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Abstract

We are interested in the asymptotic analysis of the binary search tree (BST) under the
random permutation model. Two methods are mainly used: the first one is the embedding in
continuous time and the second one is the tilting probability method. Combining both gives a
commutative scheme between four models:

embedding
BST - Yule tree / fragmentation

\L tilting \; tilting
. embedding . . .
tilted BST .7 tilted Yule tree [/ tilted fragmentation

In this paper we focus on the upper embedding arrow and on the tilting arrows. We thus
get new results on the BST and also new proofs of known results. In particular, thanks to the
left tilting arrow, we give a conceptual proof (in the sense of Lyons, Pemantle, Peres) of the
asymptotic behavior of the profile.
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1 Introduction

1.1 The model of binary search trees

For a convenient definition of trees we are going to work with, let first define

U=>xu | J{0,1}"

n>1

as the set of finite words on the alphabet {0,1} (with "X as an empty word). For w and v in U,
denote by uv the concatenation of the word u with the word v (by convention we set, for any u € U,
u = u). If v # K we say that uv is a descendant of u and u is an ancestor of uv. Moreover u0
(resp. ul) is called left (resp. right) child of w.

A complete binary tree T is a finite subset of U such that

eT
if uv € T then u € T,
uleT < u0eT.
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The elements of T are called nodes , and "X is called the root ; |u|, the number of letters in w, is the
depth of u (with PX| = 0). Write BinTree for the set of complete binary trees.

A tree T' € BinTree can be described by giving the set 0T of its leaves, that is, the nodes that
are in T but with no descendants in 7. The nodes of T\OT are called internal nodes?.

We study binary search trees (BST), which are widely used to store totally ordered data (the
monograph of Mahmoud [28] gives an overview of the state of the art).

Let A be a totally ordered set of elements named keys and for n > 1, let (aq, ..., a,) be picked up
without replacement from A. The (labeled) binary search tree built from these data is a complete
binary tree in which each internal node is associated with a key belonging to (a1,...,a,) in the
following way:

The first key a; is assigned to the root. The next key as is assigned to the left child of the
root if it is smaller than aq, or it is assigned to the right child of the root if it is larger than a;.
We proceed further inserting key by key recursively. We get a labeled complete binary tree with n
internal nodes such that the keys of the left subtree of any given node u are smaller than the key
of u, and the keys of the right subtree are larger than the key of .

[]

Figure 1: BST built with the sequence of data 0.5, 0.8, 0.9, 0.3, 0.4 (empty squares are leaves).

To study the shape of these trees for large n, it is classical to introduce a random model.
One usually assumes that the data (x;);>1 successively inserted are i.i.d. random variables with a
continuous distribution F'. For every n > 1, the string x1, .., z, induces (a.s.) a permutation o,
such that x5, (1) < %5, (2) <+ < T, (n)- Since the z; are exchangeable, o, is uniformly distributed
on the set S,, of permutations of {1,..,n}. Since this claim is not sensitive to F' we will assume,
for the sake of simplicity that F' is the uniform distribution on [0, 1]. This is the so-called random
permutation model.

Again by exchangeability, o, is independent of the vector (74, (1), Zg,(2);--+sTa,(n)) and we
have

P(xn—i-l € (%o, (4): T, (7 + 1)) ’Un) = P(ajn—i-l € (%o, (4): o, (J + 1)))
= Plopu(G+)=n+1)=@n+1)"

for every j = 0,1,..,n, where (o) := 0 and x, (,+1) := 1. One can also express this property with

the help of the sequential ranks of the permutation: the random variables Ry = Z§:1 <oy, k> 1
are independent and Ry, is uniform on {1,...,k} (see for instance Mahmoud [28], section 2.3) , so
that P(Rp41 =37+ 1| Ry,..,Ry) = (n+1)7L.

1Some authors consider non complete binary trees, removing the third condition in the above definition. The
boundary is then the set of nodes that are not in 7" but whose predecessors are in T' ([6]). It can be seen as a set
of external (or available nodes). Here, we choose to work with complete trees, but this choice has no impact on the
results.



In term of binary search tree, this is translated by the fact that the insertion of the n + 1st key
in the tree with n internal nodes is uniform among its n 4 1 leaves.

In this model, the law of the sequence of the underlying (unlabelled) trees is a Markov chain
(7,,,n > 0) on BinTree defined by 7p = {4} and

Tny1 = T,U{Dy410,Dp 11},
P(Dpi1=u|T,) (n+1)7Y, wedT,, (1)

(Dp+1 is the random node where the n + 1-st key is inserted). It is a particular case (o = 1) of the
diffusion-limited aggregation (DLA) on a binary tree, where a constant « is given and the growing
of the tree is random with probability of insertion at a leaf u proportional to o~ 1* (Aldous-Shields
[1], Barlow-Pemantle-Perkins [6]).

To describe the evolution of the BST, two important random variables are the saturation level
h, and the height H,,:

hp, =min{|u| : v € 07,,} , H, = max{Ju|:u € 07,} (2)
which grow logarithmically (see for instance Devroye [14] )
I H,
a.s. lim =c =0.3733... lim =c=4.31107..., (3)
n—oo logn n—oo logn

where ¢ and ¢ are the two solutions of the equation 73(z) = 1 where

() :leog%—x—i-)\, x>0, (4)
is the Cramer transform of the Poisson distribution of parameter A. Function 79 has its minimum
at £ = 2. It corresponds to the rate of propagation of the insertion depth: 2£gn P

A more accurate information on 7, is provided by the whole profile
U(n) == #{u € 0Ty, [ul =k} , k>1, (5)

counting the number of leaves of 7, at each level. Notice that Ux(n) = 0 for & > H,, and for
k < h,. To get asymptotic results, it is rather natural to code the profile thanks to the so-called
polynomial level Y, Uy (n)2*, whose degree is H,,.

For 2 ¢ 17~ = {0,-1/2,—1,-3/2,--- } let

1 1
My (2) = —— U(n)zF = 2l ,n>0, 6
(2) Cn(z)kz>0 k(n) o) ug;% (6)
where
n—1
k+ 2z n [ —2z
G-I = (), nz1 k-1 )
k=0

and let F,) be the o-field generated by all the events {u € T;};<nucyu. Jabbour [13, 21] proved
that (M, (2), Fn))n is a martingale to which, for the sake of simplicity we refer from now as the
BST martingale. If z > 0, this positive martingale is a.s. convergent; the limit M (z) is positive
a.s. if z € (27, 27), with

z. = /2=0.186..., zI =c/2=2.155... (8)

Cc

and M (2) = 0 for 2z ¢ [z, 2] (Jabbour [21]). This martingale is also the main tool to prove
that the limit profile has a Gaussian shape (see Theorem 1 in [21]).



1.2 Embedding of BST in a continuous time model

The aim of the present paper is to revisit the study of this family of martingales, improving
results (in the critical case, on the uniformity of convergence), using either the embedding method
or the tilting probability method. It allows to get more complete results on the profile of BSTs.

The idea of embedding discrete models (such as urn models) in continuous time branching
processes goes back at least to Athreya-Karlin [4]. It is described for instance in Athreya and Ney
([5], section 9) and it has been recently revisited by Janson [22]. For the BST, various embeddings
are mentioned in Devroye [14], in particular those due to Pittel [32], and Biggins [10, 11]. Here, we
work with a variant of the Yule process, taking into account the tree (or “genealogical”) structure.

Let (ut)¢>0 be a Poisson point process taking values in U with intensity measure vy, the counting
measure on U. Let (T¢);>p be a BinTree valued process such that Ty = {Z} and T . jumps only
when u. jumps. Let ¢ be a jump time for u.; T, is obtained from T';_ in the following way:

if uy ¢ 0T keep Ty = Ty and if uy € 0Ty take Ty = T U {utO, utl}.

