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We investigate the transportation inequality for bifurcating Markov chains which are a class of processes
indexed by a regular binary tree. Fitting well models like cell growth when each individual gives birth to ex-
actly two offsprings, we use transportation inequalities to provide useful concentration inequalities. We also
study deviation inequalities for the empirical means under relaxed assumptions on the Wasserstein contrac-
tion for the Markov kernels. Applications to bifurcating nonlinear autoregressive processes are considered
for point-wise estimates of the non-linear autoregressive function.
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1. Introduction

Roughly speaking, a bifurcating Markov chain (BMC) is a Markov chain indexed by a regular
binary tree. Introduced by Guyon [25] in application of the Escherichia coli cellular aging, this
class of processes is well adapted for the study of lineage data where individuals give birth
to exactly two descendants. Several models of BMC have been recently studied [13,18,25,27,
28] with a great interest in cell division topics. There is now an important literature covering
asymptotic results for BMC [4,7,13,14,16,25,26]. These limit theorems are particularly useful
when applied to the statistics of bifurcating processes, enabling to provide efficient test to assert if
the cell aging is different for the two offspring (see [26] for real case study). Of course, they may
be considered only in the “ergodic” case, that is, when the law of the random lineage chain has
an unique invariant measure. However, this could be unusable in practice since one is often faced
to study limited sized data. Thus, natural questions arise about the control of statistics outside
the limits. Such control could be reach with deviation inequalities (or concentration inequalities)
and have been recently the subject of many studies. We refer to the books of Ledoux [29] and
Massart [33] for nice introductions on the subject, developing both i.i.d. and dependent cases
with a wide variety of tools (Laplace controls, functional inequalities, Efron—Stein, ...). It was
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one of the goal of Bitseki et al. [7] to investigate deviation inequalities for additive functionals
of BMC. In their work, one of the main hypothesis is that the Markov chain associated to a
random lineage of the population is uniformly ergodic in a geometric point of view. It is clearly
a very strong assumption, nearly reducing interesting models to the compact case. The purpose
of this paper is to considerably weaken this hypothesis. More specifically, we obtain deviation
inequalities for BMC when the auxiliary Markov chain may satisfy some contraction properties
in Wasserstein distance and some (uniform) integrability properties. This will be done with the
help of transportation cost inequalities and direct Laplace controls. In order to present our results,
we may now define properly the model of BMC and transportation inequalities.

1.1. Bifurcating Markov chains

First, we introduce some useful notations. Let T be a regular binary tree in which each vertex is
seen as a positive integer different from 0. For n € N, let

n
Gun={2".2"+1,...27"" -1}, T, =G,
k=0

denote respectively the nth column and the first (n + 1) columns of the tree. The whole tree is
thus defined by

o0
T=]JG.
n=0

Reversely, any vertex n belongs to the column G,, with r, = [log, n|, where x| denotes the
integer part of the real number x. A vertex n represents an individual as well as the ancestor of
the individuals 2n and 2n + 1. Ones who belong to 2N (resp. 2N + 1) will be called of type 0
(resp. type 1). The initial individual will be denoted 1 (see Figure 1).

For each individual n, we associate a random variable X,, defined on a probability space
(2, F,P) which takes values in a metric space (E,d) endowed with its Borel o-algebra
€. We assume that each pair of random variables (X»2,, X2,41) depends of the past values
{X,m € T,,} only through X,,. In order to describe this dependance, let us introduce the fol-
lowing notion.

Definition 1.1 (T-transition probability, see [25]). We call T-transition probability any mapping
P:E x £ — [0, 1] such that:

e P(-, A) is measurable for all A € &2,
e P(x,-) is a probability measure on (E?, 52)f0r allx € E.

In particular, for all x,y,z € E, P(x,dy,dz) represents the probability that the quantities
associated to a children pair (from same mother) are in the neighbourhood of y and z given that
the quantity associated to their ancestor is x.
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Figure 1. A regular binary tree T.

For a T-transition probability P on E x &2, we denote by Py, P; the first and the second
marginal of P, thatis Py(x,A) = P(x,A x E), Pi(x,A) = P(x,E x A) for all x € E and
A € £. Then, Py (resp. P1) can be seen as the transition probability associated to individual of
type O (resp. type 1).

For N > 1, we denote by B(EN) (resp. By(E™N)), the set of all £¥-measurable (resp. £V-
measurable and bounded) mappings f : EV — R. For f € B(E?), we denote by Pf € B(E) the
function

x> Pf(x)= / f(x,v,2)P(x,dy,dz), when it is defined.
S2
We are now in position to give a precise definition for a BMC.

Definition 1.2 (BMC, see [25]). Let (X,,n € T) be a family of E-valued random variables
defined on a filtered probability space (2, F, (Fy,r € N),P). Let v be a probability on (E, &)
and P be a T-transition probability. We say that (X,,n € T) is a (F,)-bifurcating Markov chain
with initial distribution v and T-transition probability P if:

o X, is F,, -measurable for alln € T,
o L(X)) =,
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e forall r € N and for all family { f,,n € G,} C By(E?)

B[ T 410t Xan, Xaus)

neG,

fr} =[] Prxo).

neG,

In the following, when unprecise, the filtration implicitly used will be F, = o (X;,i € T,).

Remark 1.1. We may also consider BMC’s on a a degree tree (with @ > 2) without any additional
technicalities but heavy additional notations. In the same spirit, Markov chains of higher order
(such as BAR processes considered in [6]) could be handled by the same techniques. A nontrivial
extension would be the case of BMC on a Galton—Watson tree (see, for example, [5] under very
strong assumptions) but this will be considered in future works.

1.2. Transportation inequality

We recall that (E, d) is a metric space endowed with its Borel o-algebra £. Given p > 1, the
LP-Wasserstein distance between two probability measures p and v on E is defined by

1/p
Wi, =in( [ [ anen)

where the infimum is taken over all probability measures 7 on the product space E x E with
marginal distributions w and v, called coupling of (u, v). This infimum is finite as soon as p
and v have finite moments of order p. When d(x, y) = 1y, (the trivial measure), 2W{1 (u,v) =
Il — v|Tv, the total variation of u — v.

The Kullback information (or relative entropy) of v with respect to w is defined as

dv
log — dv, ifv<u,
Hlp) = / & a
+00, else.

Definition 1.3 (L?-transportation inequality). We say that the probability measure |1 satisfies
the LP-transportation inequality T, on (E,d), denoted jn € T,(C), if there is some constant
C > 0 such that for any probability measure v,

Wy (v, w) < 2CH (v|).

