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Abstract

We study the multiclass classification problem where the features come from a mixture of time-
homogeneous diffusion. Specifically, the classes are discriminated by their drift functions while the
diffusion coeflicient is common to all classes and unknown. In this framework, we build a plug-in
classifier which relies on nonparamateric estimators of the drift and diffusion functions. We first
establish the consistency of our classification procedure under mild assumptions and then provide
rates of convergence under different set of assumptions. Finally, a numerical study supports our
theoretical findings.
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1 Introduction

The massive collection of functional data has found many applications in recent years for the modeling
of the joint (time)-evolution of agents — individuals, species, particles — that are represented by some
sets of features — time-varying variables such as geographical positions, population sizes, portfolio
values etc. Examples can be found in mathematical finance (see e.g. El Karoui et al., [1997)), biology
(see e.g. [Erban & Chapman) 2009), or physics (see e.g. [Domingo et al., [2020)). This gave rise to an
abundant literature on statistical methods for functional data, (see e.g. Ramsay & Silverman, 2005;
Wang et al., 2016, for a review). Within this context, the study of efficient supervised classification
procedures that are designed to handle temporal data is a major challenge. Indeed, usual learning
algorithms such as random forests, kernel methods or neural networks are not directly tailored to take
into account the temporal dependency of the data. Recently, this question has drawn a lot of attention,
see Ross1 & Villal (2008); [Baillo et al.| (2011)); [Wang et al.| (2020); De Micheaux et al. (2021); Kidger
et al|(2021) any references therein.

In the present paper, we tackle the multiclass classification problem where the features belong to
a particular family of functional data, namely trajectories, whose temporal dynamic is modelled by
stochastic differential equation. In this framework, we propose a nonparametric plug-in type procedure
for such data generated by diffusion processes observed at discrete time. Hence, our work takes place



in the high frequency setup. Let us denote by (X,Y’) a random couple built on a probability space
(2, F,P). The feature X = (Xi)icp,1) is a real-valued diffusion process whose drift and diffusion
coefficient depend on its associated label Y taking values in Y = {1,---, K}, with K > 2. More
precisely, for each ¢ € ), X is a solution of a stochastic differential equation whose drift function,
denoted by b}, depends on the class . The marginal distribution of X is hence a mixture of distributions
of time-homogeneous diffusion processes. We assume that a learning sample Dy = {((X});ep,1), Yi), i =
1,...,N} is provided, composed of N i.i.d. random couple with distribution P(x,y). Additionally, in
this paper, the diffusions X; are observed on a subdivision {0,1/n,---,1} of the time interval [0, 1],
for a positive integer n. Since we deal with multiclass classification setting, the statistical goal is then
to build, based on Dy, a classifier g, such that g(X) is a prediction of the associated label Y of a
new path X. Besides, we expect that the empirical classifier mimics the optimal Bayes classifier g*
characterized as
9" (X) € argmax P (¢*(X) #Y).
key

Specifically, we propose a classification procedure based on the plug-in principle. In particular, the
construction of our empirical classifier relies on estimators of both drift and diffusion coefficients. The
performance of a predictor g is assessed through its excess risk E[P(g(X) #Y) —P(¢*(X) #Y)]. In
the finite dimensional classification setup (e.g. X € R?), rates of convergence for plug-in rules are
usually obtained under the strong density assumption (X admits a density which is lower bounded)
as in |Audibert et al.| (2007); Gadat et al.| (2016). However, theoretical properties of plug-in rules in
supervised classification of trajectories are much less studied.

Related works. Up to our knowledge, the work of (Cadre (2013)) is the first one that tackles the
problem of supervised classification in the stochastic differential equation framework. More precisely,
the authors consider the model where X = (Xt)te[O,l] is a mixture of two diffusion processes and
provide a classifier based on the empirical risk minimization strategy for which they establish rates of
convergence. However, the proposed method is not implementable since it involves the minimization
of a non-convex criterion. More recently, (Gadat et al| (2020), and Denis et al.| (2020) study plug-in
classifiers for classification of diffusion paths. In |Gadat et al| (2020) the authors propose a plug-in
rule for the binary classification problem where the trajectories are generated by Gaussian processes,
solutions of the white noise model. In this model, the drift function depends on time and on the
label Y, also, the diffusion coefficient is supposed to be constant and known. Within this framework,
Gadat et al.| (2020) establish the optimality of their estimation procedure which reaches the minimax
rate of convergence of order N~%/(2t1) where the drift function is assumed to belong to a Sobolev
space of regularity s > 1. Under an additional margin type assumption, they also derive faster rates
of convergence. Closest to our framework, [Denis et al.|(2020]) also consider the challenging multiclass
problem where the drift functions are space-dependent. However, the authors consider drift functions
modeled under parametric assumptions, keeping the diffusion coefficient known and constant. They
propose a plug-in classifier for which only consistency is established.

In the present work, we consider plug-in classifier that relies on nonparametric estimators of the
drift and diffusion coefficients. The literature on this topic is extensive. Usually, the construction
of estimators of drift and diffusion functions relies on the observation of a single path. For instance,
Hoffmann| (1999b)) study minimax rate of convergence for the estimation of the diffusion coefficient
on a compact interval. For the inference of the drift coefficient, the main references using penalized
contrasts can be found for long time observation with high frequency data in|Hoffmann! (1999a)); Comte
et al. (2007); Comte & Genon-Catalot| (2021). However, since we deal with the multiclass classification
framework, the construction of estimators of both drift and diffusion coefficients is based on the learning
sample Dy which is composed of repeated observations of the process on the fixed time-interval [0, 1].



Recently, Comte & Genon-Catalot| (2020a)); [Marie & Rosier| (2021)); |Della-Maestra & Hoffmann| (2022)
consider nonparametric procedures for the estimation of the drift function for continuous observations in
the context of i.i.d. observations when the horizon time is fixed. Furthermore, towards high-frequency
data, Denis et al. (2021) study minimum contrast estimator under a [y constraint.

Main contributions. In this paper, we extend the results of Denis et al.| (2020)) and Gadat et al.
(2020) in several directions. In particular, one of the major contribution is to provide, up to our
knowledge, the first study of rates of convergence for plug-in classifier in the mixture model of time-
homogeneous diffusion. Importantly, we highlight that extending the results of |Gadat et al.|(2020) to
diffusion models in which the drift functions are space-dependent and the diffusion coefficient is either
unknown or non-constant add many difficulties. Besides, contrary to Denis et al.|(2020]), we consider
the nonparametric mixture model where both drift and diffusion functions are unknown as well as the
weights of the mixture. Specifically, we build a plug-in classifier that relies on the Girsanov’s theorem
and involves nonparametric estimators of the drift functions b},4 € ), and the diffusion coefficient. The
construction of our estimators is inspired of the ridge estimators provided in |Denis et al.| (2021), and
consists in the minimization of a least-squares type contrast over a finite dimensional subspace under
a lo-constraint. The considered space of approximation is then spanned by the B-spline basis |De Boor
(1978).

One of the main difficulty of the study of statistical properties of the plug-in classifiers in our context
is that it requires deriving rates of convergence for the drift and diffusion coefficients on a non-compact
interval. It hence implies that the strong density assumption does not hold, although, we consider
assumptions that ensure existence of transition density. Notably, our results embed generalization
of the results provided in Denis et al| (2021) for the estimation of non-compactly supported drift
functions for B-spline based estimators, but also exhibit the first result for the estimation of the
diffusion coefficient in the 4.i.d. framework. A salient point of our theoretical findings is obtained
when the diffusion coefficient is constant and known. In this case, by leveraging the results of |Comte
& Genon-Catalot| (2020a), we show that optimal rates for drift estimation can only be achieved on
intervals included in [—C/log(N), C'y/log(N)], with C > 0.

To sum up our results, a first part is dedicated to the consistency of our plug-in classifier which
is obtained under very mild assumptions. In a second part, convergence rates are established in three
particular cases.

(i) When the drift functions are bounded and Lipschitz, and the diffusion coefficient is unknown and
possibly non-constant, we obtain a rate of convergence of order N~/ for the plug-in classifier
(up to a factor of order exp(y/clog(N)), ¢ > 0).

(ii) When the diffusion coefficient is known and constant, and when the drift functions are bounded
and belongs to some Holder space with regularity /3, using some arguments developed in|Comte &
Genon-Catalot| (2020b) and |Comte & Genon-Catalot| (2021]) for the estimation of non-compactly
supported drift functions, together with approximations of the transition density of X (as they
are intractable), we then prove that the plug-in classifier reaches rate of order N —B/(26+1) (up to
a factor of order exp(y/clog(N)), ¢ > 0).

(iii) When the drifts are unbounded but re-entrant and Holder continuous with regularity 3, we obtain
a rate of convergence of order N —36/(426+1)) | Notice that when 8 =1 and d = 1, it corresponds
to the rate found in (Gadat et al.| (2016)).

Outline of the paper. Section [2|is dedicated to presentation of the mathematical framework for
the classification task. Then, the construction of the plug-in classifier is described in Section [3] and



its consistency is established in Section [3.3] In Section [] we provide rates of convergence of our
plug-in procedure under different assumptions. We perform a numerical experiment that supports our
theoretical results in Section Finally, We provide a discussion in Section [6] and the proofs of our
results are postponed to Section [7]

2 Statistical setting

We consider the multiclass classification problem, where the feature X comes from a mixture of Brow-
nian diffusions with drift. More precisely, the generic data-structure is a couple (X,Y’) where the
label Y takes its values in the set )} := {1,..., K} with distribution denoted by p* = (p}, - ,pJ%),
and where the process X = (X¢);c[o,1) is defined as the solution of the following stochastic differential
equation

dXt = bik/(Xt)dt + a*(Xt)th, X() = 0, (1)

where (Wy),~, is a standard Brownian motion independent of Y. In the following, we denote by
b* = (b, ..., b%) the vector of drift functions. The real-valued functions b}(.), i € Y, and the diffusion
coefficient 0*(.) are assumed to be unknown. We also assume that 0 < p§ = min;cy p;.

In this framework, the objective is to build a classifier g, i.e. a measurable function such that the
value g(X) is a prediction of the associated label Y of X. The accuracy of such classifier g is then
assessed through its misclassification risk, denoted by

R(g) =P (g(X) #Y).

In the following, the set of all classifiers is denoted by G.

The main assumptions considered throughout the paper are presented in Section The defini-
tion and characterization of the optimal classifier w.r.f. the misclassification risk, namely the Bayes
classifier, is provided in Section [2.2

2.1 Assumptions

The following assumptions ensure that Equation admits a unique strong solution (see Karatzas &
Shreve, 2014, Theorem 2.9), and that the diffusion process X admits a transition density p : (¢,z) €
([0,1] x R) — p(t, x) (see for example Gobet, [2002).

Assumption 2.1. (Ellipticity and regularity)
(i) There exists Lo > 0 such that the functions bf,i=1,...,K and o* are Lo-Lipschitz:

sujr;!bf(fﬂ) = b5 ()| + o™ (x) = 0*(y)| < Lolz — yl, ¥(z,y) € R*.
1€

(ii) There exist real constants oy, 0] such that
0<oy<oc*(z)<o], VzelR

(iii) o* € C?> (R) and there exists v > 0 such that : |0 (x)| + |o*(x)| < v (1 + |z|7), Vz €R.
Assumption insures that for any integer ¢ > 1, there exists C; > 0 such that

E [ sup | X¢|?| < C.

te€(0,1]

We also assume that the following Novikov’s criterion is fulfilled (Revuz & Yor, 1999, Prop. (1.15) p.
308) .



Assumption 2.2. (Novikov’s condition) For alli € ), we have

E L )| <
exp | 5 it s 00.

In particular, this assumption allows to apply Girsanov’s theorem that is a key ingredient to derive
a characterization of the Bayes classifier in the next section.

2.2 Bayes Classifier

The Bayes classifier ¢* is a minimizer of the misclassification risk over G

g" € argmin R(g),
g€eg

and is expressed as
g"(X) € argmax 7; (X), with 7;(X) :=P(Y =i|X).
i€y
The following result of Denis et al.| (2020) provides a closed form of the conditional probabilities 7,

e ).
Proposition 2.3. (Denis et al.l [2020) Under Assumptions for alli €)Y, we define

1 b* 1 1 b>}<2
P (X) :—/0 i (XS)dXS—/O L (X,)ds.

o*2 2 o2
Under Assumptions for each i € Y, the conditional probability 7} is given as follows:
™ (X) = ¢ (F(X))

where F* = (FF, ..., F}), and ¢ : (1, -+ ,2K) — % are the softmaz functions.

The above proposition provides an explicit dependency of the Bayes classifier on the unknown
parameters b*, o*, and p*. Hence, it naturally suggests to build plug-in type estimators g of the Bayes
classifier g*, relying on estimators of the unknown parameters. In this way, we aim at building an
empirical classifier whose misclassification risk is closed to the minimum risk which is reached by the
Bayes classifier. The following section is devoted to the presentation of the classification procedure.

3 Classification procedure: a plug-in approach

Let n > 1 be an integer, and A,, = 1/n the time step which defines the regular grid of the observation
time interval [0, 1]. Let us assume now that an observation is a couple (X,Y), with X := (Xxa, Jo<k<n
a high frequency sample path coming from (Xt)te[o,l] a solution (zf. Equation , and Y its associated
label. We also introduce, for N > 1, a learning dataset Dy = {(X7,Yj), j € {1,... N}} which consist
of N independent copies of (X,Y). The asymptotic framework is such that N and n tend to infinity.