The counting process (N¢)¢>o defined by

N; := #0T, 9)

is the classical Yule (or binary fission) process (Athreya-Ney [5]). In the following, we refer to the
continuous-time tree process (T'¢)¢>0 as the Yule tree process.
We note 0 = 79 < 71 < 79 < ... the successive jump times (of TI.),

Tp =inf{t : Ny =n+1}. (10)
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Figure 2: Continuous time binary branching process.

1.3 Yule process and fragmentation process

This Yule tree process can also be seen as a fragmentation process. We may encode dyadic
open subintervals of [0, 1] with elements of U. We set Iyx = (0,1) and for u = ujug...ux € U,

k k
L= (Y w227+ 3 w2).
j=1 j=1

With this coding, the evolution corresponding to the previous process is a very simple example
of fragmentation process. This idea goes back to Aldous and Shields ([1] Section 7f and 7g).



In other words, for t > 0, F(t) is a finite family of intervals. At time 0, we have Fy = (0,1).
Identically independent exponential £(1) random variables? are associated with each intervals of
F(t). Each interval in F'(¢) splits into two parts (with same size) independently of each other after
an exponential time £(1).

Hence, one has F(0) = (0,1), F(m1) = ((0,1/2),(1/2,1)) where 71 ~ &(1), etc... One can
interpret the two fragments I,,0 and I,,; issued from I,, as the two children of I,,, one being the left
(resp. right) fragment I,y (resp. I,1), obtaining thus a tree structure. With this interpretation,
one observes that when n fragments are present, each of them will split first equally likely. An
interval with length 2% corresponds to a leaf at depth k in the corresponding tree structure.

N
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Figure 3: Fragmentation and its tree representation.

The following proposition allows to build on the same probability space, the Yule tree process
and the BST. This observation was also made in Aldous-Shields [1] section 1, (see also Kingman
[23] p.237 and Tavaré [35] p.164 in other contexts).

Lemma 1.1  a) The jump time intervals (T, — Th—1)n are independent and satisfy:

Tn — Tn—1 ~ &(n) for any n > 1. (11)
b) The processes (Tn)n>1 and (T—an)n>1 are independent.
¢) (embedding)
D

where 2 means equality in distribution.

Proof: a) and b) are direct consequences of the properties of Poisson processes: a) comes from
the definition of the intensity measure, and b) from the independence of jump chain and jump
times. c) is clear since the evolution rules of the two Markov chains are the same in both models.H

A first easy and useful consequence of a) is

E(e™07%)) = Cy(2) 7" (13)

2£()) is the exponential distribution of parameter X, U([0, 1]) is the uniform distribution on [0, 1], and Be(p) is
the Bernoulli distribution of parameter p.



If we consider only the size of the fragments, the Yule tree process can be seen as a particular
case of branching random walk in continuous time: individuals have an £(1) distributed lifetime,
and at their death, they produce children, whose relative positions are distributed according to a
point process Z. Individuals do not move during their lives. If we denote the set of individuals
alive at time ¢ by Z; and for u € Z; the position of individual u by X, then the classical family of
“additive” martingales, parameterized by 6 in IR (sometimes in €) and indexed by ¢ > 0 is given
by
m(t,0) = > exp(0X, — tL(0)),

ueZ
where L(0) = E [ €%*Z(dx) — 1 (see [36], [25], and [8] for the fragmentation).
Here, we have Z = 20_ 1552, Z; = 0Ty and X,, = —|u|log 2. For easier use, we set z = 2-% and
then consider the family of martingales
M(t,z) =Y 2llef0722), (14)
u€EZy

In particular M(¢,1/2) = 1 and M(t,1) = e ' N;. A classical result (see Athreya-Ney [5] or Devroye
[14] 5.4) says that

€= tli>nolo e 'N; ~E(1). (15)

Taking again the (very) particular case z = 1, we remark that since lim, 7, = oo a.s. (see
Lemma 1.1 a) ) we get from (15)

limne ™™ =¢ as.. (16)
n

The definitions of the martingales together with the embedding Lemma 1.1 ¢) give:
Proposition 1.2 (martingale connection) For z ¢ 17~
M(7y,2) = e C (2) M (2) (17)
where T, is independent of M, (z).

This connection allows us to transfer known results about the Yule martingales to BST martin-
gales, thus giving a very simple proof of known results (such that in Theorem 2.1 below) about the
BST martingale and also getting much more. In particular, in Theorem 2.4 2), we give the answer
to the question asked in [21], about critical values of z, with a straightforward argument.

1.4 Tiltings of the models

We introduce now (and develop in Section 3) the tilting or biasing method which allows us to
interpret the martingales as Radon-Nikodym derivatives. In order to do that, we need to “enlarge”
the probability space [8, 12, 26]. Roughly speaking it consists in marking at random a special “ray”
or branch of the tree, called spine, both in the discrete and in the continuous case. It allows to
deduce important properties of the population from the behavior of the spine.

For the fragmentation process (F(t)):>0 let us denote by F; the o-algebra of the interval frag-
mentation up to time ¢t and V' be a U([0,1]) r.v. independent of the filtration (F;),~,. Since
P(V € {k277,0 <k <27, € NJk € N}) = 0, we may define P-a.s. for every t a unique S(t) € U



such that I is an interval of F'(t) and V' € Ig(). In other words, S(t) is the element of U coding
the fragment containing V', its length is 2715®)I and

P(S(t) =u| F) =271 weom, (18)

(we choose a fragment at random with probability equals to its length, it is the classical size-biasing
setting). As a consequence of the general theory of homogeneous fragmentations (see Bertoin [7])
or by a direct computation, we see that (|S(¢)|,t > 0) is an homogeneous Poisson process with
parameter 1. In particular, if

E(t, 2) = (22)1SWt(1-22) o

then EE(t, ) = 1. Conditionally on Fy = F, V o(S(r),r < s), the restriction of the fragmentation
F(. + s) to the interval Ig(y) is distributed as a rescaling of F(.) by a factor 2-196) | which entails

that (£(t, z),]?t) is a martingale. By the size biasing scheme (18) and the definition (14) we get

>0
M(t,z) =E[E(t, z) | Fi]. (20)

Coming back to the discrete time, let F,) be the o-algebra generated by F(71),..., F'(7,) and let
us denote Spine,, := S(7,) and s, := |Spine,,|. Applying (18) at the (F;,t > 0) stopping time 7,,
we get for every leaf u € 97, (and k > 1) :

P(Spine, = u | F,)) =27 | P(s, =k | Fny) = Up(n)27 . (21)

Let f(o) be the trivial o-algebra, and for n > 1 let ]?(n) be the o-algebra obtained from F,) by
adjunction of S(11),...,S(7,). Let us consider &,(z) := E |E(1p, 2) | ]?(n)} (with &(z) :=1). From
(13) we have

En(z) = (22)%n Oy (2) L. (22)

From the martingale property of £(t,z) and the definition of £,(z) we see that (&,(2), A(n)) is a
martingale. Like in (20), we get easily

so that the martingales M (¢, z) and M,,(z) are obtained from the “exponential martingales” £(z,t)
and &,(z) by projection. All these martingales are precisely the main tool to tilt probabilities. In
particular we define P(3?) on (F;,t > 0) by

P =£(t,2) P, (24)
Fi Tt

which yields by projection on (F,t > 0)

2z
]P"(ﬁ) = M(t,z) P, . (25)
If 9P (resp. *P(??)) is the restriction of P (resp. P(?) to \/n]?(n), the discrete versions of the above
relations are

ap2) _ g (2) dmﬁ() ;P = M (2) P, - (26)

Fln) %)



The probabilities P(2%) that are given above will have a representation (or an interpretation) further
in the paper. In one word, one can say that under P(22) the evolution of the fragmentation (or the
the one of the Yule tree or BST tree) is biaised. The parameter z serves for a speed-tuner of the
spine (z > 1/2 corresponds to a speed up and z < 1/2 to a slow down).

