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Abstract

We consider a random walk on a supercritical Galton-Watson tree
with leaves, where the transition probabilities of the walk are deter-
mined by biases that are randomly assigned to the edges of the tree.
The biases are chosen independently on distinct edges, each one ac-
cording to a given law that satisfies a logarithmic non-lattice condi-
tion. We determine the condition under which the walk is sub-ballistic,
and, in the sub-ballistic regime, we find a formula for the exponent
v € (0,1) such that the distance | X (n)| moved by the walk in time n is
of the order of n7. We prove a stable limiting law for walker distance
at late time, proving that the rescaled walk n~7|X(n)| converges in
distribution to an explicitly identified function of the stable law of
index 7.

This paper is a counterpart to [4], in which it is proved that, in
the model where the biases on edges are taken to be a given constant,
there is a logarithmic periodicity effect that prevents the existence of
a stable limit law for scaled walker displacement. It is randomization
of edge-biases that is responsible for the emergence of the stable limit
in the present article, while also introducing further correlations into
the model in comparison with the constant bias case. The derivation
requires the development of a detailed understanding of trap geometry
and the interplay between traps and backbone. The paper may be
considered as a sequel to [2], since it makes use of a result on the
regular tail of the total conductance of a randomly biased subcritical
Galton-Watson tree.
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Glossary of notation

A fair amount of notation will be needed in the article. For the reader’s conve-
nience, we begin by listing much of the notation, and provide a summarizing phrase
for each item, as well as the page number at which the concept is introduced.
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1 Introduction

A thermally agitated particle subject to a constant external force in R may
be modelled by a random walk with a non-zero drift. Under minor assump-
tions on the jump law, (such as, that the jumps are bounded), the walk will
move at a deterministic velocity. If, however, the particle resides in a disor-
dered medium, in which impenetrable objects are present, then the regular
progress of the particle is not assured. Indeed, it was argued physically in
[7] that trapping effects would result in a particle velocity that was not a
monotone function of the bias. Later, it was further argued (in [10] and [11])
that strong biases would result in sub-ballistic regimes, in which the particle
has asymptotically zero velocity. The latter prediction has been verified for
biased random walks on random trees by Lyons, Pemantle and Peres [22]. In
the problem of biased random walk on the supercritical percolation cluster
of Z%, the prediction of zero velocity was verified at sufficiently high values
of the bias by [6] (for d = 2) and [25] (d > 2), while the existence of a critical
bias delimiting the sub-ballistic and ballistic regimes has been proved in [17]
(with d > 2).

Related to this slowdown is the phenomenon of aging, in which a random
system becomes trapped in deep wells, spending a time there proportional
to the age of the system. It has been predicted [8] that aging describes the
dynamics of low temperature spin-glasses, and it has been proved [5] to arise
in effective models, in which random walker jumps are time-changed at a
random rate associated to walker location. A natural aim is to seek to prove
aging in systems where trapping occurs not by being built into the model’s
definition, but arises naturally in long-time dynamics.

In this article, we prove aging for biased random walk whose environment
is a supercritical Galton-Watson tree having positive extinction probability.
This forces us to address in detail the geometry of traps in which the walk
falls at advanced time. In the model we study, the bias of the random
walk is randomized over edges, so that the jump law at distinct vertices is
independent and identically distributed. This random biasing is introduced
to permit aging to occur.

We start by defining the general class of biased random walks on trees in
which we are interested.

Definition 1.1 Two constants (Q > q > 1 are fized. Let T be a rooted and
locally finite tree, with vertex set V(T'), edge set E(T), and root ¢. The tree

4



T is said to be weighted if it carries a function 5 : E(T) — [q,Q]. The
B-value associated to an edge e € E(T) will be called the bias of the edge. It
will be denoted by (.

Definition 1.2 We write Pr g for the law of the 3-biased random walk { X (7) :
i € N} on the set of vertices of a weighted tree T'. This process is the Markov
chain on V(T) with the following transition rules. If a vertex v € V(T),
v #£ ¢, has offspring vy, ..., v, then, for each n € N,

1

i=1~v,0;
IP’Tﬁ<X(n+1):va(n):v) = Hé*jﬁ’ Jor1<j <k,

i=1Mv,0;

where U denotes the parent of v, i.e., the neighbour of v that is the closest
to the root. The jump-law from the root is given by

X(n):qb):%, for 1 <5 <k(9).

For v € V(T), we write P, 5 for the law of Pr g given that X(0) = v. We
write B 5 for the expectation value under Py 5.

PT’ﬁ <X(7L + 1) = qu

The environment of our walk will have the geometry of a Galton-Watson
tree.

Definition 1.3 Let p = {p; : i € N}, Y .2 p; = 1, denote an offspring
distribution. Let f : [0,1] — [0,1], f(2) = D iy piz", denote the associated
moment generating function. We write Py for the Galton-Watson tree with
offspring distribution p, that is, for the law on rooted trees in which each
vertex has an independent and p-distributed number of offspring. We further
write Py o for the law Py conditional on the sample being infinite.

We will make the following very weak assumption on the off-spring distribu-
tion.

Hypothesis 1 The sequence {p; : i € N} satisfies Y po o kpe > 1 and py > 0.
There exists a > 3 and Cy > 0 such that ZiZk pi < Cik(log k).

We now describe the law of the random biases.

Definition 1.4 Let v denote a probability measure whose support is con-
tained in [q,Q]. We write Ps, for the following law on weighted trees. A
rooted tree is drawn from the distribution Py. Its weights G, : E(T) — [q, Q)]
are independently chosen according to v. We write Py, o 1= Py, for the
weighted tree that results by so labelling a tree sampled according to the law

Psoo-



The following non-lattice assumption on v will play a fundamental role.

Hypothesis 2 The measure v has support in [q,Q], where Q > q > 1 are
fixed in the definition of a weighted tree from Definition 1.1. The support of
volog™! is non-lattice. That is, the Z-linear span of logsupp(v) is dense in
R.

We require notation to describe the joint randomness of tree environment
and walk:

Definition 1.5 Let P denote a law on weighted trees. We write P x IP’%ﬂ
for the joint distribution of a weighted tree sampled according to P and a
(B-biased random walk on that tree bequn at its root. The weighted tree drawn
according to a sample of such a measure will be called the environment of
that sample. The law P on weighted trees given by the environment under
P x ]P’%ﬁ will be called the environment marginal of P x ]P’%ﬁ.

The aim of this article is to study the long-term behaviour of the walk under
the measure Py, o, X IP’%ﬁ. Randomly biased random walks on infinite trees
have previously been studied by [21], who provide a criterion for recurrence,
or transience, valid for a very broad class of trees. (In our case, the assump-
tion of ¢ > 1 in Hypothesis 2 trivially implies transience.) In the case of
supercritical Galton-Watson trees, randomly biased walk is studied in the
recurrent regime by [15], who investigate the high-n asymptotic of the maxi-
mal displacement of the walk during [0, n]. In [1], the same model is analysed
in the case of zero extinction probability and in the transient regime, the au-
thor presenting criteria for zero speed and for positive speed, and providing
a formula for the exponent for sublinear growth in walker displacement in
the zero-speed case.

The model Py, o, X IP’% 5, which is the object of our attention, has three
levels of randomness: tree geometry, edge-biases, and walk. A more basic
model arises by setting v = d3, with some 3 > 1, so that the second type of
randomness disappears, each edge having constant bias 3. Indeed, this model
is a natural candidate for an investigation of sub-ballistic walk in random
environment, and is the subject of [4]. It is useful to explain heuristically
its behaviour. Consider for a moment a toy model. Let u be the law on
(0,00), u = %Z:’Zl a™dgn, where a € (0,1) and § > 1. Attach to each
n € N an independent sample w,, of p. A continuous-time walk X : [0, 00) —
N, X(0) = 0, jumps successively to the right. It waits at site n € N for
an exponentially distributed period whose mean is w,. If § is sufficiently
large, sub-ballistic behaviour results. However, the time to reach n, after
normalization, will not resemble a stable law. This is because the holding



times of the walk will tend to remain within a bounded multiple of powers
of 3, so that, if § is high, the sequence of logarithms of these holding times,
modulo Z log (3, will contain far more values close to zero than close to %,
say. This is inconsistent with a stable limit. The constant bias walk on a
supercritical Galton-Watson tree resembles the toy model, at least crudely,
because the waiting periods model the delays caused by finite dead-ends for
the walker on the tree (and indeed [4] shows how stable limits do not arise
in the tree model). The distribution p has a support whose logarithm lies in
a lattice.

In asking which tree-based random walk models may have stable limits,
we are led, then, to the model with edge-biases randomized according to a
law satisfying Hypothesis 2. This non-lattice condition is similar to that in
[18], which there ensures a stable limit law for the particle trajectory of a
random walker in a one-dimensional random environment. See [13] and [14]
for explicit representations of constants arising in Kesten’s derivation of a
stable limit law in this case.

We need a final piece of notation, before stating the principal conclusion
of this article.

Definition 1.6 For T' a rooted tree, we set |-|: V(T) — N, |v| = d(¢,v).
For T an infinite weighted tree, we set H,, = inf {i € N : | X;| = n} to be the
time that biased random walk P?’ﬂ on T takes to move to distance n from the
root.

Theorem 1 Let the offspring distribution {p; : i € N} satisfy Hypothesis 1,
and let the measure v satisfy Hypothesis 2. Define v > 0 according to

/0 T yudy) = ﬁ (2)

where r = P¢(|V(T')| < 00) denotes the extinction probability. Provided that
v < 1, under the law Py, o X IP’%ﬁ, the hitting time H,, satisfies

n ', — 78, (3)
where the limit is in distribution as n — oo, where Sg,
Eexp{ —AS,} =exp{— A"}, for A >0,
denotes the stable law of index ae. We have further that, under Py, o X IP’%ﬂ,

[X(n)]

n”

— &8, (4)



the limit in distribution as n — oo. The constant & is given by

§ = ymdidyl'(1 4 ~)(1 — 1), (5)

where I'(z) = [ t* exp{—t}dt for z > 0.

Fxplicit expressions for the constants dy and dy will be given in Proposi-
tion 2 and Proposition 5. The value of n is identified after Lemma 1.31, and
WY 1s defined in Lemma 3. 2.

Finally, if v > 1, then motion is ballistic: there ezists v € (0,00) such
that n™'H, — v, Py 00 X P 5-a.s.

We show then that biased random walk with logarithmically non-lattice bi-
ases on a leafy supercritical Galton-Watson tree gives rise in its sub-ballistic
regime to a scaled walk having a stable limiting law. The theorem also ex-
hibits v = 1 as the critical point in a phase transition from the ballistic to
the sub-ballistic regime. The analogous statement in the case of constant
bias appears as Theorem 4.1 in [22] (which also establishes that the speed is
zero at the critical value). The final statement of Theorem 1 will be a simple
inference from the techniques that we will develop to prove its assertions
regarding the sub-ballistic case.

A fundamental step in our approach is the next result, which describes the
law of the total time spent in a trap. Note that we require no hypothesis on
the exponent v € (0,00), although our interest in the result lies principally

in the case that v < 1. Here and throughout, by A(z) ~ B(z) is meant
A(x)
B(z)

— 1 asx — oo.

Theorem 2 Assume Hypotheses 1 and 2. Then, as x — o0,

(@ x o ﬁ) <T > x) ~ ndidoT (1 4 )z,

We have yet to explain the meaning of the notations in Theorem 2: the
measure Q x IP"(SJH;T)’ 5 and the random variable 7, as well as the first three
constants on the right-hand-side. For now, we invite the reader to keep this
picture in mind: that the walk under Py, o x IP’% g follows a trajectory under
which it moves at linear speed along a backbone in the tree, and that, from
time to time, it moves away from this backbone, arriving at a new finite
tree, which may then act as a trap, into which the walk may fall and so be
delayed. At such a moment of arrival, we regard the walk as being at a new
trap entrance. The measure QQ x IP"(SJH;T)’ 8 has the interpretation of the limiting
environment, viewed from the particle, on the occasion of its arrival at a new
trap entrance, after many trap entrances have already been encountered. As

such, configurations under the law Q x IP)‘E]‘;T) 5 have both an “outside”, that



describes the locale of the walker on the backbone, and an “inside”, that
specifies the finite trap that is the descendent tree of the trap entrance. The
quantity 7 denotes the total time that the walk will spend in the trap, after
its moment of arrival at the trap entrance. As such, Theorem 2 describes the
law of the total time spent in a trap that is encountered at a very late time
by the walk under Py, o X ]P’% 5

At least conceptually, Theorem 1 is a fairly direct consequence of Theo-
rem 2.

In the next few subsections, we will define the objects appearing in the
statement of Theorem 2. As we do so, we will outline several of the principal
ideas involved in the proof of this result, doing so in enough detail that we
present the statements of the propositions that form the main stepping stones
on the route to Theorem 2. This first section concludes with accounts of two
elements of the broader topic: how the route to Theorem 2 would be much
simpler for the case that the bias is constant, and how the two aspects of the
clustering /smoothing dichotomy identified in [4], and in [2] and the present
article, may both occur in the more physical model of anisotropic walk on a
supercritical percolation cluster.

Section 2 presents the proofs of the propositions in the earlier explanatory
sections. It finishes with the proof of Theorem 2. In Section 3, we present
the coupling construction by which Theorem 1 is derived from Theorem 2.
This section begins with a counterpart to the introductory subsections to
which we now turn, in which the strategy of this derivation is presented.

Acknowledgments. 1 would like to thank Gérard Ben Arous for many
valuable discussions while this project was conducted, and Alex Fribergh and
Nina Gantert for interesting conversations. I thank a referee for perceptive
comments and for suggestions to improve the presentation of several proofs.

1.1 The backbone and the traps: the Harris decompo-
sition

We now describe the decomposition of the tree into a backbone, on which

the walk moves at linear speed, and traps, by which it may be waylaid. The

assertions made here are proved in [23], Section 5.7.

Writing f: [0,1] — [0,1], f(2) = > o0, prz®, we set 7 = P,(|V(T)] < o0)
for the extinction probability, so that r € (0, 1) solves f(r) = r. We introduce
h:[0,1] — [0,1], h(z) = Y pey hiz®, and g : [0,1] — [0, 1] according to

1—r)t) —
and gy = L0 EA=H = (6)

r 1—r




Figure 1: The moment generating functions associated to the Harris decom-

position of a Galton-Watson tree.

Then the law Py may be sampled as follows. Firstly, an infinite leafless
tree is sampled according to P,. To each of its vertices is added a random
number of additional edges, whose law is determined by the number of chil-
dren of the vertex already constructed. Then, to each of the endpoints of
these new edges, an independent tree sampled according to P, is attached.

Introducing some terminology,
Definition 1.7 Let T be an infinite rooted tree. Throughout, we write ¢ =

o(T) for the root. Define the backbone B = B(T) to be the subtree induced
by the set of vertices lying in some infinite vertex self-avoiding path beginning

at ¢. We define the augmented backbone B,ug to be the subtree induced by
{veV(T):d(v,B) <1}, and write Beyy = V(Baug) \ V(B) for the exterior

vertex boundary of the backbone.
In these terms, the decomposition states that the backbone B(T) of a sample

T of P; has law PP;, while the descendent trees of elements in the exterior

vertex boundary By are independent, each having law Py,.
For a sample of P, ., we regard each element of By as a trap entrance,

with the descendent tree of that element being the corresponding trap. Each
such trap is a weighted tree, with distribution P .
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Throughout the paper, we use {h; : ¢ € N} to denote the offspring law
arising from the given {p; : ¢ € N} by means of (6). It is easy to see that,
for any supercritical choice of {p; : i € N}, the {h; : i € N} are exponentially
decaying in 1.

1.2 The return time to the trap entrance

Under Py, o X ]P’é,‘iﬂ, the duration {1,...,H,} is comprised of moments at
which the walk lies in the backbone, and the moments at which it lies in one
of the traps. In a regime of sub-ballistic motion, we anticipate that most
time is spent among the traps, and that, indeed, it is a small number of deep
traps that account for most of the delay in reaching distance n from the root.

In an effort to describe the sojourn time in a trap, suppose that the walk
has just arrived at a new trap entrance, that is, at a previously unvisited
element of Be. As a first step to understanding the delay caused by the
trap, we present in this subsection results describing the law of the time taken
for the walk, from its arrival at the trap entrance, to return to its parent on
the backbone, in the case of a typical trap. We will call this random variable
the escape time.

This toy problem concerns a walk on a finite tree which we introduce
some notation to describe.

Definition 1.8 By a simple path in a graph G, we mean a finite list of its
vertices, each adjacent to the last, and without repetitions. Given a tree T
and v,w € V(T), we write P,,, = wa for the unique simple path starting at

v and ending at w. We will also write P,,, for the graph induced from G by
the set of elements of this path.

Definition 1.9 Let T be a rooted tree. We say thatv € V(T) is a descendent
ofwe V(T) ifw e V(Ps,). We define the descendent tree T,, of w to be the
subtree of T' induced by the set of descendents of w. The tree T, is a rooted
tree, with ¢(T,,) = w.

Definition 1.10 A single-entry tree is a finite rooted tree such that ¢ has a
unique offspring. For such a tree, we will refer to ¢ by head. The offspring
of head will be called the entrance and denoted by ent.

Definition 1.11 Let T be a weighted tree, and let v,w € V(T). Under the
law Py 5, we define the hitting time H,, = inf {n € N: X(n) = w}.

For a trap in an infinite weighted tree, consider the single-entry weighted tree
T induced by the trap entrance, its descendents, and its parent. The parent
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is identified with head and the trap entrance with ent. The escape time for
this trap is given by Hjeaq under PeTng

The paper [2] is devoted to describing the significant properties of the law
of the escape time when the trap is randomly chosen according to the law
Pp,,. We now state the results that will be relevant for our investigation.

1.2.1 The mean return time

The first crucial piece of data is a formula for the mean escape time E$;( Hyeaa),
where T is a single-entry weighted tree (associated to some trap). To present
this, we require some definitions.

Definition 1.12 Given a weighted tree T', we define the weight of a simple
path P in T to be the product of the edge-biases [, over all e € E(P).
Whenever z,y € V(T), with y a descendent of x, we write w,(y) for the
weight of the path P, ,. We set w,(z) = 1. We also write, for any x € V(T),
we(Tw) = Y pev(r,)wa(v). We use w(T) to denote wy(T), the sum of the
weights of all simple paths emanating from the root of T'.

The commute-time formula for a reversible network was originally proved
in [9], and is presented as Theorem 3.3 in the overview [3]. The following
formula is a special case. Let T' be a single-entry weighted tree. Then

E%?%(Hhead> = 2went (Tent) — 1. (7)

1.2.2 Approximate exponential law for a deep excursion

Of course, we would like to understand more about the law P%%(Hhead) than
the behaviour of its mean. We will say more, for trees T that are typical in
the relevant sense, that is, which are likely to occur under the measure P, , on
traps arising in the problem. We now define this notion of a “typical” trap.
To do so, we will make use of the lexicographical ordering on the vertices of a
finite rooted tree. In our application, we are concerned with Galton-Watson
trees. We did not specify an ordering on vertices of such trees in the slightly
imprecise Definition 1.3. Using the formal coding of Galton-Watson trees
given in Section 1.1 of [20], such trees carry a lexicographical ordering. This
material is also reviewed in Appendix A of [2].

Definition 1.13 Let T' denote a weighted tree. Let D(T), the depth of T,
denote the mazimal distance of ¢ to an element of V(T). We define vpase
to be the lexicographically minimal vertex at distance D(T) from ¢. Write
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Py e i the form (¢ = o, V1, ..., VD) = Vbase), and, for 0 < i < D(T),
let J;, the i-th outgrowth of T, denote the connected component containing
Y; of the graph with vertex set V(T') and edge-set E(T) \ E(Pyy,...)-

Definition 1.14 For By > 0, we say that a weighted tree T' is By-bare if
|V (J;)| < Bologlogw(T) for each i € {0,...,D(T) —1}.