This transportation inequality has been introduced by Marton [30,31] as a tool for (Gaussian)
concentration measure property. Transportation inequality should be called transportation cost-
information inequality (as noted in Villani [35]), the transportation cost being the Wasserstein
distance and the information Kullback—Leibler information. One may change the information for
Fisher information to get other type of concentration result. The following result will be crucial
in the sequel. It gives a characterization of L'-transportation inequality in term of concentration
inequality. This is one of the main tool to get deviation inequalities (via Markov inequality).
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Theorem 1.4 ([9]). The measure | satisfies the Ll-transportation inequality T1(C) on (E,d)
with constant C > 0 if and only if for any Lipschitzian function F : (E,d) — R, F is u-
integrable and

22 )
/;Eexp()\(F—(F)M))d,ufexp 7C||F||Lip , Vi eR,

where (F)szEFd/L and

|F(x)— F(y)l
| FllLip = sup ST
x#y d(x,y)

In particular, we have the concentration inequality

t2
U(F —(F), <—t)VulF—(F),>t 5exp<——) vVt e R.
(F= 4Py = =)V i(F = (F)uz1) TP,

In this work, we will mainly focus on transportation cost inequality 77 where a considerable
literature already exists. As a flavor, let us first cite the characterization of 77 as a Gaussian
integrability property [17] (see also [20]).

Theorem 1.5 ([17]). u satisfies the L'-transportation inequality Ty (C) on (E,d) if and only if
there exists 5§ > 0 and xo € E such that

2
M(eﬁd (x,xo)) <00,
where the constant C can be made explicit.

There is also a large deviations characterization [22]. Recent striking results on transportation
inequalities have been obtained for 75, namely that they are equivalent to dimension free Gaus-
sian concentration [21], or to a restricted class of logarithmic Sobolev inequalities [24]. See also
[11] or [12] for practical application based on Lyapunov type criterion and we refer for example
to [23] or [35] for surveys on transportation inequality. One of it main aspect is the tensorization
property, that is, 1®" will satisfy some transportation measure if ;1 does (with dependence on
the dimension n). One important development was to consider such a property for dependent
sequences such as Markov chains. In [17], Djellout ef al. have generalized Marton’s [32] result
providing conditions under which the law of a homogeneous Markov chain (Yi)j<x<y on E N
satisfies the L -transportation inequality T, with respect to the metric

N 1/p
d, (x, y) = (Zd(xi, y»”) :

i=1

We will follow similar ideas here to establish the L”-transportation inequality for the law of a
BMC (X;)i<i<vnon E N This will allow us to obtain concentration inequalities under hypotheses
largely weaker than those of Bitseki et al. [7].
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Remark 1.2. There are natural generalizations of the T (C) inequality often denoted o — 77 (C)
inequality, where « is a nonnegative convex lower semi continuous function vanishing at 0. We
say that the probability measure p satisfies o — 77 (C) if for any probability measure v

(Wi (v, ) <2CHO/ ).

The usual 77(C) inequality is then the case where a(t) = 2. Gozlan [20] has generalized
Bobkov-Gétze’s Laplace transform control [9] and Djellout—Guillin-Wu [17] integrability cri-
terion to this setting enabling to recover sub or super Gaussian concentration. The results of the
following section can be generalized to this setting, however adding technical details and heavy
notations. Details will thus be left to the reader.

1.3. Objectives and plan of the paper
Our main goal is to furnish easy to verify, and less stringent than uniform ergodicity, conditions to
get transportation inequalities and particular concentration inequalities. Let us be more precise.

1. First, we will prove transportation cost inequality for the law P of the process up to gener-
ation n, that is, for every probability measure v

Wy (0. P) < \/2C(ITul. p) HOIP),

for some function C(n, p) with a “good behaviour” with respect to the dimension #n. From
this, we may deduce general deviation inequalities: for every 1-Lipschitzian functions F
(wrt.dp,)and >0

2

P(F(X1)i<r, — B(F(X)i<r,) > 1) < e X0,

This will be proved under a contraction assumption in Wasserstein distance of the Markov
kernel, and uniform Gaussian integrability property. It is the purpose of Section 2. To get a
good dimensional behaviour, the contraction has to be a strict contraction.

2. However transportation inequalities may for some example be too general as it leads to de-
viation inequalities for all Lipschitzian functions. For statistical purposes, it is more likely
to get a functional of interest empirical mean, for which one can hope to get an “averaging”
effect between marginal kernels Py and P;. We will prove in Section 3, that it is indeed
possible to relax slightly the contraction assumption on each kernel. This allows one kernel
to have expanding bounds (rather than strict contraction).

3. We finally apply these deviation inequalities in the nonparametric statistical problem of ker-
nel estimation of the leading function in (nonlinear) bifurcating autoregressive processes. It
is the subject of Section 4. It enables us to give nonasymptotic deviation inequalities (sharp
wrt the dimension) for these estimators.
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2. Transportation cost inequalities for bifurcating Markov
chains

Let (X;,i € T) be a BMC on E with T-probability transition P and initial measure v. For p > 1
and C > 0, we consider the following assumption that we shall call H,(C) in the sequel.

Assumption 2.1 (H,(C)). There exists q > 0 with the following statements:

(@) veTy(C);
(b) P(x,-,-) € T,(C) on (E*.d;,), Vx € E;

(©) WP (P(x. ), P(F. - ) < qd(x, %), ¥x, % € E.

Recall that Py and P; are the margin measures of P. It is important to remark that under
H,(C), condition (b) implies that Py and P also satisfies (uniformly) a transportation inequality.
Moreover, condition (c) implies that there exist positive constants gg and g; smaller than g such
that Py and P; fit the same condition. Furthermore, if P(x,dy,dz) = Py(x,dy)Pi(x,dz), we
have g < (g +q{)'/?.

As a proof for these comments, let us state the following proposition.

Proposition 2.2. Assume C > 0 and p > 1 two constants such that H,(C) is available with an
associated constant q > 0, then there exists qo and q1 in (0, q) such that for any b =0, 1:

(i) Pp(x,-)eTp(C)on (E,d),Vx € E;
(i) W[‘,’(P;,(x, 9, Pp(x,)) <qpd(x,X),Vx,x € E.

Furthermore, if P(x,dy,dz) = Py(x,dy) P (x,dz), then g < (g +q)"/?.

