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Abstract

We consider a recent model of random walk that recursively grows the network on
which it evolves, namely the Tree Builder Random Walk (TBRW). We introduce a bias
p € (0,00) towards the root, and exhibit a phase transition for transience/recurrence at a
critical threshold p. = 1 + 27, where 7 is the (possibly infinite) expected number of new
leaves attached to the walker’s position at each step. This generalizes previously known
results, which focused on the unbiased case p = 1.

The proofs rely on a recursive analysis of the local times of the walk at each vertex of the
tree, after a given number of returns to the root.

We moreover characterize the strength of the transience (law of large numbers and central
limit theorem with positive speed) via standard arguments, establish recurrence at p., and

show a condensation phenomenon in the non-critical recurrent case.
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1 Introduction

The Tree Builder Random Walk (TBRW), introduced in full generality in [10], is a prime
instance of a random walk that modifies the local structure of the network along its trajectory,
see e.g. [1] for a broad formulation and [9] for a partly intersecting model. In simple words, the
TBRW is a random walk on a tree such that at time-step n, a random number &, of leaves are
attached to the current position of the walker. When (&,),>1 is i.i.d., the TBRW is known to
be transient and even ballistic [7, 10], with a positive speed [7, 14] and a renewal structure [14].

Hence, it is natural to seek to increase the chances of returning to the root. One way to do
it is to decrease the probability to grow a new vertex at the n-th time step, i.e. &, ~ Ber(p,,),
which makes the TBRW recurrent if p, = n~ with v > 1/2 [6]. When 7 € (2/3, 1], the tree on

which the random walk evolves grows like a Barabési-Albert preferential attachment model [5].
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Note that the case v < 1/2 is still open, with the walk being conjectured to be transient for
v <1/2.

Another intuitive option is to add a bias towards the root for the walker’s trajectory, and
this is the purpose of the present paper. Due to the local structure changing around the walker,
this model is noticeably different from usual biased random walks, e.g. on Galton-Watson trees
(see [12] and the rich literature that followed).

We consider the following model which constructs a growing sequence (75, n > 0) of random

trees together with a random walk (S,, n > 0) moving on those trees.

Fix p > 0 and a probability distribution v on N = {0,1,...} which are the two parameters
of the model. In the following, we always assume that v(0) < 1 (otherwise the model is trivial).
At time 0, the tree 7y consists of a single vertex o (the root) and the position of the walk is

So = 0. Then, by induction, given 7, and S:

e First, independently of everything else, we grow 7,41 from 7, by adding a random number
&, of leaves drawn according to v. All these leaves are attached to the vertex S,. In

particular, with probability v(0), we have T,11 = 7.

e Second, we define S, 11 as a neighbor of S, in T,+1 chosen with bias p toward the root.
More precisely, if S, = v € T,, and if we denote by v" the father of v and by v, ..., v*
the children of v in 7,41, then
. L ifi=0
P(Sn+1 = | 7:1+17Sn) = Wtp ’
= if1<i<k

By convention, the father of the root o is the root itself so that we do not have to treat
this case separately. This means that when the walker is at the root, it has positive
probability of staying at the root at the next time step - this amounts to adding a loop

around o that the walker can take with the corresponding probability.

When p =1, S, performs a simple random walk on the current tree, and this corresponds to
the original model of the TBRW with s = 1 and (&) i.i.d., where s is the number of consecutive
steps taken by the walk between two additions of new leaves. In this setting, it is known that
for any distribution v, the walk is transient and ballistic [10, 14].

In this paper, we demonstrate how varying the bias p towards the root affects the geometry
of the tree 7,, and the behavior of the walk \S,,. Our main result is the existence of a non-trivial

phase transition for this model depending on (p,v).

Theorem 1.1. Let U denote the (possibly infinite) expectation of v:

v=> kv(k) € (0,00].
k=0

For any p > 0, the following holds.

o If p <1420, then walk S, is transient, i.e. each vertex created is visited only finitely
many times by the walk a.s. In particular, the walk returns only finitely many times to

the root a.s.



o If p > 142U, then the walk Sy, is recurrent, i.e. every vertex is visited infinitely often

a.s. by the walk. Furthermore,
— Ifp=1+4 20, then the walk is “null recurrent” in the sense that all return times to
the root have infinite expectation.

— Ifp> 1+ 2v, then the walk is “positive recurrent” in the sense that all return times

to the root have finite expectation.

Remark 1.2. e When p = 1, Theorem 1.1 recovers the fact that the walk is always transient,
irrespectively of the distribution v (see [10, Theorem 1.3], which also holds for s odd and
(&) uniformly elliptic - interestingly, [10, Theorem 1.2] proves that for s even and under

mild assumptions on (&), the walker will be recurrent).

e Conversely, for any distribution v with finite expectation, the walk becomes recurrent
whenever p is chosen large enough. This may seem surprising at first glance because,
if we assume the walk to be recurrent, then the degree of every given vertex of the tree
must ultimately increase to infinity, inducing local bias against the root which, intuitively,
should in turn make the walk transient. A rough explanation for this apparent contradic-
tion comes from the fact that, in the recurrent setting, even though all vertices have their
degrees increasing to infinity, because the walk creates new vertices all the time, most
of the vertices present at any given time have a current degree which is smaller than p,
hence they induce a local bias toward the root which counterbalances the opposite bias

created by the (few) vertices of large degree.

e When the walk is recurrent, every vertex created is visited infinitely often a.s. By a
straightforward application of the Borel-Cantelli Lemma, this implies that every vertex
has as a degree which increase to infinity so the sequence of tree 7, converge locally to
an infinite tree where every vertex has a (countably) infinite number of children, and yet,

all of its vertices are visited infinitely often.

e We point out that the walk S, is not a Markov process (but the pair (7, S,) is Markov)
so the meaning of “positive recurrence” when p > 1+ 27 differs from that for usual Markov
chains. For instance, the excursions of the tree-builder walk S,, between two returns to
the root are not i.i.d. as in the Markov case and the expectation of the k-th return time
to the root grows faster than linearly (in fact exponentially in k, c.f. Lemma 3.2 and
Lemma 4.5) and

;&
- kZ:O lis,-0) njo 0 a.s.
In particular, the ergodic theorem for Markov chain does not apply here and the distri-

bution of S, does not converge to a non-degenerate distribution.

By definition, the number of vertices added to the tree at each step is given by a sequence
of ii.d. r.v. distributed as v. Therefore, by the strong law of large numbers (assuming v has

finite expectation), the number of vertices #7, of T, satisfies:

i7, ~ 7n as.
n—oo
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Figure 1: Simulation of the first 10® steps of the height |S,| of the tree-builder random walk
when v(k) = 1p=1 (i.e. a new leaf is created at each step) in the transient (a) , null recurrent
(b) and positive recurrent (c) regime. Here, the phase transition occurs at the critical parameter
pe=1+20=3.

The asymptotic geometry of the tree 7, differs depending on the transience/recurrence regime
considered. In the transient case, we prove that the walk is ballistic, hence the tree is asymp-
totically a line onto which a grafted finite random trees. We use the notation |v| for the height

of a vertex (i.e. its distance from the root) and define the maximum height of the tree 7, by
Tnl := )
[Tl = max o]

Theorem 1.3. Suppose that p < 1420. There exist positive constants v = v(p,v) and o = o(p, V)
such that

|Sn| a.s. ‘Sn‘ —v law 2
ool U ad e T2 N0, (1)

The same results also hold with |T,| in place of |Sy| in (1).