Let us now explain the content of the paper. In Section 2, we explore the direct consequences of
embedding. First, we exhibit (on the same space of probability) a family of uniform r.v. attached
to the nodes of the tree. These random variables give, for every node u, the limiting proportion of
leaves issued from u among those issued from its parent. They are exactly the r.v. called “fictitious”
by Devroye in [14] p. 258 in its “backward” construction of a typical realization of 7,, for n fixed.
In a second part of Section 2, we study the convergence of the BST martingale M,,(z). For z > 0,
the embedding method allows to recover very quickly the behavior of the limit M. (z): positive
when 2z € (27,2}), zero when z ¢ [z, 2f]. In the critical case z = 2z the behavior was unknown.
We prove that My, (2F) = 0 a.s. and get the convergence of the derivative. We also give a strong
version of the “quicksort” equation.

In Section 3, we define the biased models (continuous time and discrete time). After enlarging
the space, we prove that the growing tree process can be decomposed into a spine evolution together
with the evolution of subtrees issued from nodes of the spine. We follow the way initiated by Lyons,
Pemantle, Peres ([26],]27]) and followed by many other authors ([3],[12],[6]). In this study, we use
several times the Chinese restaurant model of Dubins and Pitman ([31] p.58). In Section 4, we
explore the benefits of the tilting method. In a first part, we revisit the behavior of the martingales
M, (2), giving “conceptual” proofs. In a second part, thanks to this method, we are able to
describe the asymptotic behavior of the profile Uy (n) when k = 2zlogn + o(y/logn) in the whole
range z € (2., z}), providing large deviations results around k = 2logn. Previously, the result was

known only on a subdomain due to a L? method ([13]).

2 Some benefits of the embedding method

Let us begin with the study of some meaningful random variables arising as a.s limits and
playing an important role in the results of Subsection 2.2.

2.1 Uniform r.v. in the BST

For every u € U, let 7)) = inf{t : u € T} the time (a.s. finite) at which u appears in the tree,
and for ¢ > 0, let

T = {veV:uwe T, .}

the tree process growing from u. In particular we denote

N = gom™

For t > (") the number of leaves at time ¢ in the subtree issued from node w is ni“) =N t(iL)T(u).
The branching property and (15) give that a.s. for every u € U
lim e_tNt(u) =&, , lim e_tngu) =&, e , (27)
t—o00 t—o00

where &, is distributed as £ i.e. £(1). Moreover, if v and v are not in the same line of descent, the
r.v. &, and &, are independent. Since

i =n{™ +n{" and 70 =70, (28)



a small computation yields

n(u()) a.s £ 0 n(U1) a.s £ 1
t _@S., U(uO) — u ’ t .S. U(ul) =1 U(uO) — #’ (29)
ngu) £u0 + ful ngu) qu + ful
which allows to attach a ([0, 1]) r.v. to each node of U. In particular we set
U=y — %0 30
So+& (30)
so that
§=8ux=e"(o+&) , &=U&™ , &=(1-U)e™. (31)
If 40 and ul are brother nodes, we have U®) + U®0) = 1. We claim that if the finite set of
nodes v1, ..., v, does not contain any pair of brothers, the corresponding r.v. U®V, ... U®) are

independent. When none of the v; is an ancestor of another (“stopping line” property) it is a
consequence of the branching property. In the general case, it is sufficient to prove that U™ is
independent of (U @ v < u). To simplify the reading, let us give the details only for |u| = 2, for
instance u = 00. We have, from (28)

U0 — _ S0 U0 — (€00 + Eop)e "+
S0+ 6o (€00 + €01)e ™ 4 (€19 + &41)e TV

Actually, from the branching property, {yg and &y are independent of £19, 11, 7(00) +(0) +(10) (1),
Moreover since £y and &p; are independent and £(1) distributed, then £go /(€00 +&o01) and (oo +&o1)
are independent, which allows to conclude that U9 and U are independent.

Finally, multiplying along the line of the ancestors of a node u, we get the representation

(u)
o (v)
a.s. lim . _U]:[uU . (32)

Notice that relation (32) gives a strong (which means a.s.) version of the analogy between BST
and branching random walks, first given by Devroye [14].

2.2 Martingales

For both models a family of martingales plays an essential role: the discrete-time martingale
(6) in the BST, and the continuous time “additive martingale” (14) in the Yule tree. They are
closely related by the martingale connection of Proposition 1.2. Thus, the embedding method is
the key tool for proving and enlarging convergence results on the BST martingale (Theorem 2.4)
and its derivative (Theorem 2.5).

2.2.1 Known results

The following theorem gives a summary of the main properties of the BST martingale, proved
in [21] and [13].



Theorem 2.1 1) Forz € (0,00), the positive martingale M, (2) is a.s. convergent when n — oo
and the limit denoted Moo(2) satisfies

E(e—GMoo(z)) _ /1 E(e—szQZ’lMoo(z))E(e—ez(l—m)%’l/\/loo(z))dw; (33)
0

2) a) for z € (27, z1) there exists p > 1 such that the LP convergence holds, and
Moo(2) >0 a.s.,

b) for z ¢ [z, 2]
Moo(2) =0 a.s.

3) On every compact of {z € C: |z—1| < @} , My, (2) and all its z-derivative are a.s. uniformly
convergent as n — 00.

As a consequence of known results for the branching random walks ([8, 9, 36]), we have for the
additive martingale:

Theorem 2.2 1) For z € (27, zF), the positive martingale M(t, 2) is a.s. convergent when t — 0o

and the limit denoted by M (oo, z) satisfies
M (00, 2) = 2e172)7 (My(00, 2) + My(00,2))  a.s. (34)

where My(oo, z) and Mi(00, z) are independent, distributed as M (oo, z) and independent of 1.
2) a) For z € (27, z1) there exists p > 1 such that the LP convergence holds, and

M(oc0,2) >0 a.s..
b) For z € (0,00) \ (2., 2F), then M(c0,2) =0 a.s..
Notice that the zero limit at the critical points z, and z} is known in the continuous-time case

and not in the discrete-time case.

The derivative

M(t,2) = dile(t,z)

is a martingale which is no more positive. It is called the derivative martingale. Its behavior is
ruled by the following theorem.

Theorem 2.3 1) For z € (2, 2z

-, 21), the derivative martingale is convergent a.s. when n — oco.

2) a) For z = z_, the derivative martingale is convergent a.s. to a finite positive limit M’ (0o, z.)
and E(M'(c0,2;)) = +00.

b) For z = zI, the derivative martingale is convergent a.s. to a finite negative limit M'(co, z1)
and E(M'(c0, z})) = —o0.

10



2.2.2 New results

Theorem 2.4 1) For z € (0,00) we have a.s.
a) (limit martingale connection)

£2z—1
M (00, z) = 22 Moo (2), (35)
where £ ~ E(1) is defined in (15), and independent of Moo(%).
b)
Moo(2) = 2 (U " My (0)(2) + (1 = U)** "Moo (1)(2)) (36)

where U ~ U([0,1]) is defined in (29), Mu (0)(2), Moo (1)(2) are independent (and independent of
U) and distributed as Mo (2).
2) For z = zF, My (2) =0 a.s.

The results on the derivative martingales
, d
Mn(Z) = EMTL(Z)

are given in the following theorem, where ¥ the digamma function is defined by

e n—1
\IJ(:E)ZI;((:E)) zlign(logn—jz:%xij). (37)

Theorem 2.5 1) For z € [z, 2], M/, (2) converges a.s. and its limit M’_(z) is related to Moo (2)
and M’ (0, 2) by

2z—1
M'(00, 2) = % (Mlo(2) +2(log € — U(22)) Mao(2))  aus. (39)

where & ~ E(1) is defined in (15) and is independent of Moo(z) and M. _(z). Moreover M’ (z)
satisfies a.s.

Mi(z) = 2UPTIM ) (2) +2(1 = U)*IML (4(2)
+ 2z (UQZ_1 log U) MOQ(O)(Z) + 2z ((1 — U)2Z_1 log(1 — U)) Moo,(1)(2)
+ 2 "Moo (2) (39)
)

where U ~ U([0,1]) is defined in (29), and the r.v. M/ (0)(z) and M’ (1)(z) are independent (and
independent of U) and distributed as ML (z).