Proof. Assume 7 be any coupling of (P (x, -, ), P(x,-,-)) for x, x € E fixed:

f4d1p(y72)pdﬂ(dy,d1) 1=/4d(y0,20)p+d(y1,Z1)pﬂ(dyo,dy1,dzo,d21)
E E

= /zd(yo,zo)pﬂo(dyo,dzo)+/2d(y1,21)pﬂ1(dy1,d11),
E E

where 7o (dyo, dzo) = m(dyo, E, dzo, E) and w1(dy1,dz1) = n(E,dy1, E,dz1). Thus, 71 and
7y are both respectively, coupling of (Py(x, -), Po(X, -)) and (Py(x, -), Pi(X, -)). Firstly for b =
0, 1, if 7 is an optimal coupling, that is, 7 realizes the minimum overall possible couplings (see
[35] for existence):

d,

W' (P(x, ), PR, )" = /E2d(yb,zh)pﬂb(dyb,dzb)

2.1
> Wa(Py(x. ), Pp(E. )"

Thus, existence of gy, is proven.
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Again, if both mp and m; realize the minimums, then with 7 = w9 ® m; coupling for
(P()C, ) ')7 P(iv *y )) when P(-xa ) ) = PO(»d)’)Pl ('a dZ):

Wa(Po(x, ), Po(x, )" + Wa(Pi(x, ), Pi(E,))" = fE i, (v, ) T (dy, dz)

> W[tj]p (P(.X, ) ')s P(-;é’ Nl '))pv

and the last assertion of the Proposition 2.2 then follows from this inequality.

For the first statement, we focus on b = 0 since the same arguments hold for » = 1. Let denote
P (x, -|xp) the conditional probability measure according to the first coordinate from its coupling
P(x,-,-). Assume v be any probability measure on E and 7 (dxg,dx1) = v(dxo) P (x, dx1|x0)
a coupling of (v, Pl(x, -|x0)). Similarly to (2.1)

Wi (Py(x,),v) < W;’”’ (P(x,- ), m) < \/ZCH(n|P(x, ).

Now according to lemma 2.4 (below)
H{rl PG ) = HIPoG )+ [ HP o) PGt
E
Result comes naturally since H (u|n) = 0 whatever the probability measure p is. (|

Let us note thanks to the Holder inequality that H,(C) implies H;(C).

We do not suppose here that g, gg and g are strictly less than 1, and thus the two marginal
chains, as well as the bifurcating one, are not in principle strict contractions. We are thus consid-
ering here both “stable” and “unstable” cases, that is, the case where the two marginal Markov
chains with transition Py and P; are ergodic and the case where only one of them is ergodic.
We deduce now the following result for the law of the whole trajectory on the binary tree. In
the sequel, the symbol “x<” will denote equality up to a multiplicative constant which does not
depend on the size of the sample.

Theorem 2.3. Let n € N and let P be the law of (X;)icT, and denote N = |T,|. We assume
Hy,(C) for1 < p<2and C >0.Then P € T,(Cy) where

N2/p—1
C—a l.fq < 1’
(1—q)?
2\ y2/pt .
Cyx 14 Cexp 2—; N , ifg=1,
exp(q — 1)rPN\?/P
C(N+1)<7p(rqp_1) > . ifg>1

Before the proof of this result, let us make the following notations.
Let x be any Polish space and denote M (x) the space of probability measures on x. We
assume now E separable meaning that whatever N € N*, EV is also a Polish space. For any
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element x € EN and 1 <i < N, we denote x’ := (xq,...,x;). Let (Xi1,...,Xn) € EN be a
random vector with joint distribution u € M (E Ny,
Similarly we denote:

e forl <i <N, ,u'thelawofX" ' '
eforl<j<i<N, u ; the conditional law of (X;, X;_1,...,X;11) given X/ =x/ with

0

the convention ,uxo = ', where x¥ = x is some fixed point.

In particular, if p is the law of a BMC with T-probability transition P, then u2’+1 P(xi,-,-).
For the convenience of the readers, we recall the formula of additivity of entropy (see, for exam-
ple, [35], Lemma 22.8).

Lemma 2.4. Let N € N, let xi1,..., x§y be Polish spaces and P, Q € M(x) where x =
[T, xi. Then
N

H@P =Y [ #(Q, 1P ).

i=1"X
We can now prove the theorem.

Proof of the Theorem 2.3. Let ¢ > 0 and Q € M (E"). Assume that H(Q|P) < oo (trivial
otherwise). The idea is to conditionally study each generation by pairs w.r.t the previous G,_;.
Conditionally to their ancestors, every pair of offsprings of an individual is independent of the
others from the same generation. Let i be a member of generation G, and define for a real-
ization x on the tree T; (x) := (x1, ..., x|T;). By the definition of the Wasserstein distance, there

is a coupling 7r2’+1 | it Of (QZ’J’1 2H'l) such that
Ai = /(d()’zuxzi)p +d(2ig1, X2i41)7) dn;éit}’x%—l
l
< (L+ )W, (5. Pall)”

< (4 o)Wy (QH PEH) + Wy

(P2!+1 P2l+l)]

= A+ oW, (Q5F . PG ) + Wy (P(i ), PG )]
where the second inequality is obtained thanks to the triangle inequality for the W;f distance

and the equality is a consequence of the Markov property. By H,(C) and the convexity of the
function x — x”, we obtain, for a, b > 1 such that 1/a +1/b =1,

A < (1+8)(\/2CH; (y¥~1) + qd (i, x))"
< (1 +e&)(a? " (2CH; (y2=1))" + P~ gPa? (y;, x1)),

where H;(x) = H(Q2+1|p2i+ly,
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By recurrence on i, this entails that E[d(Y;, X;)P] < 4+oo for all i € {1,..., N} where
(Yi)1<i<n is distributed as Q. Taking the expected value under Q and summing on i, we ob-
tain

|Tn71‘ |Tn71‘ ‘Tn72|
Y EAl=A +e)<ap—‘(26)1’/2 > E[Hi(Yzi‘l)p/2]> + <b1’—1q” > E[A,-]).
i=0 i=1 i=0
Letting & goes to 0", we are led to
[Ty —1] N [Ty—2]
3R] <) (a7 @O)PPE[H; (YN PP) + (bf”ql’ 3 E[Al-]).
i=0 i=1 i=0
Now, in the same way as before, one can show that
|T,—2| N-1 [Th—3]
3 EAL < Y (@7 o) PE H; (Y P)) + (bl’—lqﬂ > E[A,-]>,
i=0 i=1 i=0
and more generally, for all k € {1, ..., n}, we have
[Tp—kl N—k+1 ITy—k—1l
ST Bl Y (aP'@o)PPE[H (r¥ 1)) + (b"—qu’ 3 JE[A,»]).
i=0 i=1 i=0
We set h; = aP~' (2C)?/?E[H; (Y ~1)?/2]. Then, using the previous inequalities, we obtain

ITiﬂ«:[,at Z (Zh ) (b""'q

i=0 i=N—n \j=1
N
z(z)

S ()’

0

Il
sz
Mz

Il
~.
I

2—p

where the second inequality was obtained using the fact that the quantities h; are non-negative
and the last inequality was obtained thanks to Holder inequality. By the definition of the Wasser-
stein distance, the additivity of entropy and using the concavity of the function x > x?/? for



p €1, 2], we obtain

2—p
2

=

N
Wy (Q,P)? < aP~! (2CH(QIP))"? (Z(

IIM

Transportation and concentration inequalities for bifurcating Markov chains 3223
N—-1

2
2-p
)4

<a? ' 2CHQIP)"PN'E S (b7 gP) .
j=0

When g < 1, we take b = g~ !, so that b’ ~!¢gP? =r < 1 and the desired result follows easily.