For the present paper, the details of the definition of a By-bare tree are
inconsequential: it formulates the notion of a tree being long and thin. The
only property that we will use in this regard is the following lemma, which
appears as Lemma 3 in [2], and which tells us that a high-weight trap is
probably bare.

Lemma 1.15 There exists a constant ¢; > 0 such that, fizing By > lel}
P, (T s Bo—bare‘w(T) > u) > 1 — (logu) P,

for all sufficiently high u.

The next proposition, which is Proposition 1 (in Section 5) of [2], presents an
approximate description of the law Hy,q under IP’eTI}E, where T’ is a single-entry

weighted tree.

Definition 1.16 Let T' denote a single-entry weighted tree. Under the law
IP’%}%, the walk X s said make a deep excursion into T if H,, . < Hpead-
We write DE for the event that X makes a deep excursion in T. We write

Pae = pae(T) = P75(DE).

Proposition 1 Let By € (0,00) be an arbitrary constant. There exist vy €
(0,00) and Cy,C3 > 0 such that the following holds. Let T' denote a By-bare
single-entry weighted tree such that wWent(Tent) > vo.

The distribution of Hyeaq under IP’%%( |DE) is such that we may construct
on this space an exponential random variable E with EeTnE(E) = 2Went (Tent ) /Pde
and with

B (1Hs — B||DE) < Cons(Tent) s

moreover, I under PF5( - |DE) may be chosen to be independent of the tra-
jectory X :4{0,.... H,, .} — V(T).
We further have that

Evenita ( fr IDEC) < (1 T BoCs .
T,3 ¢ = 2 ngent( ent) . ( )

That is, the escape time satisfies the dichotomy: if there is no deep excursion,
then the escape time is negligible; if there is, then the escape time is well
approximated by an exponential distribution, of mean 2went (Tent)/Pde-

13



1.2.3 The tail of the weight of a trap

Under Py, o X IP’%ﬂ, each newly encountered trap has law Pj,,. We now
describe the law of the weight of the trap, or, equivalently by (7), of the
mean escape time to the backbone from the trap entrance.

Hypothesis 3 Let {h; :€ N}, > 77 khy < 1, be a subcritical offspring dis-
tribution for which there exists ¢ > 0 such that ), hy < exp{ — ck} for
each k € N. We write my, = >~ khy, for the mean number of offspring.

We now state Theorem 2 of [2]. We emphasise that Hypothesis 3 is not an
additional hypothesis for the results in this article; indeed, we have noted
that it is necessarily satisfied for our choice of {h; :€ N}.

Proposition 2 Let {h; :€ N} satisfy Hypothesis (3). For v a distribution
on (1,00) satisfying (2), we have that

P, <w(T) > u) ~ diu~7,

as u — 0o, where v > 0 satisfies

|t = - ©Q

h

and where

1 o0 -1
= — v 1 v =
d= ([ oewian) " Jim B (AT Do) (10)

The exponent 7 in Theorem 1 has now made its appearance. (This v is
indeed that of Theorem 1, since my; = f'(r) by our choice of h given in
(6).) Although the proof of Proposition 2 appears elsewhere, we mention
briefly how this exponent arises: the trees contributing to Py, ,(w(7T) > u)
are typically long and thin, so that w(T") is approximated up to a constant
factor by the w-value of a vertex wvp.se at maximal distance from its root.
This distance having a geometric distribution, logw(vpase) is a geometric sum
of independent random variables, each having law v o log™*. The defective
renewal theorem may then be applied to find the asymptotic behaviour of the
tail of this random variable. It is at this moment that we invoke Hypothesis 2
on the law v.

This approximation is good enough to explain the form of the exponent ~,
but not that of the constant d;. Indeed, the limit in (10) may be considered
as a constant correction that takes account of the numerous vertices in the
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environment near the base of the trap under Py, which contribute to w(7'),
in comparison to the single vertex responsible for the term w(vpase)-

We mention also that the scaling in Theorem 1 may be heuristically iden-
tified from Proposition 2. Indeed, since we expect the walk under Py, XIP’% 5
to encounter an order of n traps before time H,,, and for a macroscopic frac-
tion of its time to be spent in the largest trap encountered, we may estimate
H,, by a value of u for which P, (w(T) > u) ~ n~'. Hence, Proposition 2
points to the scaling H,, ~ n'/7.

1.3 Modelling a visit to a trap made at late time

We now formally record the set {ar; : i € N} of moments of arrival at trap
entrances made by the walk.

Definition 1.17 Let T be an infinite weighted tree. Let X have the law IP’%ﬁ.
Let ar; = inf {t € N: X(t) € Bex}, and

ar;;1 = inf {t > ar; : X(t) € Bext, X(t) € {X (ary), .. .,X(ari)}}, i>1.

That is, {X(ar;) : ¢ € N} and {Tx(ar,) : ¢ € N}, are chronological lists of
encountered trap entrances, and the corresponding traps.

We are working towards a precise understanding of how traps delay the
walk under Py, » X IP’%ﬁ. The results quoted so far tell us about the escape
time from trap entrance to backbone. Of course, this is not enough for our
purpose, because the total time spent in a trap may be interspersed with brief
interludes on the backbone, and is, in effect, a sum of several escape times,
their number dependent on the environment on the backbone neighbouring
the trap entrance. To discuss this matter precisely, we now introduce a formal
description that models a trap entrance encountered at late time. We are
modelling a late time limit, at which the root of the global tree will have
receded infinitely into the past. Despite the absence of a root, local notions
of direction in the tree still make sense. As such, we introduce the following
definition.

Definition 1.18 A locally finite infinite tree T is said to be end-distinguished
if its edges are oriented, with each vertex v having exactly one ingoing incident
edge (w,v). We write w = . We may extend the definition of biased
random walk from the class of rooted trees to end-distinguished ones: given
a labelling B : E(T) — [q,Q)] of a end-distinguished tree by biases, we may
define the random walk by means of the transition probabilties (1). In an
extension of the usage of Definition 1.1, a end-distinguished tree carrying
such a labelling will be referred to as a weighted tree (even though such a tree
lacks a root).
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Ubase

Figure 2: A backbone-tree pair. The backbone B is drawn with bold lines.

The following definition is intended to model the backbone and trap, as seen
from the particle at late time, as it visits a trap entrance for the first time.

Definition 1.19 Let B be an infinite rooted or end-distinguished weighted
tree without leaves, with a distinguished vertex u € V(B). Let T be a single-
entry weighted tree. We define the backbone-tree pair (B, T) by contracting
the tree

(V(B) UV(T), E(B) U E(T) U {(u, head)})

along the edge (u,head); that is, by identifying the vertices w € V(B) and
head € V(T). The direction of edges and the weights 3 : E(B,T) — [q, Q]
are naturally inherited from the constituent graphs, as is the root ¢(B), in the
case that B is rooted. As such, (B, T) is a weighted tree, which is either rooted
or end-distinguished, in accordance with B. We continue to write head for
the vertex in V(B,T) corresponding to both u € V(B) and head(T) € V(T).
Similarly, the entrance ent € V(B,T) is the counterpart of ent(T). We
will occasionally use the notation T = (head,ent) o Toy to recall that T is
composed by adjoining to the edge (head,ent) the tree Typy.

In the case that T is finite, we also record by Vnase the lezicographically

minimal vertex among those in V(T') at maximal distance from ent.
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For a given backbone-tree pair, we are trying to understand the law of
the total time spent in the trap:

Definition 1.20 Let (B, T) be a backbone-tree pair. Let u € V(B,T). Un-

der the law P(B,T),ﬁ’ we define the random variable

., = Hz eN:X(i)e V(Tem)})

for the total time spent by X in the vertices of the tree Ty .

As we have mentioned, this total time may be spread between several separate
visits to the trap. We now present the analogue of Proposition 1 for total
visit time of the trap in a backbone-tree pair.

Definition 1.21 Let (B, T) be a backbone-tree pair, with T finite. Let pege,
the escape probability, denote the P?Eﬁ%ﬁ—pmbability that X mever visits ent.
Let pqe denote the P?]‘;tjw—pmbability that X wvisits vpase before its first visit
to head, (which, in the notation of Definition 1.16, is the probability that the
initial excursion of X into T is deep). We further set c; = prl + py — 1.

Under P(Eg,T),ﬁ’ we write FD for the event that X falls deeply into Ty,
namely that X visits vpase at some positive time.

Proposition 3 Suppose that the edge-law v has support in [q, Q] C (1, 00).
Let By > 0 be a given constant. There exist vy € (0,00) and Cy > 0 such that
any backbone-tree pair (B,T), T = (head, ent) o Tyy, for which w(Tu) > vo,
and with T, being a By-bare tree, has the following property. The distribu-
tion of Tr,,, under P??,T),ﬁ s such that we may write

Tre = Elgp + &,

where P2 )ﬁ(]:D) = 1=

— —Pde " qnd E is an exponential random vari-
(B,T (1 pesc)(l pde)
able of mean 2¢jWen;(Tens) that is independent of X : {0,...,H,, .} —
V(B,T): that is, E is independent of FD; given FD, E is independent of
the walk until its arrival at vya.se; and given FDC, it is entirely independent
of the walk. The error £ satisfies

E?Jr;’t,?),g (‘5|) < Cowent(Tons) /2. (11)

In other words, for a backbone-tree pair whose trap has a high weight
and is typical, the total time spent in the trap is negligible, if the walk never
reaches the base of the trap, and, in the other case, it is well approximated
by an exponential distribution. Conditional on falling deeply into the trap,
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the mean time spent there 2cpw(Ten) is up to leading order. The quantity
¢y is a coeflicient modifying the dominant term 2wen(Zen) in the mean time
formula (7) that accounts for return visits and the conditioning on falling
deeply into T,,;. For this reason, we will call it the correction factor.

1.4 Constructing the law for the environment of a late-
time arrival at a trap entrance

Continuing our investigation of the total time spent in among one of the
deepest traps encountered before time H,,, we would like to find an analogue
of Proposition 2, for the case when total trap visit time is considered, rather
than merely escape time for a single visit. Now, Proposition 2 discusses the
law of the weight w(T") of the trap, i.e., of the mean time spent before a
return to the backbone. In searching for an analogue, it is natural to study
the law of 2¢fw(Teyt ), the mean time spent in the trap if the walk falls deeply
into it, where we choose a suitable measure on backbone-tree pairs as the
environment. Which measure should we choose? Recall that we are trying to
study the trap, and its surroundings on the backbone, as witnessed on arrival
at a new trap entrance at late time. For the trap T, we simply use the law
Py, ., while, for the backbone law, we should use a limiting distribution for
the backbone viewed from the particle in a limit of arrival at a high-indexed
trap entrance.

To state a result claiming the existence of this limiting law, we require
some notation to describe the local backbone environment of a trap entrance.

Definition 1.22 Let T be any infinite end-distinguished weighted tree. For
u € Bext(T), and k € N, we write NJ"*(u) for the weighted tree induced by
the vertex u and the set of vertices in the backbone B(T) of T at distance at
most k+1 from u. We call NJ" (u) the k-large backbone neighbourhood of w.
(Note that the natural choice of root ¢(N"(u)) for this weighted tree is the
unique ancestor v € V(T') of uw for which d(u,v) = k + 1, since this choice
induces the same parent-offspring relations as in the original tree.) We write
Uy for the set of NP"(u) arising for some such T, w and k. For § € Wy,
we set ent(£) to be the leaf corresponding to u in the above description, and
head(§) for its unique neighbour.

Here, then, is our result asserting the existence of a limiting measure for the
neighbourhood on the backbone of the walk as it reaches a high-indexed trap
entrance:

Proposition 4 Let the offspring distribution {p; : i € N} satisfy (1), and
let v be a measure supported on (1,00). Let Q" (n) denote the law on Wy, of
NP (X (uy)) under Py, o0 X IP’%ﬁ.
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For each k € N, there exists a measure Q)" on Uy such that
V(@5 (n), Q") — 0,

where TV(-,-) denotes the total variation metric on probability measures on
Uy

The set of measures {Q¢™ : k € N} forming a consistent family, we
may define a measure Q°", supported on infinite weighted end-distinguished
trees having a unique leaf (which leaf we label ent), such that the k + 1-
neighbourhood of ent under Q™ has the law QY™ for each k € N.

Note that Q°" is supported on trees that are end-distinguished, but that
lack a root, since, under Py, o, X ]P’% g» this root is lost in the receding past
from the standpoint of the particle at late time.

We now define the law on backbone-tree pairs that models the trap en-
countered at late time:

Definition 1.23 Let Q denote the following law on backbone-tree pairs. A
sample of the law Q°" has a unique leaf ent. Independently of this sample,
we sample a weighted tree according to Py, ,, and identify its root with ent.
We define pesc, Pae and cy by means of Definition 1.21.

We are ready to state an analogue of Proposition 2:

Proposition 5 Let the offspring distribution {p; : i € N} satisfy Hypothesis
1 and the law v, Hypothesis 2. We have that

@(20fwent(Tent) > u) ~ d1d2u_’ya

as u — 0o, where the constants dy € (0,00) and v € (0, 00) were specified in
Proposition 2. The constant dy is given by

1 4. v
dg = (1 —po) 1 kh_)rgo EQ<<2cfwem(base(Ck))> ]lT(Tem)>k)a

where the quantities base(Cy) and r(Tuy) will be introduced in Definition 2.1.

In words, we sample a trap, and its backbone environment, by stopping
the walk on its arrival at a late trap entrance. The statistic 2¢pw(Tent)
summarises the mean total time that the walk would spend in the trap, were
it to fall deeply into the trap. Proposition 5 provides the leading asymptotic
for the decay of this random quantity.

The limit in dy is an average of a weighting of the correction factor over
trap environments. The correction factor is well approximated by data from
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the environment close to the trap entrance, and the averaging in the limit
should be considered as an average over the environment viewed from ent.
A key tool in obtaining this formula for ds is a certain decomposition of the
trap Ty into renewal blocks, that will be specified in the course of the proof
of Proposition 5.

1.5 Regeneration times for the walk

We make a further comment regarding Proposition 4. In the proof, we will
use a coupling procedure that depends crucially on the use of regeneration
times for the walk. We now define these.

Definition 1.24 Let T denote an infinite rooted weighted tree. The set of
regeneration times RG C N of the walk X under ]P’%ﬁ consists of those mo-
nents i € N at which X(i) € V(B) is visiting the backbone B = B(T),
while d(¢, X (7)) < d(¢,X(i)) whenever X(j) € V(B) and j < i, and
d(¢, X (7)) > d(¢, X(i)) whenever X(j) € V(B) and j > i.

Moreover, when we come to derive Theorem 1 from Proposition 2, we will
apply Proposition 4, in the following guise:

Corollary 1.25 Under the hypotheses of Proposition 4, let Q3" (n) now de-
note the law of NP (X (uy,)) under (P00 X P?’ﬂ)( -0 € RG). For each
keN,

TV (@ (n), @) — 0,

as n — 0o, where QY™ is as stated in Proposition 4.

1.6 The first-order asymptotic for the total time spent
in a trap encountered at late time

We now define the random variable 7 appearing in Theorem 2, setting
= {i eN: X() e V(T }|

under the law Q x IP)‘E?T) it where (B,T) and X denote the backbone-tree

pair, and the walk, under this law.

Recall that we are seeking to understand the way in which the walk
under Py, o X IP’if}ﬁ spends the duration {1,...,H,}. Most of this time will
be spent in a few big traps. The measure Q x P((?T), 4 models the environment
at the moment of arrival at a trap entrance at late time, and the subsequent

20



behaviour of the walk in that environment. As such, to understand the law
of time spent in the big traps before time H,, under Py, o, X IP’%ﬂ, we study
the behaviour of the tail of the law of 7.

Proposition 3 provides an approximate representation for total trap visit
time, and Lemma 1.15 implies that the geometry of the environment under
Q is typically such that this approximation is a good one. As such, the
following wil be a simple consequence of these two results:

Lemma 1.26 We may construct under QQ X ]P"(EB 7.8 random variables & and
E such that

TZEII}‘D—F(‘:. (12)
Given the environment (B,T) of a sample of Q x P*™_  E has the condi-

BT),3

tional distribution of an exponential random variable guho)sﬁe mean 18 2¢ fwWent (Tent) -
Recall that the event FD was specified in Definition 1.21. The construction

of E may and will be carried out so that, given the environment (B, T) under
QXP‘EET) g L is independent of the trajectory X {0, .. } —V(B,T)
(both when FD = {H,,, . < oo} occurs and when it does not); hence, E and
FD are independent. The term & is an error term whose tail is small, in the
sense that there exists € > 0 such that, for all x > 1,

(@ P, ) (€ >2) < (loga)“(Qx Py ) (B >2).  (13)

Ubaie

ent

(BT).3 follows directly from

Now, the asymptotic decay of E under Q x P
Proposition 5:

Lemma 1.27 We have that

(Q % P?gcf)ﬁ) <E > u) ~ d1d2</000 v? exp{—v}dy) w7,

as u — oo, where the constants dy and dy were introduced in Proposition 2
and Proposition 5.

One element remains to derive Theorem 2: it is easy to see that, if we
can establish the existence of the limit

Tim (@ x PO ) <]—“D‘E _ a;) (14)

then Lemmas 1.26 and 1.27 would yield Theorem 2, with the constant 7

being the value of this limit. (It may seem troublesome to condition on the

zero-probability event E = z in (14). However, E is built by an independent
exponential randomization on top of an environment-determined mean, so,
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as we will see, the effect of this conditioning on the environment is much less
singular.)

To prove the existence of this limit, we work as follows. We will argue
firstly that FD is an event that is determined by the geometry, edge-bias
data and walk local to the trap entrance, in the sense 7D may be arbitrarily
well approximated in Py, o, X P?’ﬂ-probability by the event that the walk
leaves a large neighbourhood of ent at a point in the trap Te, (rather than
at a point on the backbone). Secondly, we will show that this environment
viewed from ent has a limiting law as we condition Q x IP’BJH;T)’ 8 by F ==«
and take z — oo. We will call this limiting law p. Since F and FD are
conditionally independent given the environment (B, T), the upshot of these
two statements is that the limiting value of (Q x P((EET), ﬁ)(FD]E = x) is
given by the probability under p that a biased walk from its entrance falls
indefinitely into Tiy.

We prove the existence of p in two steps. Firstly, we show that there is a
limiting distribution for the environment viewed from ent for the backbone-
tree pair law Q( - |2¢fWent(Tent) > w) in the limit of high u. Secondly, we
argue that the analogous limiting law under (Q x P?JI;T), ﬁ)( - |E = z) as
x — oo (which is p) exists and coincides with this distribution. We now
state precisely the conclusions of these two steps.

Definition 1.28 Let (B,T) denote a backbone-tree pair. For k € N, write
(B,T)y for the finite weighted tree induced by the set of vertices in V(B,T)
at distance at most k from ent. (Similarly to the case of elements of U
in Definition 1.22, the root of ¢ of (B,T)y is equal to the unique ancestor
v e V(B,T) of ent for which d(ent,v) = k.)

Let £ denote a law on backbone-tree pairs. For k € N, let £ denote the
law on end-distinguished weighted trees given that of (B,T)y, where (B,T)
has law &.

Proposition 6 Assume Hypotheses 1 and 2. There exists a measure p,
supported on backbone-tree pairs for which T.. is infinite, that is the limit
as u — 00 of Q( - |2¢fwent(Tent) > w) in the sense that, for each k € N,
Q( - [2cswent(Tent) = u)y) — p) in total variation norm as u — oco.

(The square bracket notation in pj is adopted because, when we come to
prove Proposition 6, we will make use of a different system of marginal dis-
tributions; and to avoid notational complication in the proof, we reserve the
notation py to denote that other use.)