Based on Dy we build a classification procedure that relies on the result of Proposition Our
classifier uses the knowledge of the class Y; for the path X J, placing our work in the frame of supervised
learning. The procedure is formally described in Section [3.1] and Section while its statistical
properties are provided in Section [3.3]



3.1 Classifier and excess risk

~

As suggested by Proposition u based on Dy, we first build estimators b= (b ) and o of b*
and o* respectively. Besides, we consider the empirical estimators of p}, ¢ = 1,. K
| N
Pi= > L=y (2)
j=1
Then, in a second step, we introduce the discretized estimator of F*
5 m o - (b AD?
F = (r,...,Fg), with [(X)= <8(Xk:A) (Xtk41a — Xia) — 2812()(’@))' 3)
k=0
Finally, considering the functions ¢; : (X1, oK) — %, we naturally define the resulting
k=1
plug-in classifier g as L
9(X) € argmax m;(X), with 7;(X) = ¢;(F(X)). (4)

ey
Hereafter, we establish that the consistency of the plug-in classifier g can be obtained through an
empirical distance between estimators b, and & and the true functions b*, and o* respectively. This
distance relies on the empirical norm ||.||,; defined for A : R — R as.

n—1
1
1h]12 ;= Exjy—i [n E h2(XkA)] ~
k=0

We also introduce the general empirical norm ||.||,, which for any function A is

—1
1 n
2 2
1% = Ex [n > h <Xm>] .
k=0
Let us now announce the main result on the excess risk of a plug-in type classifier.

Theorem 3.1. Assume N and n fized (and large). Grant Assumptions 2.4 Assume that there
exists byax, 0(2] > 0 such that for all x € R

maﬁilb i(2)| < bmax and 62(z) > od. (5)
1€

Then the classifier § defined in Equation satisfies

E[R(G) - R(g")] < C (JAT+ polf +E

K
binax0g 2 Y 1o — bfl|n| +E [0 %][5° — 02*Hn}> ;

i=1
where C' > 0 is a constant which depends on b*, o*, and K.

Theorem [3.1] highlights that the excess risk of the plug-in classifier depends on the discretization
error which is of order A, 1/ 2, the Lo error of p which is of order N=%/2, and the estimation error
of b and 52 assessed through the empirical norm ||.||,,. Therefore, a straightforward consequence of
Theorem is that consistent estimators of b*, and o*? yield the consistency of plug-in classifier g.
Notice that the additional assumption does not require that the true functions b;’s are bounded,
only their estimators should be. For the difference between b} and 31 to remain controlled in the norm
Il ||n, it is necessary that the process X rests with high probability in a compact region of R. The next
section is devoted to the construction of consistent estimators of both drift and diffusion coefficient.



3.2 Estimators of drift and diffusion coefficients

In this section, we provide consistent estimators B, and 2, implying the consistency of the associated
plug-in classifier. These estimators are defined as minimum contrast estimators under an lo-constraint
on a finite dimensional vector space spanned by the B-spline basis, but other families of nonparametric
estimators could have been chosen as well. In particular, to ensure statistical guarantees on R, the
considered estimators are built on a large interval (—log(NV),log(V)), parameterized by the number
N of sample paths, and that tends to the whole real line as N goes to infinity.

3.2.1 Spaces of approximation

Let Ky >0, and M > 1. Let u = (u_ps,...,uky+M), & sequence of knots of the compact interval
[—log(NN),log(N)] such that

Uy = =u_; =ug=—1log(N), and ug = ugy4+1 ="+ = ury+m = log(N).
2¢log N

Ky
Let us consider the B-spline basis (B_r,..., Bxy+am) of order M defined by the knots sequence
u. For the construction of the B-spline and its properties, we refer for instance to (Gyorfi et al.,
2006). Let us mention that the considered B-spline functions are M-1 continuously differentiable on
(—log(N),log(N)) and are zero outside [—log(N),log(N)]. Besides, for all x € (—log(N),log(NV)), we
have that Zfi N ”]LWM B;(xz) = 1. Now, we introduce the space of approximation Sk a defined as

Ve e [0, Kn], ue=—log(N)+

Kn+M
Sky,M = { > @By, lalls < (Ky + M) log?’(N)}, (6)
=—M
where |jalls = f:Nj\y a? is the usual fo-norm. The introduction of the constraint space Sk s is

motivated by two facts. The first one is the following important property of spline approximations,
inspired by the related properties for the Holder functions (see (Gyorfi et al. (2006)):

Proposition 3.2. Let h be a L-lipschitz function. Then there exists h € Sky,M, such that

log(N)
Ky

|A(z) — h(z)] < C ; Va € (—log(N),log(N)),

where C > 0 depends on L, and M.

The second one is that the set of functions Sk ar is a totally bounded class, in the following sense
(Devroye et al.l 2013, Chapter 28). According to |Denis et al.| (2021]), for each £ > 0, there exists an
e-net S; of Sk pm w.r.t. to the supremum norm ||.||o such that

Ky
Kxlog®(N)

log (card(S})) <Cum

€
It shows that the complexity of Sg s given in Equation @ is parametric which is particularly
appealing in order to apply concentration inequalities.

3.2.2 Minimum contrast estimators

In this section, we propose two estimators of b*, and o*? which lead to a plug-in classifier that exhibits
appealing properties. The construction of the estimators b, and 2 relies on the minimization of a least
squares contrast function over the space Sk, . They are both based on the observed increments of
the process X.



Estimator of the drift functions. Let © € Y and N; := Z;V: 1 ]l{yj:i} a random variable of
Binomial distribution with parameters (N,p}). We define the random set Z; := {j, Y; = i} and

consider the dataset {X i, je I,-} composed of the observations of the class 7. The first estimator b;
of b} is defined as

( k+1 XgAn)
N ZZ (ZI]cA XA, )) In,>0, with Z,jCA : ( )A . (7)
he€Sk . Vet 10 n

Then, to fit the assumption of Theorem rather than I;i, we consider its thresholded counterpart
bi2) 1= Bil@) N, g <iog?r2 vy + 580 (Bi(2)) 108Y 2N 5, ) 2 10gr2 v (8)

Note that the value of the threshold log® 2(N) corresponds to the bound by in . Although this
bound depends on N, Theorem can be applied, but to ensure the consistency of the classifier, we
now have to prove that the estimation rate for b; decreases sufficiently fast.

Estimator of the diffusion coefficient. The construction of the estimator of ¢* follows the same
lines. However, since the diffusion coefficient is the same for all classes, we can use the whole dataset
Dy to build its estimator. More precisely, we define

N n—1 9 ( (k DA Xfle )2
j + n
52 € argmin — E E (UJ h(X] ) , with U’ 9
he€SKk M TLN] 1 k=0 Fan kAn) kln An ( )

Finally, as for the drift estimator we consider the truncated version o2 as

1
3/2 [
<o (@)<ion?2(V)) T8 (N 2010620} + gy Lotz gty (10)

S0 L =2
o°(x):=0c {log(N)
Although this constraint does not appear in Theorem it remains natural in view of Assumption
(ii). We will impose that 62 is bounded by log®?(N) to derive its consistency.

3.3 A general consistency result

In this section, we establish the consistency of the empirical classifier based on the estimators presented
in the previous section. We first provide rates of convergence for the estimator of both drift and diffusion
coefficient diffusion.

Theorem 3.3. Leti € ). Assume that Assumptions are satisfied. Considering the estimator/l;i
of b} and the estimator 2 of o*? (10), we have, for N then n large enough, such that A, = O(1/N)
and Ky = (N log(N))'/?,

7 lo 4 N 1/5 = lo 4 N 1/5
E [Hbz - bj”nz} < (g‘]\([)) , and E[||5% — o*?|,] < Cy <g]\§)) :

where C1,Co > 0 are constants which depend on Lg, po, and K.

Several comments can be made. First, we obtain a general rate of convergence for the estimation
on R for both drift and diffusion coefficient functions under mild assumptions. This rate is, up to a
logarithmic factor, of order N~1/%. Hence, it extends the result of Theorem 3.3 in [Denis et al. (2021),
where only consistency of drift estimators is obtained. In particular, a difficulty in establishing the



convergence rate on R is to control the exit probabilities from (—log(NV),log(N)), which is provided
here by careful estimates for the transition densities following |Gobet| (2002)).
This result together with Theorem yields the consistency of the plug-in classifier

9= G52 (11)

where the unknown parameters are replaced by their estimators in Equation (4). However, application
of Theorem |3.1| requires the consistency of the estimator b; in terms of empirical norm ||.||,, and not
in terms of norm ||.||,;. To circumvent this issue, we can use a change of probability to get rid of the
conditioning on Y = ¢. For this purpose, we take advantage of Lemma and to derive precise
control of the transition density of the process X conditioned on Y = ¢, and then to establish the
consistency of the plug-in classifier.

Theorem 3.4. Grant Assumptions 2.4 For N large enough such that A, = O(1/N) and Ky =
(N log(N))'/5, the classifier § satisfies

E[R() - R(g")] — 0.

N—oo

The consistency of our classification procedure is obtained under very mild assumptions. The study
of the rates of convergence requires more structural assumptions. In the following section, we obtain
rates of convergence of the plug-in classifier under different kind of assumptions.

4 Rates of convergence

In this section, we study the rates of convergence of the proposed method described in Section 3.1 A
general rate of convergence is first provided in Section [£.I] under the additional assumption that the
drift functions of the considered mixture model are bounded, no additional assumptions being made
on the diffusion coefficient. In Section [£.2] we consider the case where the diffusion coefficient is known
and assumed to be constant. In this case, the procedure achieves faster rates of convergence.

4.1 General rate of convergence for bounded drift function

Let us consider the following assumption.

Assumption 4.1. There exists Cp+ such that

bl < Che.
rlnea)}H illoo < Ch

Let i, € Y? with i # j, The following property allows to upper bound the expectation conditional
on {Y =i} by the expectation conditional on {Y = j}. This happens to be the cornerstone to derive
rates of convergence for our procedure.

Proposition 4.2. Let N > 1, a > 0, and 0 < Z < log®(N) a random variable measurable w.r.t.
{0(Xs,s < 1)}. Under Assumptzonsm . . we have for all i,j € Y? such that i # j, and
N large enough

log®(NV)

Exjy=iZ] < CeXp( ClOg(N)) Exy=lZ] + C—F— N

where C,c > 0 depend on Cypx,01, and og.



A crucial consequence of this result is that in particular the empirical norms ||.||,, ;, i € Y, are now

n,’

equivalent up to a factor of order exp < clog(N )) Notice that for all ri,79 > 0,

log™ (N) = o( exp (W) ), and exp ( clog(N)) =o(N"). (12)

In particular, the factor exp («/clog(N )) is negligible with respect to any power of N. Therefore,

combining Theorem [3.1], 3-3] and Proposition [£.2] we are able to give the rate of convergence for our
procedure (when the drift coefficients are globally Lipschitz and bounded).

Theorem 4.3. Grant Assumptions and |4.1. the plug-in classifier g given in Equation ,
provided that A, = O (Nfl) , Ky = (Nlog(N)Y5 and N large enough, satisfies

E[R@) - R(g")] < Coxp (v/cloa(N) ) N1/,

where C > 0 depends on Cy+, 01, and og.

Leveraging the result of Theorem and Proposition [4.2] we obtain a rate of convergence which

is of order N~/ up to the extra factor exp (x/clog(N)). Note that the optimal rate of convergence

obtained when the estimation of drift function is done over on a compact set is of order N=/3 w.r.¢.

|||l rather than N—1/% (see |Denis et all 2021; Comte & Genon-Catalot, 2021). Here, this slower rate
is mainly due to the fact that our procedure requires a control of the drift estimators over R.

In the next section, we show that when ¢* is constant and assumed to be known, we derive faster
rates of convergence. In particular, under Assumption [£.1] we show that our plug-in procedure achieves
a rate of convergence of order N~1/3. Lastly, note that Theorem can be easily extended to higher
order of regularity for the drift functions (e.g. Holder with regularity 5 > 1). In this case, the obtained
rate of convergence is of order N~5/(26+3)

4.2 Classifier’s rate of convergence with known diffusion coefficient

In this section, we consider that the diffusion coefficient is known and constant. For sake of simplicity,
we choose o* = 1. In this case, our plug-in procedure only involves the estimation of the drift function
b. Hence, the plug-in classifier now writes as g = /g\p@l.

In order to derive a general rate of convergence as a function of the drift regularity, we consider
the following smoothness assumption (Tsybakov, 2008]|), which is a subset of Lipschitz functions.

Assumption 4.4. For alli € Y, b} is Holder with reqularity parameter > 1.

