is said to be optimal in the minimax sense. The problem of non-asymptotic minimax rate of testing
was raised in many papers over the past years. Among them, we mention for example [Ingster and
Suslina, 1998, Laurent et al., 2012] for minimax signal detection testing. However, only few works ex-
ist for the problem of minimax independence testing. The notable works are those of Ingster [Ingster,
1989, Ingster, 1993b] and of Yodé [Yodé, 2004, Yodé, 2011] in the asymptotic framework, and the one
of Albert [Albert, 2015] in the non-asymptotic framework considered in this paper. As far as we know,
no lower-bound for the minimax rate of testing independence was yet proved in the non-asymptotic
framework. Furthermore, beyond the problem of minimax rate, the straightforward practical construc-
tion of a minimax test is impossible. Indeed, this construction depends on the unknown smoothness
parameters defining the regularity space Cs. The objective is then to construct a minimax test which
does not need any smoothness property to be implemented. These tests are called minimax adaptive
(or assumption free). It has been shown that a standard logarithmic price is sometimes inevitable for
adaptivity [Spokoiny, 1996]. The problem of adaptivity has received a good attention in the literature.
We mention for instance [Baraud et al., 2003] for linear regression model testing with normal noise
and [Butucea and Tribouley, 2006] for testing the equality of two samples densities. For the specific case
of testing independence, the adaptive testing procedure introduced in [Yodé, 2011] seems to be the only
currently existing. As mentioned above, this test is purely asymptotic, but we are interested here in the
non-asymptotic framework. Recently, an interesting approach of testing developed in [Fromont et al.,
2013], consists in testing the equality of two poisson processes intensities by aggregating several kernels
in a unique testing procedure. It has been shown in [Fromont et al., 2013] that this testing procedure is
adaptive over several regularity spaces. Inspired by these works, and following the work of [Gretton et al.,
2008, Gretton and Gyorfi, 2010], we consider in this paper a procedure of testing independence based on
HSIC measures and aggregating a collection of Gaussian-kernel HSIC tests. Another main contribution
of this paper is to prove that this aggregated procedure is adaptive over Sobolev balls by proving both
an upper-bound of its uniform separation rate, and a lower bound of the non-asymptotic minimax rate
of testing in this setting. Moreover, the upper bound of its uniform separation rate over Nikol’skii-Besov
balls seems optimal compared to “classical” testing rates in other frameworks. This suggests that this
test may also be adaptive over Nikol’skii-Besov spaces.

The structure of the paper is as follows. In Section 2, we first present a theoretical non-asymptotic
HSIC-based test of level v as well as its practical implementation. We then provide theoretical conditions
based on concentration inequalities for U-statistics, allowing to control the second kind error by a given
5. This last step leads us to sharp upper bounds of the uniform separation rate over two classes of
alternatives, namely Sobolev and Nikol’skii- Besov balls. In Section 3, we introduce the general aggregated
procedure of testing, taking into account various single HSIC-based tests. Thereafter, we show a non-
asymptotic oracle upper bound of uniform separation rate over Sobolev and Nikol’skii-Besov balls. These
upper bounds are shown to be optimal over Sobolev spaces in Section 4. Finally, we illustrate the
procedure in Section 5 on simulated data. Methodological choices are tested and compared to other
existing independence tests.

All along the paper, the generic notation C(a,b,...) denotes a positive constant depending only on
its arguments (a, b, ...) and that may vary from line to line.

2 Single kernel-based tests of independence

The target of this section is to sharply upper bound the uniform separation rate of non-asymptotic HSIC-
based tests over some “classical” regularity spaces, specifically Sobolev and Nikol’skii-Besov spaces. For
this, theoretical conditions allowing to control the second kind error are given in terms of HSICy ,(f)
value and then in terms of the Lo-norm of f — f1 ® fa.

2.1 The testing procedures

A first theoretical test. Since Gaussian kernels are characteristic, testing the independence between
X and Y is equivalent to testing

(Ho) : HSICy ,(f) = 0 against (H1) : HSIC, ,(f) > O.



The statistic H/SI\CML defined in Equation (5) is then a natural choice to test independence between X
and Y, since it is an unbiased estimator of HSICy ,(f). The corresponding test rejects independence if
H/Sﬁ,\ s st is bigniﬁcantly large. Speciﬁcally, for a € (0,1), we consider the statistical test which rejects
(Ho) if HSIC,, > ", where ¢", denotes the (1 — «)-quantile of H/SEML under Py, gy,. Note that
the analytical computation of the quantlle qlfa is not possible since its value depends on the unknown
marginals f; and f2 of the couple (X,Y). In practice, a permutation approach is used as described in
the following paragraph.
The associated test function is defined by

A
At = HSICM>qlA o (8)

Then, the null hypothesis is rejected if and only if A)M* = 1. By definition of the quantile, this theoretical
test is of non-asymptotic level «, that is

Pf1®f2 (Ag:# = 1) <a.

A permutation-based test of independence. Let us now describe the permutation method with
Monte Carlo approximation applied to approach the unknown theoretical quantile qi"_“ o The practical
validity of this approach is illustrated on simulated examples in Section 5.2.1.

We denote Z,, = (X;,Y;)1<i<n the original sample and we compute the test statistic H/SEML (Zy,) de-
fined by Equation (5). Then, we consider B independent and uniformly distributed random permutations
of {1,...,n}, denoted 74, ..., 75, independent of Z,,. We define for each permutation 7, the corresponding
permuted sample Z7* = (X;, Y7, (;y)1<i<n and compute the permuted test statistic

H3b, =HSICy , (Z7)
on this new sample.

Under Py gf,, each permuted sample Z7> has the same distribution than the original sample Z,.

Hence, the random variables H L LS b < B, have the same distribution as HSIC Au- We apply a trick,
based on [Romano and Wolf, 2005, Lemma 1], which consists in adding the original sample to the Monte
Carlo sample in order to obtain a test of non-asymptotic level «. To do so, denote

H;B+' =HSICy,,, and H;Y <H® <. <m0

the order statistic. Then, the permuted quantile with Monte Carlo approximation g7 ’“ is thus defined

as
e ([(B4+1)(1—
g, = Hy [P0, 9)

where [-] denotes the ceiling function. The permuted test with Monte Carlo approximation 32“ per-
formed in practice is then defined as

AME ~
A _]lHSICA,H>qf;“a' (10)

Proposition 1. Let a be in (0,1) and &g“ the test defined by Equation (10). Then,

Phsss (A . 1) <a, (11)

that is, this permuted test with Monte Carlo approximation is of prescribed non-asymptotic level c.

2.2 Control of the second kind error in terms of HSIC

For an arbitrarily small 8 given in (0,1), Lemma 1 provides a first non-asymptotic condition on the
alternative f ensuring that the probability of second kind error of the theoretical test under Py is at
most equal to §. This condition is given for the value of HSICy ,(f). It involves the variance of the

estimator HSIC A,n Which is finite since this estimator is a bounded random variable.



Lemma 1. Let (X;,Y;)1<i<n be an i.i.d. sample with distribution P; and consider the test statistic
HSIC, ,, defined by (5). Let o, ( in (0,1), and q)‘ # be the (1 — a)-quantile of HSICAM under Pp g7, -
Then Pf(@/\,u < qM") < B as soon as

Var ;(HSIC
HSIC) . (f) > arf(ﬁWJrqlA,ua

Lemma 1 gives a threshold for HSIC) ,(f) from which the dependence between X and Y is detectable
with probability at least 1 — 8 using Gaussian kernels ky and [, with given bandwidths A and p. Fur-
thermore, it would be useful to give more explicit conditions w.r.t. the bandwidths A and pu and the
sample size n. The objective of this section is to provide a condition w.r.t. A, g and n on the theoretical
value HSIC) ,,, so that the test A)}* has a second kind error controlled by 3 € (0,1). For this, Lemma
1 already provides a condition involving Var(HSIC) ,) and qi\’_” - It is therefore necessary to establish
sharp upper bounds for these two quantities w.r.t. A, p and n. Propositions 2 and 3 give these upper
bounds.

Proposition 2. Let (X;,Y;)i<i<n be an i.i.d. sample with distribution Py and consider the test statistic

H/Sﬁxu defined by (5). Assume that the densities f, f1 and fo are bounded. Then,

Vary (HSICs,) < € (7.0.0) {5 + 55— |

where My = max (|| f oo, | f1][oc: [|.f2[loc)-
Proposition 3. Let (X;,Y;)1<i<n be an i.i.d. sample with distribution Py and consider the test statistic

H/SI\CMA defined by (5). Let a in (0,1) and ¢}", be the (1 — a)-quantile of ﬁSI\Cm under Py qf,.
Assuming that the densities f1, fo are bounded,

1
max (A1...Ap , f1...ftg) <1 and ny/Ai. Appi...g > log (a) > 1.

s, < QOB o) (1),
T ny A A g a

Combining Lemma 1, Propositions 2 and 3, we can then give a sufficient condition on HSIC, ,
depending on the parameters A, u and the sample size n in order to control the second kind error by .
This result is presented in Corollary 1.

Then,

Corollary 1. Let (X;,Y;)1<i<n be an i.i.d. sample with distribution Py and consider the test statistic

H/SEML defined by (5). Let a, B in (0,1), and ¢;*, be the (1 — o)-quantile ofH/SﬁML under Pt g, as
defined in Section 2.1. Assume that the densities f f1 and fo are bounded, and that

1
max (A1...Ap , H1..fig) <1 and ny/Ai. . Appr...pg > log <a> > 1.

Then, one has Pf(H/-SE,\JJ < q}")) < B as soon as

HSIC)\,;L(f) > C(Mfapvq ﬂ) {

1
1
where My = max (|| f[loo, [ f1l[ocs [l f2lo0)-

Note that the right hand term given in Corollary 1 is not computable in practice since it depends on
the unknown density f. However, this dependence is weak since it only depends on the infinite norm of
f and its marginals. For a given 8 € (0, 1), Corollary 1 provides a condition on the value of HSIC} ,(f)
ensuring that the probability of second kind error of the theoretical test under such f is at most equal to
B. We now want to express such conditions in terms of the Ly-norm of the function f — f; ® fa, for the
sake of interpretation, and in order to be able to determine separation rates with respect to this Lo-norm
for our test.



2.3 Control of the second kind error in terms of Ls-norm

In order to express a condition on the Ly-norm of the difference f — f; ® fo ensuring a probability of
second kind error controlled by 3, we first give in Lemma 2 a link between HSIC, , and ||f — f1 @ fal|3.

Lemma 2. Let ¢ = f — fi ® fo. The HSIC measure HSICy ,(f) associated to kernels kx and I, and
defined in Equation (1) can be written as

HSICx u(f) = (0,9 (ox © D)2,

where vy and ¢, are the functions respectively defined in Equations (3) and (4). Moreover, the notation
(.,.)2 designates the usual scalar product in the space Ly. One can easily deduce that

1
HSICu(1) = 3 (W1 -+ 16+ (02 8 6,13 — 6 = ¥ * (72 © 40)1B ) (12)

The Theorem 1 gives a sufficient condition on |[f — f1 ® f2||3, for the second kind error of the test
AM* to be upper bounded by .

Theorem 1. Let (X;,Y:)i<i<n be an i.i.d. sample with distribution Py and consider the test statistic
HSIC, ,, defined by (5). Denote ) = f — f1 ® fa. Let o, 5 in (0,1), and q{\’_“a be the (1 — a)-quantile of
H/SI\CML under Py gf,. Assume that the densities f, fi and fa are bounded, and that

1
max (A1...Ap , f1.fig) <1 and ny/Ai..Appr...ig > log (a) > 1.

One has Pf(H/SEML < qi"fa) < B as soon as

9 2
> — P x (xR o, + o
1112 > 1% = % * (oa ’)HQ N/ AL Apllt e fhg

where My = max (|| f|loc, || f1lloo, | f2lloc), and C (My,p,q) denotes a positive constant depending only on
its arguments.

In the condition given in Theorem 1, appears a compromise between a bias term |[tp — ¥ % (@) ®

(b#)\@ and a term induced by the square-root of the variance of the estimator HSIC, ,. Comparing the
conditions on the HSIC given in Corollary 1 and on | f — f1 ® f2||3 given in Theorem 1, the meticulous
reader may notice that the term in 1/y/n has been removed. This suppression seems to be necessary
to obtain optimal separation rates according to the literature in other testing frameworks. This derives
from quite tricky computations that we point out here and that directly prove Theorem 1. By combining
Lemmas 1 and 2, direct computations lead to the condition

Varf(H/S-EA,#)

+2¢7H 13
3 q1 (13)

1913 > 1% = ¥ % (2 @ 313 = ¥ * (2 © G5 +2

If one directly considers the upper bound of the variance Var f(H/SI\C A,u) given in Proposition 2, one
would get the unwanted 1/y/n term. The idea is to take advantage of the negative term —||1)x (oA ®¢,,)3
to compensate such term. To do so, we need a more refined control of the variance given in the technical
Proposition 4.

Proposition 4. Let (X;,Y;)1<i<n be an i.i.d. sample with distribution Py and consider the test statistic

H/SﬁML defined by (5). Assume that the densities f, f1 and fo are bounded. Then,

TaTE [ * (er® )3 | C(My,p.q)
HSI <C(M
Var(HSICy ) < C(My) - + Mot ogign?

where My = max (|| f{loo; [ /1o, | f2lloc)-



Finally, using standard inequalities such as va + b < \/a + Vb and 2vab < da + b/é for all positive
a, b and d, one can prove

Var ﬁs—ﬁ, CM?B CMapaan
Vo B0 < o (pr @ i+ Ty O D)
B n N/ AL Ap it .o fig

which leads to Theorem 1 when combined with Equation (13) and Proposition 3. Notice that such trick
is already present in [Fromont et al., 2013].

2.4 Uniform separation rate

The bias term in Theorem 1 comes from the fact that we do not estimate || f — f1 ® f2||3 but HSICy ,,(f).
In order to have a control of the bias term w.r.t A and p, we assume that f — f; ® f2 belongs some
class of regular functions. We introduce the two following classes: Sobolev balls (isotropic case) and
Nikol’skii-Besov balls (anisotropic case).

2.4.1 Case Sobolev balls
For d € N*, § > 0 and R > 0, the Sobolev ball S§(R) is the set defined by

S3(R) = {s ‘R - R/s € LY(RY) N L*(RY), /Rd [lw]|?9)8 () 2du < (27r)dR2}, (14)

where § denotes the Fourier transform of s defined by §(u) = / s(x)e ™™ dz, (.,.) denotes the usual
Rd
scalar product in R? and ||.|| the Euclidean norm in R<.

Lemma 3 gives an upper bound for the bias term in the case when f — f; ® fo belongs to particular
Sobolev balls.

Lemma 3. Let ¢ = f — f1 ® fo. We assume that 1) € Sg+q(R), where § € (0,2] and S§(R) is defined by
(14). Let oy and ¢, be the functions respectively defined in Equations (3) and (4). Then we have the
following inequality,

p q
[ = (ox ® G)l3 < Cp,q, 0, R) | D AP+ p2

i=1 j=1

One can deduce from Theorem 1 upper bounds for the uniform separation rates (defined in (6)) of
the test AM# over Sobolev balls.

Theorem 2. Let o, 5 € (0,1) and consider the same notation and assumptions as in Theorem 1. Let
§ € (0,2] and R > 0. Then, the uniform separation rate p (A", S5, .(R),8) defined in (6) over the

a ) ptgq
Sobolev ball Sg+q (R) can be upper bounded as follows

AN SO (R oo SR 3 \26 o C (My,p,q, ) oo (X .
[P( a 0 p+q( )56)] = (p,q, ) ) Z i +Z,uj =+ og|—1, (5)
n >‘1"'>‘p;u’1"‘;uq «

i=1 j=1
where My = max (|| f|loo, | f1lloo» | f2llo0)s C (Mg, p,q,B) and C(R,5) are positive constants depending
only on their arguments.

One can now determine optimal bandwidths (A\*,*) in order to minimize the right-hand side of
Equation (15). To do so, the idea is to find for which (A, ) both terms in the right hand side of (15)
are of the same order w.r.t. n. We also provide an upper bound for the uniform separation rate of the
optimized test A)*" on Sobolev balls.



Corollary 2. Consider the assumptions of Theorem 2, and define for alli in {1,...,p} and for all j in

{1,...,q},

Af = M;f — 2/ (40+p+q)
The uniform separation rate of the test AN * over the Sobolev ball Sp+q( ) is controlled as follows
p (AX S8y (R), B) < C (My.p,q,0, 8,0, R) n™ 20/ (54050, (16)

Note that, in the definition of the Sobolev ball Sg +q(R), we have the same regularity parameter § > 0

for all the dlrectlons in RPT4, This corresponds to isotropic regularity conditions. We now introduce
other classes of functions allowing to take into account possible anisotropic regularity properties.