Lemma 1.29 The law p, as defined by Proposition 6, is the limit as v — 00
of the environment marginal of (Q X ]P’E’;t?) ﬁ)( -|E = x), in the sense of this
proposition.
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Definition 1.30 Let (B,T) be a backbone-tree pair where Toy is finite. Re-
call that FD is defined for the walk ]P"(?Etf) s in Definition 1.21. We extend this

definition to the case where T,y is infinite as follows. For such a backbone-

tree pair, under the law IP’E’?T) g we set

FD = {X(z’) € V(Tent) for all sufficiently high i € N}.

Lemma 1.31 The limit (14) exists, and is equal to (p X ]P"(?Etf) ﬁ)(FD).

The value of 1 appearing in Proposition 2 is equal to the value identified in
Lemma 1.31. Alternatively, it is given by

Pde
E ]
P 11— (1 _pesc)(l _pde)

where the quantites pge and pes. are specified in Definition 1.21.

n= (15)

1.7 The environment viewed from the trap entrance
at late time

The law p is closely related to the environment viewed from the entrance of
the trap in which the walker lies in the limit of late time. Here, we give a
precise statement in this regard. Our assertion follows in essence from the
method by which Theorem 1 is derived from Theorem 2 in Section 3. We
sketch the argument at the end of Section 3, although we omit details.

To obtain this limiting environment p, the law p has to be conditioned to
take account of deep falling into the trap.

Definition 1.32 Let p denote the law on backbone-tree pairs that is the en-
vironment marginal of (p X IP’?]‘;TW)( - |FD).

Definition 1.33 Under the law Py, o X IP’%ﬂ, define the “walk on trap en-
trances” Y : N — Bey by setting Y (n) equal to the last element of Bey, visited
at or before time n.

In fact, Y is defined only after the time of the first visit of X to a trap
entrance. This does not matter since we will be concerned only with late
time. The walk X spends asymptotically all of its time in traps; hence, Y is
in essence a record of the entrance of the trap in which X currently lives.
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Definition 1.34 Under the law Py, o X ]P’if,iﬂ, for each n € N, we let Y(n)
denote the backbone-tree pair given by viewing T' from Y (n). That is, Y(n) =
(B, T), where the descendent tree Teny, in Y(n) is identified with Ty () under
Pt oo X IP’%ﬂ, and where N (ent) under Y(n) is identified with NY"* (Y (n))
under Py, o X IP’%ﬂ for each k € N.

Then, assuming Hypotheses 1 and 2, p has the intepretation of the environ-
ment viewed about the trap entrance at late time, in the sense that ) (n)
under Py, o, X IP’% 5 converges to p as n — o0, in the sense of Proposition 6.
See the final Section 3.4 for a sketch of the proof of this assertion.

1.8 The form of the constant ¢ in Theorem 1

We have completed the overview of the proof of Theorem 2. The various
aspects of the proof each leave an imprint in the form of a factor appearing
in the constant £ given in (5) in the statement of the main result, Theorem 1.
The constants d; and ds are corrections that account respectively for how the
trap environment near its base influences the walk’s escape from the trap,
and how returns of the walk to the trap entrance increase the total sojourn
time in the trap. The constant 7 is the probability of falling deeply into a
random trap with high mean visit time that is encountered at late time. The
remaining constant v will be introduced during the derivation of Theorem 1
from Theorem 2: it is the mean number of trap entrances encountered by
the walk per unit of advance from the root.

1.9 A comparison of the approach with that for the
case of constant bias

The principal aim of this paper is to derive the stable limiting law for walker
motion in the form of Theorem 1, drawing on the regularity of the tail of
trap-weight in Proposition 2 that is proved in [2]. As we have described,
Proposition 2 is false for the case of constant bias. Nonetheless, the task
undertaken by [4] for the constant bias case is an analogue of that performed
together by [2] and the present work: to describe precisely the asymptotic tra-
jectory of the walker in the environment in question. The paper [4] achieves
this understanding in a much shorter space than the combination of the
present article and [2]. As such, we would like to discuss how the case of
random bias is harder.

We will focus on those difficulties that are specific to the task of the
present article, which is in essence to derive Theorem 2 from Proposition 2.
Of course, Theorem 2 is not true for the constant bias case. However, for
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the purposes of the comparison, we would like to imagine that it were true,
in order to make a direct comparison of what the present paper does, and
what it would have to do in the constant bias case.

The crucial difference between the two models occurs around the trap
entrance. Consider a backbone-tree pair (B, T), where T is finite but large.
The probability pqe of deep excursion is random in the case of random bias,
being approximately expressible in terms of the biases of the edges near
ent on the path Pu,,,. . Consider instead the constant bias case, where
the bias is equal to some given 3 > 1. For deep enough 7T, the quantity
Pde 1S approximable to arbitrary precision by the probability that a nearest-
neighbour random walk on Z with rightward transition probability 3/(1+ )
never reaches 0 in departing from 1. Thus pge — 1 — 37! in the limit of deep
T.

This asymptotic non-randomness permits a dramatically simpler deriva-
tion of the law of the total time spent in a trap: as we now explain, the path
from Proposition 2 to Theorem 2, which is the subject of Section 2, is much
easier to travel in the constant bias case.

That pge is effectively non-random for all large traps has the upshot that
the correction factor ¢y = pot + pgel — 1 is a function of pe. alone, and thus
is measurable with respect to the trap exterior. This means that Proposi-
tion 5 becomes a trivial consequence of Proposition 2: (2¢)went(Tent) is a
product form whose first term depends only on the trap exterior and whose
second depends only on its interior. The first term being uniformly bounded,
this factorization into independent terms yields Proposition 5 by means of a
simple tool for heavy-tailed random variables (of which we will anyway have
need: see Lemma 2.7(i)). The constant dy would be given by Eq((2f)7) in
this case. (Of course, this formula is valid only under the absurd conceit that
Theorem 2 holds for the constant bias case.)

After Proposition 5 has been established, the principal step to obtain
Theorem 2 is the existence of the limit in (14), the asymptotic deep-falling
probability 0, a step that requires the construction of the limiting measure p
about the trap entrance. The non-randomness of pg. in the constant bias case
obviates the need for the non-trivial argument in this step. We may proceed
in a slightly different fashion. The adopted approach treats the question of
whether the walk falls deeply into the trap as a final step, after the total
visit time given deep falling has been understood in Lemma 1.27. Instead,
we may handle deep falling before analysing total visit time. Under the new
approach, we consider a trap reached at late time, i.e., a backbone-tree pair
sampled under the measure Q, and condition straightaway on the event FD
of falling deeply into the trap. In the constant bias case, this conditioning
has asymptotically no influence on the interior of large traps. It changes
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only the trap exterior, the backbone nearby the entrance. That is, the law
on backbone-tree pairs obtained by this conditioning has the form of a certain
measure on the backbone, with the conditional form of the trap being P}, ,-
distributed, just as it was under Q. We denote this law by Qpp. We then
obtain Lemma 1.27 for the measure Qpp X P?J?,T), 5 s in the proof in this
article. To prove Theorem 2, then, we compute (Q X IP??TL ﬂ)(T > z) by
conditioning firstly on FD, and then using the new version of Lemma 1.27
to estimate the resulting probability.

This treatment of deep falling - before conditioning on large time spent
in a trap, rather than after it - would raise significant complications for the
case of random biases. Traps would no longer be P, ,-distributed. Rather,
the edges leading into the trap from ent would experience a significant re-
conditioning. This would have the effect that Proposition 2 on the tail of the
trap-weight would not be applicable, since it would not accurately describe

the measure on traps.

1.10 Potentially analogous results and the value of the
techniques for related lattice models

The present article and its prequel [2], and [4], present a dichotomy for models
of random walks on supercritical Galton-Watson trees with leaves. On the
one hand, there is no scaling limit in the sub-ballistic regime for random walk
with a constant bias, but, rather, there is a persistent discrete inhomogeneity
in this motion, in which sojourn times in traps tend to cluster around powers
of #. In contrast, the present paper, by randomizing biases with a law v,
and moving from the previous case of ¥ = dg to one in which v satisfies
Hypothesis 2, perturbs the model enough that this discrete inhomogeneity
evaporates, and a stable limit law for the scaled walker may be derived.

It has been suggested in the physics literature [24] that such a discrete
inhomogeneity may occur for an anisotropic walker on a supercritical perco-
lation cluster in Z?, for d > 2. The slope of the preferred direction of the
anisotropic walker in a disordered Euclidean setting is a parameter which is
additional to the magnitude, or bias, of the anisotropy. As Alex Fribergh has
suggested, it is reasonable to suppose that “irrational” choices of this slope
may interrupt the discrete effects that appear to obtain when the slope is
axial, so that a stable limit may arise for such choices of the slope. The ir-
rational slope would replace non-lattice randomization of edge-biases as the
mechanism that achieves a stable limit. In this sense, the two behaviours
identified here and by [4] may coexist side-by-side in more physical models
of anisotropy in disordered media.
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Figure 3: The outer surface of a trap in Z3, composed of dual plaquettes.
Arrows indicate levels where the cross-section is just a single unit square.
These levels might be expected to populate to constant density a typical trap.
The centre of the highest box may be regarded as the trap entrance, with
the environment viewed from this vertex being analogous to our definition of
a backbone-tree pair.

The article [17] identifies the exact part of the natural parameter-space
under which anisotropic walk on supercritical percolation has zero speed,
in dimensions d > 2. It also specifies the sub-ballistic exponent for walker
displacement in this regime, that is to say, the analogue of the exponent
in Theorem 1.

The perspective of Theorem 2, of constructing and analysing the limiting
law of the particle at its arrival at a new trap at late time, may be fruitful for
such physical models. As discussed in Section 11 of [17], the traps that are
effective at delaying the walker in dimensions d > 3 have a much narrower
cross-section than in the two-dimensional case. This suggests that the point
of view of Theorem 2 may be of more relevance to dimensions d > 3, since
the notions of trap head and its locale may be well defined here. In the
preceding section, we discussed how, in the constant bias case, Proposition 5
would become a direct consequence of Proposition 2, by means of a convenient
factorization of the interior and exterior about the entrance of a backbone-
tree pair. In the random bias case, we are forced to analyse the correction
factor without recourse to this independence assumption. With regard to the
potential of these techniques to work for more physical models, this technique
of proof may be useful, since in such models there will be no independence in
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the interior and exterior of a trap viewed from its entrance. We mention also
that the coupling construction by which we derive Theorem 1 from Theorem
2 in Section 3 may provide a useful alternative to the arguments adopted in
[4], since the notion of a super-regeneration time in Section 2 of [4] has no
clear analogue for such models as anisotropic random walk in supercritical
percolation in Z<.

The present article began in an effort to establish a stable limiting law
by perturbing the constant bias walk on a supercritical tree. At this time,
however, the potential of the techniques developed here to establish such
behaviour in more physical models of anisotropy is at least as powerful a
motivation.

2 The route to Theorem 2

In Section 2.1, the brief argument that Proposition 1 implies Proposition 3 is
given. Sections 2.2, 2.3 and 2.4 respectively give the proofs of: Proposition 5;
Proposition 4 and Corollary 1.25; and Proposition 6. The proof of Theorem
2 is completed in Section 2.5, where the proofs of results from Section 1.6
are given. Note that the values of the large and small positive constants C'
and ¢ may change from line to line.

2.1 Proof of Proposition 3

Under the law IP"E?T) g0 et S1 =0 and 77 = Hyeaq. Iteratively, for 7 > 1, set
S; =inf{i > T,;_; : X; = ent} and T; = inf {i > S; : X; = head}, using the
convention that inf() = co. Set G =sup{j € N: S; < o0}. For 1 < j <G,
the time of the j-th sojourn in Ty, 7;, is defined by 7; = T; — S;.

Note that, under IP"EE:T) 5 Them = Zlel 7;. Note further that G has a

geometric distribution, satisfying P?E,T), ﬁ(G =14) = (1 = Pesc)" ™ Pese for i > 1.

Recall that the single-entry tree T' = (head, ent) o T,y is formed by pre-
fixing the edge (head,ent) to Ty, so that ¢(T) = head. Note that, for each
¢ € N, the conditional distribution of 7; under P‘(ej;ﬂ P given that ¢ < G,
coincides with Hje.q under IP’%“. As such, we may apply Proposition 1 to
approximate the distributions of each 7;. To do so, for ©+ < G, write DE; for
the event that X; = vbase(T) for some S; < j < T;. Note then that the event
FD of falling deeply into T, may be written FD = US DE;.

Applying the construction in the statement of Proposition 1 to the inde-
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pendent sojourns, we obtain

G

e
Zﬁ‘ = ZEi]lD& + &,
=1

i=1 i=

where the E; are a sequence of independent exponential random variables of
mean 2pgelw(Tem) constructed under ]P’%ltﬂ The quantity £ is an error term,
whose mean is bounded by Proposition 1: we have that

Q+qg+1

q— Went (Tent)1/2' (16)

E(g) S C’QIE(G)Went(irent)l/2 S 02

where we begin to abbreviate P = P%tﬁ, and to write [E for the corresponding
expectation. The latter inequality relied on E(G) = p_.l and a uniform lower
bound on pes. that we will shortly record in Lemma 2.5. Note that (16) gives
the error bound (11) in the statement of the proposition.

Set B/ = Zf’;l E;lpg,. It is easy to verify that, conditionally on FD, £’
has the memoryless property and thus has an exponential distribution. The
events {DE; : 1 <1i < G} being conditionally independent given GG, we have
that

PIFD) = 3 prell=pee) (1= (1p)') = s == 57—y (17

Noting that £’ = 0 on FD¢, we have that E(E'|FD) = %. Note that
E(E') = E(G)E(E))P(DE1) = pot- 203 Went (Tent) - Pde = 2PaseWent (Tent). From
(17), we obtain E(E'|FD) = 2(py) + poe — 1)wWent (Tent). Note further that £
is independent of the walk until time H,,___, because each E; constructed by
the use of Proposition 1 has this property. We then define £ = E’ on FD;
we choose E on FD¢ independently of other details of the walk so that E
has the same conditional distributions on FD and on FD¢. This completes
the proof. O

2.2 The proof of Proposition 5

The considerations required to prove Proposition 5 given Proposition 3 arise
only from the presence of the factor of 2¢; in the conditioning of Q on
2¢fwWent (Tent) > u. Indeed, were this factor to be omitted, Proposition 5
would reduce to Proposition 3, since Tg,, under Q has the law Pp,. Our
approach to handling the presence of the term 2cy is to approximate it by a
quantity that is defined by the geometry and edge-bias data within a bounded

29



region of ent, and then condition on (B, T) in this region. We do this in such
a way that the part of T,y “below” the conditioned neighbourhood has the
law of P;,,,. This will enable us to apply Proposition 3.

To make this plan work, we must split the tree T, into pieces in a
convenient way, which we now describe.

2.2.1 The renewal decomposition of a tree

We recall from Appendix C of [2] the renewal decomposition of a finite rooted
tree.

Definition 2.1 By a root-base tree T', we refer to a finite rooted tree, one of
whose vertices base at mazimal distance from ¢ is declared to be the base.

Given a rooted tree T, a vertez v € V(T'), v # ¢, is called a cutpoint if it
15 not a leaf, and any other vertex in T at the same distance from ¢ as v is a
leaf. The set of cutpoints naturally decompose a rooted tree into components
in the following manner. We write r(T') for the number of cutpoints of T' plus
one. We may then record these cutpoints in the form ¢;, 1 < i < r(T) —1,
in increasing order of distance from the root ¢. We further set co = ¢. We
set d; = d(¢,¢;) for 0 < i < r(T)—1. We also set dpry = D(T), where
recall that D(T) = max {d(¢,v) : v € V(T)}. For1 <i < r(T), we define
the 1-th component C; of the tree T to be the subgraph of T' induced by the
set of vertices in T at a distance from the root of at least d;_1 and at most
d;. Then, for 1 <i <r(T)—1, C; may be regarded as a root-base tree, with
#(C;) = ci—1 and base(C;) = ¢;. The final component Cy(ry, however, is a
tree rooted at c.(ry—y that has no natural choice of base.

For 1 <1 < r(T), we set S; equal to the subgraph of T induced by the
set of vertices in T at a distance from the root of at most d;. Note that
V(S;) =U._\V(C)). If i <r(T), then S; is a root-base tree, with ¢(S;) = ¢r
and base(S;) = ¢;.

In a sense, the renewal decomposition is a counterpart of the “renewal levels”
for trapping surfaces in Z3 that are indicated in the sketch in Section 1.10.
The key property enjoyed by the decomposition that we will employ is stated
in the following lemma, which explains why we may think of the cutpoints
under the decomposition as “regeneration” points in the tree. The result is
Lemma 28 of [2].

Lemma 2.2 Let k € N. Consider the law Py, conditionally on r(T) > k+1
and on an arbitrary form for the first k weighted components of T. Then
the conditional distribution of the descendent tree Tiase(cy) 5 given by Py,
conditioned to contain at least one edge.
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Figure 4: The renewal decomposition of a tree T satisfying r(7") = 5.

In the proof of Proposition 6, Lemma 2.2 will allow us to condition the
top k£ components inside the trap 7., under a backbone-pair sampled from
Q so that hanging from the base of this conditioned region is a trap having
the original trap law Py, .

We also need to know that the components of the renewal decomposition
of a high-weight tree are typically small. The following is Proposition 3 of
[2]; although the result is plausible, it has a sizable proof.

Lemma 2.3 For the statement, we take C; = 0 if i > r(T') (for any rooted
tree T'). There exists ¢ > 0 such that, for allu >0 and i € N,

]P)h,u<|v(ci)| > k’w(T) > u) < exp{ — ck},
for each k € N.

2.2.2 Approximating the correction factor using data in a neigh-
bourhood of the trap entrance

We now define our approximation cyj to the correction factor c; of Defini-
tion 1.21.

Lemma 2.4 Let a backbone-tree pair (B, T) be given. Extending Definition
2.1, we introduce

Nin — { Sk(Tent) 7f..]l‘/’n(jﬁent) Z ka

Tent  otherwise.

(18)
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for the rooted weighted tree induced by the union of the first k components
of the tree Toy. (Note that Ni* is a root-base tree precisely when r(Tuy) >
k+1.) We also recall the notation N (ent) € Wy, from Definition 1.22, and
abbreviate NP"™ = N (ent).

There exists a constant ¢ > 0, without dependence on (B, T), such that,
for each k € N, there exists a random variable csy € o{ N NP"} satisfying

cp—exp{—ck} <cpp <cy. (19)

We omit the proof of the following fact.

-1
Q(-Zl-q-l—l < Pese <

1 and 1 —q ' <pge < 1. Further, c < cy <C, wherec =1 and C = %.

Lemma 2.5 For any backbone-tree pair, we have the bounds

Proof of Lemma 2.4. We will show that there exist pesc(k) € o{N2"*} and
pae(k) € o{N;»} for which

DPesc + 2q17k/2 2 pesc(k) 2 Pesc (20)

and
Dde + 26]7]6 Z pde(k) 2 Dde- (21)

We then set ¢ = pesc(k) ™' + pae(k)~! — 1. The bounds in (19) then follow
from (20), (21) and Lemma 2.5.
We define

head
pesc(kf) = P(B,T),ﬁ (HV(NISM)\V(NISTI) < Hent>'
Let
{po:v e (VA VNS U fent} |

denote the hitting distribution on (V (N*)\ V(N™))U{ent} under P?Ea%) 5
We have then that

Pesc (k) = Pese = Z vaP”(’B 7) <X(n) = ent for some n > O). (22)
VEV (NPR)\V(NPut )

Figure 5 illustrates the objects which we now use. Let wy € V/(N™) denote
the element of the backbone B whose |k/2]-th descendent is head. We write
V(N")\ V(N™) = Dy U Ey, where Dy, is the set of v € V(N") \ V(N2™)
that are descendents of wy, and Ej, = (V(N™) \ V(N2")) \ Di. If v € Dy,
then the unique simple path from v to head in B, which is necessarily of length
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Figure 5: An instance of N9" with & = 4. The circles and squares indicate
elements of Dy, and E.

k, begins by traversing at least |k/2] edges consecutively in the direction
from offspring to parent. From this, we see that

P'U

(BT <X(n) = ent for some n > 0) < q_WQJ, (23)

for v € Dj. Indeed, the inequality, bounding the probability that biased
walk on the backbone ever visits the ancestor at distance |k/2] of its point
of departure, is proved by comparison with a biased random walk on Z.