When g > 1, we take b =1 + 1/N and the results follow from simple analysis and this ends the

proof. (|

Remark 2.1. For g <1 and p = 1, the constant Cy increases linearly on the dimension N.
However, for p =2 this constant is independent of the dimension as in the i.i.d. case.

Remark 2.2. As we will see in the next section, still when g < 1, Theorems 2.3 and 1.4 applied
to F(X1,...,Xny)=(1/N) vazl f(X;), where f is a Lipschitzian function defined on E, gives
us deviation inequalities with a good order of N. But, without any averaging effect as for example
for F(X1,...,Xn) = f(Xn), deviation inequalities are not anymore efficient as a function of
N. The same remark holds when F(X1,..., Xy) = g(X,, Xon, Xon41) withn e {1,..., (N —
N[2])} and g a Lipschitzian function defined on E3. Since this last question is of great interest for
L'-transportation cost inequality of the BMC invariant measure, we give the following results.

Proposition 2.5. Under H|(C), foranyn € T and x € E
L(Xp|X1=x)€Ti(cn),

where

rp—1

2(k— 2
Cp =C Zqo( ak)qlak; a():O,
k=0

and forall k € {1, ...,r, — 1}, ax is the number of ancestor of type 1 of X, which are between
the ry, — k + 1th generation and the ryth generation.

Before the proof, we introduce some additional notations. Let n € T, we denote (b1, ..., b,,) €
{0, 1}’ the type representation of the unique path from 1 to n. More precisely, recall that each
individual belongs to type O or 1. Since T is a regular binary tree, one can find only one path
between two individuals where each individual within has a type b. The type representation for a
path is thus the types of the individuals within it. Note that we keep the chronological order, that
is, the ith type represents the ith individual in the path.
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Then, for all i € {1,...,r,}, b; is the ancestor’s type of n which is in the ith generation and
the quantities a; defined in the Proposition 2.5 are given by

I'n

= Y b

i=rp,—k+1

For all k € {1,...,r,}, we denote by P* and P~ the iterated of the transition probabilities
red Py and red P; defined V f € B(EP):

Pf:=Pyo---oPyf and P *f:=P, ,o0---0P, f.

Proof of the Proposition 2.5. First, note that since

/Sfdu—fsfdv,

Py fllLip <gnll fllLip Vb €{0,1}.

Wi, u)= sup
Ll fllLip=l

condition (c) of H{(C) implies that

Now let f be a Lipschitzian function defined on E. By (b)—(c) of H;(C) and Theorem 1.4 applied

to Pp,, (ef), we have
. ClfIE;
prn (ef) < Prn—1<exp(Pb,”f + T]“W)))

Once again, applying Theorem 1.4 on Py, _, o Pp, (e), we obtain

rn—1

2 2
Cllf iy N Cll Py, fllTip
2 2 '

Pn(ef) < P2 <exp(P‘f +

By iterating this method, we are led to

: IFIE
Pr)l (ef) S eXp( rn-'rlf + <1 _I_qb +qbrnqbrn . + . l_[qb ) Llp

Since
n—
2(k—ag) 2 _
1 +‘Ib, +qb,nqbr » 4t l_[qb — Z 5 ( ak)qlak and P Vn+1f — [)”nf7
i=2 k=0
we conclude the proof thanks to Theorem 1.4. ]

The next result is a consequence of the previous proposition.
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Corollary 2.6. Assume H,(C) and m := max{qo, q1} < 1. Then,Vx; € E
LXnX1=x1) €Ti(coo) and L((Xpn, Xon, Xons X1 =x1) € Ti (k).

where

C 14¢)?
Coo = 5 and ch=C(1+( +4) )

1 —m?

Proof. That £(X,|X; =x) € Ti(cxo) is a direct consequence of Proposition 2.5 bounding ¢gg
and g by m.

In order to deal with the ancestor-offspring case (X, X2,, X2n+1), we first focus on genera-
tions rp, and r,,. Let f: (E 3 dj,) — R be a Lipschitzian function. We have

|ff(x’Y»Z)P(xvdy,dZ)_ff(ivY»Z)P(f7dy,dZ)|
d(x, %) ’

IPfllLip = sup

x,XeE

Thanks to condition (c) of H1(C), we have the following inequalities
‘/ fx,y,29P(x,dy,dz) — f f(X,y,2)P(X,dy,dz)

< lLip(d e, ) + W (Px, ), P(E, )
< (g + DI fllipd (x, %),
and then

I1PfllLip = (g + DIIf lILip-
By definition, we have
E[exp(f (Xu, X2, X2u+1))] = P (Pe’).

Now, associating the latter remark and H(C), we use the same strategy as proof of Proposi-
tion 2.5 for the other generations, we are led to

E[exp(f (Xn. Xon, X2n41))]

ClfIE, CA+@)?NfIE, 2= .
Sexp(Pbl "'Pbr,, Pf+ 5 Lip + 5 Lip me )
i=0

Since Py, --- Py, Pf =E[f(Xn, X2, X2n+1)] and Z{":gl m? <1/(1 —m?), we obtain

™

E[exp(f (Xn, X2u, X2041)) ]| < exp(E[f (Xn, X2u, Xons1)] + ¢h)-

with ¢/, given in the corollary. We then conclude the proof thanks to Theorem 1.4. (I
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3. Concentration inequalities for bifurcating Markov chains

3.1. Direct applications of the Theorem 2.3

We will now focus our attention on concentration inequalities for additive functional applied to
BMC. Specifically, let N € N* and I be a subset of {1, ..., N} with cardinality ||. Let f be a
real function on E or E3 and set

— 1
Mi(f)= memi),
iel

where A; = X; if f is defined on E or A; = (X;, X2i, X2i41) if f is defined on E3.

In statistical applications, the cases N = |T,| and I =G,, (form € {0,...,n})or I =T, are
the more relevant ones (see, for example, [7]). First, we will establish concentration inequal-
ities when f is a real Lipschitzian function defined on E. Then, for p > 1, M; (f) is also a
Lipschitzian function on (EV, di,) and we have

131 (i = 11721 f ip-
The following result is a direct consequence of Theorem 2.3.