2.4.2 Case of Nikol’skii-Besov balls

For d € N*, § = (01,...,64) € (0,400)% and R > 0, we consider the anisotropic Nikol’skii-Besov ball
N3 4(R) defined by

Nid(R) = {3 : R? — R/s has continuous partial derivatives D}M of order |§;| w.rt u;,and Vi =1,...,d,

5i—15:) }

(17)

§; d;
Up,y ..y Ug, U € R, HDiL Js(ul, ey Uy U,y Ug) — DiL Js(ul, e g2 <

where |§;] denotes the floor function of §; if d; is not integer and [§;| = d; — 1 if §; is an integer. We

give in the following proposition an upper bound of the bias term, similar to that of Lemma 3, in the
case when f — f1 ® fo belongs to particular Nikol’skii-Besov balls.

Lemma 4. We assume that ¢ € ./\/'26;0_4_(1( ), where § = (U1, ..., Vp, Y1, s Vq) € (0,2]PT9. Then, we have
the following inequality,

[ — ¥ * (o2 ® ¢)|15 < C(R,6) ZA% +ZM2%

1=1 Jj=1

As in Section 2.4.1, one can deduce from Theorem 1 upper bounds for the uniform separation rates
of the test AM* over Nikol’skii-Besov balls.

Theorem 3. Let o, 5 € (0,1) and consider the same notation and assumptions as in Theorem 1. Let
6= (V1,0 Vp, M1, s Yq) € (0,2]P79 and R > 0. Then, the uniform separation rate p (A)* ngJrq( ), 53)
defined in (6) over the Nikol’skii-Besov ball NQ‘SIH_q( ) can be upper bounded as follows

[0 (AX NS (), B)] < C(R,6) ZV“Z“Z” +n¢%lg@ "

where My = max (|| f]loos || f1llo0s || f2]loc)s C (Mg, p,q,8) and C(R, ) are positive constants depending
only on their arguments.

As in Section 2.4.1, we now determine optimal bandwidths (A*, u*) which minimize the right-hand
side of Equation (18) and compute an upper bound for the uniform separation rate of the optimized test
A) " on Nikol’skii-Besov balls.

10



Corollary 3. Consider the assumptions of Theorem 3, and define for alli in {1,...,p} and for all j in

{1,...,q},

Af = p 20/ AHAn] g i = n =20/ [ (+4m)]

I &1 -1
where 1 is defined by — = Z — + Z =,
o 3

The uniform separation rate of the test AN+ over the Nikol’skii-Besov ball/\/gp_s_q(R) is controlled
as follows

p (A NG g (R),B) < C (My,p,q, 8,8) n~21/ 0540, (19)

Notice that the upper bound obtained for Nikol’skii-Besov balls in Corollary 3 is analogue to that
obtained for Sobolev balls in Corollary 2. Indeed, if we consider the same regularities in all directions
in the case of Nikol’skii-Besov balls: 11 = ... = v, = y1 = ... = 74, we obtain a similar upper bound.
These upper bounds obtained in Corollaries 2 and 3 remind the asymptotic minimax separation rate of
testing independence w.r.t. the La-norm over Holder spaces [Ingster, 1989, Yodé, 2004]. However, the
test having a rate with the smallest upper bound is not adaptive, it depends on the regularity parameter
0. In the next section, for the purpose of adaptivity, we build an aggregated testing procedure taking
into account a collection of bandwidths (A, u) € A x U. In particular, this avoids the delicate choice of
arbitrary bandwidths. We then prove that the uniform separation rate of this aggregated procedure is
of the same order as the smallest uniform separation rate of the chosen collection, up to a logarithmic
term.

3 Aggregated non-asymptotic kernel-based test

In Section 2, we consider single tests based on Gaussian kernels associated to a particular choice of the
bandwidths (X, ). However, applying such a procedure leads to the question of the choice of these
parameters. There is as yet no justified method to choose A and p. In many cases, authors choose these
parameters w.r.t the available data (X;,Y;)1<i<n by taking for example A (resp. p) as the empirical
median or standard deviation of the X;’s (resp. the Y;’s), which is not necessarily an optimal choice.
To avoid this delicate choice, we consider in this section an aggregated testing procedure combining a
collection of single tests based on different bandwithds.

3.1 The aggregated testing procedure

Consider now a finite or countable collection A x U of bandwidths in (0,400)? x (0, +00)?. Consider a
collection of positive weights {wx , / (A, 1) € A x U} such that Doenxy € A <L

For a given a € (0,1), we define the aggregated test which rejects (Hg) if there is at least one

(A, 1) € A x U such that
HSIC, > ¢

_ ue_“’k,u’
where u,, is the less conservative value such that the test is of level a, and is defined by

Ug = sup{u >0; Pf1®f2( sup (ﬁSI\C/\,M _ q)\,u . ) - 0) - a}. 0
(A p)EAXU 1—ue “An

We should mention here that the supremum in Equation (20) exists. Indeed, one may notice that the
function

u Pf1®f2< sup (ﬁsﬁ)\’“ e N ) - 0)
(M p)EAXU 1—ue “An

is well defined for u in the interval (0, inf{exp(wx ,); A € A, € U}), non-decreasing, and converges to 0
and 1 respectively at the boundaries of this interval.

11



The test function A, associated to this aggregated test, takes values in {0,1} and is defined by

Ay=1 = sup (H/SE,\# — g s ) > 0. (21)
(M) EAXU L—uae "0

It is easy to check that the test A, is of level «, this is directly derived from the definition of u,. Note
that in order to guarantee the level of the aggregated procedure, the level « of each single test AN is
here replaced by the corrected level uq exp(—wa ).

For computational limitations, the collections A and U are finite in practice. Moreover, note that,
as for the quantile, the correction u, of the level is not analytically computable since it depends on
the unknown marginals f; and f5. In practice, it can also be approached by a permutation method
with Monte Carlo approximation, as done in [Albert, 2015]. More precisely, consider the notations of
Section 2.1. First, generate By independent and uniformly distributed random permutations of {1,...,n},
denoted 71, ..., 7p,, independent of Z,, and compute for each (A, 1) € A x U and each u > 0 the permuted
as defined in (9).

Second, in order to estimate the probabilities under P, g, in Equation (20), generate B, independent
and uniformly distributed random permutations of {1, ...,n}, denoted k1, ..., £p,, independent of Z,, and
of 71, ...,7,. Denote for all permutation xp, the corresponding permuted statistic

quantile with Monte Carlo approximation in"_“ e

H’;,bu = HSIC, , (Z}})
Then, the correction u, is approached by

Bz

Qo = Sup u>0;—Z]l {A% <ap. (22)
H,

X, —
B2 b—1 maXx,u)eAxU —g™* *WA,M}>O

l—ue

In the end, the aggregated testing procedure with permutation approach rejects the null hypothesis if

HSIC, , — ¢ )>0.

In the next section, we will provide a uniform separation rate similar to that of Corollaries 2 and 3 for
the aggregated test A,. This uniform separation rate will be given in the two cases mentioned earlier in
Section 2.4 where f — f1 ® fa belongs to isotropic Sobolev balls or to anisotropic Nikol’skii-Besov balls.

3.2 Oracle type conditions for the second kind error

As a reminder, our goal is to construct a testing procedure with a uniform separation rate as small
as possible and whose implementation does not require any information about the regularity of the
difference f — f1 ® fs.

The main advantage of the aggregated procedure is that its second kind error is as small as the one
of the single test corresponding to the best bandwidths in the collection A x U with a corrected level.
The main argument is highlighted in Lemma 5.

Lemma 5. Let a, 8 in (0,1), and consider the aggregated test A, defined in (21). Then, u, > a and

Pr(Ay=0)< inf {P (AW,w =o)}.
7 ( )—@,ulfémj F\A e

According to Lemma 5, if there exists at least one (A, ) € A x U such that the associated single test
A;\t’e‘ﬂ wy, has a probability of second kind error at most equal to 3, then the probability of the second
kind error of the aggregated test A, is at most equal to 5.

We now give an oracle inequality for the uniform separation rate of the aggregation procedure A,.

This inequality given in the following theorem shows the interest of this testing procedure.

12



Theorem 4. Let o, 3 € (0,1), {(kx,1,) / (A, ) € Ax U} a collection of Gaussian kernels and {wy,, /
(A p) € Ax U} a collection of positive weights, such that Z()\,[L)GAXU e~ e < 1. We also assume that
all bandwidths (X, ) in AxU verify the conditions given in Theorem 1, and that f, f1 and fo are bounded.
Then, the test A, of level a defined in Equation (21) has a uniform separation rate p (A, Cs, 8) which
can be upper bounded as follows

o IfC5 =38}, ,(R), where § € (0,2] and R > 0, then

1 1
A, S° oM §) inf log [ =
[p( 7Sp+q(R)»6)] = C( fvpv(Iaﬂ’ )(X,;LI)IEIAXU{n Al.,.)\p‘ul,,,’uq (Og (Oé) +OJ)\,#>
P q
Ly }
i=1 j=1

where My = max (|| f]loo || f1llocs || f2]loc) and C (My,p,q,5,9) is a positive constant depending only on
its arguments.

o IfCs :Nz‘s’erq(R), where § = (V1, .o, Upy Y1, -y Vq) € (0,2]P77 and R > 0, then

1 1
An, NS ‘oM §) inf log [ =
[p( aNQ,P-‘rq(R)aB)] = C( f7p7Q7ﬂa )()\,ul)IéAXU{n Al,..)\p'ul,_,‘uq (Og <Oé> +UJA,#)
P q
q)seaswlt
i=1 j=1

where C (My,p,q,3,0) is a positive constant depending only on its arguments.

According to Theorem 4, the uniform separation rate of the aggregated testing procedure A, is the
infimum of all (A, u) € Ax U, up to the additional term wy ,. This theorem can also be interpreted as an
oracle type condition for the second kind error of the test A,. Indeed, without knowing the regularity of
f— f1® fa, we prove that the uniform separation rate of A, is of the same order as the smallest uniform
separation rate over (A, ) € A X U, up to wy ,-

3.3 Uniform separation rate over Sobolev balls and Nikol’skii-Besov balls

In this section, we provide an upper bound of the uniform separation rate p (A,, Cs, 3) of the multiple
testing procedure A, over the classes of Sobolev balls and Nikol’skii-Besov balls. For this, we consider
the collections A and U of parameters A and u respectively, defined by

A={@27™, .27y s (myg,...,myp) € (NT)PY (23)
and
U={2™,...,27"29); (mg1,...,maq) € (N*)7}. (24)
In addition, we associate to every A = (2™t ... 27™tr) in A and p = (27™21,...,27™2.4) in U the
positive weights
P q
T 0
W = 2Zlog (mu X ) + 2210g (mg,j X > , (25)
i=1 V6 j=1 V6

so that Z(M‘)EAxU e~ “xn =1, Corollary 4 provides these upper bounds.
Corollary 4. Assuming that loglog(n) > 1, o, 8 € (0,1) and A, the test defined in (21), with the

particular choice of A, U and the weights (WML)(A weaxy defined in (23), (24) and (25). Then, the
uniform separation rate p (Aq, Cs, B) of the aggregated test A, can be upper bounded as follows.
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o IfCs =85, ,(R), where § € (0,2] and R > 0, then,

log log(n 26/(45+p+q)
P (B0 S5y () ) < C (07, p.g.0,5.0) (225 ) , (26)

where My = max (|| flloo [[f1llo, [l.f2[lo0)-

o If Cs :./\/'2‘37p+q(R), where § = (V1,...,Vp,Y1,---,7) € (0,2]P*9 and R > 0, then,

»p+q

log1 2n/(1+4n)
P (Bas NG g(R),B) < C (M, p, 4,0, 3,) (Ogj’f(”)> : (27)

1 &1 1
where n Zf +27 and My = max (|| | oo, | f1lloo, | f2lloo)-

=1 Vi j=1 "
According to Corollary 4, the rate of the aggregation procedure over the classes of Sobolev balls and

Nikol’skii-Besov balls is in the same order of the best rate of single tests (given in Theorem 1), up to a
loglog(n) factor.

4 Lower bound for the non-asymptotic minimax separation rates
over Sobolev balls.

In this section, we study the optimality of the single test introduced in Corollary 2 and of the aggregated
testing procedure defined in Corollary 4 over Sobolev balls. For this, we first present a general method
based on a Bayesian approach to lower bound the non-asymptotic minimax separation rate of testing as
defined in (7). The general idea of this method is due to [Ingster, 1993a] and relies on Lemma 6.

Lemma 6. Let o, in (0,1) such that o+ 5 < 1. Let p. > 0 and Cs some reqularity space. We recall
that the set F,, (Cs) is the set defined as

Fo.(Cs) ={fs = fi® 2 €Cs, | f — f1 ® fall2 = ps«}-

Let v,, be a probability measure on F,, (Cs) and P,, the probability measure defined for all measurable
set A in RPT9 by

Py () = [ Pr(a)dv,. (9.

Denote for all p > 0,
B[FP(C(S)] =inf sup P;(A,=0),
Bo fEF,(Cs)
where the infimum is taken over all a-level tests of (Ho) against (H1). Assume there exists a distribution
fo that satisfies (Ho) such that the probability measure P,, is absolutely continuous w.r.t. Py, and
verifies

Ep,, [L?,,,* (Zn)} <1+4(1-a-p)2, o
dP,
where the likelihood ratio L,, is defined by L,, = de* . Then, for all p < p. we have that
fo

ﬂ[}—p(cls)} > .
It follows that
p(Cs,, B) = inf p(Aa,Cs,5) 2 ps.

We aim at proving that

pl = Cn~20/(43+p+a)
is a lower bound for the non-asymptotic minimax rate of testing over Sobolev balls Sg +q(R), for some
positive constant C, that is, p (89, ,(R), o, 8) > pj. According to Lemma 6, it is sufficient to find a

probability distribution v,. over F: (83, ,(R)) so that the condition (28) holds.
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To do so, we generalize the construction of [Butucea, 2007] to our multidimensional framework. The
idea is to construct a finite set of alternatives (fy)p by perturbing the uniform density on [0, 1]? x [0, 1]9,
and define v, as a uniform mixture of these alternatives. For this, consider the function G defined for
all £ in R by

G(t) = exp (—M) T(_1,—1/2)(t) —exp (—M> L—1/2,0)(1). (29)

One may notice that G is continuous, with support in [—1,0] and that [; G(t)dt = 0. The function G
together with its Fourier transform has valuable properties for our study.

Let (h,)n be a sequence of positive numbers to be specified later, and consider an integer M,, such
the M,,h, =1 (possibly rounded to the nearest integer). Denote I, , , = {1,..., M} x {1,..., M,}".

For all 0 = (0(;.1)) 5.l ., 0 {—1, 1}MS+Q7 define for all (z,y) in RP x RY,

q

p
fo(z,y) =L 1p+a(z,y) + h’fL+(p+q) Z 0.1y H Gh,, (xr = jrhn) H Gh,, (ys — lshn), (30)
r=1

(4:D)€In,p,q s=1

where for all h > 0, Gp(-) = (1/h) G(-/h). One may notice that for all 8, the alternative fy is sup-
ported in [0, 1]PT2. Moreover, since the integral of G over R equals 0, the marginals fp 1 and fg 2 of fp
are respectively the uniform densities on [0,1]? and [0,1]9. Proposition 5 justifies the choice of these
alternatives.

Proposition 5. Let § > 0 and R > 0. Fiz a sequence (hy,)y of positive numbers and consider an integer

M,, such the Myph, = 1. Then, for all 0 = (0(;1))er in {—Ll}MEH, the function fy defined in
Equation (30) satisfies the following properties.

n,p,q

1. The function fy is a density function for h, small enough.

2. The function fg — fo.1 ® fo,2 belongs to the Sobolev ball Sg+q

8. The function fp is such that || fo — fo,1 @ fo2l, = C(p, q)hS.

(R).

Let us now consider a uniform mixture v,. of the alternatives (fy), for 6 in {—1, 1}M’€+q. Note
that this is equivalent to considering a random alternative fg where © = (@(j,l))(j,l)eln,p,q with i.i.d.
Rademacher components O, ;).

Following Lemma, 6, let P, be the probability measure defined for all measurable set A in RPT4 by

1
RW=[ P = s Y P, G1)
{71’1} " " 96{_171}1W'5+q

where 7 is the distribution of a (MEF19)-sample of i.i.d. Rademacher random variables. Proposition 6
justifies the use of these alternatives and this probability measure to prove the lower bound.

Proposition 6. Let a, 8 in (0,1) such that « + 8 < 1 and let § > 0. Denote fo the uniform density on
[0,1]P%4. There exists some positive constant C(p,q, , 8,08) such that, if we set

hn = C(p, q,, B,6)n 2/ (40FP+a), (32)
and define P, by Equations (30) and (31), then we have

dp, ? )
(deo (Zn)> <144(1—a-p)?

Pfo

for n large enough.

Finally, combining Lemma 6 with Propositions 5 and 6, we obtain a lower bound for the non-
asymptotic minimax separation rate of testing in Theorem 5.
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Theorem 5. Consider a, 8 in (0,1) such that a + 3 < 1. Let § > 0 and R > 0. Then, there exists a
positive constant C(p,q,, 3,0, R) such that

P (Sg"’_q (R)’ @, B) > C(pv q, &, 67 5, R) n725/(45+17+q)7
for n large enough.