This generalizes [7, Theorem 1.1] and [, Theorems 3 and 4(a)].
On the other hand, in the positive recurrent case, we observe a condensation of the tree

whose height now grows logarithmically in 7.

Theorem 1.4. Suppose that p > 1+ 2U. There exists positive constants ¢1 = c1(p,v) and
co = ca(p,v) such that

c1logn < |Tp| < c2logn for all n large enough a.s.

In this paper, we leave out the study of the asymptotical behavior of the walk and the tree

in the critical case.

Question 1.5. What is the typical height |S,,| and diameter |7, | in the critical case p = 1+27 7
Numerical simulation suggest that these quantities should be of order y/n as n tend to infinity,
c.f. Figure 1b.

The rest of the paper is organized as follows. In section 2, we first set some notations
and then prove a monotonicity property (Proposition 2.1) for the recurrence/transience of the

TBRW with respect to its parameter (p,v) via a coupling argument. This allows us, later on,



to prove the recurrence/transience criterion under the assumption that v has finite expectation
and subsequently extend it, by comparison, to the case where 7 = oo.

Next, we introduce two new processes: an urn process (section 2.3) and a branching Markov
chain (section 2.4). These processes are closely related to the local times of the tree-builder walk
(Proposition 2.2 and Proposition 2.7) and reduce the study of the recurrence/transience of the
TBRW to the survival of a particular “infinite-type” branching process. Section 3 is devoted
to proving Theorem 1.1 which is done by computing a (strikingly explicit) quasi-stationary
distribution for the multi-type branching process, c.f. Corollary 3.5. Then, in section 4, we
recall the classical method of cut/regeneration times and apply it to prove Theorem 1.3 and

then carry on proving Theorem 1.4.

2 An urn process and a branching Markov chain related to the TBRW.

2.1 Notations

In the rest of the paper, (Sy,7T,) always denotes the TBRW and associated tree at step n.
Since the sequence (75, n > 0) of random trees is non-decreasing (we do not remove vertices),
it makes sense to consider the inductive limit
Too i= U T
n

We point out that 75, is a (random) rooted tree but it needs not be locally finite: a vertex may
have an infinite number of children. By the Borel-Cantelli Lemma, this happens i.f.f. S, visits
this vertex infinitely many times since, at each visit and independently of everything happening
before, it has probability 1 — v(0) > 0 of creating at least one new child.

The trees 7, (and also 7o) have a natural planar embedding, i.e. an ordering of the children
of any vertex, given by their order of creation. Let us set some notation. For a vertex v € Ty,
we define #,v to be the number of children of v in 7, and we denote v!,v?,... the children of
v (ordered by time of creation) and by v° the father of v. By convention, we set 0° = 0. Note
that by compatibility of the trees T,, we do not need to add a subscript n to the children (or
the father) of v as they are the same in all trees where they exist. Given a vertex v, we write
|v| for its height defined as the distance between this vertex and the root 0. Once again, this
definition does not depend on the tree considered (provided v exists in it).

Given a rooted tree 7 and d € N, we define 7<% the subtree composed of all vertices of
height at most d. Finally, we denote by T, the “full” planar tree where every vertex v has an
infinite number of children v',v2,.... Any planar tree 7 can therefore be seen as a subtree
of Tean-

For two probability distributions v,v (on N), we write v < v, meaning that v dominates v
for the stochastic partial order, if ¥([k, 00)) > v([k, c0)) for all k£ > 0.

2.2 Coupling of walks for different values of the parameters

One should expect the tree-builder walks to become “more recurrent” when p increases or when
the distribution v of the number of children created at each step decreases (stochastically). In

order to formalize this idea, we construct couplings between processes with different parameters.



Proposition 2.1. Fiz p > p > 0 and two distributions v < v. If the (p,v)-TBRW goes through
the root loop infinitely often a.s., then the (p,v)-TBRW does the same a.s.

Proof. We construct two TBRWS (S, 7) and (Sy,7,,) with respective parameters (p,v) and
(p,v) on the same probability space, by a natural extension of the coupling described in [14,
Lemma 1] for p = p and v = Ber(1 — v(0)).

Roughly speaking, we decompose the trajectory of S where it evolves together with S, and
excursions in subtrees above a given position of S. This can happen either when S moves
towards the root while S moves away, coupling their jumps while using that p > p, or when
S moves to a child of %\ T, using that v < v. For any such excursion, either it never ends,
in which case S is transient, or it comes back to the position where we froze S. Then the two
walks resume their joint evolution, until a next time when S moves away from the root and
S towards it, and so on. We note that while S is frozen, the excursions of S will create new
vertices on the tree 7, (compared to 7,) but these additional vertices only make the walk S
more transient compared to S so that they are not problematic.

We consider two i.i.d. sequences ({4,v € Trn, k € N¥) and (Em,v € T, k € N*) such
that &, (resp. E,“,) has distribution v (resp. v) and such that

fk,v < gk,v a.s., (2)

which is possible since v < 7. We will impose that at the k-th visit of v by S (resp. S ), we add
kv (resp. E,m) neighbours to v in the corresponding TBRW trees.

Construct S according to the (p,7)-TBRW dynamics. We now construct S. Initially, we
start with Sy = So = o and 7 is o with &; , leaves attached to it. For n > 0, let ¢,, be the first
time t > t,_1 such that S’t =S, =:v, Thy1 C 7Z+1, and St+1 is either v°, or a child of v in
Tn+1, with the possibility that ¢, = oo

If t,, < oo, there are two cases. If §t+1 =00, we let Snt1 = 0. And if §t+1 =: ¢’ is a child

of v in 7;L+1, we let 1= &1, .+ &k, Sn being the k-th visit of v by S. With probability
b= Hiw — H—x we let Sy = 09, and with probability 1 — b we set Spi1 = v'. Note that b >
since p > p.

By induction on n, the first ¢ > ¢,_1 such that §t =5, =: v and §t+1 is either v°, or a

child of v in 7,, also satisfies that 7;l+1 - ’724_1 Indeed, at any vertex of Ty, the local time
k of (S})j<n is no greater than that k of (S )j<t since S always waits for S to catch it before
moving again. By (2), we have thus &1, 4 ...+ &k < §1 ot +fk v 51 ot +§k ,- Hence,
t is in fact t,,.

Moreover, in our construction, the first case happens with probability ﬁ%ﬂ = m — b so
that S,+1 moves to v° with total probability pJ%I, and to any given child of v in 7,41 with
probability z71(1 — p/(p + x)) = 1/(p + ). Hence, S performs a (p,v)-TBRW. Furthermore,
one has easily by induction on n that S, is always an ancestor of §t fort,_1+1<t <ty and

that if §t =S, for some ¢ > t,,_1, then S only moves towards o if so does S. Thus

(S))j<n visits o at least as many times as (S5;) <, - (3)

Taking n = min{j,t; = oo} — 1 if this minimum exists or n — oo else yields the conclusion. [



2.3 The urn process associated with the local time at a vertex

We now introduce an auxiliary urn process, the TBRW wurn, which captures the local behavior
of the TBRW around a fixed vertex and whose detailed analysis will play a critical role in the
rest of the paper. Initially, we start with the urn containing p balls' of color 0. At each time

step n > 1, we make the following operation.