Proposition 3.1. Let n € N and let P be the law of (X;)1<i<n where we denote N = |T,|. Let
f be a real Lipschitzian function on (E, d). Then, under H,(C) for 1 < p <2,

PoM(f) e TP(CN|I|_2/p||f”124ip)’

where Cy is given in the Theorem 2.3 and P o Mi(f)~" is the push forward measure of P by
M (f). In particular, for all t > 0 we have

P(M;(f)(XN) < =t +E[M(H(XY)]) VP (H(XY) =t +E[M () (XY)])

- ( t2|1|2/1’ >
<exp| ———— ).
20N f Iz,

Proof. The first part is a direct consequence of Theorem 2.3 and Lemma 2.1 of [17]. The second
part is an application of Theorem 1.4. (]

For the next concentration inequality, we assume that f is a real Lipschitzian function defined
on (E 3, dy,), which means that

3
|f) = FO| < flLip Y dxinyi)  Vx,ye E>.

i=1
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We assume that N is an odd number. Let I be a subset of {1, ..., (N — 1)/2}. Now, we denote
by M;(f) the real function defined on EV

1

M(f)(xN) = 7 Zf(xi,X2i,X2i+1)-
iel
For all xV, yV € EN we have
M (HEN) =M (HOY)| < 17 ip Z(d(xz', yi) +d(x2i, y2i) + d(xX2i41, y2i41))

7]

iel

2||f||Lip N N
= [1|1/p dll’(x ).

The constant 2 comes from the fact that one can count at most 2 times the distance between a
pair (x;, y;) since we sum along triplets. Distance dj, comes from the convexity of x — x?.

This implies that M;(f) is a Lipschitzian function on (EV.d;,) and [[M;(f)llLip <
20 flluip/1 11 /P 'We then have the following result.

Proposition 3.2. Let n € N and let P be the law of (X;)1<i<n where we denote N = |T,|. Let
f be a real Lipschitzian function on (E3, dy,). Then, under H,(C) for 1 < p <2,

PoM; ()"t eT,2CnIII" I f11%,).

where C is given in the Theorem 2.3 and P o M ()" is the push forward measure of P by
M (f). In particular, for all t > 0 we have

P(M () (XN) <=t +E[M(H)(X)]) V(M ()(XN) = 1 + E[M () (xY)])
(it
< — .
=P\ aewi iz,

Proof. The proof is a direct consequence of Theorem 2.3, Lemma 2.1 of [17] and Theo-
rem 1.4. (]

In the case p =1, g < 1 and f Lipschitzian, the previous results applied to the empirical
means MG,, (f) and MTn (f) give us relevant concentration inequalities, that is with good or-
der size w.r.t cardinality subset. However, when g > 1, only a global effect is considered and
no compensation between the contraction of Py and P; comes into play. The goal of the next
subsection is to obtain relevant concentration inequalities for the empirical means MGn (f) and
Mo, (f) when g > 1 when one of the marginal Markov chain may be “unstable” but however
compensated by a strict contraction of the other one.
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3.2. Gauﬁan concentration inequalities for the empirical means MG,, f)
and M, (f)

Throughout this section, we will focus only in the case p = 1, and will assume H;(C). We set
s=qo+qi1.

The main goal of this subsection is to broaden the range of application of deviation inequal-
ities of MG,. (f) and M’]I‘,, (f) to cases where s > 1, namely when it is possible that one of the
two marginal Markov chains is not a strict contraction, that is, gg or ¢ < 1. The transporta-
tion inequality of Theorem 2.3 is a very powerful tool to get deviation inequalities for all Lips-
chitzian functions of the whole trajectory (up to generation n), and may thus concern for example
Lipschitzian function exclusively applied to offspring generated by Py or P;. Consequently, to
get “consistent” deviation inequalities, both marginal Markov chains have to be contractions in
Wasserstein distance.

However when dealing with ﬁ@n (f) or qu” (f), we may hope for an averaging effect, that
is, if one is not a contraction and the other one a strong contraction it may in a sense compensate.
Such averaging effect have been observed at the level of the LLN and CLT in [16,25] but only
asymptotically. Our purpose here will be then to show that such averaging effect will also affect
deviation inequalities.

We will use, directly inspired by Bobkov-Gétze’s Laplace transform control, what we call
Gaussian Concentration property: for k > 0, we will say that a random variable X satisfies
GC(k) if

E[exp(t(X — ]E[X]))] < exp(Kt2/2) vVt e R.

Using Markov’s inequality and optimization, this Gaussian concentration property immedi-
ately implies that

2
IF’(X —EX) > r) <e .
We may thus focus here only on the Gaussian concentration property (GC).

Proposition 3.3. Let f be a real Lipschitzian function on E and n € N. Assume that H;(C)
holds. Then Mg, (f) satisfies GC(y,) where

2C1f It (1 = (s2/2)m ! .
Yn= |Gn| < 1_52/2 >’ lfs;éﬁ’
) 2cnp12 (4 1)

‘T‘G%pl’ lf‘szﬁ

We recall that here s = qo + q1.

Remark 3.1. One can observe that for s < +/2, the previous inequalities are on the same order
of magnitude that the inequalities obtained thanks to Proposition 3.1 with ¢ < 1. For v/2 <5 <2
the above inequalities remain relevant since we just have a negligible loss with respect to |G,]|.
But for s > 2, these inequalities are not significant (see the same type of limitations at the CLT
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level in [16]) and reflects that the non-contracting Markov kernel entails a quite different and
explosive behaviour.

Proof. Let f be a real Lipschitzian function on E, n € N and t € R. We have

E[exp<zz—” > f(Xi)>]

ieGy,

=E|:exp<t2_" Z (P0+P1)f(Xi))

i€Gy_1

x E |:exp <t2_"

Thanks to the Markov property, we have
E[exp(fz_n D (fXa) + f(Xaig) = (Po+ Pl)f(Xi))>
iEGn—]

= [] Plexp(e2"(f @ f — (Po+ P)f)))(X0).

i€G,_

D (FXa) + f(Xaig)) — (Po+ Pl)f(Xi)))

i€Gy—1

Fo] |
Fa]

where f @ f is the function on E? defined by (f® f)(x,y) = f(x)+ f(y). We recall that from
H{(C) we have P(x, -, -) € T{(C) for all x € E. Now, thanks to Theorem 1.4, we have

(ﬂcnfeafniip)

[T Plexo(2(F@f =P+ P0f))X) < [] exo( —5 5

i€G,_y i€Gy-1

Since || f ® fllLip < 2|l f llLip, We are led to

22t22n—lc|| ”2i
E|:exp<t2" Z f(X,-)>i| < exp( > 22nf Lp)]E|:exp<t2" Z (Py+ Pl)f(Xi)>}

ieGy, i€G,_

Doing the same for E[exp(:27" ZieGn,l (Py + P1) f(X;))] with (Py + P1)f replacing f and
using the inequality

l(Po+ Py f @ (Po+ Pl)f”Lip <25 fllLip,
we are led to

E|:exp<t2” > f(X,-))] SEI:exp(tZ" > (P0—|—P1)2f(X,~))}

ieG, i€G,_»

22CIfIR,2 N (22CN S
X exp 2 % 22” exp 2 % 22” .
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Iterating this method and using the inequalities
| (Po+ PO f @ (Po+ PO fl <258 fllip  Vke{l....n—1),

we obtain

E|:exp<t2_” > f(Xl-)>]

ieGy,

222C|If I
Sexp( ZXzanmZ sk Elexp(127" (Po + P1)" f(X1))].