4.2.1 Construction of the drift estimators

Let ¢ € ), the construction of the drift estimators R is slightly different as the one provided in
Section . We recall that the number of paths in each class IV; = Zjvzl Lyy,—yy, and Z; = {j, Y; =
i} = {i1, -+ ,in,}. Hereafter, we work conditional on (1{y,—;},. .-, Liyy—=}), on the event {IN; > 1},
Hence, N; is viewed as a deterministic variable such that NV; > 1. Let Ayn, > 0, and Ky, > 0, we
consider a drift estimator b; built over the symmetric interval [—A Ny AN

Precisely, we consider the B-spline basis of order M defined by the knots sequence u

U_pNM =" =U-1 =U) = _ANi7 and UK = UKn+1 = " = UKNi+M = AN«;'

20AN,
Yl e [[O,KNi]], UEZ_ANi+ NZ.
Ky,

7
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and the set of functions

KNi+M

Sk =14 Y aBe, lall2 < (Kn, + M)log(N;) AR,
{=—M

Note that this space SKNZ-, M is globally the same as the one given in Equation @ except that it
depends on the label ¢ and on the interval through Ay,. Finally, the estimator BZ is defined for all x

~

7 7 2
bi(z) = bi(x>]l{|l~)i(z)\§ANi log(N;)1/2} +sgn(b;(«)) A, logl/ (Ni)]l{‘gi($)|>ANi log/2(N;)} (13)
where b; is defined as in Equation . In a first step, we focus on the properties of the estimators Zl

4.2.2 Rates of convergence for drift estimators

Let ¢ € ). The study ofzthe rates of convergence of the estimator /b\z relies on the properties of the
matrix Vg, € RENHM)” defined by

i n

n—1

1 i i

Uy, = ( > Exjy—i [BZ(XkA)BZ’(XkA)]> : (14)
k=0 L e[-M,Kn,—1]

Kn.—1 .
Note that for ¢ € SKNi7M7 t= Zi:N_ZM a;B; pru, we have the relation

/
12 = a'Wreya, with a=(a-ar,amy, 1) -

Let us remind the reader that for a matrix A, the operator norm || A||op is defined as the square root
of the largest eigenvalue of the matrix A’A. Besides, if A is symmetric, its norm is equal to its largest
eigenvalue. The matrix Vg satisfies the following property.

Lemma 4.5. Conditional on (Ly,—iy, ..., Liyy=i}), on the event {N; > 1}, the matriz W, given in
Equation (14) satisfies

(i) if Kn, =2 1, Wi, is invertible,

(i) under Assumption for N large enough, if Ky, < \/N;, there exists two constants C,c > 0

such that )
Ky, ANi _ Ky, log(N;) 2
CAN, exp ( 6 ) S H\IIK}VZ ||0p S CT exp gA?V'” .

% i

A major consequence of Lemma [£.5]is to give the order of Ay, w.r.t. N; to obtain optimal rates of
convergence for the estimation of the drift function b}. Indeed, Comte & Genon-Catalot| (2021) show
that the rates of convergence for b; and & in Theorem can be established if the following constraint

is satisfied
N;

log?(N;)’
with a constant C' > 0 depending on 3. Notably, conditional on (Tgy,—, ..., Liyy—=y), if Ky, is of
order Nil/ (28+1) (up to some extra logarithmic factors), and Ay, is chosen such that Equation

is satisfied, then the drift estimator converges as N;Qﬂ /D et HH?H Interestingly, this is the

15, lop < C (15)
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same rate of convergence obtained in (Denis et all [2021)) when the estimation of the drift function is
performed over a fixed compact interval.
From this remark, Lemmateaches us that if Ky, is of order log=%/2 (NZ-)Nil/ (25 H), Equation

is satisfied for Ay, < 1/22’% log(N). Furthermore, the lemma shows that the order of Ay, is tight.

Indeed, for another choice of Ay, such that

Ap,
N s 400 as N — 400,
log(IV;)

then the condition is no longer satisfied. Based on this observation, the next result establishes
the rates of convergence for our proposed drift estimator on the event {N; > 1}.

Theorem 4.6. Let Assumptions and be satisfied. Let sz.,z‘ = b’?]]'[_AN-,AN-] defined on
the event {N; > 1}. If Aw, < \/ 5227 log(Ny), K, o (1og—5/2(Ni)Ni1/ (2/3“)), and A, = O (N71).
Then for alli €)Y

J

where C is a constant which depends on b*.

~

2
‘ ]lN,->1] < Clogﬁﬁ(N)N—Qﬁ/(%’H)’
n,i

The above result shows that for a proper choice of Ay, the drift estimators /b\z achieves, up to a
logarithmic factor, the minimax rates of convergence w.r.t. ||.|[»,; (see Theorem 4.7 in (Denis et all
2021)). Notably, Theorem extends results obtained in (Denis et al., [2021) to the estimation of the
drift function on a interval which depends on N.

In Section [4.2.3] and Section [4.2.4] we exploit this result to derive rates of convergence for the
plug-in classifier g defined as follows. On the event {min;cy N; > 1}, we consider the estimators b
presented in Section and define the plug-in classifier g = gﬁ,g,l' On the complementary event
{min;ey N; < 1}, we simply set g = 1.

4.2.3 Rates of convergence: bounded drift functions

In this section, we assume that additionally to ¢* = 1, Assumption is fulfilled (the drift function is
bounded). Hence, we can use Proposition and apply Theorem to derive rates of convergence
for plug-in estimator g§.

Theorem 4.7. Grant Assumptions [2.1, (2.2, [4.1, [[-4 Assume that for all i € Y, on the event
{N; > 1}, An, = %log(Ni) and Ky, x (log_5/2(Ni)Ni1/(2’8+1)), and A, = O (N7'). Then the
plug-in classifier g = §571 satisfies

E[R(g) —R(g")] < Cexp ( clog(N)) N-B/(28+1)

where C,c > 0 are constants depending on b*, 5, K and pg.

The above theorem shows that the plug-in classifier g achieves faster rates of convergence than in
the case where o* is unknown (see Theorem . Notably, the obtained rate is of the same order, up to
a factor of order exp («/ clog(N )), than the rates of convergence provided in|Gadat et al.|(2020) in the

framework of binary classification of functional data where the observation are assumed to come from
a white noise model. In their setting, c* = 1 and the drift functions depend only on the observation
time interval, which is also assumed to be [0,1]. Therefore, our specific setup is more challenging

12



since the drift functions are space-dependent which involves to deal with estimation of function on a
non-compact interval. Finally, it is worth noting that, up to the exp (w/clog(N )) factor, the rate of

convergence provided in Theorem [£.7] is the same as the minimax rates in the classical classification
framework where the feature vector X belongs to R and that X admits a lower bounded density (Yang;,
1999; |Audibert et al., 2007).

4.2.4 Rates of convergence: when the drift functions are re-entrant

In this section, we study performance of the plug-in classifier when the drift functions are not necessarily
bounded. In this context, rates of convergence are obtained under the following assumption.

Assumption 4.8. (re-entrant drift function) For each label i € Y, there exists co > 4 and Ky € R
such that
Ve € R, bi(z)r < —coz?® + Ko.

An important consequence of this assumption is that there exists C' > 0 (see Proposition 1.1
in (Gobet|, 2002)) such that
E [exp(41X;2)] < C, (16)

which yields a better bound on the tail probability P (|X;| > A) for A > 0. It worth noting that
under Assumption [4.8 the drift functions are not bounded. Hence, we can not take advantage of
Proposition [£.2] to derive rates of convergence. Nonetheless, we obtain the following result.

Theorem 4.9. Grant Assumptions [2.1], [2-3, [4.8 Assume that for all i € ), on the event

{N; > 1}, An, = %log(Ni) and Ky, « (log_s/z(Ni)Nil/(wH)), and A, = O (N71). Then, the

plug-in classifier g satisfies
E[R(G) — R(g*)] < Clog?*+1(N)N—38/426+1)

The above theorem shows that the rate of convergence of the plug-in classifier is, up to a logarithmic
factor, of order N —38/4(28+1) " Therefore, this rate of convergence is slightly slower than the one provided
in Theorem[4.7] It is mainly due to the fact that under Assumption [.8] Proposition [4.2]does not apply
and then, in view of considered assumptions in Theorem [4.9] we only manage to obtain the following
bound,

Vi,j €Y i#j, Exy_[Z] < CNPACHH VR, (7],

which is clearly worst than the one obtain in Proposition Interestingly, for 5 = 1, we can note
that the rates obtained in Theorem are of the same order than the rates of convergence established
in Gadat et al. (2016) in the classification setup where the input vector lies in R under the assumption
that X does not fulfil the strong density assumption (e.g. the density of X is not lower bounded).

5 Simulation study

This section is devoted to numerical experiments that support our theoretical findings. A first part
is dedicated to the study of the performance of the plug-in classifier in a setting which meets the
assumptions of Section [{.I] The considered model is presented in Section [5.1] The implementation
of the proposed procedure is discussed in Section while the performances of the plug-in classifier
are given in Section [5.3] Finally, several features of the problem are investigated in Section In
particular, we consider the classical Ornstein-Uhlenbeck model, for which assumptions of Section
are not fulfilled.
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5.1 Models and simulation setting

We fix K = 3 classes in the following. Note that, we do not consider larger value of K since the
evaluation of the impact of K on the procedure is beyond the scope of this paper. To illustrate the
accuracy of the presented plug-in classifier, we investigate the model described in Table This toy

T(x) 1/4 + (3/4) cos® x
by(x) | 0[1/4+ (3/4) cos® 2]

() | —0[1/4 + (3/4) cos? 2]
o*(z) | 0.14+0.9/Vv1+ 2?2

Table 1: Drift and diffusion coefficients, depending on 6 € © = {1/2,3/4,(4+ a)/4,a € [1,12].

model, described in Table [1} fulfills the assumptions of Section Interestingly, this model allows
evaluating the influence of the distance between the drift functions of each of the three classes, on the
classification problem, through the parameter 6. Indeed,

Z'jrgn 3||b7’f —bjllc =0, where 0 € ©={1/2,3/4,(4+a)/4,a € [1,12]}.
We investigate the consistency of the empirical classifier using learning samples of size N € {100,1000}
with n € {100,500} (and thus with A, = 1/n). We use the R-package sde (see lacus, to simulate
the solution of the stochastic differential equation corresponding to the chosen model.

Figure |1| displays simulated trajectories from the proposed model. On the left panel (right panel
respectively) the observed learning sample comes from the model with parameter § = 1/2 (0 = 4
respectively) and each class is represented by one color. We can see from Figure [1] that the distance
between the drift functions strongly impacts the dispersion of the trajectories and leads to a more
difficult classification task.

Figure 1: Dispersion of diffusion paths from model given in Tabel . Left: 0 = 1/2, right: 0 = 4 (blue lines
K =1, purple lines K = 2, green lines K = 3); with N = 100 and n = 100.

Performance of the Bayes classifier. We evaluate the performance of the Bayes classifier g* with
respect to four values of parameter 6 (0 € {1/2,3/2,5/2,4}). To this end, we compute its average
error rate over 100 repetitions of the following steps

(i) simulate Dy of size M = 4000 with n = 500;
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(ii) based on Djs compute the misclassification error rate of the discrete counterpart of g*.

Table [2 provides the mean and standard deviation of the misclassification risk. The obtained results
highlight the significant impact of the minimum distance 8, between the drift functions of each class,
on the performance of ¢g*. Indeed, as expected, the Bayes classifier is more accurate on our model when
parameter 6 is large, especially in the case of separable data (6 = 4). On the contrary, the worst case
corresponds to # = 0.5. In this model, the data are highly ambiguous.

0 =1/2 6=3/2 6=5/2 0 =4
R(g*) | 0.49 (0.01) [ 0.36 (0.01) | 0.22 (0.01) | 0.11 (0.01)

Table 2: Classification risks of the Bayes classifier g* w.r.t parameter 6 from learning samples of size N = 4000
with n = 500.

5.2 Implementation of the plug-in classifier

Hereafter, we briefly describe the implementation of the proposed plug-in classifier. We first estimate
the drift functions b}, i = 1,2,3. For each i € {1,2,3}, the estimator /b\z is built on the interval
[—An;, An,]. Since the drifts (and the diffusion) coefficients are bounded, we can use the construction
considered in Section [3} Therefore, we fix Ay, = log(N), M = 3, and divide the learning sample Dy
into sub-samples D}'\, of size N; that contains all diffusion paths belonging to the class 7. From the
sub-sample D%, we build estimators ?)\z, i1=1,2,3.

For the construction of the estimator bZ7 we have to choose the dlmensmn parameter Ky,. We
follow Denis et al.| (2021)), and consider an adaptive choice denoted by K N;-

Let us remind the reader that in Denis et al.| (2021)), the adaptive dimension K N, is selected such
that K N, is the minimizer of the following penalized contrast

n—1

Z Z,]CA 2 + peny(K) ¢, (17)
j=1 k=0

. 1
Ky, := argmin { —
Kek Nn Z

where K € {29, ¢ € [0,5]}, and /b\@ K is the drift estimator built on the approximation subspace Sk .
Besides, pen,(K) = (K 4+ M)log®(N)/N is the penalty function with x > 0. We fix the parameter
k = 0.1 as recommended in Denis et al.| (2021).

For the estimation of o2, we consider the whole sample Dy and apply the methodology described
in Section [3| with M = 3. We follow the same lines to build an adaptive estimator of o?*, and choose
K ~ as the minimizer over I of the following penalized contrast

Ky = argmin Z Z UgA + pen, (K) 7, (18)
Kek < =

where % is the estimator built on Sk s, and pen,(K) := k(K + M)log®(N)/Nn is the penalty
function, with k > 0. The value of the tuning parameter « is calibrated through an intensive simulation
study and chosen equal to k = 5.