If v € Ej, on the other hand, the simple path from head to v in B
begins with the |k/2]-length path from head to wy, each of whose edges are
traversed in the direction from offspring to parent. Hence,

Z p, < [Phead <X(n) € Ey for some n > O)

(B,T)
'UEEk
< P}(ﬁ%) (X(n) = wy, for some n > 0) < q* (24)

for v € E}.

By (23), (24) and (22), then, we see that |pese — pesc (k)| < 2¢7¥/21. Noting
that pese(k) — Pesc > 0 by (22), we obtain (20).

Recall that vp.e is a vertex in Ty at maximal distance from ent, and
that pge = IP”(S?T)(H < Hyeaa). I r(T) < k, we simply set pge(k) = Pde-

Ubase

Otherwise, recalling Definition 2.1, abbreviate Cj, = Cy(Tey ), and define

pde(k) - P?Etj) <Hbase(0k) < Hhead)‘

By d(ent, base(Cy)) > k, it follows readily that 0 < pge — pac(k) < ¢~* holds.
O
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2.2.3 The analogue of Proposition 5 for the approximate condi-
tioning

Lemma 2.6 Let k € N. We have that
Q(QCf,kwent(Tent) > u) ~ d1d2(l€)uﬂ>

as u — oo, where

_ v
dg(l{) = (1 — pO) 1E@((20f7kwem(base(0k))) Hr(Tem)>kz> s
where d; > 0 and v > 0 were specified in Proposition 2.

To prove this result, we need a simple lemma.
Lemma 2.7

1. If U and V' are independent random wvariables on a probability space
(QP), with V> 1 a.s.,

P(U > u) ~ cqu™" (25)
as u — 0o for some c; >0 and k > 0, and, for some n > 0,
P(V >u) <u"P(U > u) (26)
for u sufficiently high, then, as u — oo,

PUV > u) ~ E(V*)u™". (27)

2. Let U and V' be non-negative random variables on a probability space
(Q,P). Suppose that P(U > u) ~ cyu™" for some ¢; > 0 and k > 0,
and also that

lim —— =" _ (28)

Then
P(U+V >u) ~cu ",

Proof. The first statement is Lemma 10 in [2]. The simple proof of the
second is omitted. ([l
Proof of Lemma 2.6. We begin by showing that the number of renewal
components under the approximate conditioning is asympotically infinite,
i.e., for each k € N,

lim @(r(Tent) < k)Zcf,kwent(Tent) > u) = 0. (29)

uU—00
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To check this, note that

Q(r(Tew) < |26 4t (Tew) > 1) (30)

<{ (Ten) = } {Qkawent(Tent) > u})

@(20fkwent ent >u>

_ rul{rm = {oum > )

Py (cw(T) > u)
< 2(CJc) Py, (r(T) < k’w(T) > u/c).

The first inequality here follows from the bounds ¢ < ¢ < C, which Lemmas
2.4 and 2.5 imply, as well as the law of T¢,; under Q being Pj, ,,. The second
inequality is due to Proposition 2. It follows directly from Lemma 2.3 that

lim Py, <T(T) < k’w(T) > u) =0 foreach ke N. (31)

U—00

We thus find that, indeed, (29) holds for each k € N.
Note that, in light of (29), the statement of the lemma for some given
k € N is equivalent to

@(20f,kwent(Tent) > U‘T(Tent) > k‘)

~ di(1 —po)flEQ((20f7kwem(base(0k))>W)T(Tent) > k)u’”. (32)

We now prove (32). We partition the trap weight went(Tent) according to
contributions by vertices above and below c¢: provided that r(Ten) > k,
note that

Went (Tent) = Qg (Tent) + u(k) (Tent)v(k) (Tent)a (33)

where here we define i (Tent) = Went (Sk(Tent)) — Went (base(Ck)), wmy (Tent) =
Went (base(Cy)) and

U(k) (Tent) = Whase(Cy) (Tbase(Ck ) ) .

The notation of Definition 1.12 is used here, for example in the last definition,
of the weight of Tyase(cy,) relative to its root base(Cy). In (33), we indeed have
such a partition of trap weight, in the sense that

@k (Tons) € o{N"}, wie)(Tems) € o{N;"}, (34)
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and .
09 (Tew) € 7 Tow \ N} (35)

the latter is due to vy (Tent) being measurable with respect to Thase(cy)-

We will derive (32) by multiplying (33) by 2¢, and applying both parts of
Lemma 2.7 to analyse the tail of its right-hand side. To begin this application,
note firstly that, since T, under Q has the law of [P, ,, Lemma 2.2 implies
the following equality in distribution:

Q(v(k)(Tent) > x)r(Tem) > k) - ]PhW(w(T) > x)yE(T)\ > 1) for all z > 0,
(36)
We thus see by Proposition 2 that

Q <U(k) (Tent) > U

We apply Lemma 2.7(1) with the choices P = Q( - |r(Tews) > k), U =
V() (Tent) and V' = 2¢; pwent (base(Cy)); admitting for now that its hypotheses
are satisfied, and using (37) after applying the lemma, we learn that

7(Tens) > k) ~dy(1—po)tu, (37)

Q(2¢ 4105 (Tew )0 (Tew) > |1 (Tews) > ) (38)
~ di(1— po)_lE@((20f7kwem(base(0k))>W’T(Tem) > k)u_w.

We now complete the proof of (32): multiply (33) by 2¢yy, and then apply
Lemma 2.7(2) for P as before and with V' and U the respective terms on the
right-hand side. By (38), we obtain (32) and thus reduce the proof of the
lemma to verifying that the hypotheses for the two applications of Lemma
2.7 are satisfied.

For the application of Lemma 2.7(1), note that, by (34), (35) and ¢y €
o{ Ni*, Np"}, the random variables cgrup)(Tent) and vg)(Tent) are indeed
independent under Q( - |r(Tens) > k). Moreover, (37) validates the hypothesis
(25). For the remaining hypothesis (26), it suffices to argue that there exists
e > 0 such that, for u sufficiently high,

Q(chﬂku(k) (Tent) > u)r(Tent) > k) <u ‘Q (v(k) (Tont) > u)r(Tent) > k)
(39)
We do so momentarily. Regarding the use of Lemma 2.7(2), we must confirm
(28), and for this it suffices to show that

Q(QCﬁkOék(Tent) > u’r(Tent) > k)

< u*ﬁ@(ch,ku(k) (T )0y (Tent) > u’r(Tent) > k) (40)
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We have reduced to showing (39) and (40). For this, note that Lemma 2.3
implies that, k being fixed, there exists e > 0 such that, for u sufficiently high,

Ph,u({) ZL:J1 V(Cy)| = 102)?222)

Noting that

bn{rm) > k})w(T) >u) <wt (41)

U, v(Cy)

< (2Q) ,

Ui, V(<)

k
max {au (1), un (1) } < | JV(C)]Q
and max {a(T), uw)(T)} < w(T), we find from (41) that

Ph,,,<{ max {ag(T), ugy(T)} > u} N {r(T) > k})

P (w(T) > u) =

— Y

or, equivalently,

Ph,,,(max{ak(T), u(T)} > u’r(T) > k) (42)

< P, (’I“(T) > k) u P, (w(T) > u)

By ¢, < C, (36) and Proposition 2, we obtain (39), by adjusting the value
of € > 0. Regarding (40), note that, by ¢y, > ¢ and vy, (T) > 1 Q-a.s., the
probability on its right-hand side is at least Q(2cuk)(Tens) > w|r(Tens) > k),
which, by (36), is at least cP ,(w(T) > u/(2¢)). The regularity of the tail
of this last term described in Proposition 2 shows that we may replace the
term by P, (w(T) > w) at the expense of altering ¢ > 0. All this means
that, to obtain (40), it is enough to verify that its left-hand side is bounded
above by cu™Pp,(w(T) > u). Recalling that Ti, under Q has the law
Py, and using csp < C, we see that the left-hand side of (40) is at most
Pho(ap(T) > u/Clr(T) > k), so that (42), and an adjustment in the value
of € > 0, yields what we need. O

2.2.4 Completing the proof of Proposition 5

Another general lemma is needed. In this case, the proof is trivial and
omitted.

Lemma 2.8 Let k > 0. Let s : [0,00) — [0,00), {s,:[0,00) — [0,00),€ >
0} and the collection {c. : € > 0} of constants be such that, for all € > 0,

Se(u) ~ cau™
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and
Se(u) < s(u) < se(u(l+e¢))
for all w > ug(€) sufficiently high. Then ¢ = lim, | c. exists and

s(u) ~ cu™".

Proof of Proposition 5. Note that

Q2674 (Tene) > 1) < Q(2epem(Tem) > u)

< Q(Qcﬁk(l + e texp { — ck})went (Tons) > u),

the first inequality due to cf, < ¢y, and the second to ¢sy, > cand |cp—cpi| <
exp{—ck} (which bounds are shown for high choices of k& by Lemma 2.4 in
tandem with Lemma 2.5). The result then follows from Lemmas 2.6 and 2.8,
with

o v
dy = (1= po) ! ]}1_{20 E@<<20f7kwent(base(0k))) Ilr(Tem)>k>.

We may replace ¢y, by ¢y in this formula, due to ¢; > ¢ and (19). O

2.3 The proofs of Proposition 4 and Corollary 1.25

Before the proofs, we introduce some terminology related to the set of regen-
eration times introduced in Definition 1.24.

Definition 2.9 Under Py, o % IP’%ﬂ, enumerate RG = {r; : i € N*t}. For
¢ € Nt define the “tree until time r,”, Ty, to be the weighted tree given by
the connected component of X (r,) € B(T) in the graph (V(T),E") whose
edge-set E' is formed by removing from E(T) the set of elements of V(T)
that connect X (r;) to the offspring of this vertex; informally, T, = T'\ Tx(,)-
We define the “walk until time r,” to be X : {0,...r;} — V(7;). We then
define the “history until time r;” to be the ordered pair given by the tree and
the walk until this time.

Remark. Each regeneration time separates the walk’s future from its past.
In the upcoming proof, we will eXp101t the following easily verified but essen-
tial property of RG under Py, o, x IP’ . For each ¢ € N*, given the history
until time r,, the conditional dlstrlbutlon of the future environment T,
and the future walk X (r,+ -) : N — V(Tx(,,)) is the law of (7', X') under

(Praee < P (- ’0 €RG). (43)

38



Proof of Proposition 4. We seek to show that, for each k € N and for any
e > 0, there exists ny € N such that, for ny, ny > no,

TV (@), " (n2)) <. (44)

It is a simple matter to verify that the space of probability measures on an ar-
bitrary measure space, endowed with the total variation metric, is complete.
Thus, (44) implies the statement of the proposition.

To prove (44), let (T, X)) and (T™, Xy) each have the distribution
Pty o0 X IP’%ﬁ. Recalling Definitions 1.17 and 1.22, we write {E,[j] (n) :n € N},
i € {1,2}, for the random variables {Np"*(X};(ar,)) : n € N} arising from
the sample (71, Xp;)). We will verify (44) by producing a coupling © of
(T, Xpy)) and (T, Xpg)) for which, for each k € N and € > 0, there exists
ng € N such that

OB (m) # Bl(n) < e (45)

for all ny,ny > ng. Without loss of generality, we take ny > no.

We construct © by beginning with an independent coupling of the two
marginal processes and making an appropriate modification. Let (£2,0’)
denote a probability space where the measure ©' is the product coupling of
two copies of the law Py, o X P%ﬂ' We will refer to the marginals of © as
(T, X1) and (T?, X,); we also write RG; and {ar’ : j € N}, i € {1,2}, for
the set of regeneration times and the sequence of trap entrance arrivals of
the two processes. In studying ©’, we will use the term first history (and
walk) until a given element in RG; in the sense of Definition 2.9 applied to
the first marginal of ©'; and similarly, of course, for the second marginal.

For i € {1,2} and n € N, we record the number of trap entrances found
by X; (under ©’) before time n,

hi(n) =sup{j € N:ar} <n}.
A pair (t1,t3) € (RGy, RGy) is said to be good if
hl(tl) = hg(tg) + (n1 - TLQ).

A good pair (t1,1s) is a useful concept for the following reason. Write s =
ny — hq(t1), which is also ny — ha(t). Suppose that s > 0, and consider the
conditional distribution of ©" given the first history until time ¢; and the
second until time t,. Then the n;-st trap entrance for the first walk will be
the s-th to be encountered subsequently, while, for the second walk, it is the
ne-nd trap entrance that will be the s-th to be so encountered. The procedure
for constructing © relies on this fact. The “earliest” good pair under ©" will
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be located; then, under ©’ given the two histories until the respective times
in the given good pair, the two conditional futures will be the same, in view
of the remark that preceded the proof. We may then modify ©’ to define
O, by insisting that these walk futures after the respective times be equal
under the new measure. In so doing, we expect that the k-neighbourhood
environments of the walks in the two marginals to be equal s trap entrances
later; and this is what we seek, because these environments have the laws
of E,E,H (ny) and E,[f] (ng). For this plan to work, we must have s > 0, in fact
s > k; but, as we will see, this is reasonable if ny is large.

We now define a stopping-time procedure that selects a good pair under
©'. Under the procedure, called LEAPFROG, the two histories under ©' are
alternately sampled until a good pair is located.

The first stage of LEAPFROG begins by sampling the first history until
time r{, where r; denotes the first element of RG; that exceeds ary, _,,.
In this history, hy(r}) trap entrances have been witnessed; there is a non-
negative “overshoot” of hy(r])—(n; —nsy). The second history is then sampled
until time r?, where r? denotes the smallest element of RGy that exceeds

arfZ () y The second history has leapfrogged the first, and its trap
1lr;)—(n1—n2

entrance counter has a non-negative overshoot given by hy(r?) minus the
first history overshoot. If the overshoot is zero, in other words, if

ha(r3) = ha(ri) — (n1 — ny). (46)

then LEAPFROG terminates here; otherwise, it continues to the second
stage.

We now describe LEAPFROG’s generic step. For £ > 1, at the start of
the (-th stage, the two histories have been sampled until times r; ; € RGy
and r7 | € RGy. If the (-th step is to take place at all, then, necessarily,

ha(rf ) # ha(r_y) — (nq — ny).

Without loss of generality, the left-hand-side is the greater. The first process
will now leapfrog the second, and then, if need be, the second the first. We
extend the sampling of the first history until time r}, which we define to be

the smallest element of RG; that exceeds ar}u(r2 - We then extend
£—1

the sampling of the second history until time r7, which is the smallest element

of RG, that exceeds ar} ., .. (Note that, in the case that rj = 1j_,,
1(rg)—(n1—n2) 1
no non-trivial extension is made here.) If the condition
ha(rg) = ha(r) — (1 — n2) (47)

is met, then LEAGFROG terminates. Otherwise, it continues to its (¢4 1)-st
stage.
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Figure 6: A little game of LEAPFROG: in this example, ny = 7 and n, = 4.
In stage 1, the first history is constructed so that the first counter reaches
hi(r1) = 3 (arrow la); then, in arrow 1b, the second history leapfrogs so that
the second counter reaches ha(r?) + (ng — n2) = 1+ (7 — 4) = 4. In stage
2: (2a) the first history leapfrogs so that hy(r}) = 5; then (2b) the second
leapfrogs to the same position, hy(r3) + (ny — ny) = 5. The terminal stage
is thus £* = 2, with both counters then at the first meeting point of the sets
in the second and third rows, i.e., at h := inf {H; N (Hy + (n; —no))}. That
h < oo implies that the counters meet at h may be established by induction
on h; the simple argument is omitted.

If LEAPFROG terminates at some finite stage, we write £* € N for the
index of the terminating stage.

We define under ©' the random sets H; = {h;(t) : t € RG;} for i € {1,2}.
In these terms, note that there is a good pair of the form (¢3,¢5) where

ha(t) = inf <H1 N (H2 + (g — m))). (48)

and
ha(t5) = inf <<H1 ~ (- m)) N Hg), (49)

(provided that the infimum is in fact over a non-empty set).

We claim that Hy N (Hy + (n; — ng)) # 0 if and only if LEAPFROG
terminates. Moreover, if this is so, then LEAPFROG locates this particular
good pair, in the sense that ¢ = rj. and ¢5 = ri.. See Figure 6 for an
explanation of why this claim holds.

Let o* denote the o-algebra of the probability space (€2, ©') generated by
the first history until time rj. and the second history until time r2.. The ran-
dom variable £* being a stopping time for the procedure, it follows from the
remark that precedes the proof that, ©'( - |o*)-almost surely, the conditional
joint distribution of

(T, X +..) i N = T )
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has the distribution (43), for both i = 1 and 2. We augment the probability
space (©,0') to include a (tree,walk)-valued random variable (T, X) with
law (43) which is independent of all existing data. We then define (T, X{;)
for i € {1,2} as follows. For the process (7", X;), recall the tree until time
r. from Definition 2.9. Rather than call this tree the unwieldy 7;2, we use

the shorthand 7. Let T be formed from the trees 7;. and T by identifying
their respective vertices X (r’.) and ¢. In a slight abuse of notation, we may
thus regard 72 and T as induced sub-trees in 7. We then set X;) : N — Tl
according to

Xi(j4) for0<j<ri.,

Xi(j) for j > rb.. (50)

X[i] (]) - {

The coupling © is then defined to be the joint distribution of (T, X i)
for i € {1,2}.

Having shown that (},t5) = (rj.,17.) satisfies (48) and (49), and noting
that the non-negative hy(r7.) may be as small as zero, we see that this quan-
tity is in fact a measure of how long LEAPFROG takes to terminate. The
next lemma bounds this length.

Lemma 2.10 There exists a sequence {c; : ¢ € N} such that ¢, — 0 as
{ — oo for which

o <h2(r?*) > e) <e, (51)
for all choices nq > no.

The lemma requires some understanding of how trap entrance arrivals are
punctuated by regeneration times. In this regard, we state a definition and
a lemma.

Definition 2.11 Let (T, X) be sampled from Py, o X IP’%ﬂ. Let {r; i > 1}

enumerate the set of regeneration times for X, and set rq = 0. Fori > 0, set

Y

Ai:){jEN:n<arj<n+1}

where the set {ar; : i € N} is specified in Definition 1.17.
Lemma 2.12 Assume that {p; : j € N} satisfies Hypothesis 1, and that the
measure v has support in (1,00). The sequence {A; : j > 1} is independent

and identically distributed. We have that there exists Cy > 0 such that, for
any 7,0 € N,

(Pf,y,oo x P‘;ﬂ) (Aj > 12) < Oyl (log 0>, (52)
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where the constant o > 3 is specified in Hypothesis 1. Thus,

E Al) < 00.

Pfyuyooxp;’ﬂ(
These statements hold also for Ag. Furthermore, GCD(supp(A;) NNT) = 1.

For the proof of Lemma 2.10, we also need a simple general result concerning
the intersection of sets of partial sums of independent sequences.

Lemma 2.13 Let {A;l) :j > 1} and {A;Q) 2 j > 1} be two sequences of
independent random wvariables, each term having the same law, satisfyin

EA} < oo, suppAgl) C N*, and with GCD(suppAgl)) = 1. Further, let A(()1

and A(()2) be independent random variables of finite mean. Let

0
R = {;Af) :ﬁzo}, ie{1,2).

Then there exists a sequence {c; : j € N}, ¢; — 0, such that, for all M, j € N,
IP’((A(()I)+R1)ﬂ(M—|—A(()2)—i—Rg)ﬂ{M,...,M—i—j} #@) >1—c;.