Theorem 5 proves that each single test introduced in Corollary 2 is optimal in the minimax sense
over Sobolev balls SS 4q(R) for 6 in (0,2] since the upper and lower bounds coincide up to constants.
Moreover, the aggregated testing procedure defined in Corollary 4 is optimal up to a logarithmic term
over Sobolev balls. Since it does not depend on the prior knowledge of the regularity parameter 9, it is

adaptive.

5 Numerical simulations

In this section, numerical simulations are performed in order to study the practical validity of our testing
procedures. More precisely, after describing the different simulated alternatives, we first compare the
"theoretical" single tests (for which we have proved optimality) and the permutation-based single tests
(which are applied in practice) in terms of power. A similar verification is also carried out for the aggre-
gated procedure. Then, we compare different possible strategies of aggregation based on different choices
of bandwidth collections and of weights. Finally, a comparison with the nonparametric independence
testing procedure based on the mutual information of [Berrett and Samworth, 2017] is done for different
data generating mechanisms provided by the authors.

5.1 Data generating mechanisms
In this simulation study, different data generating mechanisms are used.
1. First, in order to compare the theoretical and the permuted tests, we rely on the following data
generating mechanism inspired from the Ishigami function in [Ishigami and Homma, 1990].

Let U, V and W be independent uniform random variables on [0, 1], we define the variables (X,Y)
by

X=U and Y =sin(U) +4sin*(V) + 0.5W*sin(U). (33)

2. Then, in order to study the performance of the permuted tests in terms of power and compare

it to existing procedures, we consider the same data generating mechanisms as in [Berrett and
Samworth, 2017], defined bellow.

(i) Define the joint density f; of the couple (X,Y") for all (x,y) in [—, n] by

fu(z,y) = # {1+ sin(lz) sin(ly)} .

Densities fj; with [ =1...10 are considered here.
(ii) Define X and Y as
X =Lcos® + 8—1, Y =Lsin® + 2,

4 4
where L, O, ¢; and &9 are independent, with L is uniformly distributed on {1,...,{} for some
lin {1,...,10}, © is uniformly distributed on [0,27] and €1, €2 are standard normal random
variables.

(iii) Let X be a uniform random variable on [—1, 1]. For a given p > 0, Y is defined as
Y = X[,

where ¢ is a standard normal random variable independent with X. The considered values of
pare0.1,0.2,... 1.

In addition, we also consider the following bi-variate case: X = (X, X®) and Y = (Y1), y(2)
where (X(l)7 Y(l)) is generated according to any described mechanism above, while X Y2 are
independent uniform random variables on [0, 1] and independent, from (X ), Y (1),
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5.2 Power comparison between the theoretical and the permuted tests

In this section, we first numerically illustrate that the power of the permuted single HSIC tests approx-
imate very well the power of the theoretical tests, as soon as enough permutations are used for the
estimation of the critical value (that is the quantile under the null hypothesis). In particular, the level
of the permuted tests being guaranteed by Proposition 1, the permutation approach does not affect the
quality of these tests. Thereafter, a similar study is conducted for the aggregated testing procedure
introduced in Section 3.1.

All along this section, we rely on the data generating mechanism inspired from the Ishigami function,
defined in Equation (33).

5.2.1 Single tests comparison

In order to evaluate the accuracy of permuted single HSIC tests, we choose the kernel bandwidth asso-
ciated to X (resp. Y) to be the empirical standard deviation of X (resp. Y'), which is a usual choice in
the literature on single HSIC-test [Zhang et al., 2012],

In the following, we illustrate the power for three sample sizes n in {50, 100,200} and two test levels «
in {0.05,0.001}. For each sample size n and test level o, we first estimate the power of the theoretical test.
To achieve this, we simulate 500.000 n-samples under the null hypothesis' and estimate the theoretical
(1 — a)-quantile (denoted g1—,) by Monte Carlo. Then, we generate 1000 different n-samples of (X,Y)
under the alternative (according to (33)) and we estimate the “theoretical” power f;,(n, @) as being the
ratio of times that the observed test-statistic HSIC exceeds the quantile g1 _.

The second step consists in estimating the power of permuted tests for several values of the number of
permutations B. The chosen values of B are {10,20,...,100,200,...,2500}. For each value of n, o and
B, we generate 1000 n-sample of (X,Y") according to (33). For each n-sample, we compute the permuted
quantile qj_, defined in Equation (9) using B random permutations of this sample. Thereafter, we
compute the power 8(n, a, B) of the permuted test, as being the ratio of times the value of HSIC exceeds
the permuted quantile g;_, (computed on the corresponding sample).

To compare the powers of theoretical and permuted tests (resp. Bin(n, o) and B(n, a, B)), we consider
the relative absolute error Err(n, «, B) defined as

B(n,a, B) — Bin(n, o)
6th(naa) .

The results obtained for o = 0.05 and different n values are given by Figure 1. We can see that the
accuracy of the permuted approach tends to increase as m increases. This is probably due to the fact
that the power of the theoretical test increases as the sample size increases. Another explanation may be
that, on the one hand, the power of the theoretical test is more difficult to estimate for small sizes, which
explains the fluctuations observed for n = 50. On the other hand, as n increases, the approximation of

Err(n,a, B) = |

the distribution of HSIC under the null hypothesis thanks to B permutations becomes more accurate,
and this for any value of B larger than 500. Hence, the approximation of the quantile by permutation
becomes more accurate, and thus, there are less fluctuations for larger sample sizes.

Generally, the permutation approach allows to obtain the theoretical test power with an acceptable
level of precision, even for small values of B. In particular, we observe for n = 50 that aside from very
small values of B and two outliers, the absolute relative error is always lower than 10%. Moreover, from
n = 100 this error is mostly less than 10% and no observed error is more than 5% for n = 200.

In order to study the impact of the level on the accuracy of the permutation approximation, we show
in Figure 2 the relative absolute error of the power w.r.t. n and B for the extreme level value o = 0.001.
Contrary to the case o = 0.05, we observe here much less precision of the power approximation. In
particular, for n = 50, B = 2000 permutations are required to obtain satisfactory accuracy (against
B =30 for a = 0.05). Similar observations are done for n = 100 and 200 with respectively B = 1200 and
B = 500 permutations required (against B = 30 and B = 10 for @ = 0.05). This slow convergence results
from the difficulty of estimating the extreme quantile ¢;_, this phenomenon being more significant for

1To generate an independent n-sample of (X,Y) under the null hypothesis, we first generate an independent 2n-sample
of X. Only the first n elements are used to compute the marginal sample of Y and the remaining n elements are considered
to be the marginal sample of X.
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Figure 1: Absolute relative error between the powers of the theoretical and permuted HSIC-tests, w.r.t
the number B of permutations, for sample sizes n = 50,100 and 200. The presumed level of tests is
a = 0.05. The red (resp. orange) dashed line represents the error threshold of 10% (resp. 5%).

small-size samples. Indeed, as in the previous case, the lowest the power of the test, the biggest its

sensitivity to the quantile estimation error.
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Figure 2: Absolute relative error between the powers of the theoretical and the permuted HSIC-tests,
w.r.t the number B of permutations, for sample sizes n = 50,100 and 200. The presumed level of tests
is & = 0.001. The red (resp. orange) dashed line represents the error threshold of 10% (resp. 5%).

5.2.2 Aggregated testing procedure comparison

Similarly to the previous section, the objective here is to check that the permutation approach does not
impact the quality of the aggregated HSIC procedure. The practical implementation of the theoretical
and permuted aggregated testing procedures are described in Algorithms 1 and 2. They both require
the estimation of the value of u, defined in Equation (20). A very straightforward approach to do so
is to proceed by dichotomy on the interval [a, M], where M = inf(y ,yeaxv {€¥*#} (uqo belonging to
this interval as proved in Section 3.1). More precisely, we need to estimate for different values of u, the
probability

sup
(A p)EAXU

P(u) = Pr, e/, ( (H/SEA’H - qi\fue*“’%u) > O). (34)
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Algorithm 1 Theoretical aggregated procedure

Input: We are given an n-sample (observation) and a prescribed level a. We are also given a collection
of bandwidths A x U and a family of weights (wx,.) )eaxu-

1. Simulate a first set, denoted set (4), of 500.000 n-samples under the null hypothesis (to estimate
the quantiles) and a second set, denoted (B) of 1000 n-samples also under the null hypothesis (to
estimate the probabilities P(u) defined in Equation (34) for different values of u).

2. Set Upmin = @ and Umae = M, where M = inf(y e xp {€“>#}.
3. While (Umaz — Umin) > 10 3Upmin, repeat the following steps.

(a) Set u = (Umin + Umaz)/2.

(b) For all (A, 1) in A x U, compute the estimation qf"_”ue
Carlo using the 500.000 samples of set (A).

(c) Estimate the probability P(u) by Monte Carlo using the 1000 samples of set (B). More pre-
cisely, consider P, as the ratio of times at least one HSIC A, is greater than c‘ji"_“ .

of the quantile qlA’_“ 3 by Monte

P W7 e Yx\u

e “apu’
(d) 1f P, < a, then set uy,;, = u. Else set 4, = © and repeat Step 3.

4. Set U, = u and the quantiles with corrected levels ((ji"fa N YO EAXT -

5. Finally, compute the observed statistics (H/Sﬁx,ﬂ)( ap)eAxu (on the given observation) and reject
the null hypothesis if there is at least one (A, p) such that

FSICy , > ™

—dge” “Am !

One may notice that in the theoretical case, this probability is approached by Monte Carlo inde-
pendently on the observation (provided that we can simulate under the null hypothesis) whereas in the
permuted case, it is based on samples obtained by permuting the observation.

Theoretical power. From a given sample of size n and for a given collection of bandwidths A x U,
we estimate the theoretical power of the aggregated test as follows.

Since the approximation of the value of u, and of the quantiles can be done independently of the
observation, it can be done once and for all by running Steps 1 to 4 of Algorithm 1.

Then, to estimate the theoretical power, we then generate 1000 i.i.d samples (observations) and for
each one, we apply Step 5 of Algorithm 1 and estimate the theoretical power as the proportion of times
the aggregated procedure rejects the null hypothesis.

Permuted power. In this paragraph, we describe the aggregated testing procedure with the permu-
tation approach. In particular, we do not assume we are able to simulate under the null hypothesis to
compute the correction u.
Note that here, Step 3 depends on the observation and needs to be done for each new observation.
Finally, the power of the aggregated test with permutation is then the ratio of times that the null
hypothesis is rejected when applied to 1000 n-samples.

Numerical results. In all the following, the prescribed level of the tests is set to @ = 0.05 and we
consider sample sizes n in {50, 100, 200}.

For our numerical tests, we consider 6 different collections of bandwidths (A, x U,),, -, defined for
all r by o

A x U, ={1,1/2,...,1/271}*

Moreover, we choose uniform weights defined for all (X, u) by

wy,, = log(r?). (35)
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Algorithm 2 Permuted aggregated procedure

Input: We are given an n-sample (observation) denote Z,, and a prescribed level a. We are also given
a collection of bandwidths A x U and a family of weights (wx ) (xu)eaxv-

1. Generate a first set, say (A’), of By i.i.d. random permutations of {1,...,n} (to estimate the quan-
tiles), and independently generate a second set, denoted (B’), of Bs i.i.d. random permutations
of {1,...,n} (to estimate the probabilities P(u) defined in Equation (34)), all independent of Z,,.

2. Set Upmin = @ and Umae = M, where M = inf(y e xp {€“>#}.
3. While (Umaz — Umin) > 103 Upin, repeat the following steps.

(a) Set u = (Umin + Umaz)/2.
(b) For all (A\,u) in A x U, compute the permuted quantile with Monte Carlo approximation
Qo as defined in (9) using the set (A”).

1—ue™ “Xn
(c) Estimate P(u) by permutation with Monte Carlo approximation using the set (B’). More
precisely, consider

1 &

DX

P“(Zn)zgzﬂ Fire _ghoe ’
2 ] MAX(\ueAxU H,> —q —wa >0

1—ue

where (kp)1<p<pB, denote the permutations of set (B’) and ﬁ;\“’# = H/SﬁA7M (ZEr) is the
statistic computed on the bth permuted sample Z/°.

(d) 1f PJ(Zn) < a, then set Ui, = u. Else set t,,q; = u and repeat Step 3.

4. Set 4, = u and the quantiles with corrected levels ((ji‘;“ﬂ N YO EAXT -

5. Finally, compute the observed statistics (H/Sﬁk,u)( au)eaxu (on the given observation) and reject
the null hypothesis if there is at least one (A, p) such that

H/SI\C)\,H > Qi\’_uﬁ .

—wxpt

Note that, the case r = 1 corresponds to the single test with A = p = 1.

For the permuted aggregated procedure, the number By of permutations to estimate the quantiles
varies in {100, 200, 500, 1000, ..., 5000} and the number of permutations used to estimate the probabilities
P(u) is set to By = 500.

For each triplet (r,n, By ), the power of both the theoretical and permuted aggregated testing proce-
dures are estimated from 1000 different samples as described above. Results in terms of absolute relative
error on power are given by Figure 3. Notice that, regardless of the n value, the required value of By
to well approximate the theoretical power increases with r. In fact, the supremum in Equation (22)
becomes more difficult to estimate as the number 72 of aggregated tests increases. Unsurprisingly, for a
given B; value, the accuracy of the power estimation increases with n as in the case of single tests. In
particular, we observe that for n = 50, the biggest error becomes less than 10% from B; = 3500, while
this threshold seems to be achieved from B; = 3000 for r = 4,5,6 and from B; = 500 for r = 2,3. For
bigger sample sizes n = 100 and 200, a good approximation of the theoretical test seems to be achieved
from small values of By, even for a relatively large number of aggregated tests. In particular, for n = 200,
an error smallest than 10% is reached for all tested B; values.

All these results show that both theoretical and permuted tests have comparable powers provided that
the sample size and the number of permutations are large enough. In the following, we study the power
of the permuted tests, which are used in practice.
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Figure 3: Absolute relative error between the powers of the theoretical and permuted aggregated HSIC
procedures w.r.t. the number B; of permutations, for the sample sizes n = 50,100 and 200 and the
collection A, and U, sizes r. The prescribed level of tests is & = 0.05. The black dashed line represents
the error threshold of 10%.

5.3 How to choose the collections of bandwidths and the weights?

In our aggregated procedure, collections of bandwidths A and U, together with weights have to be chosen.
There is no universal best collection that would ensure optimal test power. To determine the collection,
we first study the impact of the bandwidth choice on single HSIC-based tests. This leads us to particular
forms of collections. Then, we investigate different choices of the collections A and U and together with
different weights. A comparison with the single HSIC test is also carried out.

5.3.1 Impact of the bandwidths choice on the power of the single tests

The optimal bandwidth depends on the intrinsic characteristics of X and Y and their dependence struc-
ture. Consequently, it seems relevant to consider the possible bandwidths relatively to the standard
deviations of X and Y. Moreover, as already mentioned, the standard deviation is a usual choice for
the bandwidth in the literature on single HSIC-test [Zhang et al., 2012]. We assume here that the exact
values of standard deviations of X and Y, respectively denoted s and s’, are known. In such a way,
we are able to construct collections which do not depend on the observation. In practice, when only a
n-sample of (X,Y) is available, we estimate these standard deviations by the usual empirical estimators.
Note that, practice shows that the effect of this estimation does not significantly impact the single tests
performance. Indeed, standard deviation estimators converge in most cases rapidly w.r.t. n. More
particularly, this estimation error is small compared to the estimation error of the quantiles.

For this, we consider the uni-variate mechanism of dependence (ii) with [ = 2. Moreover, we consider,
as possible bandwidths A\ and p respectively associated to X and Y, multiple or dyadic fractions of s and
s’ respectively. For each couple (A, i), the power of the single HSIC tests is computed. Figure 4 shows the
obtained power maps w.r.t. (A, ), for different sample sizes. First, we can observe that the bandwidths
significantly impact the power: in this case, there is an optimal area around (A, u) = (s/4,s'/4) with a
power close to one for n = 200. The power decreases progressively as we move away from this area, until
being null for very high and very low values of bandwidths. We can also see that the regularity of the
maps increases with the sample-size (just like the power for each point, obviously). Similar conclusions
can be observed for other values of I and the other data generating mechanisms (i) and (iii) with one
or several best-power areas, but are not presented here. These results illustrate that an arbitrary choice
of bandwidths is not relevant and justify the interest of considering several bandwidths through an
aggregation strategy. Moreover, according to our experience, it is usually not appropriate to consider
bandwidths higher than standard deviations. Consequently, in the following, we consider aggregating
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procedures based on collections A and U of types
As={s,5/2,...,5/277 1Y, U ={s,s/2,...,8 /2" "'}, (36)

where r belongs to N*.
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Figure 4: Power map of single HSIC test w.r.t. to kernel bandwidths A and p respectively associated to
X and Y, for sample sizes n = 50,100 and 200.

5.3.2 Impact of the weights choice on the power of the aggregated procedure

Following the results of Section 5.3.1, we consider bandwidth collections A% x U#" as defined in Equation
(36), where s and s’ are respectively the empirical standard deviations of the X;’s and the Y;’s. By
now, let us compare two possible choices of weights. Likewise, without prior knowledge, one should not
consider bandwidths too small, which would lean in favor of decreasing weights with bandwidth. We
study in particular two types of weights : uniform and exponential weights. On the one hand, we recall
that uniform weights depend only on the cardinals of A and U, and are defined in Equation (35) for all
(A 1) by
wy,, = log(r?).