5.3 Simulation results

The performance of the plug-in classifier g is evaluated by repeating 100 times the following steps

1. Simulate learning samples Dy and Dy with N € {100,1000}, N’ = 1000, and n € {100, 500};
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2. for each i € {1,2,3}, from the sub-sample D%, = {X7 j € T;}, select Ky minimizing and
compute the estimator b, R of b} given in Equation ;

3. from Dy select Ky using Equation (|18)) and compute the estimator 3%( of 0*2 given in ([10));
N
=~ N N N
4. based on Dy compute p = <% > j=1 Ly;=1, + >jm1 Lyj=2, + > im1 ]1yj:3>;

5. based on Dy, compute the error rate of the plug-in classifier § where b= (51 I?N’/l;2 IA(N’/b\S I?N>
2

and 02 =52 , and p.
Ky

From these repetitions, we compute the empirical mean and standard deviation of the error rate of g.
The results are given in Table 3] and Figure[2l As expected, from Table [3|and Table[2] we can see that
the error rate of the plug-in classifier g is closed to the error rate of the Bayes classifier. In particular,
for N = 1000, it performs as well as the Bayes classifier. Note that the length of the paths n does not
significantly impact the performance of g. Moreover, from Figure 2| we can make similar comments as
for the Bayes classifier (see Table, in particular, the accuracy of g decreases as parameter 6 increases.

- n = 100 n = 500
R(9)

N=100 | N=1000 | N=100 | N = 1000
6=1/2]0.53 (0.05) | 0.50 (0.05) | 0.53 (0.05) | 0.49 (0.05)
6=3/210.39 (0.06) | 0.37 (0.05) | 0.39 (0.05) | 0.36 (0.05)
6=5/2 024 (0.05) | 0.22 (0.04) | 0.25 (0.04) | 0.22 (0.04)

=4 |0.12 (0.03) | 0.10 (0.03) | 0.11 (0.03) | 0.10 (0.03)

Table 3: Risks of the plug-in classifier § w.r.t. values of parameter 0

0.4~

Classifiers
Plugin—Spline, N=100

0.3~ —4— Plugin—Spline, N=1000

0.2~

Figure 2: Risks of the plug-in classifier w.r.t values of the minimum gap 6 between the drift functions
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5.4 Ornstein-Uhlenbeck model

In this section, we focus on the influence of the diffusion coefficient ¢* on the performance of our
plug-in procedure. To this end, we consider the Ornstein-Uhlenbeck diffusion model given in Table [5.4]
where the diffusion coefficient ¢* is constant. Let us notice also that in this model the drift functions
are unbounded. We investigate the performance of the plug-in classifier g w.r.t. the level of noise o*.

bi(z) | 1—x
bi(z) | —1—=
bi(x) -z
o*(x) o

Table 4: Ornstein- Uhlenbeck mizture model with K =3

This study is motivated by the fact that, inherently, the diffusion coefficient impacts the dispersion of
the trajectories. Therefore, it can lead to separable data when o* is close to zero, and ambiguous data
for large values of o*. Thus, we evaluate the performance of g for o* = 1/2 which is close enough to
zero, and for larger value o* € {1,3/2}. We first consider the case where o* is unknown. The results
are given in Table [5| and confirm our intuition. The error rate of the plug-in classifiers decreases as o*
decreases.

In a second step, we investigate the influence of estimating the coefficient ¢* in the procedure. To
evaluate this point, we assess the error rate of the plug-in classifier when ¢* = 1 is known. In this case,
we only estimate the drift functions and the weights of mixture pp* to build our predictor. The results
are given in Table[6] First, we can notice that by comparison with results provided in Table 5], there is
almost no impact on the performance of the plug-in classifier when we assume the diffusion coefficient
o* in the Ornstein-Uhlenbeck model to be known or not.

Finally, we also study the influence of parameter Ay on the estimation procedure. Indeed, our
theoretical results indicates that Ay should be of order y/log(N) when ¢* is constant and known,
while Ay = log(N) is recommended when ¢* is unknown. To this end, we evaluate the error rate of
our procedure for these choices. The results are also provided in Table[6]and show that the performance

are almost the same in the two cases.

R(3) R(g")
o*=1/210.23 (0.04) | 0.21 (0.01)
o*=1 0.44 (0.05) 0.41 (0.01)
o*=3/2 | 0.52 (0.05) | 0.49 (0.01)

Table 5: Fvolution of the performance of the plug-in classifier g and of g* w.r.t values of the constant diffusion
coefficient o* for N = 100 and n = 100.

6 Conclusion and discussion

In this paper, we propose a plug-in classifier for the multiclass classification of trajectories generated by
a mixture of diffusion processes whose drift functions b;, 7 € J and diffusion coefficient o* are assumed
to be unknown. In the considered model, each class i is characterized by a drift function, b} whereas
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N =100 | N = 1000

Ax = /log(N) | 0.44 (0.05) | 0.41 (0.05)
Ay =log(N) | 0.43 (0.05) | 0.43 (0.05)

Table 6: Risk classification of § when the diffusion o* = 1 is known, and n = 100.

the diffusion coefficient ¢* is common for all classes. This work extends to the nonparametric case, the
multiclass classification procedure provided in |[Denis et al. (2020) where o* = 1 and the drift functions
depend on an unknown parameter 6 € R? Our proposed procedure relies on consistent projection
estimators b;,i € Y and 72 of the drift and diffusion coefficients on a constrained approximation
subspace spanned by the spline basis. We establish the consistency, w.r.t. the excess risk, of our
procedure and then studied its rate of convergence under different kind of assumptions. In particular,
we show that the proposed plug-in classifier reaches a rate of convergence of order N~1/5 (up to a factor
of order exp(y/clog(N))) when b*, ¢*, and p* are unknown. Besides, a numerical study illustrates
the performance of our classification procedure.

In the case where ¢* = 1, we manage to derive faster rates of convergence. In particular, when the
drift functions are bounded and Holder with regularity 8 > 1, we obtained a rate of order N—A/(26+1)
(up to a factor of order exp(y/clog(N))). Interestingly, this result can be viewed as an extension of
the one obtained in |Gadat et al.| (2020)) to the multiclass mixture model, where the drift functions
are time-dependent. Furthermore, up to exp(y/clog(N)) factor, our rate of convergence matches the
optimal rates of convergence obtained in the univariate setting (e.g. X € R), in /Audibert et al.| (2007)).
Finally, for the case of unbounded drift functions, we assume that the drift functions are the re-entrant.
Taking advantage of this property, we establish that our plug-in classifier achieves a rate of convergence
of order N—38/428+1) " For B = 1, this rate of convergence is of the same order as the one obtained
in |Gadat et al.|(2016) for plug-in classifier in the univariate classification setting, when the feature X
does not satisfy the strong density assumption.

A question that can be tackled for future research is the study of the optimality in the minimax
sense of our plug-in procedure. In particular, the adaptivity of estimators of the drift and diffusion
coefficients should be investigated. Furthermore, it might be interesting to consider the margin type
assumption as in Gadat et al.| (2020) to derive faster rates of convergence. Also, following Denis et al.
(2020), it is natural to derive theoretical properties for empirical risk minimization procedure based
on convex losses. Finally, the extension to the high-dimensional setting would require further work. In
particular, the control of the transition densities is different in this setting.

7 Proofs

The section is devoted to the proofs of our main results. In order to simplify the notation, we write

A, = A. Besides, C' > 0 is a constant which may change from one line to another. When the

dependency on a parameter 6 needs to be highlighted, we write Cy.

7.1 Technical results on the process X

Lemma 7.1. For all integer ¢ > 1, there exists C* > 0 depending on q such that for all0 < s <t <1,
E|X; — X% < C*(t — )7

For each t € [0,1] and = € R, we denote by p(t, x) the transition density of the underlying process X
given the starting point Xy = 0. We also denote by p;(t, ) the transition density of the process driven
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by the drift function bf. Note that Assumption ensures the existence of the transition densities.
The rest of this section is dedicated to some results on the transition densities p; for ¢ = 1,..., K.
Nonetheless, since the transition p of the process X writes as

K

=1
all these results apply also for p. The following proposition is provided in (Gobet, [2002) (Proposition
1.2).

Proposition 7.2. Under Assumptions [2.1] and [2.3, there exist constants ¢ > 1, K > 1 such that for
alte (0,1, zeR, andi=1,..., K

K\[ exp (—cx2> <pi(t,z) < f/{iexp <—ii:> :

From this result, we can deduce an evaluation of the probability of the process to exit a compact
set. This is the purpose of the next result.

Lemma 7.3. Under Assumption [2.1) and[2.9, there exist Cy,Cq > 0 such that for all A > 0

sup P(| Xy > A) < ﬁexp(—CgA2).
te(0,1] A

Proof. Let A > 0, we have for t € (0,1],
+o0o

P (X, > A) = 2/ p(t, z)da.

A
From Proposition we then deduce that

+oo 2 2
P(]X:| > A) <C’\[/ 2C <—ci) dz < Cgl/gexp <—C?) .

From the above inequality, and using that ¢ € (0, 1], we deduce the result. O

Lemma 7.4. There exist Cy,C1, and Ca, such that fori=1,..., K, for x € [-A, A], we have

Cexp (—02562) < %sz’(kﬂvﬂ?) < Cp.

Proof of Lemma[7.4) Foriec {l,...,K}, for all z € R, we have from Proposition

n n

Q

1

LS pikn,n) < €5

C
L (19)
L VIR VR VS VT

Since the function = +— ﬁ is decreasing over [1, 400, we deduce from Equation that
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which gives the upper bound. For the lower bound, we observe from Proposition that for k£ €
[1,n —1], and = € R,

cx? C cr?
< <
Cexp ( k‘A) i exp < kA) pi(EA, ). (20)

Ccx

Since g : (s, ) — exp <—TQ> is strictly increasing in s over (0, 1], we obtain for k£ € [1,n — 1],

/1";1 sxds<2/ g(kA,z) + g(s,x) — g(kA,z))ds < 1nzlexp< Zi)

n

Hence, we deduce that for n > 3, and x € [ A, A]

n—1

n—1
1 2
o og(s,z)ds < — g exp < ZZ)

For the first lower bound, we use that g(s,z) > ¢ 2¢4° for 2 € [-A, A] and s > 1/2, and that the
length of [1/2, (n—1)/n] is larger than 1/6 for n > 3. Finally, gathering this bound with Equation (20)),

leads to
1
gexp 20A2 E exp< ) E pi(kA, x)

1
6 exp(—2¢A?) <

m\»—t\

O]

Lemma 7.5. Suppose that o* is a constant. For all ¢ > 1, there exists Ky > 1 such that for all
(t,x) € (0,1] x [—A, 4],

1 2¢—-1 , < p(t2) < K, x?
exp [ — x o)< —Zexp| -7 ).
K/t P 2qo*2t =P Vi P 2qo*2t

Proof of Lemma [7.5, The transition density p° of the process (0 + U*Wt)te]o,l] (with a constant
diffusion coefficient ¢*) is given by

1 1
0 o _ —
(0,0) = oo (5 10— ol ) 1)

2o

We are going to demonstrate the inequality for p;, which is the transition density of X in class number
i. Indeed, then it will be true for all 4 € Y and thus for p = py. We follow here the arguments given
in the proof of (1.6) in |Gobet| (2002). Let us denote,

t g% t 1.%x2
Ziy = exp (/ L)*(S)dWs — / bi(jz(s)ds> .
o O o O

We have V(t,z) €]0,1] x R,
pz(ta CL’) = po(ta x)]EO [Z’i,t|Xt = .TE] )
and
1 < 1
pi(t,x) = pO(t, )

E° [Zl.jtlyxt - x} . (22)
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Then,

t Xs .
E° [Zi 4t Xi = x] = / E° | Z { Zibi (X )*27551)0(75 - Sax):| ds
0 (t—s)

and

0| -1 "o Lpx( Xs—x
E |:Zi7t ’Xt:.fl?:| = ; E ZZS ’L )mp (t—S,.'L') ds.

For all (¢,z) €]0,1] x R, one has :

E° [Z; —m]—1+1/tE0 2, b*(X)M Ot —s,)| ds
B t — - po(t7x) 0 I 1,8Y7 s *Q(t—s)p 9

C ol pery oy Xl (X, — 2)?
<o J, B e O e (i )

C ol . 1 (1—e)(Xs —)?
<t i ) B 2 ) g e (U)o

using that ye exp(—ey?/2) <1 for 0 < e < 1. Let ¢,¢' > 1 be two real numbers such that é + % =1.
Using Hélder’s inequality, and the Lipschitz property of b*, one has:

Cel [t o T Zisqg (14 X))\ 0 X, -2 \]\"
EO[Zi,thtﬂ]SHp%,x)/o <EO{ ’q(ijslq : D (EO [exp <_2(02<t—)s>>]) o

with e =1 —1/¢. According to Lemma A.1 in|Gobet (2002), one has:

va > 1, B [28, 0+ X)) + B[22 0+ X)) < ¢

2
where C; > 0 is a constant. Thus, it remains to upper bound E° [exp (—2(0{3&90_)5))} and then deduce

an upper bound of E° [Z; +| X = z]. For all s < ¢, we have:

exp <_M>] - /R exp <—202(1t_8) (2 — ac)2> exp (—2;2822> i
o 52 e ()

Thus, from Equation , we obtain:

1
Ce=l [t(t—s)2 ! 22
E°[Z; | X, = 2] <1 ——d
gl = 2] < +pﬂ(t,aw/o a7 eXp( / ) ’

<14 Ce! < x? >
——exp | ——— |,
= i oo

1 1
by noticing that the integral of (t—s)Tfl’_l is smaller than 1 (since 0 < s < t < 1) and that t 27 > 1/+/t.
From the definition of function p° given in Equation (21]) together with relation (22)), we obtain that

Ce ! z2
; <p 1+ — ——= ).
pi) <00 (14 e (<))

21

V2ro*2sE?