The proofs of Lemmas 2.12 and 2.13 will be given after the proof of Propo-
sition 4 has been concluded.

Proof of Lemma 2.10. For each i € {1,2}, we let H; be enumerated as
{Zizo A,(f) : ¢ > 0}. Under ©', the two sequences {Agi) : j € N} each have
the distribution of {4, : j € N} under Py, o, X IP)%ﬁ.

We apply Lemma 2.13 with the choice of the two independent sequences
{AE”JLAEU#O . i € N} and {AE”JLAEQ)#O . i € N}. It is Lemma 2.12 which
establishes that the hypotheses of Lemma 2.13 are indeed satisfied. In this
way, we learn that

@’(inf <(H1 —(n1 —ng)) N Hg) > E) < ¢

for some ¢, — 0. By (49) and t5 = r%, we obtain the statement of Lemma
2.10. 0

To complete the proof of Proposition 4, it remains to confirm that, if
LEAPFROG ends in good time, then E,[cl] (ny) = E,[f} (ng) is likely. For the
process (T, X) used to define ©, we write {ar; : j € N*} for the sequence of
trap entrance arrival times.
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Note that, since we are assuming that n; > ny, we have that E,[CH (ny) =
E,[f] (ng) under ©, provided that hy(r}.) < nq, and that

A(O(T), X (6t i) > b (53)

indeed, in this case, E,[CH (n1) and E,[Cl] (ny) each coincide with No™ (X g el )),
n1=h1 Ty«

because this k-large exterior neighbourhood lies entirely inside the copy of
T.

The process (T, X) being independent of ¢* and having the law of P 100 X
P?’ﬁ( -10 € RG), we thus find that

o(Elm) = BM(ny)) (54)
> @/<h1(r}*) <mng— %)

% (Prue x Py ) (d(, X (ar,) > kfor all m > %

OERG)

Recalling that {r; : ¢ € N} enumerates the set of regeneration times of
the walk under Py, o, X IP’%ﬂ, note that {d(¢, X(r;)) : i € N} is a strictly
increasing sequence, and that X (j) > X(r) whenever j > r with r € RG.
Hence, if £ € N is such that r, < ar,, then d(¢, X (ar;)) > k+ 1 for all j > ¢.
Thus,

(Brooe x By ) (a6, X (a1,)) > kfor all m > 2

> (]Pﬁy,oo X IP’%» (rk < arn

OERG>

0e RG). (55)

We make the claim that there exists a constant C' > 0 such that, for n, k € N
such that n > 2k,

0 € RG) < CRn (log (n/(2k)))2_a, (56)

(IP’f,,,po X ]P’if,iﬂ) <7"k > ars

where the constant o > 3 is specified in Hypothesis 1. To check the claim,
note that the condition ry > ar, /s is equivalent to Z;:é A; > n/2. For the
latter condition to be satisfied, one of the summands must exceed n/(2k). A
union bound and Lemma 2.12 then yield (56), with the choice C' = 2C}.

We learn from (54), Lemma 2.10, (55), and (56) with applied with n = no,
that, for n; > ny > 2k,

O (B m) = EP (1)) > (1= cuuga) (1~ O3 (t0g (s /(2k)))2_a).
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We have obtained (45), and the proof of Proposition 4 is complete. O
Proof of Corollary 1.25. In this case, we simply set A} = A2 = 0, and the
verbatim proof applies to obtain (45). O
We now provide the proofs of Lemmas 2.12 and 2.13. For the former, we will
use the next result.

Lemma 2.14 Let (B, X) have the law Py, o X IP’%(TW of the backbone and

the associated biased random walk. Let {r; : i € N} enumerate the set of
regeneration times specified in Definition 1.2 for this walk. Then the incre-
ments {r;y1 —r; : i > 1} are independent and identically distributed. There
exists ¢ > 0 such that, for each ¢ € N,

<IP’f,u,oo X P%(T),ﬁ) <r2 -7 > 6) <exp{—cl},
and the same statement holds for ry.

Proof. Set Z(n) = d(¢, X(n)) for n € N. Write
R = {n e N: Z(m) < Z(n) for m <n and Z(m) > Z(n) for m > n},

and note that R coincides with the set of regeneration times. It suffices,
then, for the required bounds on the laws of r; and ro — ry to prove that, for
some ¢ > 0, and for each ¢ € N,

(Pf,,,,oo X P;g(w) (mm > e) < exp{—cf}, (57)

because {0 € RG} has positive Py, o X ]P)%(TL g-probability.

To this end, let y; = inf {j € N: Z(j) = ¢}. As a shorthand, we write P
for the probability measure under which the process Z is defined. We have
that, for some ¢ > 0, for each i € N and ¢ € N,

Py —ws > €| 2(1),.. Z()) <P(Z(y+0) - Z(y) <0) < exp{—ct},

(58)

o{Z(1),...,Z(y;) }-a.s. The second inequality follows directly after noting

that Z is a walk on N whose increments stochastically dominate those of an

independent and identically distributed sequence of {—1, 1}-valued random
variables, with probability exceeding 1/2 of 1.

We also have that
IP’(Z(j) > ifor all j > 4| 2(1),. .., Z(yi)> > ¢, (59)
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o{Z(1),...,Z(y;) }-a.s. Inlight of (58) and (59), inf R is stochastically domi-
nated by a sum of independent and identically distributed random variables,
each having an exponentially decaying tail, the number of summands be-
ing an independent geometric random variable. We have obtained (57), as
required.

O
The next remark will be useful on several occasions.
Remark. Let T denote an infinite rooted weighted tree. Let S denote the
subtree of T" induced by a connected set of vertices that contains ¢(7"). If S
has the property that the removal of this set of vertices from T results in a
graph all of whose components are finite, then note that the biased walk on
S may be obtained from that on T by restricting the domain of the latter.
That is, the measure Pﬁﬂ is obtained from IP’if}ﬂ by mapping X : N — V(7))
toY : N — V(S) via Y(n) = X(s,), where sy = 0 and

$p = inf {t > 5,10 X(t) € V(S), X(t) # X(sn_l)}, for each n > 1.

Proof of Lemma 2.12. Let (7, X') denote a sample of the law Py, o, X IP’%ﬁ.
Adopting the language of the proof of Proposition 4, it is easy to confirm
that, for each j > 0, the set {¢ € N : r; < ary, < 741} is measurable with
respect to the history until time r;4; but is independent of the history until
time r;. Hence, this sequence of sets is independent. For any j > 1, the
distribution of A; is that of Ay under (Py,. x P 5)( - [0 € RG).

We couple the laws Py, o, x IP’% g and Pry o0 X Pgaug(T), s by associating to
X the walk Y : N — B(T) given by the preceding remark in the case that
S = B(T).

Write {r; : 7 > 1} for the set of regeneration times for X, and indicate
this set for the process Y with a superscript Y; further set ry = ry = 0.
For j € N, let B; denote the set of ar, satisfying r; < ar, < rj1; (so that
A; =|Bj|). For v € V(T), write O, for the set of offspring of v in T'. Note

that By C U;io Oy (jy. Thus, for any C' > 0,

(Pﬁm X Piﬁ) (AO > 12)
[Clog¢]

< (Pf,u,ooxm,ﬁ)O U ovy
j=0

[Clog¢|

> ) + (Prue x Phy) (7 = Cloge)

IN

J=0
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where, in the second inequality, we used Lemma 2.14 in regard to the regen-
eration times of the backbone walk Y. We claim that, for each j € N and
(e N,

(Prace xP25) (10v6)] 2 €)Y () # (Y (0),... Y (= 1}) < (1=1) 1D b
m>/

(61)

where recall that r = P;(|V(T)| < o0). To confirm this, note that it is

easy to see that, for each j € N, under the law Py, o, x ]P’;z,iﬂ conditioned

by Y visiting a new backbone vertex at time j, the conditional distribution

of |Oy ;)| is stochastically dominated by |Oy4| under Py .; then (61) follows

because its right-hand side is an upper bound on P (|04 > ¢).

Returning then to (60) and applying Hypothesis 1, we find that

Prooo X PP L) (A > €) < 2(1 —r)71C2C1 1 (log £)* ™ + £7C,
( 5) (40 1)

whence (52) for j = 0. For j > 1, (52) follows from (Py, o X IP’%B)(O €
RG) > 0.

The final statement of the lemma follows from 1 € supp(A;), an almost
trivial fact whose proof we omit. O
Proof of Lemma 2.13. We will find a non-increasing sequence {d; : j € N}
satisfying d; — 0 such that, for all L > 0,

P(Rm(LJrRQ)m{L,...,Lﬂ}ﬂ))z1-dj. (62)

Firstly, we will see why this suffices.
For given ¢, co € N satisfying 0 < ¢; < ¢y < k/2,

P«A?+RQOUW+A9+RQQUWHWMAJ}#QA@:chﬁaz@>

== ]P(Rlﬂ(M—‘—Cg—Cl—|—Rg)ﬂ{M—Cl,...,M—Cl—l—j}7&@)
> 1—dj_c, > 1—djp,

the first inequality by (62) with the choice L = M + ¢3 — ¢;. For given
¢1, ¢ € N osatisfying 0 < ¢ < ¢ < j/2,

IP((A(()” FR)N(M+ AP + R)YN{M,... .M+ j} # @)Agl) =, AY = 02)

> P(Rm(MHQ—c1+R2)ﬂ{M+cQ—cl,..-,M—clﬂ'}%@)),

which, in the case that M +cy —c¢; > 0, is, by (62), at least 1 —d;_.,, which
in turn is at least 1 —d;/5. In the case that M +c; —¢; < 0, the term on the
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right-hand-side of (63) is at least
P((Ri—(M+e—c)) VRN {—(M+e—a),....j— o} #0),

which, by means of (62) with the roles of R; and R, interchanged, exceeds
1 —dj/2, because (j —c2) + (M 4+cy—c1) > j/2, due to ¢; < j/2 and M > 0.
Hence,

P((AS + R) 0 (M + AP + Bo) N {M,..., M+ j} #0)
> 1—dj —P<{A§}> > j/Q} U {AE)Z) > j/2})

2
> 1—dyy— _,E(Ag“ + A(()Z)).
J

We see that the statement of the lemma holds with ¢; = dj/2+%E(A(()1) +A(()2)).
As for the proof of (62), it suffices to find a sequence {d; : j € N} such
that for all j € N, some K € N and all M € N,

P((K +R)N(K+M+R) N {K+ M, K+M+j}#0) > 1-d;. (64

Consider two further independent random subsets R} and R5 of N each
having the law of R;. Note that, conditionally on K € R} and K + M € I3,
we may define a coupling K + Ry = Ri[; yand K+ M+ Ry = B3| 0 5

)

That is, the probability in (64) may be written
P(R; N RN {K+M,...,K+M+j} #@)Ke Ri,K+M € R3). (65)

Note that 1
P(m € RT) — m,
as m — oo, by the renewal theorem ([16], page 360). By choosing K € N
sufficiently high, and invoking independence,
1

P(KeR,K+MeR)2—o 66
The set R} N R} is the range of the set of partial sums of a sequence {Y; :
i € N} of independent and identically distributed random variables, with
EY; = (EAD)?, this following from

1
(EA})?

P(meR;mR;) =
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as m — 00, and the renewal theorem, once more.

By ([16], (4.10), page 370), then, inf Rf N R N {m,...} —m converges in
distribution as m — oo (to a law with finite mean). Hence, for € > 0, for
any M > 0, K > 0 and for j sufficiently high,

P(R’;mR;m{K+M,...,K+M+j}:@)ge. (67)

By (66) and (67), the probability (65) is at least 1 — 2(EA!)%, for K € N
chosen so that (66) holds for each M > 0, and for sufficiently high j. In this
way, we obtain (64), and complete the proof. O

2.4 Deriving Proposition 6

We begin by restating Proposition 6 in terms of convergence of marginal
distributions defined by dividing backbone-tree pairs using the renewal de-
composition of the trap that was specified in Definition 2.1. To do this, we
extend the notation ¥j of Definition 1.22 to include the interior of a trap.
The new notation is illustrated in the upcoming Figure 7.

Definition 2.15 Given a backbone-tree pair (B,T), T = (head,ent) o Tyy,
that satisfies r(Tw) > k + 1, we write Ny, the k-large neighbourhood of
ent € V(B,T), for the weighted tree induced by the set of vertices of (Ni* U
Ngw)(B,T).

Write W) for the set of values of Ny as (B, T) ranges over all such back-
bone tree pairs. Note that if ¢ € U, , then NI*(€) has a renewal decomposition
containing k components, all of which, including the last, are root-base trees.
Recording these components in the form Cy(€),. .., Cy(£), note that Ni*(£) is
itself a root-base tree; its base base(Ck(§)) we will refer to by base(§). Note
also that each & € U has a vertex labelled ent, which is ¢(C1(E)).

For K € N, set U} [K]| ={¢ € ¥} : |[V(N(€))] < K}.

For any measure ¢ on backbone-tree pairs supported on those (B,T) for
which r(Ten) > k + 1, we define ¢ to be the marginal of ¢ on V.

We will adopt the shorthand that, for u > 0, Q" denotes the law of Q
conditioned on 2¢ fWent (Tent) > u.

Using Definition 2.15, we write Q} = (Q"),, for each k£ € N.

Proposition 6 was stated for the marginal distributions pp to permit its
statement to be as simple as possible; to prove it, we will use the system py
instead.

Proposition 7 Let k € N. There exists a measure py on ¥, such that
TV< z,pk) =0 (68)
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as u — OQ.

Remark. We remark that the notation Q} is technically illegitimate, be-
cause asample (B, T) of Q* may have 7(T.;) < k, so that Q¥ is not supported
on V. However, this notational abuse is permissible for our purpose, since
limy, oo Q¥(7(Tent) < k) = 0. This assertion is merely (29) after ¢y has been
replaced by cy; the modified form has a verbatim proof to the original.
Proof of Proposition 6. The measure p may be constructed from the
consistent collection {p, : & € N} in Proposition 7. This establishes the
statement of Proposition 6 with p; replacing pp). Clearly this is equivalent
to the actual statement. O

The strategy for proving Proposition 7 is as follows. Recall the locally
defined approximation cgj to the correction factor c¢; that was introduced
in Lemma 2.4. Firstly, we prove an analogue of Proposition 7 where the
measure is Q) is replaced by Q( - |2¢fkwent(Tens) > u),, that is, where the
appearance of the correction factor c¢; in the conditioning is replaced by its
approximation cy . Secondly, we derive Proposition 7 by comparison with
the approximating version. The next two subsections perform these two
steps.

2.4.1 Understanding Q( - |2¢zWent(Tent) > ), as u — 00

The next lemma accomplishes the first step. For its statement, note that cy
is determined by the data Ny, so that c; (&) is well defined for each £ € Uy
Recall from Section 1.1 the subcritical Galton-Watson law {h; : i € N}, and
note that Definition 1.12 is used to define the relative weight wen(base()).

Lemma 2.16

1. For each k € N, and £ € U, we have that

. dQ( - [2¢f pwent (Tens) > u),,

i (2¢14(€)wens(base(©))) "B ((T) > k)_l’ o

Jur (26720 )wenbase())) do (¥)

where Ay is the measure on U given by

Mgy = Q( - |r(Tew) > k) .
For each K € N, the convergence is uniform in & € U} [K].
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2. The limst
Ok) -*— uh_)r{.lo(@< : ’QCf,k’went(Tent) > u)k

exists in total variation, with the measure so defined having support in

U, and with ng: (&) being given by (70) for each & € V.

The ample notation in the statement of Lemma 2.16 may lend the result a
foreboding aspect. The proof is, however, split into three further lemmas
with slightly simpler statements. Central to the argument is a formula for
the Radon-Nikodym derivative in question:

Lemma 2.17 For ¢ € V),

d@( : ‘QCf,k:Went(Tent) > u)k
TN (€)

_ Q(QCﬁkwent(Tent) > U‘{Nk = f} N {T(Tent) > k‘}) (1)

Q <2Cf,kwent (Tent) > u)

Note that, in the case that v is discrete, Lemma 2.16 follows directly from the
definition of conditional probability. We defer the general proof of Lemma
2.17 until the other elements needed for the proof of Lemma 2.16 have been
gathered together.

The next two lemmas analyse the numerator and the denominator on the
right-hand side of (71).

Lemma 2.18 For each k € N and § € U},
Q(2eppne(Tent) > ul|{ N = €} 0 {r(Tew) > & })
~ w1 = ho) "\ <20f7k(§)went(base(§))>7 (72)

asu — oo. For each k € N, the implied convergence is uniform in & € U [K]
for any K € N.

Proof. For a backbone-tree pair (B,T) for which r(T,,) > k, and with
N = &, note that we have the representation

Went (Tent) = went(Nlicn (€)) + wens(base(§)) <wbase(§) (Tbase(é)) o 1)

where recall that wey (Ni(€)) = Zveukle(Ci(E)) Went (V). For such a backbone-

tree pair, we set £(€) = went(N(€)) — went (base(Ck(€))), and note that the
condition 2¢ jWent(Tent) > u may be rewritten in the form

QCf,ZZ(f) - 5(5)

Whase(¢) (Tbase(f)) Went, (base(f)) : (73)
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Tbase(E )

!
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Figure 7: An instance of £ € U}; k = 2 and the edge-bias law v has support
{V/2,3}. The bias of edges is shown only for those on the path Pt pase(e)-
Note that wey (base(€)) = v/2-3-v/2. The figure illustrates the motivation for
working with the conditioning r(Tey) > k in Lemma 2.16: conditioning also
on the specific form N;, = &, the trap below N;»(¢), which could (with other
definitions) have several components, in fact takes the form of the single
non-trivial descendent tree Tiase(e)-
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This rewriting is useful because it expresses the requirement 2¢ s gwent (Tent) >
u purely in terms of a condition on the descendent tree Tie(¢) Which hangs
off the conditioned region Ny = £.

Regarding the conditional law of this descendent tree, we claim that

Thase(e) under Q( - [{ Ny, = &} N {r(Tens) > k}) has the law Py, (- || E(T)| > 1).
(74)

This claim depends on the renewal decomposition in a fundamental way: it
is here that we exploit this decomposition to find that the portion of T,
below base(£) is unencumbered by the conditioning we impose higher up
this tree (and in the backbone). To derive it, recall that Ti, under Q is
P, ,~distributed. Hence, (74) is implied by Lemma 2.2.

That 2¢f gwent (Tent) > w is equivalent to (73), and (74), yield the equality
in

Q(ch,kwem(Tem) > u){Nk = 6} N {T(Tem) > k})

u

- 2¢y () 8(5)
_lm(Mﬂ>————@ﬂwwan. (75)

Went (base

”““‘MYPWGM”>%M@%amw®Q' (76)

The asymptotic equality (asserted as u — o0) is due to the tail regularity
stated in Proposition 2; the implied convergence is uniform over £ € W [K],
because, for such &, €(€) < wen(N*(€)) < KQX. Applying Proposition 2
to (76) completes the proof, since the convergence is again uniform, due to
2 1.(€)wens (base(§)) < CQRX for ¢ € U} [K]. O

Lemma 2.19 Let k € N. As u — oo,
Q(QCf,k’went (Tent) > U)

~ w Py (r(T) > k) (1 — ho) "'y /

+
\Ijk

(2071 (8)ens (base(1))) Aoy (1)

Proof. In essence, the proof works by expressing Q(2¢ pwent (Tent) > u) as
an integral over possible values of Nj*, and then applying Lemma 2.18 to find
a high-u asymptotic expression for the conditioned probability. Some care
is needed because Lemma 2.18 must be applied simultaneously over these
events; we may only assert this over choices of Ni* belonging to W} [K] for
some large K. The non-trivial Lemma 2.3 is the tool which tells us that the
contribution of ¥} \ W/ [K] to Q(2¢f xwent(Tent) > u) is indeed small.
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Some notation is convenient as we turn to formulate this precisely. Sup-
pose given two sequences of functions Ag, B : (0,00) — (0, 00) parameter-
ized by K € N; the dependence on K will sometimes be trivial. We write

K
Ak ~ B as u — 0o to mean that, for each € > 0, there exists Ky € N such

that, for K > Ky and for u > uo(K), |Ax(u)/Bk(u) — 1| <e.
We now argue that we have the following concentration on ¥, [K]: for
each k € N,

@(20f,kwent(Tent) > uarr(Tent) > k) (77)
g @(‘Nllgn| S K7 2Cf,lc(")ent(irent) > uar(Tent) > k)

as u — 00. To derive this, note the following. In light of (18), which defines
Ni®, the derivation (30) with 7(T.y) replaced by Ni* and with r(T') replaced
by UE_, V(C;) shows that

Q(INE| > K 2egsssen (Tew) > u) (78)
~ 2(0/cmp>h,,,(y Uk V()] > K)w(T) > u/C).
as u — oo. However, for some ¢ € (0,1),

Ph,,,(\ Uk, V(G| > K’w(T) > u/c) (79)
< iPhW(]V(CZ-)] > K/k]w(T) > u/C) < ke,

Lemma 2.3 is used for the latter inequality in the last display. Note then
that (29), (78) and (79) imply (77).