On the second hand, the exponential weights are adapted to the collections A? and Uﬁl. They are defined,
by analogy with Equation (25), for all bandwidths (s/2¢,s’/27) as

. . 1
Ws/2i,s /20 = 2log(i + 1) +2log(j + 1) + log Z 2 | (37)

1<u,v<r

Note that the last term in the right hand side of (37) ensures that 3, jcpy e = 1.

The results obtained with the two types of weights are given in Figure 5, for different collection sizes
r and sample sizes n. In this case, the uniform weights seem to give a better power than the exponential
ones. However, we can observe a different behavior w.r.t. r. For the uniform weights, the power
increases until a specific r (r = 3 or 4 w.r.t n), before decreasing with r, to being lower than power with
exponential weights. On the contrary, the power with exponential weights has a more robust behavior,
since it increases with r until it stabilizes. This is a crucial advantage in favor of exponential weights, as
the optimal r is unknown in practice. It prevents deterioration of the quality of the test, when too large
collection sizes have been chosen. We can also observe that the two aggregated strategies yield a greater
power than the single test (which corresponds to the case r = 1), as soon as the collection A x U is large
enough.

Similar conclusions have been drawn from the other analytical examples, which are not presented here
for the sake of brevity. Thus, from our experience, we recommend in practice the use of the aggregated
procedure with exponential weights with » = 5 or 6.
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Figure 5: Power of aggregated procedures with uniform and exponential weights, w.r.t. the number r of
aggregated bandwidths in each direction, for sample sizes n = 50, 100 and 200.

5.4 Comparison with Mutual Information Test

To complete this simulation study, we compare our aggregated procedure with some existing reference
tests of independence. For this, we simulate accordingly to the data generating mechanisms (i), (ii) and
(iii) of [Berrett and Samworth, 2017] presented in Section 5.1 and consider a sample size n = 200. In
their paper, [Berrett and Samworth, 2017] numerically compare the powers of several independence tests.
More precisely, they compare their Mutual Information Test (called MINT) with the tests based on the
copula defined in [Kojadinovic and Holmes, 2009], on the distance covariance [Székely et al., 2007], on the
Kendall’s tau introduced in [Bergsma and Dassios, 2014] and on the single HSIC using the permutation
method [Pfister et al., 2018] with B = 1000 permutations. For this last test, the kernel bandwidths
defined for multivariate variables are chosen for X and for Y by

1 1
)\2:5median{||XifXjH§:i<j} and ,u2:imedian{||Y}fY}||§:i<j},
where p (resp. ¢) is the dimension of X (resp. Y) and |.||, (resp. ||.||p) is the Euclidean norm in

dimension p (resp. ¢). For the sake of consistency with Section 5.2, we make here slightly different
choices for these bandwidths, by taking A and p such that

~ 1 L 5 1 .
2\ = §mean{||Xi - X;|3:i<j} and p®= imean{HY; —~Y;|5:i<j}. (38)

Notice that, when X (resp. Y ) is one-dimensional, then X (resp. ji) is the empirical estimator of the
standard deviation of X (resp. Y). In [Berrett and Samworth, 2017], the most powerful tests on the
univariate and bivariate examples (i), (ii) and (iii) are the MINT and single HSIC test. Let us compare
the performances of these two tests with our aggregated procedure with the following methodological
choices.

e In the univariate case, the bandwidth collections A and U defined as
A:Qjﬂwwwﬁ}am U= {jifi/2,...,7i/2°},

where A and [i are the bandwidths introduced in Equation (38). Similarly, in the bivariate case,
the bandwidth are defined by

A:“Xbmwzwmww@pﬂyfﬁ and U = {(@ ), (71/2.11/2), ..., (/2% 1i/2°%)} .
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e Exponential weights of Equation (37) are chosen.

e Algorithm 2 is used with By = 3000 and By = 500.

For each example, the power of the different testing procedures is estimated using 1000 different samples
of (X,Y). The obtained power curves are given in Figure 6, w.r.t parameters [ for simulated data from
(i) and (ii) and w.r.t p for (iii). No procedure of testing constantly yields the best performances. For
the case (i), the MINT and the HSIC aggregated procedure have competitive results, much better than
single HSIC. For the mechanism (ii), the MINT is the most powerful method, then comes the aggregated
procedure, single HSIC giving the worst results. For the last example (iii), results are opposite.

Thus, the HSIC aggregated procedure seems to yield intermediate results between MINT and single
HSIC: it provides better results on average, regardless of the mechanism of dependence between the

variables. Moreover, in most examples of Section 5.3 and 5.4, the HSIC aggregated procedure performs
better than the single HISC test.
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Figure 6: Power curves of MINT, single HSIC test and aggregated procedure for the mechanisms of
dependence (i), (i) and (iii) in the uni-variate (p = ¢ = 1) and the bi-variate (p = g = 2) cases.

6 Proofs

All along the proofs, we set Z = (X,Y) and Z; = (X,;,Y;) for all i in {1,...,n}. We also denote by A, B

and C positive universal constants whose values may change from line to line.
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6.1 Proof of Proposition 1

Let a be in (0,1). In order to prove that the permuted test with Monte Carlo approximation &g“ is of
prescribed level «, we use the following lemma of [Romano and Wolf, 2005].

Lemma 7 ( [Romano and Wolf, 2005, Lemma 1]). Let Ry, ..., Rg4+1 be (B + 1) exchangeable random
variables. Then, for all u in (0,1)

B
1
: (B"‘l (1 + ZﬂRbERBH) < U) < u.

b=1

Recall that for all 1 < b < B,
H3b, =HSICy, (ZF) and H;B™ =HSIC, , (Z,) = HSICy . (Z3+),
where 7541 = id is the identity permutation of {1,..., B + 1} (deterministic).

Assume that f = f; ® fo. Then the random varlables Hﬁ“ .. H *E;i and H *E;H are exchangeable.

Indeed, let 7 be a (deterministic) permutation of {1,..., B + 1} and let us prove that

(f[/\ e . H3E o H;i“) and (ﬁ:ﬂ(l), e ﬁ;W(BH)) have the same distribution. (39)

M T

1st case: if 7(B+1) = B+1. Then, since the permutations (75)1<p<p are i.i.d., they are exchangeable.
Hence, (7r(1), .-, Tx(p)) is an i.i.d. sample of uniform permutations of {1,...,n}, independent of Z,, and
(39) holds by construction.

2nd case: if 7(B+ 1) # B+ 1. Then,
ﬁ;,TL(B—H) = H/SI\CA,;L (Z;ﬂ(BH)) = H/SEA,;L (Zn) , where  Z, = Z; "

In particular, for all b in {1,..., B},

Fr®) _ HSIC,\ » ( r,,(b)) HSIC,\ » ~mb> W(B+1)> if m(b) # B+1,

A
=~ — — ~id OT_; .
H/\M(b) — HSIC,\,H (Zn) = HSIC)\,H (Zn (B+1)> if r(b) —B+1.
Therefore, in order to prove (39), it is sufficient to prove that {7,(1) o Tg(gﬂ), s Tr(B) © T7:(13+1)} is an
ii.d. sample of uniform permutations of {1,...,n} independent of Z,. Let A be a mesurable set, and

o1,...,0p be (fixed) permutations of {1,...,n}. Then

IP(Z EA 7'71-(1)07_ (B+1) 1, «--» TW(B)OTT((B-‘:-I) UB)
=P(Z7""Y € A, Tu(1) = 010 Ta(B41)s - - -+ Tu(B) = OB O Ta(B+1))
=E[P(Z7 """ € A, Tr(1) = 010 Ta(B4+1) - - Tn(B) = OB © Ta(B+1) | Tn(B+1))] -
This leads to
IP(Z €A, Tﬂ(l)OT (B+1) ceey Tw(B)OTﬂ(B_H) B)
B
=E|P(Z, € A) x H P(Tﬂ(b) =0p 0 TW(B+1)‘T7T(B+1)) x
17#91:(113“)
IP(id = Ox=1(B+1) © Tn(B+1) |7'7T(B+1)) ) (40)

25



where (40) holds by independence of all permutations 7, and of Z, and since, if f = f1 ® fo, Zy "+
and Z,, have the same distribution. Hence,

5 -1 -1
IP(Zn €A, Tr(1) oTTr(B—i-l) =01, «++y Tr(B) OTT{'(B-‘,-l) = O'B)

B-1
1 .
=E P(Zn S A) <n'> IP(ld = Ox-1(B+1) OTﬂ(B+1)|Tn(B+1))] R

B—-1
1 -1
=P < 4) (n') IP<T”<B+1> - "rl(BH)) '

peea (L)

This ends the proof of the exchangeability of the ( Iy ”)1<b<3+1

Then, by applying Lemma 7 to the (ﬁ;?u)lgb§3+1, we obtain

Prof, (33’“ = ) =Prof, (HSICM > Zfi\fa)
Tk Fx([(B+1)(1—«
= Prag, (5 > B;((P+00-)

B+1
= Prof (Z ]]'H*b <H*B+1 >[(B+1)(1- aﬂ)

B+1
= Prof, Z IlH*b >H*B+1 < I_a(B + )J) (41)

where (41) comes from the fact that

B+1-[(B+1)(1-a)] =|a(B+1)],
Then,

B+1

Prof, (Ag’u = 1) = Prof <Z ]]'ﬁ;b ST B+ <a(B+ 1))
=

b=1

B
1
= Prof, (BJrl <1+Zﬂﬁ;$2§;iﬂ> S(X)

b=1
< q, (42)

where (42) is obtained from Lemma 7.

6.2 Proof of Lemma 1

Let o and 8 bein (0,1). We aim here to give a condition on HSIC} ,(f) w.r.t. the variance Var (H/SEML)
and the quantile qi\’_“ !, so that the statistical test AM* has a second kind error controlled by 3. For this,

we use Chebyshev’s inequality. Since ﬁSI\CMl is an unbiased estimator of HSIC) ,(f),

— HSIC
Py [ |HSIC,,, — HSIC, . ( f)‘ > w <
We then have the following inequality:
—— [SIC
Py | HSIC, ,, < HSIC, . (f) — W <B.
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Consequently, one has Py <H/SI\C>W < qi"f a) < f3, as soon as

Var(HSIC, ) Y

HSIC) ,.(f) > 5 fpe

6.3 Proof of Proposition 2

In order to provide an upper bound of the variance Var f(H/SEA,H) w.r.t. the bandwidths A\, u and the
sample-size n, let us first give the following lemma for a general U-statistic of any order r in {1,...,n}.

Lemma 8. Let h be a symmetric function with r < n inputs, V1,...,V, be independent and identically
distributed random variables and U, be the U-statistic defined by

(n—r)!
Un:T Z h(‘/;;l"""/:ir)'
(i1,...,0p) €T
The following inequality gives an upper bound of the variance of Uy,

(2 S

Var(Uy) < C(r) (2 + 2) : (43)

n ' n?
where 02 = Var (E[h(V4,...,V,) | Vi]) and s* = Var (h(V4,...,V})).

Proof of Lemma 8. First, using Hoeffding’s decomposition (see e.g. [Serfling, 2009, Lemma A, p. 183]),
the variance of U,, can be decomposed as

-1 r
n ™\ (n—r

- () £ 06
where (. = Var(E[h(V1,..., V) | Vi,..., V]).
Let us now prove that, for all n € N*, r € {1,...,n} and c€ {1,...,r},

—1
<n) (T) (n - 7‘) < C(r, c). (44)
T c r—c ne

We first write

() ()60 =) otz ™
(Z) “ i!c)! x (n(—|7—lcj)2!r)! = ;!r)!' (45)
Moreover,
nl=n—-r)xnh-r+1)x...x(n—r+r)
>n—rxn—r+1),
and

(n=r)! = n=2r+c)!lx(n—2r+c+1)x...x(n—=2r+c+r—c
< (n=2r+o)!x(n—r+1)"¢

Then, we have
(n—m)! y (n—r)! < 1
(n+c—2r)! nl T (n—r+1)c
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Furthemore, using that n > r, one can write

n—r+1 _ r—1
n B n
> l_r—l
T
1
oy

1
This leads to, —— <

TS % Finally, Equation (45) leads to Equation (44).

By upper bounding each term in Hoeffding’s decomposition of the variance of U,, according to Equation
(44), we obtain the following inequality:

T Cc
Var(U,) < C =. 46
ax(U) < O3 (46)
On the one hand, (; = 0. On the other hand, using the law of total variance (see e.g. [Weiss, 2006]),

for all ¢in {2,..,7}: (. < s2. By injecting this last inequality in Equation (46), we obtain for all n in N*:

Var(Uy,) < O(r) (02 + 52> ,

n n?

which achieves the proof of Lemma 8. O

Let us now apply Lemma 8 in order to control the variance of H/SE,\,H w.r.t A, p and n. For this,
we first recall that HSIC) , can be written as a single U-statistic of order 4 [Gretton et al., 2008] as

— 1
HSIC = hz 1,G,T
A TL(TL _ 1)(n — 2)(TL — 3) y qu:)E.n IVRCD
,5,9,7) €iY

where the general term h; j 4, of ﬁSI\C,\,M is defined as

(4,3,4,7)
1
hi,j7q7r - g Z (kt,ult,u + kt7ulv,w - th7ult,v) . (47>

" (tuv,w)

where k;,, (resp. ;) is defined for all ¢,u in {1,...,n} as k., = (X, Xy,) (vesp. Iy, = 1(Y;,Y,)) and
the sum represents all ordered quadruples (¢, u, v, w) drawn without replacement from (i, , q, ).

Thus, using Lemma 8, the variance of H/SI\CML can be upper bounded as follows:

o 2 2
Vary (HSICy, ) < C (" (2"” + 2 (22’ “)> : (48)

where, recalling that Z; = (X;,Y;) for all ¢ in {1,...,n}, 0*(\, u) = Vary (E[h1 234 | Z1]) and s*(\, ) =
Varf (h1727374).

6.3.1 Upper bound of o2(\, )

By now, we upper bound o2(\, 11) defined in Equation (48) w.r.t. A and u. For this, we first notice that in
the cases when kj (X, Xp)! . (Y., Yy) is independent from Z7, the variance of its expectation conditionally
on Z; equals 0. That are the cases when a, b, c and d are all different from 1. We then have the following
inequality:

6
o?(\p) <C Y at(\ ),

i=1
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T\ ) = Varg (E[ka (X1, X2)l,(Y1,Y2) | Z1]),  03(\ p) = Vary (E[kx (X1, X2)l,(Ys, Ya) | X1])
a3\, p) = Vary (E[kx (X3, Xa)lu(Y1,Y2) [ V1)), 0d(\ p) = Vary (E[kx(X1, X2), (Y 3) | Z1]),
g()‘nu) = Varf (]E[kA(X%Xl)lu(YQﬂYé) ‘ X1D7 US()\,/L) :,Varf (E[kA(X27X3)l#(Y27Y1) I Yl])

Case 1. Upper bound of o%(},

1)
02\ 1) SE[(E[ka(X1, Xa)l (Y2, Y2) | Z3])’]
<E [k (X1, X2)l, (Y1, Ya)ka (X1, X3), (Y1, Y3)] .

Moreover, we have

E [kx(X1, Xo)ka (X1, X3)l,(Y1,Y2)l,(Y1,Y3)]

w

=/ kx(z1, z2)ka(z1, 23)u (Y1, y2) 1. (Y1, y3) H (@, yi)derdys.
(RP xRa)3 k1

By upper bounding f(x2,y2) and f(z3,y3) by ||f]lco, we have

o2 (1) <112 /(R o B2 A 23 01,00 01,39) o) T
P xRa k:].

=||f||§o/Rpqu [/]Rp kx(fflvxz)dﬂfz} {/}RP kx(mhfca)d%] [/]Rq lu(@/hyz)dyz}

{/R l#(ylayS)dy3:| f(z1,y1)dzdy;.

Finally, using that /

Ex(.,x)dz = / 1,(.,y)dy = 1, we write
Rp R4

o\ 1) < [IFI13- (49)
Case 2. Upper bound of o3 (X, i)

oa(\ ) < E [k (X1, X2)1,,(Y3,Ys) | X4 )2}
)

IN

E|(E[
E [(EIa (X0, X2) | X3])°] (B (05, Y2)])?
E

IN

[x (X1, Xo)ka (X1, X3)] (E [1,,(Ys, Y2)])°.

Moreover, it is easy to see that by upper bounding fi(x2) and f1(z3) by ||fillcs, and recalling that

kx(z1,z)dz = 1, we have,
RP

E [k (X1, X2)ka (X1, X3)] = /R UR
< || Al

Besides, upper bounding f2(y3) by ||f2|lcc in the integral form of E (I, (Y5, Ys)] gives

E{1,(Ys, Ya)] <[ f2loo-

kx(xl’@)fl(@)d%} [ [ it fleapaza) e

p p

By combining these inequalities, we obtain

o3\ 1) < [lfallZ N ol (50)
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Case 3. Upper bound of 03(\, p)
This case is similar to case 2 by exchanging X by Y and kj by [,,. Thus, we have the inequality

a3\ i) < AN 21%- (51)

0]
020 ) <E[(E ks (X1, Xo)l, (11, Ys) | £1])°]
E [k‘)\(Xl, XQ)k')\(X17 X4)lu(Y17 }/}))ZM(Y17 YS)] .