2) a) M. (27) >0 and M. (2F) <0 a.s.
b) B(Mi(27)) = —E(Mi () = +00
¢) For z = zF, M'_(z) satisfies the same equation as in Theorem 2.4 b)
M. (2) = z(UQZ_lMgQ(O) () + (1 - U)QZ_lng(l)(z)) a.s., (40)
where U, M’ ) (2), M (1)(2) are as above. Moreover

§2z—1 ,
= Taay M)

M’ (0, 2) (41)

11



An easy and remarkable consequence of Theorem 2.5 1) is obtained in the following corollary,
just taking z =1 in (38) and (39) (remember that M, (1) = 1). The distribution version (weaker)
of (43) below is the subject of a broad literature (see for instance Fill, Janson, Devroye, Neininger,
Rosler, Riischendorf [18, 19, 15, 29, 34, 33]) and some properties of the distribution of M’ (1)

remain unknown.
Corollary 2.6 We have
M'(00,1) = £ (ML, (1) +2(logé+v—1)) as., (42)
where 7y is the Euler constant, and ML (1) satisfies the a.s. version of the quicksort equation:
ML (1) =UM, (1) + (1 = U)M, 1)(1) +2Ulog U +2(1 = U)log(1 = U) + 1, (43)

where as above, M’ (0)( ) and M’ a )( ) are independent (and independent of U), distributed as
Ml (1) and U ~ ([0, 1)).

The following proposition gives an answer to a natural question asked in [13]: what is the
optimal domain in the complex plane where the BST martingale is L'—convergent and uniformly
convergent? Notice that for z € IR, the notations coincide with those of [21].

Theorem 2.7 Let
flz,q9) =1+ q(2Rz—1) —2|z|7.

Let Vy ={z: f(z,q) > 0} and V := Uj<q<2Vy.
Asn — oo, {M,(2)} converges, a.s. and in L', uniformly on every compact C of V.

2.2.3 Proofs

In this section we use several times the following lemma.

Lemma 2.8 For z ¢ 374~ we have

’I’L2Z_l
a) Cn(z) ~ T2’ (44)
: Tn(1—2%) £2Z_1
b) a.s. 11111116 Cn(z) = T2 (45)
/
c) a.s. lirrln [gzgz - 2Tn:| = 2[-V¥(2z2) +log¢]. (46)
Proof: a) Use Stirling formula.
b) By (44) and (16) we get lim,, e™(1722)p22 =1 = ¢22=1 55
c) Use
Ch(z) w2
Cn(z) 2:: Jj+2z’
(16) and (37). [ |

Proof of Theorem 2.4:



1) a) Since M(t,z) converges a.s. when ¢t — oo, and since lim, 7, = oo a.s. we have
lim, M (7,,2) = M(oc0,z). It remains to apply the martingale connection Proposition 1.2 and
Lemma 2.8.

b) For ¢ > 71 we have the decomposition

M(t, 2) = ze(1=2)m [M<0> (t—71,2) + MOt — 7, z)] (47)

where for i = 0,1
uea"ll“gi)

and T is defined in Section 2.1. Take t = 7, in (47), condition on the first split time 71, apply
the branching property, let n — oo and apply the limit martingale connection (35) to get

522—1 (1-22) Sz—l %z—l
F(2Z)M00(z) = ze <—F(22)MOO,(O)(Z) + T(22) Moo,(l)(z)> (48)

where &y and &; come from section 2.1, which yields b) with the help of (31).
2) The result for critical points comes directly from the limit martingale connection (35) and
the analogous known result in continuous time in Theorem 2.2 2) b). [ |

Proof of Theorem 2.5: 1) Taking derivatives in the martingale connection (Proposition 1.2)

gives
1 _ Ch(2) . Tn(1—22) T (1—22) /
M' (1, 2) = o) 21, | e Cr(z)Mp(z) +e Cr(z2)M;,(2). (49)
For z € [z, ,z1], let n — oo in (49). From Lemma 2.8 and known results in continuous time

(Theorem 2.3) , we get that M’(co) satisfies (38).
To prove (39), we differentiate (47) with respect to z

M'(t,z) = (27" = 2m) M(t, 2) + ze1 7227 [M(O)/(t — 1, 2) + MWt -7, Z)] ;

and we use the same technique as above: take t = 7, let n — oo, apply (38) and its analogs with
(MO MO MO €)1 instead of (M, M, M’ €), and use (31).

For z = zF, 2) a) and 2) b) are consequences of Theorem 2.3 2), since M (2F) = 0.

Formula (40) of 2) c) is straightforward from (39) since Mo (2F) = 0. Formula (41) is (38) for
z = zéc. u

Proof of Theorem 2.7: Uniform convergence of martingales in the continuous time BRW has
been studied by Biggins [9] Theorem 6. See also Bertoin-Rouault [8].

It is possible to give a proof of the uniform a.s. convergence of M,, directly from these papers.
Actually, for the uniform L' convergence, we will prove

lim sup Esup | M, (2) — Mn(2)] =0. (50)
N n>N  zeC

13



Since (sup,cc |[Mn(z) — Mn(2)|)n>n is a submartingale, this will imply also the a.s. uniform
convergence. From (13) and the martingale connection (Proposition 1.2), we have

Mi(2) = Mn(2) = E[M (10, 2) = M(7n, 2)| F(n)]

so that taking supremum and expectation we get

Esup | My,(z) — Mn(z)| <E <sup | M (Tp, 2) — M(TN,Z)]> .
zeC zeC

Taking again the supremum in n we get

sup Esup |Mn(z) - My ()| < Esup <sup|M<m,z>—M<m,z>|)
n>N zeC n>N \zeC

E sup <sup|M(T7 z) —M(TN,Z)]> . (51)
T>mn \zeC

IN

We have for any ¢ > 0

B s (sup [M(T,2) - M, 9)l) < Esup (supla1(:2) - M1, 2)
T>1rn \zeC T>t \zeC

T>mn \zeC
= I(0) + In(1) (52)

+ E ][TN<t sup <Sup|M(T72) _M(TNVZ)’)]

On the one hand, lim; I(t) = 0 by [8] Proposition 3. On the other hand, the Holder inequality
yields (for ¢ € (1,2) such that inf,cc f(z,q) > 0)

1/q
In(t) <2 (E <sup sup [ M (T, z>q>) (P(ry < )@V (53)
T>0zeC

For any fixed ¢, limy IP(7y < ¢) = 0 which allows to end the proof. [ |

3 Biased models and tilting probability

In this Section, we construct an enlarged probability space and we describe the tools (spine
evolution, Chinese restaurant) which will give the key arguments in the proof of Theorems 4.2 and
4.7 of Section 4.

3.1 Construction of biased trees

We call marked tree a tree with a distinguished leaf. More precisely let
MBinTree := {(T,u); T € BinTree,u € 9T'}.

If T = (T, u) is a marked tree, we say that u is the red leaf of T, that {v € T, v # u} is the set
of blue leaves of T', and that ancestors of u are red nodes, and other internal nodes are blue. We
denote by 0T the set of leaves of T with their colors.

14



Let z > 0 be a parameter. We define on U x {red,blue} x {0,1} a Poisson point process
Uy = (ug, cr, €;) with intensity measure

1 1
v ® {220req + Optue} ® {550 + 551}

and we denote by Q(zz) its law. Let us construct continuous time process (ﬁ‘t)tzo with values in
MBinTree which starts from B
TFO = (%7 %)a

such that TT. jumps only when . jumps. Let ¢t be a jump time for .; TNI‘t is obtained from TNI‘t_ in
the following way:
—if (Ut, Ct) ¢ 8"J~1“t, then ’ﬁ‘t = ,]’:V[,t_
—if (ug,¢p) € 8ﬁ‘t, then the new tree is Ty = Ty U {u40,u;1} and its colors are given by
e if ¢; = blue, the blue leaf u; becomes a blue node and two (new) blue leaves 0, u;1 appear.
e if ¢; = red, the red leaf u; becomes a red node, two new leaves appear: use; which is red
and u(1 — €;) which is blue.
One notes again the successive jump times (7, ),. Once again, (7, —7,—1),n > 1 are independent
and exponentially distributed, and

%n—%n_lNg(n—l—l—QZ).