(a) First, independently of everything else, we add a random number of new balls sampled
according to the distribution v. Each added ball is given a new color, whose index is the
smallest color that has not yet been attributed (so if the colors already present in the urn

are 0,1,...,k and we add j new balls, then they are given colors k+ 1,k +2,...,k+ j).

(b) Second, we draw a uniform random ball from the urn, we record its color B,,, and we put

it back in the urn.

We construct in this way a random sequence Bj, B ... of integers representing the colors of
the balls drawn from the urn at each step.

This urn process and the TBRW are related in the following way: fix a vertex v € Tg, and
look at the times when the walk S is at v (if ever). The crucial observation is that when S
is at v, the displacement rule is local, meaning that it only depends on the current number
of children of v and on an independent additional randomness (to make one step given this
local environment). But it does not depend on what happens to the walk when it is not at
v. Moreover, conditionally on having k children at v, the probability of jumping to v’ for
i €4{0,1,...,k} is equal to the probability of drawing the ball of color i in the urn currently
containing colors 0, 1,...,k. Putting these arguments together, it is immediate to check that

the TBRW can be constructed from a family of independent TBRW urns as follows:

Proposition 2.2 (Construction of the TBRW from an i.i.d. family of urns). The TBRW S can

be constructed in the following way:
1. We initially put an urn U, for every v € Ty, containing p balls of color 0.
2. We start the walk at Sy = o.

3. When S is at a vertex v, we perform (a) and (b) above on the urn U, (independently of

all past operations). S then moves to the vertex vB where B is the color of the ball drawn.

We insist on the fact that the urns are independent. In order to study the recurrence or
transience of the walk, it is therefore crucial to understand the asymptotic behavior of the

TBRW urn and, in particular, to check whether a given color is picked infinitely often a.s.
Lemma 2.3. Suppose that
P(color 0 is drawn a finite number of times from the TBRW urn) > 0. (4)

Then,
P(color 0 is never drawn from the TBRW wrn) > 0.

!p need not be an integer, so that the urn can contain a non-integer number of balls, but this does not matter

from the mathematical point of view.



Proof. We can construct the urn process by first prescribing the number of balls added at each
step according to an i.i.d. sequence £ = (&);>1 with distribution v and then, conditionally
on &, by performing the draws Bj, Bo, ... independently. We can also assume without loss of
generality that £ > 0 since we can discard all the draws (which are necessarily of color 0) until
a non-zero color ball is added to the urn. Then the process after that time is the same as the
initial urn process conditioned on &; > 0.

Now, if (4) holds, there must exist & > 1 and indices i1, i, ... i, such that, with positive
probability, color 0 is drawn from the urn at times i1,...,7; and at no other time. For each
draw B;;, we have P(B;; = 0|&)P(B;; # 0[&) > 0 (since the urn always contains a non-zero
color) This means that we can change the color B;,, for j = 1,...,k, to non-zero values while

still keeping an event of positive probability. On that new event, color 0 is never drawn. O

Corollary 2.4 (Dichotomy for the recurrence/transience of the TBRW). For any vertex v € Ty,
we have:

P (S visits v i.0. but jumps from v to v° finitely many times) = 0. (5)
As a consequence, we have

S crosses the root loop _
P( infinitely many times) + P(‘S"‘ n::o OO) =1

Proof. On the event that v is visited infinitely often but v° only finitely many times, the urn
U, at vertex v (defined in Proposition 2.2) draws color 0 only finitely many times. If this event
has positive probability and since the urns at all the vertices of Ty, are i.i.d., it follows from
Lemma 2.3 that each one has a positive probability to never draw 0. But for any w € T, if 0
is never drawn from U,,, this means that the walk gets trapped inside the subtree rooted at w
when it enters it. Since the walk a.s. visits infinitely many vertices (the probability of staying
on the same finite number of vertices while accumulating a diverging number of neighbors being
zero), this must happen an infinite number of time a.s. Hence, |S,,| — oo a.s. However, this is
incompatible with the assumption that v is visited infinitely often, hence that event must have
null probability.

To see why the second statement holds true, we recall that Tg, is countable and observe
that on the event £ := {there exists a vertex v € Ty, that is visited i.0.}, then, by a straight-
forward induction and thanks to (5), the root loop must also be crossed infinitely many times.
Conversely, on the complementary event £¢ = {every v € Ty, is visited finitely many times},
the number of children of each vertex is necessarily finite, hence the subtree of vertices at dis-
tance at most £ > 1 from the root is also finite, which implies that |S,| > ¢ for n large enough
since each vertex of this subtree is visited only finitely many times. This is true for all £ so we
conclude that |S,| — oo on &°. O

In the rest of the paper, we will be mostly concerned with the case where v has finite

expectation. In that setting the urn is “well-behaved” as the next result shows.

Lemma 2.5. Suppose that 7 < co. Then, the number of colors present in the basic urn increases

to infinity and every color is drawn infinitely many times a.s., i.e.

Z 1¢p,—jy =00 a.s. forallj>0.

n=1



Proof. By the law of large numbers, the number of balls in the urn at step n is a.s. asymptoti-
cally equivalent to 7n as n tend to infinity. Furthermore, the probability P(B,, = 0) of picking
up a ball of color 0 at step n is of order p/(7n) so that by the Borel-Cantelli Lemma, a ball
of color 0 is drawn from the urn infinitely many times a.s. Similarly, P(B,, = j) ~ 1/(¥n) for
j = 1 and n larger than the time at which the color j was introduced in the urn, this said time

being finite a.s. Therefore, any color is picked up infinitely many times a.s. O

We now let ©g := 0 and, for k > 1, we define the stopping time at which color 0 is drawn
from the urn for the k-th time:

@k = mf{n 2 1’21{31':0} = ]{} .
=1

We also define Ng:=0and for k> 1 and j > 1,

N, number of non-zero colors present in the urn at step Oy (6)
k= (i.e. when color 0 has been drawn k times).
Ok
J._ . _ number of times color j has been drawn
Y= Z; Y=y = at the k-th draw of color 0. (7)
1=

Thanks to the previous lemma, all the quantities above are well-defined and finite a.s. as soon

as U < co. Thus, from now on and until section 4, we will always assume that

v=> kv(k) < oo. (8)

k

2.4 The branching Markov chain /

Proposition 2.2 show that we can construct the TBRW from urn processes but it does not
really help to understand the trajectory of the walk S i.e. the order in which the urns are
chosen. To this end, we now construct a branching Markov chain whose transition kernel K is

defined in terms of the urn process. We set

K(k, [y1,...,yj]) = P(N; = j and Ykl = yl,...,Y]g =vy;) forj>1,
K(k,[]) = P(Ng = 0).

In words, K is the kernel which, given a non-negative integer k, returns a finite (possibly
empty) list representing, for each non-zero color present in the urn, the number of times it has
been drawn at the moment when color 0 is drawn for the k-th time. In particular, we have
K(0,]]) = 1 because no non-zero color is initially present in the urn. Note also that a color ¢
can be present in the urn without having being drawn so that Y,f = 0. This is not the same
thing as the color not yet being present in the urn.

We use this kernel to construct a tree-indexed particle system, where each particle has a
type k € N and reproduces itself by creating offspring according to K. More precisely, we define
a branching Markov chain process Z = (Z(v),v € T) with the following rules:

(a) T is the rooted planar tree representing the genealogy of the process. A vertex v € T is
called a particle and Z(v) € N is its type. The generation of a particle v corresponds to

its distance |v| from the root particle o.