Since E[t27"(Py+ P)" f(X1)] =E[27™" ZieG” f(Xi)]=127"v(Py+ P1)" f, we obtain
E[exp(ﬂ_"<z F X = v(Po+ P1)”f>>]
ieGy

TM”"Z&Q”—" ‘)E[exp(tz "((Po+ P)" f(X1)) = v(Po+ P f)].

Thanks to H(C), we conclude that

E[exp(ﬂ"(z FX0 = v(Po+ Pl)"fm

ieGy,
222C|f13 &
p 2kAn—k—1
= exp( 2 x 22n Z 2"

and the results of the proposition follows from this last inequality. ]

For the ancestor-offspring triangle (X;, X2;, X»i+1), we have the following result which can
be seen as a consequence of the Proposition 3.3.

Corollary 3.4. Let f be a real Lipschitzian function on E 3 and n € N. Assume that Hy(C) holds.
Then Mg, (f) satisfies GC(y,) where

200+ f I, <1 — (s2/2)1+2
52|G,| 1—s2/2
2C(+ @)1 flIE;,(n +2)
[e ’

), if's /2,

/
Vn =

ifs:ﬁ.
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Proof. Let f be a real Lipschitzian function on E 3 neNandreR. We have

E[exp(tz_” Z f(Xi,XZi,X2i+l)>i|

ieGy,

:]E|:exp<t2—" Z Pf(Xi)>E|:exP<t2_” Z(f(Xi,Xzi,Xzi_H) - Pf(X,'))>‘]-",,i|i|.

ieG, ieG,

By the Markov property and thanks to the Proposition 2.3 and the Theorem 1.4, we have

PCIfIIE ;2"
E[ﬂxp(ﬂ" 3 (F(Xi. Xoi. Xaig1) — Pf(Xi))) ‘J—'} < exp<—LP),

2 x 221
ieGy,

Now, using P f instead of f in the proof of the Proposition 3.3 and using the fact that || Pf ||Lip <
I+ ) fllLip and

E[z_" > (X X, X2i+1)] =E[2_” > Pf(X,»)] =2""w(Py+ P)"Pf,

iEG,l iEGn

we are led to

E[exp(z‘z_”<2 S (Xi, Xoi, Xoi41) —v(Po + P1)"Pf))]
ieGy

42CA+@2NfIE I /s2\F
p
< —_— .
—eXp< 22 x n Z(2)

k=—1

The results then follows by easy calculations. (]
For the subtree T,,, we have the following result.

Proposition 3.5, Let f be a real Lipschitzian function on E and n € N. Assume that H;(C)
holds. Then M, (f) satisfies GC(t,) where

2C1 £, 1 — (s2/2)m+! _
<s—1>2|1rn|<1+ [—s7/2 ) s # V2 s #1,
_ ) 2curig _
=) o, & e DD ifs=+2,

2CIfIIE, n+1
———=2(IT,| - ifs = 1.
|p]rn|2 <| n| 2 >’ l_fS
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Proof. Let f be a real Lipschitzian function on £ and n € N. Note that

E[Z f(x,-)] = v(i(f’o + Pl)’"f).

ieT, m=0

<[oo(y 270

=E[exp<| I Z f(x l))e p(lTI Z (f+(Po+P1)f)(X,-)>
T ieT,_ -1

We have

XE[GXP<H§| Z (f(X2) + f(Xait1) — (Po+ P1) f(X; ))) n— 1]}
n ieG,_

As in the proof of Proposition 3.3, we have

E[CXP<|,J; | D (FXa) + f(Xaip1) - (P0+P1)f(Xi))> ]:nl:|
n ieG,_q

22Cr|| fIIf 2"
=\ Tome )

This leads us to

2¢e2) f||ilp2"—1)

t 2
elew(z; 27 o) | <en(—3p
> >)

X E[exp( T,
lETn 2

XCXP(H; | Z (f+(P0+P1)f)(Xi)>]-

lEGn 1

Iterating this method, we are led to

222CIf It

=l (i T, 2/ )] fexp( AT, P kzo(;; Z)zzn_k_l)
X]E|:exp<|T | Z(P0+P1)’”f(X1)>:|
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and we then obtain thanks to (a) of H{(C) and Theorem 1.4

)

22C| fI1% P
§exp( 3T |2LPZ<Z )2 —k— 1)

k=0 \I=0

n
k
E( s )“f”Lip-
Lip k=0

The results then easily follows. O

In the last inequality, we have used

n

> (Po+P)"f

m=0

For the ancestor-offspring triangle we have the following results which can be seen as a con-
sequence of the Proposition 3.5.

Corollary 3.6. Let f be a real Lipschitzian function on E 3 and n € N. Assume that Hy(C) holds.
Then M, (f) satisfies GC(t},) where

PCA+9>If I, 1 s2(1 — (s2/2)m+1) ,
[Tl (1+<s—1)2(1+ 1—s2/2 )) et
) 2PCca+a?I1IE, 1+s52(n+1) _
e T (1 G172 ) s="2
2Ca+9?IfIE, n+1 ,
T, 2 ('T"'_ 2 ) o=t

Proof. Let f be a real Lipschitzian function on E3 and n € N. By Holder inequality and using

the fact that
E[Z f(Ai)] =E[Z Pf(X,-)},

ieT, ieT,

cloem(Z o= Zreo)))]

ENETS
<[ ( <l§nPf(xi)—E[&Pﬂx»])ﬂ)l/{

we have
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We bound the first term of the right-hand side of the previous inequality by using the same
calculations as in the first iteration of the proof of Corollary 3.4. We then have

21 12 202C| F1I?,, 1Ty
(fen{ (g oo ")

i€eT,

For the second term, we use the proof of the Proposition 3.5 with Pf instead of f. We then have

(E[eXp< (;T; Pf(Xi)—IEL;% Pf(Xi)D)DI/Z

BR2CA+ 212, I\
p [ n—k—1
< exp( AT, P kg E st] 2 .