It is clear by construction that the set of red nodes is a branch ; the red branch is called Spine
and Spine,, is the red leaf of T';, . Its length is s,, = |[Spine,,| .

In terms of the second construction of the Yule process, we have now two kinds of nodes (blue
and red). With each blue node w is associated a clock £(1), and at its death it gives two blue nodes
10 and ul. With each red node u is associated a clock £(2z) and at its death it gives two nodes a
red one u0 (resp. ul) and a blue one ul (resp. u0) with probability 1/2 (resp. 1/2). Ancestor is
assumed red.

We can also see this process as a branching process with immigration, as presented in [35] (see
also [31] chap. 10 and [17]). The spine is a Poisson process of rate 2z and at each jump time of this
process begins a new Poisson process of rate 1 independent of the spine process and independent
of all other Poisson processes already running.

One can again define a discrete time process

7, =T%,

containing all the tree structure (and the color) of rﬂ“ . The discrete evolution is as follows:
’T is a complete binary tree with 2n 4+ 1 nodes, n blue leaves and one red one. To construct Tn+1
we choose the red leaf with probability 2z/(n + 22) and each blue one with probability 1/(n + 2z).
— If the chosen leaf v is blue, 7,41 = 7y, U {(v1, blue), (v0, blue)}.
— If the leaf chosen v is red, we toss a fair coin. We put 7,41 = 7, U {(v1, blue), (v0,red)}, if
the coin is heads and 7,41 = 7y, U {(v0, blue), (v1,red)} if it is tails.

3.2 Tilted probability

We use the change of measure defined in (26) that we now recall:

2z)5n
d]P(2Z) _ ( d]P 4
Z0y  Cn(2) (54)




so that, in particular “PP() = 4IP. We often omit the superscript d for simplicity when no confusion
is possible. Proposition 3.1 below gives an intuitive interpretation of the change of probability done
in (26).

Proposition 3.1 The law of (771)” under Q%) is P32 It is called a biased BST and for sim-
plicity we denote by P := P2 the biased probability.

Proof: The dynamics we described above yields the following conditional probabilities.
For any blue leaf v, (v,blue) € 97, and

. ~ ~ 1
@(QZ)(SpinenH = Spine,,, 7,41 = 7, U (v0, blue) (v1, blue)|T,,) =
n+ 2z
For the red leaf, Spine,, = v and
Q®)(Spine,,, , = v0, 7,11 = T, U (v0, red)(v1, blue)|T,,) = 12
n+ ’ ’ ’ 2n 4+ 2z
similarly,
2 . = ~ ~ 1 2z
Q© )(SplnenH =vl, 741 = T, U (00, blue)(vl,red)|T,) = Im T 2s

Summing up, we have for any colored tree t~n+1 with n + 1 nodes that can be obtained from ’ZN}L by
one insertion

an+l_3n

CH(r —F T V="
Q ( n+1 tn+1| n) n+ 22 (55)
and . .
~ ~ ~ ]_ 2 n+1—Sn
Q(l)(Tn—H =tn11|Tn) = %
It is clear that Q%) /Q(1) = H;L:_& W = (22)50 Cp(2)~" = &,(2). Hence, dQ(%) is
absolutely continuous with respect to @), with the Radon-Nikodym derivative announced in (54)
(see Lemma 1 and 2 in Biggins [12] for a detailed proof in another context). |

3.3 Spine evolution

Thanks to the previous subsections, it appears that

n—1
=143 6 (56)
1

Lz

where (ej)r>1 are independent and for every k > 1, €, ~ Be(kin)' In particular,

n—1
2z
]E(Qz) n - 1
(5n) + 21: k+2z
n—1 n—1 2
2z 2z
(22) — _
Var™ (sn) kot 2z 21:<k+22> ' (57)
Asn — oo
E®)(s,) = 2zlogn—22¥(2z) + o(1)
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Var®) (s,) = 2zlogn — 22%(22) — 4220/ (22) + o(1). (58)
We can now apply known results on sums of independent r.v. or notice that s, — E(2z)(sn) is a
martingale, to get the following asymptotic behavior (see [30]).

Proposition 3.2 For any parameter z > 0,

1) (strong law)

o 2z, P _qs. (59)

1m logn

2) (law of the iterated logarithm) P3%)-q.s.

Sp — 2zlogn ) sp —2zlogn
=—1, limsup

lim inf = +1. (60)

2v/2z1log nlogloglogn 2v/2z1log nlogloglogn

sp — 2zlogn

V2zlogn

3) (central limit theorem) The distribution of under P??) converges to a standard

normal distribution N(0,1).
4) (local limit theorem)

linLn sgp ‘m P2 (s, = k) — exp ( — M)‘ =0 (61)

where pi, = E®?(s,) and V,, = Var®) (s,,).

5) (large deviations) The family of distributions of (s, n > 0) under IP??) satisfies the large
deviation principle on [0,00) with speed logn and rate function na, where the function ny is

defined in (4).
We give more details in Section 4.2.

To study the growing of the biased BST away from the spine, we need to recall the Chinese
restaurant model.

3.4 Chinese restaurant model (CRM)

Let & > 0 be a parameter. We recall here the Pitman (0,0) Chinese restaurant model (see
Pitman [31] p.58). An initially empty restaurant has an unlimited number of tables numbered
1,2,..., each capable of seating an unlimited number of customers. Customers 1,2,... arrive one by
one and are seated according to the following:

Person 1 sits at table 1. For n > 1 assume that n customers have already entered the restaurant,
and are seated in some arrangement, with at least one customer at each of the table j, for j from
1 to k, where k is the number of tables occupied by the n first customers to arrive. Let A;(n) the
number of customers on table j at time n. The n 4 1-st customer sits at table j with probability
Aj(n)/(n+0) for any j < k. With probability 6/(0 4+ n) , the n + 1-st customer sits on the new
table k£ + 1.

The sequence

A(n) = (A1(n), Az(n),...)
is a Markov chain which describes the evolution of the occupation of the Chinese restaurant, we
denote by CR its distribution.

Further we will take 6 = 2z. So, for z > 1/2 the creation of new tables is encouraged. This has
to be compared with the speed-tuner of the spine.
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3.5 Decomposition of the biased BST along the Spine

For every n, on 7,, there is a red branch. Each blue node and each blue leaf has some red
ancestors. We class the blue leaves of ’j; according to their highest red ancestors; in other words,
let wg,u1,...,us, be the set of red nodes (with ug ="K and for ¢ > 1, u; is the red child of u;_1).
We denote by

Si(n) = {ulu blue leaf of 7,,,u; highest red ancestor of u}.

See Figure 4.

S, us3 m redleave
® redinternal node
ug@& O blueinternal node
% Uy U blueleave
Ug
Figure 4: A marked tree and the different classes.
We denote by |S;(n)| = card S;(n) and
S(n) = ([So(n)],[S1(n)],...)
the sequence of classes sizes at time n. It satisfies
S(0) = (0,0,...), S(1)=(1,0,0,...),
and for any n,

+o0
S 1Si(n)] = .
1=0

Recall that s, is the height of the red leaf. At time n, the class S, is the “first empty class”.
(S(k))k>0 is a Markov chain whose transition at time n can be described as follows:
a) choose class j with probability |S;(n)|/(n + 2z) and set

1Si(n + 1| = |Si(n)] + 4

for i =0,1,... where ¢ is the Kronecker symbol.
b) choose the red leaf with probability 2z/(n + 2z) and set

[Si(n+ 1) = |Si(n)| fori < s,,
S, (n+1)] = 1,
Sni1 = Sp+1. (62)

Thus
Ai(n) @ |Si—1(n)| for any i > 1.

and we may assert

Proposition 3.3 Under P22 the Markov chain S(n),n > 0 is CR*) distributed.
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In [2] p.52, a Chinese restaurant is also considered for the BST, but associated with the insertion
node, which does not allow to keep track of the dynamics of the spine.