It follows that,




Thus, there exists a constant K, > 1 (ase =1—1/¢' and 1/¢+ 1/¢' = 1) such that,

K 2
V(t,x) €]0,1] x R, pi(t,z) < Tzexp <_2q’3<;7*2t) , Vg > 1. (24)

Following the same lines, one has

0 1 Cte 1.2
E {Zf X, = }<1 = T ).
it ’ t r|s 1+ p[)(t’ x)ﬁ exp ( 2q/0.*2t>

Also, there exists a constant K, > 1, such that,

1 2/ -1 , )
V(t 0,1] xR p;(t,z) > - . Yd > 1. 25
(00 €01 R plt0) = oo (<30t > (25)
The final result is deduced from and . O

7.2 Proofs of Section [3]

Let us begin this section with a proposition which establishes a closed formula of the excess risk in
multiclass classification.

Proposition 7.6. Let g a classifier. The following holds
K
R(9) = R(g) =E | D> | (X) = w5 (X)| Lig(x)=jgr (x)=1)
i=1 ji

The proof of this result is omitted and can be found instance in Denis et al.|[(2020). Now we provide
the proof of Theorem [3.1] that relies in part on Proposition

Proof of Theorem [3.1] From Proposition [7.6] we have the following inequality

K
E[R(G) — R(g")] <2 E[7(X) — = (X)]]. (26)
=1

We define F the discretized version of F*,

b; A 6*2
5 (Xka) (Xgsr1ya — Xia) — 55 (XkA)>

F=(F,...,Fg), with F;(X)= i:(

k=0

and for each i € Y, 77 = ¢; (F) the discretized version of 7}, and m; = qbl(l?’) From Equation ,

we deduce

E[R(9) = R(g7)]

VAN
[\)
(]
e
EL
>
|
5]|
>
+
&=
§
s
|
sﬁl
>

< QiE[@( F(X)) - ¢i(F H+2ZE[¢Z — s (F( ))H
EK: E [|¢i(F(X)) — ¢:(F*(X))|] (27)
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For the first term of the r.h.s. of the above inequality, we observe that for (z1,...,zx) € R¥, and
(i,7) € Y? we have

0 pjexp(w) <L
Opr S prexp(zr) |~ PO
Therefore,
K N . K N CK,FS
DR [|5:(F(0) — s FOO)|] < Oy SB[~ wal) < 22 (28)
=1 k=1

For the second term of Equation ([27)), since the softmax function is 1-Lipschitz, we have for j €

E [¢(F(X)) = 6; (F())]| < Sk [|Fx0) - R
i=1

We set £(s) := kA, if s € [kA, (k+ 1)A), for k € [0,n — 1]. We then deduce that

b b \ 102 b2
<A2 - 2) (Xes)) b3 (Xs) | ds + 2/0 (52 - 02> (Xes)

g g
Hb b )
52 2 ) Kew) o7 (Xs)aWs

1| /32 *2
/0 <32 - 02> (Xg(s))‘ ds]

F(X) —Fi(X)) < /01 ds

+

)

which implies

]E[E-(X)—Fi(X)H < E +%E

b b .
<A2 - 2> (Xe(s)) b3 (Xs)

g g

/

~ 2
b b 2
BN 5 ) (Kew) o (Xo)ds

Since for all z, o*(x) > o, and 0 > 09, we get
bi(@) = b (@)| + 05 2052 b} (@) [52(2) — 072(w)

)

bilw) + b7 (2)

: b _
2 (x) — ()| <o ?

(29)

bi(@) = i (@)| + 052052 b (@) [32(w) — 072 (@)

Hence, as l;\z(:z:) < bmax, and E [SuPte[O,l} |bX (Xt)|] < (1, the above inequalities and the Cauchy-Schwarz
inequality yield

E b; — b

FAX) = F(X)| £ Cogoi? (bmacE +E[8* - o?|,)-

Therefore, we have,
K
> E|
i=1
Finally, the last term is bounded as follows. We first observe that for all i €

Vb (Xe) by (X))
0% (Xew)  7H(Xs)

b; — b

+E[#2-o?],).  (30)

¢i(F(X)) — ¢i(F(X))H < Cro300° i(: (bmaXE

E UE‘(X) - Fi*(X)‘Q] < 315:/ )2b>§/2(XS)ds

0

L2 (X)) B2(X0)) Vb (Xew) (X))
+3E/ L R Sk d+3E/ . S S *2(X,)ds.
0 (U*2 Xew) 2% ) @ 0 \ 0?2 (Xew) 02Xy ) ° (Xs)ds
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Using again that ¢*(-) > of, and E [supte[o,l] b (X+) |‘1} < C for ¢ > 1 (by Assumption , the
Cauchy-Schwarz inequality implies

E [\Fi(X) - Fi*(X)\Q] < C,s (/1 E [\b;‘ (Xe(w) — b;‘(Xs)\Q] ds

/\/ 107 (Xeqo) —bi (X ds+/\/ [0 (Xego —a*z(X)\}d)

Finally, since the functions b, and ¢* are Lipschitz, we deduce from Lemma that

E [|R(X) - R (0[] < Coar

which implies together with the fact that the sofmax function is 1-Lipschitz and the Jensen inequality
that

K
ZE [[6s(F(X)) = 6:(F*(X))]] < Cr o5 VA. (31)

In view of Equation the combination of Equations , and , and yields the desired
result. ]

Proof of Proposition [3.2 We consider h a L-Lipschitz function. We define the spline-approximation

h of h by
Ky—1

= Y h(ug)By(z), Yz €R.

First, we note that h € S Kn,M- Indeed, since h is L-Lipschitz, there exists C';, > 0 such that
[h(x)] < CLlz| < Clog(N), Vu € (—log(N),log(N)).
Therefore, for N large enough, we have
|h(x)| < log(N)*/2.

Then, we deduce
Kn-1

Z B2 (ug) < (Kn + M)log?(N).

For z € (—log(NN),log(N)), there exists 0 < fy < Ky — 1 such that © € [ug,, ugy+1). We use the
following property of the B-spline basis

Bg(x) =0, if x g [Ug,Ug+M+1), {=-M,..., Ky + M.
Hence, for x € [ug,, sy +1), we have By(x) =0 for £ < lo— M — 1, and £ > £y + M. Thus,

Kny—1
h(@) = hi@)| < D7 |h(ue) — ha)| Be(a)
t=—M
Lo

= > |M(w) = h(z)| Bi(x)

l=lg—M
< _
< hax | [h(ug) = h(@)]

2L(M + 1) log(N
S L(uéo-‘rl - ufo—M) S ( K ) g( )7
N
which concludes the proof. ]
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Proof of Theorem [3.5. The proof is divided in two parts. The first part establishes the rates of con-
vergence of the drift estimators, and the second part is devoted to the study of the rates of convergence
of the diffusion coefficient estimator.

Rates of convergence for drift estimator. Let i€ {1,...,K}. We introduce the function,

bi == b; L (_10g(N),log(N))-

We recall that the random number of paths in the class number ¢ is IV; = Zjvzl Ly,—;. For a function
h, we introduce the empirical norm of class ¢ for N; > 0 as

n—1
1 .
Il N, = 7 D2 D PP

' JET; k=0

We first observe that

E[Eﬁb; i — b i — b

J=El

Let us work at first on the event {N; > 0}. For all i € ), we define the following conditional expectation

n]l{Ni>0}] +E [ n]l{Ni:O}} :

Eil.] = E[ [Ty, —iys - - Lyy=iy)-

We apply Proposition 3.2 and Proposition 3.2 of Denis et al (2021)) on the event {N; > 0} and deduce
that

~ 2 log?(N) Kxlog?(N)
E; | |[b; — b; < ——+A]. 32
Now, for all i € Y, let us write
~ _ 2 2 o2 o2
Ei[bi—bi }:Ei[bi—bi }—QEi[bi—bi N}—FZIEi[bi—bi N] (33)

For h € Sk v, we denote by h its thresholded counterpart

A() = ROV iogt 2y + S8R0 108™ 2N L 1) g vy

We also denote Hy ar := {h,h € Sk} Then, we have that

2 o2 I I
Ei[bi—bi ]—2Ei{b,~—bi ] o T L A
n,t n,Ni FLGHKN,]\/I ’ 14 Ve
_ 9 .
< E Exiy; |g(X) — — x|,
< geSEi,M x|y [g( ) Nigg( )”

with Gy = {(@1,... @) = 230 |h(2k) —l_)i(xk)‘Q,fL € Hrym}. For each g € Gg v and
x € R, we have
0 < g(x) < 4log’(N).

Furthermore, we have that (see Denis et al., 2021)

12(Ky + M) log?(N) > oM
- .

Noo (EagKN,M) S <
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12(Kn + M) log3(N)

Therefore, we deduce from Lemma A.2 in |Denis et al.| (2021) with ¢ = N, , Equa-
tion (32)), and Equation , that on the event {N; > 0} '
— log?(V)  [Knlog®(V) _ log! (N)Kn
E; <C Al 34
' |: ! n,i:| - KJQV + Nz + Nl * ( )

Using Jensen’s inequality, we have

B [ b ! ni]l{Ni>0}:| = \/E[

Finally, let us study then the error Hl_)z —b; Hi ;- We observe with the Cauchy-Schwarz inequality

gi_gi

2 _
nﬂ{NpO}} +E [Hbi -5, H{Ni>0}]'

I~ .
Ex|y= [n > (b7 (Xka))? ]l{|XkA|>log(N)}]
=1

< C\/ sup Pxjy—; (| X¢| > log(NV)),
t€[0,1]

(DR

since sup¢jo 1] E [b7(X¢)*] < C. From Lemma, E we obtain

=2, < Coxp (-G 0g) )

which for N large enough yields
Ie: b*H < ONTHR

This result leads us to obtain, from Equation (34} , that

log(N /1
]E|: n,i]l{Ni>O}:| SC( f{(N)—l— N+\/K>

Knlogd (NN [Kylogh(N)
N; + N; ]I{Ni>0}

b*

)

i

role|((

Using Jensen’s inequality, we obtain

log(N 1
E[ m.]l{Npo}} §C<§§N)+\/N+x/ﬁ>

C((KNlogi*(N)E[MD + /Ky logh(N ,/ 1N>°>

To finish the proof, since for all i € ), N; ~ B(N,p}) we use Lemma 4.1 in (Gyorfi et al.l 2006)

deduce that
E ]lNi>0 < 2 < 2
N; T piN T poN

s

)

b,
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and finally, there exists a constant C' > 0 such that
log(N) [ Knlogd(N)\"*
E| 1{Ni>o}}s0< A (P V). (3)
n,i

Ky Npg
To conclude the proof for the rates of convergence of the drift coefficient, we observe that since b; is
bounded by log*?(N) and SUPseo,1) E [b3(X¢)?] < 400, we have

?|

Since N; is distributed according to a Binomial distribution with parameters (N, p}). We deduce that

b; — b

b; — b

ni ]l{zvio}] < log?/*(N)P (N; = 0) + CP (N; = 0). (36)

P (N; = 0) = exp (N log(1 — p}))

Hence, gathering Equation and Equation , and choosing A = O(1/N) and Ky = (N log(N))l/S7
we get the desired result.