Dividing (77) by Q(r(Ztw) > k) and expressing the right-hand side as an
integral over values of N;», we find that, for any given k € N,

Q <26f,kwent (Tent) > U
K

~ Agm Q<2cf,kwem(Tem) > uHNk = w} N {T(Tent) > k})d)\(k)(w)

(Tong) > k) (80)

as u — 00. By Lemma 2.18, including the asserted uniformity of convergence,
we have that, for any given k € N,

[I/:[K] @(20f,kwem(Tent) > uHNk = ¢} N {T(Tem) > k})d/\(m(l/))
~ b [ (e (base(e)) Dy@) (5

54



as u — 0o. Note that (80) and (81) imply that, for any given k € N,
Q264 (Tew) > | (Tew) > k) (82)

w—n) " [ oy (eralet(base)) dran (@) (59

=

as u — 0o. Set ag;) equal to the integral expression in (83); write agé) for the

same integral over ¥}, That the expression in (82) is independent of K € N

implies that, for each £ € N, and for all € > 0, there exists Ky € N such that,
o®

if K1, K, > Ky, then )% — 1) < €. Of course, for each k € N, a(Kk) 1 a®.
ak,

Hence, for any k£ € N,

uﬂag];) 2 ua® (84)

as u — 00. We learn that, for any given k € N,
@(20f,kwent(Tent) >u

w1 — by / (21 () (bise(0)) ) gy (0)

+
\I]k

(Tong) > k) (85)

as u — 00; indeed, the relation £ being transitive, (83) and (84) imply (85)

K
with ~ replaced by ~; but since the functions on each side do not depend on

K, we obtain (85). The statement of the lemma follows by multiplying (85)
by Q(7(Tens) > k) and then applying (29). O
Proof of Lemma 2.17. The numerator on the right-hand side of (71) may
involve conditioning on an event of zero Q-probability. To define this object
formally, and to derive Lemma 2.17, we invoke the concept of regular condi-
tional probability; see Section 4.1(c) of [12]. Let (2, F, P) be a probability
space, X : (Q,F) — (5,8) be a measurable map, and G a sub o-field of F.
A map p:Q xS —[0,1] is said to be a regular conditional distribution for
X given G if:

e for each A, w — p(w, A) is a version of P(X € A|G);
e for almost every w, A — u(w, A) is a probability measure on (S, S).

In our case, set Q = {(B,T) : 7(Tun) > k}. (We choose F to be a o-field
rich enough to specify the geometry and edge-bias data of such backbone-tree
pairs.) We take P = Q( - |r(Toy > k)), and G = o{Ny(B,T) : (B,T) € Q};
set S = [0,00) and let S be the Borel o-field on S. For (B,T) € Q, set
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X(B,T) = 2¢;1wWent(Teons). We may now explicitly construct the regular
conditional distribution by setting

e — <)
Went (base(§))

for (B,T) € Q satisfying Ny(B,T) = £, and for A € S; here, we use the
notation bA + ¢ = {ba + ¢ : a € A} for A C [0,00). This definition codifies
the meaning of Q(2¢xwent(Tent) € - [{ Nk = £} N {r(Tent) > k}) in terms of
IP,,., positive probability events, and is inspired by the equality (75). (Indeed,
the present discussion gives precise meaning to this equality.) The second
of the defining properties of a regular conditional distribution is trivially
satisfied by u. For the first, we must argue that, for any G € G and A € S,

(B.T),4) = Bu (D) € =) o)

/ u((B,T), A) dP(B,T) = P(Nk € G, 2¢ swent(Tont) € A). (87)
G

We derive (87) by explaining its left-hand side. The law P may be formed
by firstly sampling N, according to the appropriate marginal distribution
and then appending a P, ,-distributed tree (conditioned to be non-trivial)
to base(Cy). If Ny = &, then the quantity u((B,T),A) is the conditional
probability that the sample (B, T) of P satisfies 2¢f gwent(Tens) € A. This
is due to (73) and (74). Hence, the left-hand side of (87) is equal to the
P-probability that Ny € G and that 2¢f jwent (Tent) € A, so that (87) indeed
holds.

Having formally defined the right-hand side of (71), it remains to justify
this formula. For this, it is enough to integrate each side over an arbi-
trary G € G with respect to the law Qp and check that the the same result
is obtained in each case. For the left-hand side, the integral is given by
Q(G|2¢f jwent (Tent) > u) by definition. For the right-hand side, the outcome
. Q(2¢; jwent (Tens ) >u, Ny €G)

is
@(QCf,kWent (Tent)
by the decomposition in the preceding paragraph. The two values are equal

by the law of conditional probability, completing the proof of Lemma 2.17.
O

, because the integral in question may be interpreted

Proof of Lemma 2.16.

(1). The statement is obtained by applying Lemma 2.18 to the denominator
and Lemma 2.19 to the numerator of (71).

(2). Note that (78) and (79) imply that for some ¢ € (0, 1), for each k, K € N
and for all u > 0,

Q(\N}ﬂ > K’Q(;Mw@m(nm) > u) < 2(Cfe) kel /¥,
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Hence, for any € > 0, there exists K € N such that o) (|N;*| > K) < e. The
uniform convergence of the Radon-Nikodym derivative over £ € U} [K] then
yields Lemma 2.16(2). O
2.4.2 Handling the error from the approximate correction factor
We now prove Proposition 7 by means of Lemma 2.16.

Lemma 2.20 There exlsts ¢ > 0 such that, for each { € N, and for u suffi-
ciently high,

Q(Qwaent (Tent) > U)
Q<2cf,gwent(T) > u)

Proof. The first inequality follows from c¢, < c¢;. Regarding the second,
note that (19) and ¢y < ¢ imply that there exists ¢ > 0 such that, for each
teN, cr <cpo(l+exp{—cl}). Hence,

1< <1+exp{—cl}.

@(20fwent(Tent) > u) < Q(chﬁgwent(Tem) > u(l+ exp{—cﬁ})_l).

Lemma 2.18 shows that the right-hand side has a pure power-law decay in wu.
Thus, the second inequality in the statement is obtained with an adjustment
to the value of ¢ > 0. O
Proof of Proposition 7. Let A be an event defined on the space of
backbone-tree pairs that satisfies A € o{Ny} for some given k£ € N. We
claim that there exists ¢ > 0 such that, for each £ € N and for all high
enough u,

Q(A N {QCf,gwem(Tem) > u}) < Q(A N {2waent(Tent) > u}) (88)
< @(A N {ZCf,gwent(Tem) > u}) + @(20f,gwent(Tem) > u) exp { — cl}.

The first inequality is due to c¢s, < ¢y; the second follows from

Q<{2Cf,€went (Tent) > U}A{QCﬁewem(TQm) > u})
< eXP{ - Cf}@ <20f,ewent (Tent) > U>,

which is implied by Lemma 2.20.
Using

Q(A N {Qwaent(Tem) > u})

Q<20fwent(Tent) > u) ’ (89)

Q*(A) =
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we find that, for u sufficiently high,

QAN {267 e (Tews) > u})
Q(2ep sens (Tews) > ) (1+ exp { = et}
@(A N {ch,ewent(Tent) > u}) + @(20f,ewent(Tem) > U> exp { — cl}

Q(2ep sens (Tews) > )

<Q"(4)

<

Y

where the numerator and the denominator in (89) were bounded, both above
and below, respectively by (88) and Lemma 2.20.
That is,

Q(a

2Cf,€went (Tent) > u)
1+exp{—cl}

< Q(A‘Qcﬁgwem(Tent) > u) + exp{ — c/}. (90)

< Q*(4)

Recall from Lemma 2.16(2) the total variation limit o(,. This result implies
that, by making a small decrease in the value of ¢ > 0, we obtain the following
uniform control. For ¢ € N sufficiently high, there exists u, € (0,00) such
that, for any A € o{N®, Ny}, and for all u > uy,

o)(A) —exp{ — cl}
14+ exp{—cl}

<Q"(A) <o@(A) +exp{ —cl}.

It follows directly from these bounds that, for all u,u’ > u, and for any
A € o Ni*, NovY |QU(A) — Q¥(A)| < 3exp{ — ¢f}. The integer ¢ be-
ing arbitrary, we see that Q“(A) converges as v — oo uniformly over A €
o{N» N}, Noting that, by definition, Q¥(A) = Q“(A), we confirm the
existence of the total variation limit asserted in (7). This completes the proof
of Proposition 7. O

2.5 Proofs for Section 1.6

Here, we present the proofs of Lemmas 1.26, 1.27, 1.29 and 1.31 and Theo-
rem 2.

We begin by proving the first two of these results. We do so in three steps.
Firstly, we establish Lemma 1.26 except for the error bound (13); then we
prove Lemma 1.27; and then we prove (13).
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2.5.1 Proofs of Lemmas 1.26 and 1.27

Construction of £ and £. Let vy € (0,00) be given by Proposition 3, and
fix a choice of By > 0 (subject to a condition to be specified later). Let (B, T)
denote a given backbone-tree pair in the support of Q. If wens(Tens) > vo and

Ton is By-bare, then we may construct under ]P)?%t?) 5 random variables F
and £ by means of Proposition 3. If (B,T) violates one or other of these
conditions, we simply choose under IP’?]“;T) 5 the random variable E to be an
independent exponential random variable of mean 2¢ fwent (Tent) and then set
& =1, — Elzp. This construction evidently satisfies the properties stated

in Lemma 1.26, subject to verifying (13).

Proof of Lemma 1.27. Recall that, under QQ x IP’?]“;T) 8 conditional on its

environment (B, T), E has the exponential distribution of mean 2¢ fwen (Tent )-
Writing g for the law of 2¢ fwent (Tent) under Q , we have then that

@ PEp ) >a) = [ plafo.o0)espl=vpas
~ dldgl'_’y/ v” exp{—v}dv,
0

where the asymptotic equality follows directly from Proposition 5. O

Proof of Lemma 1.26: derivation of (13). The construction of E and
& just made entails that, if a backbone-tree pair (B, T) is such that Ty is
of high enough weight and is By-bare, then E 7 5(I€]) < Cow(Tune)?. In
any case, we have the weaker bound E(B,T),g(‘ﬂ) < Cwent(Tent), by ¢ < C
(see Lemma 2.5) and Proposition 3. By Markov’s inequality, we obtain

yl/?
Went(Tont) = 1y Tont S Bo-bare) <" (9
X

(Q X IP"EE}TW) <8 >

and

CRYICEE:

We now bound the tail of the error &:

Went (Tent) = Y, Tent is nOL Bo-bare) < c?. (92)
T

@(5>I‘)§A1+A2+A3+A4,

where
T

Ay = @(wem(Tent) > y Tent 18 nOt Bo—bare>,

log
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T

Ay = <@ X P?JI;T),,B) <went(Tent) < , Tent is not By-bare, £ > x),

log x
A3 = Q <went (Tent) >z log -T) )

and

Ay = (Q X P?]?’T)ﬂ) (went(Tem) < zlogx, Tuy is Bg-bare, £ > x)

By fixing By > 0 so that By > 2¢; 'y, where the constant ¢; > 0 appears in
Lemma 1.15, we find from this lemma and Proposition 2 that
Al S 2(10gx)_01B0Q<went(Tent) > i)

log x
< Caz(logz) P < Cz 7 (logx) P2,

We write v for the law of w(7") under P, ,,, which coincides with the law of
Went (Teny) under Q. We have that

Ay < /0 (Q x ]P)?IH;TW) (8 > & |Went (Tent) = Y, Tent 1S nOt Bo-bare) dvu(y)

< cu! / " ydo(y) < O~ (log )™,
0

the first inequality by (92) and the second a straightforward inference from
Proposition 2. We also find that
A3 < Cx"(logz)™ ",

by Proposition 2. Finally, by (91), we have that

zlogx
Ay < /0 (Q x Pz’}“;j)ﬂ) (8 > & |Went (Tent) = Yy Tent 1S Bo-bare> du(y)

zlogx
< Cxl/ y2du(y) < Cx’l/Q’V(logx)l/Q_W.
0

Recalling that v < 1 for the case of Ay, we compare these bounds with the
decay given in Lemma 1.27 and thereby complete the proof of (13). 0
2.5.2 Proof of Lemma 1.29

Let ¢(®) denote the environment marginal of (Q x IP"E?T) ﬁ)( |E =12). It
suffices to show that, for each k£ € N,

TV () p) =0 (93)

as r — 00, where the subscript k indicates the marginal distributions intro-
duced in Definition 2.15. To prove (93), we require:
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Lemma 2.21 Let r > 0. Write R“" for the measure Q, conditional on
2¢fwWent (Tent) € [u,u(1+7)]. Then, for each r >0,

TV((R“’T)k,pk> =0

as u — OQ.

Proof. As in the proof of Proposition 6, for u > 0, Q" denotes the law of Q
conditioned on 2¢Went (Tent) > u. Note that

Q" = @y, R*" + b, QU+, (94)

where

by = Q" (chwem(Tem) > u(l+ r)),

ayr = 1 —by,. The result then follows from Propositions 5 and 6. O

We now derive (93). Write again p for the law of 2¢ fwent (Tent) under Q,
and recall that £ under QQ x P??,T), 8 is the product of a p-distributed random
variable and an independent mean one exponential random variable. Let p*

denote the law of 2¢ pwent (Tent ), under Q x IP"E?T) 5 conditionally on F = z.

Set hy : [0,00) — [0,00), h.(y) = I 'y texp{ — z/y}, with

I, = /000 utexp{ — x/u}du(u).

Then we have that, for y > 0,

dp®(y)
du(y) ha(y)

Let € > 0. By Proposition 5, there exist constants 0 < ¢ < C' < oo such that,
for all x sufficiently high,

/0 " ha(y)duly) + / T ha(y)duly) < e (95)

Cz
For i € N, set Pf, = [zi/n,2(i + 1)/n] and 7§, = h,(zi/n). Further set
ati + 0,00) = [0, 00),

[nC|+1
) = A Y riler (),

i=|nc|

where A, , is a normalization chosen to ensure that fooo qg;;) (y)du(y) =1. It
is readily verified that, for e > 0, fixing n high enough, and for all sufficiently
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large 7, |ha(y) — ¢ (y)| < € for all y € (cz, Cz). By this and (95), and by
choosing n high enough, we obtain, for all sufficiently high =z,

|

[nC|+1
09 = A% S 12,05,Q( - [2epwen L) € P,
i=|nc|
with ¢f,, = Q(2¢fWent (Tens) € Pff,). We learn from (96) that

hy — qg;) < €. (96)

L1 (dp)

Set

TV <<<x>7 9<x>) <e

Noting that P, = zin~'[1,1+ 7], with r = i~!, we see that Lemma 2.21
yields (93). This completes the proof of Lemma 1.29. O

2.5.3 Deriving Lemma 1.31

Lemma 2.22 Letk € N, and let (B, T) be a backbone-tree pair such that the
number of components r(Tuy) in the renewal decomposition of Tuy is at least
k+1. (The decomposition was introduced in Subsection 2.2.1.) Recalling the

notation of Lemma 2.4, define under P??T) P the event

FDy = {Hbasewk) < HV(Nz“ﬂ\V(NEi%)}'

In the case that 7(Tens) < k, we set FDy, = {H,,,., < Hy(nowyyvou ) }-
There exists ¢ € (0,1) such that, for any backbone-tree pair (B,T) and

for each k € N,
Py 7 5(FDAFDy) < . (97)

Proof. Note that FDAFD,, entails that the walk under P??,T), 5 either fails
to reach vp,se after arriving at base(Cy,), or that it returns to ent after reaching
a backbone vertex at distance k + 1 from ent. Now, the probability of the
first of these alternatives is at most ¢~*, since d(ent, base(Cy)) > k; and the
probability of the second is given by pesc(k) — Dese, Which is at most 2¢'~*/2,
by (20). O
Recall that ¢(*) denotes the environment marginal of (Q x P?]?’T)’ ﬁ)( |E = ).

Lemma 2.23 Under each of the laws (Q x P& _ )( |E = 2) and () x

(BT),3
P‘ng 2 the walk trajectory X : {0, ... } — V(B,T) has the same

distribution.

'Ub ase
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Proof. By definition of (), the two laws have the same environment
marginal. Lemma 1.26 states that, under (Q x ]P"(?gtf)ﬁ)( - |E = z) given

(B, T), the law of the walk until hitting vpase (possibly at infinite time) is
unaffected by dispensing with the conditioning £ = x. The latter walk law
is simply ]P"(?EtT) ) stopped at time H, O
Proof of Lemma 1.31. We begin by arguing that

lim (Q x P ﬁ) (ﬂ)k)E - x) = (px Py N(FDy).  (98)

base *

Note that, given any (B,T), under IP’BJH;T) 5
FDy € o{X(0),...,X(H,y,.)} (99)
Hence, Lemma 2.23 implies that
(Q x Pz ) (FDHE = @) = (¢ x PO 7 ) (FDy). (100)

Adopting the usage of Definition 2.15 and abbreviating (§ = ((( ) s note
that the right-hand probability in (100) is given by ((F x ]P’ent )3 5)(FDy); this
is because ¢ has support in ¥} and FDj, € o{N;*, N"ut}

We see from Lemma 1.29 that the law py, (on {N;®, N2"}) is the total

variation limit as & — oo of (' (for convergence of all p;, to (i and of all py,
to (@) are obviously equivalent). Hence,

Tim (G % P ) (FD2) = (pi P, ) (F D),

(B,]T),3

whose right-hand side is equal to (p X IP"EgtT )(FDy). We thus obtain (98).

Recall that the measure p is supported on backbone-tree pairs (B, T),
where T, is an infinite tree. By averaging Lemma 2.22 by p, we obtain

)(p X P )(FDy) — (p x B ) (FD)| < . (101)
Note that the sentence including (99) holds equally for the event FDAFD.
Hence, Lemma 2.23 implies that

(@ x P 6) (]:DA]:Dk‘E - a;) = ((¥) x Py J(FDAFDy)  (102)

Averaging Lemma 2.22 over ((® shows that the right-hand side of (102) is
at most c¢*. Hence,

Qx P . V(FDAFDL|E ==2) <" (103)
< ) £ =2)

(B,]T),3

By (98), (101) and (103), we find that the limit lim,_, (QX]P’QHt )(fD\E =

x) exists and equals (p X ]P"(? )(]—" D). O
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2.5.4 The proof of Theorem 2

Lemmas 1.27 and 1.31 imply that (Q x P(Egcf)ﬁ)(Eﬂ]:'D > z) ~ ndidyol (1 +
v)z~7. We now apply Lemma 2.7(2) with the choice U = Fllgp and V = €£.
Lemma 1.26 tells us that the hypotheses of Lemma 2.7(2) are satisfied, and

also that the conclusion that we reach is the statement of Theorem 2. O

3 Comparison with independent heavy tail

The task remaining is to derive Theorem 1 from Theorem 2. To obtain
Theorem 1, we must describe the asymptotic decay of the law of the time H,,
for a walk under Py, o, X IP’% 5 to reach distance n from the root. This time
may be considered as a sum of holding times in traps encountered along the
way, a sum which, we anticipate, will be dominated by a few large terms,
corresponding to the deepest of the encountered traps. These deep traps are
well separated, so that, after departing from one of them, the environment
from the next one should resemble the late-time trap environment measure Q,
conditionally on the trap T.,; being deep. This suggests a means of deriving
Theorem 1: we will seek to couple the law Py, o, X P?’ﬂ to a sequence of

independent copies of Q x ]P"(?Etf) s in such a way that the hitting time H,

under Py, o X IP’%ﬂ approximates the total time spent in a certain initial
number of traps in the idealized trap sequence. This coupling made, we may
invoke Theorem 2 to derive Theorem 1, since this result describes the total
time spent in one of the traps in the idealized sequence.