(b) We start initially from a single root particle o with type Z(0) € N (generation 0).

¢) Suppose that we have constructed the process up to generation n. Then, all the particles

S that we h tructed th t ti Th 11 th ticl
at generation n evolve independently. Each particle v (with |v| = n) gives birth to a

L ... v with respective types Z(vl),...Z(v7). The

distribution of the number of children and their types is given by the transition kernel K:

random finite number of children v

P (v has j children with Z(v!) = 2z1,...,Z(v/) = 2j | Z(v) = 2) = K(z, [21,...,2])
P (v does not have any child | Z(v) = z) = K(z, [])

(d) If there is no particle at generation n, then we say that the process dies out and we stop

the construction.

The process Z can be interpreted as a multi-type branching process with infinitely many
types (indexed by N). We observe that, when both v(0) > 0 and v(1) > 0, then Z is irreducible
in the sense that, for any 2 > 1 and any zi,...,z; > 0, a particle of type z has positive
probability to have exactly j children with respective types z1,...,z;. In the general case,
additional particles of type 0 may be unavoidable, but this is not a problem because particles

of type 0 play no role in the genealogy of the process.

Proposition 2.6 (irreducibility of Z when omitting particles of type 0). Particles of type 0 in

the branching Markov chain Z never reproduce. For any z > 1 and any z1,...,z; = 1, there
exists n > 0 (which may depend on z,z1,...,2;) such that:
has j +n children with Z(v') = z1,..., Z(v7) = 2,
p( . e i ‘ Z(v) = z) > 0. 9
and Z(vW) =0...,Z(vI*") =0 (W) =z)> )
Furthermore, for all z > 1,
| (1= v(0))p
P(vhasatleastonechzldo t el’ZU :z)>7>0. 10
f typ (v) (1) (10)

Proof. The proposition is a direct consequence of the definition of the kernel K in terms of the
urn process. As stated above when defining K, the urn starts without any ball of non-zero
color implying K(0, []) = 1, which means that a particle of type 0 has a.s. no progeny.

Now, given z > 1, because we assume v(0) < 1, it is possible to construct a sequence of
draws in the urn that creates at least j new colors before drawing a ball of color 0 for the z-th
time and such that the first j balls are picked respectively z1,...,2; times while all balls of
color > j + 1 are not picked. This proves (9).

Finally, fix z > 1 and consider the urn process just after a ball of color 0 has been drawn for
the z — 1-th time. Then, with probability 1 —r(0), at least one new color is added to the urn at
that step and such a color is subsequently drawn a geometric number of times, with parameter
p/(1+p), before drawing a ball of color 0 for the z-th time. Therefore, the probability that this

ball is drawn exactly once (yielding a child of type 1) is equal to a fp)Q. This proves (10). O

Our interest for the branching Markov chain Z comes from its close relation to the local

time of the TBRW stopped at a crossing time of the loop at the root. Let us define 7 as the

10



first time that the tree-builder walk S,, crosses the root loop for the k-th time. More precisely,
we set 79 := 0 and for k > 1,

T3, := inf {n eN: Z 145, 1 =Si—0} = k} (11)

i=1
with the usual convention that inf () = +00. We also define the local time process L(-, k) of the

walk S at time 74, on the (oriented) edge of the tree 7, constructed so far:

Tk
L(v,k) = Z 1{Sn,1=v and $,=00} for v € Ty, (12)

n=1
The following “Ray-Knight type” result highlights the connection between the local time process

L and the branching Markov chain Z defined previously and will enable us to reduce questions

about the recurrence/transience of the TBRW to questions pertaining the survival of Z.
Proposition 2.7. Fiz k > 1. The following statements hold true.
(a) We have P(1, < 00) = P(Z dies out | Z(o) = k).

(b) The process= L(-, k) under the conditional law P(- | 7 < 00) has the same distribution
as the process Z under the conditional law P(- | Z(0) = k and Z dies out).

(¢) The r.v. 1, under the conditional law P(- | 7 < 00) has the same distribution as the r.v.
k+23,cmfop Z(v) under the conditional law P(- | Z(o) = k and Z dies out).

Remark 2.8. The arguments of the proof provided below follow those given in Section 3.1 of
[2] to describe the local time process of a multi-excited random walk on a regular tree (again
stopped at a crossing of the root loop) c.f. in particular Lemma 3.2 of [2]. Let us point out that
the general idea that a non-Markovian walk on an acyclic graph with local interactions can
have a local time process with a Markovian structure more amenable to analysis is not new. It
traces back at least to the seminal paper of Kesten, Kozlov and Spitzer [11] to study random
walks in random environments. It was subsequently used for different kinds of self-interacting
processes, e.g. self-repelling walks [18, 19] or reinforced walks [3]. Although our setting here
is slightly different due to the constant evolution of the state space, the general method still

applies since the graph is always acyclic.

Proof of Proposition 2.7. We fix an integer d > 1 and we consider a modification (S () T(d))
of the TBRW reflected at height d, that is, when the walk is at a site v at distance |v| = d from
the root, then it always moves back towards its father v" at the next step without creating
any new site neighboring v. Otherwise, if |v| < d, it behaves like the regular TBRW. This new
walk constructs a tree of height d in which, ultimately, all vertices at height < d have infinite
degree (and vertices at height d are leaves). This assertion follows from the same argument
use in the proof of Lemma 2.5 to show that the urn process draws each color infinitely many
times. Indeed, when the walk is at a given vertex v for the k-th time, by the strong law of
large numbers, v has ~ k¥ children so that the walk moves to the father v with probability
~ p/(Tk), and to a given child with probability ~ 1/(7k). Hence, all those events happen
infinitely often a.s. by the Borel-Cantelli Lemma.

11



In particular, the walk reflected at height d crosses the root loop infinitely often a.s. so
the crossing times T}gd) defined as in (11) with S in place of S are well-defined and finite a.s.
for every k > 1. We can similarly define the local time process L9 (- k) as in (12) but with
S in place of S. In words, L(¥ (v, k) is the number of crossing for the reflected walk of the
oriented edge v — v before crossing the root loop k times. Now, the crucial observation is
that, since we are on a tree and because the walk starts and ends at the root, then at time
7 every edge (apart from the root loop) has been crossed the same number of times in both
directions. Indeed, when the walk crosses an edge v — v, then it must necessarily return to v
through the edge v’ — v before returning to the root. Looking at the definition of the TBRW,
it is now clear that the dynamics of the walk at any given vertex v is independent of what
happens at others vertices (because the walk returns by the same edge it exited) and follows,
for vertices at height < d, the dynamics of the urn process of Section 2.3. Putting all these
arguments together, we conclude that the process L(d)(-, k) restricted to vertices with height
< d and the branching Markov chain Z starting from a particle of type k and considered up to
generation d — 1 have the same law.