Diffusion coefficient: rates of convergence. We estimate the square o*? of the diffusion coeffi-
cient as solution of the following regression model

(X(jk-f—l)A B XI]cA)Q
A

= U*2<Xle) + CIZA + RiA (37)

. 1 2 3
where CIiA = chA + CIiA + C]JgA with

, 1 (k+1)A , \ 2 (k+1)A ,
GA = X / o (XI)dwi ) — / o*? (X1)ds
k k

A A

‘ 9 rk+DA . . A
R = (k+1)A = s)o™ (XI) 0™ (XI) dW?
A Jia
. kDA N
=y (Xh) [ ot (x)awd,
kA

and R}, := RUA + RIX + RJ3 with,

i 1 (k+1)A . ‘ 2 " 1 kDA A
R” =X /m by (X1)ds | , Rix =5/, ((k+1)A = s)py (X7) ds (38)

) (k+1)A ) (k+1)A ) .
RS =2 < /k (b5 (X7) — b (Xea) ds> ( /k o (X7) dwg> (39)

A A

where ¢y := b}0"0* + [0*"* + (¢*)%] 0*2. We prove in the sequel that Cgi is the error term, and all

the other terms are negligible residuals. We remind the reader that the estimator 52 of ¢*2 is given in
. We rely on the following result:

Lemma 7.7. Under Assumption [2.1], the following holds

Kxlog®(N)

A2
Nn + o

R P
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where C' > 0 is a constant depending on o1, and where
N n—1

1
| TVZZ XIJcA
: k=0

The empirical error of the estimator o2 is given by
E|6* - o]} = 2B 6% — 02|}  + |E[5* = ||} — 2E[[* — 0|

Let us define H? as the set of functions h such that there exists a function h € S Kn,M satisfying

1

h = h(z)1 n(@)>10g/2(N)} F 1o () Hb@) < ey

3/2
[k <h(@)log?/2(vyy T 1087 (V)L

3
Using then an e—net H%¢ of H? with ¢ = 12(KN+%) log”(N)

Lemma A.2)

, we finally obtain (see Denis et al.| (2021),

E H&Q — J*QHZ —2E H&Q — J*QHZN <E [sup {E Hﬁ — 0'*2Hi —2E HB — U*QHiN}]
’ heH 7

Ky log*(N)
<(C—=.
<C N
Thus, as A,, = O(1/N),
Knlog’(N)  Kylogh(N) 1
Elg? — %212 < nf I — o*2|2 N 108 -
6% -0 H"_gheégj\,,MH o[, +C N + N e
Ky log*(N)

<3 _inf |h— 2|2 4+ C

)
ESKN,]W N

for N large enough. According to Proposition the bias term satisfies

log?(N
inf ||h—a*2uigc°g(2 ).
ESKN,]W KN

Taking Ky = (N log(N))/? leads to

4 1/5
EH32 _ J*QHn e <10g (N)> '

N
This concludes the proof of Theorem [3.3] O
Proof of Lemma . Denote by

1 N
FYNn nN Z

j=1k=0

[y

n—

(Ui —hxLs)

the least square contrast appearing in @ For all h € Sk v, we deduce that

’Yn,N(a'Q) - ’Yn,N(O-*2) < fYn,N(h) - 7n,N(0'*2)- (40)
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Using , we have for all h € Sk,

Yo (h) = Ynn (072) = |h— U*QHi,N +2u1 (0" — h) + 205 (0™ — h) + 2u3(0*? — h) + 2u(0*?

where

—_

n— n—

N 1 N
1 R 1 j
= nN J; Pt h(XkA)CkA) (S {17273}7 M(h) = TLN j;k_oh XkA RkA7

we derive from Equations and that for all h € Sk m,

3
E|5* — U*QHi,N < heggi MHh — 2|2 + 2ZE [v;(6% — h)] + 2E [u(G* — h)] .

For all ¢ € {1,2,3} and for all h € Sk, m, taking the constraints @ into account, one has

Ky—1
E [ (52— )] < /2(Kx + M) log*(N) ZE 2(Byara)]-

1. Upper bound of ZKN 'E [V%(B&Mﬂl)]. According to Equation , we have

1 N n—1
—NZ BeMuX,iAx

VYl e [[—M,KN— 1]], Vl(BZ,Mu =

—h) (41)

(42)

(43)

: , N2 ,
where (/1 = & [( k(z“m a*(Xg)dWs]) — k(ZH)A U*Q(Xﬁ)ds} is a martingale satisfying

(k+1)A

2
2 1 . .
E |GialFha| =0 and E [(c,ig) |f,i4 < o ( /k L 2<X;>ds> < Cott

with (F})¢>0 the natural filtration associated with the Brownian motion W'. We derive that

Ky—1 Ky—1

2
3 bt~k 5 8| (5 moncrdd)
=M
n—1 Ky—1
[Z > Bimu(Xia) (Cm> ]

k=0 ¢=—M
C
<7
—Nn

where C' is a constant depending on ¢*, for each k € [0,n — 1], ZKN ! B%MH(X,%A) < 1 since

N Boaru(Xpa) =1 and Byau(X}a) < 1forallé=—M, - Ky —1.

2. Upper bound of EZ\S\}[ E [V3(Bi )] For all k € [0,n—1] and for all s € [0,1], set £(s) = kA
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if s € [kA, (k+ 1)A). We have:

Kn—1
> E[3(Boaru)]
=M
Ky—1 n=1 L(k+1)A X L 2
an Z E (Z /m Boaru(Xea) (k+ DA = s)o™ (X))o (Xsl)dWs>

Kn—1

1 2
Nn2 EZ E (/0 BZ,M,u(Xgl(s))(ﬁ(S) +A— S)a*’(X;)aﬁ(Xsl)dWs) ]

C
<
— Nn?

where the constant C' > 0 depends on the diffusion coeflicient.

3. Upper bound of ZKN 'E [v3(By,au)]. We have:

Kn—1 Kn—1

B 2
(k-+1)A
Z E[V??(BZ,Mu Nn2 Z B (Z/k BK,M,u(XI%A)b;(XI%A)U*(X;)dWS)
k=0

(=—M A

Kn—1

1 2
1 * 1 * 1
= Z E ( /0 Bearau(X )b (X))o <Xs>dws)]
= L

1KN 1
= Nn2 / Z Btg,M,u(Xrl,(s))bg(Xé(s))G*z(Xsl)ds].
M

Since for all z € R, bi?(z) < Co(1 + 22), 0*%(z) < 072 and Supyepo,1] E (|X¢|?) < oo, there exists
a constant C' > 0 depending on the upper bound o7 of the diffusion coefficient such that

Kn—1

Z E [Vg(B&M’u)] S W
l=—M

We finally deduce from Equations and that for all h € Sk,

. . , . Kx + M)log®(N .
E[j3 - 2}|nNh€§ngM||h—02|ri+c\/( v IDOE ) g e -] ()

It remains to obtain an upper bound of the term (2 — k). Notice that for @ > 0, 2 and y € R,

2 —27Xf <72+ 2
X a ay .

Then, for all h € Sk, v and a > 0,

|
—

n

N
n 2\~ . 2 . a
(62— 1) < 26 = 0?2y 2 - 0?2y 1 S (RL)
Jj=1k=0

b
I
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We set a = 4 and from Equation we deduce that,

N
~2 422 . %212 (Kn + M)log*(N) 4
B 07— 0l <3, cdnt o "“CV W Tk

E [(RiA)2] <3 (E [(Rﬁﬂ +E [(R@i)g] +E [(Rﬁﬂ)

where for all j € [1, N] and k € [0,n — 1], R}, A,Ri’i and Ri’g are given in Equations and (39).
There exist constants C,Co, C3 > 0 such that

9 (k+1)A , 2 (k+1)A ,
e[ ) o ]
.2 (k+1)A (k+1)A .
B|(RE) | <qs [, (GeDa—sPas [ B[} (X)) ds < o
kA kA
o] 4 (kDA GV ’
E|(RR)| < o5E A/m L8| X7 = x| ds /m ot (XD)AW, | | < CsA%.

We deduce from Equation that there exists a constant C' > 0 depending on o] and M such that,

Ky log?(N
NOg( )+A2

EA2_*22 <3 inf h—o*22 1+ C
HO- o Hn,N— hG‘%EN,MH o ||n+ Nn n

This is the announced result. O

Proof of Theorem [3.4. Let A > 0 and i € ), we have that

~ 2 1 2
Elibi—bi n:| = [n (szA —b XkA))]
k=0
1 n—1 9
= [nZ(szA ) = bi( XW) ]1{|XM|SA}]
k=0
1 n—1 = 9
+E | =37 (Bi(Xka) = b (Xea)) n{XkA|>A}]. (47)
k=0

We bound each term of the r.h.s. of the above inequality. From Lemma and Cauchy-Schwarz
Inequality, under Assumption we have for the second term of ,

n—1
12 . 2
E |- > <bz‘(XkA) = b; (Xm)> ]l{XkA>A}] < Cy/exp (-CA?). (48)
k=0
For the first term of , we observe that
n—1 A n—1
1 2 N o2 f1
Bl (Bi(Xka) = b (Xka)) n{XkAlgA}mN] - /_A (Bile) — b (@) (n ;p(m,x)) dz
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From Lemma [7.4] we then deduce that

n—1
1t . 2
E|-> (bi(XkA) —b; (Xm)) ]1{|Xm<A}\DN]

k=0

n—1
1 ~ . 2
< 01602A2]EX|Y:i [n Z (bi(XkA) —b; (Xm)> ]l{XkA|§A}|DN]
k=0

2
b*

% .
n,i

From the above key equation, Equation , Equation , and Theorem 3.3 we deduce, for A >0

E [ i] <C (exp (C2A?) (bg(]\iwl)l/s + exp(—CgAz)) .

Besides from Theorem [3.3] we also have

i o)) < ()

2 ~
S 01602"4 bi —

b; — b}

N
Therefore, applying Theorem with bpax = log(N)%/2, 052 = log(N), and A = (log(N))'/*, we get
the desired result. O

7.3 Proofs of Section 4

Proof of Proposition[{.2 . For all i € Y, let P, = P(.|]Y = i) and denote by Py the probability
measure under which the diffusion process X = (X;);>0 is solution of dX; = dW; where W is a

Brownian motion under Py. We deduce from the Girsanov’s Theorem (see e.g. |Jacod & Shiryaev
(2013), Chapter III) that

1

d]pl t t
VieY, vie0,1], i = exp (/ br(X,)dX, — 2/ b;r?(Xs)ds) :
0 0

where (]:g{)te[o,l] is the natural filtration of X. Then, for all 7,5 € ) such that ¢ # j,

d]P)Z t * * 1 ! * * ,]
e 1], Gl = e ( | =mxax - | (bﬂ—bﬁ(xs)ds) < Cexp (M) (49)

where the constant C' depends on Cp+ given in Assumption [£.1] and
.. t
Vi,jeYii#j M :/ (b7 — b})(Xs)dWs, t€0,1].
0
Recall that Z € [0,log®(V)] is a random variable measurable with respect to the natural filtration of

the diffusion process X = (X;)i<1. Then, for all i, € ) such that ¢ # j and for all @ > 0, using
Equation (49) we have

Exy=iZ] = Ex|y—; [Z;lg;]]:gc] < CEx|y—; [Z exp (MZ:JH
= CExjy—; [Z exp (Mt”) ]lMti,jga:| + CEx|y—; [Z exp (Mt”> ]lMti,j>a]

< Cexp(a) Ex)y—;[Z] + Clog™(N)Exy—; [exp (Mti’j) ]].Mti,j>a:| .
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Using the Cauchy-Schwarz inequality and Lemma 2.1 in |Van-de Geerl (1995), there exist constants
C > 0 and ¢ > 0 depending on Cp+ such that,

B [oxp (M) 1,00,,) < [P (047 > ) B [oxp (2157 — 2009, 2109), ) exp (2.0, 21

< Cexp(—a?/c) \/E [GXP <2MZ’j —2(M%, MZ]>t>}

where P (Mti’j > a) < exp(—a?/c) (Van-de Geer| (1995)) and exp (2 (M", Mi’j>t) < 00 a.s since the

drift functions are bounded. Moreover, since (M;”)y<; is a martingale and
B [oxp (M9, 2099),)] <,

according to the Novikov assumption, thus &(M®/) := {exp <2Mf7j -2 <Mi’j, M”)t)} o is a mar-
t

tingale with respect to the natural filtration FM of M% (see Le Gall (2013), Proposit_ion 5.8 and
Theorem 5.9). We deduce that for all ¢ € [0, 1],

E [exp (2047 — 2 (M*, M), )| = E [E (£(M*),| )] = E [exp (2M57 — 2 (M9, M), )| = 1.
Thus, for all a > 0, we obtain E [exp (Mt”> ]lMti,j>ai| < Cexp(—a?/c). Finally, set a = y/clog(N), it
follows that for all ¢,j € ) such that ¢ = j, there exists a constant C' > 0 such that

log™ (V)

Exjy=i[Z] < Cexp ( clog(N)) Exy=;[Z]+C N

Proof of Theorem [{.5 . From Theorem and its assumptions, we have

1
pivN

For all i € ) we obtain from Proposition with a = 1/2 that there exist constants C1,c¢ > 0 such
that

K ~
bmaxo'o_2 Z Hb’b - b:””
=1

E[R(G) —R(g*)] < C (JZ + +E

+E [0525% - 02*||n]) .

log(N)

b — b
N

E |b; — b} ; b; — b}

< Crexp ( clog(N)) E

n7j

+C
K

n

K
L= 2NE
j=1

Then, from Theorem for A, = O(N~1) and Ky = (Nlog(N))'/5, there exist constants Cy, C3 > 0
such that

b — bt

4 1/5 4 1/5
Vi € y7 E 3 ' < 02 (hg(]v)) , and EH&Q 70_*2Hn < 03 <10g(m> .

N N

Finally, by , we deduce that there exist constants C,c > 0 such that

E[R@) ~ R(g")] < Cexp (veloa(N)) N1/
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Let us now turn to the proof of Theorem For fixed n and N; in N*, let us denote

12112 1
Qn N, = 1 < = .

heSk . ,m\{0}

As we can see, the empirical norms |[|h[|,,n; and ||h[|n; of any function h € Sk ar \ {0} are equivalent
on O N, Ky, - More precisely, on the set Q, v, k., for all h € Sk m \ {0}, we have

1 3
SIRIZ. < IRI2 , < SR
We have the following lemma.

Lemma 7.8. Let § > 1 be a real number and suppose that Ky, = O (log_5/2(Ni)Ni1/(25+1)> with
N; a.s large enough, and Ay, = Zg’%log(]\fi). Under Assumption the following holds:

Ky,
C 7
P (v, ) < o5
where ¢ > 0 is a constant.