We now summarize the proof strategy in more detail, and introduce some
more of the required notation.
Step 1: the hitting time H, is close to a sum of ¢n trap holding
times. To implement the plan that we have just sketched, we firstly have to
understand how long the initial sequence of traps should be in the comparison
made there. That is, how many trap entrances does the walk under Py, o
IP’% s typically visit before reaching a distance n from the root?

Recall from Definition 1.17 that, under Py, o, x ]P’% 5 the sequence {ar; :
i € N} enumerates the successive trap entrances encountered by the walk.
The descendent tree T'x(ar,) of the i-th trap entrance is then the i-th trap so
encountered. We may also record the total time 7; spent by the walk in that
trap:

= |{7 € Ns X0) € ViTxan)}|

It is convenient to use in place of H,, its close cousin H,,, here defined:

64



Definition 3.1 For X having law P, 5, let H, = inf {i € N : d(¢, X (i)) =
n, X (i) € V(B)}.

In this first step, we establish two basic properties: firstly that the hitting
time H,, under Py, o, x IP’% 5 may be approximated by the sum of the hold-
ing times 7; over those trap entrances ar; reached by the walk before time
H,., and, secondly, that the number of these trap entrances typically grows
linearly in n at a deterministic rate. Regarding the latter, we will prove:

Lemma 3.2 Define the “trap-number” function tn : N — N,
tn, =sup{j € N:ar; < H,}.
Then there ezists a constant 1 € (0,00) such that

tn,,
lim — =,

n—oo N
Psroo X ]P’;z,iﬂ-a.s.
The conclusion of this first step is then:

Lemma 3.3 With ¢» € (0,00) denoting the constant provided by Lemma
3.2, and C € (0,00) a sufficiently high constant, for any € > 0 and for n
sufficiently high,

Yn(l—e) B P (14-€)
(Pf,v,oo X P’?‘,ﬂ)( Z 7 <H, < T + Cn) >1—e

= =1

We are discussing a walk in a sub-ballistic regime, so that the linear quantity
Cn in Lemma 3.3 should be regarded as a small error term. In the ballistic
case, of course, the durations spent in backbone and traps are both linear:
we mention that, having carried out Step 1, we will give a short argument
(in Lemma 3.6) that shows that motion is ballistic in the case that v > 1,
and that proves, in essence, the final assertion of Theorem 1.

Step 2: coupling the walk with an idealized model of holding times
in traps. The holding times that form the summands in the approximation
Zzg 7;, are, we anticipate, close to independent, except if their indices are
are very close to one another. As such, it is natural to model this sequence of
holding times by an independent and identically distributed sequence, with
each term being distributed as the holding time in a trap encountered at late
time by the walk. The law of this idealized trap, viewed from its entrance,
is the limiting law QQ that was specified in Definition 1.23. For this reason,
we specify the idealized sequence of holding times in the following way.
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Definition 3.4 Let Q denote a law under which is defined an independent
sequence (B*,T"), T* = (head,ent) o Tj,, i € N, of backbone-tree pairs, each

having law Q. Recall that T', refers to the descendent tree of the verter ent

in the backbone-tree pair (BZ,T’) For v € N, we introduce w; under Q by

©0; = went(TL). Further, let
X, :N— (B, TY, i eN,

be independent under Q, X; having law P?%ti iy Set the holding time T;

according to

Ti = HJ eN:X,(j) e V(Tgnt)}"

Our aim is to couple Py, o X P?’ﬂ and Q so that the sum of a long initial
sequence of holding times 7; is close to the counterpart sum under the ideal-
ized sequence of traps under Q. This second step of the proof leads then to
the construction of the following coupling.

Lemma 3.5 Assume that v, specified in (2), satisfies v < 1. For any e > 0,
there exist ng € N and, for each n > no, a coupling ©,, of the distributions
Q and Py, o % ]P’%ﬁ such that

o

and such that w(Tx ar,)) = @; for all i € N under ©,.

n

n
E TZ‘—E %z
i=1

i=1

> Ezwent(TX(ari))> <€
=1

With these elements in place, the proof of Theorem 1 is essentially complete.
Indeed, Lemmas 3.3 and 3.5 provide a coupling according to which H,, un-
der Py, o X IP’%ﬁ is well approximated by the independent and identically
distributed sum Zzinl 7, under Q, while Theorem 2 describes the regularly
decaying tail of 7; under Q.

The next two subsections present the proofs of the results stated in the
respective steps. A brief subsection then follows in which Theorem 1 is
derived from Proposition 2 by means of Lemmas 3.3 and 3.5.

3.1 Proofs for step 1

Here, we furnish the proofs of Lemmas 3.2 and 3.3.
Proof of Lemma 3.2. Under Py, o X IP’%ﬁ, enumerate RG = {r; : i € N}
and set k = E(d(¢, X(r2)) — d(¢, X(r1))), the mean being with respect to
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this law. That s € (0, 00) follows directly from Lemma 2.14. Renewal blocks
being independent, we find that

d(¢, X (rn))

n

HK‘/’

Psooo X ]P’%ﬁ—a.s., by the strong law of large numbers. Setting g, = sup {j €
N:r; < H,}, note that d(¢, X(r,,)) <n < d(¢, X(ry,+1)), whence

In _, kL (104)

n
Psooo X IP’%ﬁ—a.s.
Recalling Definition 2.11, we find that

gn—1 gn

AO+ZAi§tnn§AO+ZAi'

i=1 i=1
Invoking Lemma 2.12, and (104),
ES A

tn, . _PrucoxPrg

Y

n K

Psroo X IP’% g-a.8, by the strong law of large numbers applied to the indepen-

dent and identically distributed sequence {A; : i > 1}. Thus, the statement

of the lemma holds with ¢ = lflEPf p? ﬂAl. O
w00 X

Proof of Lemma 3.3. For (7, X) sampled from Py, o X IP’%ﬂ, let J(n)
denote the event that, if i, j € {0,...,n} satisfy j > i+ dn, then there exists
r € RG such that ar; < r < ar;. (We set arg = 0 here.) Adopting once more
the notation introduced in Definition 2.11, note that

ﬁ{Ai < 5n} N {’I“Cn > arn} C J(n),

1=

for C sufficiently high. Note that, by (52) in the statement of Lemma 2.12,
<IP’f,,jﬁoo X IP"%B) <AZ- > on for some 1 < Cn) < 20046 (log n)2_a

for C' sufficiently high. Each regeneration epoch independently witnesses a
new trap entrance with positive probability, so that rs, < ar, has a prob-
ability under Py, o, X ]P’% 5 that decays exponentially in n, for C' sufficiently
high. Hence,

(Pﬁ,,,oo x Pgﬁ) (J(n)) >1 - C(logn)>™. (105)
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Note that, if H,, < ar¢, and J(Cn) occurs, then

tn, —on

U {5 eN:X0) € V(Tx) | S L. b (106)

i=1

Indeed, by the occurrence of J(Cn), and ary,, < H, < arc,, there exists
r € RG satisfying ary,, s, < r < ary,,, and, if © € N satisfies ar; < r for a
certain r € RG, then

sup {j eN:X(y) e V(TX(ari))} <.

Thus, (106). Provided that tn, > ni(1 — ¢), it follows from (106) that
H, > Z?fl(l_%) 7;. We find that, for any 0 > 0 and n sufficiently high,

(Praee x BS5) (Ho > mp(lzm ) =1-4, (107)

i=1

by (105),
0

(Prooe x Pha) (Fw < avcn) 215,

and Lemma 3.2. The last inequality follows from the equivalence of H,, >
arc, and tn, > Cn, and Lemma 3.2, with the choice C' > 1 being made.

Having obtained the required bound on the lower tail of H, in (107), we
turn to the bound on the upper tail. Note that

tn,

{1,...,H,} C U {j eN: X, e V(TX(ari))}U{j eN:X;eV(B),j < ﬁn}.
i=1
(108)
We decompose
{jeN: X, €eV(B)} = F,UF, (109)

the set Fi consisting of those moments of visit to the backbone by the walk
with the property that the preceding instance of the walk visiting the back-
bone took place at its present location.

Note that each element of F is a moment of return to the backbone B(T)
by the walk X. For j € N, let h; € V(B) denote the parent of X (ar;). Define

A, = {z eN:X(i)=h;, X(i—1) = X(arj)}.
Note that the union [J;Z, A; is disjoint and partitions F7.
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We claim that, for each j € N,

Q+qg+1
-1

By e () < (110)

Pf,uyooxpgé_y

Indeed, given T" and the values {X(0),..., X (ar;)}, the first return of X to

the backbone after time ar; forms the first element of A;. Given that A; has

at least k elements, with & > 1, a (k + 1)-st occurs only in the case that X

revisits X (ar;) after its visit to h; at the k-th element of A;. This probability

is 1 — pesc as specified by Definition 1.21, for the backbone-tree pair for which

ent = X (ar;). The lower bound on pes. in Lemma 2.5 thus gives (110).
Note further that

tn,

FiodL.. H.y <A
j=1

where tn,, was defined in Lemma 3.2. We find that, for any ¢ > 0 and 6 > 0,

(Proe < 70
(Y+e)n

< (Proeex ) (| U &)
j=1

- (Prase x P (t00 > (0 + ) <0+ 6o, (111)

Fn{l,....H,}

> 671+ Q)+ e)n)

> 6711+ Q)@ + e)n)

where (110) and Markov’s inequality were used in the second inequality, and
where ¢, — 0 is due to Lemma 3.2.

Note that the sequence {X; : j € F,} has the law of the walk Py, o X
IP’%(TW on the backbone, so that the sequence {d(¢, X;) : j € F,} stochasti-
cally dominates a nearest-neighbour random walk Z : N — 7Z, Z(0) = 0, with
independent and identically distributed increments, with rightward transition
probability 3/(6 + 1) > 1/2. By this, and (111), we have that, for C' > 0
large enough, and for all n sufficiently high,

(Pf,y,oo x P‘;ﬂ) (){j eN:X(j) e V(B),j < ﬁn}) < cn) >1-4. (112)

By Lemma 3.2, (108) and (112), we obtain the bound on the upper tail of
H,, asserted by the lemma. Alongside (107), this completes the proof. ([l

We now provide the short argument establishing the final assertion of
Theorem 1 for H,. The actual statement, with H,, in place of H,, will also
require Lemma 3.15.
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Lemma 3.6 If v > 1, then there exists v € (0,00) such that then n~YH,, —
v, Ppyoo X ]P%@—a.s.

Proof. Recalling that g, = sup {j € N:r; < H,}, note that

gn—1

gn
T+ Z (rig1 — 1) <Hn <11+ Z(Tzﬂ — 7).
=1

i=1

The remark at the start of Section 2.3 implies that the summands here are

independent and identically distributed. Recalling from (104) that n~'g, —

KL Pl X ]P?ﬁ—a.s., it is suffices to show that Epf wpe (12 — 1) <
’ ,U,00 T,8

0o. Note that ro — r; under Py, oo X ]P’%ﬁ has the distribution of r; under
(Pfroo X ]P’;z,iﬂ)( -0 € RG). By partitioning the time-interval {0,...,r}
according to the walk’s location in trap or backbone, note that

r1+1:i7i+ HjeN:X(j)eV(B),jgrl}’. (113)

It follows from (7) and (110) that under (P, x P4 ;)( [0 € RG) the mean
of 7; is at most 2(Q + q — 1)(¢ — 1) 'Ey,(w(T)) for each i € N. However,
Proposition 2 and v > 1 imply that E;, ,(w(7")) is finite. By Lemma 2.12,
we obtain then that Z;‘:Oln has finite mean under (Pf, o X IP’%ﬁ)( -0 €
RG). To treat the second term on the right-hand-side of (113), we use the
decomposition (109). Noting that F3 N {0,...,r} C U‘j‘iol‘Aj, we see that
|F1 N {0,...,r}| has finite mean under (Py, o X P?’ﬁ)( -10 € RG) by (110)
and Lemma 2.12. To establish the lemma, it remains only to show the
same assertion for F5. To do this, note that, under P, ., X Pdfﬁ, {X; :
J € Fy} is the walk on the backbone given by the walk Y with S = B(T)
specified in the remark preceding Lemma 2.12. Note further that r; is the
first regeneration time of {X; : j € F,} considered as a walk on the backbone.

Hence, |F1N{0,...,r}|, being at most one plus the first regeneration time of
a P, X IP’%(T) g-distributed walk, is shown to have finite mean by Lemma
2.14. O

3.2 Proofs for step 2

We seek to argue that the sum ) 7, under Py, o, X IP’%ﬂ is well approx-
imated by the sum of n trap holding times in the idealized independent
sequence Q. Our strategy for proving this is to argue that the sum ST
is dominated by sojourns in high-weight traps. These traps are far apart, so
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that the walk is likely to pass regeneration times as it moves from one to the
next. This entails that the holding times in these deep traps are independent.
Moreover, plenty of time passes between a regeneration time and the arrival
at a new deep trap, with the effect that the backbone environment about the
new trap entrance has time to converge towards Q°", the limiting law which
was introduced in Proposition 4 and which forms the backbone marginal of
our idealized trap environment Q.

To implement this sketch, we begin by defining a procedure that will
identify most of the big traps that the walk encounters, while ensuring that
the times spent in the selected traps form an independent and identically
distributed sequence.

Definition 3.7 For v € (0,00) and k € N, we construct a subsequence of
indices of the sequence {ar; : j € N} on the space Py, o0 X Piﬁ. Let (T, X)
denote a sample of Py, o X Piﬁ. Let r{ denote the first regeneration time of
X. Let

ji = inf {j € N:ar; >y, d(X(arj),X(rf)) >k, wX(arj)(TX(arj)) > v}.

That is, ar s the first time after r{ at which X wisits a verter in Bey =
V(Baug) \ V(B) at distance greater than k from X (ry) and whose descendent
tree has weight exceeding v.

Suppose that a sequence of times

v v
7“1<8ij<...<7“n<arj;i

has been constructed, in such a way that r{ € RG is a regeneration time for
each i < n. We now define ry ., to be the first regeneration time after time
arjo such that d(X (ar;e), X(rh,,)) > k. We then set

Jrniq = inf {j e N:ar; >, d(X(arj),X(rfLH)) >k, Wxar,)(Tx(ary)) > v}.
Note that the k-dependence is suppressed in denoting the two sequences.

Inherent in the sequence of times just defined is the property that the k-
neighbourhoods on the backbone of the trap entrances arj» are indepen-
dent for distinct i. To prove an independence statement for the holding
times 7; under Py, o, X P%ﬂ’ it is thus natural to approximate these times
by cut-off versions, where we consider time only until the walk leaves the
k-neighbourhood of the trap entrance on the backbone. The following def-
inition introduces this notation, and its counterpart for the idealized traps
under the measure Q.
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Definition 3.8 Under Py, o % IP’%ﬂ, we set, for k € N and i € N,

and

oF = inf {j >ar; : X(j) € V(B),d(X(j),X(ari)) =k+ 1}

P

= |{j € N: X() € V(Txw)s < oF .

Under Q, we set, for k € N and i € N,

and

5% = inf {j eN: X,(j) € V(Bi),d<)~(i(j),ent) —k+ 1}

- HJ e {0,....5F}: Xi(j) € V(Teint)}"

Lemma 3.9 Let v > 0 and k € N. The law Py, o X P?’ﬂ has the following
properties.

1. The sequence of traps {T'(X (ar;»)) : n € N} is independent and identi-

cally distributed, with common law Pp, (- |w(T) > v).

Recall the notions N™ and Q{* from Definition 1.22 and Propo-
sition 4. The sequence {N{"(X(ar;v)) : n € N} of k-large back-
bone neighbourhoods of the successive trap entrances is independent and
identically distributed. Let nF denote its common law. We have that
TV (nk, Q%) — 0 as v — .

Let X, = X, ., : N =T be defined under the law Py, oo X IP’%H so that,
gwen T and the initial segment X : {0,... ar;e} — T, it is distributed
according to Pigﬂj%). Then, for any given k € N, and for any n € N,
the construction of X! may be effected so that X! : N — T coincides
with X (arje + ) : N — T with Py, o X Pﬁfjﬂ—pmbabz’lity tending to one
as v — 0.

Proof.

(1). This follows directly from Definition 3.7.

(2). Independence and identical distribution follows directly from the con-
struction. Regarding the second assertion in this part, under the law Py, o %
PS5, let Qu = inf{i € N : wx(a)(Tx(ar,)) > v}. Let 7% denote the law of
N" (X (arg,)) under (P, o0 X ]P"fpﬂ)( -10 € RG). It suffices to prove that

TV (7, Q") — 0 (114)
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and that
TV(ns,7s) — 0 (115)

as v — 00.

To establish (114), note firstly that @, under (P, o X P?vﬁ)ﬂ |0 € RG) is
distributed as a geometric random variable of parameter p = P, ,(w(T") > v),
and that it is independent of the walk induced on the augmented backbone
(which is the walk Y defined in the remark preceding the proof of Lemma
2.12 when the choice S = By (T') is made). Since p — 0 as v — oo, we have
that

(Pf,,,,oo x P;,‘iﬂ) <QU e o, C])o e RG) 0, (116)

for any given C' > 0.

Adopting the notation of Corollary 1.25, we see that 7* has the law of
Q9" (n), where the index n is independently randomized with the law of @,.
Hence, we obtain (114) from Corollary 1.25 and (116).

To derive (115), note that, under (Py,, « XIP’?’ﬂ)HO € RG), @, = j; unless
d(¢, X (arg,)) < k. However, if Q, = j}, then naturally NJ"(X (arg,)) =
NE™(X (aryy), s0 that TV(h,7%) < (Praee x P4, (d(6, X (arg,)) < k0 €
RG). Hence, it suffices for (115) to argue that

(Pf,y,oo X P‘;ﬂ) <d(¢, X (arg,)) < k;)o e RG) 0 (117)

as v — 00. Noting that the sequence of terms d(¢, X (r)) as r ranges over RG
is strictly increasing, and that, for each r € RG, we have that d(¢, X(s)) >
d(¢, X(r)) for all s > r, we find from Lemma 2.12 that, for each ¢ € N,

(Pracee < P4,) (06, X(ax,)) > ¢ for all n > m)o €RG) —1,  (118)

as m — 00. We obtain (117), and thus (115), from (116) and (118).
(3). In plainer words, we must show that, under Py, o, X IP’% 5 the evolution
of the walk X after time ar;. is well approximated by a biased walk from the
same location in the same environment whose moves are made independently
of the past of X. The reason that the approximation is not exact is that,
given its history until time arj», the walk X must subsequently remain in the
descendent tree of its location at the last constructed regeneration time 7,
for otherwise 7, would not be a regeneration time for X. The reason that
the approximation is good is that the walk at time arj» is typically already
at a safe distance from X (r7).

That is, the conditional distribution of X (ar;o +-) : N — T given 7', the

sequence r{ < arjpy < ... < 1y < arjy and X(0),..., X(ar;y), is given by
IP’?S%) conditional on Y (i) # X (r?) for each i > 0. (Here, we write Y for

73



the walk under P A ]”). Note that we might also write X/ for this walk.)