(d) (d)

By trivial coupling, the processes (S,, n < 7;) and (Sp’, n < 7, ) coincide on the
event {7; < oo and maxp<y, Sp < d} = {max _ @ S < d}. Therefore, the equality in
ST
distributions stated above shows that
P(7; < 00 and max S, < d) = P( max S\ < d)

<
NSTk n<Ty

= P(Z dies out before generation d | Z(0) = k)

which proves statement (a) of the proposition by letting d go to infinity. Statement (b) follows
from the same argument since, a.s., the walk and its reflected modification coincide on the
event {7, < oo} for d large enough. Finally, statement (c) is a consequence of the deterministic
equality
e=k+2 >  L(vk)
v€Tr, \{o}

which holds true when 7, < oo and summarizes the facts that the walk traverse a single edge
at each step and that every edge, apart from the root loop, in traversed the same number of

times in both direction up to time 7. ]

We can now establish a 0 — 1 law for the TBRW.
Corollary 2.9 (0-1 law for the recurrence/transience). We are in exactly one of the two settings:

1. FEither P(Z dies out | Z(o) = k) < 1 for all k > 1. In that case, the infinite tree T
created by the tree-builder walk consists of a single infinite line on which are grafted finite
trees. We have a.s. that lime |S,| = 400 (in particular the root loop is visited only

finitely many times): we say that the walk is transient.

2. Or P(Z dies out | Z(0) = k) =1 for all k > 1. In that case, the tree T, created by the
walk is the full infinite tree a.s. (i.e. each vertex has an infinite number of children) and
the walk (Sy,) wvisits every vertex of Too (and the root loop, by Corollary 2.4) infinitely

many times a.s: we say that the walk is recurrent.

12



Proof. Let us first assume that P(Z diesout | Z(0o) = k) = 1 for all & > 1. Then, by
Proposition 2.7, we have 7, < oo a.s. for all £ > 1 hence the walk returns to the root infinitely
often a.s. But, because we know that the TBRW urn ultimately contains infinitely many colors
and that each one is drawn infinitely many times a.s. (Lemma 2.5), this implies, by induction
on the height, that every vertex of the tree is visited infinitely many times and has infinitely
many children which are themselves visited infinitely often a.s.

Conversely, let us assume that P(Z dies out | Z(0) = k¢) < 1 for some ko > 1. Thanks to
the irreducibility property (9) of Z of Proposition 2.6, this assumption must, in fact, hold true
for all £ > 1. Furthermore, the extinction probability of Z is non-increasing in k in view of
(a) of Proposition 2.7 and the fact that 7411 > 7. Therefore, on the one hand, we have for all
k>1:

P(Z diesout | Z(0o) = k) < P(Z diesout | Z(0) =1) = a < 1.
On the other hand, recalling again that the TBRW urn creates infinitely many colors and that

each one is drawn infinitely many times, we find that, for any fixed N,

lim P(o has at least N children with non-zero type | Z(0o) = k) =1

k—o0

Therefore, using the branching property of Z, we have
P(Z dies out | Z(0o) = k) < P(0 has less than N children with non-zero type | Z(0) = k) + o
from which we deduce that (taking N arbitrary large and then k& — 00)

P(r, < 00) =P(Z dies out | Z(0) = k) — 0.
k—o00
This means that the walk returns to the root only finitely many times a.s. By the same argument
as before, it follows by induction that every vertex is visited a finite number of times (and has a
finite number of children). Finally, since the walk (S,,) performs only nearest-neighbor moves,

we must have lim, |S,| = oo a.s. and the tree 75, must be one-ended. O

3 Proof of theorem 1.1

Thanks to Proposition 2.7, we can relate the transience of the TBRW to the survival of the
branching Markov chain Z. In order to study whether Z dies out or not, we will make use of
the following criterion for characterizing the survival of the multi-type branching process Z in

terms of the spectral radius of its expectation matrix.

Proposition 3.1. Consider the urn process of section 2.3 and recall the definitions of N and

Y} given in (6) and (7). Let f : N* — Ry be a non-negative and non-null function.

1. Suppose that there exists X\ > 1 such that

> JOE
=1

Then, the branching Markov chain Z is super-critical: it has positive probability to survive

N;
> 1{ng:k}] > Af(k)  forallk>1. (13)
/=1

indefinitely starting from any non-empty initial configuration.

13



2. Suppose that Y f(k) < oo and that there exists A < 1 such that

Y FHE
i=1

Then, the branching Markov chain Z is sub-critical: starting from any finite configuration

N;
> 1{Y¢k}] <Mf(k)  forallk>1.
(=1

of particles, it dies out almost surely and the total population over the entire lifetime of

the process has finite expectation.

3. Suppose that > f(k) < oo and

Y FHE

1=1

N;
> 1{Yf,€}] =f(k) forallk>1.
/=1

Then, the branching Markov chain Z is critical: starting from any finite configuration of
particles, it dies out almost surely but the total population over the entire lifetime of the

process has infinite expectation.

Proof. We first prove 1. Let M = (M; ;); j>1 denote the expectation matrix for the branching
Markov chain Z (ignoring particles of type 0 which do not reproduce):

M; ; = expected number of children of type j for a particle of type i = E

N;

Let us first suppose that M;, j, = oo for some g, jo > 1. Then, by irreducibility of Z (Propo-
sition 2.6) we have M? . > M,

20,20 iO’jO

created by a single particle of the same type after two generations is infinite. By comparison

Mj, i, = oo so the expected number of particles of type ig

with a classical (single-type) branching process, this shows that Z is supercritical.

We now assume M; ; < oo for all 4,j. Inequality (13) can be rewritten in matrix form
fM > \f so it shows that the spectral radius of M is smaller or equal to 1/\. For L > 1,
let M|;, denote the finite matrix obtained by restricting M to [1, L]. Due to (9), the matrix
M, is irreducible (all its coefficients are strictly positive), therefore, according to [15, Theorem
6.8], as L goes to infinity, the spectral radius of M|, decreases to that of M. Since A > 1,
we can choose Lo large enough so that the spectral radius of M|z is 1/Ag < 1. Consider now
the modified branching Markov chain Z|;, constructed from Z by instantaneously removing
all particles of types outside [1, Lo]. It is a classical, irreducible, multi-type branching process
(with a finite number of types) with expectation matrix M, L, Which has its Perron-Frobenius
eigenvalue \g > 1. Standard results about multi-type branching processes (see for instance [8,
Theorem I1.7.1]) ensure that Z|r, is super-critical and therefore Z also has a positive probability
of survival.

We now establish 2. Since Y f(k) < oo, we can assume without loss of generality that
Y>> f(k) =1 (because f is assumed to be non-zero). Starting the branching Markov chain Z
from a single particle with initial random type distributed as f, we expect at time n, for each
k > 1, no more than \" f(k) particles of type k on average. Therefore, the expected total number
of non-zero type particles that will ever exist in the systemis ) >, f(k)A" =1/(1—-)) < oo.

In particular, its expectation is finite so that the total number of particles is a fortiori an a.s.
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finite random variable. Hence the process dies out a.s. By irreducibility, this result remains
true when starting from any finite configuration of particles.

Finally, in case 3., the same argument as above shows that starting from a single particle
with type distributed as f, the expected number of non-zero type particles at time n is always
1. Now, assume that for some k& > 1 such that f(k) > 0, there is a positive probability pg
that Z started from a single particle of type k survives indefinitely. On this event, there are
a.s. infinitely many generations containing at least one vertex of type 1, by (10) and the
Borel-Cantelli Lemma. Since Z is irreducible (hence a vertex of type 1 can have an arbitrarily
large offspring of vertices of type k), by the same argument, for every ¢ > 1 there is a.s. at
least one generation containing £ vertices of type k, each having then probability px to survive
indefinitely. Therefore, starting from a single vertex of type k (resp. of type distributed as f),
there is a probability pr > 0 (resp. f(k)pr > 0) that the sizes of the successive generations of
Z grow to infinity. But it is standard to check that this contradicts the fact that the expected
size of each generation is 1. Hence we must have p; = 0, and thus p; = 0 for all j > 1 by

irreducibility: the process Z dies a.s., regardless of the type of the initial particle. O

Recall the definition of the urn process of section 2.3.