=0 \/=0

2t
[Tl

The results follows by easy analysis and this ends the proof. ]

3.3. Deviation inequalities towards the invariant measure of the randomly
drawn chain

All the previous results do not assume any “stability” of the Markov chain on the binary tree,
whereas for usual asymptotic theorem the convergence is towards mean of the function with re-
spect to the invariant probability measure of the random lineage chain. To reinforce this asymp-
totic result by nonasymptotic deviation inequality, it is thus fundamental to be able to replace for
example E(MT,, (f)) by some asymptotic quantity. This random lineage chain is a Markov chain
with transition kernel Q = (Py + P1)/2. We shall now suppose the existence of a probability
measure 7 such that 7 Q = 7. We will consider a slight modification of our main assumption
and as we are mainly interested in concentration inequalities, let us focus in the p = 1 case:

Assumption 3.7 (H{(C)). There exist q,q1,qo > 0, g0 + q1 < 2 such that:

(@) veTi(0);

(b) Py(x,) € T1(C),Vx € E,b=0,1;

(© W (P(,-.). P@.-.") <qd(x.%),Vx.% € E.

(©) WE(Py(x. ). Py(F. ")) < qpd (x. %), Vx.Z € E.b=0,1.

Remark 3.2. We have already remarked (see Proposition 2.2) that (c) implies (¢’) but we require
moreover that go + g1 < 2.

Under this assumption, using the convexity of Wy (see [35]), we easily see that

W0, ), OF, ") <

qo—;qld(x,fc), Vx, &
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ensuring the strict contraction of Q, and then the exponential convergence towards 7 in Wasser-
stein distance, namely (assuming that 7 has a first moment)

Wi (Q"(x, ). 7) < (qozﬂ) fd(x,y)n(dy).

Let us show that we may now control easily the distance between ]E(MT,I (f)) and w(f). Indeed,
we may first remark that

E( > f(Xk)) =v(Py+P)"f

keG,

so that assuming that f is 1-lipschitzian, and by the dual version of the Wasserstein distance

|E(Mr,(f)) —7(f)| = |T1 | Z( > (f&xo —Jﬂf)))‘
" j=1 \keG;
1 | & [P+ P

n

1 ‘ .
iwd J
< T > 2wl (vol. )

j=l1

1 < .
< E (q0 +q1)’
[T,
j=
1
q0 +q1 n .
<cp:i=
n .
CW, ifgo+q1=1

for some universal constant c. The sequence ¢, goes to 0 exponentially fast as soon as go+¢g1 < 2
which was assumed in H 1’ (C). We may then see that for » > ¢,

P(Mr,(f) —7(f) >r) <P(Mr,(f) — E(MT,(f)) >r —cs)

and one then applies the result of the previous subsection.

4. Application to nonlinear bifurcating autoregressive models

The setting will be here the case of the nonlinear bifurcating autoregressive models. It has been
considered as a particular realistic model to study cell aging [34], and the asymptotic behavior



3236 S.V. Bitseki Penda, M. Escobar-Bach and A. Guillin

of parametric estimators as well as nonparametric estimators has been considered in an impor-
tant series of work, see, for example, [1-4,6,14—-16,25,27,28] (and for example, in the random
coefficient setting in [13]).

We will then consider the following simplified model where £ = R and £(X|) = u¢ satis-
fies T7. We recursively define on the binary tree as before

{ Xok = fo(Xk) + ex;

4.1
Xok41 = f1(Xk) + €261,

with the following assumptions:
Assumption 4.1 (NL). fo and f1 are Lipschitz continuous functions.

Assumption 4.2 (No). (sr)k>1 are centered i.i.d.rv. and for all k > 0, g have law . and satisfy
for some positive constant Sg, [Le (e‘ssxz) < 00. Equivalently, p¢ satisfies T1(Cy).

It is then easy to deduce that under these two assumptions, we perfectly match the previous
framework. Denoting Py and Py as previously, we see that H| is verified, with the additional fact
that P = Py ® P;. We will do the proof for Py, being the same for P;. The conclusion follows
for P by conditional independence of X; and Xo41. Let us first prove that Py(x, -) satisfies 77.
Indeed Py(x, -) is the law of fy(x) + €2k, and we have thus to verify the Gaussian integrability
property of Theorem 1.5. To this end, consider xo = f(x), and choose §, of condition (No) to
verify the Gaussian integrability property. We have thus that Py satisfies T1(Cp).

We prove now the Wasserstein contraction property. Py(x, -) is of course the law of fo(x) + .
Here ¢ denotes a generic random variable and thus the law of Py(y, -) is the law of fo(y) + .
An upper bound of the Wasserstein distance between Py(x, -) and Py(y, -) can thus be obtained
using a proper coupling where we choose the same noise ¢ for the realization of the two marginal
laws. Let f be any Lipschitz function such that || f||Lip <1

'/Sf(z)Po(x,dz)—/Sf(z)Po(y,d@ =E[f(fox)+e1)— f(fo) +e1)]

< I flluip| fox) = fo»)|.

By the Monge—Kantorovitch duality expression of the Wasserstein distance (see, for example,
[35], Chapter 6), one has then

Wi(Po(x, ), Po(y, ) < | fox) = fo)| < Il follLiplx — yl.

Thus under (NL) and (No), our model fits the framework of the previous section with g =
I follLip + Il f1llLip» go = Il follLip and g1 = || f1llLip. We stress that Assumption 4.2 is valid in
particular for Gaussian and bounded random variables.

We will be interested here in the nonparametric estimation of the autoregression functions fj
and f1, and we will use Nadaraya—Watson kernel type estimator, as considered in [8]. Let K be
a kernel satisfying the following assumption.
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Assumption 4.3 (Ker). The function K is nonnegative, has compact support [—R, R], is Lips-
chitz continuous with constant || K ||Lip and such that f K(z)dz=1.

Let us also introduce as usual a bandwidth %, which will be taken to simplify as &, := |T, |~
for some 0 < « < 1. The Nadaraya—Watson estimators are then defined for x € R as

1 Xi—x
T,y ke, K () Xok
1 Xp—x
T,y ke, K (537)
1 Z K(kax)X
IT)l‘hn kETH hn 2k+1

1 Xi—x
ITu‘hn ZkeT’l K( hn )

Jon(x) :=

fin(x) =

Let us focus on fy, as it will be exactly the same for f] and fix x € R. We will be interested here
in deviation inequalities of ]/‘(\),n(x) with respect to fo(x). One has to face two problems. First,
it is an autonormalized estimator. It will be dealt with considering deviation inequalities for the
numerator and denominator separately before reunite them. Second, (x, y) — K(x)y is in fact
not Lipschitzian in general state space, so that the result of the previous section for deviation
inequalities for Lipschitzian function of ancestor-offspring may not be applied directly. Let us
tackle this problem. By definition

e Sker, KA fo(Xe) = fox) + e

1 Xi—x
|Tn‘hn ZkeTﬂ K( hn )

fon(x) = folx) =

N, + M,
D,
where
Xy —x
N, = k(= [fo(Xx) = fo(0)];
keT, "
Xk —Xx
M, = K( A >82k;
keT, "