Case 4. Upper bound of o3(),

By upper bounding fi(z2), fi(z4) by [|fille and fa(ys), f2(ys) by ||f2llc in the integral form of
E [ka (X1, Xo)ka (X1, Xa)l, (Y1, Y3)1, (Y1, Y5)], we obtain

af () < il f21l5 - (52)
Case 5. Upper bound of o2(X, i)
o2\ ) <E [ (B [a(Xa, X1)l (Y2, Y3) | Xi])]
<E [ka(Xz, X1)ka (X, X1)1 (Yo, Y3)l,(Ya, Ys5)] -
By upper bounding f(x2,y2) and f(z4,y4) by || f]lco in the integral form of the last expectation, we have

oz (A1) < [1£1I3- (53)

Case 6. Upper bound of o3 (A, i)
This case is similar to case 5 by exchanging X by Y and k) by [,. We have then the inequality

ag (N 1) < [IF1%- (54)

Finally, by combining inequalities (49), (50), (51), (52), (53) and (54), we have the following inequality
a?(\ p) < O(My). (55)

6.3.2 Upper bound of s%(\, i)

Let us first recall that the general term of the U-statistic H/SE)W is written as

(1,2,3,4)
hosa(Z1, 22, Zs, Za) = = > k(X Xo) [1u(Ya, Ya) + L (Yo, Y) = 20,0(Yar, Yoo -

(u v,w,t)
Moreover, all the terms of the last sum have the same distribution. We then have
s°(\ ) = Vary (h1,234(Z1, Z, Zs, Z4))
< C'Vary (ka(X1, X2) [1(Y1, Y2) +1,(Y3,Yy) — 20,(Y1,Y3)])
It follows that,

Varf (}L172’374(Zl7 ZQ, Zg, Z4)) C [Varf (/ﬂ)\(Xh Xg)lﬂ(yl, YQ)) + Varf (/f,\(Xl, ‘Xg)llu(yvg7 Y4))

<

+  Vary (kx(X1, X2)l,(Y1,Y3))]

< C(E [FX(X1, X2)I2 (Y1, Y2)] + E [k (X1, X2)I12 (Y3, Ya)]
+ E [ki(Xl»X2)l;2L(Y1,Y3)D )

In order to bring back to multivariate normal densities, we express k?\ and li as

k / l ’
A and [}, = ——*——|
(Am)z A1), (Am)2 py.. g

30



A
where M = — and u/ = Ly

V2

Consequently, the expectation E [ki (X1, Xg)li(Yl, Yg)} can be expressed as

1
£ [ki(Xl’Xz)li(Yl’Y?)] - pta E [k (X1, X2)l, (Y1, Y2)]
(Am) 2 A1 Appta . fig
1
= ptq / kA/ (xlny)lu/ (y17y2)f(1‘1,yl)f(ﬂfg,yQ)dxldx2dyldy2'
(471—)7)\1'“)\19#1...#(1 (RP xR2)2

By upper bounding f(x2,y2) by ||f|lco in the last integral, we have

/ ki (1, w2)l (Y1, y2) f (w1, y1) f (22, y2 )dzidoady: dys
(RP xR3)2

SHfHOO/R . {/}R kk’(l'lalé)d:@} {/R l,ﬂ(yl,yz)dyz] flxy,y1)dady
P xRY P q

=[flloo-
This leads to,
[1£1ls0
E [k3 (X1, X2) 2 (Y1, Y2)] < — . (56)
g (A7) 55 Ag o Ap i oo g
We can easily show by similar argument that
E [B(X0, X2 (Vs vy)] < —tlelllollee (57)
(Am) 2 A Appin..afig
. I
E [k3 (X, Xo)I2(Y1,Y3)] < < . 58
RO X0, )] < o (58)
From Equations (56), (57) and (58), we have
Cc(M
52()\7H) S ptaq ( f) : (59)
(47T)T>\1...>\pILL1...‘LLq

From Equations (55) and (59) we obtain the following inequality for Vary (H/SE,\M)

— 1 1
Val‘f(HSIC)\#) S C(Mf,p, q) {’I’L + W} .
s Aplle g

6.4 Proof of Proposition 3

To give an upper bound for the quantile qi\’_“a w.r.t A and p, we use concentration inequalities for
general U-statistics. However, sharp upper bounds are obtained only for degenerate U-statistics (see
e.g. [Houdré and Reynaud-Bouret, 2003]). We recall that, a U-statistic U,, = U,,(V4, ..., V;.) is degenerate
if E[U, | V4,...,V;] =0 for all ¢ in {1,...,r — 1}. The first step to upper bound qf"_“a is then to write
HSIC A, as a sum of degenerate U-statistics. For this, we rely on the ANOVA-decomposition (ANOVA for
ANalyse Of VAriance, see e.g. [Sobol, 2001]) of the symmetrical function h; ; 4, introduced in Equation
(47). We then write:

1 (4,5,q,7) (4,5,q,7) _
hi,j,q,r = 5 Z ht,u + 6 Z ht,u,v + hi,j,q,r) (60)
(t,u) (t,u,v)
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where the first (resp. the second) sum represents all ordered pairs (¢,u) (resp. triplets (¢,u,v)) drawn

without replacement from (¢, j, ¢, ) and the terms hy ., hy o and h; ;4. are defined as

htn =E [hi,]}q,?‘ | Zy, Zu] )

)

(t,u,v)
htu,v = E[ i,5,q,7 | Zty L Z Z ht' u’s
(t’ u’)
(4,4,9,7) (4,4,q,m)

~ 1 1
hijar=hijar =g > i — 3 > hiw

(t,u,v) (t,u)

Hence, by summing all terms h; ; , » for (4, j,¢,7) in i} and then dividing by n(n — 1)(n — 2)(n —

have — ———(2,D) ———(3,D) _———(4,D)
HSICy,,, = 6HSIC, ,  +4HSIC, , +HSIC, , .
where 2.0) 5.0)
HSIC)\ = Z hlj 5 HSIC)\#A == m Z h 1,7,q
( aJ)EléL (i aJw‘I)E‘j
—_(4,D 1 ~
HSIC, , g > hijar

n(n—1)(n —2)(n — (i:4,q,m) €LY

=== (2,D) —=(3,D)

3), we

——=(4,D)

Lemma 9. Let us assume that f = f1® fa. Then, the U-statistics HSIC, , ~, HSIC, , = and HSIC, ,

are degenerated.

Proof. According to Theorem 2 of [Gretton et al., 2008], if f = f; ® fa, we have:
Elh; j.q.r | Zi] = 0.
—(2,D)
We then easily show that HSIC, , ~ is degenerated by writing
Elhi;j | Zi] = E[hijqr | Zi] = 0.
——(3,D)
Moreover, to prove that HSIC, , = is degenerated, we have

Elhijq | Zis Z5] =Elhijqr | Zis Z5) = Blhij | Zi, Z5] = Elhig | Zi] = Elhjq | Zj]
=h;; — h;; (by definition of h; ; and Equation (62))
=0.

——(4,D)
Finally, to show that HSIC, , ~ is degenerated, we write

Elhijqr | Zis Zj, Zg) =Elhijqr | Zis Zj, Zg] — hijg — hig — hig — hijg
=0.

(63)

(64)

O

—(r,D
Once we have upper bounds of the (1 — «)-quantiles of HSIC(MJ ) with r in {2,3,4} under the

assumption f = f; ® fo, an upper bound of the quantile qi’_“ , is naturally obtained. In fact, we can

easily show that,

A A A A
1l < 6q170¢/3,2 + 4q17a/3,3 + 4 034

——(r,D)
where q1 a , is the (1 — a)-quantiles of HSIC)\’H under the assumption f = f; ® fo.
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6.4.1 Upper bound of qf"fa 9

In this part, we give an upper bound of qi\’_’tag. For this, we use the concentration inequality 3.5, page
15 of [Giné et al., 2000], given for degenerated U-statistics of order 2. We write for all ¢ > 0:

1 " N3\ 12

Pl Z hij| >t] < Aexp fzmin M’(L) ’(K) , (65)
(i.4)€i3

where A is an absolute positive constant,

K = max |hi;lle, M* = ) E[h}}]

e ez

Lz—max HZ]E Zzay ||007||ZE ]”00

t
By setting e = —;, and using Equation (65), we obtain
n

1 1 . [n2 [n2e 2/8 ;o2 \1/2
P ﬁl Z hij| > e SAexp(—Amln[M7<L) ’(K) .

(i,5)€iy

Therefore, we have for all € > 0,
1 n’e nt/3¢2/3 nel/?
P TL2|()Z hi7j| >e€ SAma,X |:eXp (_W) , eXp (_W> , €Xp (_14[(1/2>:| .
i, Ezg

By adjusting the constant A, we can replace in the last mequahty Z hi,; by HSIC )\ o
n?
('LvJ)Elg

——(2,D) n2e n4/3:2/3 nel/?
P (|HSIC)\’M | > 5) S Amax |:6Xp (_W) , eXpP (_W)> , €XP (_W):| .
Furthermore, if €, is a positive number verifying

n2eq nt/3¢2/? ned”
a = Amax |exp ~ , eXp _W , €Xp AK1/2 .

Then, we can easily show the following inequality

q1 a 2 < €a- (66)

By now, we upper bound ¢, (and consequently qi\’_“ CY)2), in the 3 following cases.

neq

2
Case 1. a = Aexp (— AM>

In this case, ¢, is expressed as

We can then upper bound ¢, as

5a§m(log(1>+l>,
n? «

for some absolute positive constant C'. Furthermore, considering the values of « such that log (i) > 1,

we obtain O )
co < 20M, ( ) (67)
n? «
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Let us upper bound M w.r.t A\, u and n. For this, we first write

= Y E[h};] < nE[hi,).

(7,,])612

Moreover, using the law of total variance, we have under the hypothesis f = f1 ® fs,

E[h? 5] = Var (E[h1 23,4 | Z1, Z2])
SV&I‘ (h1’2)3’4> .

Furthermore, we have shown in Annexe 6.3.2 that,

C (My,p,q)
Var (h < ——
( 172’374) - /\1...)\pu1...uq
Hence, we can upper bound M as follows,
C(My,p,q)n

M <

VA g

Consequently, by combining Equations (67) and (68), we obtain

C(M 1
ql,/l;12g ( f7p7q) 10g<)
N/ AL Aplil ... Uq o

4/3_.2/3
Case 2. a = Aexp <_nAL§73>

In this case, ¢, verifies that,
AL?/3 1
2/3 _
= (log (a) + log (A)) .

Thus, €, can be upper bounded as
CL 1\%?
Ea S vy IOg <) )
n «@

Let us upper bound L w.r.t n, A and p. For this, knowing that h; ; is symmetrical we write

—||ZE (Zis )l

Moreover, according to [Gretton et al., 2008] page 10, we have under the hypothesis f = f1 ® fa,

hi j(Zi, Z;) = %[’fA(Xz"Xj) + (k) = (k)i — (Ra) ] [0 (Ve Y5) + (L) = ()i, — (L) ]

(70)

where (ky).. = E[kx(Xi, Xj)], (ka)i. = E[la(Xy, X;) | Xal, (ka).; = Elka(Xi, X;) | X and (1),

(14)i,., (1,).,; are defined in a similar way.

Hence, we write for all y = (y1,72) € R,

2450 = 35 [ ) + b).. — Bl (60 X,) | X] ~ Ells (X))

2
< [w,yz) F ().~ Ellu(Y, ;)| Vi —Eum,ygn] |

Therefore, we have the following inequality for h? i(Ziyy),

W2 (Zoy) < c[mxz,yl) (k)24 (Elka (X0, X;) | X)) + (E[mxi,ylﬂ

x [zm,yz)? 02+ (Bl Y) | Vi) <E[lum,yz1>2].
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Using that (X3,...,X,) and (Y1,...,Y,) are independent, we write

L* < Cn SUPGR]E |:k)\(Xi7y1)2 + (k)2 + (E[ra (X4, X;) | X])? + (]E[k)\(Xi,yl])Q}

<E [zm,yzf ()2t El(%, ) | Vi) + (E[zm,yﬂf].

)

Each term can be upper bounded by similar arguments as 6.3.2, we then have

1 1
I’<C(M n<1+ ><1+ >
( f) )‘1“-)‘1) M1 g

Thus, using that 1.\, <1 and pi...uq < 1, we obtain:

M
L < C(—M (71)
)\1...)\p,u1...,uq
By combining Equations (70) and (71), we have
C (M 1\1%?
s ()]
AL Ap e flgm3/2 «
Moreover, knowing that Aj...A\pp1...uq < 1, we obtain
C (M 1\1%?
€a < (My) [log <)] . (72)
(/A1 Aphtg oo pig)3/2 a
nel/?
Case 3. a = AeXp W)
In this case, ¢, is expressed as
AK1/? 1
el/? = <log () + log (A)) .
n @
Using that log (i) > 1 and by adjusting the value of A, we upper bound ¢, as
AK 1\1?
Morover, we can easily show that A
K< —«— . 74
- Al.../\pul...,uq ( )
By combining Equations (73) and (74), we obtain:
C 1\1?
S A ()} . 75
qlia"Q - Al...)\p,ul...,uqn2 |: & « ( )

using (69), (72) and (75) and the fact that

1
> < 1, we have the following

Nl
log
AL Apfht .. g o

N N/ A Aplil - g o

inequality
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6.4.2 Upper bound of qf"fa}g

——(3,D)
In this part, we give an upper bound for the (1 — a)-quantile of HSIC, , . For this, we

concentration inequality (c), page 1501 of [Arcones and Gine, 1993]. We write for all ¢ > 0,

—3/2 <A Bt?/3
P n= Z hijql >t | < Aexp T M2+ K241 /6p 174 |

(4,4,9) €15

where K = ||hi j glloo, M? = E[h] ;5] and B is an absolute positive constant.

t
By setting ¢ = —— and using Equation (77), we have
n

3/

[ Bne?/3 ]

1
P ﬁ‘ Z hijaql >¢€| < Aexp T M2/3 F K1/2:1/6

(i,5,9) €13

Moreover, by adjusting the value of B, we can write

——(3,D Bne?/3
P (HSIC;# )\ > E) < Aexp { ne ]

CM2/3 ¢ K1/2:1/6
Furthermore, if €, is a positive number verifying
Bneg/ 3 _
M2/3+K1/26,1X/6 ’

Aexp

then, we have the following inequality
A <e
ql—a,S — ~ar

In order to upper bound ¢, in (79), we set v, = L/% and we obtain

A A
Bnn? :Kl/Qlog( )'ya—l-Mg/?’log( )

« [0}

use the

(77)

(79)

(80)

The polynomial Equation (80) is not resolvable. However, it is possible to give an upper bound of its

roots. Indeed,
A
By} < 2max [Klﬂfya,MZ/S} log () .
@
Case 1. max [Kl/Q'ya, M2/3] = K12,
In this case, 7y, verifies the following inequality,

Hence,

1 1 1
Since K < )\4 , log () < 1 and log () > 1, we have
LoeApHLeta AL Ap e .o hgT a a

C 1
€a < IOg — .
N/ AL Aplht .. fig «

Case 2. max [K1/2'ymM2/3} = M?/3

In this case,




Therefore, £, can be upper bounded as

s ()

Moreover, using the law of total variance, it is easy to see that under the hypothesis f = f1 ® fa,
M2 = Var (hl,g’g) S C Var (h17273,4) . (81)

Then, according to Annexe 6.3.2, M can be upper bounded as

M < CO(My.p.q)
Al...Appl...uq
Hence,
C(M 1
£ < ( f7p7Q) 10g(*),

N/ A1 Aplht e fhg «

1 1
since — log(—) < 1. To conclude, in all cases we have the following inequality for qf’_“ .
n a .

qi\’l}’a , < C(Hfl”oo7 Hf2||007p7Q) log <1> )
’ N/ AL Apfit .. fig @

6.4.3 Upper bound of qf"_“aA

—(4,D
In this part, we give an upper bound for the (1 — «)-quantile of HSIC(A’M ). For this, we use the
concentration inequality (d), page 1501 of [Arcones and Gine, 1993]. We have for all ¢ > 0:

! h t
P ﬁ| Z hijqrl >t | < Aexp <—B K)’

(4,5,q,r)€dYy
where A and B are absolute positive constants and K = ||h12.3 4 co-

t
By setting € = —, we have
n

. h £
P g\ Z hijarl > € SAexp(—Bn\/;>_

(i,4,q,m) €13

1

~ ———(4,D)
Furthermore, by adjusting the constant B, we replace — Z hi j.qr by HSIC, , . We write
n .