We now study some conditional evolutions. Let us denote by £; = inf{j|u; € ’f}} the birth
date of node u;; we have By = 0, and, for any [ > 1
B =inf {k | s = 1}.
It is clear that
[Si(n)| >0 <= n > Biy1.

Since at time (;41 there are one red leaf, a unique blue leaf on S;, and B;11 — 1 blue leaves on
others sub-trees, the evolution conditionally on ;1 is given by the following relations:

( 1Si(Biv1)] = 1, .
Si(Biy1 +1)] = 1+ b whereb, ~Be( -
15:(Bia 1) Lwhere o e(ﬂi+1+2z> (63)
. . Ck—1
(B = Cp— h ~B ;
|Si(Bix1 + k)| ck—1 + bi, where by, e<ﬁi+1—|—k—1+2z)

(conditionally on [S;(Bit+1+J)| =¢j,i=1,...,k—1).
In other words, we have the following proposition.

Proposition 3.4 Conditionally on f;11, the distribution of (|Si(Bi+1 + k)|, k > 0) under P22) is
the same as (A1 (k),k > 0) under CRZ*+fit1=1),

_ Another decomposition will be useful in the rest of the paper. We use the notation P for dp(22)
E for the corresponding expectation, with a superscript if we take a conditional one. We denote by

== {ﬂl,l S N}

(1]

Proposition 3.5 Under P , for i fized, the process (S;(n),n > Biy1) has the same distribution
as Tyy,(n), that is a (non-biased) BST with Wi(n) leaves where (W;(Biy1 + k), k > 0) is an inho-
mogeneous Markov chain on {1,2,...} with initial state W;(B;+1) = 1 and the following transition
rule:

o If Biy1+k €E, then Wi(ﬂi.g_l +k+ 1) = Wi(ﬂi-ﬁ-l + k)

o If Biv1+ K ¢ 2, then Wi(Bip1 + b+ 1) = Wi(Bigr + k) ~ Be(Wilrt)y

Notice that this evolution of W; does not give a contradiction with (63) since we are conditioning
with respect to = which is richer than o(8;4+1).

Proof: The fact that W;(n) is the distribution size of S;(n) is a consequence that at times (5 )k>i
a new class is created and so no new node arrives on S;. It remains to show that knowing W;(n),
Si(n) is distributed as BST with size W;(n). This comes from the growing rule of the subtree
under S;. Indeed, knowing that “a node arrives” in S5;, this node is inserted uniformly among the
leaves already present on S;, independently from the past. This growing rule is the same as in the
classical BST. |
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4 Benefits of tilting

We use the method of the tilted probability to revisit the problem of convergence of the family
M,,(2) (subsection 4.1) and the convergence of profile (subsection 4.2).

The method was initiated by R. Lyons ([26, 27] and developed in several papers involving
branching processes or their generalizations ([24, 3, 12, 8]. The main idea consists in changing
probability and studying under P the spine evolution and the subtrees issued from nodes of the
spine. It is a use to call this method “conceptual”.

4.1 Conceptual proof of convergence of (M, (z),n > 1)

For every z > 0, M,(z) is a positive (F(;),P) martingale and then converges P-a.s. to M (2).
The L' convergence is equivalent to | Mo (2)dP = 1.

The main argument to decide on this convergence lies on the following lemma. It comes from
a classical result of measure theory (the most frequently cited reference is [16] Th. 4.3.3, see also
(3, 12]).

Lemma 4.1 Fiz z > 0 and let M(z) = limsup,, M,,(z) (notice that M(z) = Muo(z) P-a.s.)
i) Mu(2)"tisa (f(n),ﬁ) martingale

i) [ Meoo(2)dP = 1 if and only if P(M(z) < 00) = 1. In that case the two measures P and P
are absolutely continuous on Fo) = VpF(n) with density Moo (z).

iii) Moo(2) = 0 P-a.s. if and only if P(M(z) = 00) = 1. In that case the two measures P and P
are are mutually singular on F().

Thanks to this dichotomy, we are now able to give alternative proofs of Theorem 2.1 and
Theorem 2.4 2). For an easier reading we summarize these results in the following theorem.

Theorem 4.2  a) If 2 ¢ [z, 2]] (subcritical case), then P-a.s. lim, M, (z) = 0.
b) If z = 2F (critical case), then P-a.s. lim, M, (z) = 0.
¢) If z € (27, 2F) (supercritical), then P-a.s. lim,, M, (z) > 0.

4.1.1 Subcritical and critical cases (proof of Theorem 4.2 a)b))

For any z > 0, we start from

M, (z) > 64
0> o (64)
and we consider the right hand side under P. From (59) and (44) we get
lim 27 log z — log Cn(2) =n(22) =1, P—as.
n logn
In the “subcritical case”, i.e. z & [z, 2], we have n2(22) > 1 (see (4)) and
lim - —c P—as (65)
e 8.



In the critical case, 72(2z) = 1, we use directly in (64) the law of iterated logarithm (60) instead
of the strong law (59). This yields in both cases M(z) = limsup,, M, (z) = 400, P- a.s. and by
Lemma (4.1) iii), Moo (z) =0, P- a.s.
4.1.2 Supercritical case (proof of Theorem 4.2 c) for z € (1/2,2}))

We will show that for z € (1/2, 21)

lim inf M,,(z) < 0o, P- a.s. . (66)

This is sufficient since by Lemma 4.1 i) M,,(z)~! is P-a.s. convergent. Its limit is nonzero according
to (66). It will imply that M, (z) converges P- a.s. and allows to conclude with Lemma (4.1)ii).
We stress that for technical reasons, we were able to reach this aim only for z € (1/2,2]).

Consider 0y, = 0(8;1,<p,? > 1) the o-algebra containing the birth date of the red nodes (before
time n). By Fatou’s lemma, (66) is a consequence of the following result.

Proposition 4.3 For z € (1/2,z7),

limsup E7* (M, (2)) < 400 P- a.s..

n

Proof: With the previous decomposition along the spine and by definition of S;(n), we may write

Sn—1
ORCICES S St
u€dTn 1=0 uweS;(n)
hence
Sn—1
Ea'n Z Z‘“' — ZSn + Z EUTL Z Z'“‘ .
u€dT, =0 uESl(n)

For every i < s, — 1, we have
Eon Z Slul — FonRE|Si(n)] Z Slul
u€eS;(n) u€eS;(n)

From Proposition 3.5
E:7|Si(n)| Z Z‘“' = ZZO|Si(n)|(Z)7

u€S;(n)
hence
sn—1
E Y Al =2+ Y 2RI Clgy ) (2) - (67)
u€dT, =0

The main problem is that, knowing o, |S;(n)| is difficult to handle. Since
k+— C(z) is decreasing for z < 1/2 and k — Cj(2) is non decreasing for z > 1/2, (68)

we introduce a new sequence of random variables that will bound |S;(n)| for the stochastic order.
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Recall that if X and Y are two random variables, we say X dominates Y for the stochastic
order if for any z € R, P(X > z) > P(Y > z). It implies that for any increasing function g we have
Eg(X) > Eg(Y). -

From Proposition 3.5, the law of |S;(n)| conditionally on P= is stochastically dominated by the
law of Aj(n — (B;4+1) under CR(ﬁi“), and a fortiori by the law of Aj(n).

Since z > 1/2, thanks to (68),

E7 (Cls,(n))(2)) < CRI#(Cy, ) (2)) - (69)
Following Barbour & al. [2] page 93 (equations (4.73), (4.74)),

ME=a) (1)
2B (k—a)!