Denote also N, = Ny, /(T |hn), My = My /(|Tulhn), Dy = Dy /(|Ty|hy). Let us remark that D,
and M,, completely enter the framework of Proposition 3.5. We may thus prove

Proposition 4.4. Let us assume that (NL), (No) and (K er) holds, and g = || follLip + Il f1 llLip <
V2. Let us also suppose that a < 1/4. Then for all r > 0 such that r > E(N,,) /E(Dy,,), there exists
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constants C, C', C" > 0 such that

B(| fon(x) = fo)| > r) = 2exp(=C(rE(Dy) — E(N)’ T 7)
S o ,
+Zexp<_(j’ (rE(Dn) E(an)) |Tn|hn).
14C"E

n;

Proof. Remark first that, by (Ker), K is Lipschitz continuous so that y — K (%) is also
Lipschitzian with constant || K||Lip/ /. The mapping

(y—x
H:y—> K
h

)(fo(y) - fo(x)),

n

as K has a compact support and fj is Lipschitzian, is also Lipschitzian with constant

RIK lILipll follLip + Il follLip | K [l oo -

Indeed, let y and z be two reals numbers. Since the support of K is [—R, R], we can assume that
|y — x| < Rh,, and |z — x| < Rh,. Now we have

‘K(yh_ x)(fo(y) — fo)) — K(Zh_x>(fo(z) — fo))

=<

)-*(55)

‘K(%)‘Ifo(y) — fo@] < I folluipI K lloely — 1.

y—X y—Xx
K( i >‘|fo(y)—f0(z)|+|fo(z)—f0(x)|‘K( ;

By the Lipschitzianity of fj, we have

Next, by the Lipschitzianity of f and K, and since |z — x| < Rh,, we have

y—Xx zZ—X
So(z) — fo(x) ‘K< )—K< )
| | hn hn
It therefore follows that H is a Lipschitzian function. We can then use Proposition 3.5 to get

deviation inequalities for D,,. For all positive r there exists a constant L (explicitly given through
Proposition 3.5), such that

< RIIK|Lipll follLip-

P(| Dy — E(Dy)| > r|Talhn) < 2exp(—Lr?|Tylhy/ I KIIE;,)-

For N, + M, we cannot directly apply Proposition 3.5 due to the successive dependence of Xy
at generation n and &y, of generation n — 1. But as we are interested in deviation inequalities, we
may split the deviation coming from each term. For N,, it is once again a simple application of
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Proposition 3.5,

7.2 2
P(|Nn = E(Na)| > r[Talhn) szexp< L% )

(RIK ILipll follLip + 1 follLip 1 K llee)?

Note that &5y is independent of X}, and centered so that E(M,,) = 0, and satisfies a transporta-
tion inequality. Note also that K is bounded. By simple conditioning argument (as in the proof
of Proposition 3.3), we may control the Laplace transform of M,, quite simply. We then have for
all positive r

T, |h2 | K ||%
P(IMy] > 1Ty lhy) < m@#M),

2Ce
However, we cannot use directly these estimations as the estimator is autonormalized. Instead
P(fon(®) = fox) > )
<P(N, + M, > rD,)
< P(Ny —E(Ny) = r(Dn — E(Dn)) + My > rE(D,) — E(Ny))
<P(Ny —E(Ny) = r(Dn — E(Dn)) > (rE(Dn) — E(Ny))/2)
+P(M, > (rE(D,) — E(N,))/2).
Remark now to conclude that K ((y — x)/h,)(f (y) — f(x)) + K((y — x)/ hy) is

(RUIK lILipll follip + Il follLipll K llo + 1K lILip/ i )-Lipschitzian,

and we may then proceed as before. O

Remark 4.1. In order to get fully practical deviation inequalities, let us remark that

n

= 2" 1o Q" H
T, 1 z‘; 1o Q n_)—+>oov(x),
m=

E[D,]

where H(y) = K((y — x)/hy), v(-) is the invariant density of the Markov chain associated to a
random lineage and

1

E[N,] = ——
T Ty lhy

n—-+00

n
> 2" (o Q™ (Hfo) — fo(x)noQ™ H) — 0.
m=0
We refer to [8] for quantitative versions of these limits.
Remark 4.2. Of course this nonparametric estimation is in some sense incomplete, as we would

have liked to consider a deviation inequality for sup, | ﬁ), 2 (x) — fo(x)|. The problem is somewhat
much more complicated here, as the estimator is self normalized. However, it is a crucial problem
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that we will consider in the near future. For some ideas which could be useful here, let us cite the
results of [10] for (uniform) deviation inequalities for estimators of density in the i.i.d. case, and
to [19] for control of the Wasserstein distance of the empirical measure of i.i.d.r.v. or of Markov
chains.

Remark 4.3 (Estimation of the T-transition probability). We assume that the process has as

initial law, the invariant probability v. We denote by f the density of (X1, X3, X3). For the
estimation of f, we propose the estimator f,, defined by

1 —X - X - X
K(x k)K(y 2k>K(Z 2k+1)‘
eT,

An estimator of the T-probability transition is then given by

ﬁ(xv)’,Z):

Falx, 9,2

n

P(x,y,2) =

For x, y, z € R, one can observe that the function G defined on R3 by

. X —u y—v zZ—w
G(u,v,w)-K( I )K( i )K( i ),

is Lipschitzian with |G |lLip < (| K ||<2>o | KllLip)/ hyn. We have

Falx,y,2) = f(x,7,2) LSy 900 - Dy)

ﬁ(x,va)—P(X,y,Z)= =
" D, v(x)D,

Now using the decomposition

F 3,2 = fG, 3,0 = (fax, v, 2) = E[ fux, 3, 2]) + E[ fnx, v, 2] = f(x, ¥, 2),

and the convergence of E[ﬁ(x, v,2)] to f(x,y,z), we obtain a deviation inequality for
|13n(x, v,2) — P(x,y, z)| similar to that obtained at the Proposition 4.4.

When the density g, of (2, £3) is known, another strategy for the estimation of the T-transition
probability is to observe that P(x, y, z) g:(y — fo(x) z— fi (x)) An estlmator of P(x,y,2)
is then given by P x,y,2) =8g:(y — fo n(x),z— f] n(x)) where fo,, and f] n are estimators
defined above. If g, is Lipschitzian, we have

| P, v, 2) = P(x, v, )| < llgellip (| fon () = foo)| + | fia(x) = fi

),

and the deviation inequalities for II/J\,L(x, v,z) — P(x, y, z)| are thus of the same order that those
given by the Proposition 4.4.
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