(4,3,q,;m) €13

——(4,D) 5
P <HSIC>\7“ | > 6) < Aexp <Bn1 / K) . (82)

Moreover, if ¢, is a positive number verifying

Aexp <—Bn i?) = q, (83)
then,
o < ea

By resolving Equation (83), we obtain



Therefore, we can easily show that

4
Moreover, by using the inequality K < ————  we have
)\1...)\1)/1,1.../1“1
5 < ( ; >>2
Ap
/FNN log | —
Lot = N At et a
Consequently,
C 1
g < log <) . (84)
’ N/ A1 Aplit ... fig e}

To conclude, under the hypothesis of Proposition 3, the quantile qf‘; can be upper bounded under the

hypothesis f = f1 ® fo as follows,

2 < Clflloo: | folloosp0) (i) . (85)

N/ AL Ap it - fig

[e3

6.5 Proof of Corollary 1

The proof of this corollary is immediately obtained from Lemma 1, Proposition 2 and Proposition 3.

6.6 Proof of Lemma 2
Recalling the formulation of HSIC} ,,(f) given in Equation (1) with k = ky and [ = [,,, we obtain

HSIC) . (f) =/ ) kx(z, 2" ), (y,v") f(z,y) f(z',y)dedyda’dy’
(RP xR?)2

—2 / kx(z, "), (y,y') f(x,y) fr(z") fo(y')dzdyda’dy’
(RPxR7)2

+ / kx(z, x/)l#(yv Y) f1(x) fa(y) fr(2') f2(y')dadyda’dy’.
(RP xRR?)2

This expression can be factorized using the symmetry of the kernels ky and [,:

HSIC),,(f) = /

(RP xR)2

(2,29, 4') [ﬂx, W <x>f2<y>] [ﬂx’, y) — Fu(@) faly) | dedyda’ay
- / a2, ) o, (2 )by )dedyda'dy
(RP xR9)2

where ¢¥(z,y) = f(x,y) — fr(z) f2(y).

Thereafter, we reformulate this equation by replacing ky(z,z’) with ¢, (z — ') and replacing ) (y,y’)
with ¢, (y — '), where ¢y and ¢, are respectively the functions defined in Equations (3) and (4):

HSIC) . (f) = /

RrxR4

U(z,y) UR . V(' y )or(z — 2')pu(y —y')da'dy’ | dedy

:/]RPXR‘I Y(a,y) U * (ox @ ¢)] (z,y) dady
=, ¢ * (oA ® Pu))2-
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6.7 Proof of Proposition 4
First notice that according to Equations (48) and (59), we write:

C (My,p,q)
Al...Apul...uan’

— C
Varf(HSICA#) S g Varf (E[h1)2’3’4 | Zl]) +

where hq 23,4 is defined in Equation (47).

To prove the intended result from the last equation, we aim now to upper bound Vary (E[h1 234 | Z1])
by ||t * (px ® QS,L)Hg up to a positive constant which depends only on M. The following lemma gives
such an upper bound.

Lemma 10. For all X in (0,400)? and p in (0,4+00)?, we have

Vary (Elh1 2,34 | Z1]) < C(My) |9+ (02 @ ¢)l5 -

Proof. The first step to upper bound Vary (E[h; 234 | Z1]) is to rewrite hy 2 3.4 by isolating all the terms
depending on 7.

(1,2,3,4)
hosa=7 D [l +keudow = 2Kt ulro]
(t,u,v,w)
(2,3,4)
Z k1wl u + E1ulow + Euwltw — kwolw1 — kuilue — k1ul10] + R(Z2, Z3, Z4),

(u,v,w)

2
T4l

where the last sum represents all triplets (u, v, w) drawn without replacement from (2, 3,4) and R(Zs, Z3, Z4)
is a random variable depending only on Z5, Z3 and Zj.

Then,

(2,3,4)

h1,273,4 = R(227 Z.?n Z4) + E Z [kl,u(ll,u - ll,v) - ku,l(lu,v - lu,w) - (kw,v - ku,v)ll,w] .

(u,v,w)

The random variable R(Zs, Z3, Z4) being independent from Z;, the variance of its expectation condi-
tionally to Z; is equal to 0. It is then easy to see that Vary (E[h1 234 | Z1]) can be upper bounded as
follows:

Varf (E[h1}273)4 | Zl]) S C[Varf (E[kjLQ(lLQ — ll’g) | Zl]) + Varf (E[kg)l(lg’g — l3’4) | Xl])
+Vary (E[(ka3 — kas)li2 | Yi]) ], (87)
By now, we reformulate the function v * (¢ ® ¢,,) in a simpler form in order to link its Lo-norm with

the upper bound given in Equation (87). For notational convenience, we denote G, = ¥ * (¢x ® ¢,).
We then write

Gl ) = / By V(2 ) ' dyf
RP x R4
= / kx(z,2") (lp(y,y’) — lu(y,y”)) f@' y") fo(y")da'dy' dy”
RP xR2 x Re

= & i) (10 7) - 0¥ )
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where (X', Y”’) and Y are independent random variables with respective densities f and fs.

Thereafter, the conditional expectations in Equation (87) can all be expressed as follows:

Elk12(l1,2 —l1,3) | Z1) = Ga u(X1, Y1),
Elks1(loz —l34) | Xi]=E[Ga(X1,Ys) | X1,
E[(ka,s — ka3)li2 | Yi]=E[Ga, (X3, Y1) | Y1].

Thus, using the law of total variance [Weiss, 2006], we have the following upper bound :
Varg (E[h1,2,34 | Z1]) < C|Vary (G u(X1,Y1)) + Varg (G, (X1, Y3)) + Vary (Ga,u(X3,11)) |-

On the other hand, it is straightforward to upper bound the three variances in the last equation as

Vars (G (X1, Y1))< || flloo Gl
Vars (Gau(X1, Y3)< |11 @ falloo 1Gull5
Vars (Gru(X3, YD) |11 @ falloo 1Gull5-

Consequently, combining the three last Equations with Equation (87) gives us the following upper bound
of Varf (E[h1’2’3’4 | Zl])Z

Vary (Elh12,34 | Z1]) < C(My) ¢+ (02 @ ¢ l5 -

We then obtain as a result of Equation (86) and Lemma 10:

C(My) 14+ (2 ® 65 C(My,p,q)
+ -
n AL Aplin . g

Varf(H/Sﬁ,\M) <

6.8 Proof of Lemma 3

The objective here is the provide an upper bound of the bias term ||¢) — ¢ * (v) ® (b,JHé w.r.t A and p,
when ¢ € 83, ,(R), where § € (0,2]. We first set b = ¢x(0r®¢,)—, using that b € L' (RPT9)NL2(RPT4),
Plancherel’s theorem gives that

(2m)P+4 |1b]15 =|15]I3
=[(1 = ox @ ¢) |13 (88)

Let us denote g; as in Equation (2), the real function defined for all z € R as

q(z) = \/12? exp(—22/2).

We then obviously have the following equation

wrooten =110 ()] [ (2)]

Moreover, it is known that §; = v/2mg;, and that the Fourier transform of a tensor product of functions
is the product of Fourier transform of each of these functions. We also recall that if G is a real function
and a > 0 then, the Fourier transform of z — 1/a- G (z/a) is u+— G (au). We then obtain

<P/\®¢);L(§ C Hgl /\fz Hgl NJCJ

=exp (—(ATE +... + Ai&,, FuiCE ) /2) -
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Thereafter, using Equation (88), the bias term ||bH§ can then expressed as follows

2
b3 = ﬁ / (1 —exp (A€ + ..+ NG + ] +...+u3<§>/2)) (&, Q) déd¢

EONP(E, ) ded¢. (89)

2

1 / 1—exp (—(M2G + .. 4+ N2E2 + pdE + ...+ 122 /2) I
(2m)pta 1€, Ol

In order to upper bound the last integral, one can first notice that for all A, £ in (0,400)? and p, ¢ in

Eg, 509)17@;:2 }\wfg)e}: A2+ .+ )\127«512) + 4.+ u3 3 < S @) 1211(E, €)]I?. We then obtain for all
) m )

1—exp ((M& +... + X +p3¢E +. . +15¢0)/2) _ 1 —exp (=[N 0PN OIP/2)
1 O1° 1€, O11°

1—exp(—H/2)
o i o Yy A
<[ sup 77572

N

1-— —H/2
For § in (0,2], the function H %

(0, +00), tends to 0 in +o0o and has a finite limit at 0 (1/2 if 6 = 2 and 0 otherwise). Hence, we thus
obtain for all (&, ¢) in RPT\ {0},

is bounded in (0,400). Indeed, it is continuous on

2
(1 —exp (—(MG+ ...+ A28+ 3G+ .+ ﬂgggw))

1€ O

< CON ml*.

Thereafter, using Holder’s inequality if § > 1 and the concavity of ¢t — t° on Ry if § < 1, it is
straightforward to see that

P

q
IO )2 < Cp,q,8) | S A2 + 5712 (90)
j=1

i=1

Hence, combining the two last inequalities gives

p q
IDIZ < C0.0) | S22+ 37 2 / 16, QI (e, O dedc.
1 j=1

=

Recalling that 1 belongs to the Sobolev ball S?

oq(11), we obtain

p q
[ = (oA @ G)l3 < Clp, g, 6, R) | D AP+ p3

i=1 j=1

6.9 Proof of Theorem 2

We easily deduce from Theorem 1 and Lemma 3 that if 1) belongs to the Sobolev balls S°

() With &
in (0,2], Pf(H/-SEA,M < g]*,) < B as soon as

P q
C(M¢,p,q, 1
613 > Clp.a.0.1) |3 A2 + 30y | 4 - S EPED) oy (1),
1 Jj=1

= T 1/ 1...)\1,/,41.../_1,(1

It now follows from the definition (6) of the uniform separation rate that

Apu Qb 2 §p: 28 §q : 25 C(vapaqvﬁ) 1
[P (Aa’ vSp+q(R)7ﬂ)] S C(pv q, 57 R) )\2 + /~Lj + IOg - .
Pl = N/ AL Aplit - g «
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6.10 Proof of Corollary 2

The objective here is to give the uniform separation rate having the smallest upper bound w.r.t. the
sample-size n, when 1 belongs to a Sobolev ball Sg +q(R) with 0 in (0, 2]. For this, we recall that according
to Theorem 2, we have

C(M B) 1
A o Z 25 Z P4 1
P (82" Sy A< Co.0,6F) A2 T AL Appin - fig log<a)'

In order to have the smallest behavior of the right side of the last inequality w.r.t. n, one has then to

choose bandwidths \* = (A},..., \y) and p* = (ui,...,pu;) w.r.t. nin such a way that

*20 *20 1
Z)\ +Z,u and ny/AT NS T

*
i=1 1 Hg

have the same behavior in n. Thereafter, it is clear that all A}’s and p’s have the same behavior w.r.t.
n. It obviously follows that for all 4 in {1,...,p} and all j in {1,...,¢}, we have

=yt = p 2/ A0tpta)

K2 J ‘

Consequently, the separation rate p (A’\ # ,Sg (R, ﬂ) can be upper bounded as

p (A7, 80,4(R). B) < C (My.p,q, 0, 8,8) n~ 2/ 455050,

6.11 Proof of Lemma 4

The objective here is to give an upper bound of the bias term ||¢) — ¢ * (px ® ¢,,)||3 w.r.t. X and p, when
1) belongs to a Nikol’skii-Besov ball ./\/'z‘spﬂ( ), with 6 = (v1,...,Vp, 71, -.,7g) in (0,2]PT%. We first set
b=1*(pr® ¢,) — ¢ and we write

b(.’E, y) :flp * (90)\ & QSM)(LC, y) - ¢($, y)
- / D' Yor(@ — o) buly — y')da'dy’ — P(z,p).

Moreover, using Equations (3) and (4), the fonction b can be written in terms of the functions g, and g,
defined in Equation (2) as

- T, — — -y
br.y) = /ww /) <x1 xl P p)gq<y1 Vi e yq)dx,dy,
)\ lezl A1 /\P H1 Hp
—¢($»y)
:/w(xl + MUty T ApUp, Yt VL, - Yg F qUq)p (U, - Up)ge (V15 - -, Ug) dudo

Thereafter, using that / 9p = / gq = 1, the function b can be expressed as
Rp Ra

b(z,y) = /gp(ula cee up)gq(Uh e 7Uq) {7//(331 + AUty . Yg + ﬂqvq) —Y(z,y)| dudv.

Let us from now define for all ¢ in {1,...,p} and j in {1,..., ¢}, the functions b; ; and by ; by
bl,i(mv y) = /gp(ulv e ,up)gq(vla cee 7vq)w1,i(x7 Y, Uy ... 7ui) dUdvv

b2,j($7y) = /gp(uh"'7up)gq(vlv"'7Uq)w2,j(xvy7u17~~‘7up7U17~~'7Uj) d’LLdU,
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where the function wy ; is defined as

Wi, Y, U, - u) =0(@n + AU, T+ Nl T, - T, Y)
——(z1 + Aur, e i F AU, Ty Ty Y),

while the function ws ; is defined as

w27j(x7yau1a"'7upavla"'avj) = ¢($1 +)‘1u17~'~7xp+)\pupvy1 +/J'1U17"'vyj +ﬂjvj7yj+17"'7yq)

— (@1 + MUty Ty + ApUp, Y1+ VL, Y1 -1V 1, Yy - - Yg)-

It is then easy to see that the function b is the sum of all the functions b, ; and by ;

P q
b(z,y) = Zbl,i(xvy) + sz,j(x»y)~
i=1 j=1

One can then deduce that it would be sufficient for the control of the Lo-norm of b, to control the
Lo-normes of all the functions b ; and b2 ;. Using the triangular inequality, we have

P q
IBll2 <> llbrilla + > 1b2,5l2- (91)
i=1 j=1

By now, let us upper bound ||by ;||3 and ||bs;||3 for all ¢ in {1,...,p} and j in {1,...,q}. We distinguish
two cases

Case 1. 0<p; <1
We first recall that ||by ;|3 can be written as

161,

2
|2 :/{/gp(ul,...,up)gq(vl,...,vq)wu(ﬂ?,y,ul,...,ui) dudv} dzdy.

We use the following lemma from page 13 of [Tsybakov, 2009].

Lemma 11. Let p: R? x RY — R be a Borel function, then we have the following inequality:

[/ p(e’z)de)gdz < [ /(/ p2<e,z>dz)1/2 der

By applying Lemma 11 to the function
((’LL,’U), (IL',y)) = gp(ula e aup)gq(Uh e 7vq)w1,i(‘ra Y, u1,... aui)v

we obtain:

1614

1/2 2
2< [/ (/gﬁ(ul, . ,up)gg(vl, ... ,vq)wii(x,y, ULy ooy Uy) dxdy) dudv}
2

1/2
= [/gp(ul,...,up)gq(vl,...,vq) (/wii(x,y,ul,...,ui) dxdy) dudv} . (92)

On the other hand, since ¥ belongs to the Nikol'skii-Besov ball Ny . . (R), we have:

Vi

1/2
< [t dxdy) < R\ u,

We then have by injecting this last inequation in Equation (92), that

[b1ill5 < C(R, 1) A"
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Case 2. 1 <y; <2
In this case the function v has continuous first-order partial derivatives. Using Taylor expansion with
integral form of the remainder w.r.t. the i*? variable of v, we have:

1
wii(T, your, ., U) = A / (1- T)Dill/}(l'l + AUty - T TAUG, T, -, Y)dT
0

where D} denotes the first-order partial derivative of ¥ w.r.t. the i! variable.