Lemma 3.2. For any p,v such that p > U, we have:

B[Ny — Ny 1] =7 (p - V>k (14)

In particular, we have E[Ng] < oo for all k.

Proof. We consider the following variant of the urn process defined in Section 2.3. First, we
start with p balls of color 0 and a random number 7 of balls with colors 1,...,r, where r is
distributed as v. Second, whenever we pick a ball of color 0, we do not add any additional
balls in the urn. The rest of the dynamics is unchanged. Let Ny be the number of balls in this
modified urn when we pick the ball 0 for the k-th time. We claim that

E[N,] =7 <pfy>k < 0, (15)

which we will show at the end of the proof.

We compare this modified urn process with the original urn process from Section 2.3.
Consider the following change of color attribution for the original urn: instead of naming the
colors in N we name them from {0} U (N* x N*) such that:

a) when we a new balls after picking the ball of color (7,7), we give them the colors
h dd ¢ balls af icki he ball of col ive th he col
(i,k),...,(i,k+¢—1), where k is the smallest positive integer such that (i, k) is not yet

in the urn;

(b) when we add ¢ new balls after picking color 0 for the i-th time, we give them the colors
(4,1),...,(3,0).

Now, we claim that for every k > 1,



which thus implies (by subtracting the LHS for two consecutive values of k) that for every
k>1,
E[Ny — Ni._1] = E[Ny]. (17)

Together with (15), this concludes the proof of the lemma.

Proof of (15). In order to inject some independence into the modified urn process, instead of
drawing the balls one by one, we put an exponential clock of rate 1 for each ball of color i > 1
and an exponential clock of rate p for color 0 and pick them when their clock rings. Recall
that we start at time 0 with p balls of color 0 and r ball of respective colors 1,2,...,r with r
random and distributed as v. When color 0 rings, we do nothing. When a color ¢ > 1 rings,
we add a random number r’ of balls, where 7’ is again distributed as v and we give new colors
to each of these balls.

We focus on (Y, the number of colors i > 1 at time ¢. In a small interval [¢,t + dt], with
probability Cdt one of the clocks corresponding to a color ¢ > 1 rings and the expected number

of new colors then added is 7. Hence,

d
p E[Ci] = VE[C].

Since E[Cy] = 7, we find E[C}] = ve".
Next we look at the stopping time T} when 0 rings for the k-th time. By definition, T} is a

sum of k independent exponential random variables of parameter p. Hence, T} has probability

density F( ) (px)k—le=rr

, x = 0. Therefore, by independence of the clocks,

BN.] = B{Cn] = 75 /0 " T (pr)E ey — v (p £ V>k .

Proof of (16). For k > j > 1, let N} ; be the number of balls in the original urn process at
time ©y (i.e. when we plck 0 for the k-th time) whose color is in j x N*. Remark that it is
enough to show the following statement: for all & > j > 1, Nj ; is distributed as Nj_ _j-

For fixed k > j > 1, when we pick color 0 for the j- th time, we then add the first = balls of color

in j xN, Where r ~ v. Since the balls with color N*\{j} x N* do not affect the probability that
the next color picked among {0} U {j x N*} is 0, we have that Ny ; is distributed as Nj_;. [

Lemma 3.3. For any (p,v) such that p > U, any non-negative function f and any k > 0, we

have the identity

Ny, '
E|) ()
=1

where ((;)i>1 s a sequence of i.i.d. random vam'ables with geometm'c distribution with parameter

m starting from 0 i.e. P(¢ =j) = lip(prp) forj =

:yiE[f(Cw...Jer)]( P >k+1_j

p—U

Proof. We have

N 00 o k
E Zf(ykz) =E Zf(ykl)l{igNk}] ZZE SO N, <iengy]
=1 =1 i=1 (=1
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Now, for any fixed @ > 1 and 1 < ¢ < k, conditionally on the event {Ny,_1 < i < Ny}, the
random variable Y,f has the same law as (1 + ...+ (x_¢+1. To see why this is true, notice that,
in the urn process, on {Ny_1 < i < Ny}, color i appears in the urn between the ¢ — 1 and the ¢
draw of color 0 and therefore Y}’ is the number of times the ball of color i will be drawn before
drawing color 0 another £ — ¢ + 1 times. Now, irrespectively of other balls being added to the
urn, the probability of drawing a ball of color 0 is always p times larger than that of drawing a
ball of color i. Therefore, Y}/ follows the law of the number of failures before having k — ¢ + 1
successes in a sequence of independent Bernoulli trials with parameter p/(1 + p). This is the

negative binomial distribution which has the same law as (3 + ... + (x—¢41. Therefore,

© k
=2 D Elf(G+ 4 Goer)] PNt <i < N)

Ne
E|) )
=1 =1 /=1
k 0o
=Y E[f(G+. 4 Goer)] D PNy <i < N)
=1 i=1

k
= ZE [f(C1+ -+ Cher1)| B[Ny — Np_q]
=1

_ (P N\
=Y E[f(G +-~-+<k—€+1)]y(p_y>
/=1
& P\ kit
:’/ZE[f(C1+---+Cj)] (p—v)
7=1
where we used (14) to compute E[N;, — Ny_1]. O
Proposition 3.4. For any (p,v) such that p >7 and 0 < s < %, we have, for allk > 1,
oo Nn — 9 k
n vps 1 )
s"E | = —
nz::l ; {Yﬁk}] (p—7—ps)(p+1—ps) <p+1—ps
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Proof. We simply compute, using Lemma 3.3 with f(z) = 1,— in the first line:

00 Nn [e) n n—i
> B[S 1| =7 2 3 ] (725)
n=1 =1 n=1  j=1
:PZP(Q + ... +C] = k)(pfy)]JrlZ ( spi)n

— VUV
j=1 n=j P

vp it ;
e =

s ) G ()
- (p—u—zg)fpﬂ k+1z(p+1>i<k;ri>

., ) k41
_ vpes
(p—7 —ps)(p+ 1)k <1 = p”+1>

B Up“s ( 1 )k
(p=v—ps)p+1—ps) \p+1—ps)

Corollary 3.5. Let (p,v) be such that p > 1+ 7, and define f(k) := . We have, for all k > 1

P
>0
=1

Z 1{Y" k}] Z fk).

Proof of Theorem 1.1. Let us first assume that p > 1 4+ 7. We observe that

<1 ifp>20+1,

v
————{=1 ifp=20+1,
>1 ifp<20+1.

Combining Corollary 3.5, Proposition 3.1 and Proposition 2.7, we conclude that the TBRW is
recurrent for p > 1 4 27 and transient for p € (1 + 7,1 + 2v). Furthermore, for p > 1 + 27,
Proposition 3.1 states that the expected total population of the branching Markov chain Z is
finite, which in view of (c¢) of Proposition 2.7 shows that E[r;] < oo for all k£ so the TBRW
is positive recurrent. Conversely, when p = 1 + 27, the total population of Z has infinite
expectation hence E[r;] = oo for all £ so the TBRW is null recurrent in that case. Finally,
when p < 1+ 7, then the walk is transient thanks to Proposition 2.1 by comparison with a
(p',v)-TBRW with p' € (1+7,1+ 2D).