Hence, the total Varlatlon distance between this conditional distribution and
that of X/, is the conditional probability that X/ (i) = X (r2) for some i > 0.
It suffices then for the third part of the lemma to show that

(IP’f,,oo X IP’Tﬁ> <X’( ) = X(r,) for some i € N) — 0,

as v — oo. By shifting the origin of time to be 7}, we see that it is equivalent
to show that

(Pf,y,oo X IP%) (X;(z) — $(T) for some i € N)o e RG) 0, (119)

as v — 00.
To this end, we note that, for each ¢ € N,

(Praoe x Py ) (6, X (ary)) > e)o ERG) — 1 (120)

as v — 00. This follows from (118), (116), and the almost-sure inequality
Qv < J7.

For any v € Be(T'), the walk X under P, ; will reach ¢(T") only by
travelling a distance of d(¢,v) — 1 along the backbone B(T'), from the parent
of v to ¢. Thus, for any such v,

Py, <X(7J) = (T for some i > 0) < gimdéw), (121)

It follows from (120) and (121) that, for given k£ € N, for any ¢ > 0 and for v
sufficiently high, the sample of tree and walk under (Py,, o % ]P’% 5)(-10 € RG)
and the random variable j7 are, with probability at least 1 — €, such that

Prd (X(0) # o(T) forall i > 0) > 1—¢,

as required for (119). O

We are now ready to provide the coupling that underlies the one in the
statement of Lemma 3.5. The coupling identifies the local environments and
walks about a lengthy initial sequence of entrances to high-weight traps under
the measures Py, o X IP’Tﬂ and Q.

Lemma 3.10 For the statement, we adopt the following notation. Let © be
a coupling of the laws Py, o X IP’Tﬂ and Q. We say that © is good if, for each

i € N, the traps Tx (ar;) and T .« are coupled to be equal by ©. Let k € N and
v>0. A sample pomt of a good coupling © 1is said to to be k-accurate for
the i-th v-large trap if the following properties hold:
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1. the descendent trees Tx(ar,y) and ngt coincide,

2. the k-large backbone neighbourhood NR™ (X (ar;v)) in T of X (ar;») co-
incides with its counterpart NO™ (ent) in (B, T7!),

3. and the walks X : f{arp,...,0f} — T and X : {0,...,6%} —

(B¥,T#) coincide (their domains being identified by translation,).

For e > 0 and { € N, there exists v1 such that, for v > vy, the following
holds. A good coupling © = O, ke of Py oo X P?,ﬂ and Q exists such that
the ©-probability of an outcome that is k-accurate for the i-th v-large trap
foralli e {1,...,0} is at least 1 — €.

Remark. Regarding the third of the listed properties, note that the first
walk is taking values in the union of the vertices of T (ar ) and N"* (X (ar;v)),

v

while the second one does so in the union of the vertices of 7%, and N Ut (ent).
The first two properties ensure then a shared environment for these two walk
segments, and the third property asserts that the walks themselves coincide.
Proof. Note firstly that the sequences {Tx(ar,) : @ € N} and {70, : i € N}
each have the distribution of an independent sequence of P, ,-distributed
terms. We naturally choose a coupling that identifies the respective traps,
and this is a good coupling.

It is a simple exercise to show from the construction in Definition 3.7

that the descendent trees T'x(ar,,), neighbourhoods Np" (X (ar;»)) and walks
X Aarge, .05} = V(Tx(ar,)) U V(NP™ (X (arj0))) are independent as i

varies over N. This is true of their Q counterparts, by definition. For this
reason, it is enough to prove the statement in the case that £ = 1. Regarding
the three listed properties, the trees in the first have already been coupled.
The neighbourhoods and walks in the second and third have laws differing
in total variation norm by a quantity tending to zero as v — oo by Lemma
3.9 parts (2) and (3), and by the definition of Q. Hence, the statement of
the lemma indeed holds for ¢ = 1. 0

We now state several lemmas which will be used to prove Lemma 3.5.
The coupling provided by Lemma 3.10 will be invoked to show the existence
of the coupling in Lemma 3.5. The plan is to tune the value of v in Definition
3.7 so that, among the first n traps, most of the time is spent in traps of
weight exceeding v; v will also be chosen to be high enough that these high-
weight traps are well-separated, so that the cutoff of the k-neighbourhood
about the trap entrance used in the coupling of Lemma 3.10 does not err
significantly in describing total trap time. The choice that we will make is
v = en!/7, for some small ¢ = c(e) (where € > 0 appears in the statement
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of Lemma 3.5). As we now record, this choice results in a number of traps
among the first n whose weight exceeds the cutoff which is tight in n.

Definition 3.11 For v > 0, let KV denote the set of i € N for which
w(Tx(ar;)) > v. (We will call the traps so identified v-large traps.) Let J}
denote the set {j? : i € N} appearing in Definition 3.7.

Lemma 3.12 For any ¢ > 0 and € > 0, there exists K € N such that, for n
sufficiently high,

(Pf,,,,oo X P?;ﬁ) (’KC"”” N {1, o n}’ < K) S1—e  (122)

Proof. This is implied by Proposition 2. 0

We anticipate that the en'/7-large traps are each responsible for a signifi-
cant portion of the time to reach distance n. For this reason, it is important
to show that the procedure from Definition 3.7 is unlikely to skip any such
trap.

Lemma 3.13 For anye >0, k € N, ¢ > 0, and for all n sufficiently high,
(IP’f,V,oo x IP’{‘;,[Q (Kml” N{1,....n}=J""n{1,... ,n}> >1—e (123)

Proof. Let {k} : i > 1} enumerate K". For ¢,d > 0 and n € N, set

HY(n) = {k;”” "> 6n, and kT — ke > on (124)
for each j € N such that k;?fl/w < n},
and
Hi(n) = {if 1 <4,j < nsatisty 7 > i+ dn, then there exists r € RG

for which ar; < r < arj} N {EIT ceRG:r< argn}. (125)

We claim that, for any ¢ > 0, § > 0 and k € N, and for all n € N sufficiently
high,

6
H(n) N HF (n) C {Kml” A{L,...n}=J5, n{1,. .. ,n}}. (126)
Once (126) is demonstrated, the proof will finish by showing the event on its
left-hand side to be highly probable.
One of the inclusions needed for the event on the right-hand side of (126)

is trivial: indeed, ¢ € JY satisfies went(Tx(ar,)) > v, so that Jen'!t C gent!™
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To prove the reverse inclusion, we adopt the shorthand k, = k}f”l/w and
Jo = jg"”” for £ € N. We assume throughout this derivation that the event
on the left-hand-side of (126) occurs.

We will obtain (126) by verifying the following assertion: for any given
(e N, if k, <n, then k, = j,. We now establish this statement by induction
on {. For this, we will make use of the statement that, for each j € N such
that k’j < n,

{an, . an | NRG| = 2642, (127)

Accepting (127) for now, we perform the inductive argument, arguing that,
for any ¢ > 1, (127), ky—y = ji—1 and ky < n imply that k, = j,. (The
initial step, indexed by ¢ = 1, is a minor modification of the generic one.)
Let 71,... 79, denote the first 2k + 2 elements of RG occurring after time
ary, ,. By the definition of regeneration times, we find that d(¢, X(r])) >
d(¢, X (arg,_,)), and also that the sequence d(¢, X(r})) is strictly increas-

ing in 7. Hence, rm/ , by its definition (in Definition 3.7) and by k, ; =
Je—1, is equal to one among {r; : 1 < ¢ < k + 2}. This implies that
A(X (s, X (arg,)) > d(X (r5""7), X (1 10)) +1 > k + 1. From this, we
find that k, meets the condition required to ensure that j, = k.

To obtain (126), it remains to verify (127). To this end, note that the
event H’(n) ensures that k;—k;_; > dn. Hence, the interval {arg,_,,...,ar, }
may be divided into 2k 4 2 consecutive subintervals, each of which contains

)

at least on/(2k +2) — 1 values of {ar; : i € N}. By the occurrence H;* " (n),
each of these subintervals intersects RG. We obtain (127) and thus (126).

Next we show that the events on the left-hand side of (126) are indeed
probable.

Under Py, o X IP’%ﬂ, elements of N belong independently to K" with
probability P, (w(T") > v). As such, by Proposition 2, we find that, given
e > 0 and ¢ > 0, there exists 6 > 0 and ng € N, such that, for n > ng,

(Pﬁy,w X Piﬁ) (Hf’a(n)) >1-—e (128)

Note that HS(n) equals J(n) in the proof of Lemma 3.3. Restating (105),
there exists C' > 0 such that, for n sufficiently high,

(me X IPM) <H2k+3( )) >1— C(logn)>™ (129)

By (126), (128) and (129), we obtain Lemma 3.13. O

Making a step towards Lemma 3.14, we now show that, if we discard
returns made to traps after long (of distance exceeding a large finite k) inter-
ludes on the backbone, the laws of total trap time among cn'/7-large traps
are almost the same for P, o, X IP’ 1.5 and for Q.
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Lemma 3.14 For any k € N, ¢ > 0, there exists a sequence of couplings
{©, : n € N} of the distributions Q and P X ]P’Tﬂ such that, for any
e > 0 and for n sufficiently high,

~ (k) =)
@n<z;n ﬂwem(Tx(m))Z«:nl” = Z;Ti Il@-gemh) >1—c¢, (130)

and for which w(Tx (ar,)) = @; for all i € N under ©,.

Proof. We will couple k-cutoff total trap time for each pair of actual and
idealized traps using Lemma 3.10; for each pair, there is a small failure
probability, but, by Lemma 3.12, the number of en'/7-large traps is uniformly
bounded in n, so that these small probabilities remain small cumulatively.
We use Lemma 3.10 to define the coupling ©,, for each n € N: fixing
€ > 0, we set ©, equal to ©,1/+ ; g in Lemma 3.10. By so doing, we obtain
that there exists ng € N such that, for n > ng, and for each ¢ € {1,..., K},

¢ ¢
k ~(k
Ou(Do =3 ) e (131)
m=1 """ =1 "
Note that, because ©,, is a good coupling, the event in (130) may be written
{>°0, Ti(k)]liele/7 =y, %i(k)]lieKcnl/'y}- Hence, Lemma 3.14 follows from
(123), (122) and (131), with a relabelling of € > 0. O
Proof of Lemma 3.5. With Lemma 3.14 available, to prove Lemma 3.5, it
remains only to show that small traps count for little time under the actual
and idealized laws, and that the k-cutoff creates an error only with small
probability for each of these laws. We state four assertions to this effect and
then prove them.

Firstly, for any 6 > 0, there exists ¢ > 0 and ng € N such that, for n > ng,

@
<Pf,lj,oo x IP)Tvﬁ) < Z TZ ﬂUJent (TX(ari))<Cnl/A/ > 5 Z went (TX(arZ))> < 5 (132)
=1 =1

Secondly, for any 6 > 0, there exists ¢ > 0 and ng € N such that, for n > ng,

@<iﬁﬂ@i<6nl/7 > (5i&)z) < 0. (133)
i=1 i=1

Thirdly, for any € > 0 and ¢ > 0, there exists k£ € N and ng € N such that,
for n > ny,

n

<]Pf,u,oo ) <Z T wﬂﬂt TX (ar; ))>cn1/“/ - Z Tiﬂwen‘c(TX(ari))>cnl/’y) > 1_6‘

- (134)
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Finally, for any € > 0 and ¢ > 0, there exists k£ € N and ny € N such that,
for n > ny,

n n
@(}:%ynbﬁﬁﬂM::E:@n@>muo:>1—e. (135)
=1 =1

Deferring the four derivations, we close out the proof of the lemma. Note
that (130), (134) and (135) imply that, for any € > 0 and ¢ > 0, and for all
n sufficiently high,

@n<zl Tiﬂwent(TX(ari))zcnl/’y = Zl %leajlzcnl/’Y) > 1 - 367
to which the use of (132) and (133) yields, for any ¢ > 0 and 6 > 0, and for
all n sufficiently high,

o

The coupling ©,, having been constructed so that w; = went(TX(ari)), we
obtain the statement of the lemma (with € replaced by c¢), by choosing 3¢ +
20 < c.

Turning to the proofs of the four statements, for (134), note that, for
some ¢; € (0,1) and for each i € N,

n

n
E TZ‘—E ’7}
i=1

i=1

<03 wen(Tary) + 6D i) > 1= 3¢ =26,
1=1

=1

<Pf7,,7oo X P%ﬁ) <7_i(k) = 7_1') >1-— C]f. (136)

Indeed, recalling Definition 1.20, given any backbone-tree pair (B,T), T =

(head, ent) 0Ty, we have that 77, % 77, under P?Ea%) 5 brecisely when X re-
turns to ent after time a?ga%) (k), an event whose probability is pesc(k)(B,T)—
Pese(B,T). By Lemma 2.4, then, we derive (136).

Note that (136) and (122) imply that
<Pf’”’°° % Piﬂ) <Ti(k) = 7;for each i € K" N {1,... ,n}> >1— (Kcb+e),

whence (134). Note that (135) follows similarly.
To derive (132), note that, for any ¢; > 0, there exists ¢ > 0 and ng € N
such that, for n > ny,

n

n
(Pf,u,ooXP%ﬁ) <Z Went (TX(ari))ﬂwenc(Tx(ari))<cn1/7 S &1 Z Went (TX(ari))) > 1_617
i=1 i=1
(137)
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by Proposition 2 and the assumption that v < 1. Note that, by (7) and
Lemma 2.5, there exists C' > 0 such that, for any ¢ € N,

E

Pf,u,ooXP%B <7_i Went(TX(ari))> < Cwent(TX(ari))-

Hence, by Markov’s inequality,

n n
] 2 -1
(Pf,u,oo XPT’Q) < Z Ti ]1“)9“‘5 (T)(('anri))<cnl/’Y >C Z Went (TX(ari))]lwent (TX(ari))<cnl/w) S o
1=1 i=1

(138)
Choosing C, ¢ and ¢; in (137) and (138) such that C?c; < ¢ and max {c,c;, C~'} <
d/2, we obtain (132).
The statement (133) has the same proof, the measure Q replacing P 1,00 X
P?’ﬁ. This completes the proof. 0

3.3 Completing the proof of Theorem 1

The time H, to reach a vertex on B at distance n, and the hitting time H,,
appearing in Theorem 1, are almost the same:

Lemma 3.15 For any e > 0, ﬁn(l,e) < H,, <H, holds for all n sufficiently
high, Pf .00 X PG, 5-a.s.

Proof. We have H,, < H,, by definition. The inequality ﬁn(l—e) > 'H,, entails
that T'x(ar,) has depth at least en for some 7 < tn,_. The probability of
this event is negligible, by Lemma 3.2 and the bound P, (D(T") = n) < ¢" for
some ¢ € (0,1). In fact, by [19], for some x > 0,

m;"Py <D(T) - n) s (139)

provided that the second moment Y, ¢*h; is finite, (where recall that m;, de-
notes the expected number of children of the offspring law h). This condition
is certainly satisfied in our case, since h; < ¢’ for some ¢ € (0,1). O
Proof of Theorem 1. By Lemma 3.15, it suffices for (3) to prove the
analogous statement for H,,. In this regard, note that

> Q( Frute Y @i)—2e. (140)



The first inequality here is due to Lemma 3.3, while the second makes use of
the coupling ©y,(1—¢) in Lemma 3.5, including the property that w(Tx(ar,)) =
Wi

Under Q, the terms @; are independent and distributed as w(T) under
P;,,. Hence, Proposition 2 and v < 1 implies that > | @; < Cn'/7 with
high probability. However, the terms 7; are also independent under Q, so
that Theorem 2 implies that it is also probable that > 1"  7; > en'/7. Hence,
for all € > 0, there is some ¢ > 0 such that, for n sufficiently high,

@(Zﬁ > CZ@Z> >1—e
i=1 i=1
Using this in (140), we learn that, for any € > 0 and all n sufficiently high,
Yn(l—e

(Pﬁy,w x IP’%[,) (ﬁn > u) > @( Z )ﬁ- > u(l+ e)) e (141)

The conclusion that for any € > 0 and all n sufficiently high,

Yn(l+e

)
o \ (7 5 . _
(Pﬁ,,,oo x Pm> (Hn > u) < Q( ; 7> u(l e)) te, (142)

may be reached by using the same ingredients, as well as the fact that for

all O >0, Q(X1, 7 > Cn) — 1, as n — oo (which follows from Theorem
2 and v < 1). Now, by a direct computation that uses Theorem 2 and the

independence of {7; : i € N} under Q,

A&

E@exp{ —WZ%Z} —>exp{ —§XY}

=1

for any A > 0, from which it follows that, under Q,
1 &
Y Z 7 — Y78, in distribution as n — oo,
i=1

where S, is the stable law of index ~.

We may then use (141) and (142) to reach the conclusion that (3) holds
for H,, under P;,, o X ]P’% - As we noted earlier, this proves (3) itself.

To derive (4), define M : N — N under Py, , x IP’% g according to M, =
sup {d(¢, X;) : 0 < ¢ < n} for each n € N. Note that (3) may be recast
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as the statement that n=7M, converges to 6_15'; 7 in distribution. Write

X, = d(¢,X;) for each n € N. To obtain (4), it remains only to argue that,
for each ¢ > 0,

(P00 X P?,g)(lfn —M,|> eﬂn) —0 asn— 0. (143)

As the ensuing sketch indicates, the proof of this statement is straightforward.
We note that, by Lemma 3.2 and (139), there is a negligible probability that
the walk encounters a trap of depth at least €M, by time n; and, by virtue
of a brief argument whose main tool is Lemma 2.14, there is also a negligible
probability that the walk backtracks along the backbone by a distance of
€M, before time n. Hence, we obtain (143) and complete the proof of (4).
The final statement in the theorem, regarding the case v > 1, follows
from Lemmas 3.6 and 3.15. OJ

3.4 The environment about the trap entrance at late
time

We overview a proof of the assertion made in Section 1.7, that the measure p
is the environment viewed from the entrance of the trap to which the walker
under Py, o X P?’ﬂ belongs at late time.

Definition 3.16 Recall the idealized sequence Q of Q-distributed backbone-
tree pairs (BZ TZ) from Definition 3.4. Under the law Q, we define the ide-
alized walker Xiq, taking values in the union of the listed backbone-tree pairs.
This walker begins at time zero at the entrance of the first such pair (Bl, Tl),
and then follows a trajectory in that graph according to the walk law P?%tl”fl)”g
until its final visit to the entrance. At the next integer time, the walk is trans-
ported to the entrance of (BQ,TQ), and begins moving according to the law
IP’e]r;f2 24 The walker successively visits each (B', T in this way.

In this section, we coupled the laws Py, o, X ]P’% 5 and Q together, to derive
such results as Lemma 3.5. With minor modifications to this construction,
we may couple the two laws in such a way that, with probability tending to
one as time tends to infinity, there is agreement in the two marginals in all of
the following respects: the trap in which the walker lies at present, the neigh-
bourhood N about the trap entrance (for fixed k), and the position of the
walker inside the trap. This coupling reduces the question to understanding
the limiting distribution of the environment about the trap entrance for the
idealized walker Xjq(n) as n — oo. The total time spent in the trap to which
Xiq(n) belongs being likely to be high, it is enough to find the conditional
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distribution about the trap entrance of an idealized backbone-tree pair (hav-
ing the law Q) conditional on the total time spent in the trap being high.
Denoting this total time by 7, a slight reworking of Lemma 1.26 provides
the approximate representation 7 ~ FElrp. Lemma 1.29 states that the
backbone-tree pair law p arises by conditioning Q on £ = x and then taking
x — 00. This limit taken, we have further to condition on the occurrence of
FD in order to obtain the limiting distribution of Q conditionally on 7 = =
with x — oo. This is the reconditioning of p that appears in the definition
of p. O
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