CRW (A, (k) = a) =

where 2(") = 2(x+1) ... (x +n — 1) (this is sometimes called the Polya distribution). In the sequel
of this proof 2z = 6 so that #(") = C,,(z)n!. Finally, one obtains (denoting 3 = S;11)

Bln —1)! - 0@ gn—a)

B - AT ) -7
CR(Caym(2)) 5 az::l ol (n—a)
_ B(O+nH™
= = (W -1, (70)
where for the last display we applied Chu-Vandermonde’s formula :
> () = (k). ()
=0
From (67), (69) and (70) we get
o [u| s & iﬂi-‘rl (0 + ﬂz—i—l)(n)
E Z 2" <z +Zz - ﬁ(") . (72)

Dividing by C),(z) and setting

O+3) (n-1! TOTO+B+n)T(3+1)(n)

(B0 = g g T @+ BT @t )

equation (72) can be rewritten

Sn—1

+ > an(Bis1,0)7". (73)
=1

z5n

EUnMn(Z) < C’n(z)

7]
T
Since lim M

P NPy =1, one can find C(#) > 0 such that for every x > 1

1 I'(z) C(0)
C(0)x? = [(xz+6) = xf




which yields
0+ 3+n)?
an(B,0) < 0(9)2“9)W
For 8 < n and n > 6, this gives a,(3,0) < C'67Y, where C’ is a constant depending only on 6.
Since B;11 < n for i < s, — 1, this yields, coming back to the notation § = 2z

+o0o
~ an .
E7" M (2) < +CY (B) TR (74)
Cn(2) i=1
Since sg,_, <1 < sg,,, the strong law (59) gives
lim log fi = i P- a.s.
l l 2z

(recall that P = P(22), hence

lim ((ﬁi+1)1—2zzi)1/i — (m(22)-1)/22 1 P_ g4

(see (4)) and the series in the right hand side of (74) converges P-a.s..
For the same reasons, lim,, 2°2C,,(z)~! = 0, P-a.s. This ends the proof of Proposition 4.3 and
then the proof of Theorem 4.2. |

4.2 Convergence of profiles
4.2.1 Random measures and profiles

The profile of the tree 7, is the sequence
(Uk(n),k > 1) .

Jabbour in [21] introduced the random measure counting the heights of leaves in 7,

Tn = ZUk(n)ék = Z 5|u‘ .
k

u€dT,

Extreme points of the support of r,, are h, and H,,. We are interested in the asymptotic behavior
of r, and of its “local” contributions Ug(n),k > 1. It is related to the behavior of its intensity Er,
(which is a non-random measure). We may also look at the random measure counting the heights
of leaves in the Yule tree:

pr=_ O

u€edTy

As it is clear from (3) and as it appears below, the convenient scalings are (logn)~! for the BST
and ¢! for the Yule tree process.

Our purpose is, from the one hand to explore some direct links between p; as t — oo and r,, as
n — 00, and from the other hand, to give a conceptual proof of the convergence of profiles. A first
result concerns the intensity of these measures.

23



Proposition 4.4 a) For x > 2

tliggo% log E(pi(Jat,00) = 1—ma(x) (75)
nh_{lgo Tog log E(ry(Jzlogn,oof)) = 1—mna(z). (76)

b) For x < 2, replacing |xt,00[ (resp. |xzlogn,oo[) by |0, xt] (resp. 10,z logn[) the same results
hold.

Remark 4.5
—for z €], ¢[ , n2(x) < 1, so there are (in mean) about n'~2() leaves of height ~ zlogn. We call
this interval |¢/, ¢[ “supercritical area”.
— for x € [0, [U]e, 00[, m2(z) > 1, so there are (in mean) a very small number of leaves of height
~ xlogn. We call this set “subcritical area”.

We call the set {c,c} “critical area” .

Proof: Relation (75) is easy to obtain, noticing first that by size biasing, for any nonnegative
bounded function f,

/fummmw:Epﬂmﬂwan|fg

so that
p/ﬂwmwszp“mﬂwmﬂ

and then using large deviations for the Poisson process (|S(t)],t > 0).
For the BST, we have similarly

/ﬂ@mwmzﬁp%ﬂ%wfm]

so that

E/}uwumozEp%ﬂ%ﬂ,

and then (76) follows using large deviations for (s,) of Proposition 3.2.
Notice that the limit in (76) is related to (3) of [13]. [ |

In the supercritical area we have a.s. convergences:

Theorem 4.6 a) For z € (2,¢) a.s.

Jim — log pu(lat, o) = 1 () (77)

lim logr,(Jrlogn,oo]) = 1—mna(x) (78)

n—oo logn

b) For x € (¢,2) replacing |at,o0[ (resp. |xlogmn,oc[) by |0, xt[ (resp. |0,xlogn[) the same results
hold.
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A sharp (non logarithmic) version of relation (77) is proved in section 5 of [9] (see also Theorem
5 in [8]). Relation (78) is proved by Jabbour [21] in his Theorem 1 (in an equivalent variant for
vn = (n+1)71r, ), using Gartner-Ellis theorem. Let us explain shortly how (78) can be deduced
from (77) by embedding.

Taking t = 7, in (77) we have

as.  lim - log ps. (Jzm, 00]) = 1 — ma(2) (79)

n—oo Ty,

Now since limne™™ = £ (cf. (16)) we get

a.s. lim log 7 (|27, 00[) =1 — na(x). (80)

n—oo logn

Taking into account that for every 4 > 1 > v a.s. there exists ng such that for n > ng, v'zlogn <
Ty, < yxlogn, and using the monotonicity of a — 7, (]a, co[) we get the result.

Let us now consider sharp results for the profile. It is well known that
2k .
E(Uk(n)) = 551(1)
where ngk) is the Stirling number of the first kind, so from Hwang ([20]), we get, for any ¢ > 0 as

n — oo and k — oo such that r = k/logn </

(2logn)*

EUk(n) = m(l +o(1)), (81)

which yields easily

k
n1—772(m)

EUg(n) v~ —————— 82
k’( ) P(logn) ok ( )
(see also [13]).
At the level of random variables Jabbour et al. proved in [13] that P — a.s.
_ Ug(n)
1 = Mu(2), 83

for k = 2zlogn + o(logn) and z € [0.6, 1.4]. Since their approach laid on L? estimations, they
guessed that the range [0.6, 1.4] may be extended to I := (1272 1+271/2) = (0.293...,1.707...)
which is the maximal interval corresponding to a L? convergence of M,(z). In the following
subsection we extend the validity of the above result to the entire supercritical interval (z_,z)).
Our method consists in adapting the proof of the analogous result in the fragmentation model ([8]).
Its main interest is that the random limit M (z) appears naturally as the usual Radon-Nikodym
derivative dIP /dIP, so it is a “conceptual” proof in the Lyons sense ([26]). Although one can obtain
a sharper result adapting for instance the Biggins’ method ([9]), we prefere to use the conceptual
method to illustrate once more its strength.
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4.2.2 Main result
Theorem 4.7 For k = 2zlogn + o(y/logn) and z € (2. ,2F) then

Uk (n)

i gy =~ Me®)

holds in P-probability.

Proof: Let P:= P22 as defined in Section 3 especially by formulas (26).
We actually will prove that
5 Ug(n) _
im =
n My (2)E(Uk(n))
in L2(P), which will entail (83). Indeed, the variables Uy (n) and M,,(z) are F(o0)-measurable and

M, (2) converges P-a.s. to M (2). Since z is supercritical, the probabilities P and P are equivalent

(84)

on F() , and then E%':?Tz) will converge in P-probability to Mo (2).
To prove (84) we first remark that
= Uk(n) > < Uk(n) >
E =E|=——— | =1 85
(o) ~2 (&0 (%)
so that it is enough to prove that
. ~ Uy (n)? >
limsupE <1. 86
s (e < (%0

Using again the change of probability and the size-biasing, especially formula (21), we get

~ Ui (n)? B Ui (n)?
E(Mn<z>2<E<Uk<n>>>2> - E(roEmee)

[ Ug(n) n
= =G (B2 V)|
o Uk (n) sn
Sl Fvme i Gy ER
=T U (n) —|sn
- E_Mn(z)(ﬁ(Uk(n)))Q11|sn‘_kcn(z)z | \] . (87)
Setting
_ Cu(z)z7F _ U(n)
B(k,n) = m , A(k,n) E(Uk(n))B(k’n)’ (88)
the last display of (87) becomes
~ Ur(n)? = (A(k,n)
E (srermone) = F (g ) - (89)