The proof of Theorem (1.1) will be complete once we lift assumption (8) that v has finite
expectation. Thus, we now assume that ¥ = oo and show that the TBRW is transient: by
truncation, we can find another distribution v’ such that ¢/ < v that also satisfies p < 1+27' <
oo hence we know that the (p,2’)-TBRW is transient. Combining Proposition 2.1 and Corollary
2.4, we conclude that the (p,r)-TBRW is also transient. O
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4 Asymptotic behavior of the TBRW

We prove Theorem 1.3 in section 4.2 and Theorem 1.4 in section 4.3.

4.1 Cut times for the TBRW

The proof of the law of large numbers and the central limit theorem stated in Theorem 1.3 is
based on the classical path decomposition of the walk into excursions between cut times (also

called regeneration times). The method is rather generic and was popularized to prove ballistic

behavior for random walks in random environments (see for instance [13, 16, 17, 20]) and then
subsequently applied successfully to other models such as the excited random walk [2, 1] and,
more recently, for the original model of the TBRW (without bias) [11]. We quickly recall here

the definition of the cut times and how the finiteness of the first/second moment relates to the
existence of a LLN/CLT for the TBRW.
Recall that (S, T,) denote the (p, v)-TBRW and that |S,| is the height of the walk at time

n (i.e. its distance from the root). The first cut time C; is defined as
Cy:=inf{n>0: S, ¢ {So,...,Sn—1} and |Sk| > |S,| for all k > n}.

In words, C (if it exists) is the first time that the walk visits a new vertex v and then never
leaves the subtree rooted at v. We point out that C'; is not a stopping time because its definition
depends on the future of the walk, but it can be decomposed into a stopping time (the walk
visits a new vertex v) and an event that does not depend on the past of the walk (the walk
never goes back to the father of v afterward). Moreover, when S is transient, the latter event

has positive probability which does not depend on v and equals
a:=P(rn =00) €(0,1). (18)
Our interest in cut-times comes from the following standard result.

Proposition 4.1. Suppose that the first cut time Cy for the TBRW S is well-defined and has
finite expectation E[C1] < co. Then, there exists v > 0 such

Sp as
L NI
n n—oo

Furthermore, if E[C?] < oo, then there exists o > 0 such that

[Sal =10, pr(g, 62).

\/ﬁ n—00

Proof. The proof is classical. Under the assumption that C exists and because the event {r] =
oo} has positive probability «, there exists a.s. an infinite number of cut times C; < Cy < .. ..
Furthermore, by definition of the cut times, the sequences (Cj1—Cj)ix1 and (|Sc,, | —[S¢;|)i=1
are i.i.d. and have the same distribution, respectively, as C; and S¢, conditioned on the event
{1 = oo}. Then, the LLN/CLT for the walk now follows from the LLN/CLT applied to
classical i.i.d. sequences of random variables that have a first/second moment together with a
change of time n <+ C,, ~ n E[C1]. We leave out the details and we refer the reader to [16] and

[17] for additional explanations. O
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4.2 Proof of Theorem 1.3

In all this section, we assume that the (p,v)-TBRW is transient i.e.
p<1+20.

We also do not require that 7 < co anymore so the proof given here will hold in full generality.
In view of Proposition 4.1, The theorem will be established once we show that the first cut

time C is well-defined and has a finite second moment. We will prove the stronger result:

Proposition 4.2. The first cut time Cy is finite a.s. and, for all n large enough, we have

_pl/6+0(1)

P(Cl > n) <e
In particular, C1 has moments of all orders.

The proposition relies on two technical estimates whose proofs are specific to the model of
the TBRW (Lemma 4.4 and Lemma 4.3) while the main argument to control the tail of C
using a decomposition of the path into “failed excursions” until the first cut time is standard.

We first show that the walk must visit new vertices often. Let
Rn = #{Sl, 0 < /) < n}

denote the range (i.e. number of distinct vertices visited) of S up to time n. We point out that

this quantity is usually strictly smaller than the number of vertices of 7.
Lemma 4.3. There exists § > 0 such that for alln > 1:
P(Rn < 5”1/2) < efnl/QJrO(l).

Proof. Let & > 0, and let v; be the i-th vertex visited by S. Note that {R, < dn'/?} C
{3j < n,v; is visited at least 6~1n1/2 times by (Sk)1<k<n}. The number k of neighbors created
during the first |6~'n'/2/2| visits to any given vertex stochastically dominates a binomial
Bin(|6~'n'/?/2],1 — v(0)) variable. Hence, choosing § < (1 —v(0))2/4, by Azuma’s inequality

(or standard large deviation bounds) and a union bound on j < n,
P(3j < n,v; is visited {5_1n1/2/2j times, creating < §1/2p1/2 neighbors) < e~/ 2 +o(1)

But if a vertex has already at least 6~/2n1/2 neighbors, for each subsequent visit of S, the prob-
ability to exit via a not yet visited vertex, if the range of the walk so far is < 6n'/2, is therefore
at least 1 — on'/2/(671/2n1/2) > 1 — 63/2 > 3/4. Thus, letting Y ~ Bin(|6~'n'/2/2|,3/4),

35 < n, vj is visited 61212 times, )

P(R, < n'/?) < P(
( n’) S leaving v; via < dn'/2 distinct neighbors

L e /o) 4 nP(Y < on'/?) < e/ Ho(1)

)

where the last inequality follows again, for ¢ small enough, from large deviation bounds on

binomial variables. O
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We also need a control for the range of the walk at time 71 when it first crosses the root

loop, conditionally on this return time being finite.

Lemma 4.4. For all n large enough, we have

P(R; >n,71 < o0) < e/,

Proof. We bound the range R, by bounding separately the depth and the width of the subtree
of vertices visited by the walk up to time 7. We start by looking at the depth of this subtree:
fix K > 1 and consider the stopping time hy, := inf(n > 0 : |S,| = k). Define the event &, :=
{hi < 71 < oo}. On &, the walk reaches height k at vertex vy := Sp,. Let 0 = vp,v1,..., 05
be the vertices along the ancestor line from the root o to vg. After time hj and because 7 is
finite on &, the walk must, at some time, jump from vy to vi_1, then later on it must jump
from vi_1 to vi_9 and so on.

Now, for each i, when the walk goes back to v; for the first time, it has probability 1 — v/(0)
to create at least one new leaf. Furthermore, the probability that a given leaf is visited before
crossing the edge from v; to v;_1 is exactly ﬁlp. Finally, when the leaf is visited for the first
time, because the walk is transient, it has probability « := P(7; = c0) > 0 to never return to
v;. Putting all this together, we conclude that the probability that the walk starting from vy
crosses back the root loop at some point is bounded above by the product of the probability

of crossing each edge (v;, v;—1) successively, and therefore

v

< _
P(&) < (1 o,

We now look at the width of the excursion. Fix £ > 1 and let Gy := §{Sk : k < 7 and |Sg| = ¢}
denote the number of vertices visited by the walk until time 7 which are at distance ¢ from the
root. Fix m > 1 and consider G, ¢ := {G; > m and 71 < oo}. On this event, the walks visits
m distinct sites at height £ but, at each first visit of a site v at height ¢, it has probability «
never to go back to v° - which is necessary to visit another site of the same height. Therefore,

we find that
P(gm,f) < a™

Finally, we decompose

P(R; >n,m <o0) <P(hyp <1 <o00) +P(FH < k,Gp = n/k,m < o0)
k

<P(&)+ Z P(Gn/k)0)
=1

— k
< (1 _ M) + kaln/k)
1+p

and the result follows choosing k = |/n| O
Proof of Proposition 4.2 (hence of Theorem 1.3). Now that we have obtained the critical esti-
mates on R, and R, , the proof of the proposition is mutatis mutandis the same as that of

Proposition 6.1 of [2] with Lemma 6.3 and 6.4 of [2] replaced respectively by Lemma 4.4 and

4.3. We provide below the main arguments for the sake of completeness.
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Let (Fy)n>0 denote the natural filtration for S. We define by induction two interlaced
sequences of stopping times: Ay = By = 0 and for i > 1,

A;:=inf{n > B;_1: S, & {S0,51,...,50—1} ; Bi:=inf{n > A4; |S,| < [S4,]}.