Proof of Theorem [{.6. Note that throughout the proof we work conditional on the random variables
Ty,—, -+, Lyy=; and on the event {N; > 1}, so that N; can be viewed as a deterministic variable.
Then, to alleviate the notations, let use denote

Pi = P(.‘]lylzi, tee ,]lyN:Z‘) and El = E['|]1Y1:i7 e ,ﬂyN:Z‘].
For each class ¢ € Y, the drift function b] is the solution of the following regression model
Zin =0 (X]A) + A+ Ripn, €L, kel0,n—1]
where we recall that Z; is the set of indices j such that Y; = ¢, and

} oA ‘ ! 1 DA
SN =R N o (X)dW!, Ry, =

A ), GIED-HXiL)ds. (50)

We first focus on the error E; [ ?)\z — szﬁ

} for each label ¢ € ). Therefore, we consider the

n,N;
following decomposition:

- [ i Vs ”N] —h [ b= Vil ]lAi] o [ b = Ylnil|, v, ]IAQ] (51)
where
Ai=Qun, iy, and Aj=Qp N, k-

A~

*

Upper bound of E; [

N ﬂAi] . From the proof of Proposition 4.4 in Denis et al.| (2021)),
n,N;

Equation (D.5), we see that for all h € Sk, s and for all a,d > 0, we have on the event A; =, N, Ky
2 4
(1 ——— d) +d sup V2 () + aCA
“ {heSKNi,N17||h||n,i:1}

b — b < (14248 Hh b |
! ANiyi 7’L,N¢ - a d ANivi TL,NZ'
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where C' > 0 is a constant and where for all h € Sk,

n—1
() = 5 3 S hXL)Es (52)

jel; k=0

We set a = d = 8, and we obtain,

~1/2

Ky, —1 2 NG
For h € SKNi,Ma h=>3,""y; weBgnu and HhHm =w \I/KNiw equals to one here, then w = \IIKNZ- U

2

~

* *

]1AZ] < 7 inf

heSKNivM

2
+ 32E; sup V% (h)

n,N;
! {hESKNi,]Mu”h”n,izl}

+32CA.

where the vector u satisfies ||u||2 k' +a = 1. Finally, one obtains,

Ky, ~1 Ky, ~1 Ky, —1
— _ —1/2
h= > wBau= > w| > |w }M Byt |- (53)
=M =M O=—M
For all h € Sk, such that [|h[,; =1, using Equation and (53), gives
Kni=l | Nino1Kwil 2
R B SR o) o Sl 7 I R A
(=—M Y j=1k=00=—M ’
Cauchy-Schwarz inequality together with [|u||2 = 1, produce
Ky, —1 | N Ky, —1 2
2 -1/2 L L
A< D | e 2 (], Beann(Xia)E
(=—M YU j=1k=00=—M ’
Finally we obtain,
Ky, —1 Ky, —1 2
E; sup VA(h)| < N i |3 Z Z {‘I’KN, } ., Be (X )Eka
hESKNi,Mylthn,izl ? n f=——M k=00=—M il

Kn.—1,_1 [Kn.—1 2

1 1 -1/2 i i )2
= FEZ ﬁ Z Z Z [\PK]\Q}E/EBE’,M,U(X]ZIA) (&?A)

According to Equation and considering the natural filtration (-Ft)tzo of the Brownian motion, for
all k € [0,n — 1], we have E; <521A|]:kA) =0 and

(k+1)A

2
N2 1 . .
E; [(fffA) \ka] = EE o*? <X,’€1A) E (/kA U*(X;1)> | Fra < Ui )
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By definition of the Gram matrix ¥ , we deduce that

) Kn,~1p_ 1 [Kn,—1 2
9 o] 1 —1/2 1,
E; sup vi(h)| < 7 E; |— Z Z [\I’KN’ } / Ber mu(Xgh)
hESKNi,Mauh”n,i:l v ™ v k= \v=——m LA
*2 Ky, —1
01 -1/2 -1/2
<R ] v (]
- NZ v Z KNi o0 KNl- o e KNi o0
00 =— M
o} -1

=B (Tr (\I!KNZ_\I/KNi)) .

Besides,
-1

Tr (V3h Wiy, ) = K, + M.

Thus, finally, there exists a constant C; > 0 depending on o] and M such that
Ky,
E; sup v2(h)| < o=

hESKNZ,,M,Hth,z:l Ni

Thus, there exists a constant C' > 0 such that,
B 5—or ° anl<7 it |howi | 4o (E%ia (54)
; ; — ; A in — - — .
' ! AN n,N; Al = h€Sk . .M AN, n,i N;

~

*

!

since for IV large enough, using , we have,

2
Upper bound of E [ N 1 A’] . Using the Cauchy-Schwarz inequality, we have
n, N *

2

~

N ]1A2:| S CO 10g2(NZ)]P>’L <Q$717Ni7KN2->

n

2 ~
2Bl 200, 1% < 443 1og(N:) < Cologh (M)

T *
bi —bay i

where Cp > 0 is a constant. Using Lemma [7.8] we have

c Ky,
Pi(AD) = Pi (5 x k) S e (55)

7

Then, from Equation , there exists a constant C' > 0 such that

E; [ bi — by iN HA;] < ClOgQ(Nz‘)Ij\],?- (56)
Upper bound of E; [ E)\Z — b*ANivi i,NZ} . From Equations , and , there exists a constant
C > 0 such that
> % 2 . N 2 log?(N;) K,
i [ = bANi’i n,Nz] = 7h€SIII(IJ£i,M h= bANi’i n,g +¢ <ANZZ * A) ' (57)
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~ 2
Upper bound of E; [ bi = by, 4 ] Using Equation , we have
i n,g
- 2 ~ 2 7 ~ 2
E; [ bi =y i m] =E; [ bi =y i ni] ” 2E; [ bi =y i nN}
~ 2
s [ b Vs nN]
~ 2 7 ~ 2
< Eq||1bi = bay, ni] ” 2E; ||1bi =y i N,
2 log?(N;) Ky,
+7 inf by, +c<°g(M+A>.
hESKNZ-v]VI 7, N’L
From the proof of Theorem we deduce that
O 2 ~ 2 5
EZ' |: bi_bAN.,i :| —2Ei |: bi_bANv,i :| SCIOg (Nz)KNl/Nz
1 Ing v ln, NG

with C' > 0 a constant depending on pg = Inl)I]lp;k Besides, since b € X(3, R), we have
1€

An, ) 26

byl < 0 (2

hESKNi M

where C' > 0 is a constant (see Denis et al.| (2021]), Lemma D.2). Then it comes that

2 AN- 26 KN- logS(Nl)
. < 2 T
E: | g —C<<KNZ.) + SN A

where C' > 0 is a constant depending on 3, A = O(1/N). Since

~

KN,L- -0 (long/Q(Ni)Nil/(Qﬁ'f‘l)) ’

we obtain
28 2B

’ < Clogb?(N;)N, 2P+ 65 BPLED!
S g (Ni)N; < Clog”(N)N, .
n,i

T *
bi — by i i

!

Using the Jensen’s inequality,

N 2 6 ~ 55T 6 Iy;>1 %
E []lNi>1 bi — by i } < Clog™(N)E |1n>1N; 77| < Clog” (N) (E N :
Using again Lemma 4.1 from |Gyorfi et al| (2006), we obtain
9 1 28
~ . 28+1 _ 28
E [nml bi — iy } < Clog%(N) (E HV”D < Clog% (N)N =771
]
Proof of Theorem [{.7 . For all i € ), recall that b% ;= bi1_a, a, - Furthermore, set
Ny :=min N;, then Apy, :=minAy;,. (58)

icy €Y
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We have
E[R(g) —R(g)] =E[1 - R(g")) Lno<1] + E[(R(g) — R(g7))Lng>1] -
Then, from Proposition [7.6] we deduce that

K K
E[RG) -R() < Y BN <1 +2Y E[R(X) 7] Lygo1]

K
< 2KEN(1—p))V Tt +2) E[7(X) — 77 (X)| Lygs1]
=1

since g =1 on the event {Ng < 1}. For all i € J and on the event { Ny > 1},

[7(X) = m (O] < [Ri(X) = 770 (X)| + |70 (X) = 7 (X)| + 7 (X) = ()|

where 7_T;-4 0(X) = ( ANO) and F*Y = (FIANO : F’A >w1th

n—1
. _A * A *
Viey, F, = Z Vi, i(Xea) (Xk41)a — Xia) — ibAzNO,i(Xk‘A)'

k=0
Then, there exists a constant ¢ > 0 such that

E[R() — R(g*)] < Z(ZE(

+e(1 —PS)N/2+2ZE!7’T?(X) —m (X))
i=1

70 (X)) Lvgs1 ) + ZE(

() — 7 (X)) 1N0>1)>

From the proof of Theorem , there exists a constant C; > 0 depending on K, pj; and Cp+ and a
constant Cy > 0 depending on K such that

_ato(x )‘ <C (\r+ZE []1N0>1

b; — bANm

ZE\%;*(X) — m(X)| < CoVA.

Thus, we have

E[R(g) —R(g")] = 2C4 (\ﬁ + ZE [1N0>1 by — by D +2CVA + (1 — pp)N/?
+2KZE[ B0 (X) = F(X)| a1 -
For all i € Y,
_ Ay _ (k+1)A
E [ F0(X) —Fz‘(X)‘ﬂNo>1 i (Xea) X, a5 A, /m b (Xs)ds| Lyt

A
EZ []1N0>1b XkA)]l‘XkA|>AN0:|

Z (Xka)Ing>11 1 x, 01> an, (Wik+1)a — Wia)| -
k=
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Under Assumption [4.1] we easily obtain that

n—1 (k+1)A
E|Y b (Xea)Ings11 x, 45y, /m b; (X;)ds| < Cp. s1[1p]IP>({N0 > 13 N{[Xe| > Ao }),
P telo,1

and
2

A n—1 . C i
3 DB (k) s o, | < = Sup PN > 131 {1%Xi] > A )
=0 )
For the last term, consider the natural filtration F; = o(W;, s < t) of the Brownian motion (W;)s>o.
For all k € [0,n — 1], Xya is measurable with respect to Fxa and W 1ya — Wia is independent of
FiA since the Brownian motion is an independently increasing process. Consequently, we obtain

n—1
B> 05 (Xka)Ings11 x5 Ax, (Wiksn)a — Wia)
k=0
<Cyp- st]}P’({No > 1N {1Xe| > AvDE | D [Wirna — Wal
tefo,1 -
<Cp* S}lp]P({No > 1} N {|Xt| > ANO})
tel0
since,

n—1
E D [Wiina — WkA|] <1
k=0

Finally, there exists a constant C' > 0 such that

BIR@) - Rlg") <€ | =+ 3 e [~ iy 13| + s P (30> 1, 101> )
i—1 j—1 n,J tel0,1]
(59)
From Proposition with o = 1, for all 4,j € ) such that i # j, we have
~ ~ . log(N
E [ b ,HW] < Cexp(y/clog(M)E [ Vi ,nW] TNl ()
n,j n,
Furthermore, for all i € ), we have
B [ t szO’i n,i ]1N0>1:| =k [ bAN i 1Ni>1:| i |: - bt‘NO’i n,i 1N0>1:|

gE[Z

A, >1] + 1167 [loo S?P}P({AN > [ Xi| > Ang} N {No > 1})
tel0,1

gE{?

i NG >1] + Cu sup Y P ({|Xi] > Ay} 0 {N; > 1}).
te(o, 1]#1

We deduce from Equations and that there exists a constant C' > 0 depending on Cy+, K and

po such that
]]-Ni>1:|)

+cexp( clog(N) sup Z]P’ (X, > An} N {N; > 1}).
te[0,1],=

*

bAN i

E[R(G) — R(g )]<C’<\/N+exp( clog(N )ZE[
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Under the Assumptions of the Proposition and according to Theorem [4.6] there exist two constants
C1,Cy > 0 such that Vi € ),

E[Z

and we deduce from Lemma with ¢ = 3/2, for all i € ), and for all t € [0, 1],

- b:kélNi,i ni ]lNi>1:| <y logSB(N)Niﬁ/@ﬁJrl)

PAIXi] > An} 0 {No > 1}) = E[P({|Xs| > An; } 0 {N; > 1}[Ty;=i, - -, Tyy=i)]

]1N7;>1 ex _A?VZ
Ay, P73

K
E[R(g) — R(g")] < C (exp (2 clog(N)> N-F/CHD L N "R

< CE

Thus, we obtain

A%
]lNi>1 eXp | — 3 .

where C' > 0 is a constant depending on 3, Ch+, K, p§. Finally, choosing Ay, = 26+1 log(N;) for each

i € Y leads to the attended result applying the Jensen’s inequality together with Lemma 4.1 in |Gy6rfi
et al| (2006). O

Proof of Theorem [{.9 . From Theorem as we assumed o*(.) = 1, the excess risk of g satisfies

K
}+Z]P’(Ni < 1)) (61)
=1

where the constant C' > 0 depends on b* = (b7, --- ,b}) and K. For each i € Y, we have

E[R(G) ~ R(g")] < <W+ —+ ZE |

P(N; <1) <2N(1 —pp)N~!