Thereafter, by injecting the last equation in the expression of b; ;, we obtain:

b177;(l‘7y) :/Aiuigp(ul’-~-’up)gq(vl,~--,Uq)

1
[/ (1 = 7)D}p(21 + Mun, ..oy i + TAUG, Tig 1, - ,y)dT] dudo.
0

Furthermore, using the fact that g, is the density function of the multivariate normal distribution with
mean 0 and covariance matrix equals identity, we have that / Uigp(u1, ..., up)du; = 0. The function

b1,; can then be written as

1
by,i(z,y) = /)\iuigp(ul, s Up) g (V1 -, vg) [/ (1-— T)Dz-lw17i(x, Yy ULy ooy TUG) dT:| dudo.
0

We have then the following equation for the Lo-norm of by ;:

2

1
l|b1,:] % = /{/ Aittigp(Ut, ..., Up)gq(v, ..., vg) (/ (1-— T)Dilwlyi(:r,y,ul, ey TUG) d7> dudv} dxdy.
0

By now, we use as in Case 1 of Lemma 11 in order to upper bound ||b; ;]|3. We then obtain:

||b1,7f||§ S (/ |:/ ()\iuigp(ul, D) up)gq(vla s 7vq>

1 2 1/2 2
/ (1 —7)D}wii(z,y,u1,. .., Tu;) dT) dxdy} dudv)
0

Then,

muﬁ<(/&m%whmnm%whuwa

1 2 1/2 2
[/ (/ (1 —7)Diwyi(z,y, w1, ., Tu;) dT) dxdy} dudv)
0

We apply a second time Lemma 11. For this, consider the function
p: ((fE,y),T) = (1 - T)Dilwl,i(xayvula e 77—7-141')7

we then have:

Muﬁﬁ(/NW%WhmﬂW%@h~W0

[/01(1 —7) (/ (Dlwri(z,y, ua, - .. ,Tui))zdxdy)

On the other hand, using that 1 belongs to the Nikol’skii-Besov ball Ng‘ip 4q(R):

1/2 2
dT}dudv> . (93)

1/2
(/ (D}wl,i(:v, Yy Uy ,Tui))2 dxdy) < R)\;"'_1|Tui\”i_1.
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We then obtain by injecting this last inequation in Equation (93), that

b1,4]13 < C(R, vi) A"

Besides, for all j in {1,...,q}, by similar arguments:

2
1b2,5]13 < C(R, ;)
Consequently, according to Equation (91), we have the following upper bound of ||b(|3

I1b]2 < C(R, ) ZA% + Z;f”

6.12 Proof of Theorem 3

The proof of this theorem is similar to that of Theorem 2. Indeed, assuming the conditions of The-
orem 1, we have according to this theorem and Lemma 4 that if 1) belongs to N§’p+q(R), with 6 =

(U1, oy Vpy Y1y -+ %) in (0,2]PT9, then Pf(HSIC,\M < g ) < B as soon as

v C(Mfap7Q7B) 1
VB> C(R6) | DAZ 43 2 | + g5 )
113 Z: JZ: T e\

One can then conclude from the definition (6) of the uniform separation rate that

NV, < OR,0) |3 a2 2 CMpp.aB) (1)
[( 2p+a( R )ﬁ)] < O( ; +;M n\/M ApH1 - - [g % a

6.13 Proof of Corollary 3

We aim here to give the uniform separation rate having the smallest upper bound w.r.t. the sample-size
n, when 1 belongs to a Nikol'skii-Besov ball N§ . . (R), with § = (v1,...,vp,71,...,7) in (0,2]P17. We
first recall that Theorem 3 shows that:

Vi J (Mv 9 75) 1
2Ny T < ) | 5507 | 4 COIBED (1),

So as to minimize the right side of the last inequality w.r.t. n, we have to choose bandwidths \* =
(AT, Ap) and p* = (uf, ..., py) wr.t. nsuch as

*2U; *275 1
ZA +Z J and ny/AT AT

*
i=1 1+ Mg

have the same behavior in n. Let us set for all ¢ in {1,...,p} and all j in {1,...,¢}, A} = n% and
Wi = nb . Tt is than clear that for all i and all j:

1 p q
2(17;V1' = ij’}/j = —5 [Z a, + Zb;| — 1. (94)

One can first express all a;’s and all b;’s w.r.t a; as
V1

141
a;=a;— and b; =a;—.
Vi Vi
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Thereafter, using Equation (94) we have the following:

—a1vy
2 = —
a1y 27’]

—2

We then first write that a1 = — 1 We next obtain for all i and for all j that:
V(i + 1)
—2n —2n
a;=——— and bj=———.

‘ V¢(477 + 1) J 87 (4.’/] + 1)

Consequently, the separation rate p (A’O\;’“*,/\@pﬂ(R), 6) can be upper bound as

p (A NE 1y (R), B) < C (My,p,q,0, 8,0)n 5

6.14 Proof of Lemma 5

Let a be in (0, 1), we first prove that u, > «. For this, we apply Bonferroni’s Inequality:

Pr ot ( sup (HSICML — qii(“»ﬂ) > 0)

(AN, u)EAXU
— A,
:Pf1®f2 ( U {HSIC)\)# > ql_‘uuefwx,“ })
(AN, u)EAXU
— A,
< Y Pren (HSICM > qlfae—wx,u)
(A u)eEAXU
o
(A pu)eAXU

< a.

Then, by definition of u, we have: u, > «. Thereafter, we obtain:

ma=n=r( N (W< o))

(AN, m)EAXU

< inf P(H/Sf <t )
- ()\,,LLI)IéAXU f Ao = qlfuae A

< inf P(H/I\ <M )
B (A,ul)releU 7 (HSIO = _gemenn

—  inf {Pf (AW_M :0)},
() EAXT ae” U rm

which concludes the proof.

6.15 Proof of Theorem 4

Let a and § be in (0,1). According to Lemma 5, P (A, = 0) < 8 as soon as there exists (A, 1) in A x U
such that
Py (Ai’” — 0) < B.

e Y

Then, according to Theorem 2 (resp. Theorem 3) if 1) belongs to N3, (R) (resp. ¢ belongs to S), ,(R)):
we take the infimum of the upper bounds for the uniform separation rates of the single tests over A x U

1 1
while replacing log (a) by log (a) + W -
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6.16 Proof of Corollary 4

Let us start with the case where ¥ belongs to Nzip +4q(R). In this case, using Theorem 4, we have the
following inequality for p (Aq, N3 1 ,(R), ),

1 1
Ao, NS (R),B) < C(Mys,p,q,8,8) inf (10 ()—i—w )
[p( 2.p+q(R) 5)} < C(My,p,q,B )(ML)eAxU N sl A
P a
Sl

i=1 j=1

Let us take \* = (27™11, ..., 27™i») and p* = (2721,...,27™2.4), where the integers My 1y, MY

mjq,...,m5 . are defined as follows

. _| n PO - 1 n EReEzn)
i o (gman) )] o= om((Gmm) )]

1 &1 K1
where — = — + S

Then, we obviously have

5 2 1 l
[p (AOHNQ,P'HZ(R)?B)} S C(vapaq7ﬁ?5) [mn (log (a> +w)\*7ﬂ*)

Besides, using the inequalities

C o n PO P n S
i = 1082 log log(n) and. Ma,j = 1082 log log(n) ’

we upper bound ()\;k)’l/2 and (u;)*l/Z by
* w « n 7_7(11471)
A\ -1/2 — 2m1,i/2 < L d * 2m2,j/2 <\ - .
) ~ \loglog(n) me = \loglog(n)

Therefore, we obtain

1
(1+4n)
NN )T ‘ 95
( 1 plu’l /j’q) — <10g10g(n) ( )

Let us now upper bound wy« ,~, we first write

p q
war e =2 log(mi; x /v6) +2 " log(mj ; x 7/v/6)
i=1 j=1

=2log (mj,...m{ ,ms,...m3 ) +2(p+q) log(m/V/6).

Moreover, it is easy to see that

*
m ; <

2n 2n
—— o and pf<———1lo .

Then,
log(m] ;...m7 ,m5;...m5,) < C(5)loglog(n).

47



Thereafter, wx- 4~ can be upper bound as
wrs u+ < C(0)loglog(n). (96)

From Equations (95) and (96), we have

4n
1 1 loglog(n)\ @+m
log () + Wy, ) < C(w,9) < . (97)
n\/)\f...)\;,u*l‘...u;< o a n

We aim now to upper bound Y7, (A7) + >7_, (u5)*%. For this, we first write

o n EeE=) Dot o n FRez) X
M = 0g2(<10g10g(n)> >_ e Mg = Og2(<loglog(n)> >_ '

We then have the following inequalities for (A})*7 and (})*7,

4n 4n
(1+4n) (T+4n)
()\:)21/7 < 221/7‘, (10g lzg(n) ) and (M;)nyj < 227_7 (10g lj)lg(n) ) )

Therefore, we obtain
P

q s
log 1 T
§ : )\* 2u; _~_§ : 2'yj < C ) ( 0g Zg(n)) ) (98)
Jj=1

i=1

Consequently, from Equations (97) and (98),

log log(n)\ TFm
p(AO"NiP-HI(R)’ﬂ) < O(Mf7p7Qaa7ﬂ75) (g’njg()> .

In the case where 7 belongs to S?

o+q(I?), the same arguments above is applied by taking 0; =
dp=71=...=7; =0, lead to

loglog(n)\ G+4m
P (Aa; Spig(R), B) < C(My,p, g, 5,0) (gng()> 7

OqM—l

1
where — = (p+q)=.
n

6.17 Proof of Lemma 6

Assume there exists a distribution fo that satisfies (o) such that the probability measure P, is
absolutely continuous w.r.t. Py, and verifies Equation (28).
Let us first lower bound B[F,, (Cs)] w.r.t. the distributions P,, and Py,,

B[Fo.(C)] > infP, (Aa=0)
= 1l—supP,, (Aq=1)
JAvS
> l1-a-sup|P, (A,=1)— P (A, =1)|.
Aq

We denote by HPVM — Py,
recall that,

H 1 the total variation distance between the distributions P,, and Py,. We

1P, = P, sup | Py,. (B) = Py, (E)

)

ey =

where £ is the space of measurable sets. We then obtain

5[]:/3*(06)] 2l-a-— HPVP* _PfOHTV'
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Notice that,

| P, = Pty = sup [P, (E) = Pg,(E)] = sup [Pr,(E) = P, (E)].

It is then straightforward to show that

1
[P, = Prllyy =5 [ 120, =1] 4P

1

= 1Ep,, [|Ea. (Z2) 1]

< (Br [12,. 2] 1)

where the last inequality holds by applying Cauchy-Schwarz and the fact that Ep, [L,,p* (Zn)] = 1.

Thus,
BFp ()] 21— (Bp,, [12, (2)] - 1>1/2

If the condition (28) holds, we then obtain

B[ Fp.(C5)] > B

Furthermore, using that F,, (Cs) C F,(Cs) for all p < p,, we have
ﬂ[]:p(czs)} > 3.

Let us now prove that this implies the lower bound

p(Cs,,B) = ipf p (B0, C5, B) = p. (99)

Assume 3[F,: (Cs)] > 3, then
VA, sup Py (A, =0)>p6.
feF s (Cs)

In particular, since the family {F, (C5)} ., is non increasing for the inclusion,

p>0
VAa, p(Da,Cs,B8) =infqp>0; sup Pr(A,=0)< B >pp,
FEF,(Cs)

which directly implies (99).

6.18 Proof of Proposition 5

Proof of 1. Let us prove that the functions fy are probability density functions for h,, small enough.
First, it is obvious from Equation (30) that

fo(z,y)dedy =1,
Rpr+a
since 1o 1)p+4 is a probability density function and that / G(x)dx = 0. It remains to check that fp is a
R

non-negative function for A, small enough.
Let j = (j1,---,Jp) In {1,..., M} and I = (I1,...,01) in {1,...,M,}?. Knowing that for all
1 <r <pandalll<s <gq, the supports of the functions G, (- — jr-hy) and Gy, (- — lshy,) are

respectively the intervals ((jr - l)hn,jThn} and ((ls — Dhy, lshn}7 the support of the function

p
gn,j,l : (x,y) = H Ghn (xr - ]rhn) H Ghn (ys - lshn) (100)

r=1 s=1
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is the set
p

Dy =] ((jT - l)hn,jrhn} X ﬁ ((zs - 1)hn,lshn]. (101)

r=1 s=

1
These supports are then disjoint for different multi-indexes (j,1) in I, , , and have as union set (0, 1]P+4
(since M, h,, = 1). In particular, for all (z,y) in (0,1]P+9,

p . q 1 ptq
Z 0.0 H G, (zr — jrhn) H Gh, (ys — lshy)| < YA sup |G(t)]
r=1

(3D €In,p.q s=1

Hence, if (z,y) belongs to [0, 1]P19, then
s

hn
f@(‘r7y) Z 1- €p+q’

which is non negative for h,, small enough. Otherwise, fy(x,y) = 0. In particular, for all (x,y) in RPT9
fo(z,y) > 0 which ends the proof of this first point.

Proof of 2. Let us prove that the functions fs — fo.1 ® fs.2 belong to the Sobolev ball S

piq(f2). This
point relies on Lemma [Butucea, 2007, Lemma 2| recalled bellow.

Lemma 12 ( [Butucea, 2007]). Let G be the function defined in Equation (29). Then G is an infinitely

differentiable function such that / G(x)dx = 0. Its Fourier transform verifies
R

|G(u)] < Cexp(—ay/u]) as |u] = oo,
for some positive constants C' and a. Moreover, G is an infinitely differentiable and bounded function.
According to the Fourier transform properties, we write
fo(u,v) = fo1 ® foo(u,v) + hff(pﬂ) Z 0. H exp(ityjrhn )G (hyuy) H exp(ivslshy, )G (hpvs).
(jvl)eln,p,q r=1 s=1
Then,
f@(ua ’U) - f@,l ® fG,Q(uav)

where the functions H, , and Hj, are respectively defined by

2
’ = Hl»n(uﬂ ’U) + HQ,n(“w U), (102)

p q
Hy o (u,0) = MEYRZH2050 TT |G (o, )2 T G (haws) 2, (103)
r=1 s=1
Hy p(u,v) = hi5+2(P+Q) Z 051.1.052,15G51 11 2. lo (hpu, hpo), (104)

(J1,01)€In,p,q
(J2,12)€ln,p,q
(J1,01)#(G2,l2)

where the vectors ji, j2, {1 and I in the last sum are defined as j1 = (ji,1,...,J1.p), J2o = (G2,15-- -, J2,p),
Lhi=(11,.--.,li,q) and lp = (I21,...,l2,4). In addition, the function G;, ;, j,.1, is defined as
P R q R
Gjr oz © (U, 0) = H exp (iur (Ji,r — J2,r)) |G (u,)[? H exp (ivs(l,s — l,s)) |G ()% (105)
r=1 s=1

By now, we aim to upper bound the integral of the function
~ ~ - 2
(1, 0) 1 111 0) 12 | Fo, 0) = o @ faz(u,v)
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First, one can easily show, as in Equation (90), that
p q
()] < Cpyg,8) | D il + D v | - (106)
i=1 j=1

We then obtain from Equations (103) and (106) the following result,
/ 1 Cut 0)]122 Hy 11, 0) s o
Rp+ta
. =R ptq—1
< Clpa oo ([ pimanpa) ([ 1Gmka)
R R

~ cpan0nmy ([ rEeora) ([ |é<z>|2dz)p+q_l.

The functions ¢ — |t|25\(§(t)|2 and z — |@(2)|2 being integrable according to Lemma 12, we have

/R+ H(u,”)H%HLn(va)dUdv < C’(p,q,é)(Mnhn)erq
< C(p,q,9). (107)

To complete this point of the proof, we demonstrate a similar equation for Hj,. Starting from the
expression of Hy ,, in (104), we write

/ H(u’ U)HQ(SHQ,TL(U7’U) dudv = hfb—i_q Z 671,119j2,12 / H(u’ ’U)Hzégjl,lhjmlz (’LL,’U) du dv.
Rerre (J1,01)€In p.q R
(J2,12)€In p.q
(31,01)#(d2,12)

Therefore, according to the triangular inequality, we obtain

+
< hpta

(J1511)€EIn p,q
(J2,12)€ln,p,q
(J1,11)#(G2,l2)

N )

L M0 G, o) dude]. (108)

We first assume that all the components of the vectors (ji,11) and (j2,12) are different. Knowing that G

is differentiable, the function |@|2 = GG is also differentiable. We apply an integration by parts to the
function Gj, 1, 4,,1, W.r.t. the variable u;,

1 M=t gy,
25 25
il ,v)dudy = — - , il , —d
L 00 Gt dude = s [l 06 ) g
1 0 ~ . ,
e / {|(u,fu)||25|G(u1)|2}gﬁ’li’”’h (%) 4o o. (109)
i(J1,1 = J2,1) Jreta Ot |G (u1)?
Moreover, it is straightforward to see that the first term on the right side of Equation (6.18) is equal to
zero. Indeed, for all a in R and (ug, ..., up,v) in RPT471 we have the following
u1=-+a

’ 160,051 1)

Ulpj=—a

< (@, uz, . up, )| (1G @) +G(-a)?) TT 1G ) TT 1G e 2
r=2 s=1

In addition, according to Lemma 12 we obviously obtain for all ua, ..., uy, v the following
Hm  ||(a,us, ..., up, )| |G(a))? = lim ||(a,us,...,up,v)]|?|G(—a)*> = 0. (110)
la]—+4o00 |a]—+oc0
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It follows from Equation (6.18) that
| M) s (0)
PTa

:; o 26 2}%1’I1JQZ2(UU)d d 111
G fo e {0 PG tieto ) g (1)

From Equation (111), we perform an integration by parts w.r.t. wua,

(jl,l_jZ,l)(jl,Q_jZQ)‘/R . H(uav)|‘26gj1,117j2,12(u7v) dudv
pPTaq

) ) Uz =-+00
= [ i eiGp Sl |,
Rp+a—1 Ouy ‘G(U1)|2 U2=—00 duz

9 - . e (u,
—/ 5 {||(u,v)||25|G(ul)2|G(uz)2}Wdudv
Ret OHRCH |G (1) PG (u2)]

Moreover, by analogy with Equation (110), we can easily show using Lemma 12 that

{016 >|2}W]“2‘*°°0.