In other words A; is the first time after B;_1 when the walk visits a new vertex, and B; is the
first time after A; that it goes back to the father of S4,. Note that we have B; = oo with
positive probability since (.5;);>0 is a.s. transient.

We know that the walk visits infinitely many sites a.s., so that we have the equality of
events {By_1 < 0o} = {Ar < oo} a.s. Furthermore, because the walk evolves on a new subtree
during each excursion [Ag, By), it follows that, conditionally on { A < oo}, the random variable
By, — Ay, is independent of F4, and distributed as 71. In particular, we have P(Bj = oo | A, <
00, Fa,) = P(11 = 00). Therefore, by induction, it follows that the r.v. 6 := inf{i : B; = oo}
has geometric distribution with parameter o := P (71 = 00) > 0. This proves that C; = Ay is
finite a.s.

Now, we consider R¢, the number of site visited by the walk at time C;. Observing that S

only visits new sites during the excursions [4;, B;), we obtain the identity

Re, =14 Y (Vi+1)
1<i<
where V; is the number of distinct sites visited during the excursion [A;, B;). Now, using
again that those excursions occur on distinct subtrees, we deduce that, conditionally on 6, the
sequence (V1,...,Vp_1) isii.d. with V; having the same distribution as the r.v. R, conditioned

on {71 < oo}. Therefore, we get by a union bound:

PWVi+...4Vp_1>n) <P(0> Ln1/3j) +PVi+...+ Vo1 >n, 6< Ln1/3j)
Lnl/?’J T1<OO>
)1/2+0(1)

<P(0> [n'3)) + Ln1/3JP<Rﬁ >

131 [ =
<(1- Q)L"1/3J + Me (I_nl/Sj
e

_ . 1/340(1)
<e "

where we used the Lemma 4.4 and the fact that 6 has geometric distribution with parameter
a to upper bound the probabilities on the second line. Finally, using Lemma 4.3, we conclude
that

P(Cy >n) <P(Cy >n, R, > on'/?) + P(R, < on'/?)
P(Rc, > 0n'/?) + P(R,, < 6n'/?)

o L‘;nl/Q*ZJ 1/240(1) n €_n1/2+o(l)

NN

N

—pl/6+o(1)

N

e
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4.3 Proof of Theorem 1.4

We assume in this last section that the (p,)-TBRW is positive recurrent, i.e.
1+2v <p.

We will use the following lemma which shows that the return times of the walk through the

root loop increase exponentially fast.

Lemma 4.5. There exists § = §(p,v) > 0 such that

ok

T = € for all k large enough a.s.

Proof. We crudely lower bound 73 by the number of jumps from the root o to a child of o before
jumping through the root loop for the k-th time. Define the filtration Hy := o((S;, Ti)i<r, )
and let dj := deg,(7;,) denote the number of children of the root o at time 7,. We also
define Ay := Z:it:l 1¢g,—0} the number of visits to the root vertex between two consecutive
passages through the root loop. We observe that, conditionally on Hy, the r.v. Ay stochastically
dominates a geometric random variable with parameter p/(dy + p). Moreover, every time we
are at o between 73 and 711, we have a positive probability 5 := 1 — v(0) > 0 of creating at

least 1 child. Thus, taking dj large, we find that

P(dp+1 — di < Bdy | Hi) < P (Ag < 2dg | Hi) + P (d1 — di < Bdy, Ay > 2dy | Hi)

< P(Geom(p f dk) < 2d, ] ’Hk) + P(Binom(Qdk, 8) < Bdy ‘ ”Hk)
and 1—e 2 <1.

Therefore, for any py < e~2°, by comparison with a sequence of i.i.d. variables with Ber(pg)

distribution, the strong law of large numbers implies that

|
hmnlnf - Z g1 —dp>pde} = Po  as.
k<n
This in turn implies the existence of § > 0 such that a.s., di > €% for all k large enough.
Finally, denoting (&,)n>0 the i.i.d. sequence with distribution v where &, is the number of

children added to the root at its n-th visit, we observe that

P (7, < %3 dy > €5k) < P(§1 +.. -ELeék/SJ 2 €5k>

< e3P (g > o )<”L€6:,:3J2

_ —6
Legk/gJ — 0(6’ k/3)’

(&

using Markov’s inequality. This proves that the events {75 < /3 dy > ek } occur only finitely

many times a.s. Hence, we conclude that we also have 75, > ¢%/3 for all k large enough a.s. [

Proof of Theorem 1.4. We first establish the upper bound. We assume here that we are in

2z

the positive recurrent setting p > 1+ 2v. Fix k£ > 1 and consider f(i) : ?. Corollary 3.5

<

states that f is a left eigenvector associated with the eigenvalue \ := s s (0,1) for the

expectation matrix of the multi-type branching process Z. This means that if we start Z from
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an initial distribution of particles with, in average, f(i) particles of type i for all i > 1, then
at generation ¢, there are, in average, exactly A\’f(i) particles of type i. But since f(k) = 1,
this means by positivity that starting Z from a single particle of type k, the average number
of particle of type i > 1 at generation n is at most A" f(i). Therefore, we find that

there exists a particle of o
P(|TT’€‘ >0) < P(non—zero type at generation /¢ Z(0) = k)

k¢
number of non-zero type _ o PA
SE particles at generation /¢ Z(0) = k} < Z F@AN < )

Let us now fix ¢ > 101&51(72\)' It follows that P(|7;,| > ck) decreases exponentially fast, hence

|T.| < ck for all k large enough a.s. On the other hand, Lemma 4.5 states that 75, > €% for
all k£ large enough a.s. Combining these two facts, we conclude that we can choose co large
enough such that |7,| < calogn for all n large enough a.s. This proves the upper bound.

In order to establish the lower bound, we compare (|S,|,n > 0) with a biased random walk.
We observe that at each step, the probability that the walk increases its height at the next
step is always larger than the probability that the walk creates at least one new child (with
probability 1 — v(0)) and then move to a child rather than the father at the next step (with
probability at least 1/(1 + p) since the vertex now has at least one child). Therefore,

1 —v(0)

P (|Sns1] = 1Sl = 1[[Sol,[S1],---.1ul) 2 ¢ = — -

This show that we can couple (|S,|,n > 0) with a g-biased nearest-neighbor random walk
(Xn,n > 0) reflected at 0 in such way that |S,| > X,, for all n. We conclude using classical

estimates on random walks that we can choose c¢; > 0 small enough such that

| Tn| = sup [Si| > sup|X;| > c1logn  for all n large enough a.s.

<n 1<n
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