R R

Using the Cauchy-Schwarz inequality and Assumption there exists a constant C’ > 0 such that

= [l

Thus, for all i € ), we obtain

ng\/E[i

For each label i € Y,

An, ,
: [ ]lN >1] - (ﬂNi>l/ (bi - bf‘lm,i)Q (l’)fn,Y(m)d:n> + 2log”(N)

—bh
Z
Moo An. n

7

and

E[Z

]lN >1:| < C/\/ Sl[lp]P({’Xt’ > ANz} N {Nz > 1})
te|0,1

b; — b}

2
— bjlei’i n]lNi>1] + C’\/tzl[(l)pl]P({’Xt’ > An, N {N; > 1}). (62)
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where
1n—l
n = — kA, x).
(e} i= - S v (k)

From the proof of Lemma [£.5] under Assumption 2.1} there exist constants Cj,Cy > 0 such that on
the event {N; > 1},

Vi€ [—An . A1, foy(z) > _ i > _242 ) .
v € [=An, An], fay (@) 2 log(N) P ( 3(1 —log Y(N)) ) ~ log(N) P\ Ty ) @8

and from Lemma there exists another constant Cy > 0 such that f,, y () < Cj for all x € R. Then
we have

. fny(z) _ Co 2 9
Vi € Ve € [—An., An], =—=——2<L < —log(N A% | .
? y7 x [ N;» Nz]’ fn,i(l') > 02 Og( )exp 3 N
Then, for all i € ), we obtain
E[5 b P iyo <E |1 /A”' (5= t1,,.)" @) sy 2222 | 21eE (V)
) AN, i . N;>1 | > N;>1 Ay, ) AN, nyi fn,z($) n
~ 21og?(N)

C 2
< 62 log(N) exp (314?\,) E [

2
bi - szi’i ni]]'N7;>1:| +

n

From Theorem (4.6 Equation and for n o< N, there exists a constant Cs > 0 such that

E|

Using the Markov inequality, for all ¢ € [0, 1], we have

b — b}

2 _ 28
]lNi>1} < Cg\/exp <3A?\,> logfP (NN 251 + \/ S?p]IP)({|Xt| > An, } NA{N; > 1}).
n tel0,1

P({|Xe| > An,} N {N; > 1}) =E [P ({exp(4]X[*) > exp(4A43,)} N {Ni > 1}[Lyi—i, -+ Tyy—i)]
<E [exp(4|X,[*)] E [exp(—44F, )Ly, 1]

and since 0*(.) = 1 and under Assumption , there exists a constant C; > 0 such that E [exp(4|X¢|?)] <
C, (according to Gobet, (2002)), Proposition 1.1). Thus, there exists a constant C' > 0 such that

E|

From Equations and , we finally obtain

b — b}

1
§ 1Ni>1} <C (exp <3A§V> log#+ L (NYN P/ <25+1>> + CE [exp(—4A3,)1n,51] . (63)

E[R(G) — R(g")] < Clog® T (N)N—38/4@5+D)

with Ay, = 4(%111) log(N;) and C' > 1 a new constant. O
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Appendix

Proof of Lemma [71] Let s,t € [0,1] with s < ¢, and ¢ > 1. By convexity of z + |z]??, we have

)

2q

t t
|Xt—XS|2q§22q_1</ by (Xu)du| + / o(X,)dW,
S S

Then, from Jensen’s inequality, we have

t 2q t
/ by (Xu)du| < (& — )% / 1B ()2 d,

Hence, under Assumption on function b3,, we deduce that

2q

t
E / b (X)du

< Oyt —5)% (1 +E

an ).
te[0,1]

and using Burkholder-Davis-Gundy inequality, we obtain

< / t a(Xu)qu>

From the above equalities, we get
Finally, as the process has finite moments, we obtain that

2m

t m
Ym >0, E < CnE [(/ JQ(Xu)du> ] < Cpod™(t — 5)™.

E|X; — X,|* < Ot — s5)1
where C' is a constant depending on ¢, Lg, and o7. ]

Proof of Lemma[{.5]. For all i € Y and on the event {N; > 1}, let us consider a vector
T_ppy e ,xKNi_1> e REMHTM guch that xj € [ujrn,uj+m+1) and Bjaru(zj) # 0. Since

[uj+M7uj+M+1) n [uj/+M7uj/+M+l) = () for all jvj/ € {_Ma"' 7KNi - 1} such that J # j,v then
for all j, 5" € {=M,---, Ky, — 1} such that j # j', B, ps,(u)(2;) = 0. Consequently, we obtain:

det ((BZ,M,u(wé’))_Mgg,gngN,_1) = det (diag <B—M,M,u(37M)7 s 7BKNi—1,M,u($KNi—1)))
Ky, —1

= H Bﬁ,M,u(xé) 7&0'
{=—M

Then, we deduce from |Comte & Genon-Catalot| (2020a)), Lemma 1 that the matrix ¥ Ky, is invert-
ible for all Ky, € Ky,, where the interval [-An,, An,| and the function fr is replaced by f, : z —
1 Srzo p(kA, x) with ([~ An;, An;] Nsupp(fn)) > 0, A being the Lebesgue measure.

For all w € REN:TM guch that ”w||2,KNi+M = 1, we have:

Kn,—1

’ 2 AN, 2 ha (20) .
w \I]KNiw = thHn = hw(x)fn(x>d$ + n with = E weBe M-
_ANi (=—M

Since o* = 1, according to Lemma [7.5] under Assumption the transition density satisfies:

1 (2q — 1):02) K, ( z? )
V(t,x) € (0, 1] xR, exp| ———— | <pt,x) < —Fexp|—=—] where K, >1 and ¢ > 1.
(o) € 13, e (<) <) < Do (< : ’
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We set ¢ = 3/2, thus, since s — exp (—(2q — 1)x2/2q3) is an increasing function, we have on the
event {N; > 1} and for all x € [-Ap,, An,],

n—1
1 202 n-1)Aa 212
>
Julz) 2 cn;exp< 3kA> 0/ exp( 3s ) ds

N 1 [l-27"log™' (Vi) < 2$2) p
> — exp| ——— | ds
¢ 1—log™1(V;) 3s

- 1 2A2Z
= 2CTlog(V;) P\ 31 —log (V) )

Finally, since there exists a constant C; > 0 such that ||h,,||* > ClANiK]Qil (see Denis et al.| (2021),
Lemma 2.6), for all w € REN:TM such that |wll2,kcy,+14 = 1, there exists constants C’,C' > 0 such
that,

C'Ap, 2A%; CAn. < 2
v G A z > z 2p )
RN 2 T Tog(Ny) p( 3(1—log (V) ] = Kn,log(N;) TP\ 37N

Furthermore, we set wg = €Ky, —1 € REN M where for all £ € [-M, Ky, — 1],

0 if (#£Ky, —1
[GKNZ.A} = 00Ky, —1 =
1 1 else.

We have,

An; Bk —1,M,u(0)
wo Wy, wo = /A B%Ni—l,M,u(x)fn(fU) + NT
Ay,

n—1 2
C 1 Uy —1
< . - . 2
= n Z: Via P ( SkA ) | Brex, 110

_ COANKR] Zl N, !
= N7 WETIN

2 1
_i_i
n

where anN, = ANi(KNi — 2)/KNi,

and Cy > 0 is a constant. Since the function s — exp (—a?vi/ 3s) /4/s is increasing, we deduce that

2
By, -1, M’“H < C1AN, Ky (see Denis et al| (2021), Lemma 2.6)

n—1 n—1
1

nt Z T exp (—a?vi/?)kA) <nt ; exp (—a?vi/ii),

k=1

and for N large enough,

- CAp, AX (Kn, —2\%) 1 _ CAn, A% Ky, —2\?
WO K Wo = g X | m g (T ) S T T e T T

k3

where C’ > 0 is a constant and n > N > N;,. O
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Proof of Lemma . Let us remind the reader of the Gram matrix ¥ Ky, given in Equation
forie Y,

1 ~
(]
where, on the event {N; > 1}, and denoting by Z; := {41,...,in,} the indices j such that Y; =i,
Bow (X§) o o Brya (X0)
Boar (X{pa) o oo Bry-1 (XPa)
Br, = : : e RNinx (Kn;+M) (64)
Bow (Xg%) o Bryr (X0)
7,']\71. : iNi
B (X0 0a) o o Bra (X00)a)

The empirical counterpart ¥ is the random matrix given by W Ky, of size (Kn, + M) x (Kn, + M) is
given by

N; n—1
~ 1 1 d i i
gy, = —NmB/KNiB o b Z > Bu(X\)Be (X)) : (65)
J=1 k=0 00 e[-M,Ky, 1]
We build an orthonormal basis 6 = (0_p, - -, HKNZ-_]-) of the subspace SKNin with respect to the L? in-
ner product (.,.) through the Gram-Schmidt orthogonalization of the spline basis (B_py, - - -, BKNZ-_l)'

Then, we have
Span(B_yr, -+, By, —1) = Span(0_ns, -+, 0k, —1) = Sk, .M

and the matrix given in Equation is factorized as follows
Bry, = Okry, Riy, (66)

where

L i i / .
®KN'L = <<HZ(XOJ),95(XAJ)7 ’eg(anA)> ) c RN—L X(KNZ,J,-M)
1<j<N;

~M<E<K N, —1

and Ry is an upper triangular matrix of size (K, + M) x (K, + M) see Leon et al.| (2013)). Let

@KNi be the Gram matrix under the orthonormal basis § = (6_M, 79KNZ~_1> and given by
1 , ~
(pKNi :E m KNieKNi :E((pKNZ>
where,
1 1 N; n—1
Pry, = Nin ,KN¢®KN1' “\ Nn patat 00(Xa)br (Xia) (67)
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The matrices Vg, and T Ky are respectively linked to the matrices ® Kn, and Kn, through the
following relations

_n/ ~ R
\I/KNi = RKN,L(I)KNiRKNZ- and \I/KNZ_ = RKNiCI)KNiRKNi
. Ky, —1
Since for all h =3, ™, " a;B; mu € Sky,,m one has
—_— b b 'L’

o~ /
A2, = ey and [, = a'Brcya, with o= (aas, an 1)
we deduce that
HhH%NZ = w'EI\DKNZ_w and ||h||3” = w’@KNiw, with w = RKNZ_a.

Under Assumption we follow the lines of |Comte & Genon-Catalot| (2020c) Proposition 2.3 and
Lemma 6.2. Then,

2 2 (P
s bl A = sup [ (Brey, — Py, ) ]
—1
€Sk, Ml weREN; M @}{/; w =1
% 2,KN,+J\/[
—-1/2 ~1/2
= sup ' P / (<I>KN _(DKN->(I)KN/ u’
T 7

Ky, +M
weR N |lul|o, Ky, +m=1

1

_ H@‘”%KN B2~ ldggy, +MH

Therefore,
Q5 N Koy, = {H(I)EVCQ(T)KM@%%Q - IdKNz'*MHop > 1/2} .

Then, we apply here Theorem 1 of |Cohen et al.| (2013), it yields

N
Pi (2w, Ky, ) < 2(Kn, + M)exp [ —ciy2 : (68)
(A P LK+ M)(125, Jlop V1)
with ¢/ = (3log(3/2) — 1)/2 and L(Kn, + M) := sup ZZ\EA_; 6?(z) (from application of

:DE[*ANWANJ
Lemma 6.2 from Comte & Genon-Catalot|(2020b)). For all h = ZZN_’; weby € Span (H_M, e ’QKN,L_1> =
Sk, M, we have

. . —1/2
||h||2 = ||wH§,KNi+M and Hthz,i =1 implies w = CI)KN/Z_ u where u € RFNHM HUHQ,KNZ-"FM =1

We deduce that

sup |h|]? = sup u’@;&v_u = HCI)I_(}v :
heSk, +m; IAII7 =1 UERKNi+M:||u||2,KNi+A1=1 ' thep
Furthermore, for all h = sz ang € Span (B My ,BKN__1> = Sky. .M, We have on one side
1 1
. ~1/2
||h||iZ =1 implies a = \IJKN/ u where u € RENHTM . =1
1
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and on the other side, for all h € Sk 4n such that Hh”?ZZ = 1, from Denis et al.| (2021) Lemma 2.6,
there exists a constant C' > 0 such that,

IAl? < CANE R a3y 4 = CANK R 0T .

Then we have a.s

CAp, CAp,
H(ﬁf_&’ = sup |h|? < Ni sup u’\Il[_(}Vu = AL \Il[_(}\l .
tOP heSky 4m, IRIIZ =1 K, UGRKNiJrM»\\“\\z,KN.JrM:l ' K, P
(69)
From Equations , and , there exists a constant C' > 0 such that
K, log®(N;)
Py (26 n, ky, ) < 2K, + M oM . 70
7 n,Nz,KNi — ( N; + )eXp < ANZE(KNZ + M) ( )
Kn,—1 p9 Kn,~1 9 )
Then, as L(Ky, + M) = sup > o,y 07(x) < sup)_,_",, 0/(x) a.s. and the functions 6,
Ie[_ANZ"AN,J zeR
bounded, there exists a constant Cy depending on the orthonormal basis 6 = (9_ My ,QKNi_l) such

that L(Kn, + M) < CyKy,. Furthermore, since Ay, < %ﬁl log(NV;), we obtain from Equation (70)),

Py (26 n, xcx, ) < 20K, + M) exp (~Clog2(N)) (71)
where C' > 0 is a new constant depending on Cy, 5 and M. Since N; — oo a.s. as N —» 0o, one has

exp (log(Ni) - Clog3/2(Ni)> — 0 a.s. as N — oo.

Then, for N large enough, exp <1og(Ni) — Clog3/2(Ni)) <1 a.s. and from Equation ,

Kn.

7

Q(KNz‘ + ) <e

Pz’ <Q$L7Ni7KNi> S Nz = Nz

where the constant ¢ > 0 depends on M. O
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