U2=—00
This leads to

G =22 =a2) [ N0 Gty gasa(v) dudo
PTa

0? A A Girl ga,la (U
[ g N 0 P ) PG o Tbsnds g g,
Rp+q OU10U2 |G(U1)‘ |G(U2)‘

By repeating this last process for the variables us, ..., up,v1,...,v4, we get

p q
H(jl,r 7j2’r H ll s ll )8 / ||(U7U)||§6gj1,l1,j2,l2(u, U) dudv
o b R

p+q

‘ Gyl ol (U v)
— (z):ﬂ-i-q/ {H u v ”26 |G Ur |2 ‘G } Ajl, 1,J2,l2 du dv.
Rp+a 8”1 H H f:1 |G( )|2 =1 |G(/US)‘
(112)

Starting from Equation (112), we perform a second integration by part w.r.t. u;. We write

ortaww
/]R . m(qu)leyll:]‘leZ (u7 U) dudv
ptaq ... 0yg

1 grrawy w=too 4.
= - R. , . vy
i(J1,1 — J2,1) /Rp+q 1 [5‘u1 ... 0y (s V) B 1 g b (um)} 1o dus v

1 / orratiyy
(11 — J2.1) Jreta O?u10usg ... v, (

where the functions W and Rj, i, j,,i, are defined as

u, V)R, 1y jatn (w,v) dudy, (113)

W (uv) = [l o) TT 1G ) ” TT 1G s,

ng l1,j2,l2 (u ”U)

|G ) PTG (w2

levll1j2ul2 : (U,U) =
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Let us now show that the first term in the right side of Equation (113) is equal to zero. Using the
differentiability of G, we write

ap+q P N q .
e (RO | (Lol | (AT
=N orta LN .
= @) g w0 T] G T G}

9 5 2 ap+q 20 s ~ 2 - ~ 2
* gurl G g gl ol T o P TG} e

Furthermore, according to Lemma 12 we obviously have

' N op+a LN a
i 16 5 { o) T G TT 16w =0
q r=2 s=1

|uq | =400

In addition,
0 T A
s Gl {2 TT Gt )P TT 60 P
s=1

{éwl) 200) | Gy 20001 {||uv||26H|G (ur) |2H\G wr})

G (uy)
5‘u1

with a bounded support. Thus, we deduce according to Riemann-Lebesgue lemma [Bochner and Chan-
drasekharan, 1949] that

Moreover, is the Fourier transform of x — ixG(z) which is L;-integrable as it is continuous

lim 0G(uw) =0
|uy|—+o0 8”1

It follows that

8G (uy)

i
im Bu,

|uy | =400

|G (u1)]

orta 26 F @ 2 - G‘ 2 0
uy—go; N0 TGP TT1G w0 =

We then obtain from Equation (114) that

orta P LIRS o ur=+o0
e ol TG [ 1B | ettt g
aul e avq r=1 s=1 r=1 |G(ur)‘2 s=1 |G(U5)|2 U=—o0
Therefore, we have according to Equation (113) that
OPtaWwW
B S R dud
/Rzﬂrq 8’&1 . 81)(1 (U, 'U) Julidzle (U7 'U) uav
1 opratiyy
- _ JO)RS g ,v)dudv.
i(jl,l —j2,1) ~/]RP+‘1 62u13u2 ] ”avq ('LL U) J1711,J2,12(u 'U) U av
Repeating this last process for the variables ua, ..., up,v1,...,v4 gives
OPtaWw
_— R 1, gl dud
/Rp+q Ouy ... 0y, (s 0) By 11, ta (0, 0) dudv
(i)pta 92+ Ty
N [T G = Jo) TTEL (s — l1ys) Jrota O%ur ... 0%, () Bty 1y (o1, 0) s o (115)
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By injecting this last Equation (115) in Equation (112), we obtain

L NG 1) dude
B (—1)Pta / o2+
Hf:1(j1,r - j2,r)2 HZ=1(Z1,S - 11,8)2 R

By analogy with the last equation, we can show that in the general case for two different vectors (j1,11)
and (j2,(2) that

+q 0%uy ... 0% (u, V) Rjy 1y o1 (u,v) dudv.
p+a . q

L N0 1) dude
p+q

(_1)|51|+|52\ 82(p+Q)W ( )T ( )d d
= . ; Uy, V)Ljy 1,52, U, V) du dv,
Hregl (]1,r - .72,7’)2 H5€52 (ll,s - ll,s)2 Rp+a HT€S1 82ur Hs€52 821)5 TTI0

where S; (resp. Sz) is the set of indices r (resp. s) such that ji , # jo, (vesp. l1,s # l1 ), while the
notation | - | designates the cardinal. In addition, the function T is defined as

(u ) — /g\jlxlhj%lz(uvv) _ )
HTESl |G(ur)|2 H5682 |G(Us)‘2

Moreover, one can easily show using Lemma 12 that independently from the values of ji,l; and js, s,
we have

Tj17l17]‘2112 :

o2(r+a

Rp+a Hr€31 62“"' HSGSZ

We deduce using Equation (108) the following

92v. (u7 'U)le,ll,jmlz ('LL, ’U) dudv| < C(pv Q)'

LD D :

(J1.01)EIn p,q reS; (jL"' - .j2,7“)2 HSESZ (l17s - ll,s)2 .

(J2512)€ln,p,q
(J1:01)#(F2,12)

| o) Ha ) du

(116)
Furthermore,
) 1
(jl l1)el, p.q HTESI (er - jQ’T)Q Hs€$2 (ll,s - l17s)2
(G2:12)€ . p.q
(J1,01)#(d2,l2)
+
SIS ] :
9=1 (j17l1)€I1L,P.q H’I"Gsl (jl}r N .72,7’) HSGSZ (ll,s - ll,s)
(G2:12) €l p.q
(J1,01)#(F2,12)
9

p+q p+gq M, 1
= MPpta—? -
(5 )| 3 5=

=1 J#k=1
Hence,
p+q M, 0
)3 1 =30 (7 e [ A
(41,11)€In p.q res, Ur = 720)* e, (s = 0,6)? -\ Y ! 1=1 5
(j2:12)€Lnp.q
(J1,11)#(52.12)
0
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Thus, using the convergence of the sum ), 1/ 12, we obtain
1
2 R 7 <
Hregl (.71,r - ]2,7") H5682 (ll,s - ll,s)

(J1:11) €l p
(J27l2)eln P,q
(J1,01)#(d2,12)

We deduce from Equation (116) that

Clp,q) My

/R+ H(u,v)H%Hg,n(u,v)dudv < C(p,q,9). (117)

Consequently, combining Equations (102), (107) and (117) we have the following

L Mol o) = o © Foale )] dudo < Clo.0.9)

By well choosing the constant of the sequence (hy,), w.r.t. p,q and 4, the constant C(p, ¢,d) in the last
equation can be replaced by R, which achieves this point of the proof.

Proof of 3 Let us prove that, for all § € {—1,1}M2™ | f, satisfies || fy — fo1 ® fo2ll, = C(p,q)hl.
Since, [ G(t)dt =0, we know that fg 1 = Lo 1)p and fgo = Ljg 1), thus fo1 ® fp2 = Ljg1jp+s and

fo— fo1 ® foo = RITPHD Z 0,0 9n.5.0(T, ),
(4,0 €EIn,p,q

where the functions g, ;; are defined in (100), with disjoint supports.
In particular,

Ifo — foa ® fools = h20T2Et0 "

(4,D)€In,p,q

Moreover, for all (4,1) € I, p.q,

q
2 .
Hg”,j’l”Q = / N I | G2 Jrhn) H G%n (ys - lshn)
Rp+4q —1

[ (/GQ ez, ) | = [ (et )@QL

and for all k in {1,..., M, }, a simple change of variables implies that

1 t—kh 1 C
2 _ 2 n _ 2 _
/R G3 (t—khn)dt = Ry ( - )dt = W /R G2(t)dt o

since G belongs to Lz (R).
We thus deduce that

dz; ...dz,dy; ... dy,

2 C(p,q)
Hgn,j,lnz = Tt
hn

(118)

and that, since the cardinality of I,, , , equals MP*2,

Clp,q) _
hfﬁ’Q

Ilfo — foo ® f9,2||§ = h7215+2(p+q) x MPT9 x

6.19 Proof of Proposition 6

Let Z,, = (X;,Y;)1<i<n be an i.i.d sample with common uniform distribution Py, on [0, 1]P*4.
For simplicity, denote for all 1 < i < n and all (4,1) in I,, , 4,

P
a; ;0 = htetdg - (X,Y;) = piHeto H Gh. (Xi(T) — o H G ( (6) — k),
r=1
where gp, j; is defined in Equation (100), such that fo(X;,Y;) =1+ 3> 0 er
a; 1 # 0 if and only if (X, Y;) belongs to the set D;;) defined in Equation (101).

0¢j.yaiji- Note that
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Then, since fo = 1o 1jp+q, the likelihood ratio equals

Lo(Za) = (fg / er (X,. o) (d0)

n

=Eo H 1+ Z Ounaijl ||,

=1 (jvl)eln,p‘q

where © = (0(;1))(jer, ., has i.i.d. Rademacher components O ; ;), and Eg|[-] denotes the expectation
w.r.t. ©.

Noticing that for all 1 <1 < n, there exists a unique (j,!) in I,, , 4 such that a; j; # 0, we obtain
1+ > Ogpag= [[ (@+6gnaisu).
(4:D)€In,p.q (G:D€EIn,p.q

Thus,

H 1 + @(] l)azﬂa )

(Jl) In,p,q =1

_ %H a4y

(],l) Inp,q i=1 =1

(1 +aiji)

DN —

H (I4+ea; i) =1+ Zak Z Qg g0 -+ Qi 51

i=1 k=1 1<ir<...<ip<n
Hence, by cancelling the odd terms, we obtain

[n/2]

n
%H( CL%]7 + = H 1—|—aw, —1—|—Z Z iy G, -« Qigy 4,
i=1

k=1 1<i1<...<i2<n
[n/2]

—1—1—2141@,;1,

where [] denotes the integer part, and

Akj = > Wiy gl - - - Qigg Gl (119)

1<i1<...<i9p<n

Thus,
(n/2] 2
Lz = ] 1+ Z Aea | = I Q+B),
(D) €ln p,q (G,D)€In,p,q
where
[n/2] [n/2]
Bji=2 Z Apji+ Z Ak 1A g (120)
kk/=1
Then,
Mp+q -

(L, (Z,))] =1+ Z > Bjay - Bj 1, (121)

(Jlall) s (Fmolm)
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+
where Z means that the indexes are all distinct.

After tedious computations, up to a possible permutation of the indexes (j1,11), ..., (Jm, lm), We can

express the product B; ..B

i -+ By 1, as a sum of terms of the form

[n/2]  [n/2]
2P Z 2Ak1,j1711 X Ak;’,jé,l; X ... X Ak;\//[’j;vﬁl;\l (122)

k1=1kY},...kY,=1

or
[n/2] [n/2]

Q ‘ , , )
29 ) > Ak i Awy gt X Ay gty X X A e g (123)

M
by k=1 kY. kY, =1

where P and @ are integers, M € {m—1,...,2m—2} and (j3,15), ..., (44, l),) are drawn in (ja,l2), ..., (Jm,lm)
such that each (j,,(,) for 2 < r <'m appears exactly once or twice. To be more precise, P and @ count
the number of indexes (j,,!,),, appearing exactly once in the product.

First note that in Equation (122), the index (ji,!1) appears only once. Moreover

Efo [Akl,jl,zl X Aky gyt XX Akx,,j;wz'M}

= § : § : s § : Efo l:a‘il,l’jl’ll X X Qg oy 51,00 X

11,1 <. <012k 12,1 <...<lg o1/ i, 1< <lpp opt/
1 L 2K,
X a’iz,hjé,l'z X ... X ai2,2k,2,7jé7112 X ... X aiM,hﬂuyl}/I X ... X aiM,2k}\’/Ivj§wl;u}

If 41 1 appears at least twice in the sums, that is there exists 2 < r < M and 1 < s < 2k such that

i1,1 = irs, then, a;, , j, 1,0, 4,1, = 0 since Dy, y, N Dj 4 = (). Otherwise, if 4; 1 appears only once, by
independence between the (X;,Y;);, we obtain that

IE’fo |:ai1,17j1,l1 X X Qiy o g1l X Qg q g 15 X - o X aiM,Qk,/

s/ !’
3Gl
M M M

= ]Efo [ai1,17j17l1:| X IEfo |:a‘i1,21j1;l1 cee X Qg o g1l X Qg g ghll X X ainQka el | T 0

Hence,

E gy [Akygitn X Aryjgoay X oo X Agr e g

=0.

)
M

and thus, all the terms of the form (122) have a null expectation.
Let us now consider Equation (123) (where the index (j1,11) appears twice).

Efo[Akyjitn X Aky i X Ary gy X oo X Ay g 1 | =

E , E E : s E , IEfo [ai1,17j17l1 X X @iy g 41,010 X ai/lyl,jlall X

11,1 <2 g <o <8, 12,1 g o a1 <o <pg gy
) 2K 2 M
. : o . : ) . ) .
XX al’l o 1501 X @ig gty Xeee X azz,zk’z’ﬁé’l/z Koo X Qing, 100 XX a/ZM,Qk;\’J ’lef’llw}
et

If there exists at least one index %;,. or 2'1 that can be isolated, then by independence,

IEfo [ai1,11j1711 Xowee Xy oy 51,0 X ai1,17j1711 XX a’i/l o 101 X
2Ry

X ai2717jé,l/2 X ... X ai212k,2,7jéylé X ... X ainlvj;\/pl/M X ... X aiM,2k§\’47j§uvl§u] =
Hence, the remaining terms are obtained for k; = k{ and 41, = i’l)s for all 1 < s < 2k;. These

arguments are being valid for any index (j, ), we obtain that @ = 0 and
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Efo [le,ll s Bj'nul'rn]

[n/2]
_ 2 2
= E E : s E : IEfo @iy 1,1, - X Qi1 oky vd1l X ... X
k1yeokm=1141,1<...<81,2k; im 1< <bm, 2k
2 2
X ain;,lyjme X X aier,ka7jnL7lm]

[n/2]

= > >, Eg

Eiyeeskm=11T1,....0,nC{1,..n}
Card(I,)=2kn

2 2
H ail»jl;ll XX H aim7jmvlm‘| :

1€l im €Lm

. . o e . 2 2 _
' If the subsets I, are not pairwise disjoints, the product [[; ¢; a7, 1, < - X1l er, @i . 0. =0
since the supports D; _;  are disjoint.
Thus,

[n/2]

EpBity - Binl = D > Ef,

Ktk =11I1,.... I;n C{1,...n}
IpNIs=0,Vr#s
Card(Iy)=2ky

2 2
H A3y a0y X X H aim,jm,lml

i1€11 im€lm

[n/2]
— 2 2
- Z Z H Efo [ailmjl,ll] XX H Efo I:ai7n7jnnl7n] ?
ki,oiskm=11I1,....I,, C{1,..n} 1€ im €1m

I,NIs=0,Yr+#s
Card(I;)=2k

by independence of the (X;,Y;)1<i<n.
Besides, for all 1 < i < n, Ey, [aij’l} = W22\ g, |2 = CO(p, q)h20+PT9 by Equation (118).
Thus,

(n/2]
Bl = XX (Clpapi

ki,oooskm=11I1,...,I,,C{1,..n}
IrNIs=0,Vr#£s
Card(I;)=2kp

Ey,[B;

1l

[n/2]
" 2k1+...42km
h20+p+a .
Zk - (le,...,ka,n—Em ri) (C(p,q) " )

k1, r=1

)

n
2k1,...,2km,n—zm

r=1

Moreover, the multinomial coefficient ( ok ) can be upper-bounded by n2*1+-+2km
T

Hence,

[n/2] [n/2]
Z Z (C(I% q)n X hi5+p+q)2’f1+...+2km

ki1=1 km=1

IN

]Efo [Bj17l1 s Bjm#lm}

[n/2] . "
= | D (Clp,gn x h2trta)
k=1

Furthermore, for h,, defined in (32) (for any constant C(p, q, @, 3, 6)),
C(p,q) n x h%5+p+q = C(p,q, o, B, 5)n—(p+q)/(45+p+q) <1/2

for n large enough, and thus, by property of geometric series, we get

(/2] 25+p+q)?
> {[C(p, q) n X hff““’q}z}k < (Cp @) nx b ) 5 < % [C(p,q) n x h?fﬂ’*q]Q.
k=1 1— {C(p, q) 1 % h%ﬂp-&-f}}
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We recall that the constant C(p,q) may vary from line to line. This being true for all (j,1) € I, 5.4,
from Equation (121), we deduce that

MPT
n MPpta m
B [1Lu@0] <1+ 30 (M) [0 s’
m=1
M7117+q m
<1+ Z {M,’L’Jrq [C’(p, q) n X hff“ﬂrq]Q}
m=1
M5+fl
<1+ > [Clpq) n® x hHPHa]™
m=1
since (Mi:q) < [MP+)™ and M, h, = 1.
Finally, for h,, defined in (32), with
1 2(1 — o — B)? 1/(46+p+q)
O(p,q,a,ﬁ,&:( 2 ) 2) ,
Clpq) 1+4(1—-a-p)

we directly obtain that

21— a - B)?
2 hptrte = L.

Hence, by property of the geometric series we obtain,

[C(p,q) n® x hy+P+]
1- [C(p, q) n? x hiﬂpﬂ}
<1+4(1—a-p)?

Efy [(Lu(Za))?] < 1+

which ends the proof of Proposition 6.
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