The idea is now to replace A(k,n) (resp. My,(z)) by a similar quantity ﬁ(k, n) (resp. M\n(z)),

A(k,n
computed with elements above some “dotted line”, then apply the Markov property to /(\ - s, =k
n
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Figure 5: A marked tree and the different classes. On the right, what is known in A,, (and the
apparition date of the red points).

and the local central limit theorem to the remaining part of the trajectory of the spine. Consider
again a marked BST . Let (ay,)nen any increasing sequence of integers and let A, be the o-field

A, = U{ﬁOaﬁla I 7601717 |S()(’I’L)|, SRR |San(n)|}a

A,, contains the birth date of the «, first classes and the number of nodes of each of these classes.
Consider R(n), the subtree rooted at u,, (the red node at level a,,); see Figure 5. It contains a
red branch and its number of blue leaves is

Jp=n— Z 1S:(n)
=1

Lemma 4.8 a) Let 6 € (0,00). Under P9 and conditionally on A,, R(n) is distributed as T,
(under P ),

b) Under P and conditionally on {B., = B}, the distribution of J, is that of Ai(n — ) under
B) for any B <n — 1.

Proof: a) It is clear that R(n) has .J,, nodes. The problem is to show that R(n) has the good
“tree structure” distribution. Insertions in the subtree rooted in w,, occur at times which are not
A, measurable. But, as a matter of fact, these insertion times are not important. Suppose that
at time j an insertion occurs in the subtree rooted in uq,. At time j — 1, there were (say) k& blue
leaves and one red one in this subtree and (say) m blue leaves in the whole tree (m = j —2). A
simple computation shows that knowing that the insertion occurs in the subtree rooted in u,,, , the
insertion occurs on the red node with probability 6/(6 4+ k) and on each blue leave of the subtree
with probability 1/(k + #). These probabilities do not depend on j. The evolution of the tree
structure of the subtree is the same as the one of the usual marked tree.

b) It is the result of Proposition 3.4 with z = 1/2. |

Let us choose a,, = |v/logn| and denote by Zn ={v € 97, : v € Si(n) for some i < «,, } the set
of leaves below the “dotted line”. Let

_ 2lul Cn(2)z
M, (2) = , = Z [ EUk) o

—k

The cost of taking A and M instead of A and M is given by the following lemma.
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Lemma 4.9 For every q > 0,

E (|A(k,n) = A(k,n)|) = o((logn)™) , E (|Mn(2) = Mu(2)]) = o((logm) ™), (90)
which implies ~
E( ‘ﬁi(:; _ ;ﬁk’(z) ) = o((logm) ) (91)
Proof of Lemma 4.9 We have
_ Sl
Ma(e) = Ma(z) = 30 s
UECn—Cn

Using Lemma 4.8 a) with 6 = 1 we get
EAn( > ZM) = 2%C,(2)-
UGCn_Zn
From Lemma 4.8 b) and formula (70) we have for 5 <n —1
BRz+H"D B

E(Cu(2)Ban = B) = ORO(Casu-p) = 7 =556 ~ = B) (92)

which from (70) gives

— 2%n Z (=)
E(Mn(z)—/\/ln(z)): )E<( B @2z+p P B ) (03)

Cn(z n—pg)  poh (n —B)

and since

BRz+p)"F  n Cu(z)
(n—B)Br=0) — n—pBCs(2)

E (Ma(2) = Ma(2)) = 2"E <(n - 3) <Cﬁn(z) - Of(z)))

We use here the exponential martingale (introduced in (22)) (€x(z),k > 1) and its stopping time
Ba,,, SO that the above formula becomes

we get

E(Mn(z) - ﬂn(z)) = 2 (£, ()T, (2)) (94)

where (writing 3 for 3,)

1 Cs(2)
II = — .
We write II,, for II,,(z) and we will prove that II,, is bounded by a (deterministic) constant which
will give

E(Mn(z) - /\/ln(z)> — O(2~n). (95)
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For 2z < 1 and 3 < n we have Cg(z) > Cy(z) (see (68) so that IT,, <1.
When 2z > 1, we have

227\ 1
(=B =n(1-T] (1+57) )
k=p
and using the inequality 1 + %Z < (1 - %)_22 we get
n 2zn
Hn < 1 2z _ _ 1 2z <
Sy R Gl e

where the last inequality comes from Taylor formula. So, estimation (95) holds in any case.
For A we may use the same method. We have, for ever u € U,

T, < zon—k lul—on 96
lul=k

Adding and taking conditional expectations, we get

EA (> Typ | <2780, (2) (97)

UECn _En
so that

E (14(2) - Au(2)]) = 027" Bk, n)* (98)

where B(k,n) was defined in (88). From (81)

—k
Bk, n) ~ \ark e(2zlozn—t) <221%> . (99)
In particular if k& = 2zlogn + o(v/logn) then
B(k,n) ~ V2rk (100)
so that
E (]40(2) - 4n(2)]) = O™k (101)

which, joined with (95) proves the first part of the lemma.
To get (91), it is enough to tilt again and use the triangular inequality. [ |

Proof of Theorem 4.7 (end):
From (89) and (91) we have

~ Ur(n)? = (A(k,n) lowm)-
E (o) _E<ﬂn<z> HSF’“) +elllogn) ™). (102)
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By conditioning on the dotted line and applying Lemma 4.8 a), we may replace the above indicator

function by P(s,y = k') where n’ = n — 3,, and k' = k — a,,. However, to control n’ which is
random, we first split the main term of (102) into
~ [ Ak ~ [ Ak Ak
G ECAON R [P Ly PR S = O B (103)
M (2) My (2) Mn(z)
On the one hand, we will prove further that, for v, = exp(z~'ay,),
~ [ Ak
E A(i’”)llﬁanm =o(1). (104)
M (2) -
On the other hand, the second term of (103) becomes
~ [ Ak ~ Ak ~
B(AB g e | =B (A8, B = 1)) | (105)
M, (2) M (z)

Taking into account the local central limit theorem (61), we may, for any € > 0, find r¢ > 0 such
that for r > rg

~ 1+e¢
P(s, = k') <
(sr =K) = 557

and since V;. = 2zlogr + o(logr) we may assume rg large enough to ensure V;. > 2z(1 — ) logr.
Choose ng such that n — v, > ro for n > ng. It entails

~ [ A(k,n) ~ 1+7 ~ [ Ak,n)
E| =215, <.P(sy =Fk) E|= : 107
(Mn(z) Ban < (5 > Varz(1 —n)(log(n — 7)) (Mn(z)> (107)

Now, again by (90) and (88)

(106)

~(Ak,n)\ _ ~ [A(k,n) ol (log )¢ — 2+ of(log )~

From (100) this gives

Ak 1
lim sup E (k,n) L5, =k, Ba,<vn i )
Mn(z) 1—¢

for any e. If we admit (104) for a while, equations (103) and (102) lead to (86) which ends the
proof of the theorem.
It remains to prove (104). By (91)

IN

g (Alkn) _ g (Alk,n) o((logn)™?
: <M\n(z) ][ﬁan>'yn> =k (Mn(z) ][ﬁan>'7"> + o((logn)™ 7). (108)

Now, since U(k,n) < 27*C,,(2) M, (z) we have A(k,n) < B(k,n)2M,(z) and then

E <1-i/(l]:(:§ ][ﬂan27n> < B(kvn)2 ﬁ)(ﬂan > ) < B(k:,n)2 ]TD(S’Yn <o) (109)
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(for the last inequality see the definition of j3).

As said in Proposition 3.2 5), the family (s, ¢ > 0) satisfies under P the large deviation principle

on [0,00) with speed log ¢ and rate function 7z, . Therefore, taking v, = exp % we get

which, joined with (100) gives (104). This ends the proof of the theorem.

1 ~
lim sup - log P(s,, < o) < —n2.(2) = —2(1 —1log2